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“What I mean is that if you really want to understand something, the best way is to try and explain it to
someone else. That forces you to sort it out in your mind. And the more slow and dim-witted your pupil,
the more you have to break things down into more and more simple ideas. And that’s really the essence of
programming. By the time you’ve sorted out a complicated idea into little steps that even a stupid machine
can deal with, you’ve learned something about it yourself.”

Douglas Adams



iv

TECHNICAL UNIVERSITY OF BERLIN

Mathematics and Natural Sciences

Institute for Optics and Atomic Physics

Abstract
Probing ultrafast electron dynamics in helium nanodroplets with deep learning assisted

diffraction imaging

by Julian Claudius ZIMMERMANN

Coherent diffraction imaging (CDI) of single particles in free flight enables studying the structural
composition of fragile nano-scaled matter. Such experiments demand high-intensity extreme ultra-
violet (XUV) or X-ray light pulses, until recently only achievable at large-scale free-electron laser
facilities.

In this thesis, data from the first time-resolved infrared (IR), XUV pump-probe single-shot single-
particle CDI experiment on superfluid helium nanodroplets using a high harmonic generation
based laser source is presented and analyzed. Two configurations of the experiment were carried
out, where the first configuration uses an IR beam intensity of « 2 ˆ 1014 W cm´2 and the second
configuration uses a lower IR laser intensity of « 9 ˆ 1012 W cm´2.

These both configurations yielded drastically different observations. Using the first, called intense,
IR pulse configuration, ultrafast fragmentation dynamics, and collectively enhanced ionization
of helium nanodroplets on the ps scale were observed. Whereas the second, called moderate, IR
pulse configuration showed that superfluid helium nanodroplets exhibit a substantial decrease in
scattering strength in the presence of the IR pulse on the fs scale.

This decrease in scattering strength is the primary experimental finding of this thesis and is attributed
to an ultrafast nonlinear electronic change of the refractive properties of the nanodroplets.

For the analysis, concepts from effective medium theory were employed to build a parameter-
free and simplistic model based on microscopic non-perturbative time-dependent Schrödinger
equation calculations on atomic helium and the macroscopic and classical Clausius-Mossotti relation.
Scattered fields of this so constructed effective medium were then calculated using Mie scattering
theory. This so-constructed model provides a consistent qualitative description, which is in good
agreement with the experimental observations.

Furthermore, this thesis is interdisciplinary, wherein the second part two novel approaches from
supervised and unsupervised deep learning are adapted, expanded, and validated with CDI data
from a single-shot CDI experiment within the wide-angle X-ray scattering regime on individual
rotating helium nanodroplets obtained in 2015 at the FERMI-facility in Trieste, Italy. Supervised
and unsupervised deep learning are paradigms in machine-learning that refer to having ground
truth label information or not. The here introduced techniques produce in both paradigms new
state-of-the-art results and establish novel ways of how researchers can analyze large amounts of
data in finite time.

HTTPS://WWW.TU-BERLIN.DE
https://www.naturwissenschaften.tu-berlin.de/menue/faculty_ii/parameter/en/
http://www.physik.tu-berlin.de/institute/OI/
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Kurzfassung

Probing ultrafast electron dynamics in helium nanodroplets with deep learning assisted
diffraction imaging

von Julian Claudius ZIMMERMANN

Coherent diffraction imaging (CDI) Experimente an einzelnen Nanopartikeln im freien Flug er-
möglichen das Studium der Struktur von fragilen Systemen im nanometer Bereich. Diese Ar-
beit präsentiert und analysiert Daten aus einem zeitaufgelösten infrarot (IR), extrem ultraviolette
Strahlung (EUV) Pump-Probe Einzelschuss Experiment an isolierten superfluiden Helium Nan-
otröpfchen mittels eines auf Hohe-Harmonischen Erzeugung basierten Laser Systems. Mithilfe
dieses Aufbaus, wurden Daten mit zwei unterschiedlichen IR Laser Konfigurationen aufgezeichnet,
einer intensiven und einer moderaten IR Konfiguration, die sich lediglich durch die Feldintensität des
IR Lasers unterscheiden. Die intensive IR Konfiguration erlaubte detaillierte Einblicke in kollek-
tive ultra-kurzzeit Ionisationseffekte und Fragmentationsdynamiken von Helium Nanotröpfchen
im pikosekunden Bereich. Die moderate IR Konfiguration offenbarte, dass superfluide Helium
Nanotröpfchen in Anwesenheit des IR Pulses ein signifikant reduziertes Streuvermögen besitzen.
Die beobachtete Reduktion des Streuvermögens der Nanotröpchen ist ein zentrale Ergebnis dieser
Dissertation und wird einem ultra-kurzzeit und nicht-linearen elektronischen Effekt, zugeordnet
der die optischen Eigenschaften der Nanotröpfchen temporär ändert.

Für die Analyse dieses Effekts wurden Konzepte aus der Effektives Medium Theorie entlehnt, um
ein parameter-freies und simplistisches Modell zu konstruieren, welches auf Berechnungen der
ungestörten zeitabhängigen Schrödinger Gleichung von atomarem Helium und der makroskopis-
chen und klassischen Clausius-Mossotti Relation basiert. Dieses Modell liefert eine konsistente
qualitative Beschreibung der gemessenen experimentellen Daten und zeigt eine hohe Übereinstim-
mung mit den physikalischen Beobachtungen.

Diese Dissertation ist interdisziplinär angelegt und bietet zusätzlich einen in sich abgeschlossenen
zweiten Teil aus dem Bereich Maschinelles Lernen. Dort werden zwei neuartige algorithmische Lö-
sungsansätze aus dem Bereich Überwachtes und Unüberwachtes Mehrschichtiges Lernen mit Daten aus
einem Einzelschuss CDI Experiment an superfluiden Helium Nanotröpchen am Freie-Elektronen
Laser FERMI (Trieste, Italien) adaptiert, erweitert und evaluiert. Überwachtes und Unüberwachtes
Lernen sind zwei Paradigmen innerhalb des Maschinellen Lernens und beziehen sich auf die Ver-
fügbarkeit von sogenannten ground truth Daten, eines ergänzenden Datensatzes der für das Modell
geltenden absoluten Wahrheit. In dieser Dissertation werden innerhalb dieser beiden Paradigmen
neue state-of-the-art Resultate erzielt und neuartige Wege vorgestellt, wie Wissenschaftler*innen
extrem große Datenmengen in einem Bruchteil der bislang benötigten Zeit analysieren können.

HTTPS://WWW.TU-BERLIN.DE
https://www.naturwissenschaften.tu-berlin.de/menue/fakultaet_ii/
https://www.ioap.tu-berlin.de/menue/institut_fuer_optik_und_atomare_physik/
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Chapter 1

Introduction

1.1 Motivation

The first Nobel prize in physics was awarded in 1895 to Wilhelm Röntgen for the discovery of an, to
this date, unknown type of radiation called X-rays 1. The name stuck, and the pathways opened
up by this discovery are seemingly uncountable, 125 years later. X-ray radiation can penetrate and
probe matter on the atomic scale, unlike any other radiation because its wavelength regime is on the
order of intra- and interatomic distances.

Max von Laue discovered X-ray diffraction in crystals in 1912 (Ewald, 1962), and one year later,
father and son, W. H. Bragg and W. L. Bragg published their first analysis of a single crystal using
X-ray diffraction (Bragg, 1914). They found that the periodic scattering peaks in their recorded
images directly correspond to the crystal’s lattice structure. These scattering peaks are still called
Bragg peaks today.

The discovery of structural information on the atomic scale gave rise to the quest to penetrate
matter with ever brighter X-ray and extreme ultra-violet (XUV) light of ever-better quality. In 1928
the Betatron (Wideröe, 1928) was developed, followed by the theoretical groundwork for the first
generation synchrotrons in 1945 (Veksler, 1945) as well as the first free-electron laser (FEL) concepts
in 1971 at Stanford University (Pellegrini, 2012). However, it was only in 2002 when the first vacuum
ultra-violet (VUV) FEL, based on the concept of self-amplified spontaneous emission (SASE), was
operational (Wabnitz et al., 2002) and it took another 4 years for the first X-ray facility, the LINAC
Coherent Light Source (LCLS), to become operational (Emma et al., 2010).

Figure 1.1 shows the development of light sources for X-ray and XUV radiation since Wilhelm
Röntgen and introduces the Brilliance metric used throughout the research community as a measure
of quality. Brilliance is the number of photons per time interval per solid angle per source size per
0.1 % spectral bandwidth. Therefore, it is a measure for how much light with a preferably small
spectral bandwidth can be radiated from a small source into a forward-directed narrow cone. As
of writing this thesis, the most advanced X-ray light source is the European XFEL2 in Hamburg,
reaching a Brilliance of up to 6 ˆ 1033 (Altarelli et al., 2006; Tschentscher et al., 2017).

With the advent of such brilliant light sources, one of the scientific goals has been to capture
scattering images of single isolated nanoparticles with a single laser pulse (Neutze, Wouts, Van Der
Spoel, Weckert and Hajdu, 2000). A schematic of a coherent diffraction imaging (CDI) experiment is
depicted in figure 1.2 a): An isolated nanoparticle is hit by a strong laser-pulse, and the scattered light

1Named that way because they were so very much different from any radiation discovered so far
2https://www.xfel.eu/facility/comparison/index_eng.html

https://www.xfel.eu/facility/comparison/index_eng.html


2 Chapter 1. Introduction

Figure 1.1: Shown is the develop-
ment of ever brighter light sources
(with varying degrees of coher-
ence) in the last 130 years. The
y-axis shows the Brilliance. A
quality measure for light sources,
used within the X-ray commu-
nity. Brilliance is defined as pho-
tons of a given wavelength and
direction, concentrated on a spot
per unit of time. The terms
1st, 2nd, and 3rd generation re-
fer to the incremental improve-
ments at available Synchrotron-
facilities (Going from using bend-
ing magnets for light creation to
wigglers and then undulators). The
1st-generation synchrotrons were
mainly built for electron collisions,
and synchrotron radiation was
only a byproduct. The first exper-
iment took place at Cornell Uni-
versity in 1956 (Blewett, 1998). In
2005 the first VUV FEL, based
on the concept of SASE was op-
erational (Ayvazyan et al., 2006).
The newest generation of FELs can
even reach a brilliance of up to
5 ˆ 1033 (Altarelli et al., 2006). Fig-
ure from: Als-Nielsen and McMor-
row (2011).

is collected using a photon detector. Such single-shot, single-particle CDI experiments are an ideal
nano-laboratory for exploring topological properties of small-scale matter and for understanding
light-matter interaction in systems that are more complex than atoms but not as intricate and
interwoven as solid-state matter (Bostedt, Gorkhover, Rupp and Möller, 2015; Krainov and Smirnov,
2002; Posthumus, 2009; Ziaja et al., 2012).

The experimental realization of this came about in 2006, where diffraction images of a single and
isolated nanoparticle with just one XUV laser shot could be recorded at the pioneering FEL-facility
FLASH in Hamburg (Bogan et al., 2008; Chapman et al., 2006; Hau-Riege et al., 2007).

Since then, CDI experiments of single particles in free flight have been proven to be a significant
asset in the pursuit of understanding the structural composition of nano-scaled matter (Bostedt
et al., 2010; Chapman and Nugent, 2010; Ekeberg et al., 2015; Gomez et al., 2014; Loh et al., 2012;
Rupp et al., 2017; Seibert et al., 2011). While traditional microscopy methods can image fixated,
substrate-grown, or deposited individual particles (Clemmer and Jarrold, 1997; Kostko, Huber,
Moseler and von Issendorff, 2007; Z. Y. Li et al., 2008; Sakdinawat and Attwood, 2010), only CDI can
combine high-resolution images with single particles in free flight in one experiment (Bostedt et al.,
2009, 2015; Gorkhover et al., 2012).

However, FEL-facilities are large-scale and expensive facilities, making planning and execution of
experiments tightly bound to strict logistical and timely constraints.

Furthermore, the beam characteristics of SASE FELs are complicated. The spectral distribution
changes from shot-to-shot and temporal- as well as phase-control, is not accessible (Gutt et al., 2012;
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Figure 1.2: a) Schematic of a CDI experiment. A nanoparticle is hit by a laser-pulse and the scattered light is
collected on a photon detector. b) A recorded diffraction image along the reconstructed electron density from
this diffraction image using a phase-retrieval algorithm (Sayre, 1952) with three different support assumptions.
The left inlay shows an electron microscopy image of a particle of the same species. c) Shows the reconstructed
3D structure of the same species as in b) using multiple images in combination with the so-called expand,
maximize and compress (EMC) algorithm. a) is modified from Gaffney and Chapman (2007), b) is modified from
Seibert et al. (2011) and c) is modified from Ekeberg et al. (2015).

Usenko et al., 2017). Recent advances use so-called seeding laser to guide the SASE process, which
relaxes most of these shortcomings to some degree (Usenko et al., 2017).

However, the upper bound on the time resolution at FELs is currently lower than what is needed
to study ultra-short laser-induced electron dynamics. For comparison, the revolving time for an
electron of a hydrogen atom is « 152 as (Ciappina et al., 2017), while the length of a single XUV
pulse, generated by an FEL, is usually3 on the order of « 20 to 100 fs (Bostedt et al., 2015; Decking et
al., 2020; Finetti et al., 2017).

Until very recently, there was no alternative to using FELs as a light source for single-shot, single-
particle in free flight CDI experiments. This was not only related to the available light sources, but
also due to the experimentally achievable nanoparticle sizes. In general, the larger the glsplnan-
odroplet, the more scattered light can be recorded, and radii, which would allow single-shot CDI
experiments for other light sources, were only produced in the case of helium glsplnanodroplet
after 2011 (Gomez, Loginov, Sliter and Vilesov, 2011; Langbehn, 2015).

The realization of using very large helium nanodroplets and a non-FEL laser system finally came
about in 2017, when Rupp et al. (2017) conducted the first proof-of-principle single-shot single-
particle CDI experiment at the Max-Born-Institute in Berlin using a laser system based on high
harmonic generation (HHG). This work opened up the possibility to facilitate the ultra-short pulse
lengths as well as the formidable work in temporal-, spectral- and phase-control of HHG-laser
systems (Ciappina et al., 2017; Krausz, 2016).

3With the notable exception of the recent results reported in Duris et al. (2020) at the LCLS, where pulse lengths of 280 to
510 as were reached. However, the LCLS is not seeded, which re-introduces the aforementioned problems concerning the
beam characteristics. In general, please see Serkez et al. (2018) for an overview on how to generate attosecond X-ray pulses at
FEL facilities.



4 Chapter 1. Introduction

Especially the ultra-short pulse lengths of HHG laser are of interest; Almost 20 years ago, Hentschel
et al. (2001) submitted the first paper to Nature where an attosecond measurement was reported
(Corkum and Krausz, 2007): It was accepted for publication in just 18 days (Corkum and Krausz,
2007). Since then, attosecond probing experiments have revolutionized the study of molecular
dynamics (Lein, 2005; Meckel et al., 2008; Niikura et al., 2003; Nilkura et al., 2002; Smirnova et
al., 2009). Pulse length with just 80 as and 67 as have been realized (Chini, Zhao and Chang, 2014;
Goulielmakis et al., 2008; Zhao et al., 2012) and sub-femtosecond pulses were used to observe
electron tunneling dynamics (Uiberacker et al., 2007), valence electron motion (Chini et al., 2013;
Goulielmakis et al., 2010), charge migration (Calegari et al., 2016) and, strong-field-induced processes
in solids (Schiffrin et al., 2013; Schultze et al., 2013, 2014).

As of today, FELs and HHG-lasers are two competing systems in the race for the brightest and
shortest laser pulses in order to understand light-matter interaction (Ciappina et al., 2017). FELs
have the upper hand in terms of brightness, while HHG systems offer much shorter laser pulses
with better pulse control and can be realized as a table-top solution.

While the pulses at FELs facilities are getting brighter and the pulses produced by HHG-lasers are
getting shorter, a completely new problem for CDI-researcher is growing; Up to the point where it is
now a critical parameter when planning and conducting a CDI experiment: The amount of recorded
data.

Only five years ago, most CDI experiments ran with 10 to 50 Hz and hit-rates of 0.5 to 3 % for
only one week and producing not more than few-thousand usable diffraction images (Barke et al.,
2015; Bostedt et al., 2009, 2015; Ekeberg et al., 2015; Rupp et al., 2014). However, next-generation
facilities and laser systems will significantly increase their data output, putting researchers in a
difficult position where manual analysis of all recorded data is no longer feasible. For example,
with repetition rates of 120 Hz and hit-rates ranging from 1 to 30 % (Bostedt et al., 2016; Calvey,
Katz, Schaffer and Pollack, 2016; Emma et al., 2010), the LCLS can easily record thousands of hits in
just one hour. Even more, the newly opened European XFEL will have an even higher maximum
repetition rate of 27 kHz (Schneidmiller, 2011), which may add up to several million diffraction
images in a single 12 h shift.

However, experimental techniques that produce images as primary data are uniquely dependent
on humans’ image recognition capabilities. Peaks in a spectrum can be algorithmically compared
and analyzed, but complicated structures in an image cannot. There is no universal measure of
similarity for images, while for time-series data, or a spectrum, several such measures exist (Serrà
and Arcos, 2014).

Luckily, a new technique applicable to image data has had a phenomenal rise in efficiency and
popularity in recent years. Deep neural networks (DNNs) have propelled a development, sometimes
called the A.I. revolution, that positions them as a major asset throughout the industry for tackling
big data (Hinton, Vinyals and Dean, 2015; LeCun, Bengio and Hinton, 2015; Schmidhuber, 2014;
Szegedy, Ioffe, Vanhoucke and Alemi, 2016).

1.2 This thesis

This thesis is interdisciplinary, consisting of two parts: A physics and a computer science part.
It sits between the introduced concepts of using FELs and HHG-systems for CDI-experiments
and adapting deep neural network (DNN) for the use-case of diffraction data. While the first part
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addresses the scientific question of how large nanoparticles scatter while being strongly perturbed by
an infrared (IR) pulse, the second part is scientifically focused on how deep learning may enable the
CDI research community to cope with the amount of data that is expected in the future experiments.

The first - and primary - contribution is the realization and analysis of two IR, XUV pump-probe
multicolor CDI experiments within the wide-angle X-ray scattering (WAXS) regime4 facilitating an
HHG-laser system, conducted in 2018 at the Max-Born-Institute (MBI) in Berlin. It is the natural
extension of Rupp et al. (2017), by extending the single-shot proof-of-principle case to an IR, XUV
pump-probe scheme in which the ultra-short dynamical response of superfluid 4He, subsequently
simply called helium, nanodroplets is tracked on the femtosecond timescale.

The only technical differentiator between these two experiments is the intensity and focus size of
the IR laser in the interaction region, while the first experiment uses an IR beam intensity of «

2 ˆ 1014 W cm´2 and a focus size of « 70 µm, the second experiment uses a lower IR laser intensity
of « 9 ˆ 1012 W cm´2 and a focus size of « 200 µm. Nomenclature, in this thesis, is that the first
experiment is referred to as the intense IR pulse configuration, while the second experiment is termed
the moderate IR pulse configuration.

Using the intense IR pulse configuration, ultrafast fragmentation dynamics and collectively en-
hanced ionization of helium nanodroplets on the ps scale are observed. An effective and complete
ionization of the nanodroplets can be qualitatively explained by so-called ionization ignition effects
(Mikaberidze, Saalmann and Rost, 2009; Rose-Petruck, Schafer, Wilson and Barty, 1997; Schütte et
al., 2016), of which three variants are discussed here. Furthermore, a characteristic disintegration
behavior of large nanoparticles, leading to so-called speckle diffraction patterns (Flückiger et al.,
2016), is observed and discussed in scattering images for delays between IR and XUV pulses on the
order of ps.

Using the moderate IR pulse configuration, the carried-out analysis shows that superfluid helium
nanodroplets exhibit a substantial decrease in scattering strength on the fs scale in the presence of a
strong external IR field.

The decrease in scattering strength is the primary experimental finding of this thesis and is attributed
to an ultrafast nonlinear electronic change of the refractive properties of the nanodroplets.

In the static electric field case, and in atomic and molecular physics, this is known as Stark effect
(Epstein, 1926; Schrödinger, 1926; Stark, 1914), where the equivalent for an oscillating electric laser
field is called the AC Stark effect or Autler-Townes effect (ATE) (Autler and Townes, 1955; Cohen-
Tannoudji, 1996). Both are strong-field enabled nonlinear optical higher-order processes that change
the absorption, emission, and refractive properties of atomic or molecular matter.

Such nonlinear light-matter interaction of an atomic system usually involves single or multiple
virtual states, called perturbed or dressed states, that can be populated and interact with an external
field. Nomenclature in this thesis follows the textbooks of Cohen-Tannoudji (1996); Fox (2006) where
the laser which is responsible for creating these dressed states is called dressing laser or dressing pulse,
and the atom exposed to the dressing laser is called dressed atom.

For macroscopic systems, there is also precedence for strong-field effects in oscillating laser fields.
Prominent examples are the non-resonant dynamical Franz-Keldysh effect (DFKE) in semiconduc-
tors (Jauho and Johnsen, 1996; Lucchini et al., 2016, 2020; Novelli, Fausti, Giusti, Parmigiani and
Hoffmann, 2013; Otobe, 2017; Otobe, Shinohara, Sato and Yabana, 2016), where the presence of the

4Please see section 1.6 concerning the choice of nomenclature
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dressing laser substantially modifies the absorption threshold, below and above the band-gap, and
the related dressed bands effect (Brandi, Latgé and Oliveira, 2001; Mizumoto, Kayanuma, Srivastava,
Kono and Chin, 2006; Mysyrowicz et al., 1986).

However, in the framework of CDI, such nonlinear electronic responses have not been taken into
account up to now. Typically, Mie scattering in combination with a linear optical response from
the medium are necessary assumptions in the simulation of CDI experiments with nanoparticles
on the nm scale (Fennel et al., 2010; Kruse, Liewehr, Peltz and Fennel, 2020; Peltz and Fennel,
2011; Saalmann, Siedschlag and Rost, 2006), see section 2.2.3. These assumptions are only for
simulation reasons, as even modern supercomputers do not have the capabilities to simulate a
nanoparticle system consisting of more than a million atoms using a full quantum-mechanical, or
even a semi-classical description (Peltz and Fennel, 2011; Saalmann et al., 2006).

The inability to fully simulate a nonlinear scattering response from large nanoparticles poses a
problem, as in the here carried out experiment, the linear scattering response assumption does
not hold due to non-negligible near-resonance and strong-field effects. Just recently a term has
been coined for CDI within this domain; Quantum coherent diffractive imaging (QCDI) (Kruse et
al., 2020), but as of writing this thesis there is no complete and self-contained way to theoretically
describe nm sized nanoparticles subject to near-resonance excitation in an IR/XUV pump-probe
multicolor experiment. While the ongoing theoretical work to tackle this problem is promising
(Kruse et al., 2020), this thesis circumvents this limitation using a different approach.

Here, concepts from effective medium theory (Choy, 2016) are employed to build a parameter-free
and simplistic model based on microscopic non-perturbative atomic time-dependent Schrödinger
equation (TDSE) calculations on helium and the macroscopic and classical Clausius-Mossotti relation
(CMR). Scattered fields of this so constructed effective medium can then calculated using Mie
scattering theory. The result is a consistent qualitative description that is in good agreement with
the experimental observations.

In the second - computer science - part, two novel approaches from supervised and unsupervised
deep learning are adapted, expanded and validated with CDI data from a single-shot CDI exper-
iment within the WAXS regime5 on individual rotating helium nanodroplets obtained in 2015 at
the FERMI-facility in Trieste, Italy. These single-color high-quality diffraction images (Langbehn
et al., 2018) are a perfect entry-point for introducing the next-level algorithmic tools that we - as
researchers - need to facilitate in order to keep up with the amount of data that is collected in the
foreseeable future (Zimmermann et al., 2019).

Supervised and unsupervised deep learning are paradigms in machine-learning that refer to having
ground truth label information or not. The here introduced techniques produce in both paradigms
new state-of-the-art results and establish novel ways of how researchers can analyze large amounts
of data in finite time.

Although some computer science concepts were also applied in the analysis of the physics part in
this thesis, they should be read as a standalone chapter. The computer science part is validated on
data that was made publicly available after the initial publication of the first adaptation of a DNN
for using with diffraction images (Zimmermann et al., 2019).

5Please see section 1.6 concerning the choice of nomenclature
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1.3 My contribution

Probing ultrafast electron dynamics in helium nanodroplets

The design, preparation, setup, and optimization of the carried-out experiment, as well as the
analysis and physical interpretation of the data, was a collaborative effort of many researchers.
Daniela Rupp was the principal investigator (PI) for the experiment at the MBI in Berlin, which was
carried out in the lab of Arnaud Rouzée using a laser system developed and maintained by Bernd
Schütte and Arnaud Rouzée. The concept of attempting a CDI experiment using an HHG-based
laser system was conceived jointly by Daniela Rupp, Thomas Fennel, and Marc J.J. Vrakking.

The microfocusing setup was originally built and benchmarked by Nils Monserud under the
supervision of Arnaud Rouzée . It was closely based on the design by Poletto, Frassetto, Calegari,
Trabattoni and Nisoli (2013), a focusing optics that was also used in Rupp et al. (2017). The
experimental modifications on the beamline, as well as the construction and planning of the whole
experiment were carried out by:6 Anatoli Ulmer, Arnaud Rouzée, Bernd Schütte, Björn Senfftleben,
Bruno Langbehn, Daniela Rupp, Katharina Kolatzki, Mario Sauppe, Nils Monserud, Rico Mayro
Tanyag, and myself. The helium nanodroplet source was planned and built by Bruno Langbehn
as part of his Master’s thesis (Langbehn, 2015) and was used in Langbehn et al. (2018); Rupp et al.
(2017). The time-of-flight (TOF) spectrometer was planned and built by Andrea Heilrath as part of
her Master’s thesis (Heilrath, 2018) under the supervision of Mario Sauppe. The data acquisition
software, the data handling, preparation and post-production was developed and carried out by
myself.

The analysis of fragmentation dynamics and collectively enhanced ionization in helium nanodroplets
on the ps scale in chapter 5 was researched and carried out by myself with supervision by Daniela
Rupp and Thomas Möller.

The conceptual idea in chapter 6 to use atomistic TDSE calculations of the strong-field response of
helium in combination with a macroscopic mean-field model and Mie scattering theory to reproduce
diffraction images of an irradiated target on the nm scale was conceived jointly by Thomas Fennel,
Daniela Rupp, and Marc J.J. Vrakking. The TDSE simulations were carried out by Marc J.J. Vrakking.
Initial calculations on the approximate refractive index of the mean-field medium were jointly
carried out by Thomas Fennel, Björn Kruse, and myself. The final calculations on the refractive
index as well as subsequent Mie theory calculations were carried out by myself.

Based on this model and these calculations, the analysis of the ultrafast nonlinear scattering response
of irradiated helium nanodroplets on the fs scale in chapter 6 was researched and carried out by
myself under the supervision of Daniela Rupp and with frequent input of Thomas Fennel, Marc J.J.
Vrakking and Thomas Möller.

Deep learning assisted diffraction imaging

The inspiration to use DNNs as a classification algorithm in a supervised routine (section 4.5) with
images obtained in a CDI experiment was conceived in conversations between Daniela Rupp and
Simon Dold and between Daniela Rupp and myself. The ground truth labels for this supervised
task were derived and produced by Bruno Langbehn. The research, programming, simulation
layout, benchmarking, and evaluation of this routine was carried out and conceived by myself with

6In alphabetical order
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mentoring by Daniela Rupp and Thomas Möller. The results of the supervised DNN in section 4.5
were used in Langbehn et al. (2018) and described and published in Zimmermann et al. (2019).

The concept of using a variational autoencoder (VAE) as a latent model for classification of CDI
images in a fully unsupervised routine (section 4.6), as well as the research, programming, simulation
layout, benchmarking, and evaluation of this routine was carried out and conceived by myself with
mentoring by Daniela Rupp and Thomas Möller.

1.4 Structure of thesis

This thesis is organized into seven chapters, where chapter 1 is this introduction, which provides
the historical context, setting, and structure of the thesis.

Then, chapter 2 covers the fundamental concepts for single-shot single-particle CDI experiments
in the given experimental context. The chapter is organized into four sections, where section
2.2 discusses non-ionizing interaction of light with matter and section 2.3 addresses ionization
mechanism in light-matter interactions. In both cases, the description of light-matter interaction
starts with atomic systems and, then, introduces nanoparticle effects. Building on that, section 2.4
introduces an effect in bulk dielectrics called the dynamical Franz-Keldysh effect (DFKE), which is
important to putting the experimental results in the moderate IR configuration into context. Finally,
section 2.5 provides a broad overview on experimental results and discussions on superfluid helium
nanodroplets.

Chapter 4 is the computer science part of this thesis and is divided into six sections. It can be
read as a standalone piece of work but is specifically designed to provide a bridge between neural
network research and CDI experiments. First, in section 4.2, the general motivation is discussed on
why the research field of CDI needs to resort to such sophisticated algorithmic problem-solving.
Then, the used dataset is discussed in section 4.3. The dataset that is described there is from a
CDI experiment within the WAXS regime7 on individual rotating helium nanodroplets obtained in
2015 at the FERMI-facility in Trieste, Italy. The physical interpretation of the there collected data
is published in Langbehn et al. (2018). The supervised deep learning treatment is published in
Zimmermann et al. (2019) and the dataset itself is published at the online database Coherent X-ray
Imaging Data Bank (CXIDB), see section 1.5.

Then, in section 4.4 the basic theoretical framework is presented. After that, the chapter differentiates
between two fundamental concepts in deep learning: Supervised and unsupervised learning, which
essentially boils down to the availability of so-called ground truth labels8. The supervised approach
is presented in section 4.5, and the unsupervised is presented in section 4.6. Finally, section 4.7 gives
a summary of the chapter and provides an outlook on possible research paths for the future.

Chapter 5, presents, analyzes and interprets the data collected using the intense IR configuration.
The chapter is divided into two large sections, where section 5.2 covers the data that was recorded
in the so-called static regime, meaning, not in a pump-probe setting. Then, the introduced con-
cepts from the static case are expanded in section 5.3 for the so-called dynamic regime, where a
pump/probe scenario is presented and analyzed. This is a pedagogical approach as in the static
case the fundamental light-matter interactions between nanodroplets and either the IR or the XUV

7Please see section 1.6 concerning the choice of nomenclature
8The ground truth is target information - label - provided to a model during training.
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pulse can be better dissected and explained. Finally, section 5.4 gives a summary of the chapter and
provides a brief outlook on possible future research.

Chapter 6, presents, analyzes and interprets the data collected using the moderate IR configuration.
This chapter is the centerpiece of this thesis, where first in section 6.2 the collected data is presented
and discussed. Section 6.3, then, provides the derivation and application of the parameter-free
and simplistic model which was conceived for this thesis, and, with which the collected data can
be qualitatively explained. Finally, section 6.4 gives a summary of the chapter and provides a
discussion of future research that can be conducted in this new field.

Chapter 7 is the conclusion of this thesis. All chapters, datasets, analyses, and interpretations are
summarized and weighted again for providing a concise description of what this thesis achieved
and where its limits lie. Future research pathways for all three domains this thesis touched are
provided and re-evaluated to complete this thesis.

1.5 Data and source code availability

All source code used in this thesis, and the data used in chapter 4, are freely available under the
public domain CC0 waiver. The links are provided in table 1.1. The data that was used in chapters 5
and 6, as well as the simulations that were carried out in chapter 6, are not publicly available but
can be requested from the author.

1.6 On the nomenclature

There is some dissent concerning the usage of the term coherent diffraction imaging (CDI) in this
thesis, particularly in combination with the terms wide-angle X-ray scattering (WAXS)/small-angle
X-ray scattering (SAXS) as a delineation. Classically a CDI experiment only records scattered light up
to scattering angles under which the lost phase information during recording can be reconstructed
by Fourier inversion (see chapter 17, especially section 17.2.1, in Schultz and Vrakking, 2014). CDI
is, thereby, intrinsically concerned with only small scattering angles. As such, recording diffraction
images in a lensless imaging experiment that facilitates coherent laser pulses but at scattering angles
prohibiting phase reconstruction9 appears at first to not deserve the CDI designation. However,
there is precedent for comparable scattering experiments in the wide-angle regime termed a CDI
experiment (Langbehn et al., 2018; Rupp, 2016; Rupp et al., 2020, 2017).

Moreover, the delineation terms WAXS/SAXS are usually only used by the crystallography commu-
nity, where they are not a description of an experimental routine10 but a stand-alone experimental

9As it is done here
10As it is here: a CDI experiment within the WAXS regime

Table 1.1: Links to the used source code and published data.

Source code
The supervised DNN routine in section 4.5 https://github.com/julian-carpenter/airynet
The unsupervised DNN routine in section 4.6 https://github.com/julian-carpenter/beta-TCVAE
Code for reproducing the results in chapter 6 https://github.com/julian-carpenter/mie_dipole

Data
Helium nanodroplet dataset used in chapter 4 http://cxidb.org/id-94.html

https://github.com/julian-carpenter/airynet
https://github.com/julian-carpenter/beta-TCVAE
https://github.com/julian-carpenter/mie_dipole
http://cxidb.org/id-94.html
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technique (Graewert and Svergun, 2013; Ingham, 2015; Krumrey, 2019; T. Li, Senesi and Lee, 2016;
Narayanan, 2008; Podorov et al., 2006; Stuhrmann, 1989).

The chosen nomenclature in this thesis is, therefore, debatable. However, the decision to use the
term CDI in a not-strictly CDI experiment combined with an identifier such as WAXS/SAXS may be
forgiven as the choice appeals to the experimental physicists intuition. Here: a CDI experiment within
the SAXS regime is the classical CDI setting, where a CDI experiment within the WAXS regime denotes
the specific character of the here carried out experiments, where no Fourier inversion is possible,
but 3D information is encoded in a single diffraction image (Barke et al., 2015; Langbehn et al., 2018;
Rupp, 2016; Rupp et al., 2017).



11

References

Als-Nielsen, J. and McMorrow, D. (2011). Elements of Modern X-ray Physics. John Wiley & Sons, Ltd.
doi: 10.1119/1.1933114

Altarelli, M., Brinkmann, R., Chergui, M., Decking, W., Dobson, B., Düsterer, S., Grübel, G., Graeff,
W., Graafsma, H., Hajdu, J. and Others. (2006). XFEL: The European X-Ray Free-Electron Laser.
Technical design report (M. Altarelli et al., Eds.). Retrieved from http://www-library.desy.de/

cgi-bin/showprep.pl?desy06-097 doi: 10.3204/DESY_06-097
Autler, S. H. and Townes, C. H. (1955, oct). Stark effect in rapidly varying fields. Phys. Rev., 100(2),

703–722. doi: 10.1103/PhysRev.100.703
Ayvazyan, V., Baboi, N., Bähr, J., Balandin, V., Beutner, B., Brandt, A., Bohnet, I., Bolzmann, A.,

Brinkmann, R., Brovko, O. I., Carneiro, J. P., Casalbuoni, S., Castellano, M., Castro, P., Catani,
L., Chiadroni, E., Choroba, S., Cianchi, A., Delsim-Hashemi, H., di Pirro, G., Dohlus, M.,
Düsterer, S., Edwards, H. T., Faatz, B., . . . Zapfe, K. (2006). First operation of a free-electron
laser generating GW power radiation at 32 nm wavelength. Eur. Phys. J. D, 37(2), 297–303. doi:
10.1140/epjd/e2005-00308-1

Barke, I., Hartmann, H., Rupp, D., Flückiger, L., Sauppe, M., Adolph, M., Schorb, S., Bostedt, C.,
Treusch, R., Peltz, C., Bartling, S., Fennel, T., Meiwes-Broer, K. H. and Möller, T. (2015, feb). The
3D-architecture of individual free silver nanoparticles captured by X-ray scattering. Nat. Com-
mun., 6, 6187. Retrieved from http://www.nature.com/ncomms/2015/150204/ncomms7187/

full/ncomms7187.html doi: 10.1038/ncomms7187
Blewett, J. P. (1998, may). Synchrotron radiation - Early history. J. Synchrotron Radiat., 5(3), 135–139.

doi: 10.1107/S0909049597043306
Bogan, M. J., Benner, W. H., Boutet, S., Rohner, U., Frank, M., Barty, A., Seibert,

M. M., Maia, F., Marchesini, S., Bajt, S., Woods, B., Riot, V., Hau-Riege, S. P.,
Svenda, M., Marklund, E., Spiller, E., Hajdu, J. and Chapman, H. N. (2008,
jan). Single Particle X-ray Diffractive Imaging. Nano Lett., 8(1), 310–316. Re-
trieved from https://pubs.acs.org/doi/10.1021/nl072728khttp://www.ncbi.nlm.nih

.gov/pubmed/18095739http://pubs.acs.org/doi/abs/10.1021/nl072728k doi: 10.1021/
nl072728k

Bostedt, C., Adolph, M., Eremina, E., Hoener, M., Rupp, D., Schorb, S., Thomas, H., De Castro, A. R. B.
and Möller, T. (2010, oct). Clusters in intense FLASH pulses: Ultrafast ionization dynamics
and electron emission studied with spectroscopic and scattering techniques. J. Phys. B At. Mol.
Opt. Phys., 43(19), 194011. Retrieved from http://stacks.iop.org/0953-4075/43/i=19/

a=194011?key=crossref.ee87954171537ed04a5cea07c1416ae3 doi: 10.1088/0953-4075/43/
19/194011

Bostedt, C., Boutet, S., Fritz, D. M., Huang, Z., Lee, H. J., Lemke, H. T., Robert, A., Schlotter, W. F.,
Turner, J. J. and Williams, G. J. (2016, mar). Linac Coherent Light Source: The first five years.
Rev. Mod. Phys., 88(1), 015007. Retrieved from http://journals.aps.org/rmp/abstract/

10.1103/RevModPhys.88.015007 doi: 10.1103/RevModPhys.88.015007

http://www-library.desy.de/cgi-bin/showprep.pl?desy06-097
http://www-library.desy.de/cgi-bin/showprep.pl?desy06-097
http://www.nature.com/ncomms/2015/150204/ncomms7187/full/ncomms7187.html
http://www.nature.com/ncomms/2015/150204/ncomms7187/full/ncomms7187.html
https://pubs.acs.org/doi/10.1021/nl072728khttp://www.ncbi.nlm.nih.gov/pubmed/18095739http://pubs.acs.org/doi/abs/10.1021/nl072728k
https://pubs.acs.org/doi/10.1021/nl072728khttp://www.ncbi.nlm.nih.gov/pubmed/18095739http://pubs.acs.org/doi/abs/10.1021/nl072728k
http://stacks.iop.org/0953-4075/43/i=19/a=194011?key=crossref.ee87954171537ed04a5cea07c1416ae3
http://stacks.iop.org/0953-4075/43/i=19/a=194011?key=crossref.ee87954171537ed04a5cea07c1416ae3
http://journals.aps.org/rmp/abstract/10.1103/RevModPhys.88.015007
http://journals.aps.org/rmp/abstract/10.1103/RevModPhys.88.015007


12 REFERENCES

Bostedt, C., Chapman, H. N., Costello, J. T., Crespo López-Urrutia, J. R., Düsterer, S., Epp, S. W., Feld-
haus, J., Föhlisch, A., Meyer, M., Möller, T., Moshammer, R., Richter, M., Sokolowski-Tinten, K.,
Sorokin, A., Tiedtke, K., Ullrich, J. and Wurth, W. (2009). Experiments at FLASH. Nucl. Instru-
ments Methods Phys. Res. Sect. A Accel. Spectrometers, Detect. Assoc. Equip., 601(1-2), 108–122. Re-
trieved from http://www.sciencedirect.com/science/article/pii/S0168900208020172

doi: 10.1016/j.nima.2008.12.202
Bostedt, C., Gorkhover, T., Rupp, D. and Möller, T. (2015). Clusters and Nanocrys-

tals. In E. Jaeschke, S. Khan, R. J. Schneider and B. J. Hastings (Eds.), Synchrotron
light sources free. lasers (1st ed., pp. 1–38). Cham: Springer International Publish-
ing. Retrieved from http://dx.doi.org/10.1007/978-3-319-04507-8{_}39-1http://www

.springer.com/us/book/9783319143934 doi: 10.1007/978-3-319-04507-8_39-1
Bragg, W. L. (1914). The Analysis of Crystals by the X-ray Spectrometer. Proc. R. Soc. A Math. Phys.

Eng. Sci.. doi: 10.1098/rspa.1914.0015
Brandi, H. S., Latgé, A. and Oliveira, L. E. (2001). Dressed-band approach to laser-field effects in

semiconductors and quantum-confined heterostructures. Phys. Rev. B - Condens. Matter Mater.
Phys., 64(3). doi: 10.1103/PhysRevB.64.035323

Calegari, F., Trabattoni, A., Palacios, A., Ayuso, D., Castrovilli, M. C., Greenwood, J. B., Decleva,
P., Martín, F. and Nisoli, M. (2016, jun). Charge migration induced by attosecond pulses in
bio-relevant molecules. J. Phys. B At. Mol. Opt. Phys., 49(14). doi: 10.1088/0953-4075/49/14/
142001

Calvey, G. D., Katz, A. M., Schaffer, C. B. and Pollack, L. (2016, sep). Mixing injector enables
time-resolved crystallography with high hit rate at X-ray free electron lasers. Struct. Dyn.
(Melville, N.Y.), 3(5), 054301. Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/

27679802http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC5010557

doi: 10.1063/1.4961971
Chapman, H. N., Barty, A., Bogan, M. J., Boutet, S., Frank, M., Hau-Riege, S. P., Marchesini, S., Woods,

B. W., Bajt, S., Benner, W. H., London, R. A., Plönjes, E., Kuhlmann, M., Treusch, R., Düsterer, S.,
Tschentscher, T., Schneider, J. R., Spiller, E., Möller, T., Bostedt, C., Hoener, M., Shapiro, D. A.,
Hodgson, K. O., Van Der Spoel, D., . . . Hajdu, J. (2006). Femtosecond diffractive imaging with
a soft-X-ray free-electron laser. Nat. Phys., 2(12), 839–843. doi: 10.1038/nphys461

Chapman, H. N. and Nugent, K. A. (2010, dec). Coherent lensless X-ray imaging. Nat. Photonics, 4(12),
833–839. Retrieved from http://www.nature.com/doifinder/10.1038/nphoton.2010.240

doi: 10.1038/nphoton.2010.240
Chini, M., Wang, X., Cheng, Y., Wu, Y., Zhao, D., Telnov, D. A., Chu, S. I. and Chang, Z. (2013).

Sub-cycle oscillations in virtual states brought to light. Sci. Rep., 3. doi: 10.1038/srep01105
Chini, M., Zhao, K. and Chang, Z. (2014, dec). The generation, characterization and applications

of broadband isolated attosecond pulses. Nat. Photonics, 8(3), 178–186. Retrieved from
http://arxiv.org/abs/1312.1679 doi: 10.1038/nphoton.2013.362

Choy, T. C. (2016). Effective Medium Theory: Principles and Applications. doi: 10.1093/acprof:oso/
9780198705093.001.0001

Ciappina, M. F., Pérez-Hernández, J. A., Landsman, A. S., Okell, W. A., Zherebtsov, S., Förg, B.,
Schötz, J., Seiffert, L., Fennel, T., Shaaran, T., Zimmermann, T., Chacón, A., Guichard, R.,
Zaïr, A., Tisch, J. W., Marangos, J. P., Witting, T., Braun, A., Maier, S. A., Roso, L., Krüger, M.,
Hommelhoff, P., Kling, M. F., Krausz, F. and Lewenstein, M. (2017, mar). Attosecond physics
at the nanoscale. Reports Prog. Phys., 80(5). doi: 10.1088/1361-6633/aa574e

Clemmer, D. E. and Jarrold, M. F. (1997, jun). Ion Mobility Measurements and their Applications to

http://www.sciencedirect.com/science/article/pii/S0168900208020172
http://dx.doi.org/10.1007/978-3-319-04507-8{_}39-1http://www.springer.com/us/book/9783319143934
http://dx.doi.org/10.1007/978-3-319-04507-8{_}39-1http://www.springer.com/us/book/9783319143934
http://www.ncbi.nlm.nih.gov/pubmed/27679802http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC5010557
http://www.ncbi.nlm.nih.gov/pubmed/27679802http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC5010557
http://www.nature.com/doifinder/10.1038/nphoton.2010.240
http://arxiv.org/abs/1312.1679


REFERENCES 13

Clusters and Biomolecules. J. Mass Spectrom., 32(6), 577–592.
Cohen-Tannoudji, C. N. (1996). The Autler-Townes Effect Revisited. In Amaz. light. doi: 10.1007/

978-1-4612-2378-8_11
Corkum, P. B. and Krausz, F. (2007, jun). Attosecond science. Nat. Phys., 3(6), 381–387. Retrieved

from http://www.nature.com/articles/nphys620 doi: 10.1038/nphys620
Decking, W., Abeghyan, S., Abramian, P., Abramsky, A., Aguirre, A., Albrecht, C., Alou, P., Altarelli,

M., Altmann, P., Amyan, K., Anashin, V., Apostolov, E., Appel, K., Auguste, D., Ayvazyan, V.,
Baark, S., Babies, F., Baboi, N., Bak, P., Balandin, V., Baldinger, R., Baranasic, B., Barbanotti, S.,
Belikov, O., . . . Zybin, D. (2020). A MHz-repetition-rate hard X-ray free-electron laser driven
by a superconducting linear accelerator. Nat. Photonics. doi: 10.1038/s41566-020-0607-z

Duris, J., Li, S., Driver, T., Champenois, E. G., MacArthur, J. P., Lutman, A. A., Zhang, Z., Rosenberger,
P., Aldrich, J. W., Coffee, R., Coslovich, G., Decker, F. J., Glownia, J. M., Hartmann, G., Helml,
W., Kamalov, A., Knurr, J., Krzywinski, J., Lin, M. F., Marangos, J. P., Nantel, M., Natan,
A., O’Neal, J. T., Shivaram, N., . . . Marinelli, A. (2020). Tunable isolated attosecond X-ray
pulses with gigawatt peak power from a free-electron laser. Nat. Photonics. doi: 10.1038/
s41566-019-0549-5

Ekeberg, T., Svenda, M., Abergel, C., Maia, F. R., Seltzer, V., Claverie, J. M., Hantke, M., Jönsson,
O., Nettelblad, C., Van Der Schot, G., Liang, M., Deponte, D. P., Barty, A., Seibert, M. M.,
Iwan, B., Andersson, I., Loh, N. D., Martin, A. V., Chapman, H., Bostedt, C., Bozek, J. D.,
Ferguson, K. R., Krzywinski, J., Epp, S. W., . . . Hajdu, J. (2015, mar). Three-dimensional
reconstruction of the giant mimivirus particle with an X-ray free-electron laser. Phys. Rev.
Lett., 114(9), 098102. Retrieved from https://link.aps.org/doi/10.1103/PhysRevLett.114

.098102 doi: 10.1103/PhysRevLett.114.098102
Emma, P., Akre, R., Arthur, J., Bionta, R., Bostedt, C., Bozek, J., Brachmann, A., Bucksbaum, P., Coffee,

R., Decker, F. J., Ding, Y., Dowell, D., Edstrom, S., Fisher, A., Frisch, J., Gilevich, S., Hastings, J.,
Hays, G., Hering, P., Huang, Z., Iverson, R., Loos, H., Messerschmidt, M., Miahnahri, A., . . .
Galayda, J. (2010, sep). First lasing and operation of an ångstrom-wavelength free-electron
laser. Nat. Photonics, 4(9), 641–647. Retrieved from http://www.nature.com/doifinder/

10.1038/nphoton.2010.176 doi: 10.1038/nphoton.2010.176
Epstein, P. S. (1926). The Stark effect from the point of view of Schroedinger’s quantum theory. Phys.

Rev.. doi: 10.1103/PhysRev.28.695
Ewald, P. P. (1962). Gesammelte Schriften und Vorträge by M. von Laue . Acta Crystallogr.. doi:

10.1107/s0365110x62001346
Fennel, T., Meiwes-Broer, K. H., Tiggesbäumker, J., Reinhard, P. G., Dinh, P. M. and Suraud, E.

(2010, jun). Laser-driven nonlinear cluster dynamics. Rev. Mod. Phys., 82(2), 1793–1842. doi:
10.1103/RevModPhys.82.1793

Finetti, P., Höppner, H., Allaria, E., Callegari, C., Capotondi, F., Cinquegrana, P., Coreno, M.,
Cucini, R., Danailov, M. B., Demidovich, A., Ninno, G. D., Fraia, M. D., Feifel, R., Ferrari, E.,
Fröhlich, L., Gauthier, D., Golz, T., Grazioli, C., Kai, Y., Kurdi, G., Mahne, N., Manfredda,
M., Medvedev, N., Nikolov, I. P., . . . Giannessi, L. (2017, jun). Pulse duration of seeded
free-electron lasers. Phys. Rev. X, 7(2), 021043. Retrieved from https://journals.aps.org/

prx/abstract/10.1103/PhysRevX.7.021043 doi: 10.1103/PhysRevX.7.021043
Flückiger, L., Rupp, D., Adolph, M., Gorkhover, T., Krikunova, M., Müller, M., Oelze, T., Ovcharenko,

Y., Sauppe, M., Schorb, S., Bostedt, C., Düsterer, S., Harmand, M., Redlin, H., Treusch, R. and
Möller, T. (2016, apr). Time-resolved x-ray imaging of a laser-induced nanoplasma and
its neutral residuals. New J. Phys., 18(4), 043017. Retrieved from http://stacks.iop.org/

http://www.nature.com/articles/nphys620
https://link.aps.org/doi/10.1103/PhysRevLett.114.098102
https://link.aps.org/doi/10.1103/PhysRevLett.114.098102
http://www.nature.com/doifinder/10.1038/nphoton.2010.176
http://www.nature.com/doifinder/10.1038/nphoton.2010.176
https://journals.aps.org/prx/abstract/10.1103/PhysRevX.7.021043
https://journals.aps.org/prx/abstract/10.1103/PhysRevX.7.021043
http://stacks.iop.org/1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67
http://stacks.iop.org/1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67


14 REFERENCES

1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67 doi: 10
.1088/1367-2630/18/4/043017

Fox, M. (2006). Quantum optics : An introduction. Oxford University Press. Retrieved from
http://books.google.com/books?id=Q-4dIthPuL4C{&}pgis=1

Gaffney, K. J. and Chapman, H. N. (2007, jun). Imaging Atomic Structure and Dy-
namics with Ultrafast X-ray Scattering. Science (80-. )., 316(5830), 1444–1448. Re-
trieved from http://science.sciencemag.org/content/316/5830/1444.abstracthttp://

science.sciencemag.org/ doi: 10.1126/science.1135923
Gomez, L. F., Ferguson, K. R., Cryan, J. P., Bacellar, C., Tanyag, R. M. P., Jones, C., Schorb, S., Anielski,

D., Belkacem, A., Bernando, C., Boll, R., Bozek, J., Carron, S., Chen, G., Delmas, T., Englert, L.,
Epp, S. W., Erk, B., Foucar, L., Hartmann, R., Hexemer, A., Huth, M., Kwok, J., Leone, S. R., . . .
Vilesov, A. F. (2014, aug). Shapes and vorticities of superfluid helium nanodroplets. Science
(80-. )., 345(6199), 906–909. Retrieved from http://science.sciencemag.org/content/345/

6199/906.abstract doi: 10.1126/science.1252395
Gomez, L. F., Loginov, E., Sliter, R. and Vilesov, A. F. (2011, oct). Sizes of large He droplets. J. Chem.

Phys., 135(15), 154201. Retrieved from http://aip.scitation.org/doi/10.1063/1.3650235

doi: 10.1063/1.3650235
Gorkhover, T., Adolph, M., Rupp, D., Schorb, S., Epp, S. W., Erk, B., Foucar, L., Hartmann, R.,

Kimmel, N., Kühnel, K. U., Rolles, D., Rudek, B., Rudenko, A., Andritschke, R., Aquila, A.,
Bozek, J. D., Coppola, N., Erke, T., Filsinger, F., Gorke, H., Graafsma, H., Gumprecht, L.,
Hauser, G., Herrmann, S., . . . Bostedt, C. (2012, jun). Nanoplasma dynamics of single large
xenon clusters irradiated with superintense X-ray pulses from the linac coherent light source
free-electron laser. Phys. Rev. Lett., 108(24), 245005. Retrieved from https://link.aps.org/

doi/10.1103/PhysRevLett.108.245005 doi: 10.1103/PhysRevLett.108.245005
Goulielmakis, E., Loh, Z. H., Wirth, A., Santra, R., Rohringer, N., Yakovlev, V. S., Zherebtsov, S.,

Pfeifer, T., Azzeer, A. M., Kling, M. F., Leone, S. R. and Krausz, F. (2010, aug). Real-time
observation of valence electron motion. Nature, 466(7307), 739–743. doi: 10.1038/nature09212

Goulielmakis, E., Schultze, M., Hofstetter, M., Yakovlev, V. S., Gagnon, J., Uiberacker, M., Aquila,
A. L., Gullikson, E. M., Attwood, D. T., Kienberger, R., Krausz, F. and Kleineberg, U. (2008,
jun). Single-cycle nonlinear optics. Science (80-. )., 320(5883), 1614–1617. doi: 10.1126/
science.1157846

Graewert, M. A. and Svergun, D. I. (2013). Impact and progress in small and wide angle X-
ray scattering (SAXS and WAXS). Curr. Opin. Struct. Biol., 23(5), 748–754. doi: 10.1016/
j.sbi.2013.06.007

Gutt, C., Wochner, P., Fischer, B., Conrad, H., Castro-Colin, M., Lee, S., Lehmkühler, F., Steinke,
I., Sprung, M., Roseker, W., Zhu, D., Lemke, H., Bogle, S., Fuoss, P. H., Stephenson, G. B.,
Cammarata, M., Fritz, D. M., Robert, A. and Grübel, G. (2012, jan). Single shot spatial and
temporal coherence properties of the SLAC linac coherent light source in the hard X-Ray
regime. Phys. Rev. Lett., 108(2). doi: 10.1103/PhysRevLett.108.024801

Hau-Riege, S. P., Chapman, H. N., Krzywinski, J., Sobierajski, R., Bajt, S., London, R. A., Bergh, M.,
Caleman, C., Nietubyc, R., Juha, L., Kuba, J., Spiller, E., Baker, S., Bionta, R., Sokolowski
Tinten, K., Stojanovic, N., Kjornrattanawanich, B., Gullikson, E., Plönjes, E., Toleikis, S.
and Tschentscher, T. (2007, apr). Subnanometer-scale measurements of the interaction
of ultrafast soft X-ray free-electron-laser pulses with matter. Phys. Rev. Lett., 98(14). doi:
10.1103/PhysRevLett.98.145502

Heilrath, A. (2018). Ultrafast Ionization Dynamics of Methane Clusters in XUV Double Pulses (Master’s

http://stacks.iop.org/1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67
http://stacks.iop.org/1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67
http://stacks.iop.org/1367-2630/18/i=4/a=043017?key=crossref.d22de4171c190a747211af1ac3285b67
http://books.google.com/books?id=Q-4dIthPuL4C{&}pgis=1
http://science.sciencemag.org/content/316/5830/1444.abstracthttp://science.sciencemag.org/
http://science.sciencemag.org/content/316/5830/1444.abstracthttp://science.sciencemag.org/
http://science.sciencemag.org/content/345/6199/906.abstract
http://science.sciencemag.org/content/345/6199/906.abstract
http://aip.scitation.org/doi/10.1063/1.3650235
https://link.aps.org/doi/10.1103/PhysRevLett.108.245005
https://link.aps.org/doi/10.1103/PhysRevLett.108.245005


REFERENCES 15

Thesis). Technical University Berlin.
Hentschel, M., Kienberger, R., Spielmann, C., Reider, G. A., Milosevic, N., Brabec, T., Corkum,

P., Heinzmann, U., Drescher, M. and Krausz, F. (2001). Attosecond metrology. Nature, 414,
509–513. doi: 10.1038/35107000

Hinton, G., Vinyals, O. and Dean, J. (2015, mar). Distilling the Knowledge in a Neural Network.
arXiv Prepr. arXiv1503.02531. Retrieved from http://arxiv.org/abs/1503.02531

Ingham, B. (2015). X-ray scattering characterisation of nanoparticles. Crystallogr. Rev., 21(4), 229–303.
doi: 10.1080/0889311X.2015.1024114

Jauho, A. P. and Johnsen, K. (1996). Dynamical franz-keldysh effect. Phys. Rev. Lett., 76(24),
4576–4579. doi: 10.1103/PhysRevLett.76.4576

Kostko, O., Huber, B., Moseler, M. and von Issendorff, B. (2007, jan). Structure Determination
of Medium-Sized Sodium Clusters. Phys. Rev. Lett., 98(4), 043401. Retrieved from https://

link.aps.org/doi/10.1103/PhysRevLett.98.043401 doi: 10.1103/PhysRevLett.98.043401
Krainov, V. P. and Smirnov, M. B. (2002). Cluster beams in the super-intense femtosecond laser

pulse. Phys. Rep., 370(3), 237–331. doi: 10.1016/s0370-1573(02)00272-7
Krausz, F. (2016, may). The birth of attosecond physics and its coming of age. Phys. Scr., 91(6). doi:

10.1088/0031-8949/91/6/063011
Krumrey, M. (2019). Small angle x-ray scattering (SAXS). In Charact. nanoparticles meas. process.

nanoparticles. doi: 10.1016/B978-0-12-814182-3.00011-0
Kruse, B., Liewehr, B., Peltz, C. and Fennel, T. (2020, jan). Quantum coherent diffractive imag-

ing. J. Phys. Photonics, 2(2), 24007. Retrieved from https://doi.org/10.1088/2515-7647/

ab83e4http://arxiv.org/abs/2001.11315 doi: 10.1088/2515-7647/ab83e4
Langbehn, B. (2015). Aufbau und Charakterisierung einer Quelle für Heliumcluster zur Strukturanalyse

mit Lichtstreuung (Master’s thesis).
Langbehn, B., Sander, K., Ovcharenko, Y., Peltz, C., Clark, A., Coreno, M., Cucini, R., Drabbels, M.,

Finetti, P., Fraia, M., Giannessi, L., Grazioli, C., Iablonskyi, D., LaForge, A. C. A., Nishiyama,
T., Álvarez de Lara, V., Piseri, P., Plekan, O., Ueda, K., Zimmermann, J., Prince, K. C. K.,
Stienkemeier, F., Callegari, C., Fennel, T., . . . Möller, T. (2018, dec). Three-Dimensional
Shapes of Spinning Helium Nanodroplets. Phys. Rev. Lett., 121(25), 255301. Retrieved
from https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.255301 doi:
10.1103/PhysRevLett.121.255301

LeCun, Y., Bengio, Y. and Hinton, G. (2015, may). Deep learning. Nature, 521(7553), 436–444.
Retrieved from http://www.nature.com/articles/nature14539 doi: 10.1038/nature14539

Lein, M. (2005, feb). Attosecond probing of vibrational dynamics with high-harmonic generation.
Phys. Rev. Lett., 94(5). doi: 10.1103/PhysRevLett.94.053004

Li, T., Senesi, A. J. and Lee, B. (2016). Small Angle X-ray Scattering for Nanoparticle Research. Chem.
Rev., 116(18), 11128–11180. doi: 10.1021/acs.chemrev.5b00690

Li, Z. Y., Young, N. P., Di Vece, M., Palomba, S., Palmer, R. E., Bleloch, A. L., Curley, B. C., Johnston,
R. L., Jiang, J. and Yuan, J. (2008, jan). Three-dimensional atomic-scale structure of size-
selected gold nanoclusters. Nature, 451(7174), 46–48. Retrieved from http://www.nature.com/

articles/nature06470 doi: 10.1038/nature06470
Loh, N. D., Hampton, C. Y., Martin, A. V., Starodub, D., Sierra, R. G., Barty, A., Aquila, A., Schulz,

J., Lomb, L., Steinbrener, J., Shoeman, R. L., Kassemeyer, S., Bostedt, C., Bozek, J., Epp,
S. W., Erk, B., Hartmann, R., Rolles, D., Rudenko, A., Rudek, B., Foucar, L., Kimmel, N.,
Weidenspointner, G., Hauser, G., . . . Bogan, M. J. (2012, jun). Fractal morphology, imaging and
mass spectrometry of single aerosol particles in flight. Nature, 486(7404), 513–517. Retrieved

http://arxiv.org/abs/1503.02531
https://link.aps.org/doi/10.1103/PhysRevLett.98.043401
https://link.aps.org/doi/10.1103/PhysRevLett.98.043401
https://doi.org/10.1088/2515-7647/ab83e4http://arxiv.org/abs/2001.11315
https://doi.org/10.1088/2515-7647/ab83e4http://arxiv.org/abs/2001.11315
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.255301
http://www.nature.com/articles/nature14539
http://www.nature.com/articles/nature06470
http://www.nature.com/articles/nature06470


16 REFERENCES

from http://www.nature.com/articles/nature11222 doi: 10.1038/nature11222
Lucchini, M., Sato, S. A., Ludwig, A., Herrmann, J., Volkov, M., Kasmi, L., Shinohara, Y., Yabana,

K., Gallmann, L. and Keller, U. (2016, aug). Attosecond dynamical Franz-Keldysh effect in
polycrystalline diamond. Science (80-. )., 353(6302), 916–919. doi: 10.1126/science.aag1268

Lucchini, M., Sato, S. A., Schlaepfer, F., Yabana, K., Gallmann, L., Rubio, A. and Keller,
U. (2020). Attosecond timing of the dynamical Franz-Keldysh effect. J. Phys.
Photonics. Retrieved from http://iopscience.iop.org/2515-7647/2/2/025001

?utm{_}source=researcher{_}app{&}utm{_}medium=referral{&}utm{_}campaign=

RESR{_}MRKT{_}Researcher{_}inbound doi: 10.1088/2515-7647/ab70cb
Meckel, M., Comtois, D., Zeidler, D., Staudte, A., Pavičić, D., Bandulet, H. C., Pépin, H., Kieffer, J. C.,
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Chapter 2

Concepts for imaging ultrafast
nanoparticle dynamics

2.1 Structure of this chapter

In single-shot extreme ultra-violet (XUV) coherent diffraction imaging (CDI) of nanoparticles in
free-flight, coherent ultra-short light pulses, emitted by a laser, are directed towards nanoscale
matter. The geometry and electronic structure of the nanoparticles can then be deduced from
the subsequently captured scattered light. The fundamental concepts for this type of experiment
are presented in this chapter. They include methods from various disciplines; Including atom-,
solid-state-, laser- and plasma-physics in the nonlinear response regime.

The here presented concepts can be placed within two broad categories:

1. Non-ionizing interaction of light with matter (Section 2.2)

2. Ionization mechanism in light-matter interactions (Section 2.3)

In section 2.2 the non-ionizing interaction of light with matter is first described on an atomistic scale
using a quantum-mechanical description, where phenomena such as Rabi oscillations and the Stark
effect are introduced. Then, a bridge is build to a classical description of light-matter interaction , by
introducing the dynamic polarizability, which is defined using a quantum picture but also using the
classical Lorentz oscillator model. From thereon, the classical scattering response of large spheres is
described by usage of Mie theory: : a closed-form analytical solution to Maxwell’s equations for the
scattering of spherical particles in a non-absorbing medium.

Then, in section 2.3 ionization mechanism in light-matter interactions are treated by starting with
a perturbative description of strong-field atomic effects, such as multiphoton ionization (MPI),
optical field ionization (OFI) and tunneling. Depending on the intensity and the wavelength of
the external field, two regimes govern atomic ionization; Photon- or field-dominated ionization.
Both are introduced in subsection 2.3.1, there these two regimes are motivated by introducing the
Keldysh parameter, an important measure for understanding the origin of ionization in strong-
field physics. From thereon, section 2.3.2 covers ionization in large nanoparticles, where collective
ionization processes replace the atomistic ionization mechanism as the dominant ionization pathway.
A three-phase model has been developed in order to better understand the different phases of the
light-matter interaction of nanoparticles (Arbeiter and Fennel, 2011). Section 2.3.2 broadly follows
this line of arguments, as laid out in Arbeiter and Fennel (2011): (1) charge-up, (2) nanoplasma
formation, and (3) expansion, relaxation.
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Section 2.4, then, briefly introduces the dynamical Franz-Keldysh effect (DFKE) (Brandi, Latgé and
Oliveira, 2001; Jauho and Johnsen, 1996; Lucchini et al., 2016; Mizumoto, Kayanuma, Srivastava,
Kono and Chin, 2006; Novelli, Fausti, Giusti, Parmigiani and Hoffmann, 2013; Otobe, 2017; Otobe,
Shinohara, Sato and Yabana, 2016), which is a bulk phenomenon in strong-field-matter interaction
in which the optical properties of the bulk dielectric changes. The dynamical Franz-Keldysh effect
(DFKE) is covered here, as it is conceptually very close to the observations using the moderate
infrared (IR) intensities, presented in chapter 6.

Then, concluding this chapter, section 2.5 gives a brief overview on experiments on superfluid
helium nanodroplets, whereas the focus is on two characteristics of superfluid helium, (i) the
observation that superfluid helium nanodroplets exhibit an almost atomiclike behavior in many
experiments (section 2.5.2), and (ii) the geometry of irradiated nanodroplets (section 2.5.3), as this
defines the features that are recorded by their scattering images.

2.2 Non-ionizing interaction of light with matter

To understand the analysis of the studied helium nanodroplets in this thesis, it is mandatory to
review several model systems about how light interacts with matter.

This section presents concepts from quantum-mechanics and classical electromagnetic theory within
the boundaries of non-ionizing irradiation.

First, in section 2.2.1, the interaction between light and atomistic systems is introduced via a
quantum-mechanical description. There, quantum-mechanical atom-field phenomena such as Rabi
oscillations and the Stark effect but also quantities known from a classical description of the atom,
such as the oscillator strength and the polarizability, are presented.

From there on, light-matter interaction is treated in a classical picture, and without strong-field
effects, the scattering response of simple atomistic systems and large spheres are derived by usage
of Maxwell’s equations and Mie theory.

Please note, the descriptions and derivations are kept brief as they follow the textbooks by Attwood
and Sakdinawat (2016); Fox (2006); Novotny and Hecht (2006); Steck (2020).

2.2.1 Quantum-mechanical atom-field interaction

The time-dependent Schrödinger equation

To understand an atomic system’s behavior when irradiated by an oscillating laser field, one has
to solve the time-dependent Schrödinger equation (TDSE). The easiest system to solve with the
TDSE is the two-level system in the dipole approximation. In particular, this section covers two
regimes, the weak excitation, and the strong excitation regime. Wherein the weak excitation regime,
classical quantities can be recovered, such as the polarizability, and in the strong excitation regime,
effects without any classical counterpart are discussed, such as Rabi flopping, the AC Stark effect
and Autler-Townes splitting (ATS). Please note, that the term strong excitation is not referring to
strong-field effects like multiphoton ionization (MPI) or optical field ionization (OFI), which are
described in section 2.3.1, here, only non-ionizing irradiation is considered. The term weak and
strong excitation refers in that context to the population dynamics of the excited atom.
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Now, the TDSE is given by:

Hψ (r, t) = ih̄Btψ (r, t) , (2.1)

where ψ (r, t) is the wavefunction describing the particles and H is the Hamiltonian of the system,
which can be split into a time-dependent and an unperturbed time-independent part:

H = H0 +Hx (t) , (2.2)

where the unperturbed time-independent part can be written as:

H0 =
ÿ

i,j

(︄
´

h̄2

2mi
∇2 + V

(︁
ri, rj

)︁)︄
. (2.3)

i and j are the indices for the i-th and j-th particle, and V
(︁
ri, rj

)︁
is the potential interaction energy

that includes the electromagnetic interaction between the particles.

Now, in a two level system, the two wavefunctions that solve the TDSE can be written in the form:

ψ1 (r, t) = e´ i
h̄ E1t ϕ1 (r) (2.4)

ψ2 (r, t) = e´ i
h̄ E2t ϕ2 (r) , (2.5)

where ψn (r, t) is split into a stationary and an time-dependent part, En are the energy eigenvalues
of the stationary Hamiltonian, as H0 ϕn (r) = En ϕn (r).

As the atomic systems is much smaller than the wavelength of the irradiation, the electric field can
be assumed to be spatially homogeneous, this is called the dipole approximation, which yields:

E (r, t) « E0 cos (ωt) , (2.6)

so each electron is subject to the same field strength. Now, using a semi-classical approach, the
perturbed time-dependent part of the Hamiltonian can be written as the energy shift of an atomic
dipole in the electric field, so:

Hx (t) = qrE (r, t) « µE0 cos (ωt) , (2.7)

where µ = qr is called the total electric dipole moment.

This fully defines the set of equations for this two-level model system. To finally solve the TDSE in
equation 2.1, we make the Ansatz of a superposition of both wavefunctions:

ψ (r, t) = c1 (t)ψ1 (r, t) + c2 (t)ψ2 (r, t) , (2.8)

where c1 (t) and c2 (t) act as normalization coefficients that are linked to the condition:
ş

ψ˚ψdV =

|c1|2 + |c2|2 = 1. So |cn|2 are the probabilities for finding the two-level atom in state n.
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With this, and after some calculus1, the final set of coupled differential equations can be defined:

Btc1 (t) =
i
h̄

c2 (t)µ12E0 cos (ωt) e´iω0t (2.9)

Btc2 (t) +
γ

2
c2 (t) =

i
h̄

c1 (t)µ21E0 cos (ωt) eiω0t, (2.10)

where ω0 is the resonance frequency of the transition and γ is a damping term that ensures that all
atoms ultimately decay to their ground state by spontaneous emission. Without an external electric
field, equation 2.9 and 2.10 can be directly integrated and yield the classically known exponential
decay of the excited state: c2 (t) = c2 (0) e´ 1

2τ t, where τ = 1
γ is the lifetime of the excitation.

This coupled differential equation 2.9 and 2.10 can now be solved for the two regimes of interest:
Weak excitation (|c1|2 « 1) and strong excitation (|c1|2 ‰ 1)

The weak excitation regime In the weak excitation regime we find that |c1|2 « 1, which means
that all electrons remain in the ground state. c1 (t) = 1 is also referred to as the zero-order solution,
with which we can solve for the first-order solution of c2 (t) (see equation A.20 in Novotny and
Hecht, 2006):

c2 (t) =
1

2h̄
µ21E0

(︄
ei(ω0+ω)t

ω0 + ω ´ i γ
2
+

ei(ω0+ω)t

ω0 ´ ω ´ i γ
2

)︄
+ c2 (0) e´

γ
2 t (2.11)

Of particular interest in the weak excitation regime is the dipole response of the atom. Meaning
the average displacement of the electron from its equilibrium position around the atom core when
irradiated by an oscillating electric field. So, by solving for µ (t) =

ş

ψ˚µpψdV, we can introduce the
concept of polarizability (see equation A.25 in Novotny and Hecht, 2006):

µ = α (ω)E

⇝

(2.12)

α (ω) =
µ12µ21

h̄

(︄
1

ω0 ´ ω ´ i γ
2
+

1
ω0 + ω + i γ

2

)︄
(2.13)

Equation 2.13 is an important result, because after having obtained the polarizability, many problems
can be treated classically again. The polarizability is establishing a linear relationship between an
external field and the induced dipole moment. It can be, for example, directly connected to the
classical Lorentz oscillator model (see, for example, equation A.26 in Novotny and Hecht, 2006)
and, thereby, to the Drude-Lorentz model, which is regularly used in large scale simulations of
ionization and fragmentation dynamics in nanoparticles (Fennel et al., 2010). Equation 2.13 will be
the entry point for discussing the absorption and scattering behavior of classical atomic and large
macroscopic systems in the next section.

However, essential for this thesis are two quantum-mechanical mechanisms without a classical
pendant: The AC Stark effect and ATS. These two mechanisms are discussed in the next subsection
as they are effects within the strong excitation regime.

The strong, or near-resonant, excitation regime No general analytical solution of the coupled
differential equations 2.9 and 2.10 exists for the condition |c1|2 ‰ 1, meaning that the atom is

1See, for example, Appendix A in Novotny and Hecht (2006) or section 9.3 in Fox (2006)
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Figure 2.1: a) shows the probability for finding the atom in either the excited or the ground state for the case of
irradiation at exact resonance (ω = ω0). In this two-level systems the electron oscillates between both states
with the frequency Ω1. b) Calculation and experimental fluorescence spectrum of the Mollow triplet for the
hyperfine components of the sodium D2 line (Grove et al., 1977). Figure modeled after figure 9.4 and 9.7 in Fox
(2006)

non-negligibly often in an excited state. However, when considering only near-resonant irradiation
and dropping the damping term for a second, then c1 (t) and c2 (t) can be recovered and yield:

c1 (t) = e´ i
2 (ω0´ω)t

(︃
cos

(︃
Ωt
2

)︃
´

i (ω ´ ω0)

Ω
sin
(︃

Ωt
2

)︃)︃
(2.14)

c2 (t) =
iΩ1

Ω
e´ i

2 (ω0´ω)t sin
(︃

Ωt
2

)︃
, (2.15)

where two new variables are introduced: Ω and Ω1. Ω1 is called the Rabi frequency and is given by
Ω1 = |µ12E0|/h̄, it is a measure for the strength of the external field. Ω is called the generalized Rabi
frequency, which is defined as:

Ω =
b

(ω0 ´ ω)2 + Ω2
1 =

b

δ2 + Ω2
1, (2.16)

and gives the frequency with which the atom oscillates between both states. This periodic change
between both states is called Rabi flopping. The term (ω0 ´ ω) is often called the detuning and is
given the letter δ.

One important case is at perfect resonance (ω = ω0), there equation 2.14 and 2.15 simplify to:

c1 (t) = cos
(︃

Ω t
2

)︃
(2.17)

c2 (t) = i sin
(︃

Ω t
2

)︃
. (2.18)

This sine and cosine oscillation of the excitation at perfect resonance is shown in figure 2.1 a). Rabi
flopping of the atom between two states cannot be understood classically. It is a purely quantum-
mechanical effect. One of the earliest experimental verifications of Rabi flopping was the observa-
tions of so-called Mollow triplets, postulated by Mollow (1969), they were observed in a variety of
experiments since the early 70’s (Del Valle and Laussy, 2010, 2011; Schuda, Stroud and Hercher,
1974). Mollow triplets are the appearance of so-called sidebands in the fluorescence spectrum
that appear below and above the resonance frequency when the atom is strongly and resonantly
irradiated.
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Figure 2.2: Shown is a schematic to motivate the
change in perspective from a bare atom description
whose excitations oscillate toward a dressed atom pic-
ture, where the new energy levels are discussed di-
rectly. The dressed atom picture recovers the same
results that lead to the strong excitation regime’s con-
clusions. In the Mollow triplet example here, the
states |1y and |2y are both dressed by the dressing
laser. Modeled after figure 9.7 in Fox (2006).

If the atom is excited at perfect resonance, the excitation will oscillate in time with Ω, see figure
2.1 a). Since this is an oscillation in the time domain, it induces emission in the spectral domain.
The result is that fluorescent emission from such an excited system radiates light not only at the
resonance frequency ω0, but also at ω0 ˘ Ω1/2. Figure 2.1 b) shows the calculated and observed
fluorescence spectrum for the hyperfine components of the sodium D2 line, where the appearance
of the Mollow triplets was induced by a dye laser at 589 nm with 0.64 W cm´2 (Grove et al., 1977).

Therefore, intense irradiation of atomic systems leads to a modulation of the excitation in the time
domain, and this modulation then results in the appearance of virtual new resonances below and
above the unperturbed resonance.

This mechanism is the basis for Autler-Townes splitting (ATS) and the AC Stark shift, whose
description usually uses a different nomenclature and perspective (see discussion in section 9.5.3 in
Fox, 2006). Instead of using the perspective where the system we are interested in is a bare atom
whose population of the excitations oscillate when irradiated, we can view the light-atom interaction
as its own system. This system is then called a dressed atom. The dressed atom’s energy levels are
not the ones from the bare atom, but the ones that result from the light-matter interaction. Figure
2.2 illustrates this change in perspective, where the dressed atom picture describes the light-atom
system, whose energy levels are the split levels of the bare atom. In this depiction, the dressing laser
dresses the states |1y and |2y from the bare atom, so that both levels split, this re-creates the Mollow
triplet, where the original resonance frequency ω0 has two times the amplitude than the dressed
states.

From hereon, this thesis uses the dressed atom perspective, where the laser that enables the Rabi
oscillations is called dressing laser, and the virtual new states are called dressed states.

Now, the terms ATS - or Autler-Townes effect (ATE) - and AC Stark are often used synonymously
[compare the discussion in Cohen-Tannoudji (1996) with the one in Delone and Krainov (1994)],
therefore, the nomenclature is fixed for this thesis. Here, we will adapt the nomenclature used
in Delone and Krainov (1994) and Delone and Krainov (1999), where every change in the energy
landscape is called an AC Stark process, except for the symmetric splitting at perfect resonance,
which is called ATS.
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Figure 2.3: Shown is a schematic of the AC Stark process in a three-level system exhibiting ATS at perfect
resonance. In the presence of a dressing laser that couples two states, these states’ unperturbed eigenenergies
are no longer valid solutions to the full Hamiltonian of the bare system. The interacting atom-field system is
then called a dressed atom. a) shows the transition from the bare atom states to the dressed atom picture, and
b) shows the transition of the dressed state when varying the detuning. Modeled after Cohen-Tannoudji (1996).

Another example is provided in figure 2.3, wherein a) the level scheme is presented, and the
transition from the bare atom to the dressed atom perspective is highlighted again. There, the state
|a|Ny, for example, refers to the bare atom state a in the presence of N photons. The levels of a and
b are chosen so that |a|N + 1y and |b|Ny are degenerate at resonance (δ = 0). In the dressed atom
picture the bare atom states |a|N + 1y and |b|Ny are not discussed anymore, instead the dressed
states |1(N)y and |2(N)y are considered. The black arrows indicate the new transitions to |c|Ny that
are now accessible when probing the dressed atom.

Figure 2.3 b), then, shows the near-resonant evolution of the dressed states |1(N)y and |2(N)y in
case of a detuning of the laser, where the x-axis shows the photon energy of the dressing laser and
the y-axis shows the energy of a second probing laser. The state |a|N + 1y increases linearly with
the dressing laser’s photon energy, where the case of resonance is marked by the crossing of the
two dashed lines. In the resonance case, |1(N)y and |2(N)y are symmetrically aligned below and
above the former state |b|Ny, this is ATS. For a non-zero detuning the AC Stark induced splitting
of the bare atom states is asymmetrically w.r.t. |b|Ny and converges asymptotically to near |b|Ny
(|2(N)y for large positive detuning) or to near |a|N + 1y (|1(N)y for large negative detuning). |1(N)y
and |2(N)y converge only near the bare atom states2, as the AC Stark effect has also a non-resonant
component that shifts the dressed states.

This complex near- and off-resonance behavior of the AC Stark effect is discussed in the next
subsection in a qualitative manner using a single-level atom, as in this case, an analytical treatment
is possible.

The AC Stark effect A physical interpretation of the AC Stark effect was identified in the last
subsection as a result of Rabi oscillations between atomic excitations. In this subsection three special
cases are now discussed. Since no general solution for a two-level atom, as defined by equation

2Please take notice of the slight distance between the asymptotically approaching dressed states and the bare atom states
for large detunings in figure 2.3 b)
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Figure 2.4: Shown is a schematic for three limiting
cases of the AC Stark shift for a one-level atom. 1
corresponds to the low intensity - high frequency
limit. 2 is in the high-intensity - low frequency regime
and 3 is the very intense and very low frequency limit.
F is the electric field strength. Please note that d F is
not the total derivative of F, but the product between
the dipole moment d and F, see equation 2.21. Figure
taken from Delone and Krainov (1994).

2.9 and 2.10, exists, a one-level atom may be used for building intuition. The wavefunction of the
one-level atom can be given by using the Floquet theorem [for an overview of the Floquet theorem,
see, for example, section 3.5 in Burnett, Reed and Knight (1993) and for the derivation of the solution
that is given here, see section 3.1 and 4.1 in Delone and Krainov (1999)]:

ψ (r, t) = e´iEat
8
ÿ

k=´8
ck (r) e´ikωt (2.19)

Ea (F) is the new eigenstate of the dressed atom3 and ck (r) are the population amplitudes. Equation
2.19 describes that the state of the dressed atom is a superposition of an infinite amount of stationary
dressed states that are periodic in kω at energies Ea + kω.

Then, an analytical solution for the new eigenstate of the dressed atom Ea (F) as well as the
population amplitudes of the new dressed states ck (r) can be given as:

Ea (F) = ´1
4

α F2 (2.20)

ck (r) =
8
ÿ

S=´8
(´1)k JS

(︃
α F2

8 ω

)︃
Jk+2S

(︃
d F
ω

)︃
, (2.21)

where α is the dynamic polarizability, d is the dipole moment, F is the strength of the electric field in
au and JS are the Bessel functions. The term d F can be identified as the Rabi frequency Ω1.

In the general case, the interplay between the field strength dependent shift of the eigenstate in
equation 2.20 and the population of the dressed states described by equation 2.21 is complicated.
However, three limiting cases may be defined for which an interpretation is available. Those three
cases are depicted in figure 2.4.

1: The case of a weak high-frequency field
Since the field strength is weak and the frequency is high, the following boundary conditions can be

3In the example depicted in figure 2.2, Ea (F) is identical with the eigenstate of the perturbed bare atom.
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assumed:

d F ! ω, α F2 ! ω

In this case, only the Bessel functions with k = S = 0 are non-negligible. So the dressed states are
not populated at all and the expected experimental observation in this regime would be only that of
the new eigenstate Ea in equation 2.20, whose change, compared to the eigenstate of the bare atom,
scales quadratically with the strength of the electric field, see 1 in figure 2.4.

2: The case of a strong moderate-frequency field
Here, the following boundary conditions can be assumed:

d F " ω, α F2 ! ω

In this case only the Bessel functions with k = ˘ d F/ω and S = 0 are contributing, which results
in a linearly shifted and symmetrical appearance of of the dressed states. This is depicted in 2 in
figure 2.4. Please note, when considering a two-level system and at exact resonance of the dressed
atom with the dressing laser, then this case yields the Mollow triplet - or ATS - example from last
subsection.

3: The case of a very strong field with a very low frequency
Here, the following boundary conditions apply:

d F " ω, α F2 " ω

This is the most complicated case as it is a combination of the quadratic and the linear AC Stark
shift. It can be shown that in this regime only the Bessel function components with the terms
k = ˘ d F/ω ˘ α F/4ω are non-negligible, which results in a superposition of a linear and a quadratic
shift:

Ea (F) = ˘ d F ˘
α F2

4
´

α F2

4
.

This is depicted in 3 in figure 2.4.

The given examples of a simple two-level system in the last section to motivate Rabi flopping and
the single-level atom in this section to highlight the properties of the AC Stark shift are merely an
illustrative model to build an intuition on the processes. Much more complicated effects arise in a
multi-level or multi-atom system, one of which will be briefly discussed in section 2.4, namely the
dynamical Franz-Keldysh effect (DFKE).

However, the simple atomistic treatment given here is enough to assess the analysis in section 6.3,
as this thesis employs a parameter-free atomistic model to reproduce the experimental observations
qualitatively. There, a simplistic interpretation is used in which the AC Stark induced shift of
the energetic landscape of dressed helium near the 1s 2p resonance leads to changed refractive
properties for artificial macroscopic helium nanodroplet.

For now, we return to a classical treatment of the light-matter interaction, where the next section
introduces important concepts such as absorption and scattering in larger systems. The classical
treatment starts conceptually from the dynamic polarizability, that was introduced with equation
2.13, and with which absorption and scattering can be derived.
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2.2.2 Classical light-matter interaction

In the last section, two regimes were discussed for the atom-field interaction in a quantum-
mechanical framework. In the weak excitation regime, the dynamic polarizability could be related
to the classical transition oscillator model, which is the starting point for this section. In this section,
the refractive index and the absorption of light in a uniform and isotropic medium are briefly
introduced and discussed. Then, the scattering of light off a free electron is discussed, which serves
as a simple model system to build intuition and as a basis for the treatment of Mie theory in the
next section.

The quantum-mechanically derived dynamic polarizability in equation 2.13 can be cast into the
classical text-book form of the transition oscillator (see equation A.26 in Novotny and Hecht, 2006),
which yields:

α (ω) =
e2

m

ÿ

n
fn

(︃
1

ω2
n + ω2 ´ iωγ

)︃
(2.22)

with:

fn =
2mωn

e2h̄
µ1nµn1, (2.23)

where e and m are the charge and mass of an electron, and fn is called the oscillator strength,
which is of integer character in the classical description and identified as the non-integer transition
probabilities in a quantum-mechanical description (see the discussion on equation 2.73 in Attwood
and Sakdinawat, 2016).

Before describing the propagation of light in matter, the vector wave equation has to be introduced,
which is derived from Maxwell’s equations and describes the propagation of light in a uniform and
isotropic material (see section 2.1 in Attwood and Sakdinawat, 2016):(︂

B2
t ´ c2∇2

)︂
E(r, t) = ϵ´1

0

(︂
BtJ(r, t) + c2∇ρ(r, t)

)︂
(2.24)

where ρ is the charge density, J(r, t) is the current density, and c = ?
ϵ0µ0

´1 is the phase velocity of
light in vacuum with ϵ0 is the vacuum permittivity (often called dielectric constant) and µ0 is the
magnetic permeability.

Now, by assuming that for the propagation of transverse waves the ∇ρ term can be discarded, and
when considering only forward scattering (which simplifies J(r, t) considerably), equation 2.24 can
be rewritten as (see section 3.1 in Attwood and Sakdinawat, 2016):(︃

B2
t ´

c2

n2 (ω)
∇2
)︃
ET(r, t) = 0, (2.25)

where n (ω) is the refractive index, which fully encapsulates the propagation behavior of the light
wave in a uniform and isotropic material:

n (ω) =

(︄
1 ´

nae2

ϵ0m

ÿ

n
fn

(︃
1

ω2
n + ω2 ´ iωγ

)︃)︄ 1
2

(2.26)

=

(︃
1 ´

na

ϵ0
α (ω)

)︃ 1
2

, (2.27)
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Figure 2.5: Shown are
typical profiles of the
real and imaginary part
of the refractive index
near the resonance. 1 ´
Re tn (ω)u = δ and
Im tn (ω)u = β from
equation 2.29. Figure
taken from Steck (2020).

where na is called the number density, which is the number of atoms per unit volume. The inclusion
of the number density is only valid for a uniform and isotropic material. This is discussed again
in the analysis in chapter 2.2.2, where a model is derived for connecting the microscopic dynamic
polarizability with the macroscopic refractive index.

Since ω2 is in the XUV regime much larger then nae2/ϵ0m, the radicand is very small and equation 2.26
can be approximated by dropping the square root (see the discussion on equation 3.8 in Attwood
and Sakdinawat, 2016):

n (ω) = 1 ´ nae2

ϵ0m

ÿ

n
fn

(︃
1

ω2
n + ω2 ´ iωγ

)︃
= 1 ´ na

ϵ0
α (ω) . (2.28)

Nomenclature in the XUV community is to write the real and the imaginary part of the refractive
index as:

n (ω) = 1 ´ δ + iβ (2.29)

where the physical interpretation can be seen by considering the propagation of a plane wave, with
initial amplitude E0 and the complex dispersion relation k = ω n(ω)/c, where k is called the wave
vector:

E (r, t) = E0e´i(iωt´kr)

= E0e´i
(︁
iωt´ ω

c (1´δ+iβ)r
)︁

= E0e´i
(︁
iωt´ r

c
)︁

looooooomooooooon

vacuum propagation

e´i
(︂

2πδ
λ

)︂
r

loooomoooon

phase shift

e´i
(︂

2πβ
λ

)︂
r

loooomoooon

decay

. (2.30)

Therefore, δ is a measure for the phase shift - the phase velocity - in a medium and β is a measure for
the absorption - or decay - in a medium. So, the refractive index describes the so-called dispersive
behavior of light in matter, which means that light of different color travels differently through the
medium.

Figure 2.5 shows the typical profiles of the real and imaginary part of the refractive index near a
resonance, where at resonance Re tn (ω)u is 1 and Im tn (ω)u is maximal. If Re tn (ω)u = 1 then
δ = 0, were the physical interpretation is that the phase velocity in the medium is the same as in
vacuum, and when Im tn (ω)u is maximal the physical interpretation is that absorption is maximal.
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The latter can be further quantified by using β to define the exponential decay in the medium of the
average scalar intensity of a planar wave(see section 3.2 in Attwood and Sakdinawat, 2016):

I = I0e´
4πβ

λ r, (2.31)

with which a characteristic metric for measuring the absorption in a medium, the penetration depth -
can be defined:

labs =
λ

4πβ
. (2.32)

The interpretation is, that after the distance labs the intensity of the planar wave is only 1/e of its
vacuum intensity.

Now, the absorption of light is only one of the two light-matter interactions presented in this section.
The other one is the scattering of light by matter, which can be defined as the angle-dependent
power radiated by free or bound electrons as they experience acceleration due to an incoming
electric field.

As in this thesis, only the scattering by large spheres is considered; this section introduces only the
basics of scattering using a free electron as a model system. Then, the following section introduces
the Mie solution to Maxwell’s equation, with which the complicate scattering of light from large
spheres can be calculated. For brevity, the scattering behavior of many insightful model systems is
skipped here, like the ω4 dependence for the scattering of a bound electron in Rayleigh scattering
that explains the blue sky, or the Z2 dependence for multi-electron systems, where Z is the number
of electrons4.

The scattering potential of a scatterer is usually expressed in terms of a scattering cross-section, which
is an effective area responsible for redirecting the incoming radiation. In the most general sense, it
is defined as the ratio between the average power that is radiated (Psca) and the average incident
power per unit area (Si):

Csca =
Psca
ˇ

ˇSi
ˇ

ˇ

, (2.33)

where Si is defined as:

Si =
1
2

c

ϵ0

µ0
|Ei|

2 k0 (2.34)

The average radiated power Psca for a free electron can be calculated by solving Newton’s funda-
mental equation with the Lorentz force as acting force: ma = ´e (Ei + v ˆ Bi), from which a is
obtained as:

a (r, t) = ´
e
m
Ei (r, t) . (2.35)

Psca can then be obtained by considering the total power radiated:

Ptotal =
8π

3

(︄
e2 |a|

2

16π2ϵ0c3

)︄
. (2.36)

4For a full discussion on these model systems see section 2.6 and 2.7 in Attwood and Sakdinawat (2016)
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Inserting equation 2.35 in 2.36, yields for equation 2.33:

Csca =
Psca
ˇ

ˇSi
ˇ

ˇ

=

4π
3

(︃
e4|Ei|

2

16π2m2ϵ0c3

)︃
1
2

b

ϵ0
µ0

|Ei|
2

=
8π

3
r2

e , (2.37)

where re is called the classical electron radius and is defined as:

re =
e2

4πϵ0mc2 , (2.38)

re serves as an important quantity on a variety of problems that involve a typical length scale of an
electron interacting with irradiation. Alternatively, it can be defined by equating the electrostatic
field of a uniform sphere with radius r and charge e2/4πϵ0 with its rest energy mc2 (see the discussion
in section 2.5 in Attwood and Sakdinawat, 2016).

Equation 2.37 is also known as the Thomson scattering cross-section. An interesting characteristic of
Thomson scattering is that it is not dispersive. The scattering cross-section of a free electron is in
this model identical across the electromagnetic spectrum.

After introducing the scattering cross-section concept, the next section introduces Mie theory, with
which the scattering cross-section for large uniform spheres can be obtained.

2.2.3 Mie theory

In 1908, Gustav Mie derived a solution to Maxwell’s equations for large homogeneous spherical
particles that are of arbitrary size. His goal was to settle the debate on how to theoretically derive
the radiated color of small gold colloids, which he assumed to be of spherical shape (Mie, 1908).

Mie’s solution to Maxwell’s equations is, thereby, an analytical description of absorption and
scattering of light in large spheres. The Mie solution is exact within the framework of Maxwell’s
equations and has been used routinely for describing the scattered intensity, as well as the angle-
dependent intensity, of isolated nanoparticles in free flight imaged in the XUV regime (Bostedt et al.,
2010; Langbehn et al., 2018; Rupp et al., 2014, 2017).

The goal of this section is to derive the scattering cross-section and the angle-dependent scattering
intensity. Both quantities are extensively used in the analysis of this thesis.

The derivation of these quantities starts with the coordinate system’s definition, as shown in figure
2.6. There, O is an arbitrarily defined origin in the particle, from which a cartesian coordinate is
spanned by the basis vectors ex, ey and ez. The scattering direction er and the cartesian basis vector
ez define the so-called scattering plane, which is shown as a mesh grid. The scattering plane can be
thought of as a scattering analog to the plane of incidence when considering light reflection at an
interface.

Furthermore, when the incident electric field E is separated into a component parallel to the x-y
plane (E||i) and one perpendicular to it (EKi), the basis vectors describing the direction of these fields
are eKi = sin (φex) ´ cos

(︁
φey

)︁
and e||i = cos (φex) + sin

(︁
φey

)︁
, which yields the cross product:

eKi ˆ e||i = ez.

Then, a spherical coordinate system can be spanned and is denoted by er, eθ and eφ, where
eKi = ´eφ, and e||i = sin (θer) + cos (θeθ).
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Figure 2.6: Shown is the coordinate system to de-
scribe scattering by an arbitrary particle. O is an arbi-
trarily defined point in the particle that serves as the
origin for the cartesian coordinate system denoted by
the basis vectors ex, ey and ez. The vector that rep-
resents the scattering direction er and the cartesian
basis vector ez define a plane called the scattering
plane, which is highlighted using a grid. The scatter-
ing plane can be thought of as an scattering analogue
to the plane of incidence when considering light re-
flection. The so-spanned scattering plane is uniquely
defined via the angle φ. Furthermore, when the in-
cident electric field E is separated into a component
parallel to the x-y plane (E||i) and one perpendicular
to it (EKi), the basis vectors describing the direction
of these fields are eKi = sin (φex) ´ cos

(︁
φey

)︁
and

e||i = cos (φex) + sin
(︁
φey

)︁
, which yields the cross

product: eKi ˆ e||i = ez. The spherical coordinate
system belonging to φ is denoted by er, eθ and eφ,
where eKi = ´eφ, and e||i = sin (θer) + cos (θeθ).
Figure taken from Bohren and Huffman (1998).

After having settled on a coordinate system, we have to find a solution to the vector wave equation
from last section, see equation 2.24, and, further, expand the fields in a multipole expansion. Please
note, a thorough derivation of the Mie solution is beyond the scope of this section, here, only the
core results are presented and discussed. For an in-depth and complete derivation please see chapter
4 in Bohren and Huffman (1998).

Find simpler vector functions: Now, to reduce the complexity of having to solve the full vector
wave equation, we can construct simpler vector functions that satisfy all electromagnetic field
properties as well as the vector wave equation. The general idea is that these vector functions yield
scalar functions, which are easier to solve. So, let’s assume a vector function M is defined as:

M = ∇ ˆ (cψ) , (2.39)

where c is an arbitrary but constant vector. It can be shown that if ψ is a solution to the scalar wave
equation

(︁
∇2 + k2)︁ ψ = 0, then M satisfies the vector wave equation. A second vector function can

be constructed that is perpendicular to M :

N =
∇ ˆ M

k
. (2.40)

N also satisfies the vector wave equation. Nomenclature is that ψ is called a generating function for
the vector harmonics M and N , and c is called the guiding - or pilot - vector. The choice of a pilot
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vector is, in theory, arbitrary, however, we choose here c to be the radius vector r, see figure 2.6.
This choice satisfies that M has to be a solution to the vector wave equation.

In spherical coordinates, we identify the generating function ψ as a solution to the scalar wave
equation in spherical coordinates, given by:

1
r2

(︄
Br

(︂
r2B2

r ψ
)︂
+

1
sin (θ)

Bθ (sin (θ)Bθψθ) +
1

sin (θ)2 B2
φψ

)︄
+ k2ψ = 0, (2.41)

by making use of the separation of variables method, we seek a solution of the form:

ψ (r, θ, φ) = R (r)Θ (θ)Φ (φ) , (2.42)

which can be found, after some calculus, by introducing the Legendre and Bessel functions:

ψe,mn = cos (mφ)Pm
n (θ) zn (kr) (2.43)

ψo,mn = sin (mφ)Pm
n (θ) zn (kr) , (2.44)

where the indices e and o denoting the even and odd solutions. Pm
n are the associated Legendre

functions of the first kind and to order m and degree n, and zn are any of the four spherical Bessel
functions, defined as:

jn =

c

π

2ρ
Jn+1/2 (ρ) yn =

c

π

2ρ
Yn+1/2 (ρ)

h2
n = jn (ρ) + iyn (ρ) h1

n = jn (ρ) ´ iyn (ρ) ,

where Jv and Yv are the Bessel function of the first and second kind, with the half-integral order
v = n + 1/2. Now, M and N can be written as:

Me,mn = ∇ ˆ (rψe,mn) Mo,mn = ∇ ˆ (rψo,mn)

Ne,mn =
∇ ˆ Me,mn

k
No,mn =

∇ ˆ Mo,mn

k

After establishing a framework for solving the vector wave equation, the next step is to obtain
expressions for the electric field inside and outside of the sphere. A planar wave is assumed in both
cases, whose expansion in vector spherical harmonics is addressed next.

Expand the incident plane wave in spherical harmonics: The electric field that is approaching
the sphere is assumed to be a plane wave. The description of this plane wave is in spherical
harmonics, not only because it appeals to the given problem’s spherical character, but also for
numerical reasons. When we expand the electric field in spherical harmonics, we can always express
the field in a finite number of spherical approximations that can easily be computed.

In general, we want to express the incident plane wave Ei = E0eikr cos (θ)ex, with ex in spherical
coordinates given by ex = sin (θ) cos (φ)er + cos (θ) cos (φ)eθ ´ sin (θ)eφ, in terms of spherical
harmonics.
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This means, M and N need to satisfy:

Ei =
8
ÿ

m=0

8
ÿ

n=m
(Be,mnMe,mn +Bo,mnMo,mn +Ae,mnNe,mn +Ao,mnNo,mn) (2.45)

with the boundary condition that Me,mn and Mo,mn need to be orthogonal:

ż 2π

0

ż π

0
Me,mn ¨ Mo,mn sin (θ)dθdφ = 0, (2.46)

where A and B the the expansion coefficients, that can be defined through this boundary condition
as:

Be,mn =

ş2π
0

şπ
0 Ei ¨ Me,mn sin (θ)dθdφ

ş2π
0

şπ
0 |Me,mn|

2 sin (θ)dθdφ
, (2.47)

with similar expressions for Bo,mn, Ae,mn and Ao,mn. Now, it can be shown that due to the orthogo-
nality of the sine and cosine that Be,mn = Bo,mn = 0 and that all remaining coefficients are also zero,
except for the case at m = 1, which simplifies equation 2.45 to:

Ei =
8
ÿ

n=1

in
(︂
Bo,lnM

1
o,ln +Ae,lnN

1
e,ln

)︂
, (2.48)

where the superscript 1 denotes m = 1.

After some further calculus, we arrive at the expansion of the plane wave in spherical harmonics
(see the rest of section 4.2 in Bohren and Huffman, 1998):

Ei = E0

8
ÿ

n=1

in 2n + 1
n (n + 1)

(︂
M 1

o,ln ´ iN 1
e,ln

)︂
(2.49)

We do the same for the field inside the sphere and the scattered field of the sphere.

Expand the scattered electric field, and the one inside the sphere, in spherical harmonics: Here,
we do not carry out the derivation. Instead, only the boundary condition is given and briefly
discussed. From there, the results are provided. The full derivation can be appreciated in section 4.3
in Bohren and Huffman (1998).

The boundary condition for the incident electric field Ei, the scattered electric field Es amd the field
inside the sphere El is given as:

(Ei +Es ´ El) ˆ er = (Hi +Hs ´ Hl) ˆ er = 0, (2.50)

where H is the corresponding magnetic field that can be obtained by taking the curl of the corre-
sponding E field. The boundary condition in equation 2.50 demands orthogonality for all fields at
the boundary between the sphere and the surrounding medium and, further, that the incident field
plus the scattered must be equal to field inside the sphere, which ensures the continuity of the fields
across the boundaries (see the discussion in section 3.7 in Bohren and Huffman, 1998).

Now, the same procedure as in the last paragraph for the incident field can be carried out for the
field inside the sphere and for the scattered field, using the condition in equation 2.50, which yields



2.2. Non-ionizing interaction of light with matter 37

for both cases:

El = E0

8
ÿ

n=1

inEn

(︂
cnM

1
o,ln ´ idnN

1
e,ln

)︂
(2.51)

Es = E0

8
ÿ

n=1

inEn

(︂
ianN

3
e,ln ´ bnM

3
o,ln

)︂
, (2.52)

where En = inE02n+1/n(n+1), and the coefficients an, bn, cn and dn remain unknown for the moment.

Now that we have all fields set-up, it is time to calculate the angle-dependent scattered intensity
and derive the scattering cross-section. The angle-dependent intensity is what we recorded in the
experiment using the scattering micro-channel-plate (MCP), see section 3.3.6.

Calculate the angle-dependent scattering off the sphere: In all generality, the angle-dependent
scattering can be calculated using the so-called scattering matrix, which is given by:(︄

E||s

EKs

)︄
= ´

eik(r´z)

ikr

(︄
S2 0
0 S1

)︄(︄
E||i

EKi

)︄
(2.53)

where the subscripts || and K denote the parallel and perpendicular components of the field w.r.t.
to the scattering plane, see figure 2.6. Furthermore, and without a full derivation5, the S1 and S2

components of the scattering matrix can be written as:

S1 =
ÿ

n

2n + 1
n(n + 1)

(anπn + bnτn) (2.54)

S2 =
ÿ

n

2n + 1
n(n + 1)

(anτn + bnπn) , (2.55)

where we introduced angle-dependent functions, defined as:

πn =
P1

n
sin (Θ)

τn =
dP1

n
dΘ

, (2.56)

where Θ is the scattering angle, P1
n are the associated Legendre functions of the first kind to first

order and nth degree.

With these functions, the coefficients an to dn can be obtained from the boundary conditions:

Eiθ +Esθ « Elθ , Eiφ +Esφ « Elφ

Hiθ +Hsθ « Hlθ , Hiφ +Hsφ « Hlφ.

which ensure continuity at the boundary of the sphere. From these boundary conditions we arrive
at a set of four linear equations of the form:

jn(mx)cn + h1
n(x)bn = jn(x)

µBmx (mxjn(mx)) cn + µ1Bx

(︂
xh1

n(x)
)︂

bn = µ1Bx (xjn(x))

µmjn(mx)dn + µ1h1
n(x)an = µ1 jn(x)

Bmx (mxjn(mx)) dn + mBx

(︂
xh1

n(x)
)︂

an = mBx (xjn(x))

5see section 4.3.3 in Bohren and Huffman (1998) for a full derivation
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Figure 2.7: Shown is the angle-dependent scattering of a 0.26 µm and a 0.52 µm water droplet in air that is
irradiated with visible light at λ = 0.55 µm, this defines the size parameter x to be 3 and 6. a) is showing
a linear polar plot for angles between ´45 to 45° and b) shows the same data but on a logarithmic y-scale
up to a scattering angle of 180°. The legend in the upper right corner is valid for both subplots. i is the the
scattered irradiance per unit incident irradiance, where the subscript per and par denote if the incident light
was polarized perpendicular or parallel to the scattering plane, see figure 2.6. Modeled after figure 4.9 in
Bohren and Huffman (1998).

where µ and µ1 are the permeability of the medium outside and inside of the sphere. x = 2πnR/λ is
called the size-parameter, with λ the wavelength of the incident radiation, n the refractive index of
the medium outside of the sphere and R the radius of the sphere. m = k1/k = n1/n is called relative
refractive index, with n1 is the refractive index of the medium inside of the sphere6. With this set of
equations the coefficients an to dn can be found as:

an =
mϕn(mx)Bx ϕn(x) ´ ϕn(x)Bx ϕn(mx)
mξn(mx)Bxξn(x) ´ ξn(x)Bxξn(mx)

(2.57)

bn =
ϕn(mx)Bx ϕn(x) ´ mϕn(x)Bx ϕn(mx)
ϕn(mx)Bxξn(x) ´ mξn(x)Bx ϕn(mx)

, (2.58)

cn =
µ1 jn (x) Bx

(︁
xh1

n (x)
)︁

´ µ1h1
n (x) Bx (xjn (x))

µ1 jn (mx) Bx (xh1
n (x)) ´ µh1

n (x) Bmx (mxjn (mx))
(2.59)

dn =
µ1mjn (x) Bx

(︁
xh1

n (x)
)︁

´ µ1mh1
n (x) Bx (xjn (x))

µm2 jn (mx) Bx (xh1
n (x)) ´ µ1h1

n (x) Bmx (mxjn (mx))
, , (2.60)

where ϕn and ξn are called Riccati-Bessel functions and are defined via the spherical Bessel and
Hankel functions of the first kind:

ϕn(x) = xjn(x) = (´x)n+1
(︃

1
x

d
dx

)︃n sin x
x

(2.61)

ξn(x) = xh(1)n (x) = x(´i)n+1 eix

x

n
ÿ

m=0

im

m! (2x)m
(n + m)!
(n ´ m)!

(2.62)

Now, S1 and S2 in equation 2.54 and 2.55 are directly related to the so-called scattered irradiance
per unit incident irradiance, which is a normalized intensity of the scattered field. The scattered
irradiance is the defining quantity for our experimental and is defined as:

i|| = |S2|2 iK = |S1|2 , (2.63)

6n = 1 Ñ m = n1 in all our simulations, as we assume a perfect vacuum outside of the sphere
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Figure 2.8: Shown in a) is the wavelength dependence of the scattering, extinction and absorption cross-sections
(Csca, Cext and Cabs) of a silver sphere with radius 0.3 ¯m. As an orientation, the geometrical cross-section is
shown as a dashed gray line. In addition, the real and imaginary part of the refractive index for silver is shown
as semi-transparent dashed gray lines, where a resonance around 500 nm can be made out (look at the saddle
point in the real part). As a guide for the refractive index, the y-axis for values between 0 to 2 are given as ticks
and a guideline is shown as dashed gray line at a value of 1. Data for the refractive index is from Kerker (1969),
and the figure is modeled after an example in Prahl (2020). b) shows the so-called extinction paradox, where
the particle can appear bigger than its geometrical size due to strong interaction with the incident field. b) is
modeled after figure 1.8 in Rupp (2016), which is modeled after figure 12.4 in Bohren and Huffman (1998).

where the subscript per and par denote if the incident light was polarized perpendicular or parallel
to the scattering plane, see figure 2.6. The absolute scattered intensity on the detector can be
calculated from those quantities as:

Iscat,t||,Ku(θ, x, m) =
1

(kr)2 it||,Ku(θ, x, m)Iin, (2.64)

i|| and iK, finally, fully define the angle-dependent scattering of arbitrary spheres when calculated
using the scattering matrix in equation 2.53.

Now, results from these calculations can be discussed.

i|| and iK are shown in figure 2.7 for a 0.26 µm and a 0.52 µm water droplet in air that is irradiated
with visible light at λ =0.55 µm. The size parameter x are, therefore, 3 and 6. a) is showing a linear
polar plot for angles between ´45 to 45° and b) shows the same data but on a logarithmic y-scale up
to a scattering angle of 180°.

The polar plot in figure 2.7 a) shows the strong forward scattering for this example. In the pro-
nounced narrow cone between ´15 to 15° « 74 % of all scattered intensity is concentrated. In this
thesis, however, a semi-log plot is used for visualizing the angle-dependence, as is shown in figure
2.7 b). As the forward-directed narrow cone is exponentially more intense than scattering to larger
angles, a semi-log plot is necessary to resolve the scattered intensity’s characteristics from a sphere.

In this example, the parallel and perpendicular scattering field components for two size parameters
are shown, where several things can be learned:

1. The larger the droplet, or the smaller the wavelength of the irradiation, the more intense the
scattered light. Calculating the integrals of the parallel or the perpendicular components
yields that the x = 3 sphere only produces 1.1 % of the scattered intensity of the x = 6 sphere.

2. The scattered intensity is more directed in the forward direction, the larger the sphere, or
the smaller the irradiation wavelength. The x = 3 sphere scatters just 14 % of it’s scattered
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intensity into a narrow 5° cone, where the x = 6 sphere scatters 28 % of its scattered intensity
into that same cone.

3. The angle-dependent scattering shows an oscillatory behavior, whose distance between each
extremum is inversely proportional to the radius of the sphere and linearly proportional to
the wavelength of the irradiation. These so-called Airy pattern, named after George Biddell
Airy, are directly related to the sphere’s radius if the incident wavelength and the polarization
direction are known.

4. For the perpendicular component, the global minimum close to 90° corresponds to the so-called
Rayleigh limit, where no radiation is emitted in the polarization direction of the incoming
light.

Given the experimental settings of XUV irradiated helium nanodroplet of average radius 400 nm,
typical values for the size parameter are between 40 to 50, which results in a much stronger
forward-directed scattering intensity with a higher frequency of the Airy patterns. In this thesis, the
nomenclature is to call such a plot of the angle-dependent scattering intensity a radial profile.

Calculate scattering, extinction and absorption cross-section: The concept of the scattering cross-
section was already introduced section 2.2.2 as an effective area that is responsible for redirecting
the incoming radiation. There are similarly defined cross-sections for the absorption of the incident
radiation as well as the extinction. The latter is the sum of the scattered and absorbed radiation.

Now, with the scattering coefficients an and bn, the scattering, extinction and absorption cross-section
can be defined as:

Csca =
2π

k2

8
ÿ

n=1

(2n + 1)
(︂

|an|
2 + |bn|

2
)︂

(2.65)

Cext =
2π

k2

8
ÿ

n=1

(2n + 1)Re (an + bn) (2.66)

Cabs = Cext ´ Csca (2.67)

In section 2.2.2 Csca was derived for a free electron, for which scattering is called Thomson scattering,
see equation 2.37. There, the scattering cross-section is not dispersive, meaning it has no wavelength-
dependence, which is a special case, usually the scattering cross-section - as well as the absorption
and extinction cross-section - is strongly dependent on the wavelength.

This dispersive behavior is shown in figure 2.8 a). There, the wavelength dependence of the
scattering, extinction, and absorption cross-sections (Csca, Cext and Cabs) of a silver sphere with
radius 0.3 ¯m is shown, and, as an orientation, the geometrical cross-section is shown as a dashed
gray line. The geometrical cross-section is just Cgeo = πr2, where r is the radius of the sphere. Also,
the real and imaginary part of the refractive index for silver is shown as semi-transparent dashed
gray lines, where a resonance around 500 nm can be made out (look at the saddle point in the real
part, where it crosses unity).

Intuitively, as with Thomson scattering, one would not assume that a sphere, or particle, can interact
with the irradiation as if it were larger or smaller than it is. However, as figure 2.8 a) shows, all
characteristic cross-section vary significantly from the geometrical cross-section, depending on the
wavelength. For example, the absorption cross-section is below the resonance comparable to the
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1) Electron collision induced ionization 2) Photoionization

3) Fluorescence 4) Auger decay

Figure 2.9: Basic absorption
and emission processes. Blue
is incoming, and red is outgo-
ing. Colors do not directly cor-
respond to energies. 1) and
2) show that an electron can
be ejected into the continuum
by either an electron collision
or a photon interaction. 3)
shows that one result of the
interaction in 1) or 2) can be
fluorescent radiation. A com-
peting process is Auger decay,
shown in 4), where an energet-
ically higher electron relaxes
to fill the vacant electron-hole,
which leads to spontaneous
ejection of an electron from the
same energy state. Modeled af-
ter figure 1.2 in Attwood and
Sakdinawat (2016).

geometrical cross-section, increases near the resonance above the geometrical dimensions, and then
drops to almost zero for long wavelengths.

The case where a sphere absorbs irradiation as if its size were larger is sometimes called the extinction
paradox and is schematically shown in figure 2.8 b). There, the electric field lines are disturbed on a
larger scale than the sphere’s geometrical dimensions. This disturbance of field lines is implicitly
encapsulated in the cross-section concept.

Up to here, the discussion of light-matter interaction was restricted to non-ionizing mechanisms. In
the next section, ionization effects in atoms and nanoparticles are described and discussed.

2.3 Ionization mechanism in light-matter interactions

2.3.1 Quantum-mechanical atom-field ionization effects

Bound electrons can escape their atoms on multiple pathways. Usually, when there is no external
electric field present, a photon with sufficient energy or another electron of high enough kinetic
energy has to collide with the atom in order to transfer energy to the atomic system. In the XUV-
photon case, or with very high kinetic energy electrons, an inner-electron is affected by such a
collision. Then a chain of events is about to happen: (1) An electron is lifted into the continuum and
leaves an electron hole (1 and 2 in figure 2.9), (2) The vacant hole can be filled by another electron
from a valence shell and, depending on the size of the atomic system, a photon (3 in figure 2.9) or a
secondary electron is ejected from the atom in order to release the energy difference (4 in figure 2.9).

The former is called fluorescence, and the latter is called non-radiative Auger decay. Heavier atoms
tend to prefer fluorescent processes while lighter atoms relax via Auger cascades (Attwood and
Sakdinawat, 2016). However, these basic principles get heavily distorted when they occur in the
vicinity of an external electric field.
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Figure 2.10: Ionization regimes of an atom in intense laser fields. γ is the Keldysh parameter that defines the
ratio between the intensity of an oscillating external field and the cycle-averaged kinetic energy a free electron
would pick up when traversing this field. In light-gray, the parabola is the Coulomb potential of an atom,
binding an electron (dark-grey) in its ground state. a) is the case without any external field. For ionization
a photon is needed that has at least Eph ě EIP, where EIP is the ionization potential. b) is the MPI regime,
where multiple photons, with energies Eph ă EIP, can ionize an atom by multiple interactions, the probability
for this to happen rapidly decreases with the number of photons that needs to be involved. c) is the case of a
medium-strong external electric field, where the probability of tunneling through the Coulomb barrier rises
fast. d) shows the atom’s interaction with a very strong external electric field. The electron can be immediately
ionized.

For building intuition on the necessary field strengths one can consider the field strength with which
a hydrogen atom binds its electron using the Bohr radius:

Ehydrogen =
h̄2

meea3
0
= 5.14 ¨ 109 V

m
(2.68)

where h̄ is the reduced Plank constant, me and e are the mass and charge of an electron and a0 is the
Bohr radius. This field strength relates to the field intensity via:

Ihydrogen =
cϵ0

2

ˇ

ˇ

ˇ
Ehydrogen

ˇ

ˇ

ˇ

2
= 3.51 ¨ 1016 W

cm2 . (2.69)
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Figure 2.11: Wavelength and intensity regimes for atomic helium. Regimes where the ionization process is
dominated by photon interaction exhibit a Keldysh parameter γ ě 1, then, the atom’s ionization potential
is larger then the ponderomotive energy of a free electron. When the ponderomotive energy increases, the
likelihood for tunneling ionization increases as well. When γ ď 1 (Up ě Ip) above-threshold ionization (ATI) is
becoming more likely. The dividing line, separating the photon dominated regime and the field dominated
regime, is plotted for atomic Helium with an ionization potential of 24.59 eV in blue. Shaded areas indicate the
current possible experimental conditions. For example, commercially available femtosecond lasers, focused to
spot sizes on the order of few µm, can reach power densities of up to 1 ˆ 1020 W cm´2 in the IR wavelength
regime. The conditions for the experiment in this thesis are marked with a red x for the IR and with a purple x
for its 13th harmonic, see also section 3.3. Modeled after figure 3 in Fennel et al. (2010), where the maximal
intensity of XFELs was updated according to Tschentscher et al. (2017).

Applying an external field with this intensity to a hydrogen atom would negate the atomic potential
in which the electron usually moves, with complicated implications for the electron. To understand
the behavior of such an electron the TDSE fails to describe the dynamics of the electron and
frameworks like the strong-field approximation (SFA) have to be implemented (Keldysh, 1965;
Oppenheimer, 1928; Reiss, 1990, 2008; Volkov, 1935; Wheeler, 1937), see also section 2.2.1.

For weaker external fields, the TDSE is solved via perturbation theory; Expanding the Hamiltonian
into a series of effective correction-terms that reflect the perturbation the electric field imposes on the
bound electron. The weaker the external field, the fewer correction-terms are needed. In this case,
the eigenstates of the dressed atom are close to the unperturbed bare atom. However, the stronger
the applied field, the more correction-terms are needed to account for the substantial deviation
between the dressed atom’s eigenstates and the unperturbed bare atom.

Therefore, if the applied field is of the order of the core-electron field in hydrogen, equation 2.69, then
the perturbation is so strong, that perturbation theory is not able to describe the eigenstates of the
dressed atom anymore. This is called perturbation breakdown (Cohen-Tannoudji, 1996; Faisal, 1987). A
commonly used metric for identifying the validity of perturbation theory is the Keldysh parameter,
which is defined as the ratio between the energy an electron could pick-up in an external field, the
ponderomotive energy (Upond), and the intensity of the incident electric field (I)(Cohen-Tannoudji,
1996; Faisal, 1987; Keldysh, 1965; Saalmann, 2010):

γ =

d

I
2Upond

, (2.70)
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where the ponderomotive energy Upond is defined as the cycle-averaged kinetic energy an electron
picks up in an oscillating electric field, sometimes Upond is called quiver energy (Popov, 2004;
Saalmann, 2010; V Popruzhenko, 2014):

Upond =
e2

2cϵ0me

I
ω2 (2.71)

For a weak oscillating field with high frequency an electron can theoretically pick-up the same
energy as in an intense field with low frequency, both these cases could yield the same Keldysh
parameter. It is therefore their ratio that matters. Perturbation theory breaks down when γ ă 1, this
marks the transition between the so-called photon-dominated and the field-dominated regime.

Figure 2.11 shows the external fields’ photon-energy plotted as a function of its intensity. Shaded
areas mark the current experimental possibilities, and the blue dividing line is the separation for
atomic helium between the photon- and the field-dominated regime. In figure 2.11 are also the
conditions for this experiment, marked with two red x’s for the two IR pulse configuration used in
this thesis, and a purple x for the 13th harmonic. While the ionization regime for the IR irradiation
is a border case, the XUV irradiation can be safely placed within the photon dominated regime.

The most probable processes that are about to happen in atoms in both regimes are depicted in
figure 2.10. There, for a low frequency and weak external field (γ ą 1), so-called MPI begins to
become probable (b in figure 2.10).

MPI is the ionization of an atom by simultaneous absorption of multiple photons, who individually
are of too low photon energy to ionize the atom, but collaboratively amount to enough photon
energy. Conceptually, each absorption process forms a dressed state in the dressed atom, where
the simultaneous absorption forms a ladder of dressed states whose top cap is slightly above the
atomic ionization threshold. MPI is a highly unlikely process, which is why comparatively high
intensities are needed to make it effective. Furthermore, the probability for a n-photon MPI event
decreases exponentially with n, as, for example, in perturbation theory, every n-photon state has a
time-dependent phase factor of the form exp

(︁
i
(︁

Ip ´ nω
)︁

t
)︁
, with Ip is the atom ionization potential

(Keldysh, 1965; Klaiber and Briggs, 2016).

For electric fields with even greater intensities, tunneling becomes more and more probable (c in
figure 2.10) up to the point where an electron is exposed to such an intense external field that the
amount of energy stored in the field is strong enough that even the smallest perturbation would
ionize the atom (d in figure 2.10). This is called above-threshold ionization (ATI) (Keldysh, 1965). In
Keldysh’s ATI interpretation, the tunneling probability of a bound electron is the probability that an
electron can overcome a barrier of width l = E0/E with an imaginary velocity v = i

?
2E0, where E0

is the electron binding energy and E is the field strength. Keldysh theory, therefore, yields a finite
and fixed time, the so-called tunneling time, for an electron to cross the barrier: τk = l/|v|. However,
the physical interpretation of this tunneling time is a much-debated topic (Eckle, Pfeiffer et al., 2008;
Eckle, Smolarski et al., 2008; Landsman and Keller, 2014, 2015; McDonald, Orlando, Vampa and
Brabec, 2015; Orlando, McDonald, Protik, Vampa and Brabec, 2014; Uiberacker et al., 2007).

One additional deduction from equation 2.71 and 2.70 is that for longer wavelengths, less intense
electric fields are needed for the strong field effects described above, making MPI and ATI much
more probable in the IR regime then in the XUV regime.

In this thesis, two experiments are carried out using an intense and a moderate IR intensity with
the Keldysh parameters at γ = 1.10 and γ = 3.8. Where the moderate case can be placed within
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Figure 2.12: Shown are the three phases in nanoparticle-light interaction. Phase 1 takes place during the onset
of the laser pulse, atoms can be ionized as if they were isolated. Phase 2 describes the build-up of a nanoplasma,
where the potential well is deeper for electrons that are elevated from their parent atoms. These quasifree
electrons are trapped inside the nanoparticle. Phase 3 describes the disintegration behavior of nanoparticle
after the interaction with the pulse. For all phases different mechanisms can be identified depending on the
size of the nanoparticle and the intensity and wavelength of the irradiation. The figure is modeled after figure
1.14 in Rupp (2016), where the depiction of the nanoparticle potential is taken from figure 1 in Arbeiter and
Fennel (2011).

the photon-dominated regime, the intense case is a border case, with MPI events being the most
probable scenario. Now, the atomic mechanism described here only applies to some degree to the
large nanoparticles that are the target of the study in this thesis. In general, in large nanoparticles,
bulk effects and collectively enhanced ionization mechanisms are providing the dominant ionization
channels, and while these processes still have the here described atomic ionization dynamics at their
core, they often rely on specific boundary conditions.

The next section introduces these collective mechanisms and discusses them in the experimental
context here.

2.3.2 Nanoparticle interaction with intense laser pulses

Experiments on isolated nanoparticles that are in free-flight when entering the laser-interaction
region are an excellent way of studying ultrafast many-body dynamics (Fennel et al., 2010). The
size distribution of such nanoparticles can be controlled up to a high degree, which means the
number of atoms who can engage with one another is a freely available parameter to tune for
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the given experiment (Hagena, 1972; Stein, 1985; Tanyag et al., 2018; Toennies and Vilesov, 2004;
C.-R. Wang, Huang, Liu and Zheng, 1994). Many interesting phenomena arise from just tuning this
size parameter, as it effectively allows the physicist to tune in and out bulk and atomic properties.
However, one major problem is for the theoretician to develop a computational model that can
incorporate these many-body dynamics, as no general analytical solution is available for more than
two bodies (Aarseth, 2003; Fennel et al., 2010). Nowadays, sophisticated methods are available for
modeling the dynamics for nanoparticles with sizes of up to ă N ą= 1 ˆ 107 atoms, which are
based on either molecular dynamics (MD) theory, the electromagnetic particle-in-cell (PIC) method,
density functional theory (DFT), or the microscopic particle-in-cell (MicPIC) method7 (Bart et al.,
2017; Birdsall and Langdon, 2018; Dawson, 1983; Fennel et al., 2010; Peltz, Varin, Brabec and Fennel,
2012, 2014; Pfalzner and Gibbon, 1998; Verboncoeur, 2005).

The fundamental physical models for nanoparticle-light interaction that arose from this rich inter-
section between experiment and theory are presented in this section. It provides not the specialized
refinements necessary to understand the experimental observations, but merely enables the reader
to have a good starting point for those specializations, which are introduced in the analysis chapters
5.2.2, 5.3.2 and 6.3.

Furthermore, this section - and this thesis in general - only covers the theoretical treatment of
rare-gas nanoparticles, as rare-gas nanoparticles, such as helium nanodroplets, as opposed to
metallic nanoparticles, can be described by much simpler physical models. From hereon, if the term
nanoparticle is used without specifying if it is of the rare-gas or metallic kind, then it always refers to
the rare-gas kind.

The appropriate model for the many-body dynamics is strongly dependent on the intensity and
the wavelength of the irradiation, where two coarse regimes can be singled out: The XUV and the
IR regime. For this reason, this section is organized as followed: First, the general framework is
presented, where the nanoparticle-light interaction is grouped into three phases that correspond to
the beginning of the pulse, the subsequent rest of the nanoparticle-light interaction time, and after
the pulse. In phase one and two, different models are introduced for the XUV and the IR regime.
In phase three, the overall behavior is described depending on how much energy the nanoparticle
was able to accumulate in phases one and two. The aforementioned size parameter is not discussed
in depth as the helium nanodroplets in this thesis are all considered very large, with an average
particle-size of ă N ą= 6 ˆ 109.

Three phases of rare-gas nanoparticle-field interaction

In this paragraph, the overall framework of rare-gas nanoparticle-light interaction is presented. A
schematic of this interaction is shown in figure 2.12. The interaction between a laser pulse and
a rare-gas nanoparticle can be roughly partitioned into three phases (Arbeiter and Fennel, 2011;
Bostedt et al., 2009; Bostedt, Gorkhover, Rupp and Möller, 2015; Fennel et al., 2010; Krainov V and
Roshchupkin, 2001; Last and Jortner, 1999; Saalmann, 2010; Saalmann, Siedschlag and Rost, 2006;
Wabnitz et al., 2002):

1. Beginning of the pulse: During the onset of the laser pulse, there was not enough time for
any collaborative many-body effects to manifest within the nanoparticle. In this phase, the
atoms can be viewed as isolated, where the wavelength-dependent ionization mechanisms
can elevate electrons into the continuum.

7A somewhat extreme massively parallel simulation scheme using the MicPIC method on the IBM Blue Gene/Q computer
with 65 536 physical cores achieved to track 1 ˆ 1011 particles simultaneously (Bart et al., 2017)
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Figure 2.13: Calculated frustration parameters α for the given experimental conditions. The white dashed
line is the 26.4 eV - 17th. harmonic of the here used 798 nm driving laser. The average nanodroplet size in the
carried out experiments is ă N ą=6 ˆ 109, which corresponds to a radius of 400 nm. α = 38 499 at 26.4 eV
and 400 nm is marked with a white scatter point. The plotted energy range is between 24.6 to 54.4 eV, which
corresponds to the ionization thresholds of He I and He II (Kramida et al., 2019). For energies higher than
54.4 eV, the second ionization pathway - for the second electron - needs to be taken into account via its atomic
absorption cross-section (Arbeiter and Fennel, 2011).

2. During the pulse: When an atom is ionized, its remaining bound electrons are drawn tighter
to the ionic core. In other words, the Coulomb potential of the ion increases in depth. In
a nanoparticle, this deepening of the individual atoms results in a collectively deepened
Coulomb potential for the whole nanoparticle. An electron that was elevated from its parent
atom in this phase has to overcome a larger energetic barrier to escape the nanoparticle,
compared to the electrons that left the nanoparticle in phase one. Electrons who do not
have sufficient kinetic energy upon elevation to leave the nanoparticle are called inner ionized
or quasifree (Last and Jortner, 1999), in contrast to the electrons who possess the sufficient
amount of kinetic energy and leave the clusters, which are called outer ionized. The quasifree
electrons form a so-called nanoplasma. The dynamics that build and drive this nanoplasma
are the defining processes that determine the fate of the nanoparticle. Therefore, this section
is predominantly concerned with describing the build-up and driving mechanisms of the
nanoplasma.

3. After the pulse: Depending on how much and how fast the nanoparticle was able to take in
energy from the laser field, disintegration, and relaxation processes take place after the pulse.

The remainder of this section explains the different mechanisms along the lines of this rough sketch.
The depiction of the different phases varies within the literature to account for domain-specific
alterations, like the wavelength, intensity, and pulse duration of the incident laser pulse or the size
of the nanoparticle. However, the overall concept is captured by figure 2.12 and is used from hereon.

Since the build-up of a nanoplasma in phase 2 is of critical importance for the evolution of the
nanoparticles, the next section gives a brief overview of some plasma properties.
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Nanoplasmas in nanoparticles

Ditmire, Donnelly, Rubenchik, Falcone and Perry (1996) established the model of a quasihomo-
geneous plasma to describe the many-body dynamics during nanoparticle-light interaction. This
concept has been very successfully used in the community over the years8. A useful indicator for
estimating the scale with which a nanoplasma can build up is the so-called frustration parameter
α, it balances a so-called critical nanoparticle charge, which is the ratio between all photoelectrons
(ntotal) and the number of outer-ionized photoelectrons (nout) (Arbeiter and Fennel, 2011). In the
framework in Arbeiter and Fennel (2011), atoms are ionized via single-photon ionization (SPI) from
an XUV beam with sufficient photon energy. In theory, the parameter is also applicable to MPI
ionization pathways, however, there, the number of elevated electrons is comparably harder to
estimate. Using SPI as the only ionization channel, the number of photoelectrons can be calculated
as:

ntotal =
IτσN

h̄ω
, (2.72)

where I is the laser intensity and τ its pulse length, σ is the atomic absorption cross-section at a pho-
ton frequency h̄ω. For estimating the number of electrons that are outer-ionized, a homogeneously
charged sphere with radius R can be assumed, where the difference in energy between h̄ω and the
ionization potential of the atom EIP yields the number of outer-ionized electrons:

nout =
4πϵ0

e2 R (h̄ω ´ EIP) . (2.73)

The ratio of equation 2.72 and 2.73 is then the frustration parameter:

α =
ntotal
nout

. (2.74)

Therefore, α Æ 1 means that most photo-activated electrons are outer-ionized, and α " 1 means
they remain in the nanoparticle and are quasifree. Only the quasifree electrons contribute to the
nanoplasma.

Figure 2.13 shows calculated frustration parameters for the given experimental case. There, the
white dashed line is drawn at 26.4 eV, which corresponds to the 17th. harmonic of the here used
798 nm driving laser. The average nanodroplet radius in the carried out experiments is 400 nm,
see section 3.4.3. The calculated frustration parameter α = 38 499 is marked with a white scatter
point and indicates that most photoelectrons that were ionized by the 17th harmonic remain in the
nanoparticle. However, the involved physics are thoroughly discussed in section 5.2.2, where this
example was provided to build intuition.

After establishing a model to assess the scale of the nanoplasma, its fundamental physical properties
can be discussed.

8Without claiming to be exhaustive: Bostedt et al. (2010, 2009); Bünermann et al. (2012); Deiss et al. (2006); Ditmire et
al. (1997); Fennel, Ramunno and Brabec (2007); Flückiger et al. (2016); Gorkhover et al. (2012, 2016); Hertel, Laarmann and
Schulz (2005); Jungreuthmayer, Ramunno, Zanghellini and Brabec (2005); Kelbg et al. (2019); Köller et al. (1999); Krainov
and Smirnov (2002); Last and Jortner (1999, 2000); Lezius, Dobosz, Normand and Schmidt (1998); Mauracher et al. (2018);
Mikaberidze, Saalmann and Rost (2008, 2009); Milchberg, McNaught and Parra (2001); Müller et al. (2015); Passig et al. (2012);
Peltz et al. (2014); Rupp et al. (2016); Saalmann (2010); Saalmann and Rost (2003); Saalmann et al. (2006); Sakabe, Shirai,
Hashida, Shimizu and Masuno (2006); Schomas et al. (2020); Schütte et al. (2016, 2015); Thomas et al. (2009); Varin, Peltz,
Brabec and Fennel (2012); Wabnitz et al. (2002); Zweiback, Ditmire and Perry (1999)
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Charge screening in plasmas: This subsection introduces the concept of charge screening in
plasmas - not only nanoplasmas -. Charge screening is a fundamental plasma property that is
needed for the description of two important mechanisms in plasmas that are frequently used in this
thesis, namely the oscillation of an electron cloud and the expansion mechanism of nanoplasma due
to the plasma pressure, which are explained in the two subsections that follow this one. Low-density
plasmas can be treated as isolated particles when the interatomic separation is much larger than the
atomic dimensions. However, if the plasma is dense, a measure must be established that describes
the electronic structure’s perturbation for the individual atomic components. For characterizing this
perturbation, the degree of coupling between two plasma components can be defined as (Hau-Riege,
2011):

ΓAB =

ˇ

ˇZAZBe2
ˇ

ˇ

4πϵ0RABTAB
, (2.75)

where RAB = (RA+RB)/2 is the so-called reduced ion-sphere radius, with RA,B = (3/4πnA,B)
1/3

being the electron or ion sphere radii of species A and B, along their respective densities nA,B.
Furthermore, TAB is a reduced temperature of the form TAB = (mATA+mbTb)/(mA+mB) and ZA,B is the
atomic number.

Equation 2.75 is defined such that ΓAB ą 1 is called strongly coupled and ΓAB ă 1 is called weakly
coupled.

Furthermore, the so-called degeneracy parameter can be obtained by considering electrons as species
A and comparing the temperature of the electron cloud (Te) to the Fermi temperature, which is
given by:

TF =
h̄2 (︁3π2ne

)︁ 2
3

2me
. (2.76)

The Fermi temperature is the associated temperature for the Fermi energy. It can be thought of as a
measure for when the electrons’ states’ distribution follows either a Fermi distribution (quantum-
mechanical effects become important) or a classical Boltzmann distribution. The ratio between TF

and the electron cloud temperature Te is, therefore, a measure for the degeneracy of the electron
cloud and is given by:

γ =
TF
Te

(2.77)

γ is called the degeneracy of the plasma. Consequently, the kinetic energies in an electron cloud
with γ ! 1 can be described by a Maxwell-Boltzmann distribution, where an electron cloud with
γ ą 1 can be considered highly degenerate, and, thereby, metalized.

Now, another useful metric is the so-called screening distance. Consider the charge density sur-
rounding an arbitrary test particle in the plasma. As the particle repels same-sign charges and
attracts opposite-sign charges the Coulomb potential is screened after a characteristic distance. The
resulting potential for a non-degenerate, charge-neutral and weakly coupled plasma (ΓAB ! 1,
γ ! 1) is called the Debye-Hückel potential and has the form (Fortov, Iakubov and Khrapak, 2007):

Θ (r) =
Zq
r

e´ r
rD , (2.78)
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where rD is called the Debye length and is the characteristic length scale where the potential falls
below 1/e of its amplitude. rD is given as

rD =

(︄
ϵ´1

0 q2β
ÿ

k

Z2
k nk

)︄´ 1
2

, (2.79)

where β = 1/kBT and the subscripts correspond to the charged plasma species. Typical densities
found in the nanoplasma of nanoparticles are « 1023cm´3 and an electron cloud temperature of
« 1 keV, which results in a Debye length of « 5 Å (Fennel et al., 2010; Gibbon, 2014). Consequently,
a nanoparticle with a smaller size9 then the Debye length, cannot be described using the nanoplasma
model.

In the case of a degenerate electron cloud10, the screening distance is not called Debye length but
Thomas-Fermi length and is given by (Fortov et al., 2007):

rTF =

(︃
π

3ne

)︃d

h̄2

4m2
e

. (2.80)

In the special case for a degenerate electron cloud, but a classical ion cloud, the screening distance
can be expressed as a mixture of equation 2.79 and 2.80 (Fortov et al., 2007):

r´2
scr =

(︂
re

TF

)︂´2 (︂
ri

D

)︂´2
«

(︂
ri

D

)︂´2
. (2.81)

In such a system, the screening distance can be well approximated by only the ion component.

Depending on the nanoparticle that is studied, all these characteristic lengths can become significant.
However, in the here carried description of plasmas, only the Debye length is further discussed, as
its application is the most widespread (Fortov et al., 2007; Gibbon, 2014).

The next two paragraphs discuss two remarkable properties of finite plasmas: the oscillation of an
electron cloud and the expansion mechanism due to the plasma pressure.

Resonance in finite plasmas: Considering again the arbitrary particle that is shielded within a
sphere of radius rD - this sphere is also called Debye sphere. The question now arises how fast
the Debye sphere can form, meaning, the time-scale after which the particle appears shielded. By
assuming quasineutrality, this time-scale can be obtained by taking the ratio of the Debye length
and the thermal velocity of electrons vth,e = (βme)

´1/2:

τD »
rD

vth,e
=

(︃
ϵ0

q2neβ
meβ

)︃ 1
2
=

(︃
ϵ0me

q2ne

)︃ 1
2

:= ω´1
p , (2.82)

where ωp is called the plasma frequency, or the eigenfrequency of the plasma (Fortov et al., 2007;
Gibbon, 2014).

This also means, that if an external electromagnetic field oscillates slower than ωp, the field will be
completely shielded. In a finite plasma, such as the nanoplasma in a nanoparticle, this corresponds
to a complete reflection of a laser pulse whose frequency is below ωp.

95 Å diameter corresponds to a helium nanodroplet with «2 atoms.
10For example in a metal
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One very important criterion for a neutral and metallic nanoplasma is called the Mie plasmon, which
allows the collective resonant oscillation of the electron cloud against the ionic background. The
Mie plasmon frequency is given by (Bostedt et al., 2015; Fennel et al., 2010; Kreibig and Vollmer,
1995; Peltz et al., 2012; Saalmann et al., 2006):

ωmie =
?

3 ωp =

(︃
q2ne

3ϵ0me

)︃ 1
2

(2.83)

The
?

3 pre-factor arises from geometrical consideration as the electron oscillation is a surface
plasma excitation in a spherical cluster (for a full derivation see section 2.1.2 in Kreibig and Vollmer,
1995). At the Mie plasmon frequency the nanoplasma can couple in large amounts of energy from
the external field, which is central in the resonant plasma heating model (Ditmire et al., 1996; Fennel
et al., 2010; Milchberg et al., 2001; Saalmann et al., 2006), explained further down below.

Nomenclature is, that a plasma irradiated with a laser of frequency ω is called underdense if ω ą ωp

and overdense if ω ă ωp. So, an overdense plasma shields the irradiation, and an underdense does
not. The dependence of equation 2.83 on the electron cloud density plays a major part in the IR
regime in phase 2, discussed further below.

Plasma expansion into the vacuum: Finite plasmas expand into the vacuum at a speed that is
determined by the electron temperature and the ion mass (Attwood and Sakdinawat, 2016). This can
be understood by considering the continuity and momentum equation for the density (ni), partial
pressure (Pi), charge (Ze) and mass (mi) of the ions:

Btni + Bx (niv) = 0, mini (Bt + vBx) v = niZeE ´ BxPi.

Since quasineutrality implies that the ion and electron density are equal up to a factor Z, and, further,
that the energy boundary condition assumes an adiabatic process, the ion momentum equation
becomes (see equation 8.68 in Attwood and Sakdinawat, 2016):

(Bt + vBx) v = ´v2
exp

1
ni

Bxni, (2.84)

where further was assumed that the electron temperature is much higher than the ion temperature.
vexp is then the sought after expansion velocity of an ideal plasma (ΓAB ! 1, γ ! 1):

vexp =

(︃
ZκkBTe

mi

)︃ 1
2

, (2.85)

where κ is the adiabatic index. The expansion of an ideal plasma according to equation 2.85 is called
hydrodynamic expansion. Equation 2.85 can be identified as the plasma speed of sound (Attwood and
Sakdinawat, 2016; Ditmire et al., 1996; Gorkhover et al., 2012; Hickstein et al., 2014; Nishiyama et al.,
2019).

Therefore, the expansion velocity of an ideal plasma scales with the square root of the electron
temperature and with the inverse square root of the ionic mass. So, light atoms with high electron
temperatures expand the fastest. Using equation 2.85 the typical expansion speed of a 1 keV helium
plasma is about 0.4 µm ps´1.

Furthermore, expansion in a plasma is not a uniform process, but starts at the surface and exhibits a
density gradient, which is characterized by the gradient length lexp = vexpt. The density function ni



52 Chapter 2. Concepts for imaging ultrafast nanoparticle dynamics

Figure 2.14: Shown are calculations of the electron
temperature in dependence of the helium ion density.
They show in which regimes ATI-heating or inverse
bremsstrahlung (IBS)-heating is the dominant heat-
ing mechanism for the helium nanoplasma when
irradiated by a 100 fs pulse with a central wavelength
of 800 nm at an itensity of 1 ˆ 1016 W cm´2. Figure
taken from Ditmire et al. (1996).

can then be defined as:

ni (t) = ni,0e
´ x

vexp t
(2.86)

Now that we know how electrons and ions couple in plasma and how charges can be screened,
external fields shielded, charges resonantly oscillate, and finite plasmas expand, it is time to transfer
this knowledge to the domain of nanoparticles.

1) Beginning of the pulse

During the beginning of the pulse, which is characterized by roughly the first 2 to 3 laser cycles,
the atoms in a rare-gas nanoparticle can be regarded as isolated. Wavelength dependent ionization
effects are mainly to occur. For the here used helium nanodroplet in combination with an 798 nm IR
pulse and its 11th to 17th harmonics XUV pulse, this amounts to either SPI with the XUV pulse or
MPI with the IR pulse.

The probabilities for MPI with the IR and the effectiveness of SPI with the XUV, are discussed in
both analysis in section 5.2.2 and 6.3.

Furthermore, collective autoionization (CAI) effects in large helium nanodroplets have been shown
to become an important ionization dynamic for XUV intensities above 1 ˆ 1013 W cm´2 within few
fs (Ovcharenko et al., 2014). However, since CAI takes place throughout the whole nanoparticle-light
interaction time, the discussion of it can be found further down below, and outside of the description
of the three phase model.

2) During the pulse

The general idea in phase two is that the few ions and the photo-activated electrons can now
interact with the laser pulse. The atoms in the nanoparticles can no longer be viewed as isolated, as
many-body effects become the dominant channel for excitation and ionization of the atoms. This is
due to the emergence and built-up of a nanoplasma, in which collective effects can take place on a
much more effective scale than in phase one.
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In this phase, two quantities are becoming increasingly important: Heating-rate and ionization
efficiency. The heating-rate is a measure for the energy intake of the quasifree electrons in the
nanoplasma (Ditmire et al., 1996), and the ionization efficiency is essential, as collective many-body
ionization replaces the optical ionization mechanisms from phase one. Their efficiency is what
drives the nanoplasma build-up.

How this nanoplasma emerges and how it evolves depends on the intensity and wavelength of
the irradiation. Therefore, this subsection is divided into a description for the IR and the vacuum
ultra-violet (VUV)/XUV regime.

IR pulse driven mechanism In the IR regime, the combination of two physical models are mostly
used to describe nanoparticle-light interaction in large nanoparticles11: Non-resonant collision-
mediated IBS heating (Deiss et al., 2006; Fennel et al., 2010; Krainov, 2000; Saalmann et al., 2006) and
resonant plasma heating (Ditmire et al., 1996; Fennel et al., 2010; Milchberg et al., 2001; Saalmann et
al., 2006).

In the principal paper on plasma heating, Ditmire et al. (1996) considered IR intensities where ATI
of atoms was the dominant optical ionization mechanism. Then, heating of the nanoplasma was
dominated by a non-resonant process termed ATI-heating, in which an elevated electron could pick-
up kinetic energy in the field according to EATI,e = 2UP sin (∆φ), where UP is the ponderomotive
energy from equation 2.71 and ∆φ is the phase difference between the peak of the laser pulse
and the time the electron was ionized (Ditmire et al., 1996). However, a second non-resonant
heating mechanism was discussed, so-called IBS heating, which is sketched in figure 2.15 a). Upon
elevation from its parent atom, an electron picks up kinetic energy in the laser field according to the
ponderomotive energy, just as with ATI-heating.

Since the electron moves with a fixed phase relation within the laser field, it cannot accumulate
more kinetic energy in the field as given by UP. However, if the electron collides with an ion in the
plasma, this collision disturbs the phase relation between the electron and the field (indicated by the
arrows in figure 2.15 a), and enables the electron to pick up more kinetic energy.

For the laser intensities considered in Ditmire et al. (1996), where a weakly coupled, low-density
helium plasma was analyzed, ATI-heating was significantly more effective since electron-ion colli-
sions were rare events. However, with increasing ion density and electron temperature, IBS-heating
replaces ATI-heating as the dominant mechanism for heating of the nanoplasma from the laser pulse.
This is shown in figure 2.14. There, calculations of the electron temperature in dependence of the he-
lium ion density are shown for a helium nanoplasma when irradiated by a 100 fs pulse with a central
wavelength of 800 nm at an itensity of 1 ˆ 1016 W cm´2 For ion densities below ni Æ 1 ˆ 1020 cm´3

and electron temperatures below Te Æ 75 eV ATI-heating is the dominant mechanism, however, for
larger ion densities and electron temperatures, IBS-heating is dominant.

Now, in the given experimental setting, ATI of helium atoms is not probable, as the maximum
intensity used in our experiments is on the order of 1 ˆ 1014 W cm´2, so two orders of magnitude
weaker than in the studies of Ditmire et al. (1996). Furthermore, the considered densities are on the
order of « 1 ˆ 1023 cm´3 with typical electron temperatures of 1 keV (Fennel et al., 2010). Therefore,
the possible influence of ATI-heating is ignored in the analysis, and only IBS-heating is considered.

Both heating mechanisms lead to a so-called electron impact ionization (EII) chain, where an electron
of sufficient kinetic energy ionizes an atom via an electron-ion collision. This collision-mediated

11ă N ąÇ 1 ˆ 106
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Figure 2.15: The two heating mechanisms for a nanoplasma heating in the IR regime: Non-resonant IBS-heating
(a) and resonant plasmonic heating (b). In a), a quasifree electron moving in phase along the field lines of the
external electric field cannot pick-up more kinetic energy as specified by its ponderomotive energy unless it
is subject to an electron-ion collision. Such a collision event, denoted by the arrows, disturbs the fixed phase
relation between the electron and electric field and enables the electron to pick-up more kinetic energy in the
field (Ditmire et al., 1996; Krainov V and Roshchupkin, 2001; Lamour et al., 2007; Lotz, 1968). b) shows the
temporal evolution of a silver nanoplasma that is probed by two identical IR pulses. The first IR pulse heats
the nanoplasma, after which the overdense plasma expands via a hydrodynamic expansion12. After some
time, the eigenfrequency of the plasma equals the laser frequency, which enables a resonant heating process, in
which the whole electron cloud oscillates against the fixed ionic background and, thereby, takes in a substantial
amount of energy (Ditmire et al., 1996). The figure is taken from Rupp (2016), where b) is modeled after figure
6 in Passig et al. (2012).

mechanism replaces the optical ionization of phase one as the dominant ionization process. The
efficiency of this EII chain is a function of the electron density ne, the amplitude of field E, and
its wavelength, and can be estimated by the semi-empirical collision ionization Lotz (1968) cross-
section:

WL = neσi
qE

meω
|sin (ωt)| , (2.87)

where σi is the velocity-dependent cross-section for ionization. So, the cross-section13 for such a
collision event is modulated by the sine of the frequency and scales linearly with the electron density
ne, the amplitude of field E, and its wavelength ω = 2πc/λ. Ionization using the Lotz (1968) formula,
produces an electron velocity distribution that is Maxwellian, meaning the electrons are thermal,
which is an important property to fulfill the boundary condition of quasineutral nanoplasmas
(Ditmire et al., 1996; Fennel et al., 2010). For a typical nanoplasma of density « 1 ˆ 1023 cm´3 and
electron temperature 1 keV, EII is far more effective than the optical ionization mechanisms in phase
one (Ditmire et al., 1996).

Of equal importance as the heating and ionization mechanism is the nanoplasma’s temporal evolu-
tion in the plasma heating model. This timely evolution is schematically shown in figure 2.15 b)
for a silver nanoparticle using two IR pulses (Passig et al., 2012). For the interaction time between
the laser pulse and the nanoparticle, the laser frequency is lower than the plasma’s eigenfrequency,
the plasma is overdense, compare equation 2.83. However, the nanoplasma expands as described
by equation 2.85, which reduces its density, and, in turn, its plasma frequency. At some point, the

13And, thereby, more-or-less its probability
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Figure 2.16: Shown is the schematic of many-body recombination (MBR)-heating: In the VUV regime around
100 nm, and for strongly coupled and non-degenerate plasmas (ΓAB " 1, γ ! 1), MBR-heating can be very
effective. a) and b) Many-body collisions increase the recombination rateof electrons to excited states. When
the excited electron is reionized by optical ionization, the electron pick-up more kinetic energy than by regular
optical ionization. Picture taken from Jungreuthmayer et al. (2005).

plasma frequency matches the Mie plasmon frequency, see equation 2.83, which enables a resonant
collective oscillation of the whole electron cloud in phase with the laser pulse. This is an ultrafast
and highly effective heating mechanism that acts on the order of a few fs (Fennel et al., 2010).
However, as this process takes a long time compared to typical pulse durations, it is usually only
observed in IR/IR pump-probe experiments, such as the one depicted in figure 2.15 b).

VUV/XUV pulse driven mechanism The heating mechanisms described for the IR regime are not
accessible in the XUV domain, because:

1. Resonant plasmonic heating cannot occur as the nanoplasma is always underdense for an
VUV/XUV pulse. For example, the typical laser frequency at the FLASH free-electron laser
(FEL) in Hamburg is 22.21 PHz (λ = 13.5 nm), where the typical helium plasma eigenfrequency
here is 8.37 PHz14.

2. Non-resonant IBS- as well as ATI-heating is dependent on the ponderomotive energy of the
quasifree electrons which decreases quadratically with short wavelengths, see equation 2.71.
Therefore, collisional plasma heating processes are negligible in the XUV regime (Arbeiter and
Fennel, 2011).

One noticeable exception, however, is in the VUV regime around 100 nm, where for strongly
coupled and non-degenerate plasmas (ΓAB " 1, γ ! 1), so-called MBR-heating can be very
effective. This is due to the high coupling of electrons and ions, where many-body collisions are
very likely (Jungreuthmayer et al., 2005). The MBR-heating process is sketched in figure 2.16.
Many-body collisions in the vicinity of an ion result in an enhanced electron-ion recombination
directly to an excited state (a and b in figure 2.16). The bound electron can then absorb more
energy from the field upon re-ionization, as compared to ionization from the ground state.

Sequential emission of photo- or Auger-electrons from nanoparticles are a primary process in the
XUV regime (Bostedt et al., 2010, 2008; Gnodtke, Saalmann and Rost, 2009, 2011). In return, every
outer-ionized electron leads to a downshift of the Coulomb potential of the nanoparticle. This
downshift can be approximated in terms of the average reduction, w.r.t. to the atomic photoline, in

14Equation 2.82, with a number density N = 0.022 Å
´3

for liquid helium (Mikaberidze et al., 2009)
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Figure 2.17: Shown is a schematic that describes the multistep ionization mechanism. In a) sequential SPI
ionizes atoms in the nanoparticle. As every outer-ionized photoelectron results in a downshift of the Coulomb
potential of the nanoparticle, every subsequent photoionization event has to overcome a higher Coulomb
barrier (b). After the downshift of the nanoparticle’s Coulomb potential reaches a certain limit, the frustration
of direct photoemission of electrons sets in, and nanoplasma build-up begins (c). After this stage, electron
emission is mainly driven by electron-electron collisions (d). The photoelectron spectrum collected from this
mechanism produces characteristic plateau features shown on the right side of the figure. The figure is slightly
modified and taken from Arbeiter and Fennel (2011).

kinetic energy for an emitted electron (Arbeiter and Fennel, 2010):

ă ∆E (q) ą= ´ e2

4πϵ0

6q
5R

, (2.88)

where q is the atomic charge state and R is the radius of the nanoparticle. So, higher atomic charge
states lead to a larger downshift.

At some point, the downshift in energy is comparable to the excess kinetic energy of a photo- or
Auger-electron. This results in the frustration of the sequential electron emission and the build-up
of a nanoplasma (Arbeiter and Fennel, 2011). This frustration starts at the center of the nanoparticle
and moves to the surface, after which direct emission of electrons is fully frustrated (Arbeiter and
Fennel, 2011). This process is called multistep ionization and is sketched in figure 2.17. a) to c)
shows the sequential emission of electrons and the increase in the downshift of the nanoparticles’s
Coulomb potential.

After the frustration of multistep ionization, the outer-ionization of electrons is realized via electron-
electron collision in the nanoplasma, where the velocity distribution of the outer-ionized electrons
during this stage follows a Maxwellian; They are thermal. Even after the total frustration of multistep
ionization, collisional heating remains negligible as a source for nanoplasma heating. Instead,
so-called inner ionization heating is the dominant heating mechanism for the nanoplasma (Arbeiter
and Fennel, 2010, 2011). Inner ionization heating is predominantly determined by the excess kinetic
energy of the inner-ionized electrons that are trapped in the nanoparticle (Arbeiter and Fennel,
2010).

Concluding phase two: In the IR regime, energy incoupling between the field and the nanoplasma
was realized via resonant and non-resonant collisional plasma heating, which, in return, fuels an EII
chain that replaced the optical ionization mechanism from phase one as the dominant ionization
pathway. In stark contrast, collisional plasma heating as well as EII are negligible in the XUV regime,
where optical ionization remains the dominant ionization mechanism, and, in the form of inner
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ionization heating, also drives the build-up of the nanoplasma after the frustration of the multistep
ionization process.

Now, in both regimes, a nanoplasma has been built-up during phase two, and laser-nanoparticle
interaction is now over. The behavior of the nanoparticle after the interaction time is now considered
in the next subsection.

3) After the pulse

After the end of the laser pulse, the nanoparticle cannot accumulate more energy. Instead, the
nanoparticle redistributes energy via collisional events between electrons and ions or via recombina-
tion/relaxation processes. From hereon, the state of the nanoplasma, its net charge, electron density,
and temperature, determine the temporal evolution of the nanoparticle (Arbeiter and Fennel, 2011;
Krainov and Smirnov, 2002).

As the nanoplasma system is heated and seeks an energetic ground state, two scenarios are likely
to occur for redistributing the energy gained during laser interaction: Hydrodynamic expansion
and Coulomb explosion. Both mechanisms convert energy into kinetic energy of ions (Arbeiter and
Fennel, 2010, 2011). In a hydrodynamic expansion, this is done via the release of thermal energy
by expansion cooling of quasifree electrons, and in a Coulomb explosion, the energy conversion is
achieved by the release of potential Coulomb energy.

The frustration parameter of equation 2.74, is, therefore, an excellent criterion for estimating which
mechanism is dominant, as it defines the ratio of outer- vs. inner-ionized electrons. If all activated
electrons during phases one and two were outer-ionized, then the ions’ kinetic energy gain has
to originate exclusively from the release of potential Coulomb energy, resulting in a Coulomb
explosion. If, on the other side, the majority of activated electrons were trapped in the nanoparticle
and, thereby, inner-ionized, then, the release of thermal energy by expansion cooling is the most
likely dynamic to take place (Arbeiter and Fennel, 2010, 2011).

However, a complicated mixture of both mechanisms is often observed, where the outer shells
in the nanoparticle may expand via a Coulomb explosion, while deeper lying shells expand via
Hydrodynamic expansion. This mixture is predicted by theory (Arbeiter and Fennel, 2010, 2011;
Peltz et al., 2014) and has been observed in experiments on large nanoparticles (Sakabe et al., 2006;
Thomas et al., 2009).

Both these mechanisms act on very different timescales, where a hydrodynamic expansion is a very
slow process, described by the plasma speed of sound, see equation 2.85, and can reach into the ns
regime (Fehrer et al., 2006; Fennel et al., 2010), the time-scale of a Coulombic explosion is usually
on the order of Ç 100 fs (Fennel et al., 2010). The time after which a nanoparticles has doubled its
radius via Coulombic explosion can be estimated by (Fennel et al., 2010):

τdouble « 2.3
(2πϵ0)

1
2

e
m

1
2
i r

3
2
s

ă q ą
, (2.89)

where ă q ą is the average charge state and rs is the Wigner-Seits radius of the atomic species. For a
NaN nanoparticle, this yields a doubling time of τdouble « 63 fs/ăqą (Fennel et al., 2010).

Ultimately, the broad description of this three-phase model for nanoparticle-light interaction is by
no means complete, but merely acts as qualitative guidance for the interpretation of experiments
on nanoparticles. Several experimentally observed effects do not fit in this model. Among them is
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Figure 2.18: Shown is the schematic, as well as results, for the CAI mechanism. a) Shows, the underlying
ICD process (1), a two-photon and three-atom CAI type (2), and two additional three atom CAI variants that
involve a scattered electron, which takes part in an electron-ion collision (3 and 4). b) shows the total electron
yield as a dependency of the irradiated intensity. Scatter points refer to experimental data where available, and
solid lines to simulations. R2PI is resonant two-photon ionization and DPI is direct photon ionization, DPI is the
acronym in Ovcharenko et al. (2014) used for what is called SPI in this thesis. The experimental data for the SPI
case was taken at 42.8 eV, where the CAI-all case was recorded at 21.4 eV. Figure modeled from figure 1 and 3
in Ovcharenko et al. (2014).

the CAI mechanism, which can become the dominant ionization channel for resonantly irradiated
helium nanodroplets and is not bound by either the onset of the pulse (phase one) or by the
nanoplasma build-up (phase two) (Laforge et al., 2014; Ovcharenko et al., 2014). The next subsection
discusses this effect.

Collective autoionization in helium nanodroplets in the XUV regime

An ionization mechanism in the XUV regime that was observed and simulated for helium nan-
odroplets builds conceptually on a collective variant of the interatomic Coulombic decay (ICD)
process (Kuleff, Gokhberg, Kopelke and Cederbaum, 2010) and is called CAI (Laforge et al., 2014;
Ovcharenko et al., 2020, 2014). A sketch of ICD and CAI for the helium case is given in figure 2.18 a).

In ICD, two atoms that are excited to the same state can undergo an autoionization process via
a virtual photon, in which one atom relaxes to the ground state while the second atom emits an
electron, this is shown in figure 2.18 a) 1.

For the simplest CAI type, depicted in figure 2.18 a) 2, three excited helium atoms form a triplet and
can be considered a triply excited state of a helium trimer (Ovcharenko et al., 2014). In theory, when
excited to the 1s 2p state, they can store 3 ¨ 21.4 eV = 64.2 eV, which suffices for double ionization
of a helium trimer and, thus, may result in autoionization of two atoms simultaneously, while the
third atom relaxes to its ground state.

Two additional CAI types involve that the ICD activated electron undergoes an electron-ion collision
with a third neighboring helium atom. It then either ionizes it (3) or further excites the atom (4). As,
in this case, the ICD activated electron looses energy due to inelastic collision, the resulting electron
velocity distribution is near continuous (Ovcharenko et al., 2014).
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The excess energy after breaking up the bond is then shared between the two ejected electrons via
shake-up or shake-off processes (Havermeier et al., 2010; Ovcharenko et al., 2020, 2014).

This mechanism can rise very fast to be the dominant ionization process for photon energies below
the ionization potential of helium, as is shown by theory and experiment in figure 2.18 b). There,
the total electron yield is shown over the irradiated intensity. Scatter points refer to experimental
data where available, and solid lines to simulations. R2PI is resonant two-photon ionization and DPI is
direct photon ionization, DPI is the acronym in Ovcharenko et al. (2014) used for what is called SPI in
this thesis. The experimental data for the SPI case was taken at 42.8 eV, where the CAI-all case was
recorded at 21.4 eV.

Now, the electron yield taken at 21.4 eV, where the laser cannot ionize helium atoms via SPI, is by
far larger starting at intensities of about 1 ˆ 1012 W cm´2 and plateaus for intensities starting from
5 ˆ 1012 W cm´2.

The next section departs now from the classical nanoparticle-light interaction and introduces the
so-called dynamical Franz-Keldysh effect (DFKE), which is an off-resonance light-matter mechanism
that is of relevance for this thesis as it can conceptually be viewed as a macroscopic variant of the
off-resonance AC Stark shift.

2.4 The dynamical Franz-Keldysh effect in bulk dielectrics

In 1958 Keldysh (1958); Walter (1958) showed that a static electric field modifies the absorption gap
in bulk semiconductors. The absorption gap is blueshifted and exhibits an oscillatory pattern above
the former gap energy, which is described by the classical Airy functions. Furthermore, absorption
below the former band gap becomes finite, albeit very small. 40 years later, Jauho and Johnsen (1996)
showed that a dynamical analog to the static Franz-Keldysh effect exists, which simply was termed
dynamical Franz-Keldysh effect (DFKE).

The DFKE is of relevance for this thesis, as the analysis in chapter 6.3 is concerned with an electronic
change of the optical properties of the imaged helium nanodroplets. One approach for understand-
ing this behavior is to argue within an atomistic framework, for which the theoretical fundament was
given in section 2.2.1, another approach, however, is to consider already studied bulk phenomena of
strong-field-matter interaction in which the optical properties of the bulk changes.

In that regard, the DFKE can be viewed conceptually as a macroscopic manifestation of the off-
resonant atomic AC Stark effect for dielectrics. In the unperturbed case, the semiconductor Bloch
equations describe the solution of the full Hamiltonian in a semiconductor (Lindberg and Koch,
1988). However, in the presence of an oscillating electric field, the semiconductor Bloch equations
are not a solution for the light-matter system15 anymore.

Schematically this is shown in figure 2.19 a) and b). There, an exemplary unperturbed system (a)
of two electronic states in the CB and VB is shown, where absorption only occurs for Eph ě Eg.
However, that same system in the presence of an external field exhibits a field-induced distortion of
its energetic landscape, where now absorption can happen for Eph ă Eg.

The solution for the eigenstates of this perturbed system was provided by Jauho and Johnsen
(1996) by making use of the non-equilibrium theory of Kadanoff, Baym and Trimmer (1963) and
Keldysh (1965). The 2D time-averaged density-of-states ρave (ω) for a semiconductor in a uniform

15In an atomic context, this would be called a dressed system
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Figure 2.19: Shown is the schematic for the DFKE. a) is an exemplary unperturbed system of two electronic
states in the conduction band (CB) and valence band (VB). Here, absorption only occurs for Eph ě Eg. b) That
same system in the presence of an external field, due to the field-induced distortion of the energetic landscape,
absorption can happen for Eph ă Eg. c) is a schematic of the absorption profile and shows the blueshift of
the absorption edge as well as the oscillatory features for higher photon energies. d) is the 2D time-averaged
density-of-states ρave (ω) from equation 2.90 a) to c) are taken from Lucchini et al. (2020) and d) is from Jauho
and Johnsen (1996).

but time-dependent field, can then be expressed via two main components ρ2D
1 and ρ2D

1 , which are
interpreted below (Jauho and Johnsen, 1996):

ρave (ω) =
Ω
2π

ż 2π/Ω

0

(︂
ρ2D

1 (ω, t) + ρ2D
2 (ω, t)

)︂
dt, (2.90)

where ρ2D
1 (ω, t) and ρ2D

2 (ω, t) are given by:
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with:
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)︂
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where ωF = e2F2/4mh̄Ω2 is the so-called field parameter of the irradiation, and gives the frequency
of the blueshift of the absorption gap. m is the effective mass of an electron-hole pair, F is the
field strength and Ω its frequency. ωF yields a very interesting bridge to atomic physics as it is
more-or-less the ponderomotive potential UP from equation 2.71, which means the blueshift of
a bulk semiconductor in an oscillating electric field is equivalent to the quiver energy that a free
electron can gain in the very same field (Srivastava, Srivastava, Wang and Kono, 2004).

Jn are the nth order Bessel functions, which also appeared in the solution for the atomic AC Stark
shift, see equation 2.21, and provide a pathway for intuitively understand equation 2.91 and 2.92.
ρ2D

1 (ω, t) describes the oscillatory behavior above the bandgap (due to the inclusion of the Bessel
functions), and ρ2D

2 (ω, t) describes predominantly the blueshift of the absorption edge as well as
the finite absorption probability below the bandgap 16.

Finally, d) in figure 2.19 shows the un-averaged density-of-states, while the absorption profile
in figure 2.19 c) is derived from ρave (ω) in equation 2.90 (Srivastava et al., 2004) and shows the
characteristic features of the DFKE. 1) Below band-gap absorption. 2) A blueshift of the absorption
gap. 3) An oscillatory behavior above the band gap.

Since the discussion so far was purely theoretical, it is important to note that all the above-mentioned
deductions have been verified in various experiments (Chin, Bakker and Kono, 2000; Lucchini et
al., 2016, 2020; Novelli et al., 2013; Otobe et al., 2016; Srivastava et al., 2004). Of special interest is
the speed of the DFKE, as Lucchini et al. (2020) showed in polycrystalline diamond, that the DFKE
exhibits a oscillatory sub-cycle behavior on the attosecond scale.

However, the main limitation for full DFKE simulations in the analysis of this thesis is the off-
resonance character of the effect, as well as the intractability of the numerical simulations for helium
nanodroplets of the sizes we produced, as it requires DFT calculation for more than 1 ˆ 107 particles,
which are beyond the capabilities of modern algorithmic approaches (Birdsall and Langdon, 2018;
Dawson, 1983; Fennel et al., 2010; Peltz et al., 2012, 2014; Pfalzner and Gibbon, 1998; Verboncoeur,
2005). Therefore, the DFKE will only qualitatively be discussed in section 6.3 in the context of the
presented data.

2.5 Experiments on superfluid helium nanodroplets

2.5.1 Superfluid helium nanodroplets are different

Superfluid helium nanodroplets are in many regards different from other rare-gas nanoparticles
or liquid drops of a emphnormal Newtonian fluid. The transition to the superfluid state occurs at
the so-called Lambda point Tλ = 2.17 K (Fiszdon, 1991; Higgins et al., 1996; McKellar, Xu and Jäger,

16This is harder to see but originates from the cosine modulation, which induces the step-wise behavior, visible in figure
2.19 d. As ρ2D

2 (ω, t) includes the integral of the cosine function, the emergence of this step function can intuitively be
understood by comparison with using only the even terms (the cosine terms) in a Fourier series, which yield a pulse function.
Here this pulse function is further modulated, which results in this step-wise characteristic.
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Figure 2.20: Shown are photoelectron velocity map images (VMI) for helium nanodroplets with size ă N ą«
2 ˆ 106 and for helium atoms. Both targets were pumped by an XUV pulse at (23.6 ˘ 0.4) eV at an intensity
of «8 ˆ 109 W cm´2, and probed by an IR pulse at 1.6 electronvolt (775 nm) at an intensity of 1 ˆ 1013 W cm´2.
Shown are not the VMI images themselves but the differences between the recorded VMI images for the given
delay and the pump-only VMI image. Figure adapted from Kornilov et al. (2011).

2006; Tanyag et al., 2018; Wilks and Fairbank, 1968). Then, superfluid helium has an almost not
detectable viscosity (Donnelly and Barenghi, 1998) and a thermal conductivity which is matched by
no other known element, with copper having the second highest conductivity, which is still 30 times
lower than that of superfluid helium (Tanyag et al., 2018). As a nanoparticles used in experiments
it is the only nanoparticle that is fully liquid (Fröchtenicht et al., 1996; Tanyag et al., 2018) and
that exhibits a radially varying particle density (Fröchtenicht et al., 1996; von Haeften, Laarmann,
Wabnitz, Moller and Fink, 2011). However, the density varies only within the first 0.5 nm of the
surface, therefore, a nanodroplet with radius 10 nm can be considered of constant density (Tanyag
et al., 2018).

When superfluid, particles moving within the nanodroplet do not dissipate energy, until their
velocity is higher than the associated Landau velocity of « 60 m s´1(Tanyag et al., 2018). The
mechanics in the nanodroplet are usually be described by a two-fluid model (see, for example, Ishii,
Hibiki, Ishii and Hibiki, 2006). The total density in this two-fluid picture is 145 kg m´3 and remains
constant for even lower temperatures then Tλ (Tanyag et al., 2018).

Furthermore, helium nanodroplets are considered to be an almost perfect cooling matrix for the
study of a wide range of so-called heliophilic nanosystems (Kim, Peterka, Wang and Neumark, 2006;
Mauracher et al., 2018; Peltz and Fennel, 2011; Poms, Hauser and Ernst, 2012; Tanyag et al., 2018;
Toennies and Vilesov, 2004), where during nanoparticle creation17, these systems travel without
dissipation of heat to the core of the nanodroplet, and, then surrounding themselves with superfluid
helium as an ultra-effective coolant (Shcherbinin, 2019; Z. M. Wang et al., 2013). Most atomic species
are heliophilic, for example, xenon atoms, which are used as dopant species in this thesis (Poms et
al., 2012; Z. M. Wang et al., 2013).

Now, there are extensive reviews on experiments on superfluid helium nanodroplets (Barranco et
al., 2006; Gessner and Vilesov, 2019; Tanyag et al., 2018; Toennies and Vilesov, 1998), which need
not be reiterated here. For this thesis, mostly two characteristics are of importance, which will be
discussed in the next two subsections: The observation that superfluid helium nanodroplets exhibit
an almost atomiclike behavior in many experiments (section 2.5.2), and the geometry of irradiated

17See section 3.3.7 for how helium nanodroplets pick up their dopants
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Figure 2.21: Shown are fluorescence yield spectra of
a) very large helium nanodroplets (ă N ąÇ 1 ˆ 106),
b) large helium nanoparticles (ă N ą« 1 ˆ 104) and
c) dense helium gas. Figure taken from Joppien, Karn-
bach and Möller (1993).

nanodroplets (section 2.5.3), as this includes the formation of quantum vortices and capillary waves,
and defines the features that are captured by their scattering images.

2.5.2 Helium nanodroplets exhibit atomiclike behavior

The electronic structure of superfluid helium nanodroplets can often better be understood from
an atomistic perspective than by comparison with other rare-gas nanoparticles, which often can
be related to the unusual low density, small polarizability as well as superfluidity (Bostedt et al.,
2015; Closser and Head-Gordon, 2010; Fröchtenicht et al., 1996; Joppien, Karnbach and Möller, 1993;
Joppien, Müller and Möller, 1993; Kornilov et al., 2011; Möller, Von Haeften, Laarman and Von
Pietrowski, 1999; von Haeften, Laarmann, Wabnitz and Möller, 2001; von Haeften et al., 2011).

Figure 2.20 shows photoelectron VMI data for helium nanodroplets with size ă N ą« 2 ˆ 106 and
for helium atoms (A dense gas). Both targets were pumped by an XUV pulse at (23.6 ˘ 0.4) eV
at an intensity of «8 ˆ 109 W cm´2, and probed by an IR pulse at 1.6 electronvolt (775 nm) at an
intensity of 1 ˆ 1013 W cm´2. Shown are not the VMI images themselves but the differences between
the recorded VMI images for the given delay and the pump-only VMI image. The data is well
understood for the atomic case, there, the XUV pulse at (23.6 ˘ 0.4) eV predominantly excites
the 1s 4p resonance at 23.74 eV, which can then ionized via the IR pulse (Kornilov et al., 2011).
The excitation of the 4p orbital results in the observed highly anisotropic photoelectron angular
distributions (PADs) (Haber, Doughty and Leone, 2009; Kornilov et al., 2011).

In the droplets case, the PAD shows an increasing anisotropy for increasing delays, which originates
from atomic-like 1s 4p and 1s 3p excitations in the nanodroplet (Kornilov et al., 2011). While the
n = 4 band was found to be excited mostly in the outer regions, where states are weakly perturbed,
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Figure 2.22: Shown is the evolution of classical and
superfluid helium nanodroplets, which are plotted as
a function of the reduced angular momentum (ΛRBR)
and the reduced angular velocity (ΩRBR). Data for
the classical droplets are plotted as square scatter
points and is from Baldwin et al. (2015) and the data
on superfluid helium nanodroplets is shown as trian-
gle scatter points and is from Langbehn et al. (2018).
The dashed line are predictions from an analytical
model for axisymmetric equilibrium shapes of rotat-
ing droplets (Chandrasekhar, 1965). Figure is taken
from Langbehn et al. (2018).

the n = 3 band was identified to originate from deeper within the nanodroplet (Kornilov et al.,
2011). In Kornilov et al. (2011), a simple single-electron model of an excitation localized on one He
atom in combination with a mean-field approach for the surrounding He atoms, was sufficient to
explain this behavior qualitatively.

This observation is in line with fluorescence measurements on superfluid helium nanodroplets,
carried out by Joppien, Karnbach and Möller (1993); von Haeften et al. (2001, 2011). Figure 2.21
exemplary fluorescence yield spectra of a) very large helium nanodroplets (ă N ąÇ 1 ˆ 106), b)
large helium nanoparticles (ă N ą« 1 ˆ 104) and c) dense helium gas. Where atomiclike (von
Haeften et al., 2001) excitation bands for the n = 2, 3p states were identified as the determining
feature in the spectra. Furthermore, the shift and broadening of the excitation bands found in
helium nanodroplets could not be explained by an exciton model, which is usually used for rare-gas
nanoparticles (Brus, 1986; Joppien, Karnbach and Möller, 1993; Wörmer, Joppien, Zimmerer and
Möller, 1991; Wörmer and Möller, 1991), instead, they were considered perturbed atomic transitions
(Bostedt et al., 2015; Closser and Head-Gordon, 2010; Fröchtenicht et al., 1996; Joppien, Karnbach
and Möller, 1993; Joppien, Müller and Möller, 1993; Kornilov et al., 2011; Möller et al., 1999; von
Haeften et al., 2001, 2011).

The next subsection discusses the shape, and its evolution, of single isolated superfluid helium
nanodroplets.

2.5.3 Imaging the shape of helium nanodroplets

The equilibrium shape of an angular momentum-free superfluid helium nanodroplet is always
a sphere (Gessner and Vilesov, 2019; Langbehn et al., 2018). However, during the creation of
nanodroplets by free-jet expansion, it has been observed that they can gain rotational energy
(Bernando et al., 2017; Gessner and Vilesov, 2019; Gomez et al., 2014; Langbehn et al., 2018), which
results in significant centrifugal deformation.

First, when considering a classical rotating liquid drop’s behavior, the equilibrium shape is deter-
mined by the surface tension and the centrifugal force. Without any applied centrifugal force, the
surface tension ensures that the drop will maintain a spherical equilibrium form. However, with
increasing angular momentum, the spinning nanodroplets evolve from an axisymmetric oblate to a
triaxial prolate and a dumbbell-like two-lobed shape (Chandrasekhar, 1965). Such shapes have also
been observed for superfluid helium nanodroplets (Cardoso, 2008; Langbehn et al., 2018).
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Figure 2.23: The data taken by Langbehn et al. (2018) was classified into five categories, which are named
spherical, spheroidal, ellipsoidal, pill shaped and dumbbell shaped. Figure is adapted from Langbehn et al. (2018).

This is somewhat surprising, since superfluid helium nanodroplets exhibit a negligible amount if
viscosity, which results in the dissipation-free movement of particles inside the nanodroplet, they
cannot execute a classical rigid body rotation (RBR). Figure 2.22 shows a shape diagram for rotating
nanodroplets, which is defined by two parameters, the reduced angular momentum (ΛRBR) and the
reduced angular velocity (ΩRBR) (Gessner and Vilesov, 2019; O’Connell et al., 2020):

ΛRBR =
(︂

8σρR7
)︂´ 1

2 L (2.93)

ΩRBR =

(︃
ρR3

8σ

)︃ 1
2

ω, (2.94)

where L and ω are the angular momentum and angular velocity, σ and ρ are the surface tension and
density of the liquid and R is the radius of a spherical nanodroplet whose volume is identical to the
deformed one.

Figure 2.22 shows data for classical droplets (the square scatter points, from Baldwin et al. (2015))
as well as data on superfluid helium nanodroplets (the triangle scatter points, from Langbehn et
al. (2018)). The dashed line are predictions from an analytical model for axisymmetric equilibrium
shapes of rotating droplets (Chandrasekhar, 1965).

Discussing the classical droplets first, there, their evolution is characterized by exhibiting shapes
that can be put on the oblate branch, and, after a bifurcation point, evolve to prolate shapes, where
the stability-limit (the bifurcation point) for classical axisymmetric droplets is shown as a black
filled dot in figure 2.22. Meaning, classical droplets should not form on the oblate branch after this
stability-limit. Instead, they evolve on the prolate branch.

Langbehn et al. (2018) observed that superfluid helium nanodroplets exhibit the same progres-
sion from being oblate to prolate as the classical droplets. This came as a surprise, as previous
experimental and theoretical work predicted that prolate, triaxial nanodroplets should not exist
and that, instead, helium nanodroplets should stay oblate beyond the stability-limit (Ancilotto, Pi
and Barranco, 2015; Gomez et al., 2014; Langbehn et al., 2018). Furthermore, the data in Langbehn
et al. (2018) did not show any oblate helium nanodroplets beyond the stability-limit. However,
it must be noted that the experiment in Gomez et al. (2014) compared to the one in Langbehn et
al. (2018) was carried out under conditions with which prolate, triaxial nanodroplets could not be
recorded to being with. In Gomez et al. (2014) the diffraction image were recorded in a small-angle
X-ray scattering (SAXS) regime, and thereby, did not contain any 3D information about the imaged
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Figure 2.24: Shown is
in a) a sketch of the
CDI experiment in
Gomez et al. (2014),
where xenon atoms are
picked up by superfluid
helium nanodroplets
that already formed
out quantum-vortices,
which are aligned along
a cubic or hexagonal
grid. The xenon atoms
move to the center of
the quantum-vortices
and can be identified
in scattering images
as Bragg peaks shown
in b) and c). Figure is
taken from Gessner and
Vilesov (2019).

nanoparticle, the experiment in Langbehn et al. (2018), however, captured scattered light within the
wide-angle X-ray scattering (WAXS) regime18, in which diffraction images contain 3D information.
The prolate, triaxial nanodroplets were only observable in such a WAXS setting, as only then the
diffraction images exhibit the characteristic elongated Streak feature, see also section4.3.

Exemplary images along their reconstructed shapes are shown in figure 2.23. The appearance
of the scattering images produced by ellipsoidal, pill-shaped, and dumbbell-shapes showed that
superfluid helium nanodroplets indeed could form a prolate shape (Langbehn et al., 2018).

Now, the mechanism of how superfluid helium nanodroplets distribute the gained rotational energy
is characterized by the formation of so-called quantum-vortices and capillary waves (Bernando et
al., 2017; Gessner and Vilesov, 2019; O’Connell et al., 2020).

Quantum-vortices are the soliton solution for a quantum-mechanically governed liquid [see Landau
(1941), as well as chapter 14 in Pitaevskii and Stringari (2016)]. They arrange themselves in a
hexagonal or cubic grid (Fiszdon, 1991; Gomez et al., 2014; Higgins et al., 1996; McKellar et al.,
2006; Pitaevskii and Stringari, 2016; Tanyag et al., 2018) and enable, in an experiment with a dopant
species, the frictionless rotation of captured molecules or atoms. The number of quantum-vortices
can be estimated by (Gomez et al., 2014):

nv =
2ωM

h̄
, (2.95)

where M and ω is the mass and the angular velocity of the nanodroplet.

18Please see section 1.6 concerning the choice of nomenclature
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Figure 2.25: Shown are DFT calculations of equilibrium density profiles of a deformable cylinder-shaped
superfluid helium nanodroplet, that rotates around is major symmetry axis. Red dots are quantum-vortices
and black lines are streamlines. The streamlines highlight the momentum flow and those dominated by
quantum-vortices encircle the vortex cores, whereas those associated with capillary waves terminate at the
surface. Figure is adapted from O’Connell et al. (2020).

Capillary waves, also called ripplons (Tanyag et al., 2018), on the other side, are governed by the
nanodroplet surface tension σ and are responsible for the entire enthalpy in resting nanodroplets
smaller than ă N ąÆ 4 ˆ 108 (Tanyag et al., 2018). The number of capillary waves in a nanodroplet
can be estimated by (Tanyag et al., 2018):

nripplon = 0.21T
4
3 N

2
3
He, (2.96)

where T is the temperature and NHe is the number of helium atoms in the nanodroplet.

In the first direct experimental observation of quantum-vortices using a CDI setup (Gomez et al.,
2014), the quantum-vortices were made visible by doping the helium nanodroplets with heliophilic
xenon atoms that moved towards the quantum-vortices. As the vortices arrange themselves in a
cubic grid, they appeared in the diffraction images as Bragg peaks. This is shown in figure 2.24. A
sketch of the experimental procedure is shown in a), along with two exemplary scattering images
that exhibit the Bragg peaks in b) and c).

However, the DFT model that was employed in Ancilotto et al. (2015); Gomez et al. (2014) underes-
timated the role of capillary waves. In the prolate case, those capillary waves carry a significant
amount of angular momentum (Gessner and Vilesov, 2019; O’Connell et al., 2020).

Only recently, full DFT calculations addressed this issue and also reproduced prolate shapes
(Ancilotto, Barranco and Pi, 2018; O’Connell et al., 2020; Pi, Ancilotto and Barranco, 2020; Pi,
Ancilotto, Escartín, Mayol and Barranco, 2020). This is shown in figure 2.25, where DFT calculations
of equilibrium density profiles of a deformable cylinder-shaped superfluid helium nanodroplet
were carried out. There, red dots are quantum-vortices, and black lines are streamlines, were the
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streamlines highlight the momentum flow. Those streamlines dominated by quantum-vortices
encircle the vortex cores, whereas those associated with capillary waves terminate at the surface.

The calculations in (O’Connell et al., 2020) showed that the more prolate the shape gets, the more
critical the momentum transport via the capillary waves gets.

In this thesis, superfluid helium nanodroplets were recorded in a WAXS regime19, which roughly cor-
responds to the setting in Langbehn et al. (2018). The next chapter now introduces the experimental
layout and procedure.

19Please see section 1.6 concerning the choice of nomenclature
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Chapter 3

Experimental setup for time-resolved
multi-color CDI with intense HHG
pulses

3.1 Structure of this chapter

For this thesis, an infrared (IR)/extreme ultra-violet (XUV) pump-probe multicolor coherent diffrac-
tion imaging (CDI) experiment within the wide-angle X-ray scattering (WAXS) regime1 on xenon-
doped superfluid helium nanodroplets facilitating an high harmonic generation (HHG)-based laser
system was carried out. This chapter presents the experimental setup that was built in 2018 at the
Max-Born-Institute (MBI) in Berlin in the laser laboratory of Arnaud Rouzée using a laser system
developed and maintained by Bernd Schütte and Arnaud Rouzée. The microfocusing setup that
is presented in section 3.3.3 was originally built and benchmarked by Nils Monserud as part of
his dissertation and was used in Rupp et al. (2017). The overall experimental modifications on
the beamline, as well as the construction and planning of the whole experiment were carried out
by:2 Anatoli Ulmer, Arnaud Rouzée, Bernd Schütte, Björn Senfftleben, Bruno Langbehn, Daniela
Rupp, Katharina Kolatzki, Mario Sauppe, Nils Monserud, Rico Mayro Tanyag, and myself. The
helium nanodroplet source was planned and built by Bruno Langbehn as part of his Master’s thesis
(Langbehn, 2015) and was used in Langbehn et al. (2018); Rupp et al. (2017). The time-of-flight (TOF)
spectrometer was planned and built by Andrea Heilrath as part of her Master’s thesis (Heilrath,
2018). The data acquisition software, the data handling, preparation and post-production was devel-
oped and carried out by myself. See also section 1.3 for a detailed description on the contribution of
each member in our group.

The structure is as follows. First the basic principles of high harmonic generation (HHG) are
presented in section 3.2. Then, in section 3.3, the experimental setup is presented, where first a broad
overview is given (section 3.3.1). Then, the laser system as well as the HHG-setup are provided in
section 3.3.2, following a description of the microfocussing setup and the high-throughput beamline
in section 3.3.3.

Concluding the experimental setup, the in-vacuum setup is described, were the main chamber
and the design of the breadboard are discussed first in section 3.3.4. Then, the time-of-flight (TOF)
spectrometer (section 3.3.5), the micro-channel-plate (MCP) / phosphor screen / camera setup for

1Please see section 1.6 concerning the choice of nomenclature
2In alphabetical order
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Most kinetic energy, when:
φ = π / 10

Maximum photon energy
Emax = IP + 3.17Upond

1) Electron tunneling 2) Acceleration and reversal of trajectory 3) Recombination

Figure 3.1: Schematic representation of the three step model used to explain high harmonic generation. HHG
takes place in external fields for which the Keldysh parameter is on the order of 0.1, there, tunneling ionization
is the dominant mechanism for ionization in atoms. In the first step, an electron is lifted into the continuum
by IR radiation. Then, the electron picks up kinetic energy, see equation 2.71, and, when the direction of the
fields inverts, reverses its trajectory back towards its parent ion. Step three is the recombination with the
parent ion which emits a photon that can have up to an energy of the ionization potential plus 3.17 times the
ponderomotive energy. This puts an upper boundary on the energies that can be generated within the HHG
process. As shown in figure 3.2 and equation 3.3, the highest possible energy an electron can pick up in the
field is 3.17 times the ponderomotive energy, this happens every half-cycle of the laser pulse at « π/10 rad (18˝)
(see discussion on p.286 in Attwood and Sakdinawat, 2016).

recording the scattering images (section 3.3.6), as well as the cryo-cooled helium nanodroplet source
(section 3.3.7) are each discussed in their own sections.

The experimental procedure is presented in section 3.4, where the approach for establishing temporal
and spatial overlap between the XUV, the IR and the helium beam is described in section 3.4.1.
Furthermore, a description on how to operate the helium source in single-particle mode in section
3.4.2 and a description of the data acquisition setup along with the scheme with which we recorded
the different delays can be found in section 3.4.3.

Then, an error estimation on these delay times is given in section 3.4.4.

Concluding, section 3.5 describes how to pre-process the data to account for the given scenario that
for every shot there is an ion spectrum along with a diffraction image. Determining what a good
shot is and what not requires a custom metric which is there described in detail.

3.2 High harmonic generation

HHG is a nonlinear process in which an intense laser is directed towards a medium that emits
coherent photons at photon energies in multiples of the laser. First observed in 1977 using intense
CO2 lasers (Burnett, Baldis, Richardson and Enright, 1977) and subsequently expanded and modified
for use with commercially available Ti:Sa lasers (Ferray et al., 1988; Macklin, Kmetec and Gordon,
1993; McPherson et al., 1987), it is now a routine tool to generate vacuum ultra-violet (VUV) and
XUV radiation (Krausz, 2016). In this experiment a Ti:Sa IR laser, tuned to a central wavelength of
798 nm, is used in combination with a xenon gas target to produce intense XUV radiation of which
the 11 to 17 harmonic are used (corresponding to 17.1 to 26.4 eV), see section 3.3 for the experimental
setup. Therefore, a theoretical treatment of the HHG process is necessary to understand the essential
characteristics of radiation produced during HHG.



3.2. High harmonic generation 85

0
π
2 π 3π

2 2π

Phase in laser field cycle

−4

−2

0

2

4
D
is
ta
nc
e
fr
om

io
n
[n
m
]

a)

Electron born at: ωt = π
10

798nm IR at 5 · 1014 W
cm2

0
π
10

π
4

π
2

Time of release

0

20

40

60

80

94.34

R
et
ur
n
ki
ne
ti
c
en
er
gy

[e
V
]

b)

Figure 3.2: a) Electron trajectories in high harmonic generation for various emission times, calculated for an IR
laser tuned to 798 nm with an intensity of 5 ¨ 1014W/cm2. The electron can pick up maximal kinetic energy in the
IR field when: ωt =« π/10 (see discussion on p.286 in Attwood and Sakdinawat, 2016). The corresponding
trajectory is plotted as a solid green line. b) Gained kinetic energy plotted over the time of release. The time of
birth and the time of return is connected via equation 3.2. After solving numerically for all return times, the
gained kinetic energy can be calculated via equation 3.3. The ponderomotive energy for an electron in a 798 nm
IR laser at 5 ¨ 1014W/cm2 is Upond = 29.73eV and the numerically calculated maximum kinetic energy is 94.34 eV.
Therefore: Ekin,max = 3.17Upond.

3.2.1 The semi-classical three-phase model

HHG can be understood in a semi-classical framework, using a three-phase model which was
popularized by Krause, Schafer and Kulander (1992) as well as Corkum (1993) and later quantum
mechanically confirmed by Lewenstein, Balcou, Ivanov, L’Huillier and Corkum (1994).

The first step involves the tunneling of an electron from its parent atom into the continuum. Due
to the presence of a strong electric field, the electron can then pick-up kinetic energy. After some
time, the AC field’s direction reverses, and the electron is guided back to its parent atom. Upon
recombination, the atom releases a photon which can have energies reaching in the XUV regime.
These three steps are schematically shown in figure 3.1 and are now explained in more detail:

1) Electron tunneling For HHG to be probable, the external field strength needs to be on the order
of the atomic electrical field. This results in Keldysh parameters of γ ď 1, which is the tunneling
regime (see c in figure 2.10). In this regime, tunneling is very effective in elevating electrons into the
continuum, see also section 3.3.2 for a discussion on electron tunneling.

2) Acceleration and reversal of trajectory The ejected electron is now subject to the external field
and the amount of energy it can pick up depends on the intensity of the field and the electrons’
exposure to it. The electrons’ initial kinetic energy is assumed to be zero. To derive an expression for
the kinetic energy the electron picks up, only Newtonian mechanics need to be considered. Using
Newton’s second law of motion, the Lorentz force, where the magnetic component is neglected, and
a linearly polarized field of the form: E (t) = E0 cos ωt, a solution of the equation of motion for the
given initial conditions reads:

x (t) =
eE0

meω2 ((cos ωt ´ cos ωt0) + (t ´ t0)ω sin ωt0) (3.1)
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Figure 3.3: Typical HHG spectrum for xenon. a) shows the full harmonic spectrum where three areas can be
identified. Low order harmonics are rapidly decreasing in intensity, while very high orders are also rapidly
decreasing in intensity until the cut-off frequency where they vanish completely. In between orders exhibit a
plateau, sharing the same intensities. b) shows a close-up at very high orders, where a zirconium filter, used
in the experiment to separate out the harmonics from the fundamental light, is responsible for the different
intensities. Figure taken from Pfeifer et al. (2006).

where E0 is the electric field amplitude, ω its angular frequency, me and e are the mass and charge of
the electron and t0 is the time of birth of the electron. There is x (tr) = 0 for the time of returning to
the atom, with which a transcendental equation for the relation between t0 and tr can be derived by
zeroing the right part of equation 3.1:

cos ωtr ´ cos ωt0 = (tr ´ t0)ω sin ωt0. (3.2)

Equation 3.2 shows that there is no easy way of telling how long an electron is subject to the external
field. Equation 3.2 needs to be solved numerically to get an expression for tr. Furthermore, equation
3.2 only has real solutions for: 0 ď ωt ď π/2, which means that every electron that is born after π/2

will never return to its parent ion.

Now, integrating equation 3.1 w.r.t. to t yields the kinetic energy, where considering ∆t = tr ´ t0

gives the amount of energy picked up by the electron between its time of birth and its return time:

Ekin =
e2E2

0
2meω2 (sin ωtr ´ sin ωt0) . (3.3)

3) Recombination Solving equation 3.3 for all possible times of birth leads to the maximum kinetic
energy, which in combination with the ionization potential of the electrons’ parent atoms’ ground
state, yields an expression for the maximum photon energy after recombination:

Emax = IP + 3.17Upond. (3.4)

The somewhat arbitrary nature of the 3.17 pre-factor for the ponderomotive energy evolves from
numerically calculating all possible kinetic energies in equation 3.3. The possible electron trajectories
and the corresponding kinetic energies, are plotted in figure 3.2. The ponderomotive energy for
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Figure 3.4: Shown is a sketch of a typical HHG-setup in a), with a principal laser source, called oscillator, and
an amplifier, after which, the HHG-process is induced in a separate gas-filled cell. A close-up look of one
attosecond pulse train (APT) is then given in the dashed boxes, where to schematics are in the temporal domain
in c) and in the spectral domain in b). Figure modified from Heyl et al. (2017).

an electron in a 798 nm IR laser at 5 ¨ 1014W/cm2 is Upond = 29.73eV and the numerically calculated
maximum kinetic energy is 94.34 eV. Therefore: Ekin,max = 3.17Upond.

However, the probability of recombination is poor. Several reasons can be identified for that. First, as
pointed out by equation 3.2 and figure 3.2, all photoelectrons that are born when π/2 ď ωt ď π never
return. Second, even for those electrons released within a timeframe that allows for recombination,
the chances are slim. When the electron is quantum-mechanically interpreted as an electron-
wavepacket, it can have an assigned divergence with which the cross-section of the recombination
process can be calculated. Corkum and Krausz (2007) calculated a divergence of 5Å/ f s for an electron
in a 800 nm IR laser at « 1015W/cm2. Usually an electron is subjected to the field for π to 2π cycles,
see figure 3.2, which translates to 1.33 to 2.66 fs. This is a wavepacket of size 6.65 to 13.3 Å, where
the radii of typical HHG-target gases, like argon or xenon, atoms have sizes between 0.1 to 1 Å.
Resulting cross-section calculations are on the order of 10´3 (Attwood and Sakdinawat, 2016). This
in combination with tunneling efficiencies of « 1 to 10 %, explains the overall efficiencies for creating
XUV light using HHG of about 10´5 ´ 10´8 (Attwood and Sakdinawat, 2016; Heyl et al., 2014).

A typical spectrum can be seen in figure 3.3. There, the characteristic comb of odd-order harmonics
is plotted. The comb spectrum solely consisting of odd-harmonics is a product of interference effects
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Figure 3.5: Shown is a simulation of pressure-induced phase matching for an argon gas irradiated with a
800 nm driving laser. a) shows the matching pressure dependence on the ionization degree in the gas for
different focusing geometries, which is indicated by the f-number f#, and for different harmonic orders q. b)
shows the harmonic intensity for q = 21 as a function of time, where the appliance of different gas pressures
leads to different harmonic pulse shapes. The three blue peaks belong to a scenario in which ∆kg ‰ 0, were the
green pulse shape has a perfect Gouy phase match ∆kg = 0. The red line is the driving laser’s intensity, and the
gray line is the cycle-averaged ionization fraction. Figure taken from Heyl et al. (2017).

during the harmonics’ creation. While a HHG spectrum created using only a half-cycle IR pulse
is continuous, using a longer IR pulse for HHG creation produces a continuous spectrum every
half-cycle which interfere with one another (Carré et al., 2007). These pulses are jointly called an
attosecond pulse train (APT), and their interference behavior can be understood by considering
their contribution of every half-cycle pulse in the spectral domain, as every process having a half-
cycle period in real space has a two times periodicity in the spectral domain. Therefore, the HHG
generation exhibits constructive interference for odd-order harmonics and destructive interference
for even-order harmonics (Heyl et al., 2014).

This is further motivated by figure 3.4. There, a) shows a sketch of typical HHG-setup, with a
principal laser source, called an oscillator, and an amplifier, after which, the HHG-process is induced
in a separate gas-filled cell. A close-up look of one APT is then given in the dashed boxes, where to
schematics are in the temporal domain in c) and in the spectral domain in b). As discussed, using
an isolated attosecond pulse (IAP) out of the APT, would result in an continuous spectrum (see
top rows in b) and c)), but the presence of multiple IAPs results in the generation of the fs APT.
However, even-order harmonics can also be created using HHG when the spatial symmetry is
broken during creation, which has been experimentally verified (Frumker et al., 2012).

A critical process during HHG is the so-called phase matching, which ensures that all radiating
electrons radiate in phase to produce a coherent beam. This is discussed in the next section.

3.2.2 Phase matching

Phase matching is the process of aligning the incoming wave vector to match the sum of the
generating field vectors. Ideally, this would result in a quadratically scaled number of photons
when increasing the number of single atom emitters (Heyl et al., 2017):

Sq9ρ2S∆Φ, (3.5)
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where Sq is the generated harmonic signal of order q and S∆Φ scales between 0 to 1 and accounts for
the degree of phase-matching.

Usually, the phase-mismatch in expressed as a sum of four defining terms (Backus, Durfee III,
Murnane and Kapteyn, 1998; Heyl et al., 2017):

∆k = ∆kg + ∆kd + ∆kn + ∆kp (3.6)

with:

∆kg = ´qBz

(︃
ζ (z) ´

kx2

2R (z)

)︃
x,zÑ0

ÝÝÝÝÑ ´
q
zr

(3.7)

∆kd = α (q) Bz I (3.8)

∆kn = q
ω

c
(︁
n1 ´ nq

)︁
(3.9)

∆kp = q
ω

c

(︂
ne

1 ´ ne
q

)︂
(3.10)

where the individual wave vector mismatches are ∆kg due to the Guoy phase3, ∆kd is induced
by the dipole phase and ∆kn and ∆kp are due to the dispersion of the neutral gas and the plasma
medium in the gas cell (Heyl et al., 2017).

Although the dipole induced phase shift is kd is dependent on the intensity and the wavelength of
the irradiation, it is common practice to approximate it via an proportionality constant α (q) and the
irradiation intensity, neglecting the wavelength dependency (Heyl et al., 2017; Lewenstein, Salières
and Lhuillier, 1995). Furthermore, the refractive index for the driving laser in the neutral gas n1 is
approximated using the static polarizability (αst): n1 « N0αst/ϵ0, with N0 being the density of the
neutral atoms. Various tabulated values for nq can be found in Henke, Gullikson and Davis (1993).
The plasma refractive index ne

q is given by ne
q =

?
1 ´ Ne/Nc, with Ne is the free electron density and

Nc = ϵ0mω2/e2 is the critical density after which the plasma becomes overdense, see equation 2.82
and 2.83 in section 2.3.2.

All four components in equation 3.6, along with the signs and corresponding phase velocities, are
given in table 3.1. The subscript 1 always refers to the fundamental, and q always refers to the
harmonic of order q.

3The Guoy phase is the phase deviation between the plane wave and the Gaussian beam solution of the vector wave
equation. It is defined as ζ (z) = arctan (r/zr), with zr is the Rayleigh length, which is where the beam radius is increased
by a factor of the square root of two. Furthermore, R (z) is the so-called curvature of the beam radius and is given by

R (z) = z
(︂

1 + (zr/z)2
)︂

Table 3.1: Corresponding refractive index and phase velocity comparison for the four wave vector mismatch
components. c denotes the vacuum speed of light. The laser focus is located at z = 0. Table is adapted from
Heyl et al. (2017).

Sign Refractive index Phase velocities

∆kg, focussing Negative c1 ą cq ą c

∆kd, dipole

#

Negative, for z ă 0
Positive, for z ą 0

∆kn, neutral Positive n1 ą 1 ą nq c1 ă cq ă c
∆kp, plasma Negative ne

1 ă ne
q ă 1 c1 ą cq ą c
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Figure 3.6: Shown is a schematic for the chirped pulse amplification (CPA) process, where an incoming short
laser pulse (1) is stretched (2), amplified (3) and compressed again (4). Figure taken from the press release of
the Nobel prize in physics 20184.

The complicated interdependence of all wave mismatch components renders a perfect phase ad-
justment within the whole generation gas volume as not feasible in real-life scenarios (Heyl et al.,
2017). For practical reasons, the wave-mismatch is mostly tuned via the gas-density in the HHG gas
cell, as the gas density controls the dispersion behavior and, thereby, the adjustment of ∆kn and ∆kp.
Those two terms are tuned in a way that they compensate for the Gouy phase ∆kg and the dipole
phase ∆kd. Since the sign for ∆kn and ∆kp are positive and negative, any induced shift by ∆kg and
∆kd, can, theoretically, be compensated for by adjusting the gas pressure (Heyl et al., 2017). This
procedure is called pressure-induced phase-matching. Simulations for an argon gas irradiated with
a 800 nm driving laser are shown in figure 3.5. There, a) shows the matching pressure dependence
on the ionization degree5 in the gas for different focusing geometries, which is indicated by the
f-number f#, and for different harmonic orders q. b) shows the harmonic intensity for q = 21 as a
function of time, where the appliance of different gas pressures leads to different pulse shapes for
the harmonic. The three blue peaks belong to a scenario in which ∆kg ‰ 0, were the green pulse
shape has a zero Gouy phase mismatch ∆kg = 0. The red line is the driving laser’s intensity, and the
gray line is the cycle-averaged ionization fraction.

In a), and for ionization degrees below 2 %, the phase-matching condition can be linearly achieved by
adjusting pressure. However, the larger the fraction of ionization in the gas, the more np converges
towards the critical density where it becomes overdense. This can be seen in the asymptotical
behavior of the phase-matching curve towards higher ionization degrees. Figure 3.5 b) shows the
resulting temporal pulse shapes for various pressures. In the purely theoretical absence of the Gouy
phase mismatch - the green shape - the pulse becomes independent of the gas pressure (Heyl et al.,
2017).

Now, as already indicated by figure 3.4, the driving laser used in most HHG scenarios is typically a
combination of an oscillator and an amplifier. The most common amplification process is termed

4Press release: The Nobel Prize in Physics 2018. NobelPrize.org. Nobel Media AB 2020. https://www.nobelprize.org/
prizes/physics/2018/press-release

5Which is indicating the contribution of the plasma refractive index compared to the neutral gas refractive index

https://www.nobelprize.org/prizes/physics/2018/press-release
https://www.nobelprize.org/prizes/physics/2018/press-release
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Figure 3.7: Shown are schematics for the
regenerative (a) and the multi-pass (b) am-
plifier. Figure taken from Backus et al.
(1998).

CPA, and its development was awarded the physics Nobel prize in 2018. This process is discussed
in the next section.

3.2.3 Chirped pulse amplification

The most commonly used driving laser today facilitate Ti:sapphire (Ti:Sa) as a laser active material.
There, a sapphire crystal (Al2O3), doped with titanium ions (Ti3+), is usually pumped using a
primary laser operating between 514 to 532 nm. Then, the central wavelength of Ti:sapphire (Ti:Sa)
lasers is usually around 800 nm (Backus et al., 1998; Eichler and Eichler, 2015). They emerged in
the late 1980s (Moulton, 1986) and after the development of the Kerr-lens mode-locking technique
(Spence, Kean and Sibbett, 1991) as well as chirped pulse amplification (CPA) (Strickland and
Mourou, 1985), the Ti:Sa laser became the most used driving laser for HHG-creation (Heyl et al.,
2017). This section discusses now the CPA technique.

Nomenclature is that the pulse source is called the oscillator, which then gets amplified, via CPA,
and directed towards the HHG cell, see the sketch in figure 3.4 a). The combination of the oscillator
and the amplification stage is then termed driving laser.

The CPA process is sketched in figure 3.6, where an incoming short laser pulse (1) is stretched (2),
amplified (3) and compressed again (4). The idea behind this scheme is to increase the energy of a
pulse while avoiding high peak powers during amplification, which is easier to realize and avoids
damaging the optical amplifier (Backus et al., 1998).

The ultra-short laser pulse is being stretched by dispersing, or chirping, it via a grating stretcher.
In practice, two anti-parallel gratings and a telescope between these gratings are used (Martinez,
Gordon and Fork, 1984; Treacy, 1969), as depicted in figure 3.6 (1-2). This scales up a typical pulse
length of 100 fs to 100 ps, and, thereby, reducing its peak power by about three orders of magnitude
(Backus et al., 1998). Amplification of the stretched pulse is usually achieved via multiple passes
through an amplification medium (Ti:Sa), with a gain of between 2 to 100 per pass. There are two
commonly used amplifier-designs; The regenerative and the multi-pass amplifier. Both design are
schematically shown in figure 3.7.
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Figure 3.8: Shown is the schematic of the carried out CDI experiment. Adapted from Rupp et al. (2017).

A regenerative amplifier (a in figure 3.7) is almost similar in design to a standard laser cavity. The
dispersed pulse is the input and is guided into the cavity via a time-gated polarization device, a
combination of a so-called Pockels cell6 and a thin polarizer. The pulse then passes the low-gain
medium several times, after which another time-gated polarization device couples it out.

In a multipass amplifier (b in figure 3.7), the light is guided via a so-called 3-pass bowtie configura-
tion to pass through the gain medium multiple times without the use of a cavity.

At the end of the amplification process, the pulse energy is much higher but still widely dispersed.
The last stage in CPA is then the chirped pulse’s compression, which recovers the original pulse
length and significantly increases the pulse’s peak power.

The next section now discusses the concrete setup in the experiments in this thesis.

3.3 Experimental setup

3.3.1 Overview

For this thesis, an IR/XUV pump-probe multicolor CDI experiment within the WAXS regime7 on
xenon-doped superfluid helium nanodroplets using an HHG-based laser system was carried out in
2018 at the MBI in Berlin in the laser laboratory of Arnaud Rouzée. A sketch of the experiment is in
figure 3.8.

A Ti:Sa laser amplifier delivered 35 fs IR pulses at a 10 Hz repetition rate, with a central wavelength
of 798 nm and a pulse energy of 20 mJ. A 70/30 beam splitter redirected 70 % of the beam towards
an HHG cell, filled with « 1.3 mbar of xenon gas, which produced « 2 µJ XUV pulses with a pulse
length of « 20 fs, and consisting of the 11th (17.1 eV Ñ 73 nm), 13th (20.2 eV Ñ 61 nm), 15th (23.3 eV
Ñ 53 nm) and 17th (26.4 eV Ñ 47 nm) harmonic 8. The remaining 30 % of the IR pulse were directed
towards a delay stage9 with « 7 fs time error and afterwards coupled back in the vacuum chambers
to travel along the XUV pulse towards the interaction region.

Overall, two CDI experiments were carried out for this thesis, where the only differentiator between
both experiments is the intensity and focus size of the IR pump laser in the interaction region.
The first experiment uses an IR beam intensity of « 2 ˆ 1014 W cm´2 and the second experiment
uses a lower IR laser intensity of « 9 ˆ 1012 W cm´2. Nomenclature, in this thesis is, that the first
experiment is referred to as the intense IR pulse configuration, while the second experiment is termed
the moderate IR pulse configuration.

6A Pockels cell essentially is a voltage controlled wave plate using the Pockels effect.
7Please see section 1.6 concerning the choice of nomenclature
8The layout is identical to the one used in Rupp et al. (2017)
9Newport UTS150CC: https://www.newport.com/f/mid-travel-steel-uts-motorized-linear-stages

https://www.newport.com/f/mid-travel-steel-uts-motorized-linear-stages
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Figure 3.9: Individual contributions of the 11th, 13th, 15. and 17th harmonic to the overall XUV intensity.
For each shot, an XUV spectrum was recorded, via a grating spectrometer placed 30 mm downstream from
the scattering detector. The spectrally resolved XUV light was then recorded by a MCP / phosphor screen /
camera setup, see section 3.3.4 for details. A typical spectrally resolved image can be seen in the inset showing
the first order maxima of each harmonic. The integral along the y-axis over all these images is plotted as a
black dashed line and labeled data. The intensity contributions is calculated after, first, correcting the x-axis for
the geometrical setting and, second, fitting a Gaussian function for each harmonic contribution. The area under
all Gaussian’s is considered the total intensity and the area under each of the fits is the individual contribution.

In the interaction region, the laser pulses interacted with individual superfluid helium nanodroplets
that were generated using a cryogenically cooled pulsed Even-Lavie valve maintained at a tempera-
ture between 4.9 to 5.7 K. The scattered laser light was then collected by a MCP / phosphor screen /
camera setup.

Ion spectra were taken in parallel using a time-of-flight (TOF) mass spectrometer. Furthermore, the
un-scattered fraction of the XUV beam was guided through the scattering detector towards an XUV
spectrometer consisting of a slit and a flat-blaze grating, with which the spectral composition of the
multi-color XUV beam was recorded using a second MCP / phosphor screen / camera setup.

This section presents the concrete experimental setup, where first in section 3.3.2 and 3.3.3, the laser
system and the high throughout beamline are introduced. Then, in section 3.3.4 the breadboard,
which hosts the scattering detector as well as the XUV spectrometer is presented, after which, the
detectors for the scattered light, the ion spectra and the XUV spectrum are presented in more detail
in section 3.3.5, 3.3.6, and 3.3.4, respectively.

Finally, the helium nanodroplets delivery system, consisting of the cryo-cooled source is presented
in section 3.3.7.

3.3.2 The laser system and high harmonic generation setup

The laser system used for all experiments in this thesis was a commercially available cryo-cooled
Ti:Sa laser amplifier (KMLabs Red Dragon10), which was tuned to a central wavelength of 798 nm
with a full width at half maximum (FWHM) of 50 nm, a pulse energy of 20 mJ and a duration of
35 fs at a 10 Hz repetition rate.

10https://www.kmlabs.com/product/reddragon-30w/

https://www.kmlabs.com/product/reddragon-30w/
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The central wavelength was not be measured during the experiment, but a recent previous ex-
periment using this laser system for HHG measured the photon energy of the 13th harmonic to
be 20.2 eV, which sets to central frequency to 798 nm11. The implications of this uncertainty are
thoroughly discussed in section 6.3.11. The pulse energy was measured using an Ophir high energy
pyroelectric sensor12

The KMLabs Red Dragon is based on multiple stages of multipass amplification, see section 3.2.3,
and can theoretically drive up to 50 W of average power. This setup was also used in Schütte et al.
(2018, 2016).

The Ti:Sa laser amplifier design is based on a combination of a Ti:Sa power amplifier and an optical
parametric amplifier, whose idler pulse need to be in-sync with the incoming laser pulse from the
first stage. Triggering the idler was done via a photodiode that was placed in the power amplifier
and delay generator13 that timed the idler pulse. However, during the experiment, the laser system
suffered from a timing jitter of unknown origin, leading repeatedly to both amplifiers being out-
of-sync and the resulting laser pulse being without a sufficient amplification for HHG-creation.
Therefore, this jitter had to be manually corrected in regular intervals. These correction steps, or
when they became necessary, imprinted themselves on the data we took and required additional
filtering of the raw data. This is discussed in section 3.4.3.

After the Ti:Sa laser amplifier, the beam was split using a 30/70 beam splitter, where 70 % (« 12 to
14 mJ) were used for HHG-creation and 30 % were used as a pump pulse. For nomenclature, the
beam path that was used for HHG-creation is subsequently called the probe arm, whereas the beam
path used for the pump pulse is called the pump arm.

For HHG-creation the beam on the probe am was loosely focused into the HHG cell using a spherical
broadband mirror with a focal length of 5 m. The HHG cell is a 100 mm long aluminum gas cell
that was filled with « 1.3 mbar of xenon gas. Since the optimization of the HHG process was to
maximize the XUV flux, the gas pressure in the HHG cell was subject to change throughout the
experiment. Monitoring the XUV flux was done by removing the slit from the XUV spectrometer,
described in section 3.3.4, and directing the diffracted zeroth order of the grating towards a MCP /
phosphor screen / camera setup.

Throughout the experiment, it was not possible to measure the pulse energy and the pulse length of
the XUV beam. We estimate these properties based on measurements in a previous experiment that
used the same beamline and a comparable laser source (Rupp et al., 2017). There, the XUV pulse
energy was measured with a calibrated photodiode to be « 2 µJ and an average power of 2 mW,
and the pulse length was estimated from a previous experiment using THz electron streaking to be
« 20 fs.

The harmonics that make up the XUV beam are the 11th (17.1 eV Ñ 73 nm), 13th (20.2 eV Ñ 61 nm),
15th (23.3 eV Ñ 53 nm) and 17th (26.4 eV Ñ 47 nm), where their individual contribution was mea-
sured throughout the experiment using the XUV spectrometer, described in section 3.3.4.

Figure 3.9 shows the individual contribution of each harmonic to the overall XUV signal. There,
the 13th and 15th harmonic are the most significant contributions, making up 79 % of the total XUV
signal.

11B. Schütte, MBI Berlin, personal communication, November 14, 2018
12Ophir energymeter PE50BB-DIF-C: https://www.ophiropt.com/laser--measurement/laser-power-energy

-meters/products/Laser-Pyroelectric-Energy-Sensors/High-Energy-Pyroelectric-Sensors/PE50BB-DIF-C
13Stanford DG645: https://www.thinksrs.com/products/dg645.html

https://www.ophiropt.com/laser--measurement/laser-power-energy-meters/products/Laser-Pyroelectric-Energy-Sensors/High-Energy-Pyroelectric-Sensors/PE50BB-DIF-C
https://www.ophiropt.com/laser--measurement/laser-power-energy-meters/products/Laser-Pyroelectric-Energy-Sensors/High-Energy-Pyroelectric-Sensors/PE50BB-DIF-C
https://www.thinksrs.com/products/dg645.html
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Figure 3.10: Shown is the beam path (a) and the CAD drawing (b) of the high throughput beam line facilitating
three toroidal mirrors (TM1, TM2, TM3) and flat mirror (FM) organized in a z-shape configuration. The
distances are: p1 = 5 m, c1 = 40 mm, q1 = 230 mm, p2 = 450 mm, q2 = 585 mm. Adapted with permission
from Monserud (2020).

3.3.3 Microfocusing setup and in-coupling of the IR pulse

The high throughput XUV beamline was set up as part of the doctoral thesis of Nils Monserud
at the MBI in Berlin (Monserud, 2020). The design is schematically shown in figure 3.10 a), and
the accompanying CAD drawing is shown in b). The microfocusing design is based on three gold-
coated, grazing incidence (10°) toroidal mirrors (TM1, TM2, TM3), and a flat Mo/Si mirror arranged
in a z-shape configuration (Monserud, 2020; Rupp et al., 2017). The XUV transmission is about 10 %.
The design is based on the work by Frassetto et al. (2014); Poletto, Frassetto, Calegari, Trabattoni
and Nisoli (2013), to achieve a demagnification factor of « 25 while keeping coma-aberrations low.

In order to collimate the XUV beam, the TM1 optic (radii 57.6 mm ˆ 1735 mm) is placed 5 m after the
HHG cell. The collimated beam is then guided towards the TM2 optic (radii 2650 mm ˆ 79.9 mm),
passing the FM optic. Finally, the TM3 optic (radii 3620 mm ˆ 109.2 mm) focuses the beam into the
interaction region.

The TM2 and TM3 optics have each a focal length of 230 mm and 585 mm. The TM3 optic is placed
680 mm further along the beam path to accommodate for the coma-aberrations introduced by the
TM2 optic. All toroidal optics are mounted on vacuum compatible piezo five-axis stages, enabling
them to be adjusted for beam height, lateral movement, up/down-stream movement, and to adjust
the pitch and roll (Monserud, 2020).

The XUV focal spot size achieved with this set-up was measured by Nils Monserud as part of his
doctoral dissertation in collaboration with the group of Luca Poletto, see also Rupp et al. (2017),
via monitoring the fluorescence on a Cs/YAG screen placed in the focal plane, to be 9 µm ˆ 10 µm,
which leads to an XUV intensity of 3 ˆ 1012 W cm´2.
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Figure 3.11: Shown is the
in-coupling alignment of
the IR beam using a ho-
ley mirror. a and d show
the different positions of
the IR beam on the ho-
ley mirror. b and e cor-
respond to the profile of
the IR beam on the probe
arm in the focus, and c
and f correspond to the
profile of the IR beam
on the pump arm in the
focus. Taken with per-
mission from Monserud
(2020).

Not shown in figure 3.10 is the thin Al filter (100 nm) just before the TM1 optic, to filter out the
co-propagating IR beam on the probe arm. An Al filter filters out almost all of the IR irradiation,
while retaining «85 to 90 % of the generated high harmonic XUV radiation (Henke et al., 1993).

Before coupling-in the pump IR, it was guided onto a delay stage14. The here used stage has a
guaranteed bi-directional repeatability of 0.8 µm. A schematic of the setup of the delay stage is
shown in figure 3.12.

Now, in figure 3.10 b), the inset shows how the IR beam on the pump arm was coupled in directly
after the TM1 optic, where the original design for coupling-in the IR beam was to use a holey
mirror15, which is common practice for collinear in-coupling of two laser beams (see, for example,
Heyl et al., 2014).

Figure 3.11 a shows the concept. The IR beam is widened, while the XUV beam is guided through
the hole. The IR beam then collinearly propagates along the XUV beam.

However, after establishing spatial overlap between the IR pulses from the pump and the probe
arm using the TM1 to TM3 optics and measuring the beam profile16 in the focus for both IR pulses,
the resulting profiles were highly asymmetric in shape, see figure 3.11b and c.

Therefore, it was decided to couple-in the IR beam non-collinearly, as shown in d, to avoid these
asymmetries in the focus, e and f. This has the downside that the XUV beam and the IR beam only
spatially align in the focal spot and diverging everywhere else. The implications of this are further
discussed in section 3.4.4.

After IR alignment, the pulse energies in the focus for both IR configurations were measured to be
1.6 mJ for the intense and 0.4 mJ for the moderate configuration. This, in combination with a focal
size of 70 µm, and 200 µm, respectively, yields a fluence of 2 ˆ 1014 W cm´2 for the intense and
9.2 ˆ 1013 W cm´2 for the moderate IR configuration.

14Newport UTS150CC: https://www.newport.com/f/mid-travel-steel-uts-motorized-linear-stages
15Here: A 50 mm flat broadband multi-layer mirror with a 5 mm hole, drilled under a 65° angle
16Using an Ophir Spiricon SP920G Beam Profiling Camera: https://www.ophiropt.com/laser--measurement/beam

-profilers/products/Beam-Profiling/Camera-Based-Beam-Profiling-with-BeamGage/SP920G-Beam-Profiling
-Camera

https://www.newport.com/f/mid-travel-steel-uts-motorized-linear-stages
https://www.ophiropt.com/laser--measurement/beam-profilers/products/Beam-Profiling/Camera-Based-Beam-Profiling-with-BeamGage/SP920G-Beam-Profiling-Camera
https://www.ophiropt.com/laser--measurement/beam-profilers/products/Beam-Profiling/Camera-Based-Beam-Profiling-with-BeamGage/SP920G-Beam-Profiling-Camera
https://www.ophiropt.com/laser--measurement/beam-profilers/products/Beam-Profiling/Camera-Based-Beam-Profiling-with-BeamGage/SP920G-Beam-Profiling-Camera
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Figure 3.12: Shown
is a schematic of the
delay stage setup. The
here used Newport
UTS150CC stage has a
guaranteed bi-directional
repeatability of 0.8 µm.
Taken and modified
with permission from
http://crasy.org/
WP/archives/
567-09-2015-xk3
(Visited on October. 4th.
2020).

3.3.4 Breadboard and vacuum chamber

An aluminum plate with periodically drilled threads is used as a basis for the experimental setup.
This metal plate is called breadboard. Figure 3.13 a) shows a CAD rendering of the fully equipped
breadboard. The orientation of the board in figure 3.13 a) is that the pulse travels from bottom to
top. The laser pulse first passes two apertures for straylight reduction that are placed 157 mm and
51 mm in front of the interaction region with radii of 2.35 mm and 0.75 mm.

In the interaction region, the helium nanodroplets are brought-in sideways, while the TOF ion mass
spectrometer is top-mounted. The scattered light is then collected by a MCP / phosphor screen
/ camera setup, where the camera (not shown in figure 3.13 a)), is top-mounted and is directed
towards an out-coupling mirror that is mounted directly behind the MCP / phosphor screen at a 45°
angle. The MCP / phosphor screen stack is termed for simplicity the scattering MCP, and is placed
36 mm behind the interaction region. The scattering MCP has a drilled hole at its center to allow the
laser to be guided pass it. The TOF spectrometer, the scattering MCP, and the helium nanodroplet
source are discussed in detail in section 3.3.5, 3.3.6 and 3.3.7, respectively. Behind the scattering
detector, 300 mm behind the interaction region, a stainless steel 50 µm slit is mounted in front of a
flat-blaze Gold grating, with a grating constant of 600 grooves mm´1, blaze wavelength of 120 nm
and blaze angle of 2°. The diffracted light is then guided out of the vacuum chamber towards a
second MCP / phosphor screen / camera setup for final recording. It should be noted, that the Gold
grating was not optimized for the XUV wavelengths with which we were using it, but for usage
with ultra-violet (UV) light (Monserud, 2020). It was mostly chosen for being an affordable piece of
equipment that works with the wavelengths that we produce. The ensemble of the slit, the grating,
and the MCP / phosphor screen / camera setup is referred to in this thesis as the XUV spectrometer,
where the MCP / phosphor screen stack is termed the spectral MCP.

The apertures and the scattering MCP are mounted on vacuum compatible linear piezo encoder
stages, whereas the slit in front of the grating, as well as the grating, are mounted on a vacuum
compatible DC open-loop stage.

Figure 3.13 b) shows a photograph of the mounted setup in the vacuum chamber, where the camera
is directed towards the helium nanodroplet source.

In figure 3.13 c), a large rendering of the complete setup is given. There the position of the TOF ion
mass spectrometer (details in section 3.3.5), the two smaller turbo-molecular pumps with pumping
speeds of each up to 345 l s´1 for N2, the large turbo-molecular pump with a pumping speed of up
to 1600 l s´1 for N2 and the cryo-cooled helium nanodroplet source (Detais in section 3.3.7) along
with its differential pumping stage and the skimmer are shown.

http://crasy.org/WP/archives/567-09-2015-xk3
http://crasy.org/WP/archives/567-09-2015-xk3
http://crasy.org/WP/archives/567-09-2015-xk3
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Figure 3.13: Shown is a CAD rendering of the breadboard (a) along with a photo of the mounted setup (b) and
a large rendering of the complete setup with annotations (c).

Using this vacuum setup and without doping the nanodroplets with xenon, we maintained a
gas pressure between 1.5 ˆ 10´7 to 6.5 ˆ 10´8 mbar during the experiment. When doping the
nanodroplets with xenon we maintained a gas pressure between 5 ˆ 10´6 to 1 ˆ 10´6 mbar. Doping
was done by letting xenon gas directly into the main chamber, without a dedicated pick-up chamber.

3.3.5 TOF detector characteristics & digitizer

The working principle of a time-of-flight (TOF) spectrometer is that ions enter a homogeneous
electric field and pick-up kinetic energy. After some additional flight time in a field free region,
they are collected by a time-resolved detector. In general, the ions’ velocity depends on their mass
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Figure 3.14: Shown is the schematic of the TOF. The
left image shows a cut of the rendered 3D-model
along with annotations. The right image is a photo-
graph of the fabricated TOF spectrometer. The device
was built as part of the Master’s thesis of Heilrath
(2018). Taken from there with permission. This TOF
spectrometer was also used in (Sauppe, 2020).

and charge and recording their arrival times is proportional to either17 the fragments’ initial kinetic
energies or their start positions in the setup.

In the here used and most simplest case, the TOF spectrometer consists of only one electrode for the
ions to gain kinetic energy, then a long field-free drift tube, in which the species spatially separate
themselves depending on their charge / mass ratio, and then a detector, which measures the flight
time. The TOF spectrometer was built as part of the Master’s thesis of Heilrath (2018). A 3D-model
is shown in figure 3.14.

The TOF spectrometer is placed so that the interaction region is between the positively charged
electrode (called the repeller plate) and the less positive, or grounded, or even negative charged
second electrode (the extractor plate). When negatively charged, the extractor plate effectively works
as an electrostatic lens for ions. However, in this experiment, the repeller plate voltage was set to
2 kV, while the extractor plate was grounded.

Detection of the ions, after their free-flight period, is realized using a MCP18, where the output signal
was digitized using a high-speed digitizer19 with a resolution of 0.5 ns. A negative electrostatic field

17This depends on the way how the TOF is constructed, both versions are possible
18Hamamatsu MCP F4655-13: https://www.hamamatsu.com/resources/pdf/etd/MCP_TMCP0002E.pdf
19U1065A 10-bit quad-channel, 2-8 GS/s DC282 high-speed digitizer: https://www.keysight.com/en/pd-1184897-pn

-U1065A/acqiris-10-bit-high-speed-cpci-digitizers

https://www.hamamatsu.com/resources/pdf/etd/MCP_TMCP0002E.pdf
https://www.keysight.com/en/pd-1184897-pn-U1065A/acqiris-10-bit-high-speed-cpci-digitizers
https://www.keysight.com/en/pd-1184897-pn-U1065A/acqiris-10-bit-high-speed-cpci-digitizers
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of ´1.7 kV is applied to the front of the MCP detector, which further accelerates the ions (Heilrath,
2018; Sauppe, 2020).

Table 3.2 summarizes all technical specifications that were used in the experiment.

Upon detection, the ions travel through three regions in the TOF spectrometer in which they are
either accelerated (between the extractor and the repeller plate), are in free flight (in the drift tube),
or are getting accelerated again (before detection). Therefore, the relation between the flight time
and the mass / charge ratio of the detected ions with initial kinetic energy of zero is given by
(Sauppe, 2020):

ttof = ti + td + tdet
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where si is the start point, di is the distance between si and the drift tube, Ui is the voltage applied
on the repeller plate, sd is the drift length, sdet is the distance to the detector, and Udet is the voltage
applied on the detector.

Equation 3.12 shows that if all applied fields are static and if all ions have zero initial kinetic energy,
then the time-of-flight is only dependent on the square root of the ratio between the ionic mass and
its charge. However, for resolving the non-zero initial kinetic energies of ions, full simulations of the
whole TOF apparatus are needed for calibration, which were not carried out in this thesis. Therefore,
only a qualitative assessment of the recorded ion flight-times is done in this thesis.

3.3.6 MCP scattering detector characteristics & corrections

A micro-channel-plate (MCP) essentially is a slab made of an austenitic nickel-chromium-based
superalloy called Inconel (Hamamatsu Photonics K.K., 2019), with tightly packed holes placed on it.
The slab becomes useful when a gradient electric field is applied between the front and the back of
the detector, as then every hole in the MCP effectively acts as an electron multiplier if an incident
electron enters such a hole. This is schematically shown in figure 3.15 b). Here, a photoelectron from
the front of the MCP, elevated by a diffracted XUV photon, acts as the incident electron.

Table 3.2: Technical specifications of the TOF spectrometer during the experiment.

Multi-channel-plate
I MCP 14.5 mm
I single channel 4 µm
Bias angle 12°
Gain ą 1 ˆ 106

FWHM output signal 2.4 ns

Digitizer
Bandwith 2 GHz
Sampling rate 2 to 8 GS s´1

Bit depth 10 bit
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Figure 3.15: Shown is the schematic of the micro-channel-plate (MCP) / phosphor screen stack in a) and the
working principle of the MCP in more detail in b). Figure taken from Hecht (2018), which is adapted from
Bolton et al. (2014); Hamamatsu Photonics K.K. (2019).

The work function of nickel and chromium is around 4.5 to 5.4 eV, which means that the detector is
transparent to IR irradiation20 and only detects the XUV light in the experiment.

The amplification that a MCP can achieve is mostly dependent on the ratio between the channel
length L, the diameter d, and a gain factor G:

g9e
L
d G.

G is material-, and voltage-dependent, where it scales exponentially with the applied voltage (Hecht,
2018; Landen, Bell, Satariano, Oertel and Bradley, 1994).

For every MCP there are incident angles under which a photon is either striking the channel wall
at the very end or not at all. The angle where a photon would not collide with the channel wall is
called the bias angle, and it marks an area on the detector where sensitivity to incoming photons is
near zero.

Figure 3.15 a) shows the MCP / phosphor screen stack that is used in this experiment. Two MCPs
are placed directly behind each other, where the channel’s orientation is chosen so that they form a
V. This is called Chevron configuration. This way, a higher gain can be reached without saturation
effects become dominant. Saturation of a channel sets in if the photoelectron density within the
channel is so high that their electrostatic potential non-negligibly modifies the kinetic energies of
subsequently elevated photoelectrons (Hamamatsu Photonics K.K., 2019; Hecht, 2018), and the
longer one channel is, the stronger this effect gets.

After the cascade of electrons exits the MCP they are accelerated again by a 3 kV static field and
guided towards a phosphor screen of type P43, which transforms the incoming current to visible
light around 545 nm at maximum intensity (Hamamatsu Photonics K.K., 2019). The light is then
guided towards an aluminum-coated glass mirror, which is mounted under a 45° behind the
phosphor screen. This mirror re-directs the light toward an out-of-vacuum Basler ace camera
with 12 bit pixel depth and 2048 px ˆ 1088 px spatial resolution. Table 3.3 summarizes all relevant
technical specifications for the scattering detector.

20This is only valid without any strong-field effects, like multiphoton ionization (MPI) or optical field ionization (OFI)
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Figure 3.16: Shown is an example diffraction image
that was recorded with the scattering MCP. The cen-
ter hole, bias angle region, TOF spectrometer shadow
as well as the direct IR laser irradiation are marked
by arrows.

Furthermore, the MCP has a drilled center-hole with a diameter of « 3 mm, for the XUV beam to be
guided past the detector.

For this thesis, the scattering detector is placed 37 mm away from the interaction region, which,
in combination with a radius of 37.5 mm, yields a maximal scattering angle of « 45° that can be
recorded.

Figure 3.16 shows an exemplary scattering image recorded throughout the experiment. Besides the
already mentioned bias angle area and center hole, two additional areas need to be highlighted.
The first one is the dark spot near the center hole termed direct laser irradiation. There, the IR laser
directly struck the detector. This was unavoidable due to the non-collinear in-coupling of the IR
beam described in section 3.3.3. The second area is termed TOF shadow. Due to the experiment’s
geometry in the vacuum chamber, the TOF spectrometer’s extractor plate casts a shadow on the
detector.

As this thesis employs a semi-qualitative analysis of the recorded scattering images, the absolute
intensities are not of relevance and complicated detector corrections, that address the inert nonlin-
earity response of the MCP detector, can be ignored (see, for example, Hecht, 2018). Instead, only
the spherical detector-correction was carried out. As diffracted light scatters from a point-source,
the scattering angle is distributed on a curved detector, not on a flat one used in the experiment.
Trigonometric considerations yield a cos3 (θ) correction, for the scattering angle θ. A measured value

Table 3.3: Technical specifications of the MCP / phosphor screen stack. Table is adapted from Sauppe (2020).

Multi-channel-plate
I MCP 77 mm
I center hole 3 mm
I single channel 25 µm
Gain ą 1 ˆ 106

Bias angle 8°

Phosphor screen
Phosphor type P43
I phosphor screen 75 mm
Emitted wavelength at max intensity 545 nm
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Figure 3.17: Shown is the schematic of a supersonic jet expansion through a conical nozzle. a) is adapted from
figure 2.10 in Rupp (2016) and b) from Belan et al. (2010); Even (2015).

for θ on the flat detector, therefore, needs to multiplied by cos3 (θ) (see for a in-depth derivation, for
example, Dörries, 2018).

Furthermore, after a helium nanodroplet is struck by the laser pulse, very fast electrons and
comparably slow ions will hit the detector after the scattered light. To repel the fast electrons, the
front of the MCP is negatively charged, which in return attracts the slower ions. However, as the
ions arrive at the detector only after few ns, the voltage at the MCP front is switched off after fewer
ns, using a high-speed gating switch21. This way, the ionic signal that arrives at the MCP is not
amplified and, thereby, does not appear in the recorded scattering images. The high-speed gating
switch was triggered using a delay generator22 that itself was triggered via an ultrafast photodiode
placed in the beam path of the probe arm.

3.3.7 Cryo-cooled helium source, xenon pickup and skimmer chamber

The general idea is that a conical nozzle sitting behind a pulsed Even-Lavie valve produces the
superfluid helium nanodroplets via a free-jet expansion of helium gas (6.0 purity (Tanyag et al.,
2018)), after which the nanodroplets usually travel through a pick-up chamber where they collect the
dopant xenon atoms. Finally, a skimmer guides the central part of the nanodroplet beam towards
the main experimental chamber, without it being disturbed by the Mach disk. Schematically, but
without the xenon pick-up, this is shown in figure 3.17 a).

Gaseous helium with a stagnation pressure p0 and temperature T0 are kept in a reservoir, where the
velocity distribution is proportional to the square root of the stagnation pressure. The experimental
vacuum chamber maintains a much lower background pressure pbck, which, when the valve opens
for a brief moment, results in a gas beam emanating from the reservoir. This gas beam is almost
exclusively in the forward direction, and the expansion into the large volume of the experimental
chamber results in the fast cooling of the gas beam. The relation between pressure and temperature
is in an adiabatic picture given as:

Tγ pγ´1 = Tγ
0 pγ´1

0
!
= const.

Before the formation of the nanodroplets, various turbulence effects, such as shockwave fronts,
would disturb the gas beam and prohibit nanodroplet build-up. This is motivated in figure 3.17 a)

21Behlke HTS 30: https://www.behlke.com/pdf/30-08-uf.pdf
22Stanford DG645: https://www.thinksrs.com/products/dg645.html

https://www.behlke.com/pdf/30-08-uf.pdf
https://www.thinksrs.com/products/dg645.html
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Figure 3.18: Pressure-
temperature phase
diagram for helium for
a stagnation pressure of
20 bar. The dashed lines
correspond to various
isentropes, denoted by
T0. The locus of sonic
points describes the pres-
sure and temperature
at the opening of the
valve when transitioning
from sub- to supersonic
expansion. Figure taken
from Buchenau et al.
(1990).

using the concept of the Mach number M, which is the ratio of the gas flow velocity and the local
speed of sound. If M is larger than 1, the gas particles move faster than momentum can spread
across the medium. At M = 0, a shockwave front, inducing local turbulence, evolves. After this
shockwave front, the Mach disk, gas particles could heat up again, as momentum transport catches
up.

The position of the Mach disk can be estimated by dMach = 0.65d
a

p0/pbck. In order to suppress the
appearance of the Mach disk, a differential pumping stage can be used to reduce pbck to a value
where dMach is behind the interaction region. Furthermore, it is beneficial to cut-out the central part
of the gas beam, the coldest part, using a so-called skimmer. A skimmer is a narrow cone with a
small opening at the front. The concept is schematically shown in figure 3.17 a).

In this experiment, an Even-Lavie valve is used (Even, 2015). It is specially designed for high-
repetition operation modes at ultra-low temperatures (Even, 2015; Langbehn, 2020), and has been
already used in Langbehn (2020); Langbehn et al. (2018); Rupp et al. (2017). The helium nanodroplets
source was designed and built by Bruno Langbehn as part of his Master’s project (Langbehn, 2015).

In order to understand nanodroplet formation, isentropic lines in a pressure-temperature phase
diagram, that describe the adiabatic expansion of the helium gas, are shown in figure 3.18. There,
both axis are logarithmically scaled, which means an isentropic line for an ideal gas is a straight
line. The inlay in the lower right corner shows a sketch where the so-called locus of sonic points is
evaluated, which is the boundary between sub- to supersonic expansion. Besides being gaseous,
solid and fluid, helium has a fourth, superfluid, phase termed He II, which is bordered by the λ-line
at around Tλ = 2.17 K for most pressures (Fiszdon, 1991; Higgins et al., 1996; McKellar, Xu and
Jäger, 2006; Tanyag et al., 2018; Wilks and Fairbank, 1968), see also section 3.3.2.

In helium the adiabatic gas expansion is only linear - and, thereby, can be described by the ideal
gas equation - for high initial temperatures. For lower values of T0, the isentropes are elongated
towards the vapor-pressure-curve. Depending on T0, three regimes for nanodroplet formation can
be identified, which are indicated above the top x-axis.

Regime I: For high initial temperatures, helium behaves like other rare-gases. The gas starts-out
at a stagnation condition p0 and T0 and moves on the isentropic line via adiabatic expansion
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towards lower temperatures and pressures. Nanodroplet formation occurs mainly via conden-
sation of the gas (Tanyag et al., 2018). This regime is called the subcritical regime (Langbehn,
2015; Tanyag et al., 2018).

In this regime, helium nanodroplets can form with sizes around ă N ąÆ 3 ˆ 104 (Langbehn,
2015).

Regime II: In this regime, all isentropes come very close near the critical value of helium of 5.2 K
(Tanyag et al., 2018), where nanoparticle formation is determined by spontaneous gas-liquid
separation processes (Langbehn, 2015).

Regime III: At values for T0 firmly below 5.19 K, the helium is liquid initially and expands towards
the vapor-pressure-curve, where upon crossing gas-cavities inside the nanodroplet form that
lead to an efficient fragmentation of large drops of liquid helium into helium nanodroplets
with sizes of ă N ąÇ 3 ˆ 104 (Langbehn, 2015). This regime is called the supercritical regime,
where the fragmentation mechanism is called Rayleigh breakup (Langbehn, 2015; Tanyag et al.,
2018).

In this regime, the formation of helium nanodroplets with sizes up to ă N ą= 1 ˆ 1010to1 ˆ 1012

were observed for initial temperatures below 4.2 K (Grisenti and Toennies, 2003; Langbehn,
2015)

The size distribution of nanoparticles formed in regime I is usually the superposition of an ex-
ponential and an log-normal distribution, where smaller nanoparticles (for example low-order
oligomers), exhibit an exponential distribution, while larger nanoparticles exhibit a log-normal
distribution (Hagena, 1992; Rupp, 2016; Yamada, Matsuo, Toyoda and Kirkpatrick, 2001). For helium
nanodroplets formed in regime III, an exponential distribution is expected (Henne and Toennies,
1998; Langbehn et al., 2018), see also figure 3.24.

In the given experiment, nanodroplet formation can be described with the framework in regime III.
The gas reservoir was cooled down to 5.4 K using a closed-cycle cryostat23. The Even-Lavie valve
was operated at 10 Hz, with a trumpet-shaped nozzle (throat diameter: 100 µm, half opening angle:
20°) and a stagnation pressure of 80 bar. The pressure in differential stage between the skimmer
chamber and the helium source was kept at 1 ˆ 10´3 mbar.

The helium source was triggered using a delay generator24 that itself was triggered via an ultrafast
photodiode placed in the beam path of the probe arm.

Table 3.4 summarizes all specifications for the here used helium nanodroplet source.

Furthermore, doping of the helium nanodroplets was done by filling the main experimental chamber
with 5 ˆ 10´6 to 1 ˆ 10´6 mbar xenon gas. The probability that a helium nanodroplet picks up an
atom by traveling through a gas of the species is expressed via the pick-up cross-section, where in
the case of helium nanodroplets, the pick-up cross-section is almost identical to the geometrical
cross-section (Shcherbinin, 2019; Tanyag et al., 2018). Assuming the pick-up cross-section is constant,
the probability for picking up k number of atoms can be approximated by (Lewerenz, Schilling and
Toennies, 1993; Shcherbinin, 2019; Stienkemeier and Lehmann, 2006):

Pk (z) =
zk

k!
e´z, (3.13)

23Sumitomo RDK-205E: http://www.shicryogenics.com/products/4k-cryocoolers/rdk-205d-4k-cryocooler
-series/

24Stanford DG645: https://www.thinksrs.com/products/dg645.html

http://www.shicryogenics.com/products/4k-cryocoolers/rdk-205d-4k-cryocooler-series/
http://www.shicryogenics.com/products/4k-cryocoolers/rdk-205d-4k-cryocooler-series/
https://www.thinksrs.com/products/dg645.html
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Figure 3.19: Shown is in a) a photograph of the IR out-coupling mirror directly after the TM3 optic and in b)
successful wave mixing between the IR pulse from the pump and the probe arm via a barium borate (BBO)
crystal after successful finding spatial overlap.

which is Poissonian in nature and where z is the average number of collisions between the nan-
odroplet and the dopant species. For an ideal dopant gas, z can be estimated by:

z = πr2
ndLcell

Pdop

kT
, (3.14)

where r2
nd is the radius of the nanodroplet, Lcell is the length where the nanodroplet can pick-up an

dopant atom, and Pdop is the pressure of the gas.

Using equation 3.14 along with the experimental conditions, the probability for a 400 nm nanodroplet
is maximal with 26 % for picking up 30 xenon atoms, and decreases to under 0.01 % for k ą 100.

Table 3.4: Technical specifications of the helium nanodroplet source.

Helium nanodroplet source
Temperature gas reservior 5.4 K
Stagnation pressure 80 bar
Valve type Even-Lavie
Operating speed 10 Hz
Nozzle type Trumpet
Nozzle throat diameter 100 µm
Nozzle half opening angle 20°

Skimmer & Differential stage
Opening size of skimmer cone 0.5 mm
Pressure differential stage 1 ˆ 10´3 mbar
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Figure 3.20: Aligning on the TOF IR signal for finding time overlap

3.4 Experimental procedure

3.4.1 Finding temporal and spatial overlap

In order to find temporal overlap, a two-step approach was used. The first step was for coarse
adjustment and involved out-of-vacuum overlapping of the IR pulse that traveled on the pump
arm and the one that traveled on the probe arm using a BBO crystal. The second step involved
optimizing the TOF ion signal on gaseous xenon that was placed in the main chamber.

For carrying out the first step, an additional mirror, called IR out-coupling mirror, was installed right
after the TM3 optic, see figure 3.19 a) and compare with figure 3.10. This mirror was attached to
manually adjustable one-dimensional manipulator which could drive the mirror in and out of the
beam path. When the mirror was in the beam path, it guided the laser pulse out-of-vacuum, where
a BBO crystal was placed in the focal area of the beam.

First, the attenuated IR pulses that were traveling on the pump and the probe arm were guided
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out-of-vacuum using the IR out-coupling mirror25. Then, a BBO crystal was placed by eye in the
focal region of both IR pulses 26, and the delay stage was moved in incremental steps to adjust the
timing of the individual pulses of the pump-IR beam. When the timing between the pulses of the
pump IR and the probe IR beam aligned, a second-order wave-mixing set in within the BBO crystal,
which results in second-harmonic generation, emitting photons at 400 nm. The second-harmonic
radiation was made visible using an UV laser viewing card that was placed roughly 1 m behind the
BBO crystal. A photograph of the successful wave-mixing alignment can be seen in figure 3.19 b).
There, the pump and probe IR are above and below the second harmonic radiation, as the pump IR
was coupled in non-collinearly, see section 3.3.3.

Following the BBO crystal alignment step, the IR out-coupling mirror was retracted, and both IR
beams were guided into the main experimental chamber. The main chamber was then flooded with
xenon gas for a more refined alignment using the TOF spectrometer, as both IR beams are intense
enough for MPI of atomic xenon.

First, spatial overlap was re-checked by comparing the Xe1+ ion fragments produced via MPI by
the individual IR beams from the pump and the probe arm. This can be seen in figure 3.20 a), where
the solid gray line shows the Xe1+ ion signal along the typical stable xenon isotopes AXe (Rupp,
2016; Sauppe, 2020). The dashed blue line shows the ion signal for Xe1+ for the IR from the pump
arm. First, the peaks are misaligned in terms of their flight times, and, second, they are not as high
as in the probe IR case. These two observations can directly be related to the overlap of both IR
beams in the focus spot, where the first is the vertical misalignment of the beam, and the second is
the horizontal misalignment.

This can be understood by considering the experimental setup depicted in figure 3.13. The TOF
spectrometer is placed on top of the interaction region. Therefore, longer or shorter flight times
for the same ionic fragment and produced by the pump IR mean that the pump IR hit the xenon
atoms below or above where the probe IR hit the xenon atoms. By adjusting the vertical alignment
of the pump IR beam, both ion signals’ flight times can be brought to match. Now, after the vertical
optimization of the pump IR, the horizontal orientation can then be linked to the height of the Xe1+

peaks, where the largest possible ion signal is desired.

From there, the spatial overlap is finer optimized by observing the changes in the Xe2+ and Xe3+,
signal when both IR beams are in the interaction region. If the best possible spatial alignment is
reached, then a substantial increase in Xe3+ is observed as then both IR pulses contribute to MPI of
the atomic xenon, which yields higher charge states than both individual IR beams could produce.

This can be seen in figure 3.20 b), where the solid gray line is the Xe2+ and Xe3+ yield from just
the probe IR beam and the solid blue line is from just the pump IR beam. In the left part of the
plot, where the Xe3+ charge states are shown, it can be seen that only the probe IR beam was strong
enough for producing Xe3+ when isolated in the interaction chamber. However, when the pump
and probe IR beam are together in the interaction region, the influence of changing the alignment
can be seen as the difference between the solid red (not aligned) and the solid green line (aligned).

The increase in Xe3+ signal is accompanied by a slight decrease in the Xe2+ signal, as the dominant
ionization pathway for the xenon atoms shifts in the case of higher laser intensities towards higher
charge states.

25For this, the aluminum filter in the first chamber of the beamline, compare figure 3.10, was put out of the beam path.
26Spatial overlap between both IR pulses were established prior to the experiment using the TM1 to TM3 optics and an

Ophir Spiricon SP920G Beam Profiling Camera which was placed in the focus
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Figure 3.21: Shown is the schematic of the limit of single-particle mode, Newton Rings. Adapted from Rupp
(2016).

This concludes the temporal and spatial alignment procedure. It must be noted that it was through-
out the experiment not possible to directly observe the XUV beam and align on the overlap between
the pump IR and probe XUV, we, therefore have to assume that the focal spot of the probe IR and
probe XUV beam match.

3.4.2 Single-particle mode

To ensure that only a single-particle is in the interaction region during laser-matter interaction, the
so-called single-particle mode must be established. Experimentally this is achieved by trimming
down the nanodroplets beam from the helium source to a point where the majority of recorded
shots show no diffraction patterns at all.

If then a diffraction pattern is collected the probability for it being the scattered light off a single and
isolated nanodroplets, is very high, as the probability of finding k particles in the interaction region
is a Poissonian distribution, which scales with the inverse of the factorial of k (Rupp, 2016; Rupp
et al., 2012). For example, in Rupp et al. (2012), in a single-shot single-particle CDI experiment at
the FLASH free-electron laser (FEL) on xenon nanoparticles, 70 to 90 % of all recorded hits using
the single-particle mode showed only patterns of a singular nanoparticle. However, up to 30 %
of the diffraction imaged showed structures that could be identified as a twin-nanoparticle, whose
individual distance was smaller than the Rayleigh limit in the experiment.

An interesting observation in the limit of single-particle mode is the appearance of the so-called
Newton Rings (Rupp, 2016; Rupp et al., 2012). Figure 3.21 shows a sketch of the situation in the
interaction region and a recorded diffraction image. The separated nanoparticles produce the
superposition of two diffraction images. These artifacts can, for example, be used for holographic
reconstruction of the diffraction image (Gorkhover et al., 2018).

3.4.3 Data acquisition, recording scheme & statistics

Data acquisition was realized using a custom data acquisition program called slartibartfast, which
was originally written for CDI experiments at the FLASH FEL in Hamburg in 2016 and has been
used in Heilrath (2018); Rupp et al. (2017); Sauppe (2020). The software collects the TOF spectrum
using the digitizer described in section 3.3.5 and two images from each of the two cameras that
were directed at the scattering MCP and the spectral MCP. The acquisition was triggered by the
same delay generator that was used for timing the helium source, see section 3.4.1, and resulted in
1 083 655 recorded shots overall.
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Figure 3.22: Recording
scheme for the delays us-
ing the intense (a) and
the moderate (b) IR inten-
sity. Data for the intense
IR intensity was recorded
on the 25 to 26th of
September in 2018, and
data for the moderate IR
intensity was recorded
on the 5th of October in
2018. Please note, that
the delay in (a) is in ps,
while the delay in (b) is
in fs.
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The scheme with which we recorded the different delays is shown in figure 3.22. In figure 3.22 a), the
x-axis is split between the two days where we recorded the data with the intense IR configuration.
The y-axis is in logarithmical scale due to different orders of delays we recorded, ranging from
´0.24 to 20.00 ps, where negative delays correspond to the scenario of the XUV pulse being the
leading pulse, preceding the IR pulse.

Figure 3.22 b) shows the recording scheme for data with the moderate IR intensity. There, data was
collected for delays between ´150 to 150 fs.

Table 3.5: Specifications of the helium nanodroplet dataset.

Helium nanodroplet dataset
Total number of collected shots 1 083 655
Total number of shots after filtering 244 528
Filtered shots in the moderate IR conf. 162 838
Filtered shots in the intense IR conf. 81 690
Average number of atoms per nanodroplet 6 ˆ 109

Average radius for a spherical nanodroplet 400 nm

Recorded delays in the moderate IR conf. ´150 fs, ´130 fs, ´110 fs, ´100 fs, ´90 fs, ´80 fs, ´70 fs,
´60 fs, ´50 fs, ´40 fs, ´30 fs, ´20 fs, ´10 fs, 0 fs, 10 fs,

20 fs, 30 fs, 40 fs, 50 fs, 60 fs, 70 fs, 80 fs, 90 fs, 100 fs,
110 fs, 130 fs, 150 fs, XUV only, IR only

Recorded delays in the intense IR conf. ´0.237 ps, ´0.066 ps, 0.000 ps, 0.133 ps, 0.266 ps,
0.533 ps, 1.096 ps, 1.426 ps, 2.666 ps, 8.094 ps, 20.003 ps,

XUV only, IR only
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Figure 3.23: Shown are
the recorded blocks for
the 100 fs delay with
the moderate IR inten-
sity configuration. Ev-
ery data point is the in-
tegral over the full scat-
tering detector, where a
smoothed curve is shown
as solid line and the
real values are semi-
transparent in the back-
ground.

Every scatter point corresponds to a recording block of roughly 5 min, which at 10 Hz, equals to
roughly 3000 shots.

The primary motivation for employing this recording scheme was to establish at least four recording
blocks for every delay and randomly distribute them across the course of the experiment to avoid
the imprint of experimental drifts, such as the variability of some laser properties.

For example, as discussed in section 3.3.2, the used laser system suffered from a timing jitter between
the idler pulse in the optical parametric amplifier and the IR pulse from the first amplifier stage,
which caused a slowly progressing reduction in IR flux, and thereby, XUV flux. The laser system
needed periodically to be checked and corrected, which caused a step function in XUV and IR
fluence. The effect is especially pronounced in the scattering images, where the diffraction images
slowly became dimmer, and, after attending to the laser, became very bright again.

This step-like behavior is shown in figure 3.23. There, the recording blocks for the 100 fs delay using
the moderate IR intensity configuration are shown as exemplary for all other delays. Every data
point is the sum of the pixel intensities across the full scattering detector, where a smoothed curve is
shown as a solid line, and the real values are semi-transparent in the background. The smoothed
line is a better guide for the laser trends, which sometimes behaved erratic, with several manual
interventions necessary for a single recoding block.

As we wanted to ensure the broadest possible inter-comparability between all recording blocks, we
only kept the shots whose sums were part of the highest plateau in each block. This is indicated
by the color-coding, which is cyan for the shots we kept and gray for the discarded shots. The
used algorithm employed a gradient calculation on the smoothed line, where a large gradient could
identify large jumps in the integrated signal. Using the plateaus’ so-derived boundaries, we kept
only the shots from the plateau with the highest absolute value.

Using this framework we ended up with 244 528 usable shots in total, where 162 838 belong to the
moderate IR configuration and 81 690 to the intense IR configuration. However, please note that an
additional metric is employed in this thesis for deriving the quality of a shot; this is discussed in
depth in section 3.5.

Usually, the size distribution of the nanoparticles can be estimated in two ways. First, via the
empirical Hagena scaling law (Buck and Krohne, 1996; Dorchies et al., 2003), which is, however,
only a very rough estimate on the mean nanoparticle size in the case of helium nanodroplets
(Langbehn, 2015). Depending on the size of the nanoparticles, their underlying distribution can
vary significantly, see discussion in section 3.3.7.
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Figure 3.24: Size distribution of helium nanodroplets in Langbehn et al. (2018), determined via Mie fits to
diffraction patterns.

A more straightforward approach is to fit the Airy patterns on the collected diffraction images using
Mie theory (Langbehn et al., 2018; Rupp, 2016). However, as in our experiment, the four dominant
harmonics from the 11th to the 17th beam produce the scattering patterns, we would need to fit a
superposition of four radial profiles in order to get to correct size of the nanoparticles. A similar
situation was faced in Rupp et al. (2017), where a Monte Carlo (MC) based Mie simulation approach
optimized simultaneously various harmonics to the scattering image via the Nelder-Mead method.
However, of the recorded 1762 bright diffraction images, only 18 were reconstructed by simulations,
which makes this approach not feasible for the given dataset.

Luckily, a complete dataset was fully characterized in Langbehn et al. (2018) using the same
helium source and source parameters. The there produced nanodroplet distribution should be
almost identical to the here produced one. Figure 3.24 shows the there obtained distribution along
an exponential fit in b) for obtaining the average number of helium atoms. The mean size was
determined to be 400 nm (ă N ą= 6 ˆ 109). Table 3.5 summarizes all specifications about the
dataset.

The next section now provides an error estimate on these delay times.

3.4.4 Error estimation on the delay times

Assuming that the temporal overlap in the focal spot after the preceding section’s procedure is
perfect still leaves the mechanical errors of the delay stage and the fact that we couple in the pump
IR beam non-collinearly as a source for uncertainty.

The used delay stage is a Newport UTS150CC, where Newport guarantees a bi-directional repeata-
bility of 0.8 µm. By design of the delay stage, schematically shown in figure 3.12, this range has to
be doubled, as the laser pulse travels first towards the stage and then away from the stage, before
being coupled into the vacuum chamber. Therefore, the temporal error due to the inert mechanical
limitations of the delay stage is the traveling time of light for this distance:

2 ˆ 0.8 µm
0.3 µm fs´1 = 5.3 fs.

Then, the angle with which the pump and the probe beam diverge can be deduced from the beam dis-
tance on the holey-mirror and the path length towards the focus as: arctan (8.45 mm/582 mm) = 0.8318°.
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Figure 3.25: Shown is a sketch for
how the error due to the non-
collinear incoupling is estimated.
xtotal is the distance that a laser beam
would travel in the same time it
takes the diverging beam to travel
x2 on the collinear beam path axis.

Now, figure 3.25 shows a sketch on how to estimate the temporal error due to the non-collinear incou-
pling. For a given traveling time, the on-axis difference can be estimated by x2 = xtotal (1 ´ cos (α)),
where as a conservative upper limit, the Rayleigh length zr = πw2

0/λ = π1225 µm/0.798 µm
«
ÝÑ 4.8 mm

of the here used IR beam can be used as xtotal , which yields:

x2 = 4.8 mm (1 ´ cos (0.8318°))

= 5.082 ˆ 10´4 mm Ñ 0.5082 µm, (3.15)

which is a difference in traveling time of:

0.5082 µm
0.2998 µm fs´1 = 1.6951 fs.

So, the total temporal error due to the characteristics of the experiment is 5.3 fs + 1.7 fs = 7.0 fs. In
the case of a perfectly aligned temporal overlap, this error remains intrinsic to the experiment.

It must be noted that this estimate only reflects the mechanical limitations of the experiment. Human-
made errors, and systemic error sources, such as the possible inability of the alignment procedure to
establish perfect alignment, are not considered in this estimate. The unknown, real error, is larger, in
doubt.

The next section introduces a metric employed in this thesis to derive a quality measure of a single
shot.

3.5 Determining the brightest shots

A procedure must be established to carry out the analysis of the experimental observations, that
filters out irrelevant samples from relevant samples within the dataset. The procedure that defines
and finds relevance within a sample is described in this section. Nomenclature is that one sample in
the dataset is termed shot. One shot in the dataset comprises of27:

• One diffraction image recorded by the scattering MCP, camera combination.

• One ion TOF spectrum recorded by the MCP TOF spectrometer, Acqiris high-speed digitizer
combination.

27Where Metadata as well as the data collected by the spectral MCP are ignored here, as they can be ignored for determining
the brightest shots
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If the recorded image within a shot shows a diffraction pattern, the shot is considered a hit. However,
not every recorded hit is accompanied by a TOF trace that is showing a spectrum. The dynamics
in the interaction region during interaction time can easily lead to shots consisting of either a TOF
trace, rich in spectral information, but with an empty diffraction image or vice versa. This can have
multiple reasons, like timing instabilities in gating the MCP detector that records the diffraction
image or a temporary misaligned overlap of the XUV and the IR pulse. Furthermore, the TOF
spectrometer slit aperture, see section 3.3.5, restricts the region where ions are detected to « 1 mm in
front of the aperture. This way even small misalignments can lead easily to an empty ion spectrum
with a well-defined diffraction image.

Moreover, if, for example, a nanodroplet is struck by only the XUV pulse and not the IR pulse,
it still produces a bright diffraction image but has almost no helium ion TOF signal and when
the nanodroplet is struck by only the IR pulse is has a substantial helium ion TOF signal but the
recorded image shows no diffraction pattern. Although this statement anticipates results from the
data analysis, it can be verified without knowledge of the analysis. The top panel in figure 5.1 shows
the average of all TOF traces recorded when the IR pulse and the XUV pulse was blocked. When
the IR is blocked, the TOF trace contains only minimal amounts of an ion signal, and when the
XUV pulse is blocked, the TOF trace is very rich in ion signal. Corresponding diffraction images for
both scenarios are plotted in figure 5.2, where the diffraction image is showing a bright diffraction
pattern in the case when the IR pulse was blocked and no such pattern when the XUV pulse was
blocked.

Therefore, the assumption is made that if the nanodroplet was struck by both pulses, regardless of
the delay between them, then the TOF trace should at least contain as much information as to when
the XUV pulse is blocked, and the diffraction image should be comparably bright as to when the IR
pulse is blocked.

This criteria is key for designing the routine in this section: A shot is then termed relevant when
the diffraction image and the TOF trace are containing information on the order of their isolated
counterparts in figure 5.1 and 5.2. To that ends, the metric here needs to take the combined quality
of the ion spectrum and diffraction image into account.

The procedure is, for lack of vacant Greek letters, termed κ sorting and introduces a quadratically
scaled score - called κ score - for obtaining a subset of the dataset whose samples consists of
scattering images and TOF traces deemed relevant according to the criteria discussed above.

The procedure is as follow:

1. For the scattering images, integrals are calculated by summing across all detector pixels,
excluding an area in the top half of the diffraction image where the shadow of the TOF
detector was present, and further excluding the area where both beams directly struck the
MCP scattering detector and where the detector is insensitive (The bias angle area, see section
3.3.6), see inlay in figure 3.26 a) for the used mask.

2. For the TOF traces, integrals are calculated by summing up the intensities for flight-times
where the helium ion fragments can be found. For calculating the integrals the ion fragments
for He2+ and the He1+ oligomers up to heptamer are used, see inlay in figure 3.26 b).

3. The integrated signals yield an exponential distribution when sorted for their values; see the
scatter plot figure 3.26 a) and b). A threshold is then defined that cuts off all shots whose
integrated signal has a value below the threshold. The remaining shots are then assigned a
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Figure 3.26: Intensity distributions and cutoff criterion for the detector signal as well as the ion TOF signal
for the 0 fs delay from section 6. Also, both plots show the position and scores of the examples defined in the
text and figure 3.27. Furthermore, the insets illustrate the calculated integrals: For the scattering image, all
pixel intensities are summed up that are within the white area of the mask (Right inset in a)). For the ion TOF
spectrum, the sum is calculated for the red shaded areas that correspond to the flight-times of He2+ (450 to
520 ns) as well as all He1+ fragments up to heptamer (Monomer: 665 to 765 ns, Dimer: 845 to 915 ns, Trimer:
990 to 1050 ns, Tetramer: 1120 to 1170 ns, Pentamer: 1230 to 1290 ns, Hexamer: 1340 to 1390 ns, Heptamer:
1445 to 1495 ns, see figure 6.2 for a full ion TOF signal waterfall plot showing all oligomers). In the inlay, only
oligomers up to the helium trimer are labeled in-axis for better readability. See the text for the full explanation.

linear score between 0 to 1. The threshold is defined arbitrarily. It just serves the purpose
of using a fixed percentage of the most intense shots; The mean plus the standard deviation
(STD) of the exponential distribution is used.

The threshold and the subsequent linear score are motivated in figure 3.26, there, in a) and
b) the number of shots (shown as scatter points) below the threshold are in gray, and shots
above the threshold are color-coded between black (0) and white orange (1). The color-coding
is fully shown in figure 3.27.

Figure 3.26 a) is showing the calculation for the diffraction images and b) shows the same
calculation but with the TOF traces. The chosen threshold results in 87.8 % of all diffraction
images and 90.7 % of all TOF traces being excluded from further analysis. For further analysis,
only the intersection between the shots that have not been cut-out, either due to a too dim
diffraction image or a too weak TOF trace, is used. All Shots whose diffraction image was too
dim or whose TOF trace is too weak are cut-out.

However, the question still remains: How to find the best - or most relevant - shot. For this, the
linear score is used.

4. So far, every shot that has not been cut-out has two scores between 0 to 1: One for the
diffraction image and one for the ion TOF trace. The desired κ score is just the product of
these two scores. For example, a shot consists of a very intense diffraction image and a
medium-strong TOF trace where both integrated signals are large enough to not being cut-out.
The linear score for the diffraction image part of the shot is 0.9 and for the TOF trace part 0.1.
Then the κ score is 0.9 ¨ 0.1 = 0.09. Such a κ score is calculated for all shots in the delay. In this
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Figure 3.27: Quadratically scaled sorting parameter κ for finding the optimal subset between the most intense
scattering images and the TOF spectra with the strongest helium signal. a) A sketch of the procedure and b) the
scaling of κ.

thesis, the most relevant shot is then the one with the highest κ score. Furthermore, the term n κ

brightest shots is used from here on and refers to the n shots with the highest κ score.

The motivation behind using the product of the linear scores is that if one of the two scores
is low, it penalizes the other. This enforces that only shots whose two linear scores are both
high - which translates to a bright diffraction image and a strong TOF trace - also receive a
high κ score. A thorough example is given below in the text to provide more intuition into this
process.

This procedure is done for every shot in every delay so that every recorded shot has a score that can
be compared to one another.

An example using three shots

An example using three shots from the 0 fs delay data is provided here for better intuition of the
process. The three shots are artificially overlaid in figure 3.26 and in detail shown in figure 3.27. The
color-coding in both figures is identical and always refers to a linear score between 0 to 1.

Shot 1 is coded green and has a very intense diffraction image (Linear score of 0.75 in figure 3.26 a),
but such a weak TOF trace that its integral is below the threshold and is being cut-out (Linear score
is then set to NaN in figure 3.26 b)).

Shot 2 has a medium-intense diffraction image (Linear score of 0.5 and a medium-strong TOF trace
(Linear score of 0.5, while shot 3 has an intense diffraction image (Linear score of 0.95 and a weak
TOF trace (Linear score of 0.2. The idea with shot 2 and 3 is to show how a weak contribution of one
of the two linear scores penalizes the other.

Figure 3.27 shows the κ calculation for all three shots: In a), the two individual linear scores for the
three shots are shown along a color-coded scale.
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Using this metric, the overall medium intense shot 2 ended up being considered more relevant -
having a higher κ score - then shot 3. This is the wanted outcome for this procedure, as the most
intense combination of a diffraction image and a TOF trace is the desired optimal shot.

This mutual penalization of both linear scores is highlighted by figure 3.27 b) where the overall
quadratic scaling behavior of the κ metric is indicated by the equidistant contour-lines showing κ

scores between 0.0 to 1.0 with a step-size of 0.1.
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Chapter 4

Deep learning for diffractive imaging

4.1 Introduction and structure of this chapter

Since this thesis is largely interdisciplinary, a significant share of it is computer science; dealing
with the field of deep-learning. This chapter bundles the deep-learning aspects and can be read as a
stand-alone but complements the remains of this thesis nonetheless. It aims to provide the necessary
knowledge to understand and apply techniques from deep- and machine-learning to the domain of
coherent diffraction imaging (CDI).

The motivation for this was born out of necessity; Recording too much data to analyze it manually
has become a problem that is on the verge of being not feasible anymore. Gone are the days were
a researcher can look through all recorded diffraction images in a viable amount of time. An
algorithmic solution is needed; We realized this in our experiments with noble gas nnanoparticles
(Rupp et al., 2014) and metal nanoparticles (Barke et al., 2015) and then saw that the community in
general also desired this (Lundholm et al., 2018). For example, for a successful 3D-reconstruction
from CDI data using the expansion-maximization- compression algorithm (Ekeberg et al., 2015;
Flamant, Le Bihan, Martin and Manton, 2016; Lundholm et al., 2018), it is necessary to sample the
3D Fourier space up to the Nyquist rate for the desired resolution and this for all types of particles
that are part of the study. The maximum achievable resolution, as well as the chance for successful
convergence of the algorithm, correlates directly with the number of diffraction patterns with a high
signal-to-noise ratio (Flamant et al., 2016).

Thus, massive data sets are taken, but in return, and as a consequence of the sheer amount of data, it
is getting increasingly complicated to find high-quality data subsets suitable for subsequent analysis
steps.

Generally, it is a problem in its own right to produce so much data and represents a severe bottleneck
for a researcher’s analysis. For example, with repetition rates of 120 Hz and hit-rates ranging from 1
to 30 % (Bostedt et al., 2016; Calvey, Katz, Schaffer and Pollack, 2016; Emma et al., 2010), the LINAC
Coherent Light Source (LCLS) can record thousands of hits in just one hour. Newer facilities, like
the European XFEL will have an even higher maximum repetition rate of 27 kHz (Schneidmiller,
2011; Tschentscher et al., 2017), which may add up to several million diffraction patterns during one
experiment. It is abundantly clear that an algorithmic solution is needed for data-handling.

Throughout the non-scientific world, deep neural networks (DNNs) spearheaded the recent A.I.
revolution revolution as a standout example for a new kind of algorithm that solves real-world
problems, like human-level image classification (He, Zhang, Ren and Sun, 2016a) or autonomous
driving of cars (Badue et al., 2019). In A.I. - or machine-learning - there are three so-called learning
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paradigms; Supervised learning, where ground truth label information is available1. Unsupervised
learning, where no such label information is available and reinforcement learning, where an algo-
rithm learns how to optimize its behavior in the presence of some environment, e.g., keeping a car
on the road rather than driving towards a river.

For example, supervised image classification scenario of everyday objects (House, Car, Human) are
more accurate than human labeling (He et al., 2016a). In this learning paradigm, the classification
problem we face in CDI is reduced to a mere domain adaptation from datasets used throughout
the industry to ones that are used in CDI research (Zimmermann et al., 2019). However, in the
unsupervised case, when no label information about the dataset is available, for example, during the
experiment or when starting with the analysis, there is no go-to solution for automatic sorting and
classification available. Unsupervised learning is considered one of the most challenging problems
in machine-learning; without any prior knowledge, it has been shown that it is unsolvable (Locatello
et al., 2019).

In this thesis, an introduction to the theory, training, evaluation, and application of DNNs within the
first two learning paradigms is given. A full adaptation of a supervised convolutional neural network
(CNN), called residual convolutional deep neural network (RCNN)(He, Zhang, Ren and Sun, 2015),
to the domain of diffraction data, is carried out and evaluated and an unsupervised approach using
a variational DNN model, called variational autoencoder (VAE)(Kingma and Welling, 2014), in
combination with traditional clustering and visualization algorithms are presented.

Both the supervised and the unsupervised case are yielding new state-of-the-art results.

So, in order to bridge the gap between CDI and deep-learning, the following work has been done
for this thesis:

• Using a supervised learning paradigm:

1. An exhaustive evaluation of multiple CNN architectures for the use-case with CDI data.

2. Novel architectural design changes to account for the specificities of diffraction image
data to optimize the models prediction capabilities.

3. Benchmarking the best-of-class architecture with various training dataset sizes to keep
the manual labeling work of a researcher to a moderate level.

4. A novel image augmentation to mitigate experimental artifacts, in particular image noise.

• Using an unsupervised learning paradigm:

1. Training an advanced variant of a VAE, called β-TCVAE (R. T. Q. Chen, Li, Grosse and
Duvenaud, 2018). This algorithm produces a low-dimensional representation for every
image, called latent space. In that regard, a VAE offers a unique way to transform an
image into a vector without losing image-specific information. This enables all subsequent
steps:

2. The latent space is directly visualized using another neural network-based approach,
namely a generative topographic mapping (GTM) (Bishop, Svensén and Williams, 1998),
which maps a high dimensional vector space to a two-dimensional topographic map.

3. The latent space is exhaustively scanned for detected features in the dataset. This is
possible because it is modeled as a probability distribution whose samples are Normal

1The ground truth is target information - label - provided to a model during training.
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distributed. Therefore, using the percent-point function (PPF) of a Normal distribution,
the latent space can be parsed for probable outcomes. Such probable outcomes correspond
to observed images by the VAE.

4. The latent space is clustered using a traditional clustering algorithm to obtain class
predictions. In this thesis, a gaussian mixture model (GMM) (G. E. Hinton, Williams and
Revow, 1991) is used, yielding new state-of-the-art results.

To this end, this chapter is organized as follows: First, in section 4.2, the general problem of
classifying CDI data is motivated in detail, and the current state-of-the-art is introduced. Then,
in section 4.3, the data set that we recorded and used for evaluation is presented, and a few
experimental details are discussed. Furthermore, the helium dataset is complemented for evaluation
by a reference dataset for which classification results are already published (Kassemeyer et al., 2012).

Then, section 4.4 provides the essential theory to understand DNNs; it features two subsections.
Subsection 4.4.1 covers general theory, and the algorithmic underpinnings of DNNs as well as how
to train these models.

After section 4.4, this thesis splits the supervised and unsupervised case into distinct sections,
following the practice in machine-learning research. First, the supervised case is being discussed
in section 4.5. Then, the unsupervised case is discussed in section 4.6. Both are having a structure
subsection at their beginning to clarify the organization of these two sections.

Finally, a summary of the principal results and unique propositions of this thesis as a whole and an
outlook on further modifications, as well as future directions are given in section 4.7.

4.2 A general problem

Experience has shown that a researcher can relate diffraction patterns produced by similarly shaped
particles of different sizes and orientations in context with each other (Langbehn et al., 2018).
However, a programmatic description of the classification and sorting of these similar patterns is
almost impossible to achieve. Figure 4.1 makes the case of two diffraction patterns recorded from
almost identical particles but under different orientations. Both images clearly show an elongated
and bent streak, but the bending is differently pronounced and directed. If a handcrafted algorithm
is wanted that detects this feature, it would need to take into account the various grades of inflection,
direction, brightness, and completeness of this feature within every image via some appropriate
metric.

Furthermore, every characteristic feature in a diffraction image of which similar images are wanted
would need to get the same treatment of designing a custom metric that takes the feature’s full
variability into account. In addition to that, poor signal-to-noise ratios, stray-light, a beam stop,
or central hole of multichannel plates or pnCCDs and overall low image quality can even further
increase the difficulty of making an automatized classification of all images coherent (Atla, Tada,
Sheng and Singireddy, 2011; Bobkov et al., 2015; Kurta, Altarelli and Vartanyants, 2016). Therefore,
a robust classification routine that is insusceptible to the described artifacts, just as a researcher is,
is needed to tackle the upcoming data volume. DNNs provide the best solution to this problem,
and this thesis proves that they outperform the current state-of-the-art classification and sorting
routines.
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Figure 4.1: a) and b) are showing a capsule shaped
particles whose orientation and size differs. The
scattering images are calculated using a multi-slice
Fourier transform (MSFT) algorithm that simulates
a wide-angle X-ray scattering (WAXS) experiment
which includes 3d-information about the particle
(Barke et al., 2015; Rupp et al., 2017). The two incom-
ing beams (indicated by the arrow on the left-hand
side) produce very different scattering images, yet
the dominant feature, an elongated bent streak, is dis-
tinctly visible in both calculations. A handcrafted al-
gorithm is typically not able to identify the similarity
between the two scattering patterns and would sort
these two images in two distinct classes, although
they belong to the same capsule shape class. As is
shown in this thesis, a DNN can learn these compli-
cated similarities on its own. Image is taken from
Zimmermann et al. (2019).
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Current state-of-the-art classification schemes for diffraction experiments mostly employ so-called
kernel methods (Bobkov et al., 2015; Yoon et al., 2011). Bobkov et al. (2015) trained, in a supervised
setting, an support-vector-machine (SVM) on a public small-angle X-ray scattering (SAXS) dataset
with an Accuracy of 87 %, but only on selected images (these results are compared against the
supervised approach presented in section 4.5). Using an unsupervised approach: Yoon et al. (2011)
were able to achieve an Accuracy of up to 88 % using spectral clustering on a non-public SAXS
dataset. Since the dataset used in Yoon et al. (2011) is not public, spectral clustering is applied to the
modified unsupervised helium dataset, introduced in section 4.6.3, and results are compared to the
unsupervised clustering approach in this thesis.

DNNs have already been applied to a broad range of physics-related problems ranging from pre-
dicting topological ground states (Deng, Li and Das Sarma, 2017), distinguish different topological
phases of topological band insulators (P. Zhang, Shen and Zhai, 2018), enhancing the signal-to-noise
at hadron colliders (Field, Kanev, Tayebnejad and Griffin, 1996), differentiate between the so-called
known-physics background and new-physics signals at the Large Hadron Collider (Bhimji et al.,
2017) and to help solve the Schrödinger equation (Manzhos, Yamashita and Carrington, 2009; Mills,
Spanner and Tamblyn, 2017). Their ability to classify images has also been utilized in cryo-electron
microscopy (Y. Zhu, Ouyang and Mao, 2017), medical imaging (Gao, Wang, Zhou and Zhang, 2017),
and even for hit-finding in serial X-ray crystallography (Ke et al., 2018).

This thesis shows that DNNs not only outperform the current state-of-the-art classification and
sorting routines. They are also insusceptible to typical artifact features of diffraction measurements.

Furthermore, a more in-depth analysis of the trained DNNs shows that it can understand complex
concepts of what constitutes a characteristic feature in a diffraction pattern. In the supervised
case, the shapes that the DNN sees when assigning a class can be directly made visible. In the
unsupervised case, the low-dimensional space that the DNN learns throughout the training process
contains disentangled information that co-aligns with the observations made by a trained researcher.
However, this co-alignment holds only valid if the training converged well, which brings a new set
of challenges discussed in full length in section 4.6.10.
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4.3 The data

Helium nanodroplets (Langbehn et al., 2018) were imaged using extreme ultra-violet (XUV) photon
energies between 19 to 35 eV using the experimental setup of the low density matter (LDM) beamline
(Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI free-electron laser (FEL) (Allaria et al.,
2012). Scattering images were recorded with a micro-channel-plate (MCP) detector combined with a
phosphor screen, which was placed 65 mm downstream from the interaction region; this defines
the maximum scattering angle of 30°. Depending on the nanoparticle size, the wavelength of the
probe laser, and the maximum scattering angle that is recorded, single-shot diffraction images in
the XUV regime can contain 3d-structural information (Barke et al., 2015), resulting in complex and
pronounced characteristic features in the recorded image, such as the bent streaks in Figure 4.1.
Out of 2 ˆ 105 laser shots, about 38 000 bright diffraction images were obtained. The images were
corrected for straylight background and the flat detector (see also Langbehn et al. (2018))

For the DNN training dataset, 7264 diffraction images were randomly selected out of all recorded
patterns. The subset’s size was chosen to be the maximum a researcher could classify manually,
given one week. From this subset 11 distinct but non-exclusive classes were identified (see Figure 4.2
for examples as well as a description and Table 4.1 for statistics about every class). The diffraction
patterns shown in Figure 4.2 are chosen for being a strong candidate for its class, but it is important to
note that almost all diffraction patterns belong to multiple classes since this is a multi-class labeling
scenario. Therefore, these patterns are not always clearly distinguishable from each other and can
exhibit multiple characteristics from different classes. For example, the Newton rings in Figure
4.2d) are superimposed on a concentric ring pattern that falls into the category Spherical/Oblate, but
Newton rings can also occur in other classes, for example, streak patterns.

Furthermore, labeling all images is prone to systematic errors because the researcher has to learn-
to-label (Frénay and Kabán, 2014). This means that the labeling process itself is, to some extent,
ill-posed, as the researcher does not know the characteristics of a feature a priori, which results in a
changing perception of features and classes along the labeling process and thus a systematically
decreased consistency for every class.

To promote open science and to encourage the reproduction of the here produced results, all
available data was uploaded alongside the assigned labels to the public Coherent X-ray Imaging
Data Bank (CXIDB) (Maia, 2012) under the public domain CC0 waiver 2.

4.4 Basic Theory

4.4.1 What is a deep neural network

This thesis focuses solely on so-called feed-forward DNNs. They are a classification model consisting
of a directed acyclic graph that defines a set of hierarchically structured nonlinear functions. A
fundamental example can be constructed by arranging n nonlinear functions (z1, z2, . . . zn) in a
chain-like manner: zoutput = zn (zn´1 (. . . (z2 (z1 (x))) . . . )), where x is the input, which is, e.g.,
a diffraction image. The first function, z1 (x), is called the input layer. The output of z1 is then
passed to z2 and so on; this goes on until the last layer (zn), which is called the output layer. The
nomenclature is that all layers except the output layer (zn) and the input layer (z1) are called hidden
layers.

2http://cxidb.org/id-94.html

http://cxidb.org/id-94.html
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Spherical/Oblate

a) b)

c) d)

Round EllipticalProlate

StreakBent Asymmetric Newton Rings

Double Rings

Layered

Approximate particle shape Schematic representation of the expected feature

Exclusive superordinate classes Partially exclusive oblate subclasses

Non-exclusive prolate subclasses Non-exlusive other subclasses

Figure 4.2: Characteristic examples for all the classes assigned to the 7264 images by a researcher, except for the
Empty class. The top row of every class shows a representative diffraction pattern, and the bottom row in b) - d)
shows a stylized drawing of the characteristic feature of this class. The bottom row in a) shows an illustration
of the name-giving nanoparticle shape for the Spherical/Oblate and Prolate class. The shapes are derived from
the analysis of the data in Langbehn et al. (2018), and they serve as a form of superordinate classes. They are
mutually exclusive, and all diffraction patterns are part of one of these two classes. Also, both superordinate
classes have subclasses. For example, b) is showing the Spherical/Oblate subclasses Round, Elliptical and Double
Rings. While a diffraction pattern can be part of the Round and the Double Rings class, it cannot be part of the
Round and the Elliptical class. For the Prolate superordinate class, there are analog subclass rules, although
there is no exclusivity rule as it was with the Round and Elliptical class. Therefore, an image belonging to Bent
can also be in the Streaks class. Furthermore, all Spherical/Oblate and Prolate patterns can not only be part of
their respective subclass but can also be part of one or more of the classes in the non-exclusive other subclass
categories - shown in d). These classes describe general features within the image, which are independent of
the nanoparticle shape. The superordinate classes were derived from these general features. These complicated
inter-class relationships demonstrate a researcher’s capabilities to interconnect mostly distinctive appearing
features into a consistent description and ultimately lead to a valid physical interpretation. A handcrafted
algorithm could not normally account for these relationships, but now these interconnections can serve as an
additional evaluation metric for the DNN. The physics behind these patterns are quite complicated as well, but
for a rigorous interpretation and analysis of these patterns, please see Langbehn et al. (2018). Image is taken
from Zimmermann et al. (2019).
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Table 4.1: Statistics of the helium nanodroplets dataset. Non-exclusive labels assigned by a researcher. One
image can be in multiple classes. Total dataset size is 7264. Note that Spherical/Oblate as a class also contains
Round patterns, only Prolate shapes are excluded from this class (see also caption of Figure 4.2).

Class Nr. of labels % of the whole dataset

Spherical/Oblate 6589 90.7
Round 5792 79.7
Elliptical 796 11.0
Newton rings 460 6.3
Prolate 453 6.2
Bent 390 5.4
Asymmetric 367 5.1
Streak 242 3.3
Double Rings 218 3.0
Layered 47 0.7
Empty 222 3.1

For illustrative purposes, Figure 4.3 shows a CNN. The layer functions z1, . . . zn are schematically
shown where every layer consists of two stages; A linear layer-specific operation on its inputs
followed by a so-called activation function, which is always nonlinear. The choice of layer-specific
operations is addressed in section 4.4.2 and then introduce the activation functions in section 4.4.3.
In general, the layer-specific operation is always the name-giving component for the layer, so
for example, if a 2D convolution acts as the layer-specific operation on the input after which an
activation function is applied, the set of these two operations is called convolutional layer. Figure 4.3
shows a DNN whose first layers are convolutional layers followed by a fully connected layer that
produces the predictions.

4.4.2 Affine transformations

All common choices for layer-specific operations are affine transformations. They all introduce
trainable weights, free parameters that are adjustable during the training process, and are sometimes
called neurons due to the intuition that in a fully connected layer, they share some similarity to the
dendrites, soma, and axon of a biological neuron (Arbib, 1987). These trainable weights are the
name-giving components in a neural network.

Now, the goal of training a DNN is to optimize all these weights for all layers so that the predictions
for all images in the training data match their accompanying original labels. The original labels are
called ground truth and define the upper limit of how good a DNN can fit a domain. No DNN is
better than its training data. In this section, the affine transformations of the fully connected layer
and the convolutional layer are briefly illustrated, and then the role of the activation function is
explained in the next section.

Fully connected layer

The name-giving operation for the fully connected layer is a matrix multiplication performed on a
flattened input vector, for example, a m ˆ n sized input image would be flattened into a m ¨ n sized
vector. Mathematically this is a matrix multiplication between a matrix and a vector:

aj =
m
ÿ

k=1

xkwkj, (4.1)
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Figure 4.3: Schematic visualization of a CNN; It shows the hierarchical structure of the CNN with the function
hierarchy z1, . . . zn above each layer. Depicted as input is a diffraction image, which is expanded by 9 trainable
convolutional kernel into 9 feature maps. Note, only 1 kernel, producing the last feature map, is shown. The
output of the first layer is then passed through multiple convolutional layers. This is the feature extraction
part of the CNN. Ultimately, a fully connected layer with a logistic function as an activation function produces
the predictions. Every layer consists of 2 stages, also indicated by the brackets underneath z1, . . . zn. The first
stage is an affine transformation, and the second one is a nonlinear function, called an activation function. The
operation used as affine transformation is then the name-giving component for the layer, e.g., a convolutional
layer uses a convolution as an affine transformation. The choice of the activation function is subject to empirical
optimization with various choices possible. Section 4.4.2 describes the affine transformations in more detail
and section 4.4.3 covers the basics on activation functions. Image is taken from Zimmermann et al. (2019).

where x is the flattened input and w is the weight matrix of a fully connected layer. Here, all input
vector elements (e.g., the pixels of an image, now arranged in one large row xk) contribute to all
output matrix elements and are therefore connected. Furthermore, by convention is x0 defined as 1
and w0j = bj, where bj is a free and trainable bias parameter.

Convolutional layer

In a convolutional layer, the trainable weights are parameters of a kernel that slides over the inputs.
This process is visualized in Figure 4.3. The general idea of a convolutional layer is to preserve the
spatial correlations in the input image when going to a lower-dimensional representation (the next
layer). This is achieved by using a kernel with a spatial extent larger than 1 px. The kernel size is the
extent to which one kernel can correlate different input areas and is called its local receptive field.
Each kernel produces one output which is called a feature map or filter. Multiple feature maps from
multiple kernels are grouped within one convolutional layer. For example, the first convolutional
layer in Figure 4.3 produces 9 feature maps out of the input diffraction image and hence has 9 kernels
that get optimized during training. Usually, only the input layer has a 2-dimensional diffraction
image as input and every subsequent convolutional layer has and a high number of feature maps as
their inputs, therefore, the output of a convolutional layer is defined as a 4-dimensional kernel k
that produces i feature maps of size j ˆ k:

ai,j,k =
ÿ

l,m,n

xl,j+m´1,k+n´1ki,l,m,n, (4.2)

here the input x has l dimensions of size j ˆ k and a kernel of size m ˆ n is dragged across all these l
dimensions. In the given example for the input layer, l is simply 1 and the summation is just across
one input image, as shown in Figure 4.3.
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4.4.3 Activation functions

Regardless of the affine transformation used, all layer-specific operations produce trainable weights
which are passed through an activation function. This function is always nonlinear. Only 3 activation
functions are addressed here as they are the most common used by the community and the only
ones used in this thesis; The sigmoid, the softmax and the LeakyRelu function. The first two are logistic
regression function used mostly at the outputs of DNNs, and the third one is a piecewise linear
activation function used between layers for numerical reasons (Maas, Hannun and Ng, 2016; Nair,
V.;Hinton, 2010). The sigmoid function is given as:

h (xi) =
exp (xi)

exp (xi) + 1
. (4.3)

The softmax function can be written as:

h (xi) =
exp (xi)

řK
j=1 exp

(︁
xj
)︁ . (4.4)

The LeakyRelu function is given as:

h (xi) =

$

&

%

xi if xi ě 0

γxi if xi ă 0.
(4.5)

xi P a are the trainable weights of the affine transformation (the convolutional or the fully connected
layer operation, i.e., the i-th output of Equation 4.1 or 4.2) and γ is the slope for the negative part in
the LeakyRelu function and is called leakage.

In Figure 4.3 the last activation function of the DNN, denoted by Logistic function, is a sigmoid
function, because its output can be interpreted as a probability in a Bernoulli distribution, yielding
a probability for how likely it is that a given event (e.g. an image) is part of a class (e.g., the
pre-defined classes from Table 4.1). Sigmoid functions always give an output between 0 and 1. This
means every image has a probability of being part of every class, due to 11 distinct classes which
are mutually non-exclusive. Using a sigmoid function at the end of the DNN yields, therefore, 11
distinct Bernoulli distributions. The generalization from the single-case Bernoulli distribution to its
multi-case n-class distribution equivalent is called categorical distribution.

Furthermore, the softmax function in equation 4.4 is essentially the same function as a sigmoid
function but with a normalization term across all K outputs of the model, K = 11 in the discussed
example. This means, it would result in not 11 distinct Bernoulli distributions - or one categorical
distribution - but in 1 Bernoulli distribution with sample size 11. So the output of this DNN with
a softmax activation function at its end would predict for only one class a probability of 1. In this
scenario the DNN would always predict that one image belongs to only one class. In this thesis, the
sigmoid function is used in the supervised case (section 4.5) and the softmax function is used for the
unsupervised case (section 4.6), the reason and implementation details for this choice is discussed
in their respective sections.

In any case, interpreting the output of the DNN, as well as the ground truth labels, as a distribution
is key to train the DNN because only then statistical measures can be used to evaluate the quality of
the DNN’s prediction, which is necessary to optimize the DNN iteratively.

However, due to all activation functions’ inherent nonlinearity, optimizing a DNN is always a
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non-convex problem where no global extrema can be found with certainty. The general procedure is
that of a forward pass and then a backward correction.

In particular, this means, several images are fed to the DNN and its prediction is compared to the
ground truth; This is the forward pass. Then the loss function, which is a metric for how bad or good
the predictions are, is calculated, see the next section, and the weights of the DNN are corrected in a
way that it would be better equipped to predict the labels for the images it just saw. This correction
step is starting at the end of the DNN using an algorithm called backpropagation, hence the name
backward correction. These steps are now discussed in more detail.

4.4.4 The forward pass: Assess the deep neural network’s predictions

Optimizing a DNN always starts by feeding it multiple images and evaluate what the DNN made
of it. For assessing the quality of the DNNs prediction, a so-called loss function is used. It is the
defining metric that gets minimized during the training of the DNN. In every training step, the
output of the DNN is compared to the ground truth labels provided by the researcher. Then, the
so-called loss is calculated. Lower loss values correspond to a higher prediction quality of the DNN.

Therefore, the training process’s goal is to adjust all weights and biases within the DNN so that the
loss is minimal for all input training images. There are various possible loss functions that often
serve a specific purpose. In this thesis, two very distinct losses are used for the supervised and the
unsupervised case. For the supervised case, the cross-entropy is used, a widely used loss function
for classification problems. It is fully explained and derived in section 4.5.2. For the unsupervised
case, a variational lower bound on the marginal likelihood (Kingma and Welling, 2014) is used. This
approach is described in section 4.6.5.

In all generality most loss functions can be constructed as a sum of error functions that are dependent
on some free parameters - the trainable weights in the discussed example:

H(x) =
N
ÿ

n=1

Hn

(︄
M
ÿ

i=1

xi

)︄
, (4.6)

where N is the number of error terms, xi are the samples from the dataset (diffraction images), and
M is the number of all images in the training data. Using Equation 4.6 as it is, would require us to
pass all images through the DNN for one training step, as the sum runs over all images. This is
computationally intractable. Therefore, a variant of Equation 4.6 is used where the sum runs only
over a stochastically chosen subset of size bs, called a batch. The size of that batch is called batch size
and is an important hyperparameter that needs to be chosen prior to training, see section 4.5.3 for
the supervised case and section 4.6.6 for the unsupervised case. One iteration step then involves
only bs images from the dataset, and an epoch is defined as the number of iteration steps it takes the
DNN during the training to see all images one time.

To summarize, minimizing the loss is the goal during the training process in a DNN. The network
learns to link the user-defined labels to the provided images. All that is left to understand the basic
training process of a DNN is a way to adjust the weights in all layers.

4.4.5 The backward correction: Gradient descent and backpropagation

Optimizing the weights within the DNN so that they give minimal loss for all training images
is done using two distinct algorithms; gradient descent and backpropagation. In principle, gradient
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descent works by evaluating the gradient at some point and then moving a certain step-size in
the opposite direction; This is done iteratively until the gradient is smaller than some pre-defined
threshold, which can be viewed as the numerical equivalent of calculating the extrema of a function
analytically.

The basic gradient descent step is given by:

wτ+1 = wτ ´ η∇wτ H (x) . (4.7)

where η is the afore mentioned step-size, called learning rate, ∇wτ is the gradient w.r.t. the weights
at step τ and H (x) is the loss function from Equation 4.6. With Equation 4.7 the weights within the
output layer of the DNN (zn(¨)) could already be updated, since for the output layer the numerical
gradients can be calculated. However, a method is required to calculate the gradients for layers that
precede the output layer. Therefore, backpropagation is used to propagate the gradient descent
correction throughout the DNN (Rumelhart, Hinton and Williams, 1986):

First, the gradient of H(x), w.r.t. the weights at the output of the deep DNN is defined using the
chain rule:

∇wτ H (x) =
BH(x)

BwN
jτ

=
BH(x)

BhN
(︂

aN
j

)︂ BhN
(︂

aN
j

)︂
BwN

jτ
, (4.8)

where N denotes the layer depth of the output layer, hN(¨) is the used activation function in that
layer and aN

j are the outputs of the layer-specific operation, as in Equation 4.1 and 4.2. Starting from
there the layer preceding the output layer (zn´1(zn(¨))) is included by making use of the chain rule
again:

BH(x)

BhN
(︂

aN
j

)︂ =
BH(x)

BhN´1
(︂

aN´1
j

)︂ BhN´1
(︂

aN´1
j

)︂
BhN

(︂
aN

j

)︂ . (4.9)

This can be iteratively repeated until the input layer (z1(¨)) is included in the calculation. By using
the chain rule until the input layer is reached, all trainable weights of all layers can be included in
the gradient descent algorithm’s correction term. With this, the full optimization routine can be
written down, see Table 4.2.

Table 4.2: The iterative optimization routine for a feed-forward DNN.

1. Forward pass: Propagate bs images through the DNN.
2. Evaluate the predictions: At the output layer calculate the loss between the ground truth

and the output of the DNN (Equation 4.6).
3. Construct the backpropagation rule: Include all gradients w.r.t. the weights of all layer

according to Equation 4.9.
4. Backward correction: Update all weights in the DNN using gradient descent, see Equation

4.7.
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4.5 Supervised learning

4.5.1 Structure of this section

This section describes the simulations and results that were carried out for this thesis in order to
to adapt a supervised DNN for the use-case of diffraction data. It starts with a description of the
training setup in section 4.5.3 and an introduction on how to evaluate supervised classification
models in section 4.5.4. Furthermore, in appendix A.1 a full benchmark report on multiple CNN
architectures is carried out and evaluated. As a result, the architecture that provides the best
trade-off, between performance and resource-requirements, is chosen.

Then, in section 4.5.5 a baseline for the supervised case is established using the chosen architecture.
In section 4.5.6, a pathway for applying DNNs to diffraction data is presented; Several problems
that arise when approaching a domain adaptation to CDI data, are discussed and addressed.

This includes:

• The choice of the activation function for the DNN, which is discussed in subsection 4.5.7, and
were a novel logarithmic activation function that enhances the prediction performance with
diffraction image data is presented.

• The dependence of DNNs on training data size, asking essentially how much manually labeled
data is needed for the DNN to give acceptable results. This is discussed in subsection 4.5.8.

• Hardening the DNN against very noisy data by using a custom two-point cross-correlation
map as a novel image augmentation. This is discussed in subsection 4.5.9.

Furthermore, profound insights into the output of the DNN are presented in section 4.5.10 by
showing and discussing calculated heatmaps that visualize the gradient flow within the DNN.
These images directly correlate with what the DNN sees; they are created using an advanced
visualization algorithm called GradCam++ (Chattopadhyay, Sarkar, Howlader and Balasubramanian,
2017).

4.5.2 Loss function: Cross-entropy

For classification tasks, such as the supervised case, primarily the cross-entropy is used (G. Hinton,
Vinyals and Dean, 2015; LeCun, Bengio and Hinton, 2015; Schmidhuber, 2014; Szegedy, Ioffe,
Vanhoucke and Alemi, 2016). Cross-entropy is a concept from information theory giving an estimate
about the statistical distance between a true distribution p and an unnatural distribution q. Here, p is
the categorical distribution over the ground truth labels, and q is the output of the DNN.

Cross-entropy is calculated as the sum of the Shannon entropy (Shannon, 1948) for the true distri-
bution p and the Kullback-Leibler divergence (Kullback and Leibler, 1951) between p and q. The
former is a measure of the total amount of information of p, and the latter is a typical distance
measure between two probability distributions. If the Kullback-Leibler divergence is zero, then the
cross-entropy is just the Shannon entropy of p, and p = q. Then, the predictions of the DNN are not
distinguishable from the labels of all training images.

Cross-entropy can be formally written as:

H(p, q) = H(p) + DKL(p}q) (4.10)
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where H(p) is the Shannon entropy of p, and DKL(p}q) is the KullbackLeibler divergence of p and q
(I. Goodfellow, Bengio and Courville, 2016).

When using a sigmoid function as activation function on the output layer, the final loss function can
be defined as:

H(xout, x) =
M
ÿ

i

xout
i ´ xout

i xi + log
(︁
1 + exp

(︁
´xout

i
)︁)︁

, (4.11)

where M is the number of all images in the training data, xout
i is the prediction for one image from

the DNN and xi is the original label of the image, assigned by the researcher. Please see appendix
B.1 for a complete derivation.

4.5.3 Training setup

Of significant importance is the way how the DNN is constructed; How deep should the DNN be,
and of what should it consist? For nomenclature, the combination of all used layers, the depth of
the DNN, and the used activation functions is called its architecture.

The performance of various architectural choices, when used with diffraction images as input, is
fully benchmarked, and the results are provided in appendix A.1 and not in this chapter due to its
rather technical character. In general, all architectures are established through extensive empirical
research. So far, not only the leading machine-learning research institutes, like the Massachusetts
Institute of Technology (MIT), the ETH Zürich or the University of Toronto but also large companies
like Google, Facebook, and Microsoft have invested significant amounts of resources to establish
well working out-of-the-box solutions (LeCun et al., 2015; Schmidhuber, 2014; Szegedy, Ioffe et al.,
2016).

Building on this and after extensively benchmarking the most common architectures, an architecture
called pre-activated wide residual convolutional deep neural network in its 18-layer configuration,
called ResNet18, is chosen (He et al., 2015; He, Zhang, Ren and Sun, 2016b; Zagoruyko and Ko-
modakis, 2016). In essence, it is a CNN much like the example in Figure 4.3 but it employs so-called
residual skip connections which increase Accuracy while decrease training time, see appendix A.1 for
further details as well as comparisons with other architectures.

After settling on an architecture, training a RCNN requires fine-tuning of multiple free parameters.
Four of them are critical: The learning rate η, the batch size bs and so-called regularization parameters
of which two exist (which will be introduced at the end of this section).

The initial learning rate for the gradient descent algorithm is set to η = 0.1, see also Equation 4.7.
Throughout the training η is multiplied with 0.1 every 50 epochs, this increases the chance for the
gradient descent algorithm to get numerically closer to a minimum in the loss function (He et al.,
2015). Furthermore, a batch size of 48 is used for all trainings, see also the explanations for Equation
4.11.

The manually classified part of the helium dataset is split into a training and an evaluation subset,
where the order of all images is shuffled. 85 % of all available data is used for the training set, and
the rest serves as an evaluation set.

The diffraction images are scaled down to 224 px ˆ 224 px which is necessary to fit the RCNN on
two Nvidia 1080Ti GPUs, each having 11 GB memory. The image dimensions are chosen to be a
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compromise between file size and resolution. All features the RCNN is trained on are still clearly
visible and distinguishable after the rescaling.

Furthermore, the problem of having a comparatively small training set, consisting of only « 6000
classified images, could result in a phenomenon called overfitting. Meaning the network memorizes
the training set without learning to make any meaningful prediction from it. Therefore three
additional techniques called regularization, data augmentation and loss-weighing are employed:

1. Regularization means adding a so-called penalty term to the loss function. Two regularizations
are used, L1 and L2 (Zou, Zou and Hastie, 2005). These penalty terms are dependent on the
trainable weights themselves and not on the ground truth labels, making the loss function
explicitly dependent on the weights of the RCNN. This dependency encourages the RCNN to
minimize the values of all weights according to the two penalty terms and ultimately find a
sparser solution which in return helps to prevent overfitting. Formally, these two terms are
added to the loss in Equation 4.6:

H(x)reg = H(x) + α||w||1 + β||w||2 (4.12)

where H(x) is the loss function, ||w||1 and ||w||2 are the L1- and the L2-norm applied on the
sum of all trainable weight parameters and α and β are so-called regularization coefficients.
During the training α and β are set to 1 ˆ 10´5. Using L1 and L2 regularization in combination
is commonly referred to as elastic net regularization (Zou et al., 2005).

2. Data augmentation means creating artificial input images by randomly applying image trans-
formations on the original image like flipping the vertical or the horizontal axes and adjusting
contrast or brightness values randomly. This greatly increases the robustness to overfitting and
is used as a standard procedure when facing small training datasets (G. E. Hinton, Srivastava,
Krizhevsky, Sutskever and Salakhutdinov, 2012; Perez and Wang, 2017).

3. Loss weighing means when calculating the loss function as in equation 4.12 the gradient
update step is weighed inversely proportional to the frequency of the classes in the dataset.
The more often a class is in the dataset the less important is it’s single iteration gradient update
information. To give an example; If a lot Spherical images are in the dataset but only a few
Asymmetric ones, the gradient information obtained by showing the RCNN all Spherical images
should roughly be the same as showing the RCNN the few Asymmetric ones. Therefore, the
gradient update step, as in equation 4.7, is weighed to reflect this.

With these countermeasures, the RCNN was trained with a depth of up to 101 layers without
overfitting, see appendix A.1. In all following simulations reported here, a depth of 18 layers is
chosen for the RCNN, due to numerical, memory and time reasons. All DNNs variants are trained
for 200 epochs.

4.5.4 Evaluation

Three metrics are used in the supervised case to assess the quality of the predictions from the DNN,
Accuracy, Precision, and Recall. These metrics are calculated every 2500 training iteration steps (« 52
epochs) using the evaluation dataset. Accuracy is formally defined as:
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Accuracy =
True Positives + True Negatives

Condition Positives + Condition Negatives
,

where condition positives/negatives are the real numbers of positives/negatives in the data, and
true positives/negatives are the correct overlaps of the model’s prediction and the condition
positives/negatives. An Accuracy of 1 corresponds to a model that was able to predict all classes of
all images correct. Therefore, Accuracy is a good measure for evaluating the prediction capabilities
of a model when true positives and true negatives are of importance. Predicting negative labels
correct is in the helium dataset of particular interest because the DNN has also to understand the
complex inter-class relationships imposed by the researcher. For example, the DNN should realize
that if one prediction is Spherical/Oblate, it cannot simultaneously be Prolate. Therefore, the DNN has
to produce a true negative for either of these predictions.

However, using only Accuracy as a metric has several downsides. The most important one is the
decreased expressiveness of Accuracy when working in a multi-class scenario. For this to understand,
Precision and Recall need to be introduced:

Precision =
True Positives

True Positives + False Positives
,

Recall =
True Positives

True Positives + False Negatives
.

Precision, also referred to as positive predictive value, is a measure for how reasonable the estimates
of the model were when it labeled a class positive, and Recall is a measure for how complete the
model’s positive estimates were.

For example, if the model would predict all training images in the helium dataset to be Spheri-
cal/Oblate and nothing else (out of 7264 images, 6589 are indeed Spherical/Oblate) then Accuracy
would be 0.767, which translates to 77 % of all labels correctly assigned. However, if the model
estimated all images to be part of no class (setting every label to negative), then Accuracy would
be 0.801, because out of 79 904 possible labels (11 independent classes for 7264 images), 64 339 are
negative. This would result in a useless model that still is able to predict 80 % of all ground truth
labels correct.

Using Precision in these both examples would give 0.907 for the Spherical/Oblate example and 0.000
for the all-negative example. Precision is, therefore, a metric that quantifies how well the positive
predictions were assigned. Since 91 % of all images are indeed Spherical/Oblate, setting all labels
positive in the Spherical/Oblate class can make sense, and Precision also provides insight when the
model makes no positive prediction at all, which would be a useless model. However, Precision
alone is not sufficient as a metric. It is not clear if the model predicted almost every possible positive
label correct or if only a small fraction of all positive labels were assigned correctly. Therefore it is
necessary to have an additional measure for the generalization capabilities of the model. For that
reason, Precision is always used in combination with Recall. The Recall for the first example is 0.423
and for the second one 0.000. Recall relies on False Negatives instead of the False Positives, used by
Precision, which provides a measure about the completeness of all positive predictions compared to
all positive ground truth labels within the data. Recall states that the model only captured 42 % of
all possible positive labels in the Spherical/Oblate example, showing that generalization of the model
would not be sufficient for a real-world application.
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Therefore, a balanced interpretation of these three metrics is necessary to estimate the quality of the
supervised models tested here.

4.5.5 Baseline performance of deep neural networks with CDI data

To ensure comparability it is important to establish baseline results, for this the previously described
ResNet (He et al., 2016b) RCNN architecture in its basic configuration with a depth of 18 layers is
used. This configuration is termed vanilla configuration or ResNet18 (see section 4.5.3 as well as
appendix A.1) and trained with the helium diffraction data set as described in section 4.3 as well as
with a reference data set from the literature (Kassemeyer et al., 2012).

This reference data set was made freely available on the CXIDB by Kassemeyer et al. (2012) 3. It
contains diffraction patterns of a number of prototypical diffraction imaging targets, namely the
Paramecium bursarium Chlorella virus (PBCV-1), bacteriophage T4, magnetosomes and nanorice. For
further experimental details see Kassemeyer et al. (2012).

This dataset was selected because of a previous publication dealing with this dataset (Bobkov et al.,
2015), that describes, to the best of my ability, the current state-of-the-art method for classification
and sorting of diffraction images (Bobkov et al., 2015). Bobkov et al. (2015) trained a SVM on the
CXIDB dataset and inferred the particle type directly from the diffraction images. Overall, they
achieved an Accuracy of up to 0.87, but only on selected high quality images with a high confidence
score of the SVM above 0.75.

Table 4.3 shows the overall evaluation metrics as well as the training wall time. Train TimeMax

is the time when the DNN achieved the highest Accuracy score on the evaluation dataset, and
Train TimeFull is the time for training 200 epochs. In practice, optimal convergence was achieved
after training for 70 to 100 epochs.

An Accuracy of 0.967 on not only a high quality subset of the CXIDB data, like in (Bobkov et al., 2015),
but on all available data (see table 4.3) was achieved, using a vanilla ResNet18 architecture, proving
that using a DNN significantly outperforms the current state-of-the-art approach in (Bobkov et al.,
2015).

Table 4.3: Overall evaluation metrics for the ResNet18 architecture (vanilla configuration) and both datasets.
The table gives the max values during training for Accuracy, Precision , and Recall. The training time after which
the DNN achieved the highest Accuracy score on the evaluation dataset is labeled Train TimeMax and the time
for training the full 200 epochs is labeled Train TimeFull . See also appendix A.1 for further details.

Architecture ResNet18
Dataset CXIDB Helium

Accuracy 0.967 0.955
Precision 0.932 0.918

Recall 0.933 0.866
Train TimeMax [h] 0.278 0.231
Train TimeFull [h] 0.668 0.694

The helium dataset holds a much more complicated multi-class learning problem (one image can
belong to multiple classes compared to one image belongs to exactly one class as it is in the CXIDB
data). However, a comparable Accuracy score of 0.955 is reached. Even more promising, Precision
and Recall are very high for the helium and the CXIDB dataset, proving that the DNN not only

3https://www.cxidb.org/id-10.html

https://www.cxidb.org/id-10.html
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predicted the true positives with high confidence and reliability (high Precision ), it did so for almost
all true positive labels in the evaluation dataset (high Recall).

The next section lays out how to further improve the baseline performance of DNNs with diffraction
images as input data.

4.5.6 Adapting deep neural networks for CDI data

The previous section already showed that DNNs achieve very competitive results in their vanilla con-
figuration. Building on this, this section describes the modifications and enhancements developed
for this thesis for using DNNs in combination with diffraction images.

First, in section 4.5.7 a special activation function is introduced that increases the performance of a
DNN.

Second, in section 4.5.8 a thorough benchmark of the performance of the DNN when using a
smaller amount of training data is presented. The idea is to provide intuition on how much the
prediction capabilities deteriorate when a smaller training dataset is used. This is useful because,
so far, a researcher still has to invest a lot of time preparing the training dataset and, more general,
minimizing the time spent looking through the raw data is the ultimate goal for using a DNN in the
first place.

Third, in section 4.5.9 a novel data augmentation is proposed in the form of a custom two-point
cross-correlation map that hardens the DNN against very noisy data. Using this augmentation, the
DNN is more robust to noise from a uniform distribution added on top of the original diffraction
image. This simulates the experimental scenario in which a very low signal-to-noise ratio (SNR)
is unavoidable, e.g., during CDI experiments with very limited photon flux (Rupp et al., 2017)
or very small scattering cross-sections as it is the case with upcoming CDI experiments on single
biomolecules (Ikeda and Kono, 2012; Shintake, 2008).

4.5.7 The logarithmic activation function

One of the key additions in this thesis when using a supervised DNN is the proposed activation
function, formally stated in Equation 4.13. It is designed to account for the inherent property of
diffraction images of scaling exponentially. More general, the intensity distribution of scattered
light on a flat detector follows two laws, depending on the recorded scattering angle. For very small
angles (SAXS and USAXS experiments) the Guinier approximation is the dominant contribution to
the recorded intensity, while for larger scattering angles (SAXS and WAXS experiments) Porod’s law
becomes dominant (Hammouda, 2010; Sinha, Sirota, Garoff and Stanley, 1988). Where the scattering
intensity in the Guinier approximation is proportional to « exp

(︁
´q2)︁, in Porod’s law the intensity

scales with « q´d. q is the scattering vector (a function of the scattering angle and the wavelength
in use), and d is the so-called Porod coefficient, which can vary significantly depending on the
object from which the light was scattered (Hammouda, 2010). In any case, the recorded detector
intensity for diffraction images scale exponentially. For this reason a logarithmic activation function
is presented of the form:

h(x) =

$

&

%

α (log (x + c0) + c1) if x ě 0

´α (log (c0 ´ x) + c1) if x ă 0,
(4.13)

where α ą 0 is a tunable scaling parameter, c0 = exp (´1), c1 = 1 and x is the input.
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c0 and c1 are defined so that the activation function is anti-symmetric around 0, which speeds up
training and avoids a bias shift for succeeding layers (Clevert, Unterthiner and Hochreiter, 2015;
Szegedy et al., 2014).

Since a gradient-based optimization technique is used, it is necessary to take care that the gradient
can propagate throughout the whole DNN, otherwise it would lead to so-called gradient flow prob-
lems, which befalls deep architectures (Hochreiter, Bengio, Frasconi and Schmidhuber, 2001; Nair,
V.;Hinton, 2010). There are two possibilities for insufficient gradient flow, either the gradients are
getting too small (vanishing gradient) or too large (exploding gradient) when propagating throughout
the DNN. Both scenarios lead to numerical instabilities during training making convergence for
large architectures very hard or even impossible. The reason for this is the backpropagation algo-
rithm, which invokes the chain rule for calculating the gradients. Every gradient is, therefore, also a
multiplicative factor for the gradient of a succeeding layer. Here, the derivative of Equation 4.13
w.r.t. x is given by:

Bh(x)
Bx

=

$

&

%

α
x+c0

if x ě 0
α

c0´x if x ă 0.
(4.14)

It shows that the gradient scales with x´1 with a discontinuity of size α c´1
0 at 0.

If this activation function is used for all activations throughout the DNN, the gradient has an
increased probability of vanishing - or explode - the deeper the architecture gets. In addition to that,
the discontinuity at x = 0 could lead to gradient jumps, which would further decrease numerical
stability. Therefore, the logarithmic activation function is only used on the first convolutional layer,
and a LeakyRelu activation is used with a leakage of 0.2 on all hidden layers. This is sufficient to
capture the exponential nature of diffraction images without losing numerical stability throughout
the training. To evaluated the impact of the free parameter α on the classification performance of
the DNN, three experiments (α P [0.2, 0.5, 1.0]) are carried out and evaluated.

In Table 4.4 the evaluation metrics for a ResNet18 used with the logarithmic activation function,
trained with three different values for α are provided. For comparison, the results of a unmodified
ResNet18 labeled unmodified are also given. The best performing configuration is with an α value
of 0.2, maxing out with an Accuracy of 0.965. Therefore, providing a boost in Accuracy of a full
percentage point compared to a unmodified ResNet18. The lowest value for the maximum Accuracy
was reached without the logarithmic activation function, topping at 0.955. Precision and Recall both
increase with the addition of the logarithmic activation function. These improvements all come
without increasing training time or complexity of the model. The maximum achieved Accuracy

Table 4.4: Evaluation metrics for a ResNet18 with and without the logarithmic activation function. Three
values for α are benchmarked. Results are shown for both datasets and are the maximum value recorded
during training. Bold numbers indicate the best scores across their respective category.

Architecture ResNet18
α 0.2 0.5 1.0 unmodified

Dataset Helium
Accuracy 0.965 0.960 0.959 0.955
Precision 0.922 0.920 0.922 0.918

Recall 0.870 0.870 0.868 0.867

seems to be anti-correlated to α, with the ResNet18α=1.0 variant performing worst. This is probably
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related to the smaller size of the discontinuity in the derivative of h(aj) when choosing a smaller
value for α, see Equation 4.14.

However, choosing even smaller values for α did not improve the Accuracy further, either because
the benefit from the activation function plateaus there or because the classification capacity of this
ResNet layout is reached.

These results show convincingly that the logarithmic activation function’s addition improves the
overall performance and generalization of the DNN. This is in so far expected, as a form of feature
engineering was imposed on the DNN by exploiting a known characteristic of the dataset. Therefore,
without increasing the complexity, the depth, or the training time, using the logarithmic activation
improves all relevant evaluation metrics. For this reason, the logarithmic activation function with
an α value of 0.2 is used as the default for all following simulations.

4.5.8 Size of the training set

This section, explores the impact of the training set size on the evaluation metrics. A ResNet18α=0.2

is trained with a varying amount of ground truth labeled images. This is to provide intuition for
how many images are needed to be classified manually before the employment of a DNN is useful.
The images were randomly selected from the training set described in section 4.5.3. The size of the
training set was decreased in three stages (to 75 % ” 4631, to 50 % ” 3088 images, to 25 % ” 1544
images) while the size of the evaluation set was kept as it is.

Table 4.5: Evaluation metrics of a ResNet18α=0.2 with the logarithmic activation function and an α value of
0.2. Results are shown for the helium datasets and reflect the maximum achieved value reached throughout
the training process, assessed on the evaluation dataset. Bold numbers indicate the best scores across their
respective category.

Architecture ResNet18α=0.2
Training set size 6174 4631 3088 1544

Dataset Helium
Accuracy 0.965 0.915 0.829 0.797
Precision 0.922 0.821 0.740 0.673

Recall 0.870 0.771 0.679 0.593

Table 4.5 shows the performance of a ResNet18α=0.2 when trained with datasets of different sizes.
For the helium dataset, the maximum achieved Accuracy is dropping from 0.965 to 0.797 when
using only 1544 images instead of the full 6174 images. Even more pronounced is the decline in
Precision and Recall from 0.922 and 0.870 to 0.673 and 0.593 for the smallest training set size. The
steeper decline rate for Precision and Recall, compared to Accuracy, can be understood as the helium
dataset predominantly consists of Negative ground truth labels (64 339 out of 79 904 labels) to which
the DNN resorts in the absence of sufficient training data. Precision and Recall, on the other hand,
provide only information about the positive prediction capabilities and their completeness and
therefore decrease faster when a smaller training set size is used.

This shows that the number of images is critical for the prediction capabilities of the DNN. The
drastic decrease in the training set size results in a much worse generalization of the model, detecting
only those images very close to the training set’s ones, missing most from the evaluation set. The
DNN has not learned the characteristics of a particular class to a point where it can transfer
the gained knowledge to other images, which is the one critical property for which a DNN was
employed in the first place.
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Therefore, if time is limited, one may be well advised to concentrate efforts on preparing a sufficiently
large, high-quality training dataset while using the here presented DNN approach in its vanilla
configuration.

4.5.9 Using two-point cross-correlation maps to be more robust to noise

This section introduces an image augmentation based on the two-point cross-correlation function
(CCF), which increases the resistance to noise. Four training sets are prepared, each with an
increasing amount of noise sampled from a uniform distribution. These training sets are used to
analyze the noise dependence of the DNN.

One of the principal problems in CDI experiments, or imaging experiments in general, is recorded
noise. Noise often leads to computational problems due to noise resistance being a known weak
point for a significant fraction of predictive algorithms (Atla et al., 2011). In particular, DNNs
are known to be easily fooled by noise. When adding noise to an image, whose addition may be
invisible to the human eye, a DNN can come to entirely different conclusions and this even with
high confidence; Seeing a panda where there was a wolf (Moosavi-Dezfooli, Fawzi, Fawzi and
Frossard, 2016; A. Nguyen, Yosinski and Clune, 2014). Therefore, an additional pre-processing step
for the input images is proposed to increase the noise resistance of the DNN.

To quantify the quality of an image, the SNR is often used. It is a measure of how much noise
is present compared to some information content, where low values indicate that information
might be indistinguishable from noise. It has been shown that higher-orders of the CCF can act
as a frequency-dependent noise filter and increase the quality of a reconstruction of a diffraction
image, even in the presence of recorded noise (Donatelli, Zwart and Sethian, 2015; Kurta et al., 2017).
Therefore, since the CCF can be interpreted as an image, see Figure 4.4 e) to h), this method can be
used similarly to increase noise robustness of a DNN, expecting that the higher-order terms make
the DNN more resistant to the presence of noise.

In general, the CCF is defined as:

Ci,j
(︁
qi, qj, ∆

)︁
=

ż 8

´8

I˚
i (qi, φ) Ij

(︁
qj, φ + ∆

)︁
dφ, (4.15)

where ∆ is the angular separation, φ is the angular coordinate, and (i, j) denotes the index of the
two scattering vectors qi and qj. For discrete φ and written as Fourier decomposition, Equation 4.15
yields (Kurta et al., 2017):

Cn
i,j
(︁
qi, qj

)︁
= In˚

i (qi) In
j
(︁
qj
)︁

, (4.16)

where n denotes the order of the CCF. In
i is given by:

In
i (qi) =

1
2π

ż 2π

0
I (qi, φ) exp (´inφ) dφ (4.17)

Since Ci,j = Cj,i, the final correlation map can be split into an upper and a lower triangle matrix. To
maximize information, and to optimally use the local receptive fields of the convolutional layers,
the lower triangle from the full CCF calculation, Equation 4.15 with ∆ = 0, and the upper triangle of
order n = 8 from Equation 4.16 are merged. Therefore, a plain correlation map with a higher-order
map is combined that is more resistant to noise, see Figure 4.4 e) to h) for a full example.
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Noise: None Noise: Mean Noise: Mean + Std Noise: Max

a) b) c) d)

e) f) g) h)

Figure 4.4: a) to d) showing the various stages of added noise to a standard scattering image. e) to h) are
the calculated correlation maps with the upper triangle of order n = 8 and lower triangle from the full CCF
calculation. Image is taken from Zimmermann et al. (2019).

To test the robustness of this method, a ResNet18α=0.2 is trained with various pre-processed datasets.

Three additional datasets are derived from the original dataset that only differ in the amount of
noise added. This is done as follows; First, the mean, the standard deviation (STD) and the maximum
intensity values of each image in the original dataset are calculated. The median, instead of the
mean (due to increased robustness against outliers), is taken from these values, ending up with three
statistical characteristics describing the intensity distribution throughout all diffraction images.

With that, three continuous uniform distributions are set up to sample noise from. A continuous
uniform distribution is fully defined by an upper and a lower boundary; a and b, respectively. The
probability for a value to be drawn within these boundaries is equal and non-zero everywhere. For
these three noise distributions the lower boundary is always 0 but the upper boundary is varied
so that b is either the mean, the mean + the STD or the maximum of the intensity distribution of the
images (the three statistical characteristics described above).

For example, for creating the maximum noise dataset, noise sampled from the maximum noise
distribution is added on every image in the dataset. This is done for all three noise distributions.
From these three noise embedded datasets and the original helium dataset, the here proposed CCF
maps are then calculated. This leads to a total of eight data sets; for each of them, a ResNet18α=0.2 is
trained. An example of one image in all eight datasets is in Figure 4.4.

The results for these eight data sets are given in Table 4.6. The performance of the DNN without
added noise is much stronger when using the original diffraction images instead of the CCF maps.
However, as soon as noise is added, the performance of the DNN trained on diffraction images
deteriorates much faster as compared to the performance with CCF maps as input. When the upper
boundary of the added noise excels the median values of mean + STD, the DNN is performing better
with the CCF maps instead of the original diffraction images. Especially with the noisiest dataset,
the differences in performance are significant. Precision is increased by 4 percentage points when
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Table 4.6: Evaluation results when training a ResNet18α=0.2 on the original diffraction images and on CCF
maps calculated from them. The results reflect the maximum value achieved throughout the training process,
assessed on the evaluation dataset. Bold numbers indicate the best scores across their respective category.

Architecture ResNet18α=0.2
Noise added None Mean Mean + Std. Max.

Input data CCF Maps Diff. Imgs. CCF Maps Diff. Imgs. CCF Maps Diff. Imgs. CCF Maps Diff. Imgs.

Dataset Helium
Accuracy 0.950 0.965 0.948 0.954 0.946 0.944 0.944 0.926
Precision 0.901 0.922 0.897 0.910 0.893 0.887 0.905 0.865

Recall 0.838 0.870 0.833 0.853 0.823 0.815 0.814 0.808

a) Streak

b) Bent

Figure 4.5: Showing the GradCam++ results for two distinct classes from the helium dataset. a) shows five
randomly selected images from the Streak class and b) shows five images from the Bent class. These classes
were chosen due to their distinct and distinguishable characteristic shapes, which can easily be identified using
the GradCam++ algorithm’s contour maps. For each class, the schematic from Figure 4.2 is also plotted at the
beginning of each row. GradCam++ contour levels are plotted as dashed lines and used as transparency value
for the images from which they were calculated. This way, regions with strong gradients are also brighter.
Image is taken from Zimmermann et al. (2019).

using the CCF maps as input, showing that the data augmentation may serve as a helpful asset
when dealing with very noisy data.

In general, it is a viable alternative to use the CCF maps as input to a DNN, which should be
considered an option in the case of very noisy data where it provides a boost to classification results.
The downside is, calculating the CCF for every image comes at an additional computational cost.
It takes three full days to calculate the CCF maps for all 39 879 images of both datasets on an Intel
6700K quad-core machine using a multi-threaded Python script (Also released on Github).

4.5.10 What the deep neural network saw

DNNs are often considered being a black-box approach. Usually, there is no a-priori knowledge
imposed on such a model. The DNN learns this on its own. Although this is why they are
so successful, it also gives rise to doubts about their predictions’ interpretability. Some ways
to interpret the processes of decision finding within a trained DNN have been presented in the
literature (Chattopadhyay et al., 2017; K. Li, Wu, Peng, Ernst and Fu, 2018; Selvaraju et al., 2017;
Zhou, Khosla, Lapedriza, Oliva and Torralba, 2015).

In order to get a better understanding of why the DNN assigned images to certain classes, heatmaps
using the GradCam++ algorithm are calculated (Chattopadhyay et al., 2017). These heatmaps
are making visible where the DNN has looked for in a particular class. This is done by tracing
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back the gradient flow from the output layer to the last convolutional layer. The DNNs class-
specific interest directly correlates with this gradient signal because, in essence, a training step
using backpropagation is simulated, and the feature maps from the last convolutional layer are
then interpolated. A full description of this process is given in appendix B.2. The GradCam++
algorithm’s output provides contour maps whose amplitude is a normalized measure for how much
the gradient would impose corrections on the weights if used during training. This gradient flow
directly corresponds to what the DNN deemed the most relevant regions.

Figure 4.5 shows the GradCam++ results for the Streak and Bent classes using a ResNet18α=0.2.
These classes were chosen because their distinct spatial characteristics are obvious to the human eye.
Therefore, they are an ideal candidate to test if the DNN understood these characteristics. In each
row of Figure 4.2, a schematic sketch of the key feature together with five randomly selected images
from this class are depicted.

The GradCam++ contour maps are overlaid on the image. In addition, the contour levels are also
used as an α mask for the diffraction image so that the brightest areas in each plot correspond to the
ones with the highest gradient flow. In the case of the Streak class, Figure 4.5 clearly shows that the
DNN was able to identify the dominant streak feature regardless of its orientation or size. Results
on the Bent class also show a strong correlation between the shape of the contour maps and the bent
shape of the diffraction pattern.

Finally, looking at the significantly improved metrics in section 4.5.7 and the here presented Grad-
Cam++ images, it can be concluded that the Streak class feature identified by the DNN indeed
corresponds to the one seen by the researcher. Also, the Bent class contour maps from the DNN
show an unmistakable resemblance to the feature intended by the researcher, albeit not so strongly
pronounced. Although the deep DNN learned these representations on its own, they co-align with
the researcher’s intentions. This demonstrates that DNNs are capable of learning these complicated
patterns on their own.

4.5.11 Supervised deep learning: Conclusions

This section introduced several novel additions for how to transfer current state-of-the-art techniques
from supervised deep learning to the domain of diffractive imaging:

1. A unique activation function that incorporates the intrinsic exponential intensity scaling of
diffraction images.

2. An evaluation of the impact of different training set sizes on the performance of a trained
DNN.

3. The use of the two-point cross-correlation function to improve the resistance against very
noisy diffraction data.

4. A large benchmarking routine, utilizing multiple DNN architectures and layouts in appendix
A.1.

It was shown that even in the most basic configuration, DNNs outperform previously established
sorting algorithms by a significant margin. More importantly, these baseline results were improved
by modifying the activation function for the first layer. For the case of very noisy data, often a
problem in diffraction imaging experiments, CCF maps were used input data instead of the original
diffraction images; This improved the robustness of the classification capabilities of the DNN.
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The are multiple pathways open for the near future, where applying the gained insights will lead to
multiple new approaches regarding DNNs and diffraction data. For example, the MSFT algorithm
used in Langbehn et al. (2018) can be used as a generative module in an end-to-end unsupervised
classification routine using large synthetic datasets as training data for a DNN. This approach can
be extended to utilize these trained DNNs as an online-analysis tool during the experiments.

All of the code, written in Python 3.6+ and using the Tensorflow 1.x framework, is available at
Github, free to use under the MIT License 4. Furthermore, to promote open science, all available
data was uploaded alongside the assigned labels to the public CXIDB (Maia, 2012) under the public
domain CC0 waiver 5.

This sets the stage for using deep learning techniques as feature extractors for diffraction imaging
datasets, which is a crucial first step for applying unsupervised techniques to diffraction data. The
ultimate goal would be to establish an unsupervised routine that can categorize and extract essential
pieces of information of a large set of diffraction images on its own. However, as of now, there is no
unsupervised method available designed explicitly for diffraction images.

4.6 Unsupervised learning

4.6.1 Brief introduction

Unsupervised learning requires to rethink how to train a DNN. Since there are no ground truth labels
available, there is no general metric a DNN can converge to. A training goal in this learning paradigm
is always derived purely from information theory and never from human intuition. Outside
the neural network regime, unsupervised learning is mostly approached using so-called signal
separation methods, like principal component analysis (PCA) and singular value decomposition
(SVD), as well as clustering methods, like k-means, gaussian mixture models (GMMs) and spectral
clustering (Bishop, 2006; LeCun et al., 2015).

However, within the neural network regime, there are, besides traditional methods like self-
organizing maps (SOM)(Kohonen, 1982) and generative topographic mappings (GTMs) (Bishop et
al., 1998), two state-of-the-art techniques that are mostly used. The first is called generative adver-
sarial network (GAN) (I. J. Goodfellow et al., 2014), and the second is called variational autoencoder
(VAE) (Kingma and Welling, 2014). Both of these models are so-called generative models, who try
to reproduce samples from the dataset they are trained on. In the case of image data like in CDI
experiments, they both yield images as well.

The GAN method is somewhat new, the principal paper is from 2014 (I. J. Goodfellow et al., 2014),
and while the algorithm produces by far the most realistic images (Brock, Donahue and Simonyan,
2018; Karras, Laine and Aila, 2018; Karras, Laine et al., 2020), it is known for being unstable to train
and having no measure of convergence or a way of ensuring that the learned representation by the
GAN is in any way related to the dataset it was trained on (Arjovsky, Chintala and Bottou, 2017;
Gemp and Mahadevan, 2018; Gulrajani, Ahmed, Arjovsky, Dumoulin and Courville, 2017; Mao, Li,
Xie, Lau and Wang, 2016; Nagarajan and Kolter, 2017; H. Zhang, Goodfellow, Metaxas and Odena,
2018).

For these reasons, this thesis, instead, implements and modifies a VAE variant called β-TCVAE
(R. T. Q. Chen et al., 2018).

4https://github.com/julian-carpenter/Airynet
5http://cxidb.org/id-94.html

https://github.com/julian-carpenter/Airynet
http://cxidb.org/id-94.html
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So far, the natural science community has a rich and growing background in applying unsupervised
neural network approaches to complex problems. In biology, SOMs are often used for cytometric
visualizations (Kratochvíl et al., 2019; Van Gassen et al., 2015). In chemistry, VAEs are used to create
a low-dimensional atomic species representation used in numerical modeling in cases were the
atomic species is too complex to be used otherwise in such simulations (Herr, Koh, Yao and Parkhill,
2019). In physics, VAEs can be found at the the european organization for nuclear research (CERN),
where they look-out for unknown physics (Blance, Spannowsky and Waite, 2019; Farina, Nakai
and Shih, 2018). Furthermore, GAN implementations can be found in high energy physics, where
they learn radiation patterns from simulated high energy particle collisions (de Oliveira, Paganini
and Nachman, 2017), in medical physics where they model beam sources from brachytherapy
seed models (Sarrut, Krah and Letang, 2019) and in astrophysics where they help with resolution
enhancement (Schawinski, Zhang, Zhang, Fowler and Santhanam, 2017) as well as creating high-
fidelity weak lensing convergence maps (Mustafa et al., 2019).

However, after an extensive literature study, there was no application found of an unsupervised
neural network-based approach with CDI data. This thesis sets out to be the entry point to this
learning paradigm.

4.6.2 Structure of this section

This section describes the architecture, CDI specific modifications, the training process, modifications
on the helium nanodroplet dataset, and the evaluation of an advanced unsupervised DNN algorithm
called VAE. More specifically, a recently proposed variant of it; The β-TCVAE (R. T. Q. Chen et al.,
2018). In addition, a clustering algorithm called GMM and a neural network-based visualization
algorithm called GTM is introduced and applied.

Starting in section 4.6.3, modifications on the helium nanodroplets dataset are presented. These
changes are necessary since unsupervised algorithms cannot solve for multi-class problems, as was
done in the supervised approach in section 4.5.

Then, in section 4.6.4, the intuition, the core concept, and the architecture of a VAE are introduced,
and section 4.6.5 explains how to train a model without ground truth labels by deriving a loss
function known as evidence lower bound (ELBO).

In section 4.6.6, the training procedure and hyperparameter settings are explained, concepts from the
supervised case in section 4.5.3 will be used and expanded. Section 4.6.7 explains how to evaluate
numerically and visually an unsupervised model and what the limitations of such an evaluation are.

However, the results of the numerical evaluation measures are only presented in Appendix D.1; they
represent measures that were only used for finding the optimal architecture during a grid-search
on various hyperparameters and are, as such, not directly applicable for finding information in a
dataset in an unsupervised way.

To this end and as a first result, section 4.6.9 introduces a visualization of the latent space using a GTM
model, which is also briefly introduced in section 4.6.9. Then, the latent space is exhaustively scanned
in section 4.6.10 using a property that the latent space is modeled as a probability distribution. Finally,
section 4.6.11 shows how to make predictions with the latent space by clustering it with a traditional
clustering algorithm called GMM. This section also analyzes the correlation of these predictions
with the helium nanodroplets radius.
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Ending in section 4.6.12; A summary and outlook are given. Future research directions are motivated,
and shortcomings are discussed.

4.6.3 Modifications on the dataset

The dataset presented in section 4.3 describes a highly unbalanced and complicated multi-class
problem, where one image can belong to multiple classes (An image belonging to the Spherical/Oblate
class can additionally exhibit Newton Rings or a Double Rings structure or both) and few classes
dominate the ground truth label distribution (91 % of all images are in the Spherical/Oblate class, and
80 % are Round). While for a supervised DNN, there are ways of taking these factors into account
(Chawla, Bowyer, Hall and Kegelmeyer, 2002; Lemaitre, Nogueira and Aridas, 2016), see also section
4.5.3, there is no way of dealing with these problems in the unsupervised case. Since there are
no ground truth labels, there can be no estimate about multi-class assignments or imbalanced
representations in the data; it is always as-is.

Therefore, for ruling out uncertainties that multi-class and unbalanced data introduces into an
evaluation routine (Batista, Bazzan and Monard, 2003; Dal Pozzolo, Caelen, Waterschoot and
Bontempi, 2013; Kubat and Matwin, 1997; Vluymans, 2019), the helium nanodroplets dataset
is converted to a balanced single-class dataset, by: Counting all occurring label combinations
within the helium dataset leads to 43 combinations overall. The most prominent combination is
Spherical/Oblate, Round with 5300 counts. Thirty combinations - containing 98.74 % of all non-empty
images - were selected to establish a new single-class dataset. The remaining 13 combinations were
discarded because they describe a multi-class scenario that could not be uniquely defined, such
as any combination that contains the Asymmetric and Double Rings classes since they are both new
superordinate single classes.

The conversion was done using an empirically derived label hierarchy that addresses which label
the most dominant contribution has. For example, if a label combination contains the Streak label, it
is assigned as the sole, and new single-class label since the Streak class is the visually most prominent
class for a human researcher and therefore has the highest hierarchy.

Following that logic, six new single-class labels are derived (denoted by bold font) as well as a rule-
set with which the multi-class helium nanodroplets dataset is converted to a single-class dataset,
see table 4.7 for a detailed description of this ruleset. After this conversion, the resulting dataset is
still very much dominated by the new Round class, therefore, to strike a balance between overall
dataset size - which should be large - and interclass count-ratios - which should be « 1 : 1 -, the
Round class is trimmed down to 652 images, resulting in a final single-class helium nanodroplets
dataset of size 2000. The final statistics about the helium dataset used in the unsupervised case can
be found in table 4.8.

This single-class helium nanodroplet dataset still represents an unbalanced dataset where the Round
and Elliptical class providing 2/3 of all images, but this is a mild scenario that can be compensated
for by the VAE.

4.6.4 Variational Autoencoder

Learning meaningful information from observations that lack ground truth label information is a
task where humans excel; for example, a baby learns a language just by listening to it. Machines
usually do not master this task. For them to infer meaning from something, an objective has to be
defined, and, often, tricks need to be applied.
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Table 4.7: Conversion rule-set for the single-class helium nanodroplets dataset. Using these labels, each image
has only one unique label. Total dataset size is 6964.

Old multi-class combination New class New name Counts

Spherical/Oblate, Round 1 Round 5616
Spherical/Oblate, Round, Newton Rings 1

Spherical/Oblate, Elliptical 2 Elliptical 512
Spherical/Oblate, Elliptical, Newton Rings 2

Prolate, Bent 3 Bent 126

Spherical/Oblate, Elliptical, Asymmetric 4

Asymmetric 308Spherical/Oblate, Elliptical, Newton Rings, Asymmetric 4
Prolate, Asymmetric 4
Prolate, Bent, Asymmetric 4

Spherical/Oblate, Round, Double Rings 5

Double Rings 194Spherical/Oblate, Elliptical, Double Rings 5
Spherical/Oblate, Round, Newton Rings, Double Rings 5
Spherical/Oblate, Elliptical, Newton Rings, Double Rings 5

Streak 6

Streak 208

Prolate, Streak 6
Bent, Streak 6
Bent, Layered, Streak 6
Prolate, Layered, Streak 6
Prolate, Bent, Streak 6
Prolate, Asymmetric, Streak 6
Prolate, Bent, Newton Rings, Streak 6
Prolate, Layered, Newton Rings, Streak 6
Prolate, Bent, Layered, Streak 6
Prolate, Bent, Layered, Newton Rings, Streak 6

For the given task of inferring information from a dataset of diffraction images without ground
truth labels, an objective is introduced in the next section (4.6.5), and the tricks and intuition that go
into the architecture of a VAE is presented here.

A schematic of a classical VAE is shown in figure 4.6. There, x is the input - a diffraction image -
and xr is the VAEs recreation. The architecture is designed so that the input information needs to be
encoded to a low dimensional representation z via an encoder function q(z|x), and then recreated
by a decoder function p(x|z).

Intuitively the VAE merely tries to funnel an image through a bottleneck and recreating it on the
other side. Generally, this is called autoencoder. If it succeeds, the bottleneck must contain valuable
information about the input, but the critical difference between a VAE and a regular autoencoder is

Table 4.8: Statistics for the single-class helium nanodroplets dataset. Exclusive labels assigned by using the
rule-set in table 4.7. One image can only be in one class. Final dataset size is 2000.

Class Nr. of labels % of the whole dataset

Round 652 32.6
Elliptical 512 25.6
Bent 126 6.3
Asymmetric 308 15.4
Double Rings 194 9.7
Streak 208 10.4
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x x~Feature extraction using convolutional layers

Try to compress the crucial information 
of x and store in it z

Feature reconstruction using 
de-convolutional layers

From z try to recreate x; If successful, 
valuable information was learned

Latent space
z

{ Encoder
q(z|x) { Decoder

p(x|z)

Figure 4.6: Schematic of a variational autoencoder. The intuition is that an encoder network approximates the
conditional distribution q(z|x) (encoding an image x in some low-dimensional representation z) and a decoder
network approximates the conditional distribution p(x|z) (decoding the low-dimensional representation z back
to an image x, ideally a perfect recreation of the encoder input image). The low-dimensional representation is
called latent space and conditioning the creation, formation and training of the latent space is the sole purpose
of a VAE.

that this bottleneck is modeled as a probability distribution. The VAE must obey statistics and cannot
just encode an image into an arbitrary lower-dimensional representation, as, for example, every
image compression algorithm (jpg, png, gif, ...) does. The stress this point even further, although
similar in appeal, a VAE is not an autoencoder; it is a variational model that merely hijacks the
architecture of an autoencoder to model a bottleneck that is as statistically meaningful as possible.

Therefore, conditioning the creation, formation, and training of this bottleneck is the sole purpose of
a VAE. The bottleneck is called latent space, and z is called a latent encoding. Therefore, z is the
low-dimensional approximation of an image x living in the latent space.

To motivate the most general case why such an architecture is needed: Suppose we have data
were the distribution that spawned the data is not known but not random. If it were random, no
prediction could be made from the data, and if it were known, the distribution generating process
could directly be simulated, meaning we could directly sample from the distribution and would not
need to build a sophisticated model.

An example of the latter is to record a velocity spectrum of electrons with a time-of-flight (TOF)
spectrometer. The electrons’ velocities usually follow a Maxwell-Boltzmann distribution (Itina,
Patrone, Marine and Autric, 1999; Morozov, 2015; Ohshima, Marchi, Oh and National, 1994).
This is known because it is a well-understood process. For a computational simulation of this
TOF measurement, virtual electrons are needed, and they need to have some velocity. Since the
distribution that real electrons follow is known, the virtual electrons’ velocities can be constrained
to follow a Maxwell-Boltzmann distribution, which will result in a good agreement between the
theoretical model and the experimental values. However, supposing that Maxwell and Boltzmann
never derived this distribution, other methods would be needed to model the virtual electrons’
velocity distribution in the absence of an analytical expression.

In such a case and speaking in statistical terms, the real distribution is intractable. Therefore, a
mechanism is needed where an algorithm approximates an intractable probability distribution:

In the case of a VAE, this is done as follows:



4.6. Unsupervised learning 153

1. There is an intractable probability distribution p̃(X) that generated the given dataset, where
x P X , x is a diffraction image, and X is the dataset holding all diffraction images. If p̃(X)

is known, the data is understood. (Purely from an information-theoretical point of view; An
infinite amount of real images could be sampled.6). Approximating p̃(X) is the ultimate goal
of a VAE.

2. For a VAE to work, it is assumed that the dataset was generated by a process that involved
some unobserved continuous random variable z. This is an artificial variable, not necessarily
having a counterpart in reality.

3. If there is this continuous random variable z, which is assumed to be responsible for the
diffraction images in the dataset, it must be possible to recreate the diffraction image x from
the variable z.

4. Taking z into account, p̃(X) can be written as a marginal7 probability density function:

p̃(X) =

ż

z
p̃(X|z) p(z) dz (4.18)

where p̃(X|z) is the conditional probability distribution for x P X given z and p(z) is the
probability distribution over z. The conditional probability distribution is the probability
distribution over X when z has some value. Equation 4.18 states that there exists this variable
z, and summing over all z1s yields p̃(X). Therefore, two things are needed to approximate
p̃(X): p̃(X|z) and p(z). The question of how to define p(z) is delayed until the next section;
p(z) is treated as given for a moment. The only question now is how to find a function that
approximates p̃(X|z), which is the probability of finding some image x P X when z has some
value.

5. A trick is used to approximate the conditional probability distribution p̃(X): When there is
a function that provides a valid estimate of z and equation, 4.18 holds, then there has to be
a function that recreates the diffraction image x given z. So, two functions are introduced
q and p (as it turns out, the left and right-hand side of the VAE in figure 4.6), where the
first function tries to find a function of z given x, and the second function tries to recreate
x from z. The first function is an approximation on the conditional probability distribution
q(z|x), called the Encoder, and the second function is an approximation on the conditional
probability distribution p(x|z) called the Decoder. Both approximations are realized via a
DNN. A visualization of this is shown in figure 4.6.

If the Decoder p successfully recreates a diffraction image x from its low-dimensional repre-
sentation z, then the Encoder q provided a convincing z, and p̃(X) can be approximated using
equation 4.18.

For the concrete implementation details, please see section 4.6.6. In general, a custom RCNN is
implemented as the encoder network q, related to the architecture used in the supervised case
described in section 4.5.5 and more detail in Appendix A.1. The decoder network p is identical to
the encoder network but uses deconvolutional layers, sometimes called transposed convolutions,

6Knowing the distribution that generated the diffraction images recorded in an experiment, would enable one to generate
endless amounts of additional diffraction images that all obey they same - real - physics as the original images did; Therefore,
having access to this distribution would allow the generation of diffraction images that were by any means indistinguishable
from the original ones. This is the goal of this algorithm.

7The term marginal refers to integrating over all dependencies. The idea is that if a random variable of a distribution
depends on a second random variable, it is possible to obtain the distribution of the first variable by integrating over all
possible values of the second variable. This is then called marginalizing.
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instead of convolutional layers. They can be thought of as the inverse operation to a convolutional
layer; Increasing dimensionality instead of reducing it (see, for example, Wojna et al., 2017).

To summarize, the general concept of a VAE is to model a latent space that should be statistically
meaningful. It achieves this by learning an identity mapping between an input diffraction image
and a generated diffraction image. Therefore, using such a model represents a trick to facilitate the
idea motivated by equation 4.18, where a continuous random variable z is assumed to be existent
and sufficient to explain the underlying distribution generating process of the dataset of diffraction
images X .

With the here used variant of a VAE, called β-TCVAE (R. T. Q. Chen et al., 2018), it is possible to
obtain meaningful information in a fully unsupervised way from a CDI dataset:

1. Visualizing the latent space using another neural network-based approach, namely a GTM. With
this visualization, it is possible to see directly that the VAE learned to differentiate between
the classes defined in the helium nanodroplets dataset.

2. Scanning the latent space to detect unique diffraction data features in the dataset. Scanning the
latent space enables a researcher to discover essential information effectively and uniquely, by
browsing through an approximation of the dataset in a continuous way.

3. Clustering the latent space using a traditional clustering algorithm to obtain class predictions. In
this thesis, a GMM is used and is compared against the current state-of-the-art on unsupervised
learning with diffraction images. The here presented approach yields new state-of-the-art
results.

The question of how to model the latent space and how to carry out training is still open. The next
section addresses this.

4.6.5 Loss function: Variational lower bound on the marginal likelihood

The evidence lower bound (ELBO)

The real probability distribution p̃(X) cannot be known; it is intractable; it can only be approximated.
Therefore, the real probability of finding x P X is unknown and can never be recovered. The estimate
about the probability of finding an image x by a given model - in our case, a VAE - with parameters8

θ, is therefore not called probability but a likelihood. The likelihood is a metric for the quality of a
models estimate on the real probability. Therefore, finding a set of parameters θ that maximizes the
likelihood is a way of finding the best possible estimate for the real probability of finding x. In other
words, maximizing the likelihood of a model is to make the best prediction this model possibly can.

For example, every day, the weather report estimates the temperature the next day will bring. The
weather service does not have access to the real probability distribution that spawns the temperature
of the following day; it approximates this distribution with a model that tries to incorporate all
relevant physics and outputs a temperature. The better the physics is modeled, the better the
approximation is. Such a model consists of several components. These components range from
solving the Navier-Stokes equation to modeling the earth’s topology and are θ. Then, the models
prediction on tomorrows temperature is not the probability of seeing this temperature but its
maximum likelihood estimation (the models best guess) on the probability of seeing this temperature.

8In the case of a DNN, like the VAE, the parameters θ are the trainable parameters already introduced in section 4.4.1,
there they were called w
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Since a VAE is a DNN model, θ are the trainable weights within the layers of the network, and the
goal of this section is to find an objective that produces a set of θ that maximizes the likelihood
of finding an image x P X . This objective is called ELBO and is a variational lower bound on the
marginal likelihood pθ(X). Notice the change in notation, pθ(X) is now the likelihood - given θ -
as opposed to the real probability distribution p̃(X).

Section 4.6.4 motivated that a variable z is assumed to be responsible for observing an image x P X .
For this reason, the marginal probability density function was introduced in equation 4.18. This can
be re-written in terms of the likelihood:

pθ(X) =

ż

z
pθ(X|z) p(z) dz (4.19)

Here, pθ(X|z) can be identified as the function p, represented by the decoder network (The right-hand
side of the VAE). As a next step, the encoder function q (The left-hand side of the VAE) is introduced
via its likelihood qθ(z|X) and is multiplied with equation 4.19 using the identity qθ(z|X)

qθ(z|X)
= 1.

pθ(X) =

ż

z
pθ(X|z)

p(z)
qθ(z|X)

qθ(z|X) dz

= Eqθ(z|X)

(︃
pθ(X|z)

p(z)
qθ(z|X)

)︃
(4.20)

where Eqθ(z|X) is the expectation operator w.r.t. qθ(z|X). By applying the natural logarithm on both
sides, Jensen’s inequality can be used. Jensens inequality states for a convex function of an integral,
that its secant line always lies above the graph of this function. In the context of information theory,
this is φ (Ex) ď Ex (φ(x)). The natural logarithm is a concave function, which inverses the Jensen
inequality.

log (pθ(X)) = log
(︃
Eqθ(z|X)

(︃
pθ(X|z)

p(z)
qθ(z|X)

)︃)︃
ě Eqθ(z|X)

(︃
log
(︃

pθ(X|z)
p(z)

qθ(z|X)

)︃)︃
ě Eqθ(z|X)

(︃
log (pθ(X|z)) + log

(︃
p(z)

qθ(z|X)

)︃)︃
ě Eqθ(z|X) (log (pθ(X|z))) ´ DKL(qθ(z|X)}p(z)) (4.21)

DKL(qθ(z|X)}p(z)) is the Kullback-Leibler divergence, already introduced in section 4.5.2 as part
of the cross-entropy loss function. Equation 4.21 is the desired loss function. It represents a lower
bound on the marginal likelihood pθ(X), and thus optimizing this function yields the best possible
estimator for the true probability distribution p̃(X).

The first term in equation 4.21 is often called reconstruction loss, as it is the mean (this is what
the expectation term essentially computes) of the error between all the original images and the
reconstructed ones. There is still an open question about p(z). In practice, this is a-priori chosen and
is set to a Normal distribution with zero mean and an STD of one (Notation is N (0, 1)). This way, a
VAE models the latent space as close as possible to be N (0, 1), since the Kullback-Leibler term can
be interpreted as a regularization penalty, similarly as the l1 and l2 penalty in section 4.5.3.

This defines the loss function in the principal paper (Kingma and Welling, 2014) and in theory - and
given enough images - a VAE could reproduce almost any probability distribution, but in practice,
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entanglement9 of the latent space has to be considered. The next paragraph introduces the concept of
entanglement and present approaches on how to avoid it.

Entanglement

Entanglement - or better disentanglement - is something that arises naturally for humans. Showing
a person 1000 photographs of a chair, were each photo was taken under a different angle, the person
will immediately realize that it is the same chair on all photos, regardless of the angle the photo was
shot. However, for an algorithm to understand that the photographs showing the same object with
merely one factor changed (the angle) is hard. To this end, disentanglement is within an information
theoretical framework defined as finding these factors that generalize an observation. So, ideally,
a VAE would get these photographs of a chair, and the encoder and the decoder would encode
and decode an image of this chair while having a latent space of only one dimension. This one
latent dimension would change the angle under which the chair appears at the decoder’s end. This
would suffice to define the dataset of chair photographs fully. In fact, the chair dataset is a real,
and is commonly used to test precisely for these so-called latent factors (Dosovitskiy, Springenberg,
Tatarchenko and Brox, 2017).

For the use-case with diffraction images, such latent factors could be the Airy patterns radii, rotation
angle, the brightness of the image, the elongation and size of the streak feature for Streak images, or
the degree of asymmetry and ellipticity. These things are apparent for humans, but a human cannot
look at 1 000 000 images. So a machine has to learn disentanglement.

There is, as of writing this thesis, no universal consensus what exactly disentanglement enforces in
a VAE (Burgess et al., 2018; R. T. Q. Chen et al., 2018; X. Chen et al., 2016; Higgins et al., 2017; Kim
and Mnih, 2018; Locatello et al., 2019). Disentanglement has been observed when multiplying the
Kullback- Leibler term in equation 4.21 with a positive scaling factor β ą 1, but this comes with a
trade-off between the quality of the reconstructed images and the disentanglement (Higgins et al.,
2017). In order to understand this trade-off, a decomposition of the Kullback-Leibler divergence can
be derived (R. T. Q. Chen et al., 2018; Hoffman and Johnson, 2016; Kim and Mnih, 2018; Makhzani
and Frey, 2017):

Epθ(X) (DKL(qθ(z|X)}p(z))) = I(X ; z) + DKL(qθ(z)}qθ(z)) (4.22)

where I(x; z) is the mutual information and qθ(z) =
śN

j=1 qθ(zi), is a factorial10 distribution over the
marginalized distribution qθ(z), please see appendix C in R. T. Q. Chen et al. (2018) for a complete
derivation.

Penalizing the mutual information term in equation 4.22 would force the VAE to reduce the amount
of information about the image x and his latent encoding z. This term is responsible for the decreased
reconstruction quality when the full Kullback-Leibler term in equation 4.21 is penalized.

However, the second term can be identified as the total correlation (Watanabe, 2010); A measure
of the dependence of each dimension in the latent space. Forcing the latent space’s individual
dimensions to be independent as possible appeals to human intuition about these latent factors. For
example, if one dimension is responsible for the symmetry found in a diffraction image, it should
not change its brightness and vice versa.

9Not in a quantum-mechanical interpretation, but an information-theoretical one.
10A factorial distribution is a distribution whose variables are independent of each other - the outcome for one variable is

not changing the outcome for the others.
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However, qθ(z) represents a marginalized distribution over x, which means integration over all
possible images, x (an infinite amount of images) is necessary. Moreover, the distribution itself is
not only marginalized but unknown (the encoder is just an approximation of q and yields only
a likelihood estimate, not a probability). However, the likelihood of q could be estimated during
training by feeding the whole dataset to the encoder, but this would be necessary for every training
step and is not a feasible solution. The likelihood could also be estimated for only one batch of images
during one training step, but this estimate would be prone to very high variance (R. T. Q. Chen et
al., 2018; Kim and Mnih, 2018).

As of know there are two approaches to approximate the total correlation term in equation 4.22:

1. Kim and Mnih (2018) are using an auxiliary DNN to approximate the probability density
function (PDF) of qθ(z) by using the density-ratio trick (X. Nguyen, Wainwright and Jordan,
2010; Sugiyama, Suzuki and Kanamori, 2012). This VAE is called factorVAE.

2. R. T. Q. Chen et al. (2018) are proposing an independent and identically distributed (iid)
Monte Carlo (MC) estimator inspired by importance sampling (for a full derivation, please see
appendix C.1 in R. T. Q. Chen et al., 2018):

Eqθ(z) (log q(z)) «
1
M

M
ÿ

i=1

⎛⎝log

⎛⎝ M
ÿ

j=1

q(zi|xj)

N M

⎞⎠⎞⎠ (4.23)

where M is the size of the training batch, N is the amount of images in the dataset and zi is the
latent encoding for the i-th image. This is the here used β-TCVAE.

Using an iid MC estimator over an auxiliary DNN has the considerable benefit of not having to train
a third DNN which needs tuning of an additional set of hyperparameters, but has the downside
that only quasi-balanced datasets can be approximated, due to the iid property. However, the total
correlation estimate of the β-TCVAE iid MC estimator is working well for the modified helium
nanodroplets dataset.

With this, the final loss function can be written as:

Lθ = Eqθ(z|X) (log (pθ(X|z)))
looooooooooooooomooooooooooooooon

1

´ DKL(qθ(z|X)}p(z))
looooooooooomooooooooooon

2

´ β DKL(qθ(z)}qθ(z))
looooooooooomooooooooooon

3

(4.24)

And to summarize these terms:

1 Reconstruction loss: Minimize the mean pixel-wise error between the input image and the
generated output image.

2 Kullback-Leibler divergence on the prior: Model the latent space as close as possible to a prior
distribution (chosen beforehand, usually a N (0, 1)).

3 Total correlation: Model the dimensions of the latent space as independently as possible.
Meaning, the first dimension in the latent space should change something in the decoder’s
output that every other dimension changes not. Note that this term introduces an additional
hyperparameter β, which controls the strength of the total correlation penalty. This parameter
is subject to optimization, see section 4.6.6, and is the name-giving factor for the β-TCVAE
(Total Correlation VAE).
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4.6.6 Training setup

This section introduces technical aspects of building a fully adapted VAE architecture that produces
a meaningful latent space and convincing diffraction images. Furthermore, unique modifications
that exploit a-priori knowledge about diffraction images are presented.

The exact implementation is given in appendix A.2, more precisely in table A.5. Two custom
15-layer RCNNs are used as the Encoder and the Decoder. This architecture was chosen after
benchmarking and modifying « 30 variations of Encoder and Decoder combinations found in the
literature (R. T. Q. Chen et al., 2018; I. J. Goodfellow et al., 2014; He et al., 2015, 2016b; Kim and Mnih,
2018; Kingma and Welling, 2014; H. Zhang et al., 2018). As of writing this thesis, the best decoder
architectures - in terms of reconstruction capabilities - can not be found in the VAE literature but the
GAN literature. For this thesis, several approaches usually found in GANs were adapted to work in
a VAE framework and especially to work with diffraction images.

For example, using pre-activated residual skip connections, as in the supervised case (see also
appendix A.1), has only recently been adapted to GANs (H. Zhang et al., 2018) but is not established
in VAE literature. In this sense, this approach is novel but not tailored to diffraction images.

All diffraction images were normalized to have a pixel-value range between 0 to 1 and were cropped
centrally only to show the inner area where a diffraction pattern is seen, discarding the black corners
around the detector (see section 4.6.10 for examples). Following that, all diffraction images were
rescaled to 192 px ˆ 192 px in order to fit along the VAE on an Nvidia 1080Ti GPU, having 11 GB
memory (The VAE has « 15 ˆ 106 trainable parameters, as compared to « 10 ˆ 106 parameters
found in the ResNet18 architecture used in the supervised case). During training, random left/right
and up/down flips and random rotation around the center, were performed. Especially the random
rotation was crucial for training the latent space, as it enforced rotational invariance in the modeling
of the generated diffraction images. See section 4.6.10 for a discussion on this property.

An exhaustive grid search with over 250 trainings of the VAE was conducted to find the best values
for β (the total correlation penalty multiplier in equation 4.24), the dimensionality of the latent
space (denoted zdim)), the l2 regularization strength and the learning rate lr. The quality of the
disentanglement and the reconstruction quality of these trainings were evaluated every 250 epochs,
as described in section 4.6.7.

A vital distinction of training a VAE compared to training a supervised RCNN, as in section 4.5,
is a phenomenon called posterior collapse. Training of a VAE can become unstable even if trained
with an identical set of hyperparameters. However, when careful and extensive testing of different
architectures and hyperparameters has been carried out, the training process can be considered
stable. This effect is fully discussed in Appendix A.2.2, and the here presented architecture is stable
to train with diffraction images.

The final set of hyperparameters, used from here on for all results, are: β = 8, zdim = 10, l2 = 0.01
and a learning rate lr of 1 ˆ 10´4. For optimization the Adam optimizer was used (Adam parameter
were: β1 = 0.9, β2 = 0.999, ϵ = 1 ¨ 10´8) (Kingma and Ba, 2014) with a warmup period of 10 000
steps, which greatly reduces variance in the loss function during training (Liu et al., 2019). The
effective total correlation parameter β was linearly increased from zero to its final value throughout
4500 epochs, which improves image reconstruction quality without reducing disentanglement
(Burgess et al., 2018; Locatello et al., 2019) A N (0, 1) was used as a prior for the VAE. The batch size
was 128, and training was carried out for 9000 epochs, which took roughly 18 h.



4.6. Unsupervised learning 159

During the grid search, the VAE was only trained for 1500 epochs, which for the whole grid-search
took one month to complete.

4.6.7 Evaluation

Evaluating an unsupervised generative algorithm, such as a VAE or a GAN, is a difficult problem
(Burgess et al., 2018; R. T. Q. Chen et al., 2018; Kim and Mnih, 2018; Locatello et al., 2019). It would
include determining whether a generated image can be considered real and a metric if the latent
space encoded meaningful representations, for example, a disentanglement score. There are few
such metrics proposed, notably the mutual-information-gap (R. T. Q. Chen et al., 2018) and the
factorVAE-score (Kim and Mnih, 2018), but these metrics require label information on the latent
factors themselves that is not available for the helium nanodroplets dataset (e.g., this could include:
The angle of rotation, Airy pattern spacing, elongation of the streak feature, the degree of ellipticity
as well as asymmetry and so on).

Therefore, this thesis uses other means to evaluate the quality of the latent space and the generated
images. In this section, five different approaches are presented, and all approaches that did not
include manual inspection were also used throughout the grid search, described above in section
4.6.6. All results of the grid search are given in appendix D.2. These five approaches are:

1. training of a supervised classifier on the latent space

2. Calculating the Fréchet Inception distance (Heusel, Ramsauer, Unterthiner, Nessler and
Hochreiter, 2017) (modified for diffraction images)

3. Embedding the latent space in a low-dimensional representation for manual inspection

4. Scanning the latent space directly by making use of the PPF of a N (0, 1)

5. Clustering the latent space and calculating the mutual information score (Vinh, Epps and
Bailey, 2010)

1 and 2 were applied every 250 epochs throughout the training process of the VAE. All methods are
explained in the following paragraphs.

1. Training a supervised classifier on the latent space

Training a supervised classifier on the latent space is a custom measure to evaluate the quality of the
latent space (T. Chen, Kornblith, Norouzi and Hinton, 2020; X. Chen, Fan, Girshick and He, 2020;
Van Gansbeke, Vandenhende, Georgoulis, Proesmans and Van Gool, 2020). The idea behind this
approach is that if the latent space was in any way meaningful distilled from the original images,
then a classifier should be able to make predictions from the latent space and the original ground
truth labels. If a Streak images latent encoding is still uniquely different from a Round images latent
encoding, then a classifier can discover this relation in the latent space. The shortcomings of this
method are directly related to the capabilities of the chosen classifier. Therefore, the chosen classifier
needs to be powerful enough to detect these features in the latent space, but training should be fast
enough to be applicable during the evaluation phases in the training process. A supervised DNN is,
therefore, an ineffective choice because training such a model takes up too much time during the
evaluation phases.

An SVM, using a radial basis function (RBF) kernel, was chosen as a classifier. There is precedence
for using such a classifier for diffraction image data (Bobkov et al., 2015), and it is still the second-best
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classifier for such datasets, only trailing the DNN approach in Zimmermann et al. (2019). More
importantly, it is fast to train (« 3 s for the images in the single-class helium nanodroplets dataset.)
and can be implemented in very few lines of Python code (see Appendix C.1 for the Python code).

For the SVM, the images were split into a training set consisting of 1500 images (75 %) and an
evaluation set of 500 images (25 %). A grid search for the complexity parameter of the SVM between
3 to 20 was carried out and the results of the best model were saved for later comparison.

By choosing this approach, it was possible to compare the quality of the latent space from the VAE
with other dimensionality-reduction techniques, such as PCA and SVD. If a classifier could find in a
simple PCA or SVD projection more features valuable for its predictions, than using a VAE would
be pointless.

This technique was exclusively used during the grid-search, and the full results for the best-
performing VAE can be found in appendix D.1, and the raw grid-search results on all benchmarked
models are in appendix D.2.

There, the results show that training an SVM on the VAEs latent space outperforms the PCA-
approach. and that the VAEs was able to distill separable information into a low-dimensional latent
space. Therefore, the VAEs latent space contains more clusterable information than a PCA vector
space with the same dimensionality. Surprisingly, training a SVM on VAEs latent space achieved
better results, than training a SVM on the raw images, as done in Bobkov et al. (2015). This indicates
that the VAE successfully discarded redundant information during training.

2. Calculating the Fréchet Inception distance (modified for diffraction images)

Calculating the Fréchet Inception distance is intended as a measure to evaluate the quality of
the generated images (Heusel et al., 2017). It is based on the Fréchet distance (also known as
2-Wasserstein distance), which is a recently proposed way for measuring the distance between
Gaussian processes (Mallasto and Feragen, 2017). A Gaussian process can be understood as a
function over independent random variables whose joint probability distribution is a multivariate
normal distribution. This means the function describes a set of normally distributed variables.

It can be assumed that the output of a DNN with a sigmoid activation output layer is a multivariate
normal distribution. Meaning, the predictions are normally distributed. Therefore, we can obtain
two Gaussian processes by using a trained DNN and calculate this network’s predictions on the real
images and the generated ones. This way, the Fréchet distance acts as a measure for the similarity
between the real and the generated images.

If the Fréchet distance between these two Gaussian processes is small, the generated images can be
considered convincing. In other words, if a fully trained classifier cannot distinguish the generated
ones from the real ones, then they are realistic. In the principal paper on this method (Heusel et
al., 2017), there was a DNN architecture used called Inception Net V3 (Szegedy, Vanhoucke, Ioffe,
Shlens and Wojna, 2016), hence the name Fréchet Inception distance, and it was trained on a corpus
of everyday images (House, Car, Dog, ...).

However, for this measure to be useful, the DNN needs to be trained on a dataset from the same
image domain. Diffraction images in our case. Therefore a ResNet50, as described in Appendix
A.1 and already benchmarked to work well with diffraction data, is used and was trained on the
single-class helium nanodroplets dataset with a training set of 1500 images (75 %) and an evaluation
set of 500 images (25 %).
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Using the ResNet50, the Fréchet Inception distance (From hereon called Fréchet ResNet distance)
can be calculated with:

d((mreal , Creal), (mgen, Cgen))
2 = |mreal ´ mgen|22 + Tr(Creal + Cgen ´ 2(CrealCgen)

1
2 ) (4.25)

where mreal and Creal are the mean and the covariance of the ResNet50 predictions on the real images,
and mgen and Cgen are the same parameters for the generated images. | ¨ |22 is the squared l2-norm
(the euclidean norm) and Tr(¨) is the trace.

Empirical studies have shown that this approach correlates much better with the perceived quality
of an image by a human than using the reconstruction error (Heusel et al., 2017).

Since this measure is unique to generative models and, as of writing this thesis, there have been no
generative models published in the regime of diffraction images, there is no way of comparing the
proposed VAE with other publications. Therefore, this measure was exclusively used for numerically
evaluating the quality of the generated images during the exhaustive grid-search.

The results for the best model are in appendix D.1, and the raw grid-search results on all bench-
marked models are in appendix D.2.

There, the calculated Fréchet distances aligned very well with a visual inspection of generated and
real images. Furthermore, the Fréchet ResNet distance reflected not only the perceived quality of a
generated image dataset to a very high degree, but also aligned well with the last paragraph’s SVM
approach for finding the best of VAE hyperparameters.

3. Embedding the latent space in a low-dimensional representation for manual inspection

Embedding the latent space is a way to visualize it for manual inspection. In principle, it is possible
to set the dimensionality of the latent space in the VAE to zdim = 2. This way, it would be possible to
do a scatter or contour plot of the latent space, since it only has two dimensions. However, it not only
deteriorates the reconstruction capabilities significantly when choosing such a small dimensionality
for the latent space but the VAE also tends to ignore most variations in the dataset and models only
the dominant latent factors of the dataset (Kingma and Welling, 2014; Locatello et al., 2019). For
the use-case of diffraction images, this results in mostly round diffraction patterns that do not look
convincing. Therefore, it is a better strategy to have a latent space with larger dimensionality and
then use a different dimensionality-reduction algorithm to break down the latent space into two
dimensions.

There are various popular choices available, were uniform manifold approximation and projection
(UMAP) and t-distributed stochastic neighbor embedding (t-SNE) are often used (McInnes, Healy
and Melville, 2018; Van Der Maaten and Hinton, 2008) in the machine-learning community. However,
these algorithms do not preserve the topology of the manifold they try to embed. Meaning, the
distance between two points in their low-dimensional projection using either UMAP or t-SNE is not
necessarily related to the distance in the original manifold (the latent space in our case). For this
reason, a different algorithm is used, namely a generative topographic mapping (GTM) (Bishop et
al., 1998).

A GTM is a neural network model that assumes a superposition of delta distributions as a designated
prior on which it tries to project the given high-dimensional manifold (here, the latent space of
the trained VAE). These delta distributions form a regular grid, and optimizing the projection is
done via a set of hierarchical nonlinear functions (a feed-forward network with sigmoidal hidden
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units, hence, a neural network) that map the high-dimensional manifold on the two-dimensional
superposition of delta distributions.

The probability for finding a latent VAE encoding (zi) - belonging to diffraction image xi - in the
lower-dimensional projection of the GTM is then just a sum of delta functions:

p(zi) =
1
K

K
ÿ

i=1

δ(lj ´ zi) (4.26)

where jj are the embedded variables of the GTM. Since equation 4.26 evaluates only in the projected
space if lj = zi, it can be written in terms of the sum of likelihoods pM,β at position lj with the GTMs
parameters M and β:

p(tj) =
1
K

K
ÿ

i=1

pM,β(tj, zi) (4.27)

where lj has been swapped with tj, which corresponds to expected noise around each delta distribu-
tion at lj. Adding noise around the delta distributions is what gives the GTM model the freedom to
place the projection for one high-dimensional input slightly beside a grid-point (equation 4.26). It,
thus, makes the model more flexible.

Equation 4.27 is just expressing the likelihood to find the low-dimensional projection for one input
zi near one of the grid-points. Since now, noise is introduced, it needs to be modeled. For modeling
the noise, a bivariate normal distribution with zero mean (to make it radially-symmetric around the
grid-points) and variance σ2 are used:

p(tj) =
1
K

K
ÿ

i=1

(︃
1

2πσ2

)︃
exp

(︃
´

1
2σ2 |y(xi; W) ´ tj|

2
2

)︃
(4.28)

where y is a neural network model that approximates the optimal projection function. The loss is
then defined as the log-likelihood over all noise distributions tj for all delta grid-points N:

L =
N
ÿ

j=1

ln

(︄
1
K

K
ÿ

i=1

(︃
1

2πσ2

)︃
exp

(︃
´

1
2σ2 |y(xi; W) ´ tj|

2
2

)︃)︄
(4.29)

After optimizing equation 4.29, the model ends up assigning a grid-point to each input sample
point (the latent encodings for the diffraction images) as well as a mean and variance value that
expresses how much the input sample point deviates from the assigned grid point in terms of a
normal distribution around the grid-point. Therefore, a GTM is a probabilistic model that tries to
model the high-dimensional input space as a fixed number of normal distributions (the number of
grid-points).

Such a model is called a mixture model in the literature (see, for example, section 12.4 in Bishop,
2006), and when using a normal distribution: A gaussian mixture model (GMM). A GMM is
especially effective in combination with a VAE because the VAEs latent space itself can be viewed as
a multivariate normal distribution. The VAEs latent space is, therefore, in fact, a mixture of normal
distributions, and exploiting this property is the reason this visualization technique works so well.
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Furthermore, using a GTM for visualization is topology-preserving (Bishop et al., 1998), since it
maps on a regular grid. This property is especially useful in the diffraction image latent space. For
example, if the radii of the Airy patterns are modeled as a latent factor, the distance in the GTM
projection would directly correspond to this parameter.

The embedding of the VAEs latent space, along with the discussion, is given in section 4.6.9.

4. Scanning the latent space directly by making use of the percent-point function of a N (0, 1)

One of the advantages of a VAE is that it models the latent space as close as possible to a N (0, 1).
Therefore, all images have their features decoded into a set of normally distributed probabilities.

If, for example, a human would look at all diffraction images in the dataset and would write down
the Airy patterns radii, the ellipticity, asymmetry, and streakiness of every image, there is a good
chance that these parameters for all images are normally distributed as well. The human observer
would have constructed a latent space with dimensionality 4. Furthermore, depending on how
good they could draw an Airy pattern from these four values, the researcher would effectively be
the human version of a VAE.

In return, we could ask the human observer to draw the Airy pattern that: Had a 50 % chance of
having the mean radius of all radii, a 0 % chance of being fully elliptical, a 0 % chance of being
asymmetric, and a 0 % chance of being streaky. The human observer would then draw with high
confidence a diffraction pattern belonging to the Round class having the average radius of all
diffraction patterns.

A VAE can be asked in the same way using the so-called percent-point function (PPF) of a N (0, 1).
The PPF provides the value that should be entered into the associated cumulative distribution
function to obtain a sample whose probability was maximally as high as the input value for the PPF.
For example, the question to the human observer would in terms of the PPF look like: f (0.5, 0, 0, 0),
where f is the PPF for a normal distribution.

More formally, the PPF of a normal distribution is given by:

f (p) = µ + σ
?

2 erf´1(2p ´ 1) (4.30)

where p is the desired probability and is called percentile, µ and σ are the mean and STD of the
normal distribution and erf is the error function.

Therefore, using a 10-dimensional vector11 holding the PPF values from equation 4.30, we can
generate images by feeding the decoder part of the VAE (see figure 4.6) this vector. Effectively, we lie
to the decoder network, pretending that the encoder transformed an image into a latent encoding.

Since the encoder tries to always make the latent encodings as N (0, 1) as possible (see the second
term in the ELBO loss in equation 4.24), it is possible to generate all images that have some probability
of appearing when sampled from a N (0, 1) by just using equation 4.30 directly and feeding its
output to the decoder.

The possibility of using this evaluation technique is one of the reasons to employ a VAE over every
other unsupervised algorithm, when visual information retrieval is one of the main goals. With this,
a researcher can scan through a dataset through continuous variables that can easily be changed.

11Because the dimensionality of the latent space is 10 as well
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In fact, for this thesis, scanning the latent space is done using a simple graphical user interface (GUI)
(a screenshot is given in appendix D.3)) that has a slider for every dimension in the latent space
(The sliders value correspond to the percentile value p in equation 4.30). Finding a start image can
be done by, for example, setting all sliders to p = 0.50, which yields a mean image. This produces
an image that could belong to the Round class and having a radius that corresponds to the mean
radius of all Round images (See the generated image in figure 4.12 with p = 0.5). Then, scanning is
done by fixing all p values for all dimensions except for the one that is scanned. This one dimension
is then changed for percentiles between 0.05 to 0.95.

The so generated diffraction images are presented in section 4.6.9, sorted in five distinct categories
corresponding to what the latent scan changed: Brightness, Symmetry, Radius, Rotation and Structure.

5. Clustering the latent space and calculating the mutual information score

Clustering is the technique to separate a given dataset into distinct classes that share some similari-
ties. If the dataset consists of vectors that span a vector space, this is not a hard problem. Distances
between all the points in the dataset can be computed, and those vectors which are close - to some
threshold - belong to one class. For this kind of problem, there are several methods available,
(Estivill-Castro, 2002). The current state-of-the-art on clustering datasets of diffraction images is
spectral clustering on raw flattened images. It achieves an accuracy of up to 88 % on the task of
separating diffraction images from two distinct nanoparticle species (Yoon et al., 2011).

However, there is an open question regarding the generality of this approach. The dataset in Yoon
et al. (2011) consists of samples of the Acanthamoeba polyphaga mimivirus (Seibert et al., 2011)
and nanorice (Kassemeyer et al., 2012). The nanorice samples had a fixed size of 250 nm, while
the mimivirus samples varied between 450 to 750 nm in size. In a single particle in free flight CDI
experiment, however, the size of the imaged nanoparticle corresponds directly to the spacing of the
Airy patterns in the diffraction image. Therefore, this dataset is especially prone to get clustered
into bins that correspond to the radius of the imaged nanoparticle and by mere correlation into bins
that separate these two nanoparticle species.

To test this and as a baseline, spectral clustering on raw diffraction images is compared with the
here presented approach of clustering the latent space with a gaussian mixture model (GMM). For
the here used dataset (see section 4.6.3) radius information is available. Therefore, two scenarios
are tested: 1) How well the clustering routines work with data that exhibit pronounced spatial
characteristics of particles with an overlapping size distribution, and 2) how well does radius-sorting
work with such a complicated dataset.

As stated, the here used model is a GMM, which is used to cluster the VAEs latent space. A GMM
employs the same strategy as the above described GTM model, with only the minor difference of
not having a positionally-fixed set of delta functions as prior (equation 4.26), but the positions of the
delta functions are itself subject of optimization. Much like the optimal positions of the centroids in
the widely used K-Means algorithm (MacQueen, 1967), a GMM is for this reason sometimes called
soft K-Means (Hastie, Tibshirani and Friedman, 2009). For every sample point in the dataset, the
index of the nearest delta distribution is then its assigned new class.

A GMM harmonizes optimally with the structure of the VAEs latent space, just as the GTM did for
visualizing the VAEs latent space.

To asses the overlap of the clustering with the available ground truth labels, three common metrics
are used: The normalized mutual information score (MI) (Vinh et al., 2010), the homogeneity score
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True

Round Elliptical Bent

Generated

Figure 4.7: Exemplary true images compared to their generated counterparts by the VAE [1/2]. All generated
images are smoothened out, showing no high-frequency noise components. Furthermore, shapes that deviate
from circular symmetry showing artifacts that make the generated images easily distinguishable from their
true counterparts. The generated and true images for the classes Asymmetric, Double Rings and Streak are
in figure 4.8

(HS) (Rosenberg and Hirschberg, 2007) and the completeness score (CS) (Rosenberg and Hirschberg,
2007). All these metrics are independent of the assigned values of the labels, in other words, a
permutation of the class labels will not change the score. Furthermore, they all have a range between
0 to 1, and while the MI is symmetrical (MI(X; Y) = MI(Y; X)), the HS and CS are symmetrical
to each other (HS(X; Y) = CS(Y; X)), see equation 4.31 and 4.32.

In the MI case, 1 means both label distributions share identical mutual information, and 0 indicates
a random label assignment. The HS and CS are indicating how homogeneous and complete the
predicted classes are. To give an example, x1 = (0, 0, 1, 1, 2) and x2 = (1, 1, 0, 0, 0) are two label
vectors. x1 could be the ground truth labels for five diffraction images, and x2 could be the predicted
labels from a clustering algorithm for these five images.

The predicted absolute values are wrong (the first image is together with the second image in the
zeroth class and not in the first as predicted), and the prediction for the fifth image is overall wrong
(it should be its own class; instead, it was also assigned to the zeroth class). However, the MI is 0.80,
which roughly translates to 4/5 are correctly classified (the first and second image belong together,
as well as the third and fourth, regardless of the absolute value of the predicted class). The CS is 1,
because of all predicted labels (0 and 1) all images that belonged together are together, but since the
prediction for the fifth image erroneously placed the image into class 0, the HS is just 0.64, since the
predicted class 0 is not homogeneously consisting of images of only one correct class.

The MI is given by:

MI(X; Y) =
NX
ÿ

i=1

NY
ÿ

j=1

nij

N
log

N nij

|Xi||Yi|
. (4.31)
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True
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Figure 4.8: Exemplary true images compared to their generated counterparts by the VAE [2/2]. All generated
images are smoothened out, showing no high-frequency noise components. Furthermore, shapes that deviate
from circular symmetry showing artifacts that make the generated images easily distinguishable from their
true counterparts. The generated and true images for the classes Round, Elliptical and Bent are in figure 4.8

The HS and CS can be expressed in one equation, since HS(X; Y) = CS(Y; X)

HS(X; Y) =
NX
ÿ

i=1

NY
ÿ

j=1

nij

N
log

nij
řNY

j=1 nij
= CS(Y; X), (4.32)

where nij = |Xi X Yj| is called the contingency matrix, N is the total number of sample points and
NX and NY are the number of classes in dataset X and X. The results of these metrics for the GMM
clusterer on the VAEs latent space, as well as for the spectral clusterings predictions on raw images,
are given and discussed in section 4.6.11.

4.6.8 Visual evaluation of the variational autoencoders reconstruction capabil-
ities

For the best performing VAE (see section 4.6.6 and appendix D.1), generated images are plotted
against their real counterpart in 4.7 and 4.8 for a visual examination of the VAEs reconstruction
capabilities.

There, several things stand out. First, all images are smoothened out. In the slightly noisy real
Round image, the generated one has soft edges and no noise at all. The primary reason for this is
that noise is a high-frequency spatial component that is filtered out during dimensionality reduction
in a VAE (Kingma and Welling, 2014). Second, deviations from symmetry show off. The Bent and
Asymmetric images are showing artifacts that can be backtracked to the VAE learning mainly to
optimize round shapes since they dominate the helium single class dataset (see table 4.8).

Moreover, the generated Streak image is lacking a significant amount of features and only shows
the main streak feature, smoothening out the Airy patterns that surround it.
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Generative topographic map of the VAEs latent space
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Figure 4.9: GTM projection of the VAEs latent space. The Streak class is separated and can be identified.
Separated plots for every class are in figure 4.10. In an unsupervised data pipeline, this could already be
used as a small GUI, allowing for mouse-clicking on single points. This way, a large group of images, sharing
similarity, could be recovered, for example, all Streak images.

This effect is part of a known trade-off between the dimensionality of the VAEs latent space and the
model’s reconstruction capabilities. However, increasing the latent space’s dimensionality is not an
advisable solution because entanglement within the latent space is anti-correlated with increasing
the dimensionality of the latent space (Burgess et al., 2018; R. T. Q. Chen et al., 2018; X. Chen et al.,
2016; Higgins et al., 2017; Kim and Mnih, 2018; Locatello et al., 2019). Therefore, in order to keep
a disentangled latent space, these results represent the optimal compromise, as the overall image
quality is still satisfactory, and disentanglement is still intact (see section 4.6.10).

4.6.9 Visualizing the latent space

The 2-dimensional GTM projection of the 10-dimensional latent space modeled by the VAE is shown
in figure 4.9. There, the Streak class is separated from all other classes. Intuitively this makes sense
as most diffraction images are an elliptical/asymmetric variation of a Round diffraction image (see
also table 4.7). The Streak class, however, is, in many regards, very different and constitutes its own
group of images.

Since all other encodings are entangled in this scatter plot, they are plotted separately on top of a
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Round Elliptical Bent

Asymmetric Double Rings Streak

Figure 4.10: Class separation for the GTM projection of the VAEs latent space in figure 4.9. The Streak class
is isolated, the Bent class is mostly between the Elliptical and the Asymmetric class, and the Double Rings
class is also mostly isolated in the top-left corner. This arrangement reflects human intuition to a high degree,
which can be verified by comparison with the labels in the original multi-class dataset (See table 4.7).

kernel density estimate (KDE) for better visibility in figure 4.10. There, the pronounced differences
between these classes can be identified. The Round images are mostly in the top row of the GTM-
projection. The Elliptical images occupy mostly the line from top-left to bottom-right. Along this
Elliptical line and going further towards the bottom-left corner, the Bent class is found ultimately
flowing into the area where the Asymmetric images are. The Double Rings class occupies the outer
edge of the top-left corner almost alone, stretching into Round, Elliptical, and Asymmetric.

This arrangement reflects human intuition and is conclusive in several regards:

1. The Streak class is separated from all other images.

2. The Bent class is placed in the vicinity of the Elliptical and Asymmetric images, which is
where a researcher also placed them in the original multi-class scenario (See table 4.7).

3. The Double Rings class is occupying its own area in the projection, stretching out mostly
towards the Round and Elliptical class. As with the Bent class, this makes sense as the
Double Rings mostly consist of images that were also labeled Round and Elliptical in the
original multi-class scenario (See table 4.7).

Figures 4.9 and 4.10 contain meaningful information obtained in a fully unsupervised fashion. A
simple use-case would be to use the projection in figure 4.9 as a GUI that allows for manually
selecting areas within this plot; This way, several images that share substantial similarity (like all
Streak images) could be immediately identified and analyzed in context by a researcher without
ever having seen only one real diffraction image.

Moreover, the GTM projection also works as an evaluation technique on the quality of the VAEs
latent space, since for evaluation, ground truth label information is available. The fact that this
2-dimensional projection of a 10-dimensional manifold overlaps to some degree with the human
intuition is a required argument towards the assumption that a VAE can learn such complicated
latent factors in a disentangled and meaningful way, as a human can.
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This, and anticipating the results from section 4.6.10 and 4.6.11, is a first glimpse that a continuous
representation of a discrete dataset was learned by the VAE without ground truth label information.
This means a single line can be drawn in the latent space that connects an Elliptical image directly
to an Asymmetric representation. More so, every point along this line is itself a diffraction image.

Visualizing this is the content of the next section.

4.6.10 Scanning the latent space

This section shows that the VAE learned meaningful information from the single-class helium
nanodroplets dataset in a fully unsupervised way. Here, several traversals are plotted directly in the
latent space to motivate the disentangled factors the VAE found. These factors are:

• One factor (zdim = 10) changes the brightness (see figure 4.11).

• Two factors (zdim = 7 and zdim = 8) change the symmetry of a diffraction image (figure 4.12
and 4.13).

• One factor (zdim = 3) changes the spacing of the Airy patterns (figure 4.14.

• Two factors (zdim = 4 and zdim = 2) change the rotation angle (figure 4.15 with a round
diffraction pattern, figure 4.16 with a streak diffraction pattern and figure 4.17 with an elliptical
diffraction pattern).

• Three factors (zdim = 5, zdim = 6, and zdim = 9) change the overall structure (Round to Double
Rings in figure 4.18; Streak to Double Rings in figure 4.19; Asymmetric to Bent in figure 4.20;
Elongation of a Streak feature in figure 4.21 and Asymmetric to Streak in figure 4.22).

The assignment of which dimension changes which type of feature is random and training the
VAE again results in different dimensions that, nonetheless, manipulate the same factors. Repeated
training has been carried out in order to make sure these latent factors were reproducibly learned.
Furthermore, the disentanglement of these factors is by no means perfect. As discussed in section
4.6.5, disentanglement is a property not fully understood, especially in the context of small datasets,
which is the case here.

Important to note is that the rotational latent factor was only learned after the random rotation of
input images during training was introduced (see section 4.6.6). This is not because random rotation
in diffraction images could not be observed during a CDI experiment but primarily because the
number of images that show the same feature (for example, a streak) was too small to represent
this feature for all rotational angles adequately. Alternatively put: If only ten images show a
streak feature under a different rotation, it is unlikely to estimate that this feature can be recorded
with arbitrary rotation during a much longer experiment. Therefore, the VAE is not making the
assumption.

The number of images is a crucial bottleneck regarding the quality of not only the rotational
latent factor but for all latent factors: More data makes the VAEs latent space only richer and
denser. Therefore, in contrast to every other algorithmic and non-DNN image information retrieval
approach, more data makes this approach much better. Other algorithms for image feature extraction
are getting more and more unusable (fore and foremost due to the curse of dimensionality) when
increasing the number of available images; A VAEs latent space, however, will only get more
meaningful the more images are available.
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0.05 0.27 0.50 0.72 0.95

Figure 4.11: Scanning a single dimension in the latent space. Changing zdim = 10 leads to continuous changes
in the brightness of the current diffraction image. The value on top of every image corresponds to the p
parameter (percentile) in equation 4.30.

0.05 0.27 0.50 0.72 0.95

Figure 4.12: Scanning a single dimension in the latent space. Changing zdim = 8 leads to changes in the
symmetry. The diffraction image is elliptically stretched either along the x- or y-axis. The value on top of every
image corresponds to the p parameter (percentile) in equation 4.30.

That said, the quality of the here presented disentangled latent factors is satisfactory and reflects a
fair amount of the human intuition put into labeling the dataset in the first place.

Recalling Section 4.6.7, scanning the latent space was done by fixing all p values for all dimensions
except for one. This one dimension was then changed for percentiles between 0.05 to 0.95. The
differences in the generated diffraction images are plotted for five distinct categories: Brightness,
Symmetry, Radius, Rotation and Structure. The decoder part of the VAE generated all images in this
section using a 10-dimensional vector as input holding the PPF values, computed using equation
4.30.

Brightness

Changing the brightness corresponds to zdim = 10 and is one of the most dominant of all latent
factors, consistently keeping the start image and only changing its brightness. Figure 4.11 shows a
scan for the most often occurring image, a round image with the mean radius.

Symmetry

Changing symmetry appears to be encoded in two latent dimensions. Symmetry can either be
broken in x/y direction (Changing zdim = 8, figure 4.12) or along a 45°/315° line (Changing zdim = 7,
figure 4.13).

Radius

The Airy patterns spacing corresponds directly to the radius of the imaged nanodroplet in a single-
particle single-shot CDI experiment. Since the dataset contains many diffraction images with
varying Airy pattern spacings, it is expected that a latent factor models this quantity. Figure 4.14
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0.05 0.27 0.50 0.72 0.95

Figure 4.13: Scanning a single dimension in the latent space. Changing zdim = 7 leads to changes in the
symmetry. The diffraction image is elliptically stretched either along a 45° (p = 0.95) or a 315° (p = 0.05) angle.
The value on top of every image corresponds to the p parameter (percentile) in equation 4.30.

0.05 0.27 0.50 0.72 0.95

Figure 4.14: Scanning a single dimension in the latent space. Changing zdim = 3 leads to differences in the
Airy patterns spacing. Therefore, this dimension of the latent space shows the greatest correlation with the
nanodroplets radius. The value on top of every image corresponds to the p parameter (percentile) in equation
4.30.

shows that scanning zdim = 3 in the latent space leads to changes in the Airy pattern spacings.
However, the Airy patterns spacing of p = 0.05 (the largest spacing) and p = 0.95 (the smallest
spacing) do not appear to cover the full range of possible Airy patterns spacing in the dataset.
See, for example, the exemplary image for the Spherical/Oblate class in figure 4.2, which has much
narrower spacings.

Rotation

Rotational invariance of the imaged nanodroplets is a property that arises naturally during CDI
experiments, as the orientation with which an FEL beam hits a nanodroplet is random. Therefore,
having many topologically similar particles producing every thinkable diffraction pattern in multiple
rotational variants is very likely. However, since the here used single-class helium dataset consists
of only 2000 images, which is not enough to provide enough variety for the VAE. Therefore, this
property was enforced during training by randomly flipping the image up/down, left/right, and
apply random rotations. This augmentation leads the VAE to model rotation as a latent factor. It is
expected in a real-world scenario, where much larger datasets are available, that this latent factor is
learned without image augmentation techniques during training.

Figure 4.15 shows the rotation of a round diffraction pattern, interestingly, since the shape is
rotationally symmetric, the artifacts around the detector hole along the dimmer area around the
8° hole of the MCP, see section 3.3.6, are rotating as well. This behavior results from the data
augmentation enforced during training time, as those artifacts have been randomly rotated. In the
case of a round diffraction pattern rotating, these artifacts constitute the main contribution to how a
round diffraction image can rotate.
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Figure 4.15: Scanning a single dimension in the latent space. Changing zdim = 4 leads to rotational changes.
This scan demonstrates the symmetric case, see figure 4.17 for the elliptical case. The value on top of every
image corresponds to the p parameter (percentile) in equation 4.30.

0.05 0.27 0.50 0.72 0.95

Figure 4.16: Scanning a single dimension in the latent space. Changing zdim = 4 leads also to rotational changes
when a diffraction pattern dominated by a streak feature is used. The value on top of every image corresponds
to the p parameter (percentile) in equation 4.30.

In contrast, figure 4.16 shows a rotating streak feature, and figure 4.17 shows a rotating elliptical
feature. Here, the detector hole does not rotate along, indicating that the VAE correctly learned
rotational symmetry. Showed is the induced rotation by changing zdim = 4, which amounts to a
«45° counter-clockwise rotation.

Not shown here, but changing zdim = 2 yields a 45° clockwise rotation. This, in combination with a
mirror-symmetric shape, such as the streak feature in figure 4.16 or the elliptical feature in figure
4.17, covers 360° of rotational freedom.

Structure

Structural changes are encoded in three latent factors, zdim = 5, zdim = 6 and zdim = 9, and are not as
well disentangled as Brightness, Rotation and Symmetry. One of the main reasons for that is how the
latent space is modeled, namely as a mixture of continuous normal distributions, which contrasts
with the observed difference between a Round and a Streak diffraction image. They appear to be
discrete and categorical to a human observer. The diffraction image is either Round or a Streak, but
not both; there is no superposition of both.

How a diffraction image looks like on a continuous transgression from a Round diffraction image to
a Streak image is therefore rather exotic and not strictly physical. The Streak class only consists of
Prolate, Asymmetric and Bent diffraction images (see table 4.7). Nevertheless, a VAE will try to learn
such a latent factor in order to generalize all dimensions in the latent space. However, since such
observations are not available in the dataset, the learned latent factors cannot be fully disentangled.

Such entangled latent factors correspond to local minima and maxima in the latent space landscape;
In practical terms, this means that, depending on the start image that is chosen (before fixing all
latent dimensions and starting the scan), the same latent factors can do different things. For example,
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Figure 4.17: Scanning a single dimension in the latent space. Changing zdim = 4 leads to rotational changes.
This scan demonstrates the elliptical case, see figure 4.15 for the symmetric case. The value on top of every
image corresponds to the p parameter (percentile) in equation 4.30.
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Figure 4.18: Scanning a single dimension in the latent space. Changing zdim = 5 leads to structural changes.
The structure of symmetrical diffraction images can be transformed to resemble the Double Rings class. The
value on top of every image corresponds to the p parameter (percentile) in equation 4.30.

a round diffraction image can be made to resemble a double rings diffraction image by scanning
zdim = 5 (figure 4.18), but changing that same dimension whilst starting with a Streak diffraction
image leads to a superposition of an elliptical, a bent and a double rings feature (figure 4.19).

Another example is depicted in figure 4.20, where changing zdim = 6 and starting from an asym-
metrical shape leads to the appearance of a streak-like feature (going from p =0.95 to 0.05), but
changing the same latent factors with a streak diffraction image as a starting point, only changes the
elongation. Moreover, the elongation is forced downwards in both cases when transgressing from
p =0.95 to 0.05. This is just another example showing that a continuous generalization was tried to
learn by the VAE, were in reality, two categorical representations would be a better fit.

Furthermore, while changing zdim = 6 on an asymmetrical shape can lead to the appearance of a
streak, as in figure 4.20. However, not necessarily so, as in this case in figure 4.21, where there is
another latent dimension that encodes a streakiness.

Changing zdim = 9 in figure 4.22 leads to the appearance of a streak feature by scanning in the
opposite direction as with zdim = 6. There, much more symmetrical shapes, such as the depicted
elliptical one, can be transformed to resemble the Streak class.

The here given examples of latent dimensions that change the structure of the generated diffrac-
tion images highlight not only the strengths but also the weaknesses of the VAE approach. It is
encouraging and remarkable that an unsupervised routine learned these features with that degree of
disentanglement; however, the complicated interdependencies of various latent dimensions reveal
the intricate entanglement they still exhibit.

In general, it is easy to imagine a classification scheme that uses the position of the mean of the
encodings as a feature vector. For example, every image that has zdim = 9 larger than some threshold
is a Streak image. However, as indicated by the rather unconvincing and intricate interdependencies
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Figure 4.19: Scanning a single dimension in the latent space. Changing zdim = 5 using a diffraction pattern
dominated by a streak feature leads also to an superposition of an elliptical, a bent and a double rings feature.
Which is, to some degree, as with the round diffraction image in figure 4.18. The value on top of every image
corresponds to the p parameter (percentile) in equation 4.30.
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Figure 4.20: Scanning a single dimension in the latent space. Changing zdim = 6 leads to structural changes.
The structure of an asymmetrical diffraction images (p = 0.95) can be transformed to resemble the Streak class
(p = 0.72 to p = 0.27) and ultimately to share additional similarity with the Bent class. The value on top of
every image corresponds to the p parameter (percentile) in equation 4.30.

of some dimensions, this would only work in a wholly disentangled latent space. For this, much
more data is needed.

This degree of disentanglement cannot be expected with dataset sizes on the order of few-thousand
images (Karras, Aittala et al., 2020). The reality is that depending on the start image, the results
when changing a single latent dimension will vary. Some are consistent and convincing, such as
Brightness, Rotation and Symmetry, but others do different things on different images, like changing
zdim = 6 in figure 4.20 lead to morphing from an asymmetric shape to a bent-like feature and facing
downwards while in figure 4.21 it leads to bending the streak feature upwards.

That said, this analysis showed that scanning the learned latent space of a VAE via the PPF function
can be a powerful method to explore a dataset in an entirely unsupervised and continuous way. By
adjusting a few sliders, a researcher can browse through a completely unknown dataset and find
various essential features of the dataset without ever having to look at an image.

In the here carried out example, where the full dataset was explored prior and is understood,
this section could recover most of the relevant features in this dataset. The power of this method
should theoretically only increase when larger datasets become available. It is, therefore, not only
a unique and useful tool for information retrieval but also a valuable pre-processing step to work
hand-in-hand with the supervised RCNN approach as it allows for much easier building up a
training dataset.

Furthermore, when setting the dimensionality of the VAEs latent space to 2, the whole dataset can
be mapped in one plot. Such a plot is in the appendix D.4. and is mainly included to show another
facette of using a VAE for explorative information retrieval.
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Figure 4.21: Scanning a single dimension in the latent space. Changing zdim = 6 using a diffraction pattern
dominated by a streak feature leads not to a closer resemblance with the Bent class as in figure 4.20 but to a
bending of the streak feature. The value on top of every image corresponds to the p parameter (percentile) in
equation 4.30.
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Figure 4.22: Scanning a single dimension in the latent space. The structure of an asymmetrical diffraction
images (p = 0.05) can be transformed to resemble the Streak class using zdim = 9. The value on top of every
image corresponds to the p parameter (percentile) in equation 4.30.

4.6.11 Clustering the latent space

One of the critical properties we wished for when starting to look into unsupervised deep learning
applications for CDI was that some routine should provide us with discrete classes in which all
diffraction images that share an interesting structural similarity are binned together. In other words,
we were looking for a clustering routine that should work better than what has been published
before. This section achieves this and presents the results on using a clustering routine on the VAEs
latent space called GMM, introduced in section 4.6.7.

The results are compared to the current state-of-the-art on unsupervised clustering, which is spectral
clustering on raw diffraction images (Yoon et al., 2011). After a small discussion on the properties
of spectral clustering, it is found to be the go-to solution for sorting diffraction images according
to their Airy patterns spacing but not for their structural similarities. Improving on this, spectral
clustering is used for clustering on the VAEs latent space to sort the diffraction images w.r.t. the
Airy patterns spacing displaying the same accuracy as spectral clustering on raw diffraction images
but needing only a fraction of the computational cost.

Table 4.9: Clustering scores for applying a GMM on the VAEs latent space compared to spectral clustering on
raw diffraction images. The number of expected classes was set to n = 6, which is the true number classes
in the dataset. The best results are in bold font. The GMM significantly outperforms the spectral clustering
approach on every score.

GMM on VAEs latent space Spectral clustering on raw images

Homogeneity Score 0.830 0.544
Completeness Score 0.705 0.421
Norm. mutual information 0.765 0.536
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When using any clustering algorithm, at least one assumption has to be made: Either the number of
classes needs to be set a-priori, or the desired density of the embeddings in the sample space has to
be defined. A GMM, as well as spectral clustering, belong to the former class where a fixed number
of classes n is assumed, and the dataset is split into n subsets. Setting the optimal number of clusters
is a problem for itself, but can be estimated by either using the silhouette score (Rousseeuw, 1987)
or - only in the case of the GMM - with the bayesian information criteria (BIC) (Schwarz, 1978).

Here, the actual number of clusters is used for comparison reasons. As introduced in section 4.6.7,
the normalized mutual information score (MI), the completeness score (CS), and the homogeneity
score (HS) are calculated for the classes predicted by the GMM as well as the spectral clustering
algorithm and presented in table 4.9. Two heatmaps, one for every algorithm, show the predicted
classes that the clustering routines assigned to all images compared to their real classes (figure 4.23
for the GMM and figure 4.24 for the spectral clustering routine).

Table 4.9 clearly shows that clustering the latent space with a GMM significantly outperforms
spectral clustering on raw diffraction images. Especially HS and CS show that the GMM placed by
far more images belonging to the same class (HS) into fewer distinct classes (CS).

In case of the GMM approach, figure 4.23 shows that 98 % of all Streak images were put into a single
predicted class and that the Asymmetric and Elliptical class were split almost 50/50 into only two
distinct classes that do not overlap with each other or with the Streak class. The predicted class 5
was filled with half of all Asymmetric images and a third of all Bent as well as a third of all Double
Rings images, which intuitively makes sense to some degree, as some Asymmetric images are also
Bent in the multi-class dataset (see table 4.7).

The sharp separation of all Streak images is expected insofar as this class was also in the GTM
map (figure 4.9) separated from every other class. Also, the overlap between Asymmetric, Bent,
and Double Rings is expected in much the same way because the placement of all Bent images in
the GTMs projection was closely between the Elliptical and Asymmetric branch, and the Double
Rings class was extending in the top-left corner, well into the region of the Asymmetric images.

The spectral clustering on the raw diffraction images approach in figure 4.24 yields far worse results.
Although spectral clustering managed to put 40 % of all Asymmetric images and 41 % of all Bent
images in a distinct class, they do overlap and not only with themselves but also with a third of all
Elliptical, Streak and Double Rings images.

Furthermore, the Streak images were not predicted to belong to an isolated class, as in the GMM
case, but were split across three classes and sharing these classes also with Round images which
shows that using spectral clustering on raw diffraction images is not equipped to handle structural
differences within diffraction images for classification, as it cannot differentiate between a Round,
Elliptical, Streak or Double Rings diffraction image.

However, spectral clustering is a potent clustering routine in its own right, but its strength lies in
another domain: In most clustering routines, the first step to find appropriate classes is to calculate
something called a similarity matrix. This is done by taking some metric (euclidean, manhattan,
cosine, . . . ) and calculating the pairwise distances for all sample points, which are then saved in
this matrix (see, for example, section 12.4.3 in Bishop, 2006). The way how the predictions are then
carried out is what makes most clustering algorithms set apart from each other. For example, a
k-means routine uses the similarity matrix as-is and tries to find artificial points in the sample-point-
space where it defines n centroids that minimize the distances to a maximum possible amount of
sample points. For example, in a two-dimensional space where 12 points are densely placed around
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Figure 4.23: GMM clustering assignments on the VAEs latent space. Each cell gives the amount of images
from the ground truth classes that were assigned to some predicted class. Meaning 98 % of all Streak images
were assigned to predicted class 2. For comparisons see also the results on the spectral clustering approach in
figure 4.24. Using a GMM on the VAEs latent space significantly outperforms using spectral clustering on raw
diffraction images.

three coordinates; A k-means algorithm (given the number of centroids k-means should fit is n = 3)
would try to model the centroids as close as possible to these three coordinates where the 12 points
are living. Spectral clustering is doing the same thing, but it uses not directly the similarity matrix
but the eigenvalues (the spectrum, hence the name spectral clustering) of the similarity matrix for
dimensionality reduction on which it then applies the centroid-fitting (Shi and Malik, 2000; Yoon et
al., 2011).

Spectral clustering is routinely used in scenarios where image segmentation is needed (Von Luxburg,
2007), meaning splitting an image into smaller objects that appear in the image (drawing a line
around a car to separate it from the road on which it drives). The reason for this is that the first
few eigenvalues of the similarity matrix directly correspond to patches in the image sensitive to
brightness changes in the image (the blue car on the gray road, also, see figure 3 in Shi and Malik
(2000)). Applied to diffraction images, this means it detects fore and foremost the Airy patterns
spacing with high accuracy, and its predictions are therefore directly correlated with the radius of
the nanoparticle in a single-shot single-particle CDI experiment. This correlation has been shown,
although not discussed, in the current state-of-the-art publication on unsupervised clustering on
diffraction images (Yoon et al., 2011), where two particle species (having no overlap in size) were
separated with an accuracy of up to 90 %.

Figure 4.25 verifies this and shows the results of using spectral clustering on only Round diffraction
images (using a fixed number of classes n = 15). Plotted is the nanodroplets radii over the predicted
classes. There, spectral clustering provides a powerful tool to sort diffraction images according to
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Spectral clustering on raw diffraction images

Figure 4.24: Spectral clustering clustering assignments on raw diffraction images. Each cell gives the amount of
images from the ground truth classes that were assigned to some predicted class. Meaning 24 % of all Round
images were assigned to predicted class 5. For comparisons see also the results on the GMM approach in
figure 4.23. Using a GMM on the VAEs latent space significantly outperforms using spectral clustering on raw
diffraction images.

their Airy patterns spacing, as 10 out of 15 classes (all except 1, 5, 6, 13 and 14) are sorted in bins
that share the same Airy pattern spacing.

This result can be used to evaluate if the VAEs latent space encoded this information as well. In
figure 4.26, the predictions by using spectral clustering on latent encodings from Round images
clearly show that using spectral clustering is as efficient on the VAEs latent space as it is on raw
diffraction images. This is important, as Yoon et al. (2011) expect 10 h computational time for
sorting 1 000 000 images while assuming a computing cluster consisting of 30 nodes, each with
two 2.5 GHz Quad-Core Intel Xeon CPUs with 16 GB RAM at half load with a working parallel
implementation. That very same calculation can be done with the VAEs latent space in 5.3 h on a
single Quad-Core Intel 6500K at 4.0 GHz consuming only 4 GB RAM. This is due to the drastically
reduced dimensionality, which is 1 000 000 for a 1000 px ˆ 1000 px diffraction image but only 10 for
its latent encoding.

Summarizing, this section applied an advanced clustering technique on the VAEs latent space and
showed that it significantly outperforms the current state-of-the-art results. Using the GMM/VAE
approach, it is possible to sort complex shapes in diffraction patterns into meaningful classes in a
fully unsupervised fashion. Distinct features that visually set itself drastically apart (such as Streak
images) are efficiently identified by the approach, with 98 % accuracy. Furthermore, it was shown
that the VAEs latent space preserves the radii information for the spectral clustering approach to
work equally well on raw images or the VAEs latent space. The latter requires only a fraction of the
original computational cost and enables the possibility of applying radius sorting on significantly
more images while consuming less computational time.
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Spectral clustering on raw images

Figure 4.25: Clustering raw images from the Round class with spectral clustering and 15 as the number of
classes. A strong correlation with the Airy patterns spacing and, thus, to the nanodroplets radius can be
seen. Exploiting this property is the main reason to employ this clustering strategy. spectral clustering is not
equipped to sort out anything other than radius information, as figure 4.24 also shows. See for comparison
spectral clustering on the VAEs latent space in figure 4.26.

4.6.12 Unsupervised deep learning: Conclusions

This section introduced an unsupervised DNN approach, namely a VAE, for to use with diffraction
images. An advanced variation of a VAE called a β-TCVAE was trained on a modified version of
the multi-class helium nanodroplets dataset (introduced in section 4.6.3) that was converted to a
single-class dataset. Training such an algorithm produces a low-dimensional representation of the
training dataset, called a latent space. This latent space embodies many desirable properties.

Due to penalizing the latent space during training in favor of modeling it as a mixture of normal
distributions whose individual latent encodings are enforced to be as independent as possible, the
latent space can be analyzed using statistical measures. This is achieved by using a loss function
called variational lower-bound on the marginal likelihood, complemented by a so-called total-
correlation term. The result of such a training process is that the latent space is used to extract rich
and meaningful information in a fully unsupervised fashion. These include:

1. Visualizing the latent space using another neural network-based approach, namely a GTM.
With this visualization, it is possible to see directly that the VAE learned to differentiate
between the classes given in the helium nanodroplets dataset.

2. Scanning the latent space directly to browse continuously through the latent space and discover
the dataset’s characteristic features without ever having to look at a real image. Furthermore,
finding distinct characteristics in the dataset this quickly is a valuable asset for building up a
robust training dataset for the supervised RCNN approach (section 4.5)

3. Clustering the latent space using a traditional clustering algorithm to obtain class predictions.
The combination of using a GMM on the VAEs latent space provides a powerful approach to
obtain high-quality and state-of-the-art predictions on a dataset containing diffraction images
displaying complex patterns. Previous approaches were only able to differentiate between
different Airy patterns spacings in diffraction images, and while the GMM/VAE approach
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Spectral clustering on the VAEs latent space

Figure 4.26: Clustering the VAEs latent space for encodings from the Round class with spectral clustering and
15 as the number of classes. A strong correlation with the Airy patterns spacing and, thus, to the nanodroplets
radius can be seen. The VAE preserved the radial information in the dataset (see also figure 4.25), so that the
spectral clustering routine is still able to cluster the dataset into radius-sorted bins.

retains this property, it also allows for the first time to extend sorting diffraction images to
complex spatial similarities.

The outlook of this approach depends on the availability of high-quality data. Hence, extending this
method for use with simulated diffraction images, such as with the MSFT algorithm, is a natural
choice and would open up the possibility to train a VAE conditioned on latent factor labels. In
such a training scheme, the generated image at the end of the decoder would correspond to the
reconstruction of the diffraction image (which is available for simulated datasets), while the latent
space would resemble the parameters used to create the data. For example, suppose using spherical
harmonics to create arbitrary shapes with which WAXS diffraction images were calculated using
the MSFT algorithm, the number and order of these spherical harmonics could be used to condition
the latent space of a VAE, much in the same way as now done with the total-correlation. Since a
reconstructed image is available for the so calculated diffraction images, the decoder could learn
this reconstruction instead of the identity.

Although this would not classify as a purely unsupervised approach anymore (it is called semi-
supervised in the literature (T. Chen et al., 2020; X. Chen et al., 2020; Van Gansbeke et al., 2020)), it
would result in an online analysis tool that yields (i) a reconstructed image when given a diffraction
image and (ii) it could directly model physical quantities in its latent space. With this, a full 3D
reconstruction of a recorded diffraction image during a WAXS experiment could be obtained in
milliseconds after the recording took place.

All of the code, written in Python > 3.6 and using the Tensorflow 2.x framework, is available at
Github12, free to use under the MIT License.

12https://github.com/julian-carpenter/beta-TCVAE

https://github.com/julian-carpenter/beta-TCVAE
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4.7 Conclusions and perspectives

In this chapter, a broad introduction to the capabilities of DNNs in the regime of diffractive imaging
was given. This thesis arrived at achieving state-of-the-art results on multiple new fronts, using two
of the three learning paradigms in machine-learning.

First, in section 4.5, a supervised RCNN, used throughout the industry, was adapted to the domain of
diffraction images and benchmarked to previous automated classification approaches. The adapted
supervised RCNN approach significantly outperformed previous methods that are available for this
task (Zimmermann et al., 2019). There, the RCNN was uniquely modified to account for inherent
properties found in diffraction images, and, in addition, the choice of the DNN architecture, the
presence of multiple grades of noise, and the classification accuracies dependence on the training
dataset size, were extensively benchmarked.

Furthermore, using an advanced visualization technique, called GradCam++, the predictions of the
RCNN were probed for consistency. GradCam++ allows highlighting the areas within a diffraction
image that the RCNN deemed responsible for producing a prediction, and in this thesis, it was
found that these areas largely overlap with the areas in the diffraction image that a human researcher
found pivotal for assigning that very same class.

Second, section 4.6 introduced a novel approach on how to extract essential information from
a diffraction image dataset in an entirely unsupervised way. A modern generative algorithm,
called VAE, was introduced, explained, adapted, and trained. The VAE learns a low-dimensional
representation of the full dataset which can be used for multiple subsequent information extraction
pipelines, such as the direct visualization of the low-dimensional representation, the scanning
of the latent space using the PPF of a normal distribution, and clustering the low-dimensional
representation with a traditional but tailored clustering algorithm, called GMM.

Furthermore, the clustering approach yielded new state-of-the-art results on unsupervised clustering
of diffraction image datasets.

There are multiple possible pathways for future research in the emerging intersection between deep
learning and CDI:

• Simulated images using the MSFT routine (Barke et al., 2015; Colombo, 2020) can used as
training data within the supervised paradigm to learn a classifier that can be used as an
online-analysis tool during an experiment. The difference in appearance of simulated and
experimental diffraction images 13 could be learned using a second DNN borrowing concepts
from transfer learning (X. Li et al., 2019; Tang, Liu, Xu, Torr and Sebe, 2019; J.-Y. Zhu, Park,
Isola and Efros, 2017).

• Improving the dependency of DNNs training sample size with techniques from few-shot
learning (X. Chen et al., 2020; Karras, Aittala et al., 2020; Shaham, Dekel and Michaeli, 2019)

• Highlighting areas-of-interest in diffraction images using image segmentation techniques
(Engelmann, Kontogianni and Leibe, 2019; Tao, Sapra and Catanzaro, 2020; H. Zhang et al.,
2020)

• Increasing artificially the resolution of the recorded diffraction images using concepts from
compressed sensing (Bora, Jalal, Price and Dimakis, 2017; Candes, Strohmer and Voroninski,

13Simulated diffraction images never look identical to experimentally observed diffraction images due to detector charac-
teristic and experimental artifacts, such as straylight.
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2011; Yuan, Pu and Carin, 2017) and super-resolution creation (Hou et al., 2019; Menon,
Damian, Hu, Ravi and Rudin, 2020; Ulyanov, Vedaldi and Lempitsky, 2020; Wang et al., 2018)

This thesis is only the first step towards the imminent and exciting fusion of deep-learning enhanced
techniques and large-scale physical experiments, such as CDI. Much work lies ahead.
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Chapter 5

Fragmentation dynamics and
collectively enhanced ionization on
the ps scale

5.1 Overview and structure of this chapter

As laid out in the introduction in section 1.4; Two infrared (IR)-extreme ultra-violet (XUV) pump-
probe multicolor coherent diffraction imaging (CDI) experiments within the wide-angle X-ray
scattering (WAXS) regime1 are carried out for this thesis. The only technical differentiator between
both experiments is the intensity and focus size of the IR laser in the interaction region, while
the first experiment uses an IR beam intensity of « 2 ˆ 1014 W cm´2 and a focus size of « 70 µm,
the second experiment uses a lower IR laser intensity of « 9 ˆ 1012 W cm´2 and a focus size of «

200 µm. Nomenclature, in this thesis, is that the first experiment is referred to as the intense IR pulse
configuration, while the second experiment is termed the moderate IR pulse configuration.

This chapter presents, describes and analyzes the obtained experimental data from the intense IR
pulse configuration.

Using the intense IR pulse configuration, ultrafast fragmentation dynamics and collectively en-
hanced ionization of helium nanodroplets on the ps scale are observed. An effective and complete
ionization of the nanodroplets can be qualitatively explained by so-called ionization ignition effects
(Mikaberidze, Saalmann and Rost, 2009; Rose-Petruck, Schafer, Wilson and Barty, 1997; Schütte et
al., 2016), of which three variants are discussed here. Furthermore, a characteristic disintegration
behavior of large nanoparticles, leading to so-called speckle diffraction patterns (Flückiger et al.,
2016), are observed and discussed in scattering images on the few ps timescale.

This chapter is organized into two large sections, where section 5.2 describes, presents and analyzes
the experimental findings in the so-called static regime and section 5.3 describes, presents and
analyzes the experimental findings in the so-called dynamic regime. This partitioning describes the
scenarios where either only one of the two pulses was targeted at the nanodroplets (the static regime)
or when both pulses were used in varying delay-settings (the dynamic regime). This partitioning is
useful as different physical processes act in these two regimes and can be better disentangled and
discussed this way.

1Please see section 1.6 concerning the choice of nomenclature
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Figure 5.1: Shown are time-of-flight (TOF) spectra of helium nanodroplets, recorded within the static regime,
where either the IR or the XUV was blocked from the interaction region, named XUV and IR, respectively.
Every TOF-trace is the unweighted average of the sorted shots of its respective category, see section 3.5 for the κ
sorting rule that is applied here. The flight-times of He2+ as well as of helium mono- and dimer are highlighted
with shaded areas. This figures shows TOF measurements for undoped - pure - helium nanodroplets, tagged
with a No Xe suffix and doped nanodroplet, not tagged with a suffix. Further selected TOF-traces for all static
cases are in appendix E.

Both sections are further divided into an experimental observations and an physical models section that
separate the experimental observations from the used physical models to explain the observations.

Finally, section 5.4 summaries the findings and their discussion and provides an outlook on possible
future research.

5.2 The static regime

5.2.1 The experimental observations

TOF data

This subsection presents the TOF ion spectra obtained using the intense IR configuration, described
in the introduction here as well as in section 3.3. Figure 5.1 shows averaged ion TOF spectra of
helium nanodroplets, recorded within the static regime, where either the IR or the XUV was blocked
from the interaction region and using the intense IR pulse configuration of 2 ˆ 1014 W cm´2. Every
TOF-trace shows the mean of all shots in its respective category that were not discarded during
the sorting of the data, see section 3.5 for the κ sorting rule that is applied here. The y-axis of the
TOF-traces is normalized to a shared value in order to ensure comparability. The flight-times of
He2+, as well as for helium mono- and dimer, are highlighted by shaded areas.

Doping of the helium nanodroplet was controlled by monitoring the gas pressure in the main
chamber, where a gas pressure between 5 ˆ 10´6 to 1 ˆ 10´6 mbar was maintained throughout
the experiment. The gas pressure in the pick-up-cell can be directly linked to the number of
dopant xenon atoms picked up by the helium nanodroplets (Krishnan et al., 2011; Kuma et al., 2007;
Stienkemeier and Lehmann, 2006), where a Poisson distribution gives the probability for xenon
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Figure 5.2: Shown are averaged radially integrated radial profiles within the static regime along two exemplary
diffraction images for the XUV and IR case. The radial slices are obtained by radially integrating and subsequent
averaging over the sorted shots for one delay category, see section 3.5 for the κ sorting rule that is applied here.
The radial integration is carried out within 60 to 120° radial angle (φ in a polar coordinate system), see section
3.3.6 for a sketch of the area used for integrating. The right side of the figure shows exemplary scattering
images for both categories. The smoothing effect of averaging is less pronounced in the No Xe case, as the
number of available shots is there significantly smaller. Selected diffraction images for all delays are shown in
appendix E.

atoms to be picked up by the nanodroplet. However, the pick-up probability converges very fast
towards zero even for a small number of picked-up atoms as it scales inversely with the factorial of
the number of picked-up atoms. Using the empirical formula provided by Lewerenz, Schilling and
Toennies (1993); Stienkemeier and Lehmann (2006), pick-up the probability for a 400 nm (ă N ą=

6 ˆ 109) nanodroplet is maximal with 26 % for picking up 30 xenon atoms, and decreases to under
0.01 % for k ą 100, see section 5.7. Therefore, it can be assumed that the helium nanodroplets pick
up only very few xenon atoms.

Doping helium nanodroplets with a dopant can have a significant influence on the nanoparticles
fragmentation dynamics (Mikaberidze et al., 2009). Therefore, the role of the dopant xenon atoms
for the ionization dynamics of the nanodroplets, as well as the dependence on the number of dopant
atoms, is discussed in section 5.2.2.

For the data labeled No Xe, the pressure in the pick-up-cell was kept below « 8 ˆ 10´7 mbar where
the probability for picking up a single xenon atom is below 1 ˆ 10´3.

In figure 5.1, both IR TOF-traces show large amounts of fully ionized He2+ fragments and signifi-
cantly less He+ oligomers. The IR TOF-trace show in direct comparison with the HeNo Xe TOF-trace
a greater abundance of ionic fragments, meaning the integral of the peaks are larger, but the same
overall structure in terms of width and flight-times of the peaks, meaning the kinetic energy of
the fragments upon detection is comparable. Please note, the kinetic energy of the fragments is
not quantitatively deducible from figure 5.1 as full simulations of the recording procedure that
incorporate the TOF apparatus are needed for this, see section 3.3.5 for details on this. However,
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the flight-times correspond qualitatively to the kinetic energy, which suffices for the analysis in this
thesis.

Both XUV TOF-traces in figure 5.1 show, compared to the IR signal, only few He+ oligomer
fragments and almost no fully ionized He2+. No significant difference is observed in the XUV case
between the undoped and doped helium nanodroplets.

Scattering data

Figure 5.2 shows averaged radially integrated radial profiles within the static regime along two
exemplary diffraction images for the XUV and IR case. The radial slices are obtained by radially
integrating and subsequent averaging over the sorted shots for one delay category. The radial
integration is carried out within 60 to 120° radial angle (φ in a polar coordinate system), see
section 3.3.6 for a sketch of the area used for integrating. The smoothing effect of averaging is
less pronounced in the No Xe case, as the number of available shots is there significantly smaller.
Furthermore, see section 3.3.6 for detector corrections applied on these scattering images. Selected
diffraction images for all delays are shown in Appendix E.

First, looking at the IR scattering image in the lower right inset, any trace of a scattering pattern is
absent, instead, an isotropic radiation is recorded which almost uniformly illuminates the scattering
detector. This observation is mirrored by the averaged radial profiles in the doped and undoped IR
case, as the typical exponential decrease in brightness with increasing scattering angles (Hammouda,
2010; Maeda, Takahara, Kitano, Yamaoka and Miura, 2019; Sinha, Sirota, Garoff and Stanley, 1988) is
missing, and an almost uniform illumination is present as in the single IR scattering image in the
inset. The differences between the doped and undoped IR radial profiles are negligible, they can be
assumed identical.

The XUV scattering image in the upper right inset shows a clear scattering pattern, as expected
by the illumination of a helium nanodroplet by high harmonic generation (HHG) generated XUV
laser light at these photon energies and XUV pulse intensity (Rupp et al., 2017). The averaged radial
profiles reflect this observation of scattered light, as, there, the forward directed scattered light
produces the typical Porod profile (Hammouda, 2010; Maeda et al., 2019; Sinha et al., 1988), that
was missing in the IR case. However, just as the IR case, no significant difference can be observed
between the doped and undoped XUV radial profiles; they can, therefore, also be assumed identical.

5.2.2 Physical model to explain the observations

The IR regime

TOF-data Discussing the IR TOF-data first: Here, in the static regime, the IR TOF profiles, in the
doped and undoped case, show a strong ionization within the nanodroplets, as the majority of all
detected ionic fragments are He2+ and only significantly less He+ oligomers, see figure 5.1.

The dissociation of single He+ ions in oligomers is often observed in ionized helium nanodroplets
(Bostedt, Gorkhover, Rupp and Möller, 2015; Maas et al., 1976). He+ ions often form di-, tri- or
higher-order oligomers, due to the higher binding energies for these molecules compared to the
van-der-Waals binding energies that govern rare-gas nanoparticles (Bostedt et al., 2015; Maas et
al., 1976). It should be noted that there is precedence for helium nanodroplets favoring charging
up to very high charge states over producing oligomers (Laimer et al., 2019), but this requires a
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sophisticated experimental procedure where the helium nanodroplets are repeatedly ionized, which
is not the case in the given experimental scenario.

The observed amount of ionization is most probably a nanoparticle effect, as a rough estimate shows
that atomic multiphoton ionization (MPI) or optical field ionization (OFI) effects are too weak for
producing He2+ ion fragments: Figure 5.3 shows the instantaneous atomic ionization rates and
probabilities for helium and xenon in their ground state as a function of the laser intensity. The
figure shows ionization probabilities from two different sources:

First, the xenon and helium scatter data are taken from appendix H in Attwood and Sakdinawat
(2016). There, the ionization probabilities are calculated using the Ammosov, Delone, Krainov
(ADK) model, which is valid in the OFI regime (Keldysh parameters γ À 1) (Ammosov, Delone
and Krainov, 1986). Second, the solid blue line shows the ionization probability for singly ionizing2

helium and is calculated using the framework presented in Parker, Meharg, McKenna and Taylor
(2007). There, full time-dependent Schrödinger equation (TDSE) calculations of the ionization rates
for helium are approximated by introducing a ponderomotive shifted ionization potential and an effective
dipole moment (Parker et al., 2007). From these rates, the ionization probabilities are then calculated
following equation 5 and 6 in Bauer and Mulser (1999). For a full explanation of how these rates
and probabilities are calculated, please see appendix B.3.

These ionization probabilities describe instantaneous ionization, which is driven by an idealized
delta pulse. For obtaining the ionization probabilities for a 32 fs pulse, as it was the case in the
experiment, the integral over the pulse time has to be taken, which results in an ionization probability
of 1.42 ˆ 10´7, see equation B.6 in appendix B.3.

This ionization probability yields roughly 850 He1+ atoms in a nanodroplet with a 400 nm radius
(ă N ą= 6 ¨ 109)3. Therefore, using this atomic picture, only small amounts of He+ oligomers and
no He2+ fragments are expected. As this runs contrary to the observations in the IR TOF spectra,
cooperative and collective nanoparticle effects need to be considered.

As described in section 2.3.2, two physical models are mostly used to describe laser-matter interac-
tion, more precisely energy capture and subsequent heating, in very large nanoparticles (ă N ąÇ

1 ˆ 106) that are subjected to a strong IR field. Resonant plasma heating when the nanoplasmas
eigenfrequency matches the laser frequency (Ditmire, Donnelly, Rubenchik, Falcone and Perry, 1996;
Fennel et al., 2010; Milchberg, McNaught and Parra, 2001; Saalmann, Siedschlag and Rost, 2006) and
non-resonant collision-mediated inverse bremsstrahlung (IBS) heating (Deiss et al., 2006; Fennel et
al., 2010; Krainov, 2000; Saalmann et al., 2006). However, both models alone cannot reproduce the
observed high amounts of He2+ in the given experimental conditions.

The plasma heating model by Ditmire et al. (1996) acts on longer timescales and is most probably
not able to produce the observed amount of ionization for an exemplary 400 nm nanodroplet in the
here used 32 fs pulse-length. It is fully described in section 2.3.2 and only briefly reiterated here. For
plasma heating, a nanoplasma first has to form in the onset of the pulse, for example via MPI or
tunneling effects; then hydrodynamic expansion reduces the plasma density up to the point where
the associated plasma frequency equals the frequency of the external field, which in return enables
resonant energy incoupling into the nanodroplet via a collective electron cloud oscillation relative to

2Meaning: Moving a single electron to the continuum
3It must be noted, that in this picture the helium nanodroplet is treated as a gas whose atoms are individually accessible

by the incoming laser. This approximation is, therefore, an upper limit of the maximum ionization yield in the nanodroplet
where every atom is subjected to the same irradiation.
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Figure 5.3: Shown are the instantaneous ionization probabilities for singly ionizing2 atomic helium and xenon
from a neutral ground state from two different sources. The solid blue line gives the ionization probability
for helium and is calculated using the framework presented in Parker et al. (2007) and the xenon and helium
scatter data are taken from appendix H in Attwood and Sakdinawat (2016), where the helium data is plotted for
validation of the continuous calculation and the xenon data is plotted to show the high ionization probability
compared to helium. The ionization probabilities from Attwood and Sakdinawat (2016) are calculated with
the ADK model (Ammosov et al., 1986) using the slowly-varying envelope approximation (SVEA), where the
deviations between the probabilities from Attwood and Sakdinawat (2016) and Parker et al. (2007) for very
high intensities arise from this ADK model, as it is prone for overestimating the probability for these intensities
(Parker et al., 2007; Zhao et al., 2014). These ionization probabilities describe instantaneous ionization, which is
driven by an idealized delta pulse. For obtaining the ionization probabilities for a 32 fs pulse the integral over
the pulse time has to be taken, which results in an ionization probability of 1.42 ˆ 10´7, and is shown as red
scatter point. This ionization probability results in 852 singly ionized helium atoms in a nanodroplet with a
400 nm radius (ă N ą= 6 ˆ 109). For a full explanation of how these probabilities are calculated, please see
appendix B.3.

the ionic background (Arbeiter and Fennel, 2011; Gorkhover et al., 2012; Mikaberidze et al., 2009;
Peltz, Varin, Brabec and Fennel, 2014; Saalmann, 2010; Thomas et al., 2009).

However, the hydrodynamic expansion in this model operates at the plasma speed of sound (Ditmire
et al., 1996; Gorkhover et al., 2012; Hickstein et al., 2014; Nishiyama et al., 2019), which is on the order
of 0.4 µm ps´1 for a typical 1 keV plasma (see section 2.3.2 as well as equation 8.69b in Attwood and
Sakdinawat, 2016).

For a Mie plasmonic resonant energy incoupling between the formed nanoplasma in the nanodroplet
and the IR laser, the criteria ωlaser =

?
3 ωp must be met, see equation 2.83. ωlaser is here 0.38 PHz

and the initial ωplasma is 1.05 PHz, see section 2.3.2. Now, a rough qualitative estimate on the plasma
frequency after 32 fs hydrodynamic expansion can be produced via (see section 2.3.2 as well as
equation 8.72 in Attwood and Sakdinawat, 2016):

ni (x, t) = n0 exp
´ x

vexpt , (5.1)

where n0 is the initial ion density at the surface, vexp is the expansion velocity and x and t are the
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location and time. The initial density is unknown, however, we are only interested in the decline
of the density after some time given some expansion velocity, as we only seek to provide a rough
estimate on the change in plasma frequency, which scales with the square root of the ion density (see
equation 2.82 in section 2.3.2 in this thesis and equation 8.80 and 8.64 in Attwood and Sakdinawat,
2016).

Now, the plasma would have expanded by about 13 nm in 32 fs time, given the expansion velocity
of 0.4 µm ps´1, with which the change in ion density with equation 5.1 is ni « 0.4 n0. Since the
plasma frequency and ion the density are related via wp9

?
n, the change in plasma frequency for

a typical 1 keV nanoplasma after 32 fs hydrodynamic expansion is ωp,expanded « 0.63 ωp, which
translates to roughly 0.7 PHz here. Compared with ωlaser = 0.38 PHz this leaves the nanoplasma
overcritical for the whole laser-matter interaction time, which means resonant energy incoupling
remains inaccessible in the given experimental scenario.

Therefore, hydrodynamic expansion is most probably too slow for the nanoplasma’s eigenfrequency
to reach the Mie plasmon criteria in the external laser fields frequency and the here used 32 fs pulse,
so that the plasma heating model cannot solely explain the abundance of highly ionized helium
fragments in the IR TOF-traces.

IBS heating alone on the other side is not efficient enough in the given scenario. As with the plasma
heating model, IBS heating is fully described in section 2.3.2. The energy intake within a plasma via
IBS heating per time scales with q4/3 (Fennel et al., 2010; Krainov, 2000; Saalmann et al., 2006), so
helium with qmax = 2 (Fárník, Henne, Samelin and Toennies, 1997) is a poor IBS conveyor, to begin
with. As discussed in Brunel et al. (2017), in simulations for a smaller helium nanodroplet irradiated
by a 30 fs full width at half maximum (FWHM) 800 nm pulse at an intensity of 1 ˆ 1015 W cm´2

only a weakly ionized shell at the nanodroplet surface was observed, for which IBS heating is
significantly suppressed because the plasma is still overcritical (ωlaser ă ωplasma; see discussion
above for estimates on both frequencies), this is discussed in section 2.3.2. Furthermore, given that
the external field ionizes only the surface, plasma screening effectively prohibits that the IR pulse
can penetrate the plasma more than « 36 nm (see section 2.3.2 as well as equation 8.111 in Attwood
and Sakdinawat, 2016), which in return further suppresses IBS heating.

Therefore, neither the plasma heating model nor the IBS heating model alone can reasonably explain
the large amounts of He2+ in the IR TOF-traces.

The most likely candidate to explain the observations is a combination of both models. First
described by Rose-Petruck et al. (1997), a plasma can ignite when a strong-field enabled self-amplified
electron impact ionization (EII) chain of few inner-ionized seed electrons leads to a rapid nanoplasma
build-up whose eigenfrequency can match the Mie plasmon frequency in few fs. This nanoplasma
build-up then allows for resonant energy incoupling from the IR laser pulse. So, the nanoplasmas
eigenfrequency converges towards the Mie plasmon frequency not by hydrodynamic expansion,
as in the classical plasma heating model, but by an EII process that enlarges the number of inner-
ionized electrons up to the convergence point. In this model, the strong field-driven EII dynamics
are described via IBS processes that, although limited in their efficiency as described above, provide
enough seed electrons to build up a nanoplasma that can resonate with the external field. This model
is termed ionization ignition.

However, due to the shallow penetration depth described above, the critical condition for plasmonic
resonant incoupling starts at the surface and can be expected to move inwards until the density
at the inner part of the nanoparticle equals the critical density (Milchberg et al., 2001; Saalmann
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Figure 5.4: Schematic of the doped
ignition mechanism. Ω|| is the
plasma frequency of the elon-
gated nanoplasma, Ω the corre-
sponding spherical plasma fre-
quency. Dopant xenon atoms,
located in the center, are ion-
ized by MPI processes, which
enables subsequent IBS heating.
This process is most effectively
distributed along the polariza-
tion direction of the laser pulse
(see top inset, and evolution of
Ω|| with increasing aspect ra-
tio α), leading to a cigar shaped
nanoplasma build-up and two
distinct nanoplasma eigenfre-
quencies, respectively. Taken
from Mikaberidze et al. (2009) .

et al., 2006). This is the extension of the model described by Milchberg et al. (2001), which seems
reasonable due to the size of the nanodroplet and the penetration depth of the IR laser.

In the principal paper by Rose-Petruck et al. (1997), Monte Carlo (MC) simulations of tiny neon
(N = 25 to 55) and argon (N = 25) nanoparticles were carried out using an 800 nm laser with a
pulse length of 15 fs. Once the laser field is strong enough for MPI to become probable, Rose-Petruck
et al. (1997) observed a rapid increase in charge state. They concluded that strong-field driven EII
was the driver for this process. This mechanism has since also been verified for larger nanoparticles
(Fennel et al., 2010; Milchberg et al., 2001).

The overall conclusion in Rose-Petruck et al. (1997) appears to be applicable here, where the intensity
of the IR pulse is also at the threshold for efficient MPI and where an ultra-short pulse is used;
Ionization ignition is therefore expected in this regime and explains the observed abundance of He2+

charge states very well.

Furthermore, this argument is supported by the observation that the IRNo Xe TOF-trace shows less
He2+ and He1+ fragments than the IR one. This can be understood by considering an extension of
the ionization ignition model for xenon doped helium nanodroplets called doped ignition (Mikaberidze
et al., 2009; Peltz and Fennel, 2011).

Recalling that plasma ignition hinges on the availability of inner-ionized seed electrons, it can be seen
from the ionization probabilities for xenon in figure 5.3 that the dopant xenon provides much more
electrons at even much lower intensities, for example, earlier during the onset of the laser pulse.

In general, doped ignition builds on the same conceptual idea as ionization ignition but relies on
doped nanoparticles as a target whose dopant MPI-probability kicks in well below the main species
one. Thus, the dopant species provides the seed electrons and, consequently, a weaker laser field can
effectively ionize a nanoparticle who should be transparent to the laser field if it were not doped.
The major difference between the doped ignition model and ionization ignition is the localization of
the nanoplasma build-up. As in doped ignition the build-up begins in the core of the droplet and not
on the surface, which has been shown in simulations to further add to the ionization effectiveness of
this model (Mikaberidze et al., 2009).
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However, this property of doped ignition is specific for helium nanodroplets and so-called heliophilic
nanosystems, which xenon is (Poms, Hauser and Ernst, 2012; Wang et al., 2013). During nanoparticle
creation heliophilic systems travel to the core of the helium nanodroplet, surrounding themselves
with superfluid helium as an ultra-effective coolant (Poms et al., 2012; Shcherbinin, 2019; Tanyag et
al., 2018; Wang et al., 2013), and are, therefore, providing seed electrons during laser-matter interaction
time located at the center of the nanodroplet, that drives nanoplasma build-up from within.

In theoretical studies, it was calculated that doped ignition completely ionizes helium nanodroplets
with more than 1 ˆ 105 atoms and doped with 13 or fewer xenon atoms in 800 nm laser light at
1 ˆ 1014 W cm´2 intensity (Mikaberidze et al., 2009; Peltz and Fennel, 2011). The first experimental
verification of this mechanism in helium nanodroplets with radii between 3.5 to 5.5 nm was given
by Krishnan et al. (2011); They showed that a Ti:sapphire (Ti:Sa) laser operating at 780 nm central
wavelength with a pulse length of only 10 fs and an intensity of 1.5 ˆ 1014 W cm´2 fully ionizes
helium nanodroplets consisting of 1.5 ˆ 104 atoms and doped with 11 xenon atoms.

Figure 5.4 shows a schematic of the doped ignition mechanism: The xenon is located at the center of
the nanoparticle. Then, and recalling the three-phase model in nanodroplet laser interaction (section
2.3.2), during phase I (charge-up), the dopant xenon atoms are ionized by nonlinear MPI and are
trapped within the nanoparticle. During phase II, the quasifree electrons collect kinetic energy in the
laser field and build up a nanoplasma via IBS heating. This process within the nanodroplet advances
most effectively parallel to the incoming laser fields polarization. Corresponding to this axially
asymmetric nanoplasma evolution is a reduced plasma eigenfrequency that converges in very few fs
to matching conditions with the laser field, leading to effective plasmonic energy incoupling during
nanoplasma build-up and, subsequently, to a full ionization of the nanodroplet (Mikaberidze et al.,
2009; Peltz and Fennel, 2011).

In the observed TOF-traces in figure 5.1, the difference between IRNo Xe and IR is not substantial, but
noticeable. Doped ignition is the most likely candidate to explain this difference as its impact on the
ionization dynamic here is a boost to the ionization ignition model. However, doped ignition appears
here to be less effective than in the simulations and the experimental verification, where it lead to
a complete ionization of the nanodroplet in few fs (Krishnan et al., 2011; Mikaberidze et al., 2009;
Peltz and Fennel, 2011).

A simple explanation for the observed reduced effectiveness may be, that the helium nanodroplets
are not as pure as assumed. There is a good chance that the nanodroplets picks up, for example,
water or nitrogen molecules during propagation in the experimental chamber. Both molecules
are heliophilic systems (Wang et al., 2013) and their ionization threshold for single ionization is at
12.6 eV (Water) and 15.6 eV (Nitrogen) comparable to that of xenon at 12.1 eV(Kramida, Ralchenko,
Reader and NIST ASD, 2019). This would mean that the doped ignition mechanism was observed all
along and the addition of xenon just provided a few more dopant atoms. In Krishnan et al. (2011) it
is observed that the efficiency of doped ignition saturates very fast after a certain number of dopant
atoms is added, after which the addition of dopant atoms is not increasing the helium ion yield
anymore. This could explain why the doping with xenon atoms lead to no significant increase in the
He2+ yield.

Scattering images As for the IR diffraction images and profiles in figure 5.2, one would expect
a large amount of fluorescent light in the scattering images as a consequence of the EII chain as
well as subsequent recombination during IR laser-matter interaction. Furthermore, no scattering
patterns are to be expected as the scattering cross-section of helium is essentially zero for a 798 nm
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IR pulse. Fluorescent radiation is isotropic, which should be mirrored by the illumination on the
scattering detector, as this would result in a uniformly distributed detector brightness across all
scattering angles. These expectations are corroborated by the experimental observations. The
exemplary diffraction image in the bottom-right inset in figure 5.2 shows the isotropic character of
the illumination, which is mirrored by the averaged diffraction profile. Although the illumination is
not perfectly uniform, the profile shows a plateau-like character.

Due to the larger amount of ionization fragments in the TOF-traces for the doped case compared to
the undoped case, slightly more fluorescent light is expected there as well. However, the difference
in brightness is most probably well below the detection threshold of the used scattering detector, as
it is not showing up in the averaged diffraction profiles.

The XUV regime

TOF-data Discussing the TOF data first, as with the IR case. The XUV TOF profiles, in the
doped and undoped case, show only very weak ionization within the nanodroplets, as the majority
of all detected ionic fragments are He+ oligomers with almost no He2+ fragments, see figure 5.1.
Furthermore, there is no noticeable difference between the doped and undoped helium nanodroplets.

Neglecting nanoparticles effects for a moment and only considering atomic ionization: The intensity
of the XUV pulse is at 3 ˆ 1012 W cm´2, much too low for MPI or OFI of helium or xenon (Keldysh
parameters for the 13th harmonic γHe = 186.93 and γXe = 131.29, see also figure 2.10). Single-
photon ionization (SPI) is, therefore, the only probable atomic ionization mechanism here. However,
the majority of the XUV pulse intensity is conveyed via the 13th (20.20 eV) and 15th (23.31 eV)
harmonic, see figure 3.9; They make up for « 79 % of the total XUV intensity but do not have a high
enough photon energy for SPI of helium, only the 17th harmonic at 26.4 eV can photoionize one of
the 1s2 electrons from the helium ground state.

For a rough atomistic approximation on the expected number of singly ionized helium atoms, first,
the atomic absorption cross-section from tabulated f2 values in Henke, Gullikson and Davis (1993)
can be calculated using the relation σabs = 2reλ f2 (λ), where re is the classical electron radius from
equation 2.38; σabs is then 6.97 Mb. Then, using equation 2.72, the expected number of ionization
events from the 17th harmonic in a 400 nm nanodroplet with particle size ă N ą= 6 ˆ 109 is
19.5 ˆ 106, which is about 0.33 % of all atoms in the nanodroplet. Furthermore, Fröchtenicht et
al. (1996) observed that the ionization threshold in helium nanodroplets is significantly lowered
to about 23 eV. This was attributed to autoionization effects due to resonant excitation of the
nanodroplet’s atoms. Therefore, it can be expected that the 13th and 15th harmonic contribute to
the XUV pulse induced ionization yield, although in a smaller abundance than SPI via the 17th
harmonic.

Ionization, either via SPI or via secondary processes, from the 13th, 15th, and 17th harmonic is,
therefore, a contributing factor to the He1+ fragments signal in both XUV TOF-traces. Furthermore,
it builds the base for collective effects that need to be discussed here, where the situation is quite
different compared to the IR only scenario, where the IR driven nanoparticle models that are
responsible for efficient energy incoupling are in consequence of the short irradiation wavelengths
not applicable in the vacuum ultra-violet (VUV) and XUV regime.

A very successful model that predicts efficient energy incoupling in the VUV and XUV regime is
termed multistep ionization (Arbeiter and Fennel, 2011; Bostedt et al., 2008, 2010; Gnodtke, Saalmann
and Rost, 2009, 2011). The model is described here only briefly as it is fully explained in section 2.3.2:
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Sequential SPI of electrons into the continuum leads to an increase of the nanoparticles Coulomb
potential, which then grows to be larger in magnitude than the excess energy of the SPI process,
leading to entrapment of subsequently elevated photoelectrons within the nanoparticle. Inner
ionization heating is then mostly responsible for heating of the nanoparticle, meaning, the excess
energy of the SPI process is converted to the thermal energy of the nanoplasma.

In Arbeiter and Fennel (2011), a frustration parameter α is given for the model as the ratio between
all electrons created via SPI and the outer-ionized electrons that leave the nanoparticle during the
interaction with the laser pulse (equation 2.74, in section 2.3.2). When α À 1 most photoelectrons
also leave the nanoparticle and when α " 1 strong frustration and dense nanoplasma formation
becomes dominant; There, ion energy gain results almost entirely from the release of thermal energy
of inner-ionized electrons (Arbeiter and Fennel, 2011).

In the given experimental scenario, α is 3.9 ˆ 104; see also figure 2.13 in section 2.3.2. Therefore,
the number of outer-ionized electrons that leave an exemplary 400 nm nanodroplets is roughly 500,
whereas 19.5 ˆ 106 electrons are trapped and contribute to the nanoplasma.

The high frustration parameter is mostly due to the large radius of the nanodroplet and the small
difference between the ionization energy of He1+ and the incoming photon energy of the 17th
harmonic. In the latter case, the Coulomb potential energy increases quickly to equilibrium with the
excess energy from photoionization, after which electrons are trapped inside the nanodroplet. This
scenario is termed pure multistep ionization in Arbeiter and Fennel (2011), where a hydrodynamic
expansion is then the primary expansion mechanism, see section 2.3.2 for a detailed explanation on
the expansion mechanism of nanoparticles. Furthermore, due to the abundance of inner-ionized
electrons that effectively screen inner-lying ions from outer-lying ions, collisional recombination,
mostly via three-body recombination (TBR), within the nanodroplet is significantly reducing the
abundance of high charge states in the TOF-traces (Arbeiter and Fennel, 2011).

Now, although the applicability of the multistep ionization model is justified in the here used experi-
mental setting, the observed very small amount of ionic helium fragments in figure 5.1 suggests
that its impact cannot be significant.

This deduction is encouraged by simulations of the here used TOF detectors by Fennel, Ramunno
and Brabec (2007), as such detectors have been predicted to re-ionize nanoparticles upon detection;
therefore, frustrate recombination and subsequently elevate the highest charge states by up to 90 %
(Fennel et al., 2007). Fennel et al. (2007) simulated xenon nanoparticles that, after the nanoparticles
Coulomb potential was lowered by explosion/expansion, inner-ionized and weakly bound electrons
could escape the nanoparticle by the external field commonly used in TOF detectors.

Therefore, assuming that the marginal amount of observed He2+ fragments may partially explained
by the detector geometry itself, the multistep ionization model, thereby, can only play a minor role in
the ionization dynamics observed in this experiment.

Besides multistep ionization, interatomic Coulombic decay (ICD) and collective autoionization (CAI)
processes need to be taken into account here as well. In general, ICD and CAI are fully explained in
section 2.3.2, but the expected impact during this experiment is discussed here again.

ICD is usually not the dominant ionization channel in nanoparticles but has been found to mea-
surably increase the amount, and kinetic energy, of He1+ fragments in ion spectra of helium
nanodroplets (Cederbaum, Zobeley and Tarantelli, 1997; Fröchtenicht et al., 1996; Havermeier,
Jahnke et al., 2010; Shcherbinin et al., 2017; Wiegandt et al., 2019).
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However, a collective variant of ICD, namely CAI, is of particular interest here, as it can be the dom-
inant ionization channel for He1+ fragments for resonantly excited nanodroplets (Kuleff, Gokhberg,
Kopelke and Cederbaum, 2010; Laforge et al., 2014; Ovcharenko et al., 2014). The dependence of ICD
based models on resonant excitations appeals to the multicolor scenario in the given experiment,
as the 15th harmonic (23.3 eV) is very close to the atomic 1s 3p resonance (23.1 eV) as well as to
molecular transitions in the energy range between 23 to 25 eV that lack a clear atomic parentage
(Joppien, Karnbach and Möller, 1993). Furthermore, the 13th harmonic (20.2 eV) is very close to the
dipole forbidden atomic 1s 2s, which is accessible for nanodroplets at 20.6 eV (Joppien, Karnbach
and Möller, 1993; Joppien, Müller and Möller, 1993).

In CAI, since three excited and very close helium atoms can exchange energy via virtual photons,
they can be considered a triply excited state of a helium trimer (Kuleff et al., 2010; Laforge et al.,
2014; Ovcharenko et al., 2014). In the most straightforward interpretation, the triplet can store three
times the energy of their excitation. For example, three helium atoms excited to their 1s 2p state can
store 3 ¨ 21.4 eV = 64.2 eV, which is enough for double ionization of a helium dimer or a trimer and,
thus, may result in autoionization of two atoms simultaneously, while the third atom relaxes to its
ground state. The excess energy after breaking up the bond is then shared between the two ejected
electrons via shake-up or shake-off processes (Havermeier, Kreidi et al., 2010; Ovcharenko et al.,
2014).

Here, even a helium trimer excited to the 1s 2s state would store enough energy for double ionization
of the trimer. Therefore, it is expected that CAI contributes to the doped and undoped helium XUV
TOF-traces, due to the strong contribution of the 13th and 15th harmonic to the overall XUV pulse
(47 % and 32 % of the total XUV intensity).

Summarizing, in the given experimental conditions, direct SPI of the 17th harmonic as well as
ICD/CAI processes via the 15th and 13th harmonics are expected to be responsible for most of the
detected He1+ ion fragments in both XUV ion TOF spectra. Both these mechanisms do not produce
higher charge states then q = 1 and are probable from a theoretical point of view.

Diffraction images The recorded scattering image and the averaged radial profiles in figure 5.2
show strong diffraction features. Whereas the exemplary scattering image in the top right inset
shows contrast-rich airy patterns, the averaged radial profiles show the expected exponential
decrease in brightness for higher scattering angles. This decrease in brightness is best described by
the Porod scattering model, which predicts an exponential decline in scattered light for increasing
scattering angles (Hammouda, 2010; Maeda et al., 2019; Sinha et al., 1988). No noticeable amount of
fluorescent light is detected in neither the exemplary image nor the averaged radial profiles, as, in the
latter, fluorescent light would be the baseline brightness for high scattering angles. Therefore, as the
averaged brightness in these profiles is almost zero and, furthermore, well below the fluorescence
baseline from the IR case, it can be assumed that no significant amount of fluorescence was produced
by the XUV illuminated nanodroplets.
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Figure 5.5: Shown are TOF spectra of all recorded XUV/IR delays using the intense IR pulse configuration.
Every TOF-trace is the unweighted average of the sorted shots of its respective category, see section 3.5 for
the κ sorting rule that is applied here. The flight-times of He2+ as well as of helium mono- and dimer are
highlighted with shaded areas. Negative delays correspond to scenarios where the XUV pulse struck the target
before the IR pulse, and positive delays represent the typical pump-probe scheme in which the IR pulse struck
the target before the XUV pulse probes it. See section 5.3.2 for detailed discussion on these TOF-traces. Further
selected TOF-traces for all delays are in appendix E
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5.3 The dynamic regime

5.3.1 The experimental observations

TOF data

Figure 5.5 shows the averaged TOF spectra of all recorded XUV/IR delays using the intense IR
pulse configuration and uses the same layout as figure 5.1. Negative delays correspond to scenarios
where the XUV pulse hits the target before the IR pulse, and positive delays represent the typical
pump-probe scheme in which the IR pulse hits the target before the XUV pulse probes it. The y-axis
of the TOF-traces is normalized to a shared value in order to ensure comparability, please note that
this shared value is identical with the one used in the static case, which makes the TOF-traces here
also comparable to figure 5.1. The flight-times of He2+, as well as for helium mono- and dimer, are
highlighted by shaded areas.

The temporal error of margin for the here presented data is dependent on the delay itself, due to
inert mechanical limitations of the used delay stage as well as the way laser-incoupling for the
IR pulse was handled, see section 3.4.4 for a discussion on this topic. As this thesis seeks only a
qualitative description for these TOF-traces the temporal error is not critical for the carried out
analysis.

Figure 5.5 can be broadly put into two categories: The TOF-traces for the delays between ´0.24 to
0.13 ps, and the TOF-traces for all other delays.

• XUV pulse overlapping or preceding the IR pulse: Between ´0.24 to 0.13 ps, only fully
ionized He2+ is recorded, with no noticeable amount of any He1+ oligomers. These delays
correspond to when the XUV pulse was beginning to overlap with the IR pulse (0.13 fs) and
where it was preceding the IR pulse (< 0 fs). The kinetic energy of the He2+ fragments are
expected to be very high as, compared to TOF-traces for delays larger then 0.13 ps or the traces
from the static regime, the flight-times extend to « 370 ns, which is the shortest flight-time
detected for any helium ion fragment in all experiments in this thesis.

• XUV pulse succeeding the IR pulse: For delays greater then 0.13 ps, the XUV pulse was
succeeding - and not overlapping - the IR pulse. The recorded amount of He2+ fragments is
the strongest contribution to the overall TOF-traces, but He1+ oligomers are noticeable present
with the helium monomer being the dominant peak.

Intuitively, the TOF-traces for these delays may be seen as a superposition of the IR, and XUV
TOF-traces from the static data in figure 5.1. Qualitatively, the ratio between the integral of
the He2+ and the He+ monomer peak is comparable to the superposition of the IR, and XUV
TOF-traces from the static data, as the integral of the He+ monomer peak appears for most
delays to be slightly larger than in the static IR case. However, this strongly depends on the
delay and cannot conclusively be disentangled here, as this thesis only employs a qualitative
analysis.

Scattering data

Figure 5.6 and 5.7 show the averaged radially integrated radial profiles within the dynamic regime.
The description of the TOF data above introduced the two regimes that separated the observed
ionic fragments. These two regimes are for the delays between ´0.24 to 0.13 ps, and all other delays,
where the XUV pulse was either overlapping or preceding the IR pulse (´0.24 to 0.13 ps) or the
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Figure 5.6: Shown are averaged radially integrated radial profiles along two exemplary scattering images
within the dynamic regime for negative delays as well as delays close to zero. The radial slices are obtained by
radially integrating and subsequent averaging over the brightest shots for one delay category, see section 3.5 for
the κ sorting rule that is used for defining the term brightest. The radial integration is carried out within 60 to
120° radial angle (φ in a polar coordinate system), see section 3.3.6 for a sketch of the area used for integrating.
The right side of the figure shows exemplary scattering images for the 0.00 ps delay and the 0.13 ps delay. See
section 5.3.2 for detailed discussion on these scattering patterns. Selected diffraction images for all delays are
shown in Appendix E.

XUV pulse was succeeding the IR pulse (ą 0.13 ps). Therefore, the scattering images and averaged
profiles are separated into these two categories as well, where figure 5.6 corresponds to the XUV
overlapping/preceding case and figure 5.7 to the XUV succeeding case. Furthermore, see section
3.3.6 for detector corrections applied on these scattering images. Selected diffraction images for all
delays are shown in Appendix E.

• XUV pulse overlapping or preceding the IR pulse: The exemplary scattering images for
delays 0 ps and 0.13 ps in figure 5.6 show a very strong and uniform illumination of the whole
detector. The scattering image at 0 ps is also representative for delays smaller than 0 ps and
shows that the illumination is so strong that the here used micro-channel-plate (MCP) detector
is mostly saturated. The amount of illumination relaxes to some degree at delay 0.13 ps, but
remains very strong with no detectable scattering pattern. The illumination during these
delays supplants the scattered light almost completely.

The averaged radial profiles mirror these observations. For delays smaller or equal then 0 ps
the detector is saturated with an almost uniform illumination and while the averaged profile
for delay 0.13 ps exhibits a much weaker illumination, it still lacks the expected exponential
decrease in brightness for increasing scattering angle predicted by the Porod model for
scattered light.

• XUV pulse succeeding the IR pulse: The exemplary scattering images for delays 0.27 ps and
8.09 ps in figure 5.7 show two very distinct scattering patterns, reflecting the evolution of the
IR irradiated helium nanodroplets. The scattering image for delay 0.27 ps shows a diffraction
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Figure 5.7: Shown are averaged radially integrated radial profiles along two exemplary scattering images
within the dynamic regime for positive delays. The radial slices are obtained by radially integrating and
subsequent averaging over the brightest shots for one delay category, see section 3.5 for the κ sorting rule that
is used for defining the term brightest. The radial integration is carried out within 60 to 120° radial angle (φ in a
polar coordinate system), see section 3.3.6 for a sketch of the area used for integrating. The right side of the
figure shows exemplary scattering images for 0.27 ps and 8.09 ps. See section 5.3.2 for detailed discussion on
these scattering patterns. Selected diffraction images for all delays are shown in Appendix E.

pattern that resembles the XUV diffraction pattern in the static regime in figure 5.2. The
influence of the IR pulse is, at least in this image, not visible. However, the scattering image
for delay 8.09 ps shows a very different scattering pattern where isolated spots are distributed
across the whole diffraction image. These peculiar patterns are discussed in detail in the
next section, as they can be related to a fragmentation dynamics that takes place in strongly
irradiated nanoparticles (Flückiger et al., 2016).

The averaged radial profiles show that for very small scattering angles up to 6° and by
increasing the delay between the IR pulse and the XUV pulse, the observed amount of
scattered light is decreasing. In these scattering angles the recorded scattering light is perfectly
anti-correlated with the used delay; The longer the delay the lesser scattering light.

As for steepness of the averaged profiles no universal trend is visible, while the average
profile falls for most delays very quickly to a shared baseline, it does not so for delays 0.53 ps,
1.43 ps and 2.67 ps. There, the decrease in brightness with increasing scattering angles is much
shallower, almost linear, and there is no common baseline for very high scattering angles as
with the other delays.

However, except for these three delays the expected exponential decrease in brightness for
increasing scattering angle from the Porod model is observed, which suggests that dominantly
scattered light was recorded for these delays.
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5.3.2 Physical model to explain the observations

New effects arise when both pulses can interact with the nanodroplet in the dynamic regime. This
section is separated into an XUV overlapping/preceding case an XUV succeeding case, as in the
presentation of the experimental data.

The first subsection, for the delays between ´0.24 to 0.13 ps, describes an extension to the ionization
ignition model from the static case, that most probably becomes the dominant mechanism for energy
intake during laser-matter interaction and is only available in an XUV-IR probe/pump setting (Schütte
et al., 2016).

The second subsection, then, is mostly concerned with the appearance of the isolated spots that
appeared in the diffraction images in figure 5.7 for delays larger or equal then 8.09 ps, as they can be
linked to a model for the fragmentation dynamics on the few ps scale that takes place in strongly
irradiated nanoparticles (Flückiger et al., 2016).

XUV pulse overlapping or preceding the IR pulse

First discussing the TOF data for delays between ´0.24 to 0.13 ps. There, only He2+ was recorded
with almost no traces of He1+ oligomers. This suggests that the energy intake during laser-matter
interaction must be very effective. For example at 0 ps, the XUV and IR pulse have complete timely
overlap and the laser-matter interaction time is limited to the longer pulse-length of the IR pulse of
35 fs. So laser-matter interaction must not only very effective but also very fast.

In section 5.2.2 it was discussed that this timescale restricts the applicability of very commonly used
models in laser-matter interaction for large nanoparticles, such as the plasma heating model by
Ditmire et al. (1996) and non-resonant collision-mediated IBS heating (Deiss et al., 2006; Fennel et
al., 2010; Krainov, 2000; Saalmann et al., 2006). Instead, the ionization ignition model (Rose-Petruck
et al., 1997) which combines these two mechanisms was introduced and motivated. The prediction
produced by this model agreed qualitatively well with the observations in the TOF data and a small
extension to this model, namely doped ignition, was able to predict the observed slightly higher
abundance in ionized helium fragments.

Considering the effectiveness of the ionization in the dynamic TOF data and the ultra-short laser-
matter interaction time, it makes sense to explore an XUV/IR based extension of the ionization
ignition model.

Recalling that core to the doped ignition model was the earlier availability of seed electrons. That
came available due to the dopant species’ higher MPI probability for IR pulses. This enabled that
earlier during the onset of the IR pulse the seed electrons could build-up a nanoplasma via the
collision-mediated IBS heating, which very fast lead to an effective plasmonic energy incoupling
between the nanodroplets and the laser.

So in this model, seed electrons based IBS heating and subsequent plasmonic energy incoupling can
ionize a large nanodroplet very fast and the earlier the seed electrons become available, the more
effective this mechanism can act.

In the dynamic regime, the here used XUV pulse can now provide these seed electrons via SPI and
this even before the onset of the IR pulse, effectively de-coupling the seed electron generation from
the used IR pulse, as IR based MPI is not needed anymore for providing the seed electrons. This
model was first described by Schütte et al. (2016) and is called ionization avalanching. A sketch for
this mechanism is shown in figure 5.8.
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Figure 5.8: Schematic of the ionization
avalanching mechanism. In 1, a moderately
intense XUV pulse singly ionizes atoms
within the nanoparticle. Thus, providing
seed electrons (2) for subsequent IBS heat-
ing and resonant plasmonic energy incou-
pling in 3 and 4. Ionization avalanching is,
therefore, an extension to the ionization ig-
nition model by Rose-Petruck et al. (1997).
Neutral atoms are shown in blue, ions in
red, and electrons in black. Taken from
Schütte et al. (2016).

In the principal paper, a simulation was carried out using a 30 fs, 20 eV XUV pulse at an intensity of
2.5 ˆ 1010 W cm´2 that singly ionized 31 argon atoms from an argon nanoparticle with size ă N ą=

3500. The succeeding IR pulse had a Keldysh parameter of γ = 4.1 for singly ionizing argon, being
too weak for MPI on its own. However, after a few fs, full ionization of the nanoparticle was
observed, and Schütte et al. (2016) proposed ionization avalanching as an extension to the ionization
ignition model to be responsible for the efficient energy intake.

In the here presented experimental conditions, the ionization avalanching model is expected to predict
the observed high charge states in the TOF data for delays between ´0.24 to 0.13 ps in figure 5.5, as
it acts on top of ionization ignition and doped ignition.

Walking through the ionization avalanching model: Given that an XUV pulse is producing singly
ionized helium atoms within an irradiated nanodroplet and that the recombination/relaxation-time
for these excited atoms is longer than a delay between the XUV pulse and a succeeding IR pulse,
it can be assumed that this model would be most effective when XUV and IR pulse would closely
follow each other. As in this case the preceding XUV pulse would provide all the seed electrons it
could before the IR pulse would arrive at the nanodroplets, so that the IR pulse could then drive the
nanoplasma build-up right from its start. If, for example, the IR and the XUV temporally overlap,
this model is also applicable. However, in this case the seed electrons elevated by the XUV pulse
cannot participate in the nanoplasma build-up for the whole IR laser-matter interaction time as
they were created at later times. And in general, the more seed electrons participate the earlier in
IBS heating based nanoplasma build-up, the earlier the plasmonic resonance condition is reached
between the nanoplasma and the IR pulse, which then the longer can resonantly incouple energy
from the laser field.

Therefore, this model predicts the strongest possible ionization dynamic for when XUV pulse
and IR pulse are closely following each other. For a longer delay between a leading XUV pulse
and a following IR pulse, there should be a comparably strong ionization dynamic for as long
as recombination/relaxation-processes are negligible, after which the ionization dynamic should
become weaker as then fewer seed electrons are available for when the IR pulse is taking over. For
a timely overlapping or succeeding XUV pulse the ionization avalanching model’s contribution to
the overall ionization dynamic should become gradually weaker until the time where there is no
timely overlap between the leading IR pulse and the following XUV pulse anymore, after which the
ionization avalanching model is applicable anymore.

Applying these considerations to the observed TOF-traces from figure 5.5 shows a qualitatively
good agreement between the predictions by the model and the data for delays between ´0.24 to
0.13 ps. Starting at a delay of 0.13 ps in walking in negative direction on the timeline, the abundance
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as well as the kinetic energy4 of the observed He2+ fragments increase up to an delay of ´0.07 ps,
where it plateaus compared to the last delay at ´0.24 ps.

This observation is corroborated by the averaged radial profiles in figure 5.6. The averaged radial
profiles show the strong and uniform illumination of the scattering detector, which in the given
experimental context can be interpreted as fluorescence, just as in figure 5.2 in the dynamic case.
Starting at a delay of 0.13 ps the amount of detected fluorescence is already stronger by what is
expected from the IR or the XUV alone, compare with the averaged IR profile figure 5.2. Then, for
delays close to or smaller then 0 ps the amount of recorded fluorescence is strongly increased and
saturates the scattering detector.

Concluding, it appears to be highly likely that the natural extension of the ionization ignition model
to the XUV/IR scheme, the ionization avalanching mechanism, can describe the acting ionization
mechanism in the observed helium nanodroplets. The predictions made by the model are mirrored
by the observations. The ionization dynamic is strongly enhanced for when the XUV pulse begins
to overlap with the IR pulse and is enhanced even more when the XUV pulse succeeds the IR pulse.
In addition, recorded scattering images for these delays show the same trend, where the amount of
detected fluorescence is used as a metric for the strength of ionization dynamic.

XUV pulse succeeding the IR pulse

The ionization avalanching model is not applicable anymore after 0.13 ps because the XUV pulse is
not preceding nor overlapping with the IR pulse.

Instead the most likely candidate to explain the TOF-traces appear to be the superposition of the IR,
and XUV TOF-traces from the static data. Meaning, both pulses induce isolated acting ionization
dynamics and the combination of the doped ignition enhanced ionization ignition model for the IR
contribution and the mostly SPI- and CAI-dominated XUV contribution make up the TOF-traces for
delays larger then 0.13 ps.

However, the carried out qualitative analysis of the recorded TOF data is reaching the limits of its
usefulness here. The ion spectra for all delays larger then 0.13 ps show mostly the same features
and no further deduction can be drawn from these spectra without a full quantitative analysis
that includes the simulation of the TOF apparatus. Such a simulation may provide additional
insight into the expansion and disintegration dynamics of the irradiated nanodroplets on the
recorded timescales, although TOF ion spectra have been found to be misleading for deducing the
disintegration dynamic (Arbeiter and Fennel, 2011; Ditmire et al., 1996, 1998, 1997; Lezius, Dobosz,
Normand and Schmidt, 1998; Milchberg et al., 2001; Sakabe, Shirai, Hashida, Shimizu and Masuno,
2006; Thomas et al., 2009). However, such an analysis is beyond the scope of this thesis.

Nonetheless, the recorded scattering images and averaged profiles still contain valuable information
and are analyzed from hereon. Of special interest here is the appearance of the isolated spots at a
delay of 8.09 ps in figure 5.7, as they resemble the so-called speckle patterns observed by Flückiger et
al. (2016).

4The kinetic energy of a fragment is strongly correlated with the recorded flight-time of it. However, it is not the same and
not necessarily linear proportional, see section 3.3.5. Nonetheless, in the given context, where only a qualitative description
of the ionization process is desired, it can be cautiously used synonymously
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In Flückiger et al. (2016) large xenon nanoparticles were exposed to comparable IR laser pulses5

and the subsequent disintegration dynamic was traced in a pump-probe scheme using CDI. The
observed dynamics were placed into two categories; Before and after 500 ps.

During the first 500 ps, the averaged radial profiles, obtained via radially integrating the diffraction
images as in this thesis showed a decrease in brightness at smaller scattering angles for increasing
delays as well as a steeper decline in brightness for small and medium large scattering angles.
These observations comply with previous experimental observations (Gorkhover et al., 2016) and
theoretical calculations (Peltz et al., 2014). The employed model to explain the observations are that
of a hydrodynamic expansion of a thin shell at the surface, which has the effect of a continuous
surface softening and is most notably observed at high scattering angles in diffraction images.

After 500 ps, novel diffraction patterns were recorded, they were termed speckle patterns. These
speckle patterns can be interpreted as a product of the scattered light from the relaxed nanoparticle
debris that exhibits substantial density fluctuations due to a slow dilution process (Barty et al., 2008;
Bogan et al., 2010; Flückiger et al., 2016; Loh et al., 2012; Pedersoli et al., 2013).

The decrease in brightness at smaller scattering angles as well as the speckle patterns as described
in Flückiger et al. (2016) are also observed in the here recorded data. Figure 5.7 shows the radially
integrated radial profiles for positive delays. There, a decline in scattering intensity for increasing
delays can be observed for very small scattering angles up to 6°, as well as the emergence of speckle
patterns starting at 8.09 ps (see further diffraction images for all delays in appendix E). However,
one of the most distinct observations in Flückiger et al. (2016), which is also a main result from
the theoretical calculations in Peltz et al. (2014), is the steeper decline in brightness for small and
medium large scattering angles, and is not observed here for unknown reasons. It may be related to
stronger fluorescent light emission in our experiment due to the two identified ionization ignition
mechanisms. A full analysis on the shallower decline in brightness is beyond the scope of this thesis.

However, since the speckle patterns emerge here at around 8 ps the employed model of surface
softening appears to evolve faster in the given experimental conditions. A rough estimate on the
possible reason for this can be given by recalling from section 2.3.2 and 5.2.2 that a hydrodynamic
expansion expands with the plasma speed of sound, which is inversely proportional to the square
root of the ionic mass (see section 2.3.2 as well as equation 8.69a in Attwood and Sakdinawat, 2016).
For any given charge state and electron temperature, plasma expansion in helium is, therefore, at
least six times faster than in xenon, which still falls one order of magnitude short6, but provides a
direction on a possible explanation for the discrepancy in the observations.

5.4 Conclusions

In this section, ion TOF spectra and scattering images from xenon doped helium nanodroplets in an
IR, XUV pump-probe multicolor CDI experiment within the WAXS regime7 were presented and
qualitatively analyzed, and discussed.

First, experiments using only a single pulse were analyzed and discussed. Termed the static regime,
doped and undoped helium nanodroplets were exposed to either the IR beam or the XUV beam,
section 5.2.1.

5The Keldysh parameter n Flückiger et al. (2016) for singly ionizing xenon was γ = 1.00, compared to γ = 1.10 for singly
ionizing helium here

6Compare 6.00 ¨ 8.09 ps = 48.54 ps here with « 500 ps in Flückiger et al. (2016)
7Please see section 1.6 concerning the choice of nomenclature
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The IR pulse intensity places this experiment on the threshold between the photon and the field
dominated ionization regime (Keldysh parameter for singly ionizing helium: γ = 1.10 and xenon:
γ = 0.78). When irradiated with only IR light, the ion TOF spectra for the doped and undoped
helium nanodroplets showed mostly He2+ ion fragments along a comparably smaller abundance of
He1+ oligomers. The xenon doped helium nanodroplets exhibited a slightly larger abundance of all
ionic fragments.

In section 5.2.2, a physical model to explain these observations was introduced: A collective and
ultrafast ionization mechanism named ionization ignition (Rose-Petruck et al., 1997) was proposed.
The time-scale of the laser-matter interaction and the large abundance of fully He2+ were the
deciding features in the ion TOF spectra that proved to be predictable ionization ignition model. An
extension to this model, namely doped ignition (Mikaberidze et al., 2009), provided corroborating
evidence for the applicability of this model as it was able to explain the slightly larger abundance of
all ionic fragments in the doped case.

Furthermore, when irradiated with only XUV light, no He2+ fragments were observed. An ap-
proximation using the framework presented in Arbeiter and Fennel (2011) showed that the 17th
harmonic can singly ionize 19.5 ˆ 106 atoms in an exemplary 400 nm nanodroplets via SPI, of which,
due to the intensity of the XUV beam as well as the size of the nanodroplets, only 507 electrons
were outer-ionized, leaving almost every electron trapped within the nanodroplet. In addition, ICD
and CAI effects were discussed as they are probable to complement the He1+ ion yield. Finally,
the lack of He2+ fragments in the TOF spectra was identified to justify the assumption that the
multistep ionization model (Arbeiter and Fennel, 2011; Bostedt et al., 2008, 2010; Gnodtke et al., 2009,
2011), which is applicable here in theory, only adds in negligible amounts to the overall ionization
dynamic.

Second, experiments using the IR and the XUV in a pump-probe scheme were analyzed. Termed the
dynamic regime, doped helium nanodroplets were exposed to both pulses at several delays between
´0.24 to 20 ps, where negative delays correspond to where the XUV pulse precedes the IR pulse,
see section 5.3.

The results can be broadly put into two categories: Delays between ´0.24 to 0.13 ps and the remain-
ing delays.

Between ´0.24 to 0.13 ps, the XUV pulse was overlapping or preceding the IR pulse. The ion TOF
spectra showed a complete ionization of the nanodroplet where only He2+ fragments were detected.
The corresponding scattering images showed detector-saturating fluorescence, supplanting every
other detector signal. For explaining these observations, a second extension to the ionization ignition
model was proposed, namely the ionization avalanching mechanism (Schütte et al., 2016), where the
seed electrons, needed for ignition, are provided not by MPI of the IR pulse, but by SPI of the XUV
pulse. The predictions by this model are in good qualitative agreement with the observations in the
ion TOF spectra.

For all delays greater than 0.13 ps, the ion spectra resembled a superposition of the IR and XUV
ion spectra from the static regime, where the scattering images revealed more insight into the
disintegration dynamics of the IR irradiated nanodroplet. There, a characteristic disintegration
feature of large nanoparticles, termed speckle patterns (Flückiger et al., 2016), was observed on the
few ps timescale.

The model put forward by Flückiger et al. (2016) explains these patterns as the scattered light off the
remaining nanoparticle debris (Flückiger et al., 2016) after the hydrodynamic surface shell expansion
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stopped. This nanoparticle debris exhibits strong density fluctuations, which manifest themselves
as speckle patterns in the recorded diffraction images.

In Flückiger et al. (2016), this was observed at 500 ps for xenon nanoparticles. However, here speckle
patterns appear already after 8 ps. The faster observations of these patterns was motivated by an
approximation of the plasma expansion speed of helium compared to xenon, which is in helium at
least six times faster than in xenon.

Still, the smallest pump-probe delay times (tdelay ă |70 fs|) remained inaccessible for recording
scattering images due to the detector-saturating amount of observed fluorescence during the overlap
of the IR and XUV beam. Therefore, in order to record the desired scattering images in this ultrafast
regime, the intensity of the IR pulse was reduced until the amount of fluorescence was tolerable.
Being able to access this ultrafast regime enabled us then to record scattering images in a completely
new territory for CDI experiments, where so-far unknown scattering effects became observable.

The next chapter introduces the physical setting and the recorded data in detail, after which a
simplistic model is derived and introduced with which the observation are qualitatively reproduced.
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Chapter 6

Ultrafast nonlinear scattering
response on the fs scale

6.1 Overview and structure of this chapter

As laid out in the introduction in section 1.4, two infrared (IR)-extreme ultra-violet (XUV) pump-
probe multicolor coherent diffraction imaging (CDI) experiments within the wide-angle X-ray
scattering (WAXS) regime1 were carried out for this thesis. The only technical differentiator between
both experiments is the intensity and focus size of the IR laser in the interaction region, while
the first experiment uses an IR beam intensity of « 2 ˆ 1014 W cm´2 and a focus size of « 70 µm,
the second experiment uses a lower IR laser intensity of « 9 ˆ 1012 W cm´2 and a focus size of «

200 µm. Nomenclature, in this thesis, is that the first experiment is referred to as the intense IR pulse
configuration, while the second experiment is termed the moderate IR pulse configuration.

This chapter presents, describes and analyzes the obtained experimental data from the moderate IR
pulse configuration.

Using the moderate IR pulse configuration of 9 ˆ 1012 W cm´2 resulted in new Keldysh parameters
for helium: γ = 3.8 and xenon: γ = 2.7, see also figure 2.11 and section 2.3.1, which, compared to
the IR configuration of last chapter, makes multiphoton ionization (MPI) due to the IR pulse less
likely.

Time-of-flight (TOF) ion spectra were taken for the static case as well as for delays between ´150
to 150 fs. The static case showed significantly less helium ion fragments when the XUV pulse was
blocked and identical amounts of helium ion fragments when the IR pulse was blocked. In contrast,
the abundance of ion fragments showed a strong dependence on the delay between IR and XUV
pulse, where the ion yield increased the more the XUV preceded the IR pulse. The physical model
used to explain these observations is the ionization avalanching mechanism (Schütte et al., 2016),
which was already introduced in the last chapter’s analysis on TOF ion spectra using the intense IR
pulse configuration.

Where the TOF ion spectra can be understood using a classical model, the recorded diffraction
images, as we will show, can not. Using the moderate IR pulse configuration, an ultrafast nonlinear
scattering response of helium nanodroplets on the fs scale was observed, that influences not only
the amount of scattered light off the nanodroplets, but also the structure and shape of the recorded
diffraction patterns. Furthermore, the modified scattering response of the nanodroplets is only

1Please see section 1.6 concerning the choice of nomenclature
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observed when the IR and the XUV pulse overlap in space and time and appears to be fully
reversible, regardless which pulse struck the nanodroplet first.

A parameter-free simplistic model is employed in this thesis that qualitatively reproduces the
experimental observations by assuming an atomistic description in which the AC Stark induced
shift of the energetic landscape of dressed helium near the 1s 2p resonance leads to changed refractive
properties for an artificial macroscopic helium nanodroplet. The creation of this artificial macroscopic
helium nanodroplet is motivated by concepts from effective medium theory (Choy, 2016) and is
able to qualitatively explain the observed temporal change in the scattering response of real helium
nanodroplets.

This chapter is organized into two large sections, where section 6.2 describes and presents the
experimental findings and section 6.3 derives, motivates and applies the physical model that is used
for understanding the modified scattering response for helium nanodroplets exposed to the IR and
the XUV pulse.

This partitioning differs from last chapter’s, where the superordinate sections corresponded to a
static and a dynamic part. This separation made sense in the last chapter as the observed physical
effects could be best disentangled this way. However, here the static regime plays only a minor role
as no new effects were observed there. This chapter, therefore, employs a different partitioning
scheme whose focus is solely on the dynamic regime, where the extensive derivation, motivation
and analysis of the here employed physical model is chosen as one of the two main sections.

Both sections are further divided into a Time-of-flight ion spectra and a Recorded scattering images
section that separates the observations and explanations for the two experimental techniques.

In addition, in section 6.2.3 scattering images obtained in a CDI experiment within the WAXS
regime2 with sub-ps resolution at the low density matter (LDM) beamline (Lyamayev et al., 2013;
Svetina et al., 2015) at the FERMI free-electron laser (FEL) (Allaria et al., 2012) are briefly presented
here as well and serve as a validation of the observation and the employed model in this thesis. The
FERMI data was provided by Bruno Langbehn from the Institute for Optics and Atomic Physics
(IOAP) at the Technical University Berlin and is part of his doctoral dissertation (Langbehn, 2020).

Finally, section 6.4 provides a summary of all observations and the employed model, as well as
possible future research perspectives.

6.2 The experimental observations

6.2.1 Time-of-flight ion spectra

This subsection presents the TOF ion spectra obtained using the moderate IR configuration, de-
scribed in the introduction here, as well as in section 3.3.

First, the averaged TOF ion spectra recorded in the static regime where either the IR or the XUV
pulse was blocked are presented in figure 6.1. For comparison the TOF ion spectra on the xenon
doped helium nanodroplets and recorded with the intense IR configuration are shown there as well.
The y-axis of the TOF-traces is normalized to a shared value in order to ensure comparability. The
flight-times of He2+, as well as for helium mono- and dimer, are highlighted by shaded areas. The
comparison between the ion spectra from both IR configurations is useful as the main differentiator

2Please see section 1.6 concerning the choice of nomenclature
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Figure 6.1: Shown are TOF spectra within the static regime, where either the IR or the XUV was blocked from
the interaction region. The TOF ion spectra from this chapter are compared to the static ion spectra from last
chapter’s xenon doped helium nanodroplets using the intense IR configuration. Where the former are tagged
with a Moderate suffix and the latter with an Intense suffix. Every TOF-trace is the unweighted average of the
sorted shots of its respective category, see section 3.5 for the κ sorting rule that is applied here. The flight-times
of He2+ as well as of helium mono- and dimer are highlighted with shaded areas. Note that the XUV ion yield
is not expected to differ in both configurations.

between them is the IR intensity, and the change in recorded ion fragments should, therefore, reflect
the reduction in IR intensity between both configurations. The XUV ion spectra, on the other side,
should be identical, as the configuration of the XUV pulse was not changed compared to last chapter.

Now, comparing the recorded abundance in helium ion fragments in the IRIntense case , the IRModerate

ion spectra show very little He2+ fragments and only slightly more He1+ monomers, where the
dimer peak is almost indistinguishable from the background. Where in the intense case the He2+

fragments were the dominant contribution to the ion TOF spectrum, it is now the helium monomer
which was recorded most often.

The XUV ion TOF spectra are identical in both IR configurations, and are just serving as an validation
here. If they were not identical, the physical setting in the interaction region would have changed
during the course of both experiments without our knowledge.

Figure 6.2 shows the dynamic part of the ion TOF spectra for ultra-short delays using the moderate
IR pulse intensity of 9 ˆ 1012 W cm´2. The y-axis shows the available delays ranging from ´150 to
150 fs, and the x-axis shows the ion time-of-flight. The flight-times corresponding to He2+, as well
as for the helium oligomers up to heptamer, are labeled by in-axis annotations. The color-coding
corresponds to the delay times where redder means more positive. The color-coding is identical to
figure 5.5. Negative delays correspond to scenarios where the XUV pulse struck the target before
the IR pulse, and positive delays represent the scenario where the IR pulse struck the target before
the XUV pulse. Every TOF-trace is the unweighted average of the sorted shots of its respective
category, see section 3.5 for the κ sorting rule that is applied here. The axes panel on the right side
shows the integral of all helium ion peaks3 up to heptamer and is normalized to match the maxima
of the monomer contribution in height.

3See figure 3.26 b) for the exact flight times used for integrating
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Figure 6.2: Shown is a waterfall plot of the averaged ion TOF spectra for ultra-short delays. The y-axis shows
the available delays ranging from ´150 to 150 fs, and the x-axis shows the ion time-of-flight. The flight-times
corresponding to He2+, as well as for the helium oligomers up to heptamer, are labeled by in-axis annotations.
The color coding corresponds to the delay times where redder means more positive, also as in figure 5.5.
Negative delays correspond to scenarios where the XUV pulse hits the target before the IR pulse, and positive
delays represent the other way around, where the IR pulse hits the target before the XUV pulse probes it. Every
TOF-trace is the unweighted average of the sorted shots of its respective category, see section 3.5 for the κ
sorting rule that is applied here. The axes panel on the right side shows the integral of all helium ion peaks up
to heptamer and is normalized to match the maxima of the monomer contribution in height. See section 6.2.1
for detailed explanations on these TOF traces.

Starting the description of figure 6.2 at delay 150 fs and going in negative direction, the overall
helium ion signal is increasing with an increasingly negative delay. The ion yield for delays between
150 to 70 fs is almost constant without any noticeable delay-dependence. However, starting at 70 fs
the amount of recorded ion fragments increases universally, where it is most pronounced in the
appearance of He1+ fragments. However, also the amount of fully ionized He2+ is substantially
increased at more negative delays. This is an observation already recorded in ion TOF spectra using
the intense IR configuration in section 5.3.1 and figure 5.5.

The described overall trend can best be seen in the calculated integrals in the right panel, where the
starting increase around 70 fs can be traced up to a delay of « ´60 to ´70 fs. There, the calculated
integrals plateau in intensity until the maximal recorded negative delay of ´150 fs.
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Figure 6.3: Shown is an image grid of the
diffraction images of the five brightest shots
for every delay, see section 3.5 for the κ sort-
ing rule that is applied here.

The discussion and analysis of the static and dynamic TOF-
traces is given in section 6.3. The next section introduces
the recorded scattering images.

6.2.2 Recorded scattering images

For building intuition, it is instructive to directly look at
a subset of the scattering images to highlight the changes
that appear at ultra-short delays. Figure 6.3 shows the
diffraction images of the five brightest shots for every
delay, see section 3.5 for the κ sorting rule that is applied
here.

Three observation can be deduced:

1. The scattering images are darker for delays between
´40 to 50 fs.

2. The occurrence and brightness of airy patterns is
noticeably reduced between ´40 to 50 fs.

3. For negative delays between ´40 to ´150 fs, the
scattering images appear brighter than compared to
their positive counterpart between 60 to 150 fs.

The next two subsections quantify the first two items
while the last item is discussed in terms of the analysis in
section 6.3.1.

Decreased XUV detector signal during overlap

To quantify the decrease in brightness on the scattering
detector, the integrals, that were calculated in section 3.5
as part of the κ sorting rule, can be plotted for each time
delay and can act as a measure for the observed brightness.
These integrals correspond to the pixel-wise intensity on
the detector, save for the area on the detector that is omit-
ted by the applied correction-mask (see the inlay in figure
3.26 a) for the used mask). Furthermore, see section 3.3.6
for the description of the micro-channel-plate (MCP) de-
tector that was used for recording the scattering images.
There, a discussion can be found on insensitive areas as
well as necessary holes in the detector that needs to be
masked for data analysis.

This integrated intensity does not correspond to a mea-
sured physical quantity, such as the scattering cross-
section of the nanoparticles or the flux of scattered XUV
photons. However, it is strongly correlated with these
quantities and serves in this thesis as a qualitative metric
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Figure 6.4: Shown is the averaged integrated time evolution of the XUV detector signal and the helium ion
signal for all sorted shots, see section 3.5 for the κ sorting rule that is applied here. Negative delays correspond
to scenarios where the XUV pulse precedes the IR pulse, whereas, at positive delays, the IR pulse precedes the
XUV pulse. The blue dashed line is the integrated XUV detector signal from the XUV only data. The shaded
envelopes for both lines correspond to the y-axis error and are the 95 % confidence interval (CI) of the signal
strength. The x-axis error is fixed to 7 fs, which is the best estimate on the time error, see section 3.4.4. The left
y-scale corresponds to the XUV detector signal and is normalized to 1 at the XUV only signal strength. The
right y-scale belongs to the ion signal is normalized to 1 at the signals minimum at ´150 fs. The ion signal is
the unweighted average for all delays, already introduced in the right panel in figure 6.2.

to assert the delay dependence of the overall scattering behavior of the helium nanodroplets in the
given experimental context.

Nomenclature from here on for this integrated detector intensity is detector signal. The detector
signal is the main quantity that is presented here and that the physical model in section 6.3 aims to
reproduce.

The largest limitation that arises from using the detector signal as a metric is the intrinsic nonlinearity
of the used detector that modifies every diffraction image and cannot perfectly be corrected for,
see section 3.3.6. This means that the pixel intensity on the detector depends nonlinearly on the
intensity of the incoming XUV pulse. However, the XUV pulse intensity, as well as all detector
parameters, such as the applied operating voltages, were kept constant during all experiments here.
Therefore, the detector nonlinearity is equal for all diffraction images in all delays and should not
prohibit a qualitative analysis.

Now, figure 6.4 shows the averaged integrated time evolution of the XUV detector signal and the
helium ion signal for all sorted shots, see section 3.5 for the κ sorting rule that is applied here.
Negative delays correspond to scenarios where the XUV pulse precedes the IR pulse, whereas, at
positive delays, the IR pulse precedes the XUV pulse. The blue dashed line is the integrated XUV
detector signal from the XUV only data. The shaded envelopes for both lines correspond to the
y-axis error and are the 95 % CI of the signal strength. The x-axis error is fixed to 7 fs, which is the
best estimate on the time error, see section 3.4.4. The left y-scale corresponds to the XUV detector
signal and is normalized to 1 at the XUV only signal strength. The right y-scale belongs to the ion
signal is normalized to 1 at the signals minimum at ´150 fs. The ion signal plotted here was already
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introduced in the right panel in figure 6.2. The reason for showing the ion signal here once again is
to motivate the connection between both measurements, as is further discussed below.

As for the XUV detector signal: For delays larger than 70 fs, the average detector signal is about the
same as in the XUV only scenario (the dashed line). Then, starting at 70 fs and going in a negative
direction, the detector signal decreases in amplitude by about 30 % only to recover at ´40 fs to
a value that is 10 to 30 % above the XUV only baseline value. The ion signal has been already
described in the last section but is briefly described here again. The ion signal is displaying two
plateaus, one between 50 to 150 fs and one between « ´60 to ´150 fs, where a linear increase in ion
signal around 50 fs up until ´50 to ´60 fs connects these two plateaus.

Structural changes during overlap

This section quantifies the observation that the occurrence and brightness of airy patterns appeared
to be noticeably reduced between ´40 to 50 fs in figure 6.3.

In the here carried experiment, one scattering image is the result of a superposition of four XUV
harmonics sitting at 17.1 eV (11th), 20.2 eV (13th), 23.3 eV (15th) and 26.4 eV (17th). However, the
dominant contribution comes from the 13th and 15th harmonics, see figure 3.9. This multicolor
scenario in combination with a bad SNR overall in the dataset, as well as the fact that an MCP /
phosphor stack was used for recording the images, represents a non-trivial problem for recreating
the recorded diffraction images with Mie simulations (Rupp et al., 2017): An identical situation was
solved in Rupp et al. (2017) using a Monte Carlo (MC) based Mie simulation approach in which
multiple parameters from multiple contributions of the 13th and 15th harmonics were optimized
simultaneously using the Nelder-Mead method and termed a multicolor fit. However, of the
recorded 1762 bright diffraction images, only 18 could be reconstructed by simulations.

Besides the inherent nonlinearity of the MCP / phosphor stack that complicates comparisons
between simulations and experimental data, see section 3.3.6 as well as Hecht (2018), the multi-
color scenario adds an additional layer of complication, as the superposition of all involved XUV
harmonics leads to a loss in contrast. In simple words, it washes out the signal. This can be seen in
figure 6.5 a) where a manual multicolor fit for an example image is shown. There, a radial profile of
the diffraction image in the inset is shown as a solid blue line, the radial integration is carried out
within 60 to 120° radial angle (φ in a polar coordinate system). The manually optimized multicolor
fit is plotted as a dashed red line and both individual contribution are shown as dashed yellow
(13th harmonic) and dashed green line (15th harmonic).

The loss in contrast can be seen in that the features of the individual contributions cannot clearly
be differentiated anymore. As the attempt of fitting such multicolor images is not feasible for the
number of recorded images in this experiment, a different approach is chosen to demonstrate the
observed structural changes within the diffraction images during the overlap of both pulses.

Also shown in figure 6.5 a) are scatter points corresponding to the found maxima in the given radial
slice. With these maxima, two indicative measures are defined that correspond to the size and
quality of the nanodroplet and its scattering image, respectively:

1. The median4 of the distance of these scatter points is an indicative measure for the size of the
nanodroplets.

2. The number of found maxima is an indicative measure for the contrast of the diffraction image.

4The median is used to be more robust to outliers
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Figure 6.5: a) shows an exemplary radial slice along with a multicolor Mie fit. Added scatter points correspond
to algorithmically found maxima within the radial slice. The radial integration is carried out within 60 to 120°
radial angle (φ in a polar coordinate system) of the diffraction image shown in the inset. b) shows the time
evolution of the percentage of radial slices for each delay that had at least three distinct local maxima in their
radial slice (left y-axis and blue lines) and the mean of the median scattering angle spacing of these found
local maxima (right y-axis and red lines). The dashed lines correspond to the same quantity in the XUV only
case. The temporal error on the x-axis is set to 7 fs, see section 3.4.4, and the y-axis error is estimated from the
signal-to-noise ratio (SNR) of the scattering images, the y-axis error is, therefore, larger for delays between 70
to ´40 fs where the scattering images are reduced in brightness. See section 6.2.2 for a detailed explanation.

In the second metric, the algorithm used for finding the maxima utilizes a relative threshold-criteria
based on the immediate neighborhood of the found maxima and is sensitive to the noise floor in
the radial slice. Therefore, a radial slice in which four maxima are found has qualitatively better
contrast than a radial slice in which only three maxima are found when using the same parameters
for the algorithm.

The algorithm is based on a wavelet-transformation pattern matching approach (the find_peaks_cwt
function of the scipy.signal package based on Du, Kibbe and Lin (2006)). The general idea is to
convolve a signal with multiple wavelet functions to smoothen it somewhat using several wavelet-
widths. Relative maxima which appear in enough widths, and with sufficiently good SNR, are
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accepted. The threshold value and the number of wavelets function were held constant for all radial
slices in all delays 5.

It is a somewhat crude and simple but effective method to motivate mainly two things that are
shown in figure 6.5 b). There, the solid blue line is assigned to the left y-axis and shows the
percentage of diffraction images for which the algorithm found more than three maxima and the
solid red line is assigned to the right y-axis and shows the mean of the median distance for all found
maxima for all diffraction images. Plotted is the micro-average, so first, the median spacing was
calculated for every radial slice of a diffraction image in one delay, and from that, the mean was
calculated. The dashed lines correspond to the XUV only scenario.

Figure 6.5 b) shows that during the decrease in XUV detector signal between 70 to ´40 fs there are
not only significantly fewer images exhibiting identifiable airy rings (meaning more than three
extrema), the ones that are still visible seem to correspond to larger nanodroplets, as they show
smaller median scattering angle spacings.

Both results appeal to the intuition as the latter is expected to some degree to be a product of the
former since the scattering cross-section scales linearly with the size of the nanodroplet, see section
2.2.3, and therefore only larger nanodroplets should be visible when the overall brightness on the
detector goes down.

However, the full analysis of this observation is in section 6.3.10.

The next subsection ties in the observed decrease in averaged integrated detector signal with
data from an unpublished experiment (Langbehn, 2020) on xenon doped, as well as pure, helium
nanodroplets conducted at the LDM beamline (Lyamayev et al., 2013; Svetina et al., 2015) at the
FERMI FEL (Allaria et al., 2012).

6.2.3 Comparison to free-electron laser experiments

In this subsection, data is presented from an an IR, XUV pump-probe CDI experiment within the
WAXS regime7 on helium nanodroplets with sub-ps resolution at the LDM beamline (Lyamayev et
al., 2013; Svetina et al., 2015) at the FERMI FEL (Allaria et al., 2012). This data was recorded in 2015
in an experiment our group contributed to.

The goal of this section is to provide a second dataset on helium nanodroplets, with which the
observed effects, described in section 6.2.2, can be corroborated.

In the here described dataset, subsequently called FERMI data, xenon doped, as well as pure
helium nanodroplets were imaged using an XUV pulse tuned to photon energies of 19.4 eV (63.9 nm)
and 21.5 eV (57.7 nm) at an intensity of 3 ˆ 1014 W cm´2. The IR pulse was operating at a photon
energy of 1.58 eV (785 nm) and an intensity of 8 ˆ 1013 W cm´2. Both pulses had a length of 90 fs
full width at half maximum (FWHM) (Langbehn, 2020). Data on pure helium nanodroplets from
this experiment from static measurements during this experiment (XUV only) has been published in
Langbehn et al. (2018); it is also the base of Zimmermann et al. (2019), as well as the deep neural
network (DNN) section in this thesis (section 4.3). Please find further experimental details in the
supplemental material of Langbehn et al. (2018) as well as section 4.3.

The FERMI data in this subsection was provided by Bruno Langbehn from the IOAP at the Technical
University Berlin and is part of his doctoral thesis (Langbehn, 2020).

50.30 was used as normalized threshold along with 10 ricker wavelets (see, for example, Wang, 2015).
7Please see section 1.6 concerning the choice of nomenclature
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Figure 6.6: Shown is the averaged integrated time evolution of the XUV detector signal from an IR, XUV
pump-probe single-color CDI experiment within the WAXS regime6 with ps resolution at the LDM beamline
(Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI FEL (Allaria et al., 2012). Helium nanodroplets were
imaged using an XUV pulse tuned to photon energies of 19.4 eV (63.9 nm) and 21.5 eV (57.7 nm) at an intensity
of 3 ˆ 1014 W cm´2, the IR pulse with a photon energy of 1.58 eV (785 nm) and intensity of 8 ˆ 1013 W cm´2.
The nanodroplets were doped with xenon in various configurations. The inset shows the zoomed-in region
between ´0.5 to 0.5 ps, as the data in this region would otherwise be non-discernible using the regular x-axis
scaling. See the text for further explanations. There is no estimate on the x-axis error available, however, as the
delay was verified during the experiment via autocorrelation measurements, the temporal error is expected
to be small compared to the delay steps where data was taken (Langbehn, 2020). All data for this figure was
kindly provided from Langbehn (2020).

Here, an excerpt of the pump-probe data on pure and xenon doped helium nanodroplets using
different degrees of xenon doping (by varying the pressure in the pick-up chamber) is presented.
Figure 6.6 shows the temporal evolution of the averaged integrated detector signal for different
combinations of doping degree and XUV photon energy. The time resolution of « 100 fs prohibits
a detailed temporal analysis. Furthermore, scattering images at a delay less than 8 ps were only
recorded at an XUV energy of 21.5 eV and only for pure helium nanodroplets. However, a qualitative
assertion on the presence of the decrease in detector signal is possible nevertheless and generally
shows that the decrease is distinctly present in the FEL-generated data.

However, the dependence on the amount of xenon doping at XUV energy of 19.4 eV is inconclusive,
as the two highest pressure configurations (2.4 ˆ 10´6 mbar and 2.7 ˆ 10´6 mbar) should result in
more or less the same number of picked-up xenon atoms yet their measured detector signal show at
0 ps almost the same span as the lowest and the no doping configuration. This uncertainty cannot
be resolved here, as there are several factors unaccounted for in the FEL-generated dataset. Most
notably, there is no quality metric ensuring that the IR pulse and the XUV pulse demonstrably hit
the nanodroplet equally well, as is intended with the κ sorting rule in this thesis (see section 3.5).
Furthermore, the y-axis error is non-negligible as at 0 ps; all pressure configurations could have very
well the same integrated detector signal.

A comparable uncertainty prohibits a detailed analysis on the dependence of the XUV photon energy
as well, as the y-axis error for the detector signal at and around 0 ps allows only for indicative
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Figure 6.7: Shown in a) are Mie calculations for the scattering cross-section for a nanodroplet with a 450 nm
radius at the 1s 2p resonance. For reference, the dashed lines show δ and β for liquid helium (Lucas et al.,
1983). Also, a solid red guideline at zero is shown for the refractive index. b) shows the scattering cross-section
for multiple radii at fixed probing energies. The left inset in the top center in b) shows a recorded diffraction
image recorded at 19.4 eV and the right inset shows an diffraction image recorded at 21.5 eV. The imaged
nanodroplets corresponding to these images share a radius of 450 nm and were recorded at the LDM beamline
(Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI FEL (Allaria et al., 2012). The four plotted lines in b)
are the scattering cross-sections calculated for probing energies that correspond to XUV energies found in the
FERMI FEL data (19.4 eV and 21.5 eV) as well as the 13th and 15th harmonic (20.1 eV and 23.3 eV) produced by
the high harmonic generation (HHG) laser system used in this thesis. See the text for further explanations. The
scattering images in b) are from Langbehn (2020).

reasoning for differences between 19.4 eV and 21.5 eV.

Therefore, only the following observations can be deduced from figure 6.6:

1. The decrease in the detector signal in the region of temporal overlap between the IR and the
XUV pulse is distinctly present with and without xenon doping at 19.4 eV and 21.5 eV.

2. The decrease is more pronounced when probing at 19.4 eV than at 21.5 eV.

3. The decrease is observed in a span of at least 200 fs when probed at 21.5 eV.

4. A decrease is also observed when using an off-resonance XUV pulse at 19.4 eV for probing
that also has a longer pulse duration of 90 fs and a higher intensity of 3 ˆ 1014 W cm´2.

The first item provides a first indication that all observed effects in this thesis (section 6) are
independent of the dopant xenon atoms. For the interpretation of the HHG-data, this observation is
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crucial, as in our experiment no time resolved data with pure helium nanodroplets was taken. In
that regard, the FERMI-data provides essential indications that the physical origin of the observed
decrease in detector brightness can not originate from the doping of the helium nanodroplets.

The second and third item are critical for validating the simulation method in section 6.3, as
these distinct differences between probing with an off-resonance XUV pulse at 19.4 eV and an
on-resonance XUV pulse at 21.5 eV, should be reproducible using the model in this thesis.

The fourth item is especially compelling as it implies the decrease in detector signal can also be
observed in a very different physical setting, in the FEL setting we have:

In the XUV regime: No sequential multi-step ionization is expected, as the XUV pulse operates at
almost 5 eV below the single-photon ionization (SPI) threshold of helium and at a too low intensity
for MPI (Keldysh parameter for helium of 9.89), which also means that ionization avalanching
probably does not occur due to a lack of XUV-elevated seed electrons. Furthermore, interatomic
Coulombic decay (ICD) and collective autoionization (CAI) effects are not expected since the XUV
is off-resonance.

In the IR regime: The IR irradiation is somewhat comparable to the intense IR configuration in this
thesis8, which means that regular ionization ignition as well as doped ignition, are applicable models,
albeit in this picture these mechanism should be less effective than with the intense IR configuration
in section 5.

However, the IR intensity brings up the question of why the scattering detector at FERMI was
not flooded by fluorescent light, as was the case in this thesis using the comparable intense IR
configuration.

There are two possible explanations for this. First, the different physical setting could explain the
absence of fluorescence, as the observed fluorescent light in this thesis was mainly due to very strong
ionization avalanching effects which cannot occur in the FERMI setting. While ionization ignition, as
well as doped ignition, accounted for some fluorescent light using the intense IR configuration of
this thesis, it was significantly weaker than the amount of fluorescence observed when ionization
avalanching was active. For an appreciation of this difference, compare the IR only scattering image in
figure 5.2 for fluorescence initiated by ionization ignition and doped ignition with the 0.00 ps scattering
image in figure 5.6, where ionization avalanching is active in addition. Second, the XUV photon flux
at an FEL is orders of magnitude higher compared to the here used HHG laser system (Krausz, 2016;
Rupp et al., 2017), which results in a detector signal where the fluorescence, while present, is too
weak to account for significant supplanting effects. Besides, the scattering cross-section for liquid
helium at 19.4 eV is very high, despite being off-resonance. Figure 6.7 a) shows Mie calculations for
a helium nanodroplet with a 450 nm radius at the 1s 2p resonance. The reference values for δ and β

are from Lucas et al. (1983) and begin at 19.4 eV, where the scattering cross-section rises significantly,
which is due to the fact that absorption becomes negligible (β close to zero, the nanodroplet becomes
transparent) while the induced phase shift in the medium is still significant (δ differing from zero).
Figure 6.7 b) puts this scattering cross-section into perspective as it shows the cross-sections for
fixed probing energies at 19.4 eV, 20.1 eV, 21.5 eV, and 23.3 eV for multiple radii. These energies
correspond to the experimental settings in the FERMI FEL data (19.4 eV and 21.5 eV) as well as the
13th and 15th harmonic (20.1 eV and 23.3 eV) produced by the HHG laser system used in this thesis.

8Keldysh parameter for helium: γHe = 1.63 and xenon: γXe = 1.15, compared to the intense IR configuration: γHe = 1.10
and γXe = 0.78
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From figure 6.7 b) can be deduced that the expected detector signal for helium nanodroplets is
across all radii and both XUV energies much higher than in the experiments in this thesis.

Ultimately this means that the absence of ionization avalanching, the much higher photon flux at the
FERMI FEL, and the overall larger scattering cross-section at 19.4 eV, compared to the scattering
cross-section in this thesis, may explain why no noticeable fluorescent contribution was recorded in
the FERMI FEL experiment. The inset in b) shows recorded scattering images from the FERMI data
with a radius of 450 nm for illustrating the high quality of the scattering images.

Concluding, the results obtained at the FERMI FEL indicate that the decrease in detector signal is
not restricted to the experiments in our lab at the MBI in Berlin, but always occurs for IR irradiated
helium nanodroplets that are probed by an XUV pulse around 20 eV. Furthermore, the decrease is
independent of the dopant xenon atoms as well as the ongoing collective ionization mechanism,
which was almost pure ionization ignition in the moderate IR configuration in this thesis but most
probably a combination of ionization ignition and doped ignition in the FERMI data.

Finally, the FERMI-data proves invaluable for the validation of the proposed model in the next
section, as it contains scattering images where the nanodroplets were probed with an off-resonance
XUV pulse at 19.4 eV and an on-resonance XUV pulse at 21.5 eV.
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6.3 Physical model to explain the observations

6.3.1 A classical analysis

This section serves two purposes: to provide a classical9 model where it is applicable and to show
where such a model is not applicable. A classical model can be employed to explain the averaged
ion TOF spectra in figure 6.2 and to explain the observation in section 6.2.2 that for negative delays
between ´40 to ´150 fs, the scattering images appeared brighter than compared to their positive
counterpart between 60 to 150 fs.

However, to the best of our knowledge, no classical model is able explain that the scattering images
were darker for delays between ´40 to 50 fs and that the occurrence and brightness of airy patterns
were noticeably reduced for delays between ´40 to 50 fs. After this section, an interim conclusion is
given that serves as a crossover between the classical models given in this section and the derivation
of the quantum-mechanical model that has been developed for this thesis and is used for explaining
the decrease in observed detector signal 10.

We start the discussion with the averaged static ion traces in figure 6.1. There, the direct comparison
between the IRModerate and IRIntense

11 ion traces, shows that the ion yield is drastically reduced
using the moderate IR configuration. Only little amounts of He1+ fragments are detected and
almost no He2+. In chapter 5, the employed physical model to explain the IRIntense ion trace was
a combination of the ionization ignition model by Rose-Petruck, Schafer, Wilson and Barty (1997)
and the doped ignition model by Mikaberidze, Saalmann and Rost (2009). However, here, there is
almost no ionization to explain so the conclusion is that both mechanisms are not present using the
moderate IR configuration in this chapter12.

Now, the averaged ion traces in the dynamic regime are shown as a waterfall plot in figure 6.2,
where the x-axis shows the relative time-of-flight, the y-axis shows the delay between the XUV and
the IR pulse, and the z-axis is the signal intensity. Furthermore, the solid orange line in the right
inset-axis shows the integrated ion yield where the maximum integrated intensity was normalized
to match the maximum in the TOF traces.

The integrated ion yield plateaus at a low intensity for delays between 150 to 50 fs and then increases
linearly up until ´40 to ´50 fs, where it plateaus again but at a much higher intensity.

The physical setting here is identical to the one in section 5.3.2, with the only difference of using
a less intense IR pulse. The physical model in section 5.3.2 that was used to explain why the ion
yield increased when the IR and the XUV pulse overlapped was that of an ionization avalanching
(Schütte et al., 2016). The preceding - or overlapping - XUV pulse ionizes the helium atoms via
SPI, and, thereby, providing so-called seed electrons. The succeeding - or overlapping - IR pulse can
then interact with the seed electrons and drives the built-up of a nanoplasma via collision mediated
inverse bremsstrahlung (IBS) heating.

9In a sense that light-matter interaction is fully defined by Maxwell’s equations
10The conceptual idea in this section to use atomistic time-dependent Schrödinger equation (TDSE) calculations of the

strong-field response of helium in combination with a macroscopic mean-field model and Mie scattering theory to reproduce
diffraction images of an irradiated target on the nm scale was conceived jointly by Daniela Rupp, Thomas Fennel, and Marc
J.J. Vrakking. The TDSE simulations were provided by Marc J.J. Vrakking. Initial calculations on the approximate refractive
index of the mean-field medium were jointly carried out by Thomas Fennel, Björn Kruse, and myself. The final calculations
on the refractive index as well as subsequent Mie theory calculations were carried out by myself. Based on this model and
these calculations, the analysis was researched and carried out by myself. See also section 6.20.

11The IRIntense ion TOF trace from the intense IR configuration in chapter 5 is added here for comparison reasons
12IR laser intensity of « 9 ˆ 1012 W cm´2, which results in Keldysh parameters for helium: γ = 3.8 and xenon: γ = 2.7
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This model explains, why almost no ionization is observed in figure 6.2 for when the IR pulse
succeeds the XUV pulse (150 to 50 fs), why the ionization then increases the more the XUV pulse is
shifted towards preceding the IR pulse (50 to ´50 fs), and why the ion yield plateaus when the XUV
pulse is fully succeeding the IR pulse and not overlapping anymore (´50 to ´150 fs).

Now, the question arises if the increased ion yield in the TOF traces is linked to the decrease in
detector signal that is observed for delays between 70 to ´40 fs. Figure 6.4 shows for this reason
the integrated ion signal alongside the integrated detector signal. From figure 6.4 the following
deductions can be made:

1. For delays between 70 to 40 fs, there is only a negligible amount of helium ion signal. However,
the decrease in the detector signal is already present.

2. The drastic increase in the helium ion signal is starting at 40 fs, but the decrease in recorded
detector signal is not showing any trend change between 40 to ´40 fs, suggesting that these
two effects are entirely independent of each other.

These two observation and recalling that the effect of the increased ion yield on the detector signal in
section 5.3 was a strong isotropic fluorescence background, see figure 5.6, imply that the ionization
dynamic that is responsible for producing the observed ion fragments in figure 6.2 is independent
of the observed decrease in detector signal in figure 6.4.

Furthermore, the detector signal in figure 6.4, as well as the detected number of maxima in the
diffraction patterns (blue scatter points in figure 6.5) is only temporarily decreased when the IR
and XUV temporally and spatially overlap. If the degree of ionization within the nanodroplets
would be large enough to start a fragmentation process of the nanodroplets then there should not
be such a recovery of the detector signal and the number of found maxima. Meaning, the fact that
the scattering images appear almost identical for delays between ´50 to ´150 fs, where ionization is
strongest, to the ones at delays between 150 to 50 fs, implies that ionization is only very weak in the
nanodroplets.

However, this means that the classical model that is able to explain the TOF traces cannot be linked
to the temporal decrease in detector signal. The ultrafast and temporal character of the decrease
suggests that the overlap between the IR and the XUV pulse may be responsible. This in return
suggest that when the XUV photons are scattered differently off the nanodroplet when the IR pulse
is overlapping, then an electronic effect is the simplest explanation for the observed decrease in
detector signal.

In theory, if we would image a single atom, a change in the interaction between light and an atom in
the presence of a strong electric field would be expected. Such a change as a result of a static external
field is known as Stark effect (Epstein, 1926; Schrödinger, 1926; Stark, 1914). Here, an oscillating
external field is used, where the direct equivalent is called the AC Stark effect or Autler-Townes
effect (ATE) (Autler and Townes, 1955; Cohen-Tannoudji, 1996).

AC Stark effects in macroscopic bodies and in the non-resonant case have been described in the
semiconductor literature and are known there as the dynamical Franz-Keldysh effect (DFKE) (Jauho
and Johnsen, 1996; Lucchini et al., 2016, 2020; Novelli, Fausti, Giusti, Parmigiani and Hoffmann,
2013; Otobe, 2017; Otobe, Shinohara, Sato and Yabana, 2016). However, to the best of our knowledge,
such an effect has never been observed in isolated nanoparticles in a CDI experiment.

From here on, this thesis operates under the assumption that a macroscopic variant of the atomistic
AC Stark effect is the most likely candidate for explaining the observed decrease in detector signal
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in figure 6.4 as well as the structural changes described in section 6.2.2. Therefore, from section
6.3.3 onward, a model is developed that is solely based on this assumption, and with which the
experimental observations are then attempted to be recreated in a qualitative way.

However, one observation in figure 6.4 is left that can be explained using the classical model of an
ionization avalanching. Already introduced in section 6.2.2, was the observation that for negative
delays between ´40 to ´150 fs, the scattering images appear brighter than compared to their positive
counterpart between 60 to 150 fs. This observation was reflected in the detector signal in figure 6.4
as for negative delays between ´40 to ´150 fs the detector signal is almost 30 % larger than the XUV
only detector signal, which is not the case for the positive delays between 60 to 150 fs.

The next subsection addresses this observation.

Increased detector signal for negative delays

This section tries to explain why for negative delays between ´40 to ´150 fs the scattering images
appear brighter than compared to their positive counterpart between 60 to 150 fs.

We start with the discussion of the integrated ion signal from the right panel in figure 6.2, as well as
the solid orange line in figure 6.4. There, a clear distinction in ion yield can be observed for delays
between ´40 to ´150 fs and for delays between 60 to 150 fs. At positive delays, almost no ions
were observed, while at negative delays the ion yield is maximal. The physical model to explain
this observation was that of an ionization avalanching (Schütte et al., 2016, 2014), where a preceding
XUV pulse singly ionizes helium atoms via SPI, the so-elevated electrons are still trapped inside
the nanodroplet13 can act as seed electrons. The succeeding IR pulse can then interact with these
quasifree electrons and drives the built-up of a nanoplasma via collision mediated IBS heating.

For example, for delay 0 fs the XUV and IR pulse overlapping temporally. The quasifree electrons
that are elevated by the XUV pulse can in this example not interact with the IR pulse for the full
pulse duration as their parent atom was ionized at some point where the IR pulse was already
present. Therefore, the subsequent nanoplasma built-up cannot take place for the full duration of
the IR pulse. At a delay of ´100 fs, the XUV pulse has created all seed electrons it could, and only
after that14, the IR pulse is arriving at the nanodroplet and can now interact with all seed electrons
for the full duration of its pulse length. For this reason the ion signal is maximal at very negative
delays, linearly increasing during 60 to ´50 fs and negligible for very positive delays. For very
positive delays the IR is arriving first at the nanodroplet and is too weak to effectively ionize the
nanodroplet.

In the recorded diffraction images from last section, using the intense IR configuration, it was
observed that fluorescent light was supplanting entirely the scattered light when both pulses
temporally overlapped, see figure 5.6. The most likely source for the fluorescence on the scattering
detector was identified to be due to the electron impact ionization (EII) chain that took place as a
result of the three introduced ionization ignition mechanisms (Mikaberidze et al., 2009; Rose-Petruck
et al., 1997; Schütte et al., 2016), see also section 5.3.2.

In the given experimental context with the moderate IR configuration the same assumption can be
made. Where there is stronger ionization, there is stronger fluorescence.

13The state of electrons in a nanoparticles that are separated from their parent atoms but are still trapped within the
nanoparticles is called quasifree

14And given that the re-combination/relaxation time is lower than the delay between both pulses
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Figure 6.8: Shown is the temporal evolution of the averaged integrated detector signal using three different
masks, this is the same calculation as in figure 6.4 but after applying spatial masks (d - f). The first mask
corresponds to a minimal scattering angle of 27.3° (d), the second only allows for angles between 9.1 to 27.3°
(e), and the third one has a max scattering angle of 9.1° (f). The integrated detector signal in a) to c) share the
same x-axis and legend; therefore, they are only shown in one plot. See text for an explanation on these plots.

Since the scattered light in our experiment is forward-directed-scattering, but fluorescence is
isotropic, it can be assumed that the diffraction images can be dissected into multiple radial areas
in which either the detector signal is dominant (smaller scattering angles) or the fluorescence is
dominant (larger scattering angles). Figure 6.8 shows this dissection, accompanied by each a re-
calculation of figure 6.4 for when, instead of the full diffraction image, only the area within the
corresponding mask is used for integrating. The three masks are shown in d) to f) and correspond to
scattering angles of > 27.3°, 9.1 to 27.3° , and < 9.1°. The temporal evolution of their detector signals
is shown in a) to c), where the legend is only drawn in a), but applies to b) and c) as well. a) to c)
share the same x-axis, which is omitted in a) and b). As in figure 6.4, the y-axis is normalized to the
XUV only signal, which was also recalculated using the respective mask.

Large scattering angles: > 27.3°: The mask shown in d) is the outermost region on the scattering
detector and the idea is that should contain only little amounts of scattered light and large amounts
of fluorescent light.
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In Figure 6.8 a) ,the decrease in detector signal between 70 to ´40 fs is almost absent and the increase
in intensity for very negative delays between ´40 to ´150 fs compared to their positive counterpart
at 70 to 150 fs is much more pronounced, showing an increase in signal strength by 50 to 70 %,
compared to 20 to 40 % in figure 6.4.

The calculated detector signal using this mask shows a strong correlation with the ion signal from
figure 6.4. Assuming that fluorescence is stronger when ionization is stronger, this correlation is
corroborating the assumption that at these scattering angles most of the recorded light origins from
fluorescence and not XUV scattering.

In-between scattering angles: 9.1 to 27.3°: The in-between scattering angles (detector signal plot b
and mask e) show a good agreement with figure 6.4, where the full diffraction image was integrated.
It it assumed that at these scattering angles, the forward-scattered CDI light is still augmented by
fluorescent light and not yet the dominant contribution.

Small scattering angles: < 9.1°: In figure 6.8 c) the overall decrease in XUV detector signal is
symmetrical, beginning at 50 to 70 fs and ending at ´50 to ´70 fs, which is a span of at around 100 fs,
which is longer then we estimate that an overlap between both pulses can last. The observation of
this large span discloses that our estimates on the used XUV and IR pulse lengths, as described in
section 3.3, are probably an underestimation. This will be discussed in more detail in section 6.3.11.

If the assumption holds that mostly scattered light is recorded at these scattering angles, then figure
6.8 c) shows the symmetrical and adiabatic character of the decrease in detector signal. Meaning,
it does not matter if the IR pulse is leading or the XUV pulse: The change in refractive properties
during overlap of both pulses is completely restored after the overlap is finished.

Then, this dissection of the detector signal into its symmetrical and adiabatic form further corrob-
orates the assumption that an electronic effect can be made responsible for explaining the data.
As, intuitively, this is what would be expected if the AC Stark shift is conceptually at the core of a
macroscopic model that seeks to recreate this experimental observation.

Concluding, in this section the assumption was made that the increased detector signal at negative
delays originates from fluorescent light that was emitted as result of an EII chain in the nanodroplet.
As the employed model that was used to explain the ionization dynamic is relying on a preceding
XUV pulse, ionization is absent for very positive delays and maximal for very negative ones. Under
this assumption the recorded scattering images were dissected into three areas, whereas each
area corresponded to a range of scattering angles. The idea was that fluorescent light would be
predominantly captured at the outer scattering angles and scattered light would be predominantly
captured at the inner scattering angles. This is because fluorescence is an isotropic process whereas
the scattering of XUV light off a nanoparticles is mostly forward directed.

The analysis found that for the largest scattering angles, the decrease in detector signal during pulse
overlap almost vanishes, resulting in a curve that shares a strong correlation with the recorded ion
signal. This correlation can be interpreted as corroborating the assumption that there is a strong
fluorescent contribution laid on top of the scattering images but only for negative delays as only
there is a strong enough ionization dynamic taking place.

In return, this means that the symmetrical character of the decrease in detector signal, that was
isolated using only the smallest scattering angles, is most likely the corrected detector signal
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our physical model should attempt to recreate. However, before deriving this model, an interim
conclusion is given in the next section.

6.3.2 First interim conclusion

The moderate IR pulse configuration provided access for recording diffraction images at ultra-short
delays between ´150 to 150 fs. While the ion TOF spectra showed in the static case only very little
ion fragments, the dynamic case showed that the ion yield is strongly dependent on the delay
between both pulses. The physical model that was employed to explain these observations was that
of an ionization avalanching (Schütte et al., 2016), which can predict the strong dependence on the
delay between both pulses.

Furthermore, multiple new effects were visible in the recorded scattering images. The scattering
images were overall darker for delays between ´40 to 60 fs and containing much less structural
information, while the diffraction images that still were exhibiting structural information appeared
to belong to larger nanodroplets. For negative delays between ´40 to ´150 fs, the scattering images
appeared to be brighter than compared to their positive counterpart between 60 to 150 fs.

While the latter could be traced back to fluorescent light that augmented the detector signal for
delays between ´40 to ´150 fs, the two former effects could not be explained by a classical model.

The assumption in this thesis is that an AC Stark like electronic effect changes temporarily the
refractive properties of the nanodroplet and is responsible for the observed changes in the diffraction
images.

The basis for this assumption is:

1. The ongoing ionization process that was visible via recorded TOF spectra appeared to leave
no trace in the detector signal, except for adding fluorescence to the diffraction images the
more negative the delay gets.

2. When correcting for the fluorescent contribution in the scattering images, the decrease in
detector signal is symmetrical w.r.t. the time delay, implying an adiabatic process. Such a
symmetrical and adiabatic process plays into the intuition of an electronic effect, as a physical
model whose light-matter interaction is modeled in spirit of the atomic AC Stark shift would
predict a symmetrical process. There are such models available for macroscopic bodies. The
most prominent one can be found in the semiconductor literature for the off-resonance regime
and is known there as the dynamical Franz-Keldysh effect (DFKE) (Jauho and Johnsen, 1996;
Lucchini et al., 2016, 2020; Novelli et al., 2013; Otobe, 2017; Otobe et al., 2016).

3. The structural changes, described in section 6.2.2, also reflect this symmetrical character, as the
number of observed maxima within the diffraction patterns is only decreased during overlap
of both pulses. This means the nanodroplets appear intact at very positive delays and at very
negative delays. If ionization within the nanodroplet would be of significance, then traces of a
fragmentation dynamic should be observable in the diffraction images. As this is not the case,
a transient electronic effect seems likely.

Furthermore, data from an experiment on xenon doped and pure helium nanodroplets conducted
at the LDM beamline (Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI FEL (Allaria et al.,
2012) support the observations from this section. There, a decrease in detector signal is distinctly
visible for nanodroplets irradiated by an IR pulse with central wavelength of 785 nm at an intensity
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of 8 ˆ 1013 W cm´2 and probed by an XUV pulse tuned to 19.4 eV as well as 21.5 eV. This implies
that the decrease in detector signal can be observed on- and off-resonance15.

The change in refractive properties during the overlap of both pulses is the primary experimental
finding of this thesis, and to the best of our knowledge, this is the first time that such an ultrafast
nonlinear electronic effect was captured in a CDI experiment for isolated nanoparticles. A full
qualitative analysis and interpretation is now given in the next section.

6.3.3 A new regime for CDI

This section provides an introduction on the concepts of the employed physical model that is
used in this thesis to explain the decrease in detector signal, as described in section 6.2.2. Using
the moderate IR configuration with a pulse intensity of 9 ˆ 1012 W cm´2, scattering images at the
ultrafast pump-probe delays between ´150 to 150 fs were recorded. The recorded scattering images
for these delays showed three distinct characteristics (section 6.2.2 and figure 6.4):

1. They are overall darker for delays between ´40 to 60 fs.

2. Airy patterns are noticeably reduced between ´40 to 60 fs.

3. For negative delays between ´40 to ´150 fs, the scattering images appear to be brighter than
their positive counterparts between 60 to 150 fs.

While item three was traced back to fluorescent light that augmented the detector signal as a
consequence of an evolving EII chain, the first two items could not be explained by a classic model.
The assumption of a transient electronic effect that temporarily changes the refractive properties
was identified to be the most likely explanation for the observed changes in detector signal.

In all generality, from atomic and molecular physics this is known as Stark effect (Epstein, 1926;
Schrödinger, 1926; Stark, 1914). While the Stark effect is only applicable for static electric fields,
the equivalent for an oscillating electric laser field is called the AC Stark effect or sometimes
Autler-Townes effect (ATE) (Autler and Townes, 1955; Cohen-Tannoudji, 1996). Both are electric-
field enabled nonlinear optical higher-order processes that change the absorption, emission, and
refractive properties of atomic or molecular matter at or near resonances.

Such nonlinear light-matter interaction of an atomic system usually involves one or several virtual
states, called perturbed or dressed states, that can be populated and interact with an external field.
Nomenclature in this thesis follows the textbooks of Cohen-Tannoudji (1996); Fox (2006), where the
laser responsible for creating these dressed states is called dressing laser or dressing pulse, and the
atom exposed to the dressing laser is called a dressed atom.

For example, in Autler-Townes splitting (ATS), electrons can populate two additional dressed
states near a dipole-allowed resonance via Rabi flopping, where the energetic difference between
the dressed states and the resonance is half the Rabi frequency each (Autler and Townes, 1955;
Cohen-Tannoudji, 1996; Fox, 2006). Other nonlinear processes can effectively populate dipole-
forbidden states; a prominent example here is electromagnetically induced transparency (EIT). A
dipole-forbidden state can be coupled to a dipole-allowed state via a dressing laser tuned to the
difference in energy between both states. In this example, a probe laser, even when perfectly tuned
to the dipole-allowed state, cannot populate it. The atom is then transparent for the probe laser at
resonance, and the resonance and former bright state is then called a dark state (Brion, Pedersen

15The strongest resonance of neutral helium is 1s 2p at 21.21 eV (Kramida, Ralchenko, Reader and NIST ASD, 2019)
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and Mølmer, 2007; Burnett, Reed and Knight, 1993; Buth, Santra and Young, 2007; Chini et al., 2012;
Gaarde, Buth, Tate and Schafer, 2011; Harris, Field and Imamolu, 1990; Imamoglu and Marangos,
2005; Wu, Chen, Camp, Schafer and Gaarde, 2016), see also section 2.2.1.

For macroscopic systems, there is also precedence for strong-field effects in oscillating laser fields. A
prominent example is the non-resonant dynamical Franz-Keldysh effect (DFKE) in semiconductors
(Jauho and Johnsen, 1996; Lucchini et al., 2016, 2020; Novelli et al., 2013; Otobe, 2017; Otobe et al.,
2016), where the presence of the dressing laser substantially modifies the absorption threshold,
below and above the band-gap. This modification of the band-gap can also be described using a
dressed bands approach (Brandi, Latgé and Oliveira, 2001; Mizumoto, Kayanuma, Srivastava, Kono
and Chin, 2006; Mysyrowicz et al., 1986), wherein both descriptions the dressing laser induces a
blueshift of the absorption threshold as well as the emergence of a new absorption band below the
edge.

However, classical Mie-scattering in combination with a linear optical response from the medium
are necessary assumptions in the simulation of CDI experiments with nanoparticles on the nm
scale (Fennel et al., 2010; Kruse, Liewehr, Peltz and Fennel, 2020; Peltz and Fennel, 2011; Saalmann,
Siedschlag and Rost, 2006), see section 2.2.3. This is only for implementation reasons, as even
modern supercomputers do not have the capabilities to simulate a nanoparticle system consisting of
more than ten million atoms using a full quantum-mechanical, or even a semi-classical description
(Bart et al., 2017; Peltz and Fennel, 2011; Peltz, Varin, Brabec and Fennel, 2014; Saalmann et al., 2006),
see also section 2.3.2.

This is a problem as in the here carried out experiment, the linear scattering response assumption
does not hold, due to expected and non-negligible near-resonance and strong-field effects. Just
recently a term has been coined for CDI within this domain; Quantum coherent diffractive imaging
(QCDI) (Kruse et al., 2020), but as of writing this thesis there is no complete and self-contained way
to theoretically describe nm sized nanoparticles subject to near-resonance excitation in an IR/XUV
pump-probe multicolor experiment. While the ongoing theoretical work to tackle this problem is
promising (Kruse et al., 2020), this thesis circumvents this limitation using a different approach.

Here, concepts from effective medium theory (Choy, 2016) are employed to build a parameter-free
and simplistic model based on microscopic non-perturbative atomic TDSE calculations on helium
and the macroscopic and classical Clausius-Mossotti relation (CMR). Scattered fields of this so
constructed effective medium can then be calculated using Mie scattering theory. The result is a
consistent qualitative description that is in good agreement with the experimental observations.

First, in section 6.3.5, the time-dependent Schrödinger equation (TDSE) is solved for an isolated
helium atom irradiated by an XUV isolated attosecond pulse (IAP) while subjected to a strong IR
field to obtain the dipole response of the atom, similar in spirit to the single-atom response function
(Bækhøj, Yue and Madsen, 2015; Beck, Neumark and Leone, 2015; Bell, Beck, Mashiko, Neumark
and Leone, 2013; Chen et al., 2012; Chen, Wu, Gaarde and Schafer, 2013; Gaarde et al., 2011; Wu
et al., 2016). From the atomic dipole response, the dynamic polarizability is calculated in order to
produce an effective macroscopic medium by the Clausius-Mossotti relation (CMR), with which
artificial diffraction images are calculated using classical Mie scattering theory.

Then, in section 6.3.7, the experimental conditions are recreated using these artificial diffraction
images. An effective detector signal is calculated for the ultrafast delays between ´150 to 150 fs.
The so calculated temporal evolution of the detector signal reproduces qualitatively the observed
changes in the recorded detector signal.
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The observed structural changes within the diffraction images can also be accounted for using the
artificial diffraction images, which is discussed in section 6.3.10.

Additionally, in section 6.3.7, the simulation method allows to dissect the individual contributions
of the 13th and 15th harmonic, where for each harmonic, the response of the nanodroplets to the IR
pulse is analyzed.

Finally, since open questions remain, the applied assumptions are critically discussed in section
6.3.11, where the overall applicability of this method and the need for a full quantitative simulation,
are further asserted.

As the full derivation of the needed theoretical background and its discussions will take up a
considerable number of pages, a progress bar is put in place every time a milestone is reached. This
helps to keep an overview. The progress bar has the following form:

1 2 3 4 5

where 1 to 5 are defined as:

1 TDSE calculations for an XUV isolated attosecond pulse (IAP) in a strong IR field.

2 Calculating the dynamic polarizability.

3 Calculating an effective refractive index.

4 Calculate the XUV detector signal in a static setting.

5 Calculate the XUV detector signal for a pump-probe setting.

Every segment is either red (Not yet derived/discussed), orange (This is the current section’s goal)
or green (Already derived/discussed).

6.3.4 TDSE calculations for an XUV IAP in a strong IR field

In section 2.2.1, the TDSE was semi-classically solved for a two-level system, in which the time-
dependent transition dipole moment (d(t)), as well as the classical vector potential (A(t), see also
section 2.2.1), in Coulomb gauge, were motivated by example (Fennel, 2018; Fox, 2006).

Here, d(t) and A(t) are solved for a helium atom subjected to a 798 nm IR dressing pulse with a
pulse length of 25 fs FWHM and an XUV isolated attosecond pulse (IAP) with a central photon
energy of 25 eV. The pulse length of the XUV IAP is 330 as, and, thereby, has a spectral bandwidth
of « 5.5 eV16.

The conceptual idea is to calculate the frequency-dependent dynamic polarizability α (ω) from d(t)
and A(t), as the broad bandwidth of the XUV IAP pulse simultaneously probes the helium atom
within a spectral range covering all experimental probing wavelengths17. This way, the nonlinear
response of a dressed helium atom can be obtained in a single calculation and over a broad range of
frequencies (Appendix 1 in Astapenko, 2013; Zaremba and Persson, 1987).

16A transform limited Gaussian pulse is assumed, for which the Heisenberg time energy uncertainty becomes exact and
the energy bandwidth of a 330 as is: ∆E[eV] = heV ¨ 0.441 ¨ (0.33 ¨ 10´15)´1

1711th harmonic: 17.1 eV (73 nm), 13th harmonic: 20.2 eV (61 nm), 15th harmonic: 23.3 eV (53 nm) and 17th harmonic:
26.4 eV (47 nm)
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The approach is similar in spirit to the TDSE projection method first described in Gaarde et al. (2011)
with later experimental verifications in Bækhøj et al. (2015); Beck et al. (2015); Bell et al. (2013); Chen
et al. (2012, 2013).

The transition dipole moment is obtained from spin-free non-perturbative TDSE calculations using
the single-active-electron (SAE) 18 and dipole approximation19 , where a Hamiltonian in velocity
gauge of the form (Muller, 1999):

H =
1
2

p2 + V (r)
loooooomoooooon

Static part

+ A (t) ˆ p
loooomoooon

Interaction part

, (6.1)

where A (t) is the vector potential, V (r) is the potential energy, and p is the momentum operator.
Equation 6.1 is solved on an angular-momentum grid and in a rotating reference frame, whose
z-axis is chosen along the direction of the laser polarization. Therefore, the interaction part of the
Hamiltonian is only in z-axis non-zero and can be written as (Muller, 1999):

A (t) pz = ´iA (t)
(︃

cos (ϑ)
B

Br
´

sin (ϑ)

r
B

Bϑ

)︃
. (6.2)

This choice of reference frame also results in a radial wavefunction:

Ψ (r, ϑ, ϕ, t) =
L
ÿ

l=0

L
ÿ

m=´L

ψlm (r, t)Ym
l (ϑ, ϕ) , (6.3)

where l and m are the angular-momentum quantum numbers, and Y are the Laplace spherical
harmonic functions without the Condon-Shortley phase, as is common in quantum-mechanics (see
page 33 in Fox, 2006). A full description of the TDSE solver is given in Muller (1999); Nandor,
Walker, Van Woerkom and Muller (1999) as well as for an updated version in Patchkovskii and
Muller (2016).

Due to the SAE approximation, a one-electron pseudopotential is used that reduces the computation
of the multi-electron potential to one for a single electron in an effective potential with the ground
state modeled as the desired multi-electron excited state (see section 2.2.1 in Kulander and Rescigno,
1991; Plaja, Torres and Zaïr, 2013):

V (r) =
ÿ

l

Vl (r) |lyxl| ´
1
r

. (6.4)

Vl (r) is a short-range potential depending on the electron’s angular momentum and the radial
distance.

18The time-dependent single-active-electron (SAE) approximation assumes that only a single electron interacts with the
external field. The remaining atomic electrons are modeled in a mean-field approach. Therefore, it assumes that strong-field
enabled MPI occurs only to one electron at a time within the mean-field of the remaining unexcited electrons. This is a
reasonable assumption for noble gases in IR or near-infrared (NIR) laser pulses as in these cases, single-electron sequential
MPI is the dominant mechanism (Kulander and Rescigno, 1991; Schafer, Yang, Dimauro and Kulander, 1993). The SAE
approximation has been validated for a scenario close to the one here, were an accurate description of the AC Stark shifted
resonances in helium subjected to IR field intensities up to 1 ˆ 1014 W cm´2 were compared to experimental data (Perry,
Szoke and Kulander, 1989)

19The dipole approximation inherently neglects the spatial variation of the electromagnetic field over the simulation target,
and is valid for when the irradiation wavelength is much larger than the target’s dimensions (see, for example, page 367
Sakurai and Napolitano, 2017).
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From these calculations, the time-dependent dipole moment in the SAE approximation is obtained
via:

dsae(t) = xΨi|(qr)|Ψjy = q
ż

Ψ˚
i (r, t) r Ψj(r, t) d3r. (6.5)

A (t) is defined as a cosine with Gaussian envelope:

A (t) =
1

2T
exp

(︄
´

1
2

(︃
t ´ tp

T

)︃2
)︄

cos
(︁
ω
(︁
t ´ tp

)︁)︁
, (6.6)

where ω is the angular frequency of the pulse, T is the length of the Gaussian envelope and is
connected to the FWHM via T = 2

a

2 ln (2) and tp is the time of the center of the pulse. Please note,
that for subsequent calculations A f ull(t) = Air(t) + Axuv(t) is used and is the sum of the XUV and
the IR pulse.

80 simulations were carried out with an increasing IR field strength up to 2.57 ˆ 1010 V m´1 and
a step size of 3.21 ˆ 108 V m´1. The field strength and field intensity are related via equation 2.69,
which yields a maximum intensity of 8.77 ˆ 1013 W cm´2 (this equals the IR pulse intensity used in
the FERMI experiments presented in section 6.2.3). The XUV pulse intensity is set to 1.44 Œ 1010 W
cm2, and the time step size is 5.33 Œ 103 fs with a simulation length of 533 fs, which sets the time
resolution at 10.66 as5. The XUV pulse was held spatially constant in the center of the IR pulse for
all simulations 20.

Furthermore, a filter function is applied on A f ull(t) and dsae(t) to mimic an effective time scale for
the decay of the dipole. This measure was taken, because in the SAE approximation relaxation of
the active electron is disregarded, as it would make interaction with the implicitly modeled core
necessary (Awasthi, Vanne, Saenz, Castro and Decleva, 2008; Kulander and Rescigno, 1991; Schafer
et al., 1993).

In theory, such a filter need only be applied on dsae(t), but in practice applying it on A f ull(t) and
dsae(t) reduced side-peaks and artificial structures in the Fourier spectrum of further calculations.
The appliance of the filter on both signals is without loss of physical interpretability and was verified
in Bækhøj et al. (2015); Beck et al. (2015); Bell et al. (2013); Chen et al. (2012, 2013); Wu et al. (2016).

A Hann window is used as filter function, which has the form (Gaarde et al., 2011; Hann and de
Courcy Ward, 1903; Yuan et al., 2019):

w(t) =
1
2

(︃
1 ´ cos

(︃
2πt

τ ´ 1

)︃)︃
, 0 ď t ď τ ´ 1 (6.7)

where τ is the width of the window and is set to 7.94 fs in all simulations here. The choice of τ

defines the linewidth of the transitions, and in this thesis, it is adjusted by subsequently calculated
β-values in the refractive index who are brought to match with reference values for liquid helium
nanodroplets (Lucas et al., 1983). The choice of τ is further discussed in section 6.3.6.

20The TDSE simulations were provided by Marc J.J. Vrakking, see also section 1.3 on all contributions by all involved
researchers for the work in this thesis.
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6.3.5 The dynamic polarizability

As the first step to link the atomic transition dipole moment from the last sections TDSE calculations
to a macroscopical parameter like the refractive index, a frequency-dependent atomic response has
to be introduced. Here, the dynamic polarizability (α) serves this purpose, as it is the conceptual
idea, that the response of an atomic dipole to an external field can be directly related to each other.
In the most formal description, α is a second-order tensor, namely αij, where i, j are the components
of the tensor. Here, however, the assumed spherical symmetry reduces αij to a scalar. In the section
that follows this one, α is then used to calculate an effective medium (Choy, 2016) whose response to
the irradiation is described by a refractive index.

For deriving α, the interaction of an atom with a weak external electric field is considered in a
classical picture, where it can be described by a set of driven harmonic oscillators called transition
oscillators or Lorentz oscillators. The eigenfrequencies of these transition oscillators are equal to
the atomic transition frequencies. The displacement of the transition oscillators can describe the
atomic response to a static external electric field compared to their equilibrium position. Therefore,
the following ordinary differential equation (ODE) has to be solved:

B2
t sn (t) + ζnBtsn (t) + ωnsn (t) =

e
m

fnE, (6.8)

where ζn, ωn and fn are the damping constant, eigenfrequency, and oscillator strength of the nth
transition oscillator in equilibrium position and sn (t) is the time-dependent deviation from this
position. E is the external and static electric field.

Equation 6.8 yields the text-book oscillator solution (see, for example, section 8.1 in Als-Nielsen and
McMorrow, 2011). However, we are only interested in the frequency-dependent steady-state part
and neglect the decaying transient part, as, conceptually, the dynamic polarizability is only in this
case defined. Therefore, after Fourier transformation, the solution to equation 6.8 becomes

srn (ω) =
e
m

fn

ω2
n ´ ω2 ´ iωζn

Er (ω) , (6.9)

where srn (ω) denotes the Fourier transform of sn (t). Equation 6.9 can be related to the dipole
moments principal equation, to obtain α:

dr (ω) = e
ÿ

n
srn (ω) =

e2

m

ÿ

n

fn

ω2
n ´ ω2 ´ iωζn

Er (ω) , (6.10)

and since α is per definition the response of a dipole to an electric field, its most fundamental defini-
tion is directly given by the ratio of the dipole moment and the external electric field (Astapenko,
2013; Bohren and Huffman, 1998):

α (ω) =
dr (ω)

Er (ω)
=

e2

m

ÿ

n

fn

ω2
n ´ ω2 ´ iωζn

=
e2

m

ÿ

n

fn

Ωn(ω)
, (6.11)

where ωn = ω2
n ´ ω2 ´ iωζn. Equation 6.11 produces the well-known Lorentz distribution around

the resonances at ωn that adequately describes homogeneous broadening of the spectral transition
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lines in atoms (see, for example, chapter 8 in Als-Nielsen and McMorrow, 2011)21.

In this picture, α (ω) connects the atomic dipole response to the external field. α is inherently defined
by the used physical model and can be derived by any model that is expressive enough to connect
the change in dipole moment - or polarizability - of a system to an external field. Values of α are
routinely deduced, for example, from models like the free electron model for a metallic solid (Purcell,
1965; Sommerfeld, 1928) or the jellium model for a metallic nanoparticle (de Heer, 1993).

Equation 6.11 allows to motivate that the imaginary part of α (ω) is proportional to the damping
constants of the transition oscillators (ζn), and thereby to the absorption of light from the atom, a
connection that is used in the following subsection to discuss several results obtained with the here
carried out calculations.

A shortcoming of the classical model in equation 6.11 is that the oscillator strengths are not ad-
equately defined and are merely a fitting parameter that cannot be directly calculated (see, for
example, A.1 in Novotny and Hecht, 2006). However, an analog quantum-mechanical calculation in
the steady-state case for weak external fields and dipole approximation yields the same solution
(equation A.26 in Novotny and Hecht, 2006). There, the oscillator strengths are of the form:

fn =
2mωn

e2h̄
µ1nµn1, (6.13)

where µij is the transition dipole moment for the transition from state i to state j. This highlights
that α (ω) directly describes the change in probability for a transition, which can be translated as
the change in momentum - as well as energy - for a system under the influence of an electric field.

α (ω) can, therefore, also be defined as a second-order correction term in perturbation theory, where
the dipole operator p determines α (ω) for transitions from the ground state to all unperturbed
states m [see equation 6 in chapter 1 in Maroulis (2006), as well as section 2.4 in Bonin and Kresin
(1997)]:

α(ω) =
2
3

ÿ

m‰0

(Em ´ E0)

(Em ´ E0)
2

´ ω2
|x0|r|my|

2 . (6.14)

In the limiting static case, this interpretation relates α(0) directly to the second-order Stark energy
correction [see equation 33.8 in Schiff (1991), as well as section 2.6 in Bonin and Kresin (1997)]:

∆EC = ´
1
2

αE2, (6.15)

which is the quadratic Stark term, described in detail in section 2.2.1.

The classical definition for α (ω) in equation 6.11 with the quantum-mechanical addition in equation
6.13 as well as the definition in perturbation theory in equation 6.14 with the static border case in
equation 6.15 highlight for and foremost the fact that the dynamical polarizability is a fundamental
concept which acts as a measure for the energetic shift or momentum shift in particles subjected

21This enables to check the integrity of the calculations for α(ω) with the Thomas-Reiche-Kuhn sum rule (TRK), which
states:

ÿ

n
fn

!
= 1 !

=
m
e2

ÿ

n
Ωn(ω)Im

␣

α(ω)
(

. (6.12)

Interpretation of the TRK is that it represents the first moment - the mean - of the electric-dipole strength distribution
(Olszewski, 1998), meaning the sum of all probabilities for absorption or emission to all dipole-allowed states must be 1.
Equation 6.12 yields for the here calculated α(ω) in the unperturbed case and integrating up to h̄ω = 30 eV a value of 0.84,
which is within the numerical deviations observed in simulations elsewhere (Lucas et al., 1983).
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Figure 6.9: The frequency-dependent XUV absorption cross-section for helium between 20 to 25 eV for increas-
ing IR pulse intensities is shown. These spectra correspond to a situation in which the broadband XUV IAP is
temporally located in the center of the IR pulse. The 13th and 15th harmonic of the 798 nm driving laser are
denoted by solid blue and red lines. Dipole allowed 1s np transitions are indicated by dashed green lines, while
dipole forbidden transitions are plotted with black dashed lines. The emerging LIS22 structure is indicated by a
purple dashed line. See text for further explanations. The energies for these transitions are from Kramida et al.
(2019) and represent only the unperturbed states. With increasing IR pulse intensity, all states experience an
intensity dependent Stark shift (Bækhøj et al., 2015; Beck et al., 2015; Bell et al., 2013; Chen et al., 2012, 2013; Wu
et al., 2016; Yuan et al., 2019).

to an electric field. As such, it is model-agnostic and merely acts as a bridge to connect a system’s
response to an electric field.

In there here carried out calculations, α (ω) enables the use of effective medium theory, as it connects
the quantum-mechanical dipole response of the helium atom of the last section to the classical
construction of an effective medium that behaves like an ensemble of quantum-atoms, in the next
section.

However, before this thesis turns towards the construction of this effective medium, the connection
mentioned above between the light absorption of an irradiated atom and the imaginary part of α (ω)

is used in the following subsection to validate the TDSE calculations of the last section with results
from attosecond transient absorption (ATA) experiments using an XUV IAP on dressed helium
atoms. This validation represents a detour from the derivation of the refractive index in the effective
medium, but it is crucial to highlight and discuss several essential characteristics found in the here
carried out simulations. The derivation of the refractive index is then continued in section 6.3.6.
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The frequency-dependent absorption cross-section

In order to understand the results obtained from calculating α(ω) with the introduced method, we
now compare results from attosecond transient absorption (ATA) experiments on helium atoms
with the calculations of the frequency-dependent absorption cross-section (σabs(ω)) based on α(ω)

(Bækhøj et al., 2015; Beck et al., 2015; Bell et al., 2013; Chen et al., 2012, 2013; Yuan et al., 2019). This
is done done to verify the calculations of α(ω) and to explain the most important nonlinear effects
that are expected to appear in the here calculated spectra.

In the section that follows this one, α(ω) is then used with the CMR. Using the CMR, an effective
refractive index can be calculated that is subsequently used for calculating scattering images via
Mie theory, which finally can be compared to the ones recorded in section 6.2.2.

The frequency-dependent absorption cross-section (σabs(ω)) can be derived as (Beck et al., 2015;
Fennel, 2018; Gaarde et al., 2011; Wu et al., 2016):

σabs(ω) = 2
dr(ω)

ϵ0c
Im tα(ω)u (6.16)

where dr(ω) denotes the Fourier transform of the dipole moment d(t). The factor 2 appears here as a
consequence of the SAE approximation that was used when solving the TDSE. As a helium atom
has 2 electrons, the dipole response from the TDSE calculations needs to be doubled (Gaarde et al.,
2011; Yuan et al., 2019).

Figure 6.9 shows this frequency-dependent absorption cross-section calculated with equation 6.16
for various IR pulse intensities. The IR pulse intensity is plotted along the z-axis, where the front
row shows the unperturbed absorption spectrum. These spectra correspond to a 0 fs delay, in which
the broadband XUV IAP is located in the center of the IR pulse. The figure shows the XUV region
around 20 to 25 eV, where the energies of the 13th and the 15th harmonic of the 798 nm driving
laser are shown in solid red and blue lines. The dipole allowed unperturbed 1s np transitions for
helium are indicated by dashed green lines, where the unperturbed dipole forbidden transitions are
shown in dashed black lines. The emerging LIS22 structure is indicated by a purple dashed line and
is explained shortly hereafter.

At an IR pulse intensity of zero, figure 6.9 shows the classically expected unperturbed absorption at
the dipole allowed 1s np states. It should be noted that absorption in the here shown calculations is
intentionally very broad compared to calculations elsewhere (Bækhøj et al., 2015; Beck et al., 2015;
Bell et al., 2013; Chen et al., 2012, 2013; Yuan et al., 2019). The granularity of the calculation - the
linewidth of the transitions - can be directly adjusted 22 by choosing τ in the window function which
is applied to the dipole and vector potential output of the TDSE calculations (See equation 6.7).
Here a relatively small value of 7.94 fs for τ was chosen so that β in the refractive index mimics the
reference values for liquid helium nanodroplets, discussed in next section. The idea by adapting τ

is to account for macroscopic effects like collisional broadening and dephasing effects (Bækhøj et al.,
2015; Beck et al., 2015; Bell et al., 2013; Chen et al., 2012, 2013; Wu et al., 2016; Yuan et al., 2019).

At higher IR pulse intensities, various features appear or are shifted. Most notably is the red-shift of
the 1s 2p state as well as the appearance of a feature around « 22 eV, which also blue-shifts with
increasing IR pulse intensity. This feature at 22 eV was identified in ATA experiments on atomic

22Theoretically up to the Fourier limit. Here: 7.7 meV
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Figure 6.10: Schematic of the light-induced structure
(LIS) mechanism. A broad band XUV IAP simultane-
ously excites a spectral region in which the ground state
of a dressed helium atom is coupled to dipole forbidden
1s nts, du via Rabi flopping from the neighboring 1s 2p
state. Populating the dipole forbidden states is done
via an intermediate state one IR photon above or below
the s and d states. These intermediate states are called
light-induced structures (LISs). LISs can, therefore, be
thought of as the intermediate state in Raman-like two-
photon transitions (Bækhøj et al., 2015; Beck et al., 2015;
Bell et al., 2013; Chen et al., 2012, 2013). Please note,
that this schematic ignores the IR intensity dependence
of the final energetic positions of the LIS, as described
and observed by Bell et al. (2013). In this schematic
the positions of the 1snts, p, du states are fixed, which
is a simplification. In a proper theoretical treatment
(Bækhøj et al., 2015; Beck et al., 2015; Chen et al., 2012,
2013), as well as in observations (Bell et al., 2013), these
states are dressed and, thereby, AC Stark shifted, see
section 2.2.1 and figure 2.3. Image is taken from Wu et
al. (2016).

helium as a light-induced structure (LIS) (Bækhøj et al., 2015; Beck et al., 2015; Bell et al., 2013; Chen
et al., 2012, 2013; Yuan et al., 2019) and is termed LIS22 here.

Figure 6.10 shows the schematic for the LIS mechanism: Rabi flopping between dipole-forbidden
1s nts, du states and dipole allowed 1s np states effectively couples the 1s2 ground state to a 1s nts, du
state. Population transfer to the 1s nts, du states is realized via intermediate states that are one IR
photon above or below the 1s nts, du states. These intermediate states are referred to as LIS. LISs,
therefore, can be interpreted as the intermediate states in a Raman-like two photon process, exploited
in Raman spectroscopy (Beck et al., 2015; Chen et al., 2012; Kukura, McCamant and Mathies, 2007).
There, typically a very long and spectrally thin Raman pulse and a short and spectrally broad probe
pulse are used to observe vibrational states in molecules, where the energetic difference between
both pulses is tuned to the expected resonance of the vibrational state. The molecule produces in
this two-photon interaction upon transitioning to the vibrational state an unobservable intermediate
state (Griffiths and De Haseth, 2006; Kukura et al., 2007), which is the equivalent of the here observed
LIS.

However, the LIS mechanism has been interpreted using various formalisms such as perturbation
theory (Bell et al., 2013), the Floquet solutions to the TDSE (Wu et al., 2016) as well as as a combination
of a two-photon transition and the AC Stark effect with a large detuning (Chen et al., 2012, 2013;
Wu et al., 2016). The latter can be most easily understood in terms of the LIS+2s at 22.17 eV23, which
stems from an excitation one IR photon above the 1s 2s state.

Recalling figure 2.3, in the presence of an oscillating external field that couples two states, the
unperturbed eigenenergies of these states are no longer valid solutions to the full Hamiltonian of the
system but are merely the asymptotical energies of the new dressed states for very large detunings.

Now, to explain the LIS+2s and using the nomenclature of figure 2.3: 1s 2s, 1s 2p and the LIS+2s

can be identified as |a|Ny, |b|Ny and |a|N + 1y, where the new dressed states may still be labeled
|1(N)y and |2(N)y. Furthermore, 1s 2p is called the bright state and 1s 2s the dark state and N is the
number of photons needed for the respective state. In general, the difference in frequency between

23Nomenclature is that a negative sign in the subscript mean the LIS sits one IR photon below the s or d state, and a
positive sign means the LIS is one IR photon above the s or d state.
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|1(N)y and |2(N)y is defined by the generalized Rabi frequency Ω via the detuning δ and the Rabi
frequency Ω1, see equation 2.16.

For a perfectly tuned external field (δ = 0), the AC Stark effect produces ATS with a symmetry of
the two new dressed states at frequencies ˘Ω1/2 above and below the former bright state.

For large detunings24, |1(N)y and |2(N)y will asymptotically converge to the frequency of the 1s 2p
and the LIS+2s state. Then, Ω is dominated by δ and the observable effects of the AC Stark effect
are non-discernible from a two-photon transition, where one state appears at the frequencies of the
1s 2p and the LIS+2s state.

For smaller detunings, however, the dressed states appear at frequencies that are defined by the
square root of the sum of the squared δ and Ω1 terms. Then, the observable effects of AC Stark effect
are an additional shift of |1(N)y and |2(N)y, which is the reason why the term ATS is sometimes
synonymously used with the term AC Stark effect, see the discussion in section 2.2.1 for more
information. Here, one of the two dressed states can then be identified as a shifted 1s 2p and the
other as a shifted LIS+2s state. However, this is mostly a matter of nomenclature.

In Bell et al. (2013); Chen et al. (2012) a Rabi frequency of «170 THz (0.7 eV) for the 1s 2s Ø 1s2p
coupling and a detuning of «260 THz (1.1 eV) at an IR intensity of 1.5 ˆ 1012 W cm´2 produces in
good agreement the LIS+2s, and also explains why the LIS+2s is not exactly one IR photon above the
unperturbed 1s 2s but very slightly shifted. Furthermore, this interpretation also partially explains
the red-shift of the 1s 2p state, as the ultimate frequency of the new dressed state |2(N)y is - for the
given detuning and Rabi frequency - slightly below the unperturbed 1s 2p, this is discussed in more
detail further down below in the paragraph on the effect of the laser field intensity.

Now, there are five LISs that contribute to the LIS22 feature in figure 6.9: The LIS´3s at 21.37 eV, the
LIS´3d at 21.52 eV, the LIS´4s at 22.12 eV, the LIS+2s at 22.17 eV and the LIS´4d at 22.18 eV23

Due to the large linewidths in the calculated absorption spectra in figure 6.9, all these LISs are
superimposed and form the LIS22 feature, that even outgrows the absorption of the red-shifted
1s 2p state for intensities higher than « 5 ˆ 1012 W cm´2. The position and IR intensity dependent
blue-shift of these LISs have been experimentally verified in Bell et al. (2013).

The blue-shift of the LIS22 and the red-shift of the 1s 2p state can be most easily understood in a
second-order perturbation theory picture, where the AC Stark correction for the energy of a state
in an oscillating electric field is described by (Bell et al., 2013; Liao and Bjorkholm, 1976; Maroulis,
2006):

En =
1
4

ÿ

m‰n

(︄
|E0 ¨ dnm|

2

En ´ Em ´ h̄ωir
+

|E0 ¨ dnm|
2

En ´ Em + h̄ωir

)︄
(6.17)

where E0 is the electric field vector, dnm is the transition dipole moment for the unperturbed states n
and m with En and Em are being their unperturbed energy levels. Equation 6.17 effectively describes
repulsion effects between different states that can lead either to a blue-shift for En if m ă n or to
a red-shift for En if m ą n. Please note, that for m = 0 this is identical to the perturbation theory
definition of the dynamic polarizability in equation 6.14. The numerator is essentially the Rabi
frequency (ΩR = ´E0¨dnm/h̄) and the denominator is the detuning δ, see section 2.2.1 for further
explanations.

24for example by using a dressing laser with ωL much larger or much smaller then ω1s2pØ1s2s
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Furthermore, the blue-shift of the LIS22 is observed due to two processes, one, related to the laser
fields intensity and the other to the detuning of the LIS and their neighboring 1s np states:

The effect of the detuning: The 1s 2s, 1s 3ts, du and 1s 4ts, du states are all coupled to the ground state
due to Rabi flopping between them and the 1st2, 3up states, therefore, enabling the population
of the s, d states via a second order process involving one XUV and one IR photon. However, in
all generality within the AC Stark framework, the smaller the detuning, the more probable is a
transition.

In the present case, this means, the smaller the energetic difference between one IR photon and the
energetic difference of two involved states (En ´ Em in equation 6.17), the sooner the LIS is expected
to show up in the absorption spectrum when increasing the IR fields intensity. If the coupling of the
ground state to the dipole forbidden s or d states is stronger, then second-order processes ending in
that state become more likely.

This means that the LISs that lie close to the the 1st2, 3up states25 are appearing first in the absorption
spectrum, when the IR pulse intensity is still comparatively low, with all other LISs appearing later
with higher IR pulse intensities. This already mimics the effect of a blue shift in a broad absorption
peak like LIS22, due to it being the superposition of the five described LISs whose energetically
higher lying parts appear only after the IR pulse is intense enough.

The effect of the laser field intensity: The intensity-dependent blue-shift of the LIS22 feature stems from
the energetic correction in equation 6.17 that scales with the square of the electric field strength.
Since the sign of the correction depends on whether m is larger than n, the 1s nts, du, for n ą 2, states
will be blue-shifted (thereby, the majority of the LIS22 feature), while the 1s 2s and 1s 2p state appear
red-shifted.

Furthermore, the red-shift of the 1s 2p state is only partially explained by the induced repulsion
effects described by equation 6.17 due to the appearance of LIS features. The 1s 2p state is also
experiencing a regular AC Stark shift, as 1s 2p is already red-shifting even without any LISs present.
The AC Stark effect is described in section 2.2.1, where the constituting equation can be split into
a linear and a quadratic component that behave differently depending on the the strength and
frequency of the external electric field. The linear AC Stark part is dominant in strong fields with
moderate frequencies and results in a splitting of the initial state into two states - one above and one
below the original state, and the quadratic AC Stark part is mostly observed in weak fields - where
it results in a pure red-shift of the original state - but re-emerges in strong fields when the frequency
of the external field is very low (See section 2.2.1 in this thesis as well as page 12 in Delone and
Krainov, 1994).

Almost always in real experiments or in simulations that span a wide range of field strengths, a
superposition of the linear and the quadratic AC Stark effect is observed, which is also the case here.
Here, it can be argued that the initial red-shift of the 1s 2p state - where the LIS22 has not emerged
yet - is best described by a quadratic AC stark shift, while the stronger the external field gets - when
the LIS22 is also present - the linear AC Stark effect is further driving the red-shift of the 1s 2p state
as well as the blue-shift of the LIS22 feature.

The argument for the quadratic AC Stark driven initial red-shift can be checked by calculating
the expected shift with equation 2.20 in section 2.2.1 for an intensity of 1.5 ˆ 1012 W cm´2. At
1.5 ˆ 1012 W cm´2 IR pulse intensity, the LIS22 has not sufficiently emerged to have a substantial

25Where 1s 2p being 2.5 times stronger in oscillator strength then 1s 3p (Kramida et al., 2019)
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effect on the 1s 2p level and the IR field’s intensity is low enough for the shift to be dominated by
the quadratic term of the AC Stark shift.

Then, the observed shift in energy in figure 6.9 for the 1s 2p resonance at 1.5 ˆ 1012 W cm´2 IR pulse
intensity is 0.19 eV and the calculation of the expected red-shift due to the quadratic AC Stark is
0.05 eV. Combining this with the result from the expected repulsion-based red-shift from equation
6.17, which is on the order of 0.1 eV26, gives a satisfactory estimate on the total red-shift of the 1s 2p
between low and moderate IR intensities.

Concluding, in this section, the frequency-dependent absorption cross-section was calculated
directly from the dynamic polarizability α(ω). This was done to verify and evaluate the calculations
and tying in experimental results already available in ATA experiments on atomic helium. The
intensity dependent absorption spectra show an overall very good agreement with data from
published experiments (Bækhøj et al., 2015; Beck et al., 2015; Bell et al., 2013; Chen et al., 2012, 2013).
Due to the large linewidth in the calculations here, the most notable features in the spectra - a
strong absorption peak appearing at low IR pulse intensities and blue-shifting for higher intensities
- was identified to be the superposition of five so-called light-induced structures (LISs) and was
termed LIS22. LISs are a nonlinear optical effect that can be motivated using several interpretations,
where the most popular model is that of the coupling of the ground state of a dressed atom to
a dipole-forbidden 1s nts, du state via Rabi flopping of a nearby 1s np state. The 1s nts, du states
can then take part in a second order process involving one additional IR photon and create a LIS
at Elis = E1snts,du ˘ Eir. Using this model, a LIS can be thought of as the intermediate state in a
two-photon Raman transition and is directly observable in ATA experiments. Furthermore, the
blue-shift of the LIS22 feature as well as the red-shift of the 1s 2p state could be explained by a
combination of repulsion effects, the delayed emergence of energetically higher lying LISs and the
regular AC Stark shift.

Now, the next section introduces the CMR, which connects the atomic dynamic polarizability with
the refractive index of a macroscopic particle. From there on all the classical tools of a CDI scientist
are available again.

6.3.6 Calculate an effective refractive index

This section connects the microscopic dynamic polarizability α(ω) derived and discussed in the last
section with the macroscopic refractive index n(ω) by making use of a classical mean-field model
from effective medium theory, the Clausius-Mossotti relation (CMR) (Choy, 2016).

The CMR assumes a cubic array of ideal dipoles assembled in a dielectric sphere and exposed to
a uniform static external electric field. Based on these assumptions, it is entirely defined by only
the number density of the atomic species and the microscopic dynamic polarizability α(ω) of the
last section. It provides an effective refractive index, with which such a medium would respond to
irradiation. Following the calculations of this effective refractive index, section 6.3.7 then calculates
artificial scattering images via Mie scattering theory, which should compare to the experimental
scattering images presented in section 6.2.2.

Since the CMR imposes the majority of simplifications onto the full simulation routine in this
thesis, the extensive discussion on these simplifications is moved to section 6.3.11. In contrast,

26Based on the calculated Rabi frequencies in Bell et al. (2013) for atomic helium in an IR field with central wavelength of
800 nm and intensity of 1.5 ˆ 1012 W cm´2
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this section derives the CMR under the assumption that it produces a qualitative model equipped
to encapsulate the response of a helium nanodroplet to irradiation based solely on the atomistic
dynamic polarizability α(ω).

Nevertheless, the motivation for choosing this simplistic model is discussed in direct succession to
the derivation. Since the CMR is the simplest mean-field model, multiple derivations can be found
in the literature [Section 10.12 in Purcell (1965), Section 4.4 in Oughstun (2007), the exhaustive review
in Darwin (1934), the here used variant in Hannay (1983) and section 1.2 to 1.3 in Choy (2016)].
However, they all arrive at the single central proposal of the CMR: Ideal dipoles in a spherical
dielectricum inside a static external field, feel an effective field that is larger than the external field
and is uniform everywhere in the medium.

This effective field results in an energetic red-shift of the dipole oscillators’ resonances, which is the
only addition that the CMR provides, compared to calculations of a single isolated dipole.

This thesis follows the derivation given in Hannay (1983), and starts with the constituting equation
for the dielectric constant (see, for example, equation 10.51 in Purcell, 1965):

Np(ω) = (ϵ(ω) ´ 1) ϵ0Ee f f , (6.18)

where N is the number density27, p is the polarization of the dielectric and Ee f f is the effective
electric field inside the dielectricum.

Usually, Ee f f is now split into an internal and a dipole field, where, after some assumptions, the
internal field is identified as being identical with the external field, and the dipole part is yielding the
sought-after energetic correction of the dipole resonances, as mentioned above. However, Hannay
(1983) argues that all these steps are redundant and implicitly already accessible by considering the
full solution for the electric field induced by an ideal dipole [see Hannay (1983), as well as Appendix
D in Oughstun (2007)]:

Ep(r) =
1

4πϵ0
∇
(︃
p(ω) ¨ ∇1

r

)︃
=

1
4πϵ0

(︃
3 (p(ω) ¨ r)r

r5 ´
p(ω)

r3

)︃
loooooooooooooooooooomoooooooooooooooooooon

Point dipole field

´
p(ω)

3 ϵ0
δ(r)

loooomoooon

Dipole self-field

. (6.19)

The second term in equation 6.19 is the dipole’s self-field at its origin and represents the infinitely
strong field between the positive and negative charge that constitutes the dipole. The self-field term
is often omitted as Ep(r) is usually localized on top of the dipole itself (Hannay, 1983).

Now, as the dipoles within the dielectricum are assumed to feel only a spatially-averaged and
uniform electric field, the delta-spiked self-field term in equation 6.19 needs to vanish when consid-
ering the full effective electric field. Therefore, regardless of how the final effective field looks, the
following assumption can be made:

E f inal e f f = Ee f f +
Np(ω)

3 ϵ0
. (6.20)

Equation 6.20 highlights why the CMR is called an effective medium model (Choy, 2016). Effective
medium theory is an empiric approach for defining reasonable averages, which hopefully retain

27 N = 0.022 Å
´3

for liquid helium (Mikaberidze et al., 2009).
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the system’s representativeness so that they can be connected with experimental measurements
(Choy, 2016). The assumption that is core to the CMR is that the internal electric field is uniform
and static. It is the defining average for taking the dipole-dipole interaction in such a medium into
account, and it is the reason why a cubic grid is assumed in the medium, as only then can the field
be represented by a global average.

However, in the given context such a cubic grid may not be needed to retain the applicability of the
CMR, as the core assumption of the cubic grid approximation is simply that the internal electric field
must appear identical everywhere, so that local field effects can be neglected28. This assumption,
however, is not only valid for a cubic array but also for a perfectly randomized array of dipoles
(Darwin, 1934; Hannay, 1983), which intuitively yields a more approachable model for superfluid
helium nanodroplets, as in a liquid - and a superfluid remains a liquid - the particles that make up
the liquid are not arranged along any lattice structure (Rowlinson, 2015).

Now, combining equation 6.20 with the constituting relation for the dynamic polarizability, equation
6.11, yields:

p(ω) = α(ω)

(︃
Ee f f +

Np(ω)

3 ϵ0

)︃
, (6.21)

which is with equation 6.18 the CMR:

ϵ(ω) = 1 +
3 Nα(ω)

3 ϵ0 ´ Nα(ω)

⇝

where the refractive index is: n(ω) =
b

ϵ(ω)

n(ω) =

d

1 +
3 Nα(ω)

3 ϵ0 ´ Nα(ω)
= 1 ´ δ + iβ, (6.22)

where δ and β are the phase shift and absorption term in the refractive index.

As stated in the introduction, the number density, which is assumed to be constant in this thesis, and
the atomic dynamic polarizability now fully define the optical response of the effective macroscopic
medium.

There are several modifications to the CMR that all correct its applicability for specific areas of
physics, for example, the dipole theory by Debye (1912) for molecules with a fixed dipole moment,
or the extension of Debye’s Ansatz to liquids known as reaction theory by Onsager (1936), both
of which add a temperature dependence and assume an isotherm process. Then, there are the
Maxwell-Garnett and Bruggeman’s formula (see section 1.6 in Choy, 2016), that extend the CMR for
use with multiple atomic species and dielectric ellipsoids instead of spheres. Furthermore, there are
domain-specific adaptations of the CMR that each serve specific purposes. They include anisotropic
molecular fluids (Palffy-Muhoray and Balzarini, 1981), ionic crystals (Claro, 1978; Srinivasan and
Narayanan, 1982), fullerenes (Andersen and Bonderup, 2000), small metal particles (Zaremba and
Persson, 1987), colloidal particles (Parola, Piazza and Degiorgio, 2014) as well as numerical scaling
parameter for balancing the scatterer density in CSDDA calculations on X-ray diffraction patterns
(Sander et al., 2015), and even on liquid helium as part of a larger theoretical model for estimating
the vacuum ultraviolet reflectance of liquid helium (Lucas et al., 1983).

28This is, in essence, what equation 6.20 is stating.
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Figure 6.11: Shown is the effect of τ in equation 6.7 on the subsequent calculation of the refractive index n(ω),
using the CMR. a) and b) show the vector potential A(t) and dipole output d(t) for an IR pulse intensity of
9.27 ˆ 1012 W cm´2. A(t) and d(t) are shown with an increased transparency without the applied window
function and in solid blue with the applied window function, which is plotted as a solid red line. The inset in a)
zooms into the area where the XUV pulse is visible, sitting in the center of the IR pulse. c) and d) show the
calculated refractive index n(ω), using the CMR (equation 6.22), where c) is showing the calculation without
applying the window function and d) is showing the same calculation with the window function applied. The
literature values for liquid helium are shown both plots for reference (Lucas et al., 1983).

However, these modifications introduce new approximations and parameters, like a temperature
dependence, surface effects, local field corrections, or orientation-dependent polarizability tensors
that would all complicate the interpretation of the predictions made by the simulation routine.

Therefore, in order to relate the atomistic TDSE calculations in the most accessible and straightfor-
ward fashion, this thesis incorporates only the most simplistic mean-field model, as defined via
equation 6.22. The line of thought for this design choice is guided by the fact that helium is peculiar
in many regards due to its very small density (Joppien, Karnbach and Möller, 1993), which results in
band structures in large helium nanodroplets being described as atomic-like (Joppien, Karnbach and
Möller, 1993; Joppien, Müller and Möller, 1993; von Haeften, Laarmann, Wabnitz and Möller, 2001;
von Haeften, Laarmann, Wabnitz, Moller and Fink, 2011), see also section 2.5.2 for a discussion of
this property.

However, before the calculated refractive index can be used for subsequent calculations of diffraction
images, an optimal choice for τ in the window function29 must be found. The goal is that the
linewidth of β of the unperturbed simulation at the 1s 2p resonance resembles that of the literature
value of liquid helium. This way, collisional and dephasing effects in the nanodroplet are implicitly
accounted for (Beck et al., 2015; Chen et al., 2012, 2013; Fennel et al., 2010; Gaarde et al., 2011; Peltz,
Varin, Brabec and Fennel, 2012).

29This effectively mimics the relaxation time (see, for example, section II in Fennel et al., 2010)
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Figure 6.11 shows the effect of τ from equation 6.7 on subsequent calculations of n(ω). a) and b)
show the vector potential A(t) and dipole output d(t) for an IR pulse intensity of 9.2 W cm´2. A(t)
and d(t) are the TDSE solver’s output described in section 6.3.5. A(t) and d(t) in figure 6.11 are
plotted semi-transparently without the applied window function and in solid blue with the applied
window function, which itself is plotted as a solid red line. The inset in a) shows the position of the
XUV pulse sitting in the center of the IR pulse. The damping effect of w(t) is especially apparent on
the dipole output in c), as there, the amplitude of the dipole oscillations would increase to infinity
if not damped by the window function, which exemplifies how the window function acts as a
parametrization of real-world line-broadening by collisional, damping, and dephasing effects.

c) and d) in figure 6.11 show the calculated refractive index n(ω), using the equation 6.22, where c)
is showing the calculation without applying the window function (undamped dipole 30) and d) is
showing the same calculation with the window function applied. The literature values for liquid
helium are shown both plots for reference (Lucas et al., 1983).

For choosing an optimal value for τ, a fitting routine is established, where a custom loss function is
minimized using the l1-norm. The loss function has the form:

Ltτ,refu = w1 sum
1s2p

(︂
βtτ,refu

)︂
+ w2 arg max

θPtµ,σu

Lp(θ ;βtτ,refu) + w3 max
1s2p

(︂
βtτ,refu

)︂
(6.23)

Ltotal = |Lτ ´ Lref| (6.24)

The three contributions in equation 6.23 are, first, the sum of β around the 1s 2p resonance, second,
a maximum likelihood estimation (MLE) of the 1s 2p absorption peak where a Normal distribution
was used as a model and only the optimized standard deviation (STD) (σ) was used in the loss and,
third, the maximum of β around the 1s 2p resonance. The subscript indicates if the simulation data
with a discrete value for τ or the reference data is used. The total loss in equation 6.24 is then the
l1 norm between the loss with the simulation and the reference. w1, w2, w3 are manually adjusted
weights to balance the three contributions to the loss function and are constant.

Optimization of equation 6.24 yields an optimal τ of 7.94 fs. Please note, that the position of the
resonance - for δ as well as for β - is 0.47 eV eV red-shifted in the simulation compared to the
reference in Lucas et al. (1983), because of the simulation models the atomic resonance minus a small
red-shift induced by the mean-field dipole-dipole term in the CMR. For the 1s 2p peak in β, the
reference is 21.61 eV (Joppien, Karnbach and Möller, 1993; Lucas et al., 1983), while the simulation
produces the maximum at 21.14 eV. This is a shortcoming of the simulation routine and is not
corrected for in this thesis. The implications of this red-shift are discussed in section 6.3.11.

Furthermore, the calculation of the dynamic polarizability α(ω) allows for negative values at certain
ω in its real part, which subsequently results in negative absorption values (β) in the refractive
index. This is not unphysical in general (Beck et al., 2015; Chen et al., 2012, 2013; Gaarde et al.,
2011). The negative β-values correspond to the emission of light with frequency ω produced in a
nonlinear response of the atom while excited by the broadband XUV IAP. There, multiple resonance
conditions are fulfilled simultaneously, so that light emission can be produced, for example, via
wave mixing (Boyd and Sargent, 1988; Bratfalean, Lloyd and Ewart, 1999; Drescher et al., 2020;
Grynberg, Pinard and Verkerk, 1984).

30It must be noted, that in order to apply a discrete Fourier transform (DFT) on some finite signal x. xstart
!
= xend, meaning

the first value in the signal has to connect to the last one, as the DFT assumes periodicity in the finite signal. Therefore,
equation 6.7 with the length of the signal was applied to d(t), this is then termed the undamped dipole
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Figure 6.12: Effective refractive index for increasing IR pulse intensities calculated via the CMR in equation 6.22.
a) shows the δ phase factor and b) shows the absorption β. The x-axis is the incident XUV photon energy, while
the y-axis is the IR pulse intensity, increasing from top to bottom. The dashed blue and red lines correspond
to the energies where the 13th and 15h harmonics of the 798 nm driving laser are. Values in β smaller than
2.3 ˆ 10´4 are clipped to this minimum to avoid artificial light emission. X-axis line read-outs at IR pulse
intensities of 0 W cm´2 and 9.27 ˆ 1012 W cm´2 are in figure 6.13. Y-axis line read-outs along the 13th and the
15th harmonic are in figure 6.14. See text for further explanations.

However, in the given experimental context, only the absorption of light can be expected from
a macroscopic nanoparticle, which is in reality irradiated not by a broadband XUV IAP but by
multiple higher-order harmonics near the 1s 2p resonance with a comparatively narrow bandwidth
of « 0.07 eV 31. Therefore, all β-values that are smaller than the minimal β value in Lucas et al.
(1983) (2.3 ˆ 10´4) are clipped to this minimum. Similar approaches have been applied in Beck et al.
(2015); Chen et al. (2012, 2013); Gaarde et al. (2011) to remedy unwanted light emission at specific
frequencies.

This clipping of the absorption and the wave-mixing process is thoroughly discussed in section
6.3.11.

Finally, negative values in β must also be clipped to prevent the Gibbs phenomenon (Hewitt and
Hewitt, 1979), which produces an oscillatory pattern and, thereby, negative absorption values near
the resonances, which is a purely numerical artifact that lacks any physical interpretation. The
magnitude of Gibbs phenomenon in n(ω) is determined by the discrete Fourier transformation
of the output of the TDSE calculations as well as by choice of the window function (w(t)) and
the window length (τ) in equation 6.7. Since τ is optimized via equation 6.24, only the choice
of w(t) itself could be changed. However, the here used Hann window is the standard choice in
the literature (Gaarde et al., 2011; Yuan et al., 2019) so that negative β-values resulting from the
persistent numerical errors in the calculations need to be remedied by clipping them.

Figure 6.12 shows these so calculated effective refractive indices n(ω) for increasing IR pulse
intensity, increasing from top to bottom. β exactly follows the frequency-dependent absorption cross-
section discussed in the last section, with a pronounced red-shift of absorption at the 1s 2p resonance
with higher IR pulse intensities and the emergence of the LIS22 feature around 2 ˆ 1012 W cm´2, see
also figure 6.9. The phase change factor δ splits and shifts accordingly to β, which is expected as a

31Calculated as in section 6.3.5 as a transform limited Gaussian pulse with 25 fs FWHM
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Figure 6.13: X-axis line read-outs from figure 6.12 at IR pulse intensities of 0 W cm´2 and 9.27 ˆ 1012 W cm´2.
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and the dashed lines to the 9.27 ˆ 1012 W cm´2 IR setting. The literature values from Lucas et al. (1983) for
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change in absorption over a narrow spectral range must be accompanied by a change in δ over an
equally narrow region.

The most relevant line read-outs in this figure are a comparison between n(ω) at 0 W cm´2 and the
experimental setting of 9.27 ˆ 1012 W cm´2, as well as the intensity dependence of n(ω) along the
13th and 15th harmonic. These two read-outs are plotted in figure 6.13 and 6.14.

In figure 6.12, the comparison for β between 0 W cm´2 and 9.27 ˆ 1012 W cm´2 (the solid and dashed
orange lines) shows the LIS22 feature’s appearance. The red-shift of the 1s 2p and the disappearance
of the 1s 3p resonance were previously observed in the absorption cross-section in figure 6.9. Most
prominent is the disproportionate increase in β for the 13th harmonic XUV probing pulse due
to the 1s 2p red-shift. Significant changes in the phase factor δ match the significant change of β.
There, for the unperturbed case at the 1s 2p and the 1s 3p resonance, δ crosses unity between distinct
maxima and minima while asymptotically approaching unity again after and before the resonance.
This shape is typically described as a Fano-type shape. However, with an IR pulse intensity of
9.27 ˆ 1012 W cm´2, δ is crossing unity four times, which can be assigned to the emergence of the
additional resonance produced by the LIS22 feature, despite the shape of δ being largely distorted
compared to the unperturbed case.

The intensity-dependent changes for the two dominant XUV probing pulses at 20.20 eV (13th) and
23.31 eV (15th) are shown in figure 6.14. The solid lines show the changes for δ and β for the 13th
harmonic when increasing the IR pulse intensity, while the dashed lines show the changes for an
XUV pulse at the 15th harmonic. The change in β is following an almost sinusoidal curve for both
harmonics. It drastically increases from « 0.0 to 0.1 for the 13th harmonic and significantly decreases
for the 15th harmonic from « 0.08 to 0.03.
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Now, we briefly discuss the sought-after scattering behavior of a medium in terms of the here
calculated refractive indices. Intuitively, and without discussing δ for a moment, it could be
expected solely from the change in absorption that the resulting scattering cross-section Csca would
decrease in the 13th harmonic and increase in the 15th harmonic when the IR intensity increases.

However, the simultaneous interpretation of the absorption and the phase shift is crucial for
understanding the scattering behavior. Since in this thesis Mie theory is used for calculating the
amount and angles of the diffracted light, it follows from section 2.2.3, that the squared absolute
value of the complex terms an and bn in equation 2.65, which depend in a somewhat unintuitive
fashion on δ and β, constitute the scattering cross-section.

Nevertheless, the scattering behavior can be qualitatively understood by discussing exemplary Mie
calculations of the scattering cross-section (Csca) for a sphere of radius 200 nm irradiated by a pulse
with a wavelength of 50 nm in figure 6.15. There, a) is showing a contour plot where the absorption
(β) is plotted on the x-axis and the phase (δ) is plotted on the y-axis. In addition, four guiding lines
are drawn for δ = 0.1, δ = 0, and δ = ´0.1 (the horizontal dashed green, red, and blue lines) and
for β = 0.1 (the vertical dashed pink line). The line-readouts along these guidelines, using the same
color-coding, can be found for δ in b) and for β in c)

In all generality for the atomic scattering cross-section, the scattering of light is proportional to the
squared absolute values of (1 ´ δ) and ´β (compare equation 2.76, 2.79, and 2.80 in Attwood and
Sakdinawat, 2016). Meaning here, if the absolute value of δ increases, the scattering cross-section
increases as well, and, inversely, if absorption increases, the scattering cross-section decreases. This
can be seen in the line-readouts at δ = 0.1 and δ = ´0.1, as well as for β = 0.1 in b) and c). In b),
and for δ = 0.1 and δ = ´0.1, the scattering cross-section decreases approximately quadratically
when β increases, and in c) - for a fixed β value - the scattering cross-section decreases when the
absolute value of δ decreases and vice versa.
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Figure 6.15: Shown are Mie calculations of the scattering cross-section (Csca) for an exemplary sphere of radius
200 nm irradiated by a pulse with a wavelength of 50 nm. a) is showing a contour plot where the absorption (β)
is plotted on the x-axis and the phase (δ) is plotted on the y-axis. Four guiding lines are drawn for three fixed δ
values (the dashed green, red, and blue lines) and one fixed β value (the dashed pink line). The line-readouts
along these guidelines can be found for δ in b) and for β in c).

However, there is an exception to this when δ = 0. Nomenclature is that δ = 0 is called unity, as
then the real part of the refractive index is one, which means that the phase velocity of a light-wave
moving through the medium is identical to the phase velocity of a light-wave that is traveling beside
the medium. Therefore, at unity, the light is not refracted, which results in a different behavior when
increasing β. This can be seen in b) for δ = 0 (the solid red line). When increasing β in this case, the
scattering cross-section increases as well32.

So, neglecting any size effects, high absorption usually leads to a decrease in scattering cross-section
except for when δ is near unity. Then, the proportionality is reversed, and higher absorption leads
to an increased scattering cross-section. Furthermore, for a fixed β value, the scattering cross-section
is always minimal when δ is at unity.

Taking these considerations into account, the drastic changes in β for 13th and the 15th harmonic are
translated differently in terms of scattered light for both harmonics. For the 13th harmonic δ can be
considered off-unity and quasi-constant between ´0.18 to ´0.25, whereas δ for the 15th harmonic
is approaching unity at « 3.5 ˆ 1012 W cm´2 and then remains close to unity for higher IR pulse
intensities. This means here, that the drastic increase in absorption for the 13th harmonic in figure
6.14 results in an analogous decrease in scattering cross-section, whereas the decrease in absorption
at the 15th harmonic also result in a decreased - albeit less pronounced - scattering cross-section,
due to δ being close to unity there.

Concretely, calculating Csca for the 13th harmonic and a nanodroplet with radius 450 nm yields
1.5 ˆ 106 in the unperturbed case and 6.9 ˆ 105 at an IR intensity of 9.27 ˆ 1012 W cm´2. The same
calculation for the 15th harmonic yields 6.7 ˆ 105 in the unperturbed case and 6.4 ˆ 105 in the
dressing laser’s presence. So, the dressing laser produced a decrease to 46 % of the unperturbed
scattering cross-section at the 13th harmonic and 96 % at the 15th harmonic.

32This is a consequence of Babinet’s principle, which states that the diffraction pattern of an opaque medium is identical to
the one of a hole with identical dimensions (see equation 4.67 in Bohren and Huffman, 1998). So, no refracted light in the
medium still results in a diffraction pattern - and, thereby, non-zero scattering cross-section - when the absorption is larger
then zero.
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Figure 6.16: Calculations of the multicolor scattering cross-section Csca from effective refractive indices obtained
via the CMR. Csca is calculated from equation 2.65, were the results for the 13th and 15th harmonic are
superimposed according to their contribution to the overall XUV signal, see figure 3.9. The x-axis shows the
increasing IR pulse intensity and the y-axis shows the nanodroplet radius, ranging from 50 to 800 nm. The
colormap is normalized so that 1 corresponds to no change compared to the unperturbed signal, and is scaled
between 0 (Coded in full blue: Csca = 0) and 2 (Coded in full red: The scattering cross-section is at least double
as much as in the unperturbed case). A colormap value of 0.5, therefore, means that the presence of the IR
pulse leads to a decrease in scattering cross-section to 50 % of the unperturbed scattering cross-section for the
corresponding nanodroplet radius. The top onset shows the radii-averaged scattering cross-section for all
intensities, where the average was weighted according to the experimentally expected exponential nanodroplet
radii-distribution with mean 400 nm, described in section 3.4.3.

These considerations on the change in scattering cross-section provide a first step towards explaining
the decreased detector signal during the overlap of the XUV in IR pulse. As calculations of Csca

are directly correlated to the detector signal, they can be used to confirm that the approximations
within the CMR are adequate for producing a qualitative explanation of the experimental data.

Figure 6.16 is a contour map of the multicolor calculations on the scattering cross-section, where
values for Csca were, first, independently calculated for both harmonics at all IR pulse intensities and
nanodroplets with radii between 50 to 800 nm and, second, averaged according to their contribution
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to the overall XUV signal in figure 3.9. Finally, the so calculated multicolor cross-sections are
normalized, so that 1 corresponds to no change compared to the unperturbed signal, and is scaled,
between 0 (Coded in full blue: Csca = 0) and 2 (Coded in full red: The scattering cross-section is at
least double as much as in the unperturbed case). The IR intensity is plotted along the x-axis and
the radii of the nanodroplets along the y-axis. Given the colormap normalization, a value of 0.5
corresponds to the statement: The scattering cross-section for a given IR intensity and radius is decreased
by about 50 % compared to the unperturbed case.

Additionally, the top onset shows the radii-averaged scattering cross-sections using the same x-axis
as the contour map, where the average was weighted according to the experimentally expected
exponential nanodroplet radii-distribution with mean 400 nm, described in section 3.4.3. The STD
of the averaged scattering cross-section is shown as a complementary plot in a semi-transparent
envelope.

Now, briefly discussing the contour map first; As the IR pulse intensity increases, the multicolor
scattering cross-section decreases universally while being slightly more pronounced for larger
nanodroplets. The two most noticeable features in figure 6.16 are that for nanodroplets with a radius
of between 95 to 115 nm, the decrease is much less distinctive, and, second, a sharp decrease of
the cross-section at around 7 ˆ 1012 W cm´2 that is more pronounced for small nanodroplets and
weakly oscillates for increasing nanodroplet radii.

These two features are the only deviations contrasted by an overall uniform decrease of scattering
cross-section and will be discussed in detail in the next section in terms of the XUV detector signal.

The universal decrease of Csca is mirrored by the weighted average and its comparatively small STD,
displayed in the top onset. The decrease across all radii begins very early on, reaching a plateau
around 3 ˆ 1011 W cm´2, with a global minimum at 7.3 ˆ 1012 W cm´2.

These are the first results that show that the so simulated scattering behavior of large nanodroplets
changes considerably in the presence of a dressing IR field, and, since the scattering cross-section is
correlated with the detector signal, should be able to reproduce the experimental observations from
section 6.2.2.

In conclusion, the dynamic polarizability α(ω) is used in combination with the Clausius-Mossotti
relation (CMR) to calculate an effective refractive index that implicitly encapsulates the TDSE
calculations of the nonlinear response of a helium atom subjected to a strong IR pulse and an XUV
IAP. The approximations and likely limits of this simulation routine are discussed in detail in section
6.3.11. This section derived and analyzed the model under the assumption that the CMR represents
an adequate approximation for providing a qualitative model of the observed experimental effects.

Furthermore, the scattering cross-section for nanodroplets with radii between 50 to 800 nm was
calculated and briefly discussed. In the simulated multicolor scattering cross-sections in figure 6.16,
a universal decrease in amplitude that moderately correlates with the radii of the nanodroplets is
observed, which is in overall good agreement with the experimentally observed intensity decrease.
A qualitative reconstruction of the experimental observation should be, therefore, possible within
this framework.

However, before reproducing the observed decrease in detector signal, it has to be established how
to simulate artificial scattering images from the here calculated effective refractive indices, which is
addressed in the next section.
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6.3.7 Calculate the XUV detector signal in a static setting

In this section, Mie theory is used to calculate artificial scattering images from the effective refractive
indices derived in the last section. The idea is that the angle-dependent scattered field of a spherical
particle is projected onto a virtual detector where the integral is calculated across all virtual pixels,
which can be seen as the equivalent of the recorded XUV detector signal in section 6.2.2.

Section 2.2.3 describes the Mie solution for the Maxwell equations in detail. There, the angular scat-
tering response for light polarized parallel or perpendicular to the scattering plane of a macroscopic
sphere with an assumed homogeneous refractive index n is given by

it||,Ku(θ, x, m) =

#

|S2(θ, x, m)|2 || Ñ parallel

|S1(θ, x, m)|2 KÑ perpendicular,
(6.25)

where θ is the scattering angle, x the size parameter, m the relative refractive index and S1 and S2

are the coefficients from the scattering matrix, please see section 2.2.3 on an explanation of all these
parameters. The scattered intensity, which is detected in the experiment, is then given by

Iscat,t||,Ku(θ, x, m) =
1

(kr)2 it||,Ku(θ, x, m)Iin, (6.26)

where Iin is the intensity of the - plain wave - incident irradiation, k is the wavenumber and r is
the radius of the nanodroplet. The laser was perpendicularly polarized in the given experimental
context. Therefore, from hereon, only the perpendicular component is considered. However, for
completeness, corresponding figures for parallel polarized light can be found in appendix F showing
the same qualitative results.

As we seek to explain the integrated XUV detector signal, as described in section 6.2.2, the following
integral in polar coordinates has to be calculated:

Sscat(x, m) =

ż R

0

ż 2π

0
M
(︁
θ(r), ϕ

)︁
Iscat,K

(︁
θ(r), x, m

)︁
r drdϕ, (6.27)

where θ(r) = arctan (r/R) is the scattering angle, R = rdist tan (45°) is the radius of a circle on the
detector that corresponds to θ at 45°33 at a distance rdist

34 between the interaction region and the
detector and M(θ, ϕ) is the mask in figure 3.26 that was used on the real scattering images to omit
the detector hole, the 8° deficiency hole as well as the area where the TOF shadow was visible.

In figure 6.17 a) and b), two examples of simulated radial profiles using equation 6.26 are shown.
There, a nanodroplet with a radius of 450 nm is simulated when irradiated by XUV light from
the 13th harmonic (20.20 eV, dotted blue line), the 15th harmonic (23.31 eV, dotted orange line)
and the superposition of both harmonics (solid green line), which were averaged according to
their contribution to the overall XUV signal, see figure 3.9. a) and c) are showing results for the
unperturbed nanodroplet and b) and d) are showing results using the effective refractive index at
an IR intensity of 9.27 ˆ 1012 W cm´2. The scattering images in c) and d) show the 2D projected
scattering images that belong to the superposition of the 13th and 15th harmonic. An artificial
detector hole was added in c) and d) for better comparability with the recorded scattering images in

33The maximum scattering angle in the experiment
34rdist = 37 cm
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Figure 6.17: Shown are simulated radial profiles using Mie theory. a) and b) show the results of equation
6.26 for a nanodroplet with 450 nm radius irradiated by XUV light from the 13th harmonic (20.20 eV), the
15th harmonic (23.31 eV) and the superposition of both harmonics, were their contributions were added
up according to their share in the overall XUV signal, see figure 3.9. a) and c) are showing results for the
unperturbed nanodroplet and b) and d) are showing calculations using the effective refractive index at an IR
intensity of 9.27 ˆ 1012 W cm´2. c) and d) are the projected radial profiles onto a 2D detector, where a detector
hole was added (2° half angle, see detector description in section 3.3.6). a) and b) share the same y-axis and are,
therefore, directly comparable. c) and d) share the same colormap, so that their brightness is comparable as
well. Please note, that for obtaining the detector signal and, thereby integrating across the virtual detector, the
detector mask from figure 3.26 was used, which is not shown here.

section 6.2.2. a) and b) share the same y-axis and are, therefore, directly comparable. c) and d) share
the same colormap, so their brightness is comparable.

Three observations are immediately apparent from figure 6.17:

1. Comparing c) and d): The decrease in overall brightness is visible when an IR pulse is present.

2. The 13th harmonic is mostly responsible for this reduced brightness: In a), without an IR pulse
present, the 13th harmonic contributes the majority of the superposition of both signals, and
when the IR pulse is effecting the nanodroplet, in b), it is the signal of the 13th harmonic that
is significantly reduced, resulting in the overall reduced detector signal, clearly visible in d).
The expected change at the 13th and 15th harmonic in the presence of an IR pulse was already
discussed in the last section in terms of changes in the refractive index and the scattering
cross-section, where it was argued that an XUV pulse at the 13th harmonic experienced a sharp
decrease in scattering cross-section with an IR pulse stronger than 3 ˆ 1011 W cm´2 present.
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Figure 6.18: Calculated multicolor XUV detector signal for the superposition of the 13th and 15th har-
monic from equation 6.27 for nanodroplets with radii between 50 to 800 nm and IR pulse intensities up
to 1.13 ˆ 1013 W cm´2. Labeled contour lines are added as visual guide for multiples of 0.1. The y-axis shows
the radius of the nanodroplets and the x-axis corresponds to the intensity of the IR pulse. The colormap is
normalized so that 1 corresponds to no change compared to the unperturbed signal, and is scaled between 0 (Coded
in blue: No detector signal at all) and 2 (Coded in red: The detector signal is at least double as much as in the
unperturbed case). A colormap value of 0.5, therefore, means that the presence of the IR pulse lead to a decrease
in detector signal to 50 % of the unperturbed detector signal for the corresponding nanodroplet radius. The top
onset shows the radii-averaged detector signal for all intensities, where the average was weighted according
to the experimentally expected exponential nanodroplet radii-distribution with mean 400 nm, described in
section 3.4.3.

3. Comparing the positions of the extrema in a) and b), and the appearance in c) and d), the
structural changes are apparent: The angle spacing between the extrema changed significantly,
and new features appeared. For example, in a) at « 7.5°, a pronounced maximum followed
by a steep fall to a deep local minimum is present; this is also visible in c); however, in b),
this maximum is not visible at all. Since the 13th harmonic signal intensity is sharply reduced
in b), beating effects appear in the superposition of the 13th and 15th harmonic, which were
previously supplanted by the dominant contribution of the 13th harmonic. Such structural
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changes will be discussed in detail in section 6.3.10.

In this section, only the first and second items are addressed, while the discussion on the third item
is postponed to the next section.

For discussing the decrease in XUV detector signal, calculations with equation 6.27 for nanodroplets
with radii between 50 to 800 nm and IR pulse intensities up to 1.13 ˆ 1013 W cm´2 are shown in
figure 6.18. There, the contour plot’s colormap is normalized as in figure 6.16, where a value of 1
corresponds to no change compared to the unperturbed detector signal and is scaled between 0
(Coded in blue: No detector signal at all) and 2 (Coded in red: The detector signal is at least double
as much as in the unperturbed case). Therefore, a colormap value of 0.5 means that the presence of
the IR pulse leads to a decrease in detector signal to 50 % of the unperturbed detector signal for the
corresponding nanodroplet radius. Furthermore, the top onset shows the radii-averaged detector
signal for all intensities, where the average was weighted according to the experimentally expected
exponential nanodroplet radii-distribution with mean 400 nm, described in section 3.4.3.

Now, although barely visible in figure 6.18, the XUV multicolor detector signal at IR intensities below
3 ˆ 1011 W cm´2 is slightly increased compared to the unperturbed signal, however, from there
onward a universal decrease in detector signal is observed, down to a radius-averaged minimum
of 0.52 at an IR intensity of 6.6 ˆ 1012 W cm´2. Overall, the majority of observations discussed in
terms of the scattering cross-section are visible here as well:

• Starting from an IR intensity of 3 ˆ 1011 W cm´2, a near-universal decrease in the XUV detector
signal is observed. The global minimum is at 0.37 for a nanodroplet with a radius of 625 nm at
an IR intensity of 6.1 ˆ 1012 W cm´2, and the global maximum is 1.08 for a nanodroplet with
radius 675 nm at an IR intensity of 1.1 ˆ 1011 W cm´2.

• The XUV detector signal is strongly correlated with the radii of the nanodroplets; The larger
the nanodroplets, the larger the decrease in detector signal. The correlation between the
decrease in detector signal and the radii of the nanodroplets is more substantial than with the
scattering cross-section.

• The two distinctive features in the calculated multicolor scattering cross-section35 in figure
6.16 are also observed in the multicolor XUV detector signal and will be addressed in the next
section where the contribution of each harmonic is disentangled.

These observations are in line with the considerations on the scattering cross-section and show that
these calculations are, in principle, able to simulate the pump-probe delay-dependent decrease in
the experimental XUV scattering cross-section, as shown in figure 6.4. However, before recreating
the experimental data’s time-dependence, the contributions of the 13th and 15th harmonics are
disentangled as the discussion in section 6.3.6 and on figure 6.17 singled out the 13th harmonic to
be mostly responsible for the change in scattered light in the presence of an IR pulse.

The contribution of each harmonic

In this subsection, the contribution of the 13th and 15th harmonic to the overall XUV detector
signal is disentangled. As previous discussions in terms of the IR intensity dependence of the
refractive index and resulting scattering cross-sections in section 6.3.6 strongly indicated that the
13th harmonic is mostly responsible for the observed decrease in XUV detector signal.

35Very weak decrease for nanodroplets with a radius between 95 to 115 nm and a strong global decrease at an IR intensity
around 7 ˆ 1012 W cm´2.
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Figure 6.19: This figure shares its description with figure 6.18, except that the here calculated XUV detector
signal is only for the 13th harmonic and not the superposition of the 13th + 15th harmonic.

The reduced amount of scattered light from the 13th harmonic was identified as the combination of
the quasi-constant δ between ´0.20 to ´0.25 for all IR pulse intensities along with an absorption
value β that significantly increased from « 0.0 to 0.1. The reason for the increased absorption was
identified to be related to the AC Stark red-shift of the 1s 2p absorption peak, discussed in section
6.3.5.

Figure 6.19 and 6.20 show the XUV detector signal calculations 13th and 15th harmonic, respectively.
Both plots share the layout and colormap normalization with the multicolor XUV detector signal in
figure 6.18.

First, figure 6.19 shows the calculations with only the 13th harmonic as a probe pulse. There, the
decrease in signal strength is more substantial than in the multicolor case. The radius-average in the
top onset shows a plateau, starting at 3 ˆ 1011 W cm´2, with a reduction in detector signal down to
0.45. Especially for nanodroplets with a radius larger than 400 nm, the decrease is substantial. The
global minimum is at 0.25 with a nanodroplet of radius 625 nm and IR intensity 1.37 ˆ 1012 W cm´2,
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Figure 6.20: This figure shares its description with figure 6.18, except that the here calculated XUV detector
signal is only for the 15th harmonic and not the superposition of the 13th + 15th harmonic.

whereas the global maximum is 1.11 for nanodroplets with a radius of 675 nm at an IR intensity
1.23 ˆ 1011 W cm´2.

In stark contrast to the observations on the detector signal of the 13th harmonic, figure 6.20 shows
the same calculations but with the 15th harmonic used as XUV probing pulse. There, only very little
is changed before the IR pulse intensity reaches 1 ˆ 1012 W cm´2. At this point, the radius-average
shows a value of 0.95. The most prominent feature is the substantial decrease in XUV detector
signal around a narrow IR intensity range between 3 to 8 ˆ 1012 W cm´2, especially pronounced for
smaller nanodroplets.

The origin of this narrow band with increased absorption can be traced back to δ in the refractive
index crossing unity at this point, compare to figure 6.14. When the phase shift in the refractive
index is at unity, the scattered light shares the phase relation and phase velocity of the unscattered
light, which results in a primarily decreased scattering cross-section. The impact of δ and β on the
scattering cross-section was discussed in section 6.3.6. Since the scattering cross-section is directly
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Figure 6.21: This figure shows a y-axis line read out from the XUV detector signal for the 13th harmonic in
figure 6.19 for an IR pulse intensity of 4 ˆ 1012 W cm´2 in solid blue along calculations of the transmission
amplitude of a plane-parallel dielectric slab in solid red. The inset shows a schematic of the reflection and
transmission process within the dielectric slab and is taken from Bohren and Huffman (Figure 2.7 in 1998). The
top x-axis corresponds to the slab transmission curve and is in units of the incident wavelength. The bottom
x-axis corresponds to the y-axis line read-out and shows the nanodroplet radius in nm.

correlated with the XUV detector signal, the considerations on δ crossing unity translate well to a
reduced XUV detector signal that recovers after the absolute value of δ deviates from unity again.

Furthermore, comparing figure 6.19 and figure 6.20 for both harmonics, the singular scattering
behavior of nanodroplets with radii between 95 to 115 nm and exposed to IR intensities between
2 to 5 ˆ 1012 W cm´2, can be traced back to originate from the contribution of the 13th harmonic,
where the XUV detector signal is increased within a narrow cone along increasing IR intensities.

This narrow cone’s increased detector signal is predominantly dependent on the radius of the
nanodroplets. However, it is modulated by the intensity of the IR; as such, it can be argued that it
is an interference effect that arises from the geometry of the simulated particles whose resonance
condition is augmented by the intensity of the IR. Since the resonance behavior in the here modeled
sphere is complex and can only be easily understood in very few cases, a qualitative interpretation
by comparison to a plane-parallel dielectric slab is helpful. A dielectric slab is a much simpler
system that still shares a resemblance with a spherical nanodroplet in terms of the reflection and
transmission process, wherein this comparison the transmitted wave after the slab is compared to
the scattered light by the nanodroplet [See section 2.8 in Bohren and Huffman (1998) for a similar
analogy].

Figure 6.21 illustrates this comparison by showing a y-axis line readout from figure 6.19 for IR pulse
intensities of 3.1 ˆ 1012 W cm´2, 4.0 ˆ 1012 W cm´2, and 5.0 ˆ 1012 W cm´2 along with calculations
of the absolute value of the transmission amplitude of a plane-parallel dielectric slab. These IR
intensities were chosen, as the detector signal’s dependence on the radius of the nanodroplets is
especially pronounced. For the calculations on the transmissivity of the slab: The incident wave’s
wavelength is set to the central wavelength of the 13th harmonic (61.4 nm), and δ and β are tuned
so that the slab’s transmissivity shows a strong resonant increase for when the width of the slab is
104 nm, which is where the maxima of the detector signal are located, the corresponding refractive
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index is termed nre f . However, two additional calculations are shown for two slightly different
refractive indices, that all share the resonance around 104 nm yet are modified by choice of the
refractive index so that they are slightly shifted and attenuated. The modified values of n are
nre f ,98 % = 0.98nre f and nre f ,102 % = 1.02nre f . Furthermore, a guideline at π/2 of the 13th harmonic is
plotted as a dashed red vertical line.

In general, in a slab with width h, illustrated by the inset in figure 6.21, an incident electromagnetic
wave Ei that travels along the z-axis is either reflected (Er) or transmitted (Et), while within the slab
virtual waves propagate in +z and -z directions (E+

1 and E´
1 ). In the limiting case where h Ñ 0, the

virtual waves are negligible and cannot interact; in this case, reflection and transmission can be
calculated using the Fresnel formulas (Equations 2.67 - 2.70 in Bohren and Huffman, 1998), and it is
without interference effects.

However, for discrete values of h, interference between E+
1 and E´

1 can become significant as
the complex transmittance is then correlated to the cosine of the width of the slab, the incident
wavelength and the refractive index within the slab (Tslab9

(︁
cos

(︁
4πnhλ´1)︁)︁´1) (Equation 2.74 in

Bohren and Huffman, 1998).

Now, the calculations for the slab with nre f show that via interference inside the medium a res-
onance condition can be created in which constructive interference enhances the transmissivity
significantly, and the calculations for nre f ,98 % and nre f ,102 % show that such a resonance condition
can be modulated by slight changes in the refractive index of the medium. This behavior is mirrored
by the calculated detector signal of the spherical nanodroplets. First, a complex resonance condition
arises for the 13th harmonic at a nanodroplet radius of around 104 nm, which is then modulated by
the AC Stark induced change in the refractive index when the IR intensity is changed. Ultimately,
as the IR pulse is continuously modifying the refractive index, the interplay between n and the
nanodroplet radius remains complex. However, breaking down the interference effects to a simple
slab model can qualitatively explain that the AC Stark-shift induced change in refractive index leads
directly to a complex modulation of the resonance conditions within the nanodroplet, which result
in the increased detector signal for nanodroplets between 95 to 115 nm.

For the 13th harmonic, this resonance condition is close to π/2 of the 13th harmonic wavelength,
which is highlighted by the dashed red guideline in figure 6.21. However, as this may suggest a
connection between the incident wavelength and the resonance condition, this observation is not
mirrored by the detector signal calculations using the 15th harmonic in figure 6.20 or for additional
multiples of π/2 of the 13th harmonic. Therefore, a more thorough analysis is needed to establish
such a direct connection, which is beyond the scope of this analysis, as the target here was to provide
a qualitative argument for the given case.

For the next section, we take a step back and give a broad interim conclusion, as now all the
prerequisites are fulfilled to simulate the ultrafast XUV scattering response, as recorded in section
6.2.2.

6.3.8 Second interim conclusion

The main experimental finding of chapter 6 is that during a CDI experiment in the WAXS regime36,
and using an HHG-based laser system, the overall brightness, as well as the structure of the recorded
diffraction images, changes when an IR laser pulse is overlapping with the XUV probing pulse.
This effect is what we seek to explain. The decrease in brightness is described in section 6.2.2.

36Please see section 1.6 concerning the choice of nomenclature
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There, it was argued that this decrease most probably originates from an electronic shift of the
nanodroplet’s refractive properties. The mechanism for such a shift is known from atomic systems
as AC Stark effect, whereas in macroscopic bodies and the non-resonant case it is also known from
the semiconductor literature as the dynamical Franz-Keldysh effect (DFKE) (Jauho and Johnsen,
1996; Lucchini et al., 2016, 2020; Novelli et al., 2013; Otobe, 2017; Otobe et al., 2016).

From section 6.3.3 onward, an approach was introduced to calculate a scattering image for an
idealized macroscopic dielectric sphere in which a cubic array of ideal dipoles is exposed to a uniform
static external electric field. Within these approximations, the ideal dipoles are parameterized by
the atomic dynamic polarizability, which was derived based on TDSE calculations of the dipole
response for a helium atom irradiated by a 798 nm IR laser with an FWHM pulse length of 25 fs and
an XUV IAP with a central photon energy of 25 eV.

The idealized macroscopic dielectric sphere implicitly encapsulates the TDSE dipole response
calculations, using this approach. The refractive index in the sphere serves as an effective - frequency,
and IR intensity dependent - nonlinear measure for the modeled homogeneous medium’s optical
response. The benefit of simulating the simultaneous response of such a medium to a spectrally
broad XUV IAP is that it enables the calculation of subsequent multicolor scattering images, as is the
case in the given experimental data. When the diffraction processes at each wavelength are treated
as non-interacting processes, one multicolor diffraction image can be calculated as the superposition
of the single diffraction images for the experimentally involved probing wavelengths. The so
calculated scattering images can then be integrated much in the same way as the experimental
images were, and the result of such a calculation is then termed XUV detector signal, just as with
the experimental data.

Since in the simulations, the relative position between the XUV IAP and the IR pulse is held fixed,
with the XUV IAP being in the center of the IR pulse, the so calculated multicolor XUV detector
signal corresponds to the experimental conditions at 0 fs. These calculations were carried out for
the 13th and 15th harmonic of the IR laser and nanodroplets between 50 to 800 nm for IR intensities
between 0 to 8.77 ˆ 1013 W cm´2, with the result, that the simulated XUV detector signal is indeed
sharply decreased when an IR pulse is present. The multicolor simulations showed that IR intensities
as low as 3 ˆ 1011 W cm´2 suffice to reduce the radii-averaged detector signal to about 70 % while
starting at 1 ˆ 1012 W cm´2 the detector signal reaches a plateau-like minimum at « 60 %, for which
it mostly remains when further increasing the IR intensity.

The reason for the decrease in the multicolor detector signal was traced back to the dominant
contribution of the 13th harmonic, for which the scattering cross-section of XUV light significantly
decreased when the IR intensity increased. The mechanism that decreased the scattering cross-
section at the 13th harmonics wavelength was identified to be a drastic change in the refractive
properties of the effective medium. In the underlying atomistic interpretation this change in
refractive index was due to an AC Stark induced red-shift of the 1s 2p resonance of atomic helium,
see figure 6.12 and 6.13 as well as the discussion in section 6.3.6.

Now, since the here carried out experiment is not a static but a time-dependent experiment, the next
section approaches to recreate this setting by assuming that for each delay, an effective IR intensity
can be calculated that corresponds to what the nanodroplet was exposed to for a given pump-probe
delay.
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Consequently, this approach neglects any sub-cycle effects , which have been observed in ATA
spectroscopy on atomic helium (Chen et al., 2013; Chini et al., 2012; Johnsson, Mauritsson, Remet-
ter, L’Huillier and Schafer, 2007; Krausz, 2016), but are far below the temporal resolution of the
experiment here.

Furthermore, this approach neglects any time-dependent IR field variability within the nanodroplets,
as it always assumes a constant field for a given delay for the whole nanodroplet. However, this
approximation was implicitly already applied in the static setting, as they are assumed in the CMR.
Finally, this approach assumes an adiabatic process in which the nanodroplets exhibit a full recovery
after the overlap of both pulses, which means, that the recorded scattering images are expected to
be identical, w.r.t. to the mirror-symmetry at 0 fs, regardless of whether the probing XUV pulse
was located at the beginning, or the end of the IR pulse. This assumption corresponds to the actual
observation that the fluorescence-adjusted detector signal for negative delays is similar to the one
for positive delays despite the ongoing ionization avalanching, see figure 6.8 and the discussion in
section 6.3.1.

6.3.9 Calculate the XUV detector signal for a pump-probe setting

In this section, the static calculations for an XUV IAP placed in the center of an IR pulse, as discussed
in the last section, are translated to simulate a pump-probe scheme, which corresponds to the carried
out experiment in section 6.2.2.

For the artificial simulation of a time-dependent scenario, the XUV and IR pulse used in the
experiment are only described by their envelope, which is assumed to be of Gaussian shape, which,
consequently, ignores any sub-cycle effects. These envelopes are shown in figure 6.22, where they
are placed 30 fs apart and are modeled with the parameters that correspond to the experimental
setting from section 6.2.237.

Now, by holding time still and walking through the given situation in figure 6.22 for two pulses 30 fs
apart, it can be argued that for every infinitesimal instant of the XUV pulse, independent photons
are scattered without interfering with one another. After the XUV pulse has propagated through
the target, the ultimately detected scattering image is then the sum of all these infinitesimally
produced scattered photons. This assumes that the XUV pulse does not alter the target during
the interaction, which is valid for the simulated scenario of a neutral helium atom scaled up
to macroscopic proportions via the CMR but is false for real nanodroplets whose light-matter
interaction is significantly affected during the onset of a strong XUV probing pulse, see, for example,
section 2.3.2. This assumption, thereby, is a mean-field approach. The consequences will be discussed
in section 6.3.11.

However, for the simulation scenario, the final scattering image is just the sum of all infinitesimal
scattered photons, and since all these photons are not interfering with each other, they can be
summed up independently.

Consequently, for every time t in figure 6.22, where the XUV pulse is non-zero, there is also a
corresponding field strength of the IR pulse. This field strength can be used to calculate the amount

37IR pulse: Field strength of 8.2 ˆ 109 V m´1 and FWHM pulse length of 35 fs, XUV pulse: Field strength of 2.8 ˆ 109 V m´1

and FWHM pulse length of 25 fs
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and scattering angles of the infinitesimal scattered photons, where for every IR field strength exists
a corresponding effective refractive index from the calculations in section 6.3.6.

The question now is, how to sum up all these so calculated infinitesimal instances.

In general, the diffraction image’s brightness on the detector in a scattering experiment is mostly
determined by the number of scattered photons off the target. The number of scattered photons
scales quadratically with the incoming field’s strength and linearly with the field’s intensity, which
can, for example, be seen from the time-averaged scattered power of an oscillating electron (Section
2.5 in Attwood and Sakdinawat, 2016):

P =
1

12
e4 |E|

2

m2πϵ0c3

⇝

with: |E|
2 = 2nphϵ0h̄ω =

2ϵ0 I
c

P =
1
6

e4 I
m2πc4 . (6.28)

The scattered power scales linearly with the intensity of the incident field and, thereby, with the
density of photons (nph = dNph/dV). Therefore, an XUV pulse with a field strength of 2 ˆ 109 V m´1

produces a scattering image four times brighter than an XUV pulse with a field strength of
1 ˆ 109 V m´1.

For the scenario presented in figure 6.22, a reasonable summing rule is to calculate a weighted
sum, where the weights are determined by the intensity of the incident XUV pulse during this
instance. This scaling sum-rule is motivated by the top-left inset in figure 6.22. There, finite integral
boundaries are color-coded so that the transparency value of the integral area follows a quadratic
curve in field strength and linear in field intensity.

To be more concrete, at every point in time between ´150 to 150 fs, an infinitesimal detector signal
is calculated using the refractive index provided for the given IR intensity at this point in time, all of
these detector signals are then averaged according to the XUV pulse’s intensity. So, for example, in
the case of a delay of 30 fs, as depicted in figure 6.22, the refractive index for t = 0 fs is the one that
corresponds to an IR field strength of « 1 ˆ 109 V m´1 (1.3 ˆ 1011 W cm´2) (See the IR field strength
at t = 0 in figure 6.22) and has a weight value of 1, as the XUV pulse is maximal at t = 0. Such a
calculation is then carried out for the full simulation period between ´150 to 150 fs.

The color-coded area in figure 6.22 corresponds to these weights, where the darkest shade of red
corresponds to 1. This way, the average XUV detector signal is weighted according to the amount of
XUV photons that were present in the instant t.

Mathematically, the static detector signal in equation 6.27 can be transformed to a delay-dependent
detector signal for a delay tdel by calculating the weighted average using the experimental conditions
for both pulses38, where the XUV pulse is held fixed at t = 0 and the IR pulse is placed at a delay
tdel between ´150 to 150 fs:

Stdel ,scat(tdel , x) =
ÿ

t

Ixuv (t, 0) Sscat (x, n [Iir (t, tdel)])
ř

t̂ Ixuv
(︁
t̂, 0
)︁ , (6.29)

38IR pulse with a FWHM of 35 fs (STD: σxuv = 14.86 fs) placed at tdel and a XUV pulse with a FWHM of 25 fs (STD:
σxuv = 10.62 fs) placed at 0 fs
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Figure 6.22: Shown is the schematic on the integral rule for calculating the effective IR intensity at various
pump-probe delays. The x-axis shows the delay, the left y-axis shows the field strength, and the right y-axis
shows the field intensity. Two Gaussian pulses are placed 30 fs apart, where the first pulse corresponds to
the envelope of the IR pulse used in the experiment with a maximum field strength of 8.2 ˆ 109 V m´1 and
FWHM pulse length of 35 fs, and the second pulse corresponds to the envelope of the XUV pulse used in the
experiment with a maximum field strength of 2.8 ˆ 109 V m´1 and FWHM pulse length of 25 fs. The top-left
inset shows a zoom of the region where both pulses overlap, where the weighting parameter for calculating the
effective IR field strength for this delay is color coded in blue.

with Itxuv,iru being the Gaussian pulse that approximates the experimental XUV /IR pulse: with
Itxuv,iru being the Gaussian pulse that approximates the experimental XUV/IR pulse:

Itxuv,iru (t, tdel) =
I0,txuv,iru

σtxuv,iru
?

2π
exp

(︄
´ (t ´ tdel)

2

2σ2
txuv,iru

)︄
, (6.30)

where I0,txuv,iru is the intensity of the pulse39, x is the size parameter from equation 6.25 and
n [Iir (t, tdel)] is the effective refractive index calculated with the CMR and corresponding to the IR
field strength at time t when the center of the IR pulse is placed at delay tdel .

Now, when the experimentally recorded scattering images were introduced in section 6.2.2, a large
grid plot of selected experimental diffraction images (figure 6.3) was shown to build an intuition for
the delay specific changes in brightness and structure. Such a grid plot can now be constructed for
simulated multicolor40 diffraction images calculated for various delays between the XUV and the
IR pulse. This large grid plot, the simulated pendant to the experimental original in figure 6.3, is
shown in figure 6.23.

Such a time-dependent scattering image can be calculated by interchanging the static integral term
Sscat (x, n [Iir (t, tdel)]) with the angle-dependent scattering intensity Iscat,t||,Ku(θ, x, n [Iir (t, tdel)]),
defined in equation 6.26.

399 ˆ 1012 W cm´2 for the IR pulse and 3 ˆ 1012 W cm´2 for the XUV pulse
4013th + 15th harmonic, added up according to their share in figure 3.9
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Since the simulations for either the XUV detector signal or the diffraction images are mirror-
symmetric w.r.t. the origin at 0 fs 41, figure 6.23 only shows simulated multicolor diffraction images
for positive delays between 0 to 40 fs and radii between 200 to 600 nm, where diffraction images for
delays larger than or equal to 40 fs were non-discernible from their unperturbed counterparts.

The so-calculated multicolor diffraction images show a significant change in brightness and structure
for delays smaller than 33 fs, where predominantly larger scattering angles decrease more in
brightness, the stronger the IR pulse intensity.

Now, the goal of this section is to provide a recreation of the delay-dependent experimental XUV
detector signal in figure 6.4: As the radii of all experimentally measured nanodroplets are distributed
according to an exponential distribution with a mean of 400 nm - as described in section 3.4.3 - the
simulated recreation needs to be distributed in the same manner.

Therefore, equation 6.29 was used to calculate the detector signal for nanodroplets with a radius
between 50 to 800 nm, which are then averaged according to the original experimental size distribu-
tion. Note that this is identical to the weighted average shown in the top onsets in the figures 6.18,
6.19 and 6.20.

Finally, the fully simulated recreation of figure 6.4 is shown in figure 6.24. The fluorescence-adjusted
experimental data from figure 6.8 c) are plotted as blue scatter points as a visual guide. Furthermore,
figure 6.24 shows calculations for the XUV detector signal for the 13th harmonic (solid green),
the 15th harmonic (solid orange) as well as the multicolor superposition of both (solid blue). The
normalization of the experimental scatter points is that 1 corresponds to the XUV detector signal in
the static case without an IR pulse present.

Several observations are apparent in figure 6.24:

1. The simulated multicolor XUV detector signal is in terms of the depth of the decrease in good
agreement with the experimental data.

2. The width of the decrease in the simulated multicolor XUV detector signal is smaller than in
the experimental data.

3. The decrease in the detector signal is significantly stronger at the 13th harmonic’s wavelength.

4. The detector signal at the 15th harmonic’s wavelength shows a distinct dent around t = 0 fs.

The dent at 0 fs in the simulated curves for the 15th harmonic can be understood by comparison
with figure 6.20, where a distinct minimum appeared in the radii-averaged detector signal at IR
pulse intensities between 3 to 8 ˆ 1012 W cm´2. The origin for this minimum was traced back to the
phase factor δ crossing unity at these intensities, which in return, significantly reduced the scattering
cross-section, and, thereby, the detector signal.

The way how the effective IR pulse intensity is calculated for the 15th harmonic in figure 6.24 leads
at some time close to 0 fs to an effective IR field intensity between 3 to 8 ˆ 1012 W cm´2, after which
the detector signal is heightened again, which explains the two local minima next to 0 fs.

However, the experimental data’s temporal resolution leaves the experimental verification of this
dent inaccessible to resolve.

41Stdel ,scat(tdel , x) = Stdel ,scat(´tdel , x)
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Figure 6.23: Simulated
multicolor40 diffraction
images for delays between
0 to 40 fs and radii between
200 to 600 nm. The maximum
and minimum value between
which the colormap scales,
is being held constant for
alle images. Every image is,
therefore, comparable with
every other image. Only
positive delays are shown
because the simulations are
mirror-symmetric w.r.t. the
origin at 0 fs; The diffraction
image at tdel = 16.6 fs looks
identical to the one for
tdel = ´16.6 fs. Diffraction
images for delays larger
than or equal to 40 fs were
non-discernible from their
unperturbed counterparts.
A significant change in
brightness as well as structure
appears for delays smaller
than 33 fs. See text for further
discussion.
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Figure 6.24: This figure shows the comparison between the simulated XUV detector signal for the individual as
well as the superposition of the 13th and 15th harmonic and the experimental data, which was introduced in
figure 6.4. The experimental data shown here is the for fluorescence-adjusted decrease in XUV detector signal
in figure 6.8 c). The normalization of the experimental data is as in figure 6.8 c), where 1 corresponds to the
XUV detector signal in the static case without an IR pulse present. The y-axis error is the 95 % CI of the detector
signal and the x-axis error is fixed to 7 fs, see section 3.4.4. See text for further discussions.

Furthermore, using this simulation method, the experimental conditions for the data recorded at
the FERMI FEL42 can be recreated.

The corresponding simulation for the FERMI data is shown in figure 6.25, where the simulation was
carried out for two single-color pump-probe experiments at 19.4 eV (solid blue) and 21.5 eV (solid
orange). Experimental data between ´500 to 500 fs is only available for the XUV pulse tuned to
21.5 eV (orange scatter points), apart from a single scatter point at 0 fs (blue scatter point). Since all
available experimental data at a photon energy of 19.4 eV is limited to t = 0 yet employed multiple
doping scenarios, it was averaged to provide a more accessible visual guide; the corresponding
y-axis error bar was adjusted to account for the combined errors of all data points at 19.4 eV.

Just as in figure 6.24, figure 6.25 shows a good agreement w.r.t. the magnitude of the decrease for
both XUV pulse energies. The simulations show the observed deep decrease for a probing pulse
tuned to 19.4 eV and a shallow one for a pulse tuned to 21.5 eV.

The simulations also fail to reproduce the correct width of the decrease, which can be seen from data
for the XUV pulse tuned to 21.5 eV, where for delays ˘ 200 fs the detector signal is still decreased
while the simulation shows a complete recurrence to the level of the unperturbed detector signal.
However, the y-axis uncertainties for the ˘ 200 fs delays are considerable, prohibiting an ultimate
assessment on whether the width was correctly reproduced or not.

42Central wavelength of the dressing IR pulse is 785 nm (1.58 eV) with an intensity of 8 ˆ 1013 W cm´2. Two XUV pulses
simulated in two single-color experiments: One at 19.4 eV (63.9 nm) and one at 21.5 eV (57.7 nm), both at an intensity of
3 ˆ 1014 W cm´2. The FWHM of the XUV as well as for the IR pulse was set to 90 fs.
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Figure 6.25: Simulated XUV detector signal corresponding to the data recorded at the FERMI FEL, see section
6.2.3 for pump-probe delays between ´500 to 500 fs. The central wavelength of the dressing IR pulse used
for the simulation is 785 nm (1.58 eV) with an intensity of 8 ˆ 1013 W cm´2. Two single-color experiments
are simulated. One at 19.4 eV (63.9 nm) and one at 21.5 eV (57.7 nm), both at an intensity of 3 ˆ 1014 W cm´2,
where the FWHM of the XUV as well as for the IR pulse was set to 90 fs (see also Langbehn, 2020). There
is no estimate on the x-axis error available, however, as the delay was verified during the experiment via
autocorrelation measurements, the error is expected to be small compared to the delays where data was taken
(Langbehn, 2020). This figure aims to recreate the experimental data from figure 6.6, where the experimentally
observed values for all detector signals with 19.4 eV were averaged for better comparability.

So, the underestimation of the width of the decrease is a central problem of the simulation routine,
and possible reasons include:

1. The simulations lack any knowledge of nanoparticle effects and ionization processes, as
described in section 2.3.2. Such effects will change the nanodroplet’s response to the dressing
laser and may prolong the period with a decreased scattering response.

2. The uncertainties in measurements on the IR pulse length, shape, and intensity are non-
negligible and may introduce significant errors, see section 3.3 and 3.4.4. This uncertainty
cannot be resolved in this thesis and may even be responsible for the full discrepancy between
the simulated and measured widths of the decreased detector signal.

3. As the simulation routine always simulated a static scenario in which the XUV pulse was held
fixed in the center of an IR pulse with a modified intensity throughout multiple simulations, a
constant effective IR field had to be calculated for a given time delay. The calculation of such a
constant electric field, with which the scattering images were simulated, can be considered a
mean-field approximation, which in the given case, may be inadequate to quantify the correct
time-interdependence between the IR and the XUV pulse.

A more thorough discussion of these limitations is provided in section 6.3.11.

Concluding, the presented approach to port the static XUV detector signal from the last section to a
dynamic pump-probe setting can reproduce the general effect, its strength, but only to a limited
extend the delay range of the experimentally measured decrease in XUV detector signal. The
simulation predicts the depth of the decrease in the multicolor experiment from this thesis and in
both single-color settings for data recorded at the FERMI FEL for a 785 nm dressing laser and two
XUV pulses tuned to 19.4 eV and 21.5 eV, respectively.
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As such, this simulation routine provided a qualitative reproduction of the central experimental
finding, and albeit the underestimation of the width of the decreased detector signal, it yields
valuable insights into the electronic dynamics of macroscopically large helium nanodroplets. The
atomic electronic structure that sits at the bottom of the here presented model is adequate so that its
AC Stark induced modifications can reproduce the experimental results within reasonable accuracy.
However, before discussing the experimental results in light of the here presented model, the
simulation routine also needs to predict the structural changes in the diffraction images that were
observed in the experiment, see section 6.2.2, which is discussed in the next section.

6.3.10 Simulating the structural changes

In section 6.2.2, the observable structural changes within the diffraction images when the IR and
the XUV pulse overlap, are quantified with two metrics that are calculated from radial slices of the
diffraction images: First, the median scattering angle spacing, and, second, the number of images
with at least three found maxima.

The tuning-parameters of the algorithm used for finding these maxima in the radial slices were
held constant for all images in all delays, which makes the found number and their spacing
comparable across all time-delays. The result of this calculation is shown in figure 6.5 b), where the
conclusion was that during the decrease in XUV detector signal between 70 to ´40 fs there are not
only significantly fewer images exhibiting identifiable airy rings (meaning more than three maxima),
the ones that are still visible, seem to correspond to to larger nanodroplets, as they show smaller
median scattering angle spacings.

In section 6.2.2 a first explanation is given. Since the scattering cross-section scales linearly with the
size of the nanodroplet, see section 2.2.3, and, therefore, only larger nanodroplets should be visible
when the overall detector signal of the diffraction images is lower on a detector which is limited by
its SNR. Meaning, at some point the experimental noise is stronger on the detector then the signal,
which translates to a threshold for how many scattered photons can be detected, and since fewer
photons are scattered by smaller nanodroplets, only larger nanodroplets will remain visible when
the overall detector signal is reduced during the overlap of the XUV and the IR pulse.

This interpretation is perfectly valid in any case. However, the question remains if the electronic
shift of the refractive properties of the nanodroplets is, in addition, partially responsible for the
change in the structure during pulse overlap. If so, then the median scattering angle spacing should
not change in the simulation during pulse overlap as in the simulation, the virtual detector is not
limited by its SNR.

Now, multicolor radial slices for nanodroplets with radii between 50 to 800 nm were simulated for
delays between 0 to 40 fs43 and analyzed using the same algorithm to find maxima as in section
6.2.2.

Since the simulated images are noise-free, the number of radial slices at least three maxima cannot
be directly compared to the experimental data, as the algorithm is in the simulated case not limited
by the SNR of the detector as compared to the experimental data. However, a connection that
appeals to the argument of overall fewer observable diffraction images can be drawn from the
average number of found maxima within the radial slices. Furthermore, the median angle spacing

43Only positive delays need to be modeled due to the mirror-symmetry w.r.t. to the origin at 0 fs. Furthermore, radial
slices for delays larger than 40 fs are non-discernible from their unperturbed counterparts.
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Figure 6.26: This figure shows the simulated time evolution of the average number of maxima in calculated
radial slices for each delay(left y-axis and blue solid line) and the mean of the median scattering angle spacing
of these found local maxima (right y-axis and red solid line). For a direct comparison, the experimentally
observed mean of the median scattering angle spacing from figure 6.5, is show along the simulation and using
also the right y-axis. The temporal error for the experimental data is estimated to be 7 fs, see section 3.4.4, and
the y-axis error is estimated from the SNR of the scattering images, it is, therefore, larger for delays between 70
to ´40 fs where the scattering images are reduced in brightness.

is comparable after all and reveals insight into how nanodroplets appear to change in size when
imaged while a dressing IR pulse is present.

Therefore, figure 6.26 shows the delay-dependent change of the average number of maxima within
the radial slices and the mean of the median angle spacing of these maxima for all delays. The
number of maxima within the radial slices is in solid blue and uses the left y-axis, while the mean of
the median scattering angle spacing is in solid red and uses the right y-axis. For a direct comparison,
the experimentally observed mean of the median scattering angle spacing from figure 6.5 is plotted
as red scatter points along with the simulation and is also using the right y-axis.

The simulation of the average number of maxima shows that during the overlap of both pulses, the
number of maxima is significantly reduced from 7.4 to 5.6. The threshold in the experimental data
for flagging a diffraction image as having identifiable airy rings was that it should have three maxima
at least and, thereby, using this threshold would not show any change at all in the simulated images,
as they all show across all delays at least 5.6 maxima.

However, when randomly setting this threshold to 6.0, 43.2 %44 of all simulated diffraction images
would be classified as not having identifiable airy rings, which is just for illustrative purposes
as the choice for such a threshold is arbitrary and prohibits a direct comparison on that matter.
Nevertheless, since the highest maxima within a radial slice in a scattering image are at smaller
scattering angles, the decrease in the average number of maxima in figure 6.26 shows that diffraction
images produced by an IR dressed nanodroplet loose information at the outermost scattering angles,
which is in line with the at least three maxima metric in figure 6.5.

More importantly, the simulated mean of the median scattering angle spacing shows a drop from
2.1 to 1.8°, and while this is an overestimation compared to the experimental data, the simulation
clearly shows that when using Mie theory to infer the size distribution of the imaged nanodroplets,

44This is calculated and not deducible from figure 6.26 alone
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it would lead to different results for data recorded in the presence of a dressing IR pulse compared
to data in an unperturbed setting.

Therefore, the simulated nanodroplets appear larger as they are due to the changed refractive index
during the overlap of both pulses

The prediction by the simulation routine that these new refractive indexes lead within Mie scattering
theory to smaller radii of the imaged particles is corroborating evidence that the here introduced
simulation routine captures at least qualitatively the physicality of what the nanodroplets experience.

Concluding, simulations of multicolor radial slices for nanodroplets with radii between 50 to
800 nm, simulated for delays between 0 to 40 fs, show that in the presence of a dressing IR pulse the
nanodroplets appear larger when analyzed with Mie theory and they exhibit a loss in brightness
for larger scattering angles. As the increase in absorption is a result of the Stark-shifted 1s 2p
absorption peak which greatly influences scattering from the 13th harmonic, the change in structural
information could qualitatively be motivated as a change of the imaged body from a disk (low
absorption) to a sphere (high absorption), which come with different Porod coefficients and, thereby,
with different scattering properties.

As now all experimental observations are qualitatively reproduced within reasonable agreement, it
is time to critically discuss and assert the overall applicability and limitations of the here presented
simulation method. After this discussion, section 6.4 provides a thorough conclusion as well as a
perspective on how to further investigate the implications derived in this analysis.

6.3.11 Limitations of the here presented simulation method

This section provides two things. First, a full list and re-assertion of all so far introduced approxi-
mations and, second, a more thorough discussion on design choices and experimental boundary
conditions that were only partially addressed throughout the derivation of the simulation routine.
This includes:

• Section 6.3.6 found that all β values need to be clipped to prevent light emission at specific
frequencies (Beck et al., 2015; Chen et al., 2012, 2013; Gaarde et al., 2011). This clipping is a
somewhat arbitrary design choice, and the consequences of this choice are discussed in this
section in more detail.

• Rather independent of the simulation routine itself, the simulation conditions were chosen
to match the experimental conditions. However, throughout the experiment, these condi-
tions were not as well characterized as we would have wished for, see section 3.3 and 3.4.4.
For example, the IR dressing laser’s central wavelength is expected to have slightly varied
throughout the experiment. The implication for the analysis of data recorded under such
circumstances is also discussed in this section.

However, first we provide a brief overview and discussion of the already introduced approximations
of the simulation routine:

1. The spin-free non-perturbative TDSE calculations (Awasthi et al., 2008; Muller, 1999; Nandor
et al., 1999; Patchkovskii and Muller, 2016) in section 6.3.4 are based on the SAE as well as
the dipole approximation. Usage of the SAE approximation is well-established as it has been
found to produce reliable results in comparable simulations on AC Stark induced shifts in
atomic helium subjected to external fields up to 1 ˆ 1014 W cm´2(Perry et al., 1989), and the
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dipole approximation is reasonably fulfilled as the shortest irradiation wavelength is 49.6 nm.
In contrast, the van-der-Waals radius of a helium atom is 0.14 nm.

As the SAE approximation does not allow for relaxation of the active electron (Awasthi et
al., 2008), relaxation is artificially enforced in the form of a window function whose window
length τ is chosen so that subsequent unperturbed calculations on β, in the refractive index,
correspond to literature values for liquid helium (Lucas et al., 1983). See section 6.3.4 and 6.3.6.

2. Deriving the CMR in section 6.3.6 is carried out under the assumption that the external field is
uniform. Which cannot be true in the given experimental context, as the mean nanodroplet
radius is 400 nm, and the XUV probing wavelength varies between 47 to 73 nm, whereas the
IR dressing laser is tuned to 798 nm. Therefore, the spatial extend of both pulses is on the
same order as the nanodroplets themselves, and, thereby, can never appear uniform to the
nanodroplet.

However, the uniform field assumption may be relaxed, as it essentially states that local field
effects should not contribute significantly to the medium’s overall behavior. Local field effects,
however, if they were significant, would strongly enhance the ongoing ionization avalanching,
as ionization avalanching is mainly driven by an EII chain, see section 5.3.2. Such EII chains
in large nanoparticles are substantially enhanced by local field effects, increasing the highest
possible charge states in large irradiated nanoparticles by up to nanoparticles by up to 40 %
(Arbeiter and Fennel, 2011; Fennel et al., 2010; Fennel, Ramunno and Brabec, 2007), which
means that the overall ionization yield of the ongoing ionization avalanching may be partially
linked to the strength of local field effects.

In section 6.3.6, the case is made that the decrease in detector signal that we seek to explain
is not affected by the onset and evolution of the ionization avalanching process, see figure 6.4.
Furthermore, the recorded scattering images for positive as well as negative delays without
pulse overlap, |t| ą 60 fs, show an adiabatic process, meaning the scattering images at large
negative delays, where ionization from ionization avalanching should be significant, appear
similar as for large positive delays, see section 6.2.2 and especially figure 6.3. This allows the
interpretation that the ongoing ionization avalanching is too weak to effectively ionize the whole
nanodroplet, and only manages to ionize negligible amounts of the nanodroplet.

Therefore, the argument goes that as ionization avalanching is too weak to ionize the nanodroplet
significantly, local field effects may be regarded as negligible as well, and the assumption that
a uniform field is needed for the applicability of the CMR may be relaxed to some degree.

Furthermore, the negligible amount of ionization due to ionization avalanching plays right into
an additional assumption within the CMR that needs to be discussed: The dielectric sphere
assumption, which is violated when quasifree electrons due to ionization avalanching would
transform the insulating helium nanodroplets to a conductive medium. In theory, this is
the case when both pulses overlapor when the XUV pulse precedes the IR pulse. However,
since the influence of ionization avalanching has already been described as negligible, the
nanodroplets may be regarded as dielectric spheres even during the overlap of both pulses.

3. A fundamental limitation of the simulation is its inability to account for blue- or red-shifts
of atomic resonances that occur in the transition from atomic to bulk matter. For example,
the 1s 2p resonance in liquid helium nanodroplets is at 21.61 eV, which is 0.4 eV blue-shifted
compared to atomic helium (Joppien, Karnbach and Möller, 1993).
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While the increased linewidth for liquid nanodroplets at the resonance is implicitly taken
into account by the window parameter τ, the unperturbed blue-shift is left unaccounted for.
However, merely shifting all unperturbed states so that the simulated and the experimental
1s 2p resonance would match, would result in wrong excitation energies for 1s np with n ď 3,
because higher-lying states in helium exhibit a different shift when transitioning from being
atomic to large nanodroplets (von Haeften et al., 2001). Furthermore, it would distort the
AC Stark induced shifts, as those shifts are explicitly dependent on the energy position of
their surrounding states. For example, repulsion effects due to the population of nearby
states depend directly on the detuning of all involved states w.r.t. to the incoming laser, see
equation 6.17 and section 6.3.5. This dependence would result in different AC Stark shifts if
the unperturbed energies were collectively blue shifted.

Therefore, the position of the unperturbed resonances were left untouched, which means it
remains a fundamental limitation of the model and most probably prohibits its application
to more complex targets then helium nanodroplets. As helium nanodroplets exhibit a band
structure that has been described as atomic-like (von Haeften et al., 2001, 2011) where estab-
lished excitonic models for more complex rare-gas nanoparticles are not applicable (Joppien,
Karnbach and Möller, 1993; Joppien, Müller and Möller, 1993; Wörmer, Joppien, Zimmerer and
Möller, 1991). Therefore, AC Stark induces shifts in electronically more complex systems like
metallic and semiconductor nanoparticles are probably better described by directly modeling
the DFKE, which is based on an excitonic description of the nanoparticle (Jauho and Johnsen,
1996; Lucchini et al., 2016, 2020; Mysyrowicz et al., 1986). However, a full DFKE simulation is
limited to the non-resonant case and is beyond the scope of this dissertation; this is further
discussed in section 6.4 as a possible pathway for future research.

4. As the delay-dependent XUV detector signal is calculated retroactively from XUV detector
signal calculations in a static setting, where the XUV IAP pulse is always located in the center
of the IR pulse, sub-cycle and quantum - or which-way - interference effects (Chen et al., 2013;
Chini et al., 2012; Johnsson et al., 2007; Krausz, 2016) are ignored. See section 6.3.9 and the
discussion on the static field assumption in item 2 in this list. However, this limitation is
considered to be negligible for the given experimental data as the temporal resolution in the
experiment is too low for resolving such effects.

5. The lack of measurements on the IR pulse length may introduce a significant source for error
for validating the simulations, see section 3.3 and 3.4.4, as it is unknown if the simulation
underestimates the width of the decrease in detector signal or if we underestimate the real pulse
length. Unfortunately, this cannot be resolved in this thesis. This error could be responsible
for the full discrepancy between the simulated and measured widths of the decreased detector
signal, see section 6.3.9 and figure 6.25.

For example, recalculating figure 6.25 with an assumed IR pulse length of 60 fs can satisfactory
reproduce the observed width and depth, see this re-calculation in figure G.1 in Appendix G.

Ideally, this question would be resolved by comparison with the FERMI data as there the pulse
length of the dressing laser is known. However, only five data points with a very high y-axis
error at an photon energy of 21.5 eV are not enough to reassure that the simulation routine can
correctly predict the width of the decrease or not.

Furthermore, the experimental setup’s mechanical limitations provide additional sources
of errors for the observed width of the decrease. For instance, the demanding use of the
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Figure 6.27: This figure shows a scan of the XUV detector signal with and without β clipping for nanodroplets
with radii between 50 to 800 nm, where only the change between the unperturbed and the dressed nanodroplets
is shown. The dressing’s laser intensity is set to 9 ˆ 1012 W cm´2. The color coding is identical to figure 6.16,
6.18, 6.19 and 6.20. Meaning, it is normalized so that 1 corresponds to no change compared to the unperturbed
signal, and is scaled between 0 (Coded in full blue: Csca = 0) and 2 (Coded in full red: The detector signal is
at least double as much as in the unperturbed case). Both top onsets show the radii-averaged detector signal
for IR wavelengths, where the average was weighted according to the experimentally expected exponential
nanodroplet radii-distribution with mean 400 nm, described in section 3.4.3.

delay stage over hours may have introduced a deviation between the temporal alignment
of both pulses, as we operated it at the limits of its temporal resolution. Then, as discussed
in section 3.3.2 and 3.4.3, the used laser system suffered from a timing jitter between the
idler pulse in the optical parametric amplifier and the IR pulse from the first amplifier stage,
which caused a slowly progressing reduction in IR flux, and thereby, XUV flux. Although we
repeatedly corrected this during the experiment, it, still, could have introduced an additional
and evolving temporal as well as spatial misalignment between both pulses over time.

As mentioned in the introduction, one of the more severe problems that so far has not been discussed
is that during the experiment, critical parameters were not measured during the experiment45, see
section 3.3 and 3.4.4. These parameters were estimated from the measured photon energy of the 13th
harmonic in a previous experiment that was carried out at the same beamline under comparable
conditions46, from which the central wavelength of the IR dressing laser was estimated at 798 nm.

Therefore, it may be that the recorded nanodroplets in the experimental data were irradiated by a
798 nm IR laser

However, the case is made here that as the data does not show a significant amount of statistical
outliers, see section 3.4.3, the underlying physical process in the nanodroplets during the overlap of

45The central wavelength, pulse length as well as the pulse intensity at the interaction region
46B. Schütte, Max-Born-Institute (MBI) Berlin, personal communication, November 14, 2018
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both pulses must be very similar for different dressing wavelengths.

Therefore, the simulation routine should predict that slight changes in the dressing wavelength
produce only slight changes in the detector signal.

For ease of visualization and because they are intertwined, the simulation’s dependence on the
dressing wavelength is discussed along with the ad-hoc clipping of β, as mentioned in this section’s
introduction, when calculating the refractive index.

Calculations of the XUV detector signal with and without β clipping and dependent on the dressing
wavelength are shown in figure 6.27. The figure shows the same visualization layout and colormap
normalization as figure 6.16, 6.18, 6.19 and 6.20, but figure 6.27 uses instead of the IR pulse intensity
along the x-axis the IR wavelength. The color coding then refers to the change in XUV detector
signal between the unperturbed calculations and at an IR intensity of 9 ˆ 1012 W cm´2.

First, describing the detector signal’s dependence on the dressing wavelength with β clipping (b in
figure 6.27). There, the weighted average in the top onset shows for IR wavelengths between 795 to
805 nm a decrease to 0.4 to 0.6, where for IR wavelengths between 790 to 794 nm, the decrease is less
pronounced, showing values between 0.7 to 0.9. Furthermore, for nanodroplets with radii between
95 to 115 nm, the increased XUV detector signal identified in section 6.3.7 as a resonance effect at
the 13th harmonic, appears across all dressing wavelengths and is even stronger pronounced for a
dressing wavelength of 792 nm. Overall, the XUV detector signal for dressing wavelengths between
795 to 805 nm and the radii of the nanodroplets are anti-correlated; the larger the nanodroplet’s
radius, the weaker the XUV detector signal. This behavior was already observed and discussed in
section 6.3.7, compare also figure 6.18. For dressing wavelengths between 790 to 794 nm, however,
the XUV detector signal shows a waist whose waistline is minimal approximately at a radius of
400 nm.

The same calculation but without β clipping is shown in a), there, the contour map is almost
identical compared to the calculations with β clipping, only for nanodroplets between 300 to 450 nm
the decrease is less pronounced, resulting in a broader waist than observed with β clipping in
figure 6.27 b). This is mirrored in the averaged XUV detector signal in the top onset, where for
dressing wavelengths between 790 to 794 nm, the averaged XUV detector signal is primarily at the
wavelengths 793 to 794 nm significantly increased compared to figure 6.27 b).

So, broadly speaking, there are two blocks that show a different decrease in detector signal regardless
if β is clipped or not. The first one is for dressing wavelengths between 790 to 794 nm, and the
second one is for dressing wavelengths between 795 to 805 nm. In the first block the decrease in
detector signal is less pronounced, ranging between 0.7 to 0.9, whereas in the second block the
decrease is significantly stronger with values between 0.4 to 0.6. Now, in order to understand this
behavior, it is instructive to designate a representative dressing wavelength for each block and then
compare how these two dressing laser wavelengths modify the absorption landscape near the 1s 2p
resonance. This is done in figure 6.28, where 792 nm and 798 nm are chosen as representative for
both blocks.

There, the x-axis shows the photon energy and the y-axis shows β, where a dashed red guideline at
zero separates absorption and emission processes. Furthermore, vertical solid brown and red arrows
emanating from small plateaus show the change in absorption for the 13th and 15th harmonic
compared to their unperturbed values. So, the plateaus indicate the level of absorption in the
unperturbed case and the arrows point to the dressed absorption value at the respective photon
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Figure 6.28: This figure shows β calculated from simulations with an IR dressing pulse intensity of
1 ˆ 1013 W cm´2 with central wavelengths of 792 nm and 798 nm. The x-axis shows the photon energy and
ranges from 18.5 to 25 eV. The arrow annotations have the width of one IR photon and start at the global
minimum for β, for their respective IR pulse. The dashed red line at zero is meant as a guideline to separate
absorption (positive) and emission processes (negative).

energy. Additionally, for the global minima in the dressed absorption lines, horizontal range-
indicator show the span that one IR photon occupies.

Now, figure 6.28 shows the AC Stark red-shifted 1s 2p absorption peak around 21.1 eV (for IR at
792 nm) and 20.7 eV (for IR at 798 nm) as well as the LIS22 feature around 22 eV, discussed in section
6.3.5.

Furthermore, emission peaks at 19.4 eV (for IR at 792 nm) and 18.7 eV (for IR at 798 nm), approx-
imately one IR photon below the 1s 2p states, as hinted by the horizontal range-indicators, are
present. In the 792 nm case, the 1s 2p and 1s 2s states are distinctively separated by a gap of around
0.7 eV, which is not observed in the 798 nm case. There, both states are superimposed and form a
broad absorption region between 20 to 21 eV. Consequently, the LIS´2s is visible at 18.8 eV (for IR at
792 nm) and 19.3 eV (for IR at 798 nm).

Due to the distance of one IR photon between the emission peaks and the respective 1s 2p resonances,
the most probable explanation for the observed emission is a difference-wave-mixing process off
the dipole-allowed 1s 2p state47.

In the 798 nm case, the 1s 2s, and 1s 2p resonances are superimposed and form a band. Therefore,
the emission photon energy is much lower than in the 792 nm case, which, in return, results in the
LIS´2s feature being much less pronounced, as it partially overlaps with the emission region.

In contrast, the 792 nm case shows a different behavior, where the LIS´2s feature is strongly pro-
nounced and partially supplants the difference-wave-mixing off the 1s 2p state.

47Difference frequency mixing is a second-order nonlinear phenomenon that describes the generation of light at a
wavelength that is the difference of the wavelength of two incoming photons. The mathematical description of this two-color
irradiation in a nonlinear medium leads to a correction term for the polarization which yields the difference of the incoming
pulse wavelengths as a newly generated wave(see section 2.2.1 in this thesis, as well as section 2.4.2 in Fox, 2006). It is a
phenomenon regularly used for tuning solid-state mid- or near-IR lasers, where it is more commonly called parametric down
conversion (Boulon, 2012; Petrov, 2012).
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The splitting, or the lack of it, of the 1s 2s and 1s 2p states, is ultimately responsible for the two
observed XUV detector signal blocks in figure 6.27 of which the 792 nm and 798 nm case were
representative.

When both states merge, the LIS´2s absorption feature appears at higher photon energies, which,
in return, leads to higher absorption values for a probing pulse at the 13th harmonic. This higher
absorption can here directly be translated to a reduced scattering cross-section, and, thereby, to a
stronger decrease in detector signal. The dominant role of absorption at the 13th harmonic to the
observed detector signal is discussed in section 6.3.6.

The reason why the 1s 2s and 1s 2p state are not merged in the 792 nm case is unknown, as in both
IR cases, the unperturbed results are tuned to match the liquid helium reference linewidth via
equation 6.24. AC Stark induced shifts should not deviate so abruptly when changing the central
IR wavelength from 798 to 792 nm as they mostly depend on the intensity of the field and only
in limiting cases on the wavelength (see section 2.2.1 in this thesis, or, for example, section 2.1 in
Delone and Krainov, 1994). A possible pathway to explore this behavior could be the ability to
deactivate specific transitions during simulation-time; this way, a single state could be identified,
which dominantly is responsible for this effect, this possibility is discussed in the next section as
part of the conclusions and perspectives.

Concluding and coming back to the central questions raised in the introduction of this section: First:
Can the simulation reassure the expected experimental resilience w.r.t. the dressing wavelength,
and, second, what are the consequences within the simulations when clipping β.

The analysis here found that the simulation routine can reproduce the experimentally observed
decrease in XUV detector signal for dressing wavelengths between 795 to 805 nm and that clipping
β introduced only for the dressing wavelengths 793 to 794 nm a considerable deviation from the
unclipped XUV detector signal calculation.

Furthermore, the mechanism responsible for producing negative values in β could be traced back
to difference-wave-mixing off the 1s 2p resonance, as emission is only occurring for frequencies
one IR photon below the 1s 2p resonance. A complicated interplay between photon emission due
to difference-wave-mixing and photon absorption at the LIS´2s state could be identified as being
responsible for the different absorption behavior at the 13th harmonic for the dressing wavelengths
798 nm and 792 nm, respectively. The complication arises from differently pronounced AC Stark
shifts of the 1s 2p and 1s 2s state at 798 nm and 792 nm, whereas in the former case 1s 2p and 1s 2s
form a broad absorption band and in the latter case produce two distinct absorption peaks, with
the 1s 2p resonance being much less red-shifted as in the 798 nm case. Ultimately, this interplay
is responsible for producing the differently pronounced XUV detector signal decreases at 790 to
794 nm and 795 to 805 nm.

6.4 Conclusions and perspectives

In this chapter, data is presented and analyzed that was recorded in a multicolor pump-probe CDI
experiment within the WAXS regime48 on superfluid helium nanodroplets that are weakly doped
with few xenon atoms. An HHG-based laser system was used as a light source with a photon
energy of the driving laser of 1.55 eV (798 nm), which places the harmonics that were used as XUV

48Please see section 1.6 concerning the choice of nomenclature



290 Chapter 6. Ultrafast nonlinear scattering response on the fs scale

probe pulse at 17.1 eV (11th - 73 nm), 20.2 eV (13th - 61 nm), 23.3 eV (15th - 53 nm) and 26.4 eV (17th
- 47 nm).

Multicolor diffraction images were recorded for delays between ´150 to 150 fs. Significant deviations
were observed, when pump and probe pulses overlapped in time, namely a decreased brightness
and reduced structures in the diffraction patterns. A measure for the observed brightness of a
diffraction image on the scattering detector was derived and termed XUV detector signal. This XUV
detector signal was found to be strongly dependent on the relative positions of both pulses, where,
during overlap, the XUV detector signal was decreased by about 30 %, and, away from overlap49,
the XUV detector signal was almost identical regardless of the XUV pulse preceding the IR pulse or
vice versa.

These observations indicated an adiabatic process, where the helium nanodroplets remained fully
intact throughout the overlap period of both pulses, a temporal shift of the refractive properties of
the helium nanodroplets due to a nonlinear electronic effect was assumed to be responsible. The
mechanism for such a shift is known from atomic systems as AC Stark effect, whereas in macroscopic
bodies and the non-resonant case it is also known in the semiconductor literature as the DFKE
(Jauho and Johnsen, 1996; Lucchini et al., 2016, 2020; Novelli et al., 2013; Otobe, 2017; Otobe et al.,
2016).

To support the observations, data from an experiment on xenon doped and pure helium nan-
odroplets conducted at the LDM beamline (Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI
FEL (Allaria et al., 2012) was presented as comparison and showed the decrease in XUV detector
signal during the overlap of a strong IR and medium-intense XUV pulse. There, a decrease in
detector signal was distinctly visible for nanodroplets irradiated by an IR pulse with a central
wavelength of 785 nm at an intensity of 8 ˆ 1013 W cm´2 and probed by an XUV pulse tuned to
19.4 eV as well as 21.5 eV, see section 6.2.3.

Moreover, besides the decrease in XUV detector signal, the analysis in section 6.2.2 also showed
structural changes in the diffraction images themselves, were scattering towards higher scattering
angles was strongly modified or wholly depleted.

The change in refractive properties during the overlap of both pulses is the primary experimental
finding of this thesis, and to the best of our knowledge, this is the first time that such an ultrafast
nonlinear electronic effect was captured in a CDI experiment for isolated nanoparticles.

Under the assumption that an atomic-like electronic shift of the refractive properties could explain
the decrease in XUV detector signal in a large superfluid helium nanodroplet, a simulation approach
was introduced, from section 6.3.3 onward, that was entirely defined by the atomic dynamic
polarizability α. The dynamic polarizability was calculated in non-perturbative TDSE calculations of
the dipole response for a helium atom subjected to comparable IR irradiation as in the experiment.

The conceptual idea of this simulation approach was to reduce the intricate, and analytically
intractable, scattering behavior of large helium nanodroplets irradiated by an IR field, whose central
wavelength is on the same order as the radii of the nanodroplets, to an atomistic problem that
could be solved instead. The approach relied on obtaining the atomic dynamic polarizability for
a helium atom that is irradiated by a strong IR pulse and an XUV IAP pulse, where the former
induces the nonlinear response of the atom and the latter probes the atom with a spectrally broad
pulse that covers all probing-wavelengths used in the experiment. The use of a mean-field model

49After correcting for fluorescence, see section 6.3.1 and especially figure 6.8c)
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from effective medium theory (Choy, 2016) enabled the calculation of an effective index of refraction
from the atomic dynamic polarizability, with which scattering images could be calculated by Mie
scattering theory. The so calculated scattering images were then integrated much in the same way
as the experimental images, with the result that these calculations could qualitatively reproduce the
experimental XUV detector signal.

The model that connected the microscopic dynamic polarizability with the effective macroscopic
index of refraction was chosen to be the Clausius-Mossotti relation (CMR), a mean-field model
in which an array of ideal dipoles is assembled in a dielectric sphere and exposed to a static and
uniform external electric field. The validity of the assumptions within the CMR was extensively
discussed in section 6.3.11, where it was highlighted that such a simplistic model enabled to relate
the atomistic TDSE calculations to the effective index of refraction in the most accessible and
straightforward fashion, were more sophisticated mean-field models would necessarily introduce
additional dependencies, parameters, and assumptions, see section 6.3.6.

Besides, the idea of avoiding a more sophisticated mean-field model, as discussed in section 6.3.6,
was further motivated by the fact that helium is peculiar in many regards due to its very small
density (Joppien, Karnbach and Möller, 1993), which results in band structures in large helium
nanodroplets being described as atomic-like (Joppien, Karnbach and Möller, 1993; Joppien, Müller
and Möller, 1993; von Haeften et al., 2001, 2011), see also section 2.5.2. Therefore, a mean-field model
was desired that depends only on atomic-scale calculations.

The idealized macroscopic dielectric sphere implicitly encapsulated the TDSE dipole response
calculations, where the refractive index in the sphere served as an effective - and frequency, as well
as IR intensity, dependent - nonlinear measure of the optical response of the modeled medium.

Since in the simulations, the relative position between the XUV IAP and the IR pulse was held
fixed, with the XUV IAP being in the center of the IR pulse, the so calculated multicolor XUV
detector signal corresponded to the experimental conditions at 0 fs. These calculations were carried
out for the 13th and 15th harmonic of the IR laser and nanodroplets between 50 to 800 nm for IR
intensities between 0 to 8.77 ˆ 1013 W cm´2, with the result, that the simulated XUV detector signal
was indeed sharply decreased when an IR pulse is present. The multicolor simulations showed
that IR intensities as low as 3 ˆ 1011 W cm´2 sufficed to reduce the radii-averaged detector signal to
about 70 % while starting at 1 ˆ 1012 W cm´2 the detector signal reached a plateau-like minimum at
« 60 %, for which it mostly remained when further increasing the IR intensity.

In the simulations, the decrease in the multicolor detector signal was traced back to the dominant
contribution of the 13th harmonic, for which the scattering cross-section of XUV light significantly
decreased when the IR intensity increased. In contrast, the scattering cross-section of the 15th
harmonic remained almost constant. The mechanism that decreased the scattering cross-section at
the 13th harmonics wavelength was identified to be a drastic change in the refractive properties of
the effective medium. In the underlying atomistic interpretation this change in refractive index was
due to an AC Stark induced red-shift of the 1s 2p resonance of atomic helium, see figure 6.12 and
6.13 as well as the discussion in section 6.3.6.

Then, the static simulation routine was expanded in section 6.3.9 to a pump-probe setting to
reproduce the time-dependency of the experimentally observed XUV detector signal. This was done
by calculating an effective IR intensity for every given delay tdel based on a weighted average whose
weights corresponded to the number of photons that could contribute to the scattering process given
that the delay between both pulses was tdel , see section 6.3.9.
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The so-calculated time-dependent multicolor diffraction images showed a significant change in
brightness and structure for delays smaller than 33 fs, where predominantly larger scattering angles
decreased more in brightness and changed in structure the stronger the IR pulse intensity was.
Qualitatively this could be seen in two large grid plots, with representative images for each delay, in
figure 6.3 and figure 6.23, respectively.

From there, the experimental time-dependent XUV detector signal from figure 6.4 was recreated
with the core results:

1. The simulation of the experimental multicolor XUV detector signal is in terms of the depth of
the decrease in excellent agreement with the experimental data.

2. The width of the decrease in the simulated multicolor XUV detector signal is smaller than in
the experimental data.

Furthermore, the experimental CDI data obtained at the FERMI FEL, for the off-resonance probing
photon energy of 19.4 eV and the resonance case at 21.5 eV, could also be reproduced within the
same qualitative margin with which the data in this thesis was simulated, see figure 6.25.

Finally, the simulation routine proved adequate to reproduce the overall changes in the structure of
the diffraction images presented in section 6.2.2 and simulated in section 6.3.10. In section 6.2.2, the
observable structural changes within the diffraction images when the IR and the XUV pulse overlap,
were quantified with two metrics that were calculated from radial slices of the diffraction images:
First, the median scattering angle spacing, and, second, the number of images with at least three
found maxima. The conclusion was that during the decrease in XUV detector signal between 70 to
´40 fs the number of scattering images exhibiting identifiable airy rings (meaning more than three
maxima) was not only significantly lower, the ones that were still visible corresponded to larger
nanodroplets, as they showed smaller median scattering angle spacings.

The simulation of these two metrics then showed that a likely partial explanation of this effect is that
during the overlap of both pulses, the nanodroplets appear50 indeed larger as they are, see section
6.3.10.

Concluding, considering the number and breadth of successful qualitative predictions made by
the here presented simulation routine, it is presumable that the presented approach is providing
a glimpse into the ultrafast strong-field physics of macroscopic helium nanodroplets. The non-
perturbative atomistic calculations on helium in combination with a simple mean-field model and
classical Mie theory were able to qualitatively reproduce the decrease in XUV detector signal not
only for the complicated near-resonance multicolor scenario presented in this thesis but also for
the off-resonance scenario in the data recorded at the FERMI FEL. Furthermore, the simulations
predicted the experimentally observed structural changes that appeared in the scattering images up
to a high degree and, thereby, provided corroborating evidence that the simulation approach indeed
captured the underlying physical process of the refractive behavior of dressed superfluid helium
nanodroplets.

This thesis was solely intended as being the stepping stone into what has been termed in the intro-
duction, QCDI - scattering experiments where the scattering response is expected to be nonlinear.
Furthermore, the analysis here was based on a simplified model that connected quantum-mechanical
atomic calculations with classical scattering theory; new approaches, however, have to be developed
to tackle these regimes for a quantitative description.

50If analyzed by Mie theory
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One approach may be a multi-level and density matrix-based scattering model, as proposed by
Kruse et al. (2020), which could pave the way towards a quantitative description of even more
complex systems as helium in the resonant case. Also, DFT based models could provide this link
in the non-resonant case, for example, by employing a model like the DFKE (Jauho and Johnsen,
1996; Lucchini et al., 2016, 2020; Mysyrowicz et al., 1986), and, finally, more elaborate mean-field
models, as discussed in section 6.3.6 could provide a more quantitative link by tailoring the used
model specifically to the target domain that is analyzed.

Ultimately, research within this field is at its beginning, where quantum and atomic sub-cycle,
strong-field, and wavelength-regime effects need to be married with the extensive classical research
on small and large nanoparticles.

The next section provides the complete conclusion of this thesis and a thorough discussion of
possible future research pathways.
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Chapter 7

Summary & Outlook

In this thesis, a wide breadth of very different physical and computational theories and methods
were introduced, discussed, and used to analyze multiple complex datasets on superfluid helium
nanodroplets. Readers with a background in classical scattering physics, which includes the
author, were pushed to dive into not only the quantum-mechanical but also in machine-learning
territory. However, the requirements for analyzing time-resolved single-shot single-particle coherent
diffraction imaging (CDI) experiments shift inevitably towards those two regimes, where future
researchers will have to balance and explore various new approaches to understand what drives
nanoparticles on the most extreme timescales.

This section now concludes this journey and summarizes what has been derived and learned.
Furthermore, it tries to provide an outlook for possible future research pathways, as there are plenty.

In all generality, this thesis can be split into a physics and a computer science contribution. The first -
and primary - contribution was the realization and analysis of two infrared (IR), extreme ultra-violet
(XUV) pump-probe multicolor single-shot on single-particle CDI experiments within the wide-angle
X-ray scattering (WAXS) regime1 facilitating an high harmonic generation (HHG)-laser system, and
the second contribution was the adaptation, expansion and validation of the capabilities of deep
neural networks (DNNs) in the domain of diffractive imaging, where new state-of-the-art results
could be achieved within the supervised and unsupervised learning paradigms.

Deep learning assisted diffraction imaging

Within the paradigm of supervised learning, several novel additions for how to transfer the current
state-of-the-art techniques to the domain of diffractive imaging were made:

1. A unique activation function that incorporates the intrinsic exponential intensity scaling of
diffraction images.

2. An evaluation of the impact of different training set sizes on the performance of a trained deep
neural network (DNN).

3. The use of the two-point cross-correlation function to improve the resistance against very
noisy diffraction data.

Furthermore, it was shown that even in the most basic configuration, DNNs outperform previously
established sorting algorithms by a significant margin.

1Please see section 1.6 concerning the choice of nomenclature
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Figure 7.1: Shown is the top
5 classification accuracy3 of
multiple DNN architectures
compared to human per-
formance on the ImageNet
dataset (Russakovsky et al.,
2015). Data for this figure
is taken from: https://
paperswithcode.com/sota/
image-classification-on
-imagenet. The human-level
top 5 classification accuracy is
from Russakovsky et al. (2015).

Then, within the paradigm of unsupervised learning, an advanced variation of a variational autoen-
coder (VAE) called a β-TCVAE was trained. Training such an algorithm produced a low-dimensional
representation of the training dataset, called a latent space. This latent space enabled the analysis of
the dataset on various levels.

Due to penalizing the latent space during training in favor of modeling it as a mixture of normal
distributions whose individual latent encodings are enforced to be as independent as possible, the
latent space could be analyzed using statistical measures. The result of such a training process was
that the latent space could be used to extract rich and meaningful information in a fully unsupervised
fashion, which include:

1. Visualizing the latent space using another neural network-based approach, namely a genera-
tive topographic mapping (GTM). With this visualization, it was possible to directly see that
the VAE learned to differentiate between the dataset’s classes.

2. Scanning the latent space directly to browse continuously through the latent space and discover
the dataset’s characteristic features without ever having to look at an actual image.

3. Clustering the latent space using a traditional clustering algorithm to obtain class predictions.
The combination of using a gaussian mixture model (GMM) on the VAEs latent space provided
a powerful approach to obtain high-quality and state-of-the-art predictions on a dataset
containing diffraction images displaying complex patterns. Previous approaches were only
able to differentiate between different airy patterns spacings in diffraction images, and while
the GMM/VAE approach retains this property, it also allows for the first time to extend sorting
diffraction images to complex spatial similarities.

Furthermore, several possible pathways for future research were discussed, such as (i) using simu-
lated diffraction images as training data for a classifier that can be used as an online-analysis tool
during an experiment, (ii) learn the non-linear and unknown detector response function using con-
cepts from transfer learning (Li et al., 2019; Tang, Liu, Xu, Torr and Sebe, 2019; Zhu, Park, Isola and
Efros, 2017), (iii) improving the dependency of DNNs training sample size (X. Chen, Fan, Girshick
and He, 2020; Karras et al., 2020; Shaham, Dekel and Michaeli, 2019), and (iv) highlighting areas-of-
interest in diffraction images using image segmentation techniques (Engelmann, Kontogianni and
Leibe, 2019; Tao, Sapra and Catanzaro, 2020; Zhang et al., 2020).

Modern DNN architectures show in terms of image classification tasks and information retrieval

https://paperswithcode.com/sota/image-classification-on-imagenet
https://paperswithcode.com/sota/image-classification-on-imagenet
https://paperswithcode.com/sota/image-classification-on-imagenet
https://paperswithcode.com/sota/image-classification-on-imagenet
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Figure 7.2: The notorious helium nanodroplet, here
with dopant atoms. Figure from: Toennies and
Vilesov (2004).

from images already super-human2 performance. This can be seen in figure 7.1, where the top 5
classification accuracy3 of several DNN architectures is compared to the human performance on the
ImageNet dataset (Russakovsky et al., 2015), where the data for the human performance was taken
from Russakovsky et al. (2015).

Modern DNNs outperform us for five years now. So, as researchers, we need to start implementing
these algorithms into our routines in order to cope with the data produced by the upcoming big-data
age of science. Ultimately, there is a lot of work ahead, for which this thesis acts as an entry point.

Probing ultrafast electron dynamics in helium nanodroplets

As mentioned in the beginning of this section, two IR, XUV pump-probe multicolor single-shot
on single-particle CDI experiments were carried out. The difference between the two experiments
was the intensity of the IR laser in the interaction region. The first experiment used an IR beam
intensity of « 2 ˆ 1014 W cm´2 and the second experiment used a lower IR laser intensity of «
9 ˆ 1012 W cm´2. Nomenclature here was that the first experiment was referred to as the intense IR
pulse configuration, while the second experiment was termed the moderate IR pulse configuration.

Using the intense IR pulse configuration, ultrafast fragmentation dynamics and collectively en-
hanced ionization of helium nanodroplets on the ps scale were observed. An effective and complete
ionization of the nanodroplets could be qualitatively explained by so-called ionization ignition effects
(Mikaberidze, Saalmann and Rost, 2009; Rose-Petruck, Schafer, Wilson and Barty, 1997; Schütte et
al., 2016), of which three variants were identified.

The results there could be broadly put in two categories: Delays between ´0.24 to 0.13 ps and larger
than 0.13 ps.

Between ´0.24 to 0.13 ps, the XUV pulse was overlapping or preceding the IR pulse. The ion
time-of-flight (TOF) spectra showed a complete ionization of the nanodroplets, with only He2+

fragments detected. The corresponding scattering images showed detector-saturating fluorescence,
supplanting every other detector signal. For explaining these observations, an extension to the

2This is a terminus technicus, which simply means better than humans on average.
3The top 5 classification accuracy evaluates if the correct label is within the first five predictions with the highest probability

made by the model.
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ionization ignition model was identified, namely the ionization avalanching mechanism (Schütte et
al., 2016), where the seed electrons, needed for ignition, are provided not by multiphoton ionization
(MPI) of the IR pulse, but by single-photon ionization (SPI) of the XUV pulse. The predictions by
this model were in a good qualitative agreement with the observed ionization dynamics in the ion
TOF spectra.

For all delays larger than 0.13 ps, the ion spectra resembled a superposition of the IR and XUV
ion spectra from the static regime4, where the scattering images revealed more insight into the
disintegration dynamics of the IR irradiated nanodroplet. There, a characteristic disintegration
feature of large nanoparticles, termed speckle patterns (Flückiger et al., 2016), was observed on the
few ps timescale.

The model put forward by Flückiger et al. (2016) explained these patterns as the scattered light
off the remaining nanoparticle debris (Flückiger et al., 2016) after the hydrodynamic surface shell
expansion stopped. This nanoparticle debris exhibits strong density fluctuations, which manifest
themselves as speckle patterns in the recorded diffraction images.

In Flückiger et al. (2016), this was observed at 500 ps for xenon nanoparticles. However, here speckle
patterns appear already after 8 ps. These earlier observations of speckle patterns were motivated by
an approximation of the plasma expansion speed of helium compared to xenon, which is in helium
at least six times faster as in xenon.

Using the moderate IR pulse configuration, multicolor diffraction images were recorded for delays
between ´150 to 150 fs, where they showed significant changes in the case when the probe and
pump pulse temporally overlapped. A measure for the observed brightness of a diffraction image
on the scattering detector was derived and termed XUV detector signal. This XUV detector signal
was found to be strongly dependent on the relative positions of both pulses. During overlap, the
XUV detector signal was decreased by about 30 %, and, away from overlap, the XUV detector signal
was almost identical. Independent of the XUV pulse preceding or succeeding the IR pulse.

These observations indicated an adiabatic process, where the helium nanodroplets remained fully
intact throughout the overlap period of both pulses: A temporal shift of the refractive properties of
the helium nanodroplets due to a nonlinear electronic effect was assumed to be responsible for the
change in XUV detector signal.

Furthermore, data from an experiment on xenon doped and pure helium nanodroplets conducted
at the low density matter (LDM) beamline (Lyamayev et al., 2013; Svetina et al., 2015) at the FERMI
free-electron laser (FEL) (Allaria et al., 2012) confirmed the decrease in XUV detector signal during
the overlap of a strong IR and medium-intense XUV pulse. There, a decrease in detector signal was
distinctly visible for nanodroplets irradiated by an IR pulse with a central wavelength of 785 nm at
an intensity of 8 ˆ 1013 W cm´2 and probed by an XUV pulse tuned to 19.4 eV as well as 21.5 eV.

Under the assumption that an atomic-like electronic shift of the refractive properties may explain
the decrease in XUV detector signal in large superfluid helium nanodroplets, a simulation approach
was introduced that was entirely defined by the atomic dynamic polarizability α.

The conceptual idea of this simulation approach was to reduce the intricate, and analytically
intractable, scattering behavior of large helium nanodroplets irradiated by an IR field, to an atomistic
problem that could be solved instead. The approach relied on obtaining α for a helium atom that
was irradiated by a strong IR pulse and an XUV isolated attosecond pulse (IAP) pulse, where the

4Meaning here, that only one pulse - either the XUV or the IR pulse - was directed at the target, see section 5.2
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former dressed the atom and the latter probed the atom with a spectrally broad pulse that covered
all experimental probing-wavelengths. The use of a mean-field model from effective medium
theory (Choy, 2016), namely the Clausius-Mossotti relation (CMR), enabled the direct calculation of
an effective index of refraction directly from α, with which scattering images were calculated by
Mie scattering theory. The so calculated scattering images could then qualitatively reproduce the
experimental XUV detector signal.

In the simulations, the decrease in the multicolor detector signal was traced back to the dominant
contribution of the 13th harmonic, for which the scattering cross-section of XUV light significantly
decreased when the IR intensity increased. In contrast, the scattering cross-section of the 15th
harmonic remained almost constant. The mechanism that decreased the scattering cross-section at
the 13th harmonics wavelength was identified to be a drastic change in the refractive properties of
the effective medium. In the underlying atomistic interpretation this change in refractive index was
due to an AC Stark induced red-shift of the 1s 2p resonance of atomic helium, see figure 6.12 and
6.13 as well as the discussion in section 6.3.6.

Overall, the simulation of the experimental time-dependent XUV detector signal was in terms of the
depth of the decrease in good agreement with the experimental data, yet underestimated the width
of the decrease in the simulated multicolor XUV detector signal. However, the simulation routine
proved to be able to predict the depth and width of the decrease within the same qualitative margin
for data obtained at the FERMI FEL. This was of special interest, as the FERMI data was obtained
using an off-resonance probing photon energy of 19.4 eV and a resonance probing photon energy of
21.5 eV. Successfully predicting the decrease at these two additional cases provided corroborating
evidence for the validity of the the simulation routine.

Finally, the simulation routine proved powerful enough to reproduce the structural changes of
the diffraction images (presented in section 6.2.2 and simulated in section 6.3.10). The observable
structural changes within a diffraction image during overlap of the IR and the XUV pulse, were
quantified with two metrics that were calculated from radial slices of the diffraction images: First,
the median scattering angle spacing, and, second, the number of images with at least three found
maxima. The conclusion was that during the decrease in XUV detector signal between 70 to ´40 fs
the number of scattering images exhibiting identifiable airy rings (meaning more than three maxima)
was not only significantly lower, the ones that were still visible corresponded to larger nanodroplets,
as they showed smaller median scattering angle spacings.

Interpretation of these simulation results was that during the overlap of both pulses, the nan-
odroplets appear5 larger as they are, see section 6.3.10.

Concluding, this thesis was solely intended as being the stepping stone into what has been termed
in the introduction, quantum coherent diffractive imaging (QCDI): Scattering experiments where
the scattering response is expected to be nonlinear. Furthermore, the analysis here was based on a
simplified model that connected quantum-mechanical atomic calculations with classical scattering
theory; new approaches have to be developed to tackle these regimes for a quantitative description.

One approach may be a multi-level and density matrix-based scattering model, as proposed by
Kruse, Liewehr, Peltz and Fennel (2020), which can pave the way towards a quantitative description
of even more complex systems as helium in the resonant case. Also, discrete Fourier transform
(DFT) based models could provide this link in the non-resonant case, for example, by employing a
model like the dynamical Franz-Keldysh effect (DFKE) (Jauho and Johnsen, 1996; Lucchini et al.,

5If analyzed by Mie theory
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2016, 2020; Mysyrowicz et al., 1986), and, finally, more elaborate mean-field models could provide a
more quantitative link by tailoring the used model specifically to the target domain that is analyzed.

Ultimately, research within this exciting new field is at its beginning, where quantum and atomic
sub-cycle, strong-field, and wavelength-regime effects need to be married with the extensive classical
research on small and large nanoparticles.

Synergistic science

As stated in the introduction to this section: Not only quantum- and classical nanoparticle research
are about to merge, but so are machine-learning and physics in general. The power of wielding a tool
such as algorithms that learn in combination with us learning to tackle new physics is invaluable.

For example, one of the largest problems in the theoretical treatment of large nanoparticles is their
size. Nowadays, sophisticated methods are available for modeling the dynamics for nanoparticles
with sizes of up to ă N ą= 1 ˆ 107 atoms, which are based on either molecular dynamics (MD)
theory, the electromagnetic particle-in-cell (PIC) method, density functional theory (DFT), or the
microscopic particle-in-cell (MicPIC) method6 (Bart et al., 2017; Fennel et al., 2010; Peltz, Varin,
Brabec and Fennel, 2012, 2014). However, treating a helium nanodroplet with six billions atoms7 in
a quantum-mechanical fashion is unthinkable as of now, if tracking of every atom is needed. One
way of tackling this problem could be in applying machine-learning to boost execution time of such
simulations.

A good example for this is the simulation of the Navier-Stokes equation which is a notoriously cum-
bersome ordinary differential equation (ODE) to numerically solve and for most cases analytically
intractable (Sanchez-Gonzalez et al., 2020; Schmidt and Savoye, 2015; Tompson, Schlachter, Sprech-
mann and Perlin, 2016). In that regard it shares similarity with the time-dependent Schrödinger
equation (TDSE). Three very recent deep-learning based approaches for speeding up particle-based
Navier-Stokes simulations have been proposed. They include (i) using a custom convolutional DNN
architecture to realistically imitate the macroscopic appearance8 (Tompson et al., 2016), (ii) using a
Graph-based generative DNN approach that models particles as nodes in a global graph9 (Lample
and Charton, 2019; Sanchez-Gonzalez et al., 2020), and (iii) using residual DNNs to directly solve the
ODEs using the adjoint sensitivity method (R. T. Q. Chen, Rubanova, Bettencourt and Duvenaud,
2018; Lample and Charton, 2019; Sanchez-Gonzalez, Bapst, Cranmer and Battaglia, 2019).

These approaches can speed up computation time by at least one order of magnitude (Lample
and Charton, 2019; Tompson et al., 2016), while only scaling up linearly with the numbers of
particles (Sanchez-Gonzalez et al., 2020), and are parallelizable on a GPU (Lample and Charton,
2019; Sanchez-Gonzalez et al., 2020).

With that on the horizon, is not unrealistic to hope for a full quantum-treatment of a large nanopar-
ticles in the near future, were this thesis stands as the first glimpse into the exciting physics that
awaits us.

6A somewhat extreme massively parallel simulation scheme using the MicPIC method on the IBM Blue Gene/Q computer
with 65 536 physical cores achieved to track 1 ˆ 1011 particles simultaneously (Bart et al., 2017)

7As in this thesis
8See a video of how this works here: https://youtu.be/iOWamCtnwTc
9See multiple video of how this works here: https://sites.google.com/view/learning-to-simulate

https://youtu.be/iOWamCtnwTc
https://sites.google.com/view/learning-to-simulate
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Appendix A

Deep neural network architectures

A.1 Supervised deep neural network architectures

In this section, we describe and explain our choices for neural network architecture to establish as
baseline performance when working with diffraction patterns, before the inclusion of our diffraction
specific activation function, see section 4.5.7 in the main manuscript. We present the theory and
background on available architectures and provide results on two architectures with five depth
layouts.

There are different layer styles from which we can build a neural network. Nomenclature is that a
full arrangement of all layers is called architecture, or configuration, of the network.

For our tests, we use two different neural network architectures, a ResNet and a VGG- Net, both
with multiple depth layouts. For the ResNet, we train and evaluate three depth variations (18, 50
and 101 layers), and for the VGG-Net we train two variants (16 and 19 layers).

The structure of this section is as follows: First, we explain how a convolutional layer works in
general. Second, we motivate the derivation of the VGG-Net from preceding architectures, and
third, we show how the ResNet architecture can be explained by expanding the core ideas used
in the VGG-Net. In the following section, we will then present the results for all the here trained
configurations.

Almost every architectural design is empirically derived (LeCun, Bengio and Hinton, 2015; Schmid-
huber, 2014; Szegedy, Ioffe, Vanhoucke and Alemi, 2016) and constitutes of multiple combinations
of only a few basic layer styles, namely the fully connected layer, convolutional layer, a pooling
operation and a batch normalization operation. We discuss the pooling and batch normalization
layer only in section A.3, because of their minor role within the neural network. The reader is
also referred to the exhaustive overview in Schmidhuber (2014) and LeCun et al. (2015). Since the
convolutional layer serves as a fundamental basis for image analysis with neural networks, we
explain it here in more detail.

The very basic idea of a convolutional layer is that nearby pixels in an input image are more strongly
correlated than more distant pixels, this is called a local receptive field. Therefore, by calculating a
convolution over an input image with a trainable filter of size ą 1 ˆ 1 we can approximate these
correlations.

In a convolutional layer, N filter, with size M ˆ M, slide over an input image and produce N
convolved maps, called feature maps. One filter uses the same weights on all parts of the input
image for producing one feature map; this is called weight sharing. Weight sharing reduces not only
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Filter
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Figure A.1: Schematic for a convolutional operation inside a convolutional layer in a), and for a classic skip
connection found in the ResNet architecture in b). a) illustrates the local receptive fields and shared weights
concept. The convolutional filter has size 3 ˆ 3 and stride 2 and is sliding over the input image of size 7 ˆ 7,
which produces an output, called feature map, of size 3 ˆ 3. The stride is the distance the filter is moving
in each step which is implied by the gray shading every 2 pixels in the input image. Using a local receptive
field describes the inclusion of nearby pixels, and weight sharing means using the same filter weights for the
whole input image. The calculation at the bottom is for the second entry in the feature map. b) A classical skip
connection is shown with two convolutional layers that approximate a sparse residue which gets added to the
identity at the output.

the complexity of the model but provides a bridge towards the convolution function in mathematics.
With weight sharing, we can identify the filter within the convolutional layer as a kernel function
from the mathematical convolution function. Figure A.1 a) shows a schematic of a convolutional
layer with one filter.

This exemplary filter with size 3 ˆ 3 slides over an image of size 7 ˆ 7 and producing a feature map
of size 3 ˆ 3. The feature map is smaller than the input image because the filter moves two pixels for
each step. This step-size is called stride.

Hereafter we use the notation conv(a, b, c) for a convolutional layer with filter size a ˆ a, number of
filters b and stride c. The example from figure A.1 a) could, therefore, be written as conv (3, 1, 2)
and would result in 9 trainable weight parameters plus 1 bias parameter (not shown in the figure).

This concept was introduced with the LeNet architecture by Lecun, Bottou, Bengio and Haffner
(1998) which is considered the seminal work in the field and the first deep convolutional neural
network (CNN). After Yann LeCun proposed the LeNet architecture, further research (Krizhevsky,
Sutskever and Hinton, 2012) led to the now de-facto standard for plain convolutional networks, the
VGG-Net. Simonyan and Zisserman (2014) proposed the original architecture which consists of up
to 19 weight layers of which 16 are convolutional layers, and 3 are fully connected ones.

It is easy to build, easy to train and provides in general good results (LeCun et al., 2015; Schmidhuber,
2014). For these reasons, we include two variations of it in our tests, namely version D and
E, nomenclature is from (Simonyan and Zisserman, 2014)). Table A.1 shows the details of the
architecture, using the naming convention we introduced with the convolutional layer.

Simonyan and Zisserman (2014) derived the VGG-Net directly from the LeNet by arguing that
three convolutional layers with filter size 3 and stride 1 (VGG-Net) achieve better results than
only one filter with size 7 and stride 2 (LeNet), which equals to the same effective local receptive
field size (Simonyan and Zisserman, 2014). Three layers perform better than one due to having 2
additional nonlinear activation functions and reduced complexity (less weight-parameter because
of the smaller filter sizes), which enforces the neural network not only to be more discriminative but
to find sparser solutions (Simonyan and Zisserman, 2014).
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Table A.1: The deep neural network architecture of the VGG variant D and E. conv(a, b, c) is a convolutional
layer with filter size a ˆ a, number of filters b and stride c. max pooling(d, e) is a max pooling layer with
filter size d ˆ d and stride e. Note that we changed the fully connected layer of the original architecture to a
convolutional layer.

Variant D E
Depth 16 19

Input 2 ˆ conv (3, 64, 1)
Pooling max pooling (2, 2)

Block 1 2 ˆ conv (3, 128, 1)
Pooling max pooling (2, 2)

Block 2 3 ˆ conv (3, 256, 1) 4 ˆ conv (3, 256, 1)
Pooling max pooling (2, 2)

Block 3 3 ˆ conv (3, 512, 1) 4 ˆ conv (3, 512, 1)
Pooling max pooling (2, 2)

Block 4 3 ˆ conv (3, 512, 1) 4 ˆ conv (3, 512, 1)
Pooling max pooling (2, 2)

Out block 2 ˆ conv (7, 4096, 1) , conv (1, N, 1)

Building on the results achieved by the VGG-net, it was shown that the depth of a deep neural
network directly relates to its classification capabilities (Eldan and Shamir, 2015; K. He, Zhang,
Ren and Sun, 2015; Szegedy et al., 2014). This led to the introduction of the so-called residual
skip-connections which further exploit this depth-matters concept (K. He et al., 2015; Szegedy et al.,
2014). These residual skip connections are the name-giving components for the ResNet architecture.

In principle, a ResNet still uses the VGG architectural layout but exchanges the convolutional blocks
1 to 4 with residual skip connections, compare tables A.1 and A.2. This exchange drastically reduces
the complexity of the whole network while increasing the number of layers.

The VGG-architecture can be broken down into six blocks, one input block, one output block, and
four convolutional blocks (see table A.1). Block 2 is the first block in which there are distinctions
between VGG variant D and E.

The VGG-net architecture proved that increasing the depth and decreasing the amount and size of
the filters increases the accuracy, which ultimately gave rise to the plain skip connections: Blocks of
few convolutional layers designed to replace the large amounts of filters in one layer for multiple
layers with fewer, and smaller, filters. Two types exist: A classical and a bottleneck skip connection,
both differ only in the amount of how much the depth is increased and the complexity decreased.

This addition has so far only modified the depth and complexity of the network and is called a
plain network, see K. He et al. (2015). It performs reasonably well but not significantly better than
VGG-net. A residual skip connection differs from a plain skip connection only in adding the identity
of its inputs to its outputs. This way all the convolutional layers in a skip connection learn only a
residual of their input. This simple technique enables a ResNet to outperform all other convolutional
deep neural network architectures (K. He, Zhang, Ren and Sun, 2016; Szegedy et al., 2016). Figure
A.1 b) exemplifies a classical residual skip connection. There is still an ongoing debate about why a
residual neural network performs so well (K. He et al., 2015; Szegedy et al., 2014; Veit, Wilber and
Belongie, 2016). Research has shown that ResNets find sparser solutions faster due to their layout,
and that they behave like ensembles of shallower networks with information flow only activated on
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10 to 34 layers even when the neural network has a depth of 101 layers (K. He et al., 2015; Szegedy
et al., 2014; Veit et al., 2016).

However, besides empirical success, one of the critical advantages of ResNets is that reaching
training convergence is not getting significantly harder when increasing the depth of the neural
network, which is usually the case with other architectures. Therefore, the training of very deep
residual neural networks is no more difficult than training shallow plain neural networks (Li, Jiao,
Han and Weissman, 2016; Szegedy et al., 2016).

For these reasons, we train three variants, with 18, 50 and 101 layers, of a further optimized version of
the classical ResNet, called pre-activated ResNet (K. He et al., 2016) (see table A.2 for implementation
details).

Table A.2: Used ResNet variants, see also 18, 50 and 101 layer layout in (K. He et al., 2015). Note that we added
the pre-activated layer layout from (Zagoruyko and Komodakis, 2016). conv(a, b, c) is a convolutional layer
with filter size a ˆ a, number of filters b and stride c. max pooling(d, e) is a max pooling layer with filter size
d ˆ d and stride e. avg pooling is a global average pooling layer, and fc(f) is a fully connected layer with output
size f. Layers in bold emphasis have a stride of 2 during their first iteration, therefore reducing the dimension
by a factor of 2.

Variant Classic Bottleneck Bottleneck
Depth 18 50 101

Input conv(7, 64, 2)
Pooling max pooling(3 , 2)

Block 1 2 ˆ

[︃
conv (3, 64, 1)
conv (3, 64, 1)

]︃
3 ˆ

⎡⎣ conv (1, 64, 1)
conv (3, 64, 3)

conv (1, 256, 1)

⎤⎦ 3 ˆ

⎡⎣ conv (1, 64, 1)
conv (3, 64, 3)

conv (1, 256, 1)

⎤⎦
Block 2 2 ˆ

[︃
conv (3, 128, 1)
conv (3, 128, 1)

]︃
4 ˆ

⎡⎣ conv (1, 128, 1)
conv (3, 128, 3)
conv (1, 512, 1)

⎤⎦ 8 ˆ

⎡⎣ conv (1, 128, 1)
conv (3, 128, 3)
conv (1, 512, 1)

⎤⎦
Block 3 2 ˆ

[︃
conv (3, 256, 1)
conv (3, 256, 1)

]︃
6 ˆ

⎡⎣ conv (1, 256, 1)
conv (3, 256, 3)
conv (1, 1024, 1)

⎤⎦ 36 ˆ

⎡⎣ conv (1, 256, 1)
conv (3, 256, 3)

conv (1, 1024, 1)

⎤⎦
Block 4 2 ˆ

[︃
conv (3, 512, 1)
conv (3, 512, 1)

]︃
3 ˆ

⎡⎣ conv (1, 512, 1)
conv (3, 512, 3)
conv (1, 2048, 1)

⎤⎦ 3 ˆ

⎡⎣ conv (1, 512, 1)
conv (3, 512, 3)

conv (1, 2048, 1)

⎤⎦
Output block avg pooling, fc(N)

Table A.3 shows the overall evaluation metrics on the helium and the CXIDB dataset. Table A.4
shows the per-class evaluation metrics for the helium dataset, which are not needed for the CXIDB
dataset because predictions on the helium dataset are a multi-class problem whereas predictions
on the CXIDB data are single-class. Single-class - or one-hot - problems have identical overall-
and per-class-evaluation metrics. We trained all models as described in section 3.1.5 in the main
manuscript.

Table A.3 shows the overall evaluation metrics as well as the training wall time. Train TimeMax is
the time when the neural network achieved the highest accuracy score on the evaluation dataset,
and Train TimeFull is the time for training 200 epochs. However, in practice we achieved optimal
convergence after training for 70 to 100 epochs. After this the network showed overfitting.

Both VGG models took significantly longer to train than the ResNet variants, needing between
6.5 to 6.7 h, for 200 epochs on both datasets, whereas training ResNet101 took only 2.8 h and 2.6 h
respectively. Furthermore, the maximum reached accuracy of both VGG networks is more than half
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a percentage point below the maximum of ResNet101 - 0.959 compared to 0.964 for the helium data
and 0.970 vs. 0.978 for the CXIDB data. Also, accuracy did not change much when increasing the
depth from 16 to 19, precision even decreased slightly and recall remained unchanged.

On the other hand, increasing complexity within the ResNet architecture helped to boost the accuracy
from 0.955 (CXIDB data: 0.973) with ResNet18 to 0.964 (CXIDB data: 0.978) with ResNet101.

Table A.3: Overall evaluation metrics for all architectures and both datasets. The training time after which
the neural network scored the highest accuracy score on the evaluation dataset is labeled Train TimeMax and
Train TimeFull is the time for training the full 200 epochs. The table gives the max values during training for
accuracy, precision, and recall. Bold scores are the best results in their respective category.

Architecture ResNet VGG
Depth 18 50 101 16 19

Dataset Helium
Accuracy 0.955 0.958 0.964 0.958 0.959
Precision 0.918 0.917 0.925 0.923 0.920

Recall 0.866 0.864 0.878 0.867 0.867
Train TimeMax [h] 0.231 0.605 0.940 3.271 6.615
Train TimeFull [h] 0.694 1.814 2.820 6.541 6.726

Dataset CXIDB
Accuracy 0.967 0.973 0.978 0.970 0.970
Precision 0.932 0.937 0.949 0.944 0.943

Recall 0.933 0.937 0.941 0.904 0.904
Train TimeMax [h] 0.278 1.205 1.093 4.374 4.480
Train TimeFull [h] 0.668 1.807 2.623 6.562 6.720

For the multi-class results in Table A.4, we chose the ResNet101 layout, as it is our best performing
configuration. For classes Oblate, Spherical, Streak and Empty a precision of 0.9247 to 0.9770 and a
recall of at least 0.9763 show that the majority of all predictions in these classes were correct and
virtually no image was missed.

For the classes Prolate, Bent, Double Rings and Layered, the ResNet reached a good precision, but a
recall score of « 0.65 shows that it missed almost a third of all available images, indicating we failed
to generalize the network for these classes.

For Elliptical, Newton Rings and Asymmetric images, the recall of 0.2207 to 0.4836 shows that these
images were a lot harder to find, observable in the relatively low precision scores for those classes.
Elliptical is the only class of these three where precision is high enough for using the neural network
as a predictor. For the Newton Rings and Asymmetric class, with precision scores around 0.6, the
neural network is effectively guessing.

The performance of all variants clearly shows the general good classification capabilities of a
convolutional DNNs in the use case of diffraction patterns. Even the lowest performing neural
network can outperform previous classification approaches by a large margin - compare with
(Bobkov et al., 2015). In particular, the results of ResNet18 are compelling; it is small, easy to train
and has relatively low complexity. Although having only a fraction of trainable parameters, it
performed almost always on-par with the much more complex VGG architectures and all this while
taking only 0.2 h for reaching the maximum accuracy during training.

Therefore, we chose the ResNet18 layout as the default configuration for all the following experi-
ments; it is an ideal compromise between complexity, training time and classification accuracy.
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Table A.4: Per-class accuracy, precision and recall values for the best performing ResNet configuration with
101 layers. Samples are the number of images whose ground truth label is positive in the evaluation dataset.
Results are shown for both datasets and reflect the maximum achieved value reached throughout the training
process, assessed on the evaluation dataset.

Class Accuracy Precision Recall Samples

Oblate 0.9681 0.9770 0.9965 988
Spherical 0.9166 0.9247 0.9849 869
Elliptical 0.9231 0.8054 0.4836 119

Newton rings 0.9352 0.6325 0.2282 69
Prolate 0.9690 0.9274 0.6777 68

Bent 0.9657 0.8161 0.6487 59
Asymmetric 0.9458 0.6044 0.2207 55

Streak 0.9898 0.9372 0.9876 36
Double Rings 0.9768 0.7708 0.6788 33

Layered 0.9896 0.9062 0.6170 7
Empty 0.9904 0.9537 0.9763 32

A.2 Unsupervised deep neural network architectures

Table A.5: Used VAE architecture. conv(a, b, c) is a convolutional layer with filter size a ˆ a, number of filters b
and stride c. deconv(a, b, c) is a de-convolutional layer with filter size a ˆ a, number of filters b and stride c and
fc(f) is a fully connected layer with output size f. Layers in bold emphasis up- or downscaling operations.

Type Encoder q Decoder p
Depth 15 15

Nr. of parameters 9 610 388 5 330 187

Input block conv(7, 32, 2) fc(256)

Residual Block 1
conv (1, 64, 2)
conv (3, 64, 1)
conv (3, 64, 1)

fc(1152)

Residual Block 2
conv (1, 128, 2)
conv (3, 128, 1)
conv (3, 128, 1)

deconv (1, 512, 2)
conv (3, 512, 1)
conv (1, 512, 1)

Residual Block 3
conv (1, 256, 2)
conv (3, 256, 1)
conv (3, 256, 1)

deconv (1, 256, 2)
conv (3, 256, 1)
conv (3, 256, 1)

Residual Block 4
conv (1, 512, 2)
conv (3, 512, 1)
conv (3, 512, 1)

deconv (1, 128, 2)
conv (3, 128, 1)
conv (1, 128, 1)

Residual Block 5 fc(256)
deconv (1, 64, 2)

conv (3, 64, 1)
conv (1, 64, 1)

Output block fc(2N) deconv(3, 1 ,2)

A.2.1 Reparameterization trick

A problem arises during the training routine of a VAE as the encoder q, described in table A.5
outputs discrete values, whereas the loss function, defined in the main text in equation 4.24, expects
a probability distribution as output from the marginal likelihood estimator q. However, even if
we would increase the dimensionality of the output of q to a value where we could approximate a
probability density function (PDF) using a Monte Carlo (MC) approach, we’d find ourselves facing
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the problem that there is no way to calculate the gradient of a PDF. The solution to this problem is
called the reparameterization trick, and was introduced by Kingma and Welling (2014), in the principal
VAE paper. The idea is, that q approximates not the distribution itself, but its first two moments (the
mean and the variance), and the decoder p then gets a discrete reparameterization of the distribution
as an input.

So, for a given dimensionality N of the latent space, q outputs a vector with size 2N, where q
estimates a mean vector with size N and a variance vector with size N. Then, in the case of a Normal
distribution, we sample from the desired distribution via: z = µ + σϵ, where µ is the mean, σ is
the standard deviation (STD) and ϵ is an auxiliary noise variable ϵ9N (0, 1). By increasing the
dimensionality of ϵ we can, therefore, sample arbitrary large samples from a distribution uniquely
defined by its moments. And since we estimated with q only these moments, we can calculate the
gradients in the backpropagation step.

A.2.2 Posterior Collapse

One major shortcoming of the variational lower bound on the marginal likelihood loss in equation
4.21 needs to be addressed here. Since the primary goal of training a VAE is to have a meaningful
latent space. The latent space should mirror all the nuances and features of the original dataset
of images but encapsulate into a very low-dimensional form. The loss function (equation 4.24)
expresses this via the second and third terms. These two terms impose a penalty on the model in
order to make the latent space statistically meaningful. However, often, the problem arises that the
Decoder network p is starting to ignore the latent space at some point during training, producing
either always the same image for any z or always different images for the same z. This effect is
called the posterior collapse (Goyal, Sordoni, Côté, Ke and Bengio, 2017; J. He, Spokoyny, Neubig and
Berg-Kirkpatrick, 2019; Subramanian et al., 2018).

From an information theory point-of-view, this can be explained when the second and third terms
in the loss function vanish. The VAE collapses to being a regular autoencoder. Posterior collapse
often happens when the VAE architecture is not tuned for the training dataset.

For example, in the first case (always having the same image for any z), there is an image x for which
the reconstruction error is significantly lower compared to other images, meaning, the Decoder
network produced by chance a convincing image. At this point, the second and third terms are still
honored, and the loss function drops according to the dropped reconstruction error. Then, the next
image is given to the VAE, and the Decoder is unable to capture the features of this image with the
same quality as it did with the previous image. The rise in the reconstruction loss is then responsible
for the rise of the overall loss, and, after one training step, there is a chance that the Decoder tries
to recreate the first image (for which the reconstruction error was low) and actively ignoring the
latent encoding z for the new image, in order to obtain an overall reduced loss. In practice, after
several thousand of training steps, this converges to the one mean image that produces minimal
reconstruction error given all images.

The second case can also be understood but is a problem not with the Decoder network but with the
Encoder network. At some point during training, the Encoder could learn that the Decoder even
then produces a reasonable reconstruction if z is exactly N (0, 1), which, effectively, sets the second
term in the loss function to zero. The Decoder would then erratically produce images, always
getting the same z for all images but still trying to minimize the reconstruction loss. This behavior
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can be easily spotted during training as the loss function will begin to oscillate and increasingly so
over time.

Posterior collapse can only be remedied by extensively testing multiple architectures using various
hyperparameter settings and observing the behavior of the loss function and the output of the
Decoder network. However, once this is carried out for a domain, training of a VAE can be
considered stable. The domain here means datasets of diffraction images opposed to images of
real-life objects (House, humans, animals...). This extensive testing of the architecture needs not to
be done for other datasets containing diffraction images.

Section 4.6.6 presents a working strategy for this domain.

A.3 Further building blocks of deep neural networks

This section describes the pooling layer and the batch normalization layer in more detail. Since these
components are not critical for the neural network their explanation is only here in supplemental
material.

A.3.1 Pooling

There are two commonly used variants of pooling layers, the max pool, and the average pool. The
idea is to reduce the dimensionality of the output from a preceding layer (dimx = (N ˆ X)) by
letting a filter, with size a ˆ a slide over parts of the image with step size b, called stride, and let
them perform a down-sample operation.

A max pool filter only takes the maximum value, and a avg pool filter averages over all values,
within its perceptive field (Krizhevsky et al., 2012; Lecun et al., 1998), this process is equivalent to
a convolutional operation but instead of a matrix multiplication with a convolutional kernel the
pooling operation is carried out.

A.3.2 Batch Normalization

Every layer within a deep neural network is to some point modeling the probability distribution
given to it by its preceding layer. It is a hierarchical regression problem, which becomes harder
if one layer changes key characteristics of the modeled probability distribution (e.g. the mean,
variance or the kurtosis). This shift is then further multiplied in every succeeding layer and is
therefore dependent on the depth of the network. This phenomenon is called a covariate shift
(Shimodaira and Shimodaira, 2000). Although this problem is solved in a deep neural network via
domain adaptation, the costs of a covariate shift are usually much longer training times and reduced
accuracy (Jiang, 2008).

For this reason a batch normalization layer (bn) is used to shift the mean of the mini-batch input
to zero and to set the variance to one. This significantly reduces the amount of training time
and increases accuracy (Ioffe and Szegedy, 2015). bn consists of 4 steps after which a normalized
mini-batch is returned:

1. Calculated the mini-batch mean:

µmb =
1
m

m
ÿ

i=1

xi
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2. Calculated the mini-batch variance:

σ2
mb =

1
m

m
ÿ

i=1

(xi ´ µmb)
2

3. Normalize:

xiˆ =
xi ´ µmb
b

σ2
mb + ϵ

4. Scale and shift according to adjustable parameter:

yi = γxiˆ + β

where yi is the normalized output of input xi and γ and β are adjustable parameter.
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Appendix B

Derivations

B.1 The binary cross-entropy

Here, we give an derivation for the binary cross entropy (Equation 6 in the main manuscript). We
start with the most general form of the cross-entropy given by:

H(p, q) = H(p) + DKL(p}q) (B.1)

where H(p) is the Shannon entropy of p, and DKL(p}q) is the KullbackLeibler divergence of p and q
(Goodfellow, Bengio and Courville, 2016). This is equivalent to:

H(p, q) = ´
ÿ

i

pi log qi, (B.2)

where pi and qi are two probability distributions over the same set of events. pi is the “correct”
distribution, and qi is the approximation of pi from the deep neural network. Since we are using a
Bernoulli distribution as our probabilistic model there are only two outcomes that one event (k) can
have: k P t0, 1u. The probability for both outcomes of one event and of both distributions can be
written as:

p (x) =

$

&

%

y (x) if k = 1

1 ´ y (x) if k = 0

q (x) =

$

&

%

ŷ (x) if k = 1

1 ´ ŷ (x) if k = 0

x is some event, y is the ground truth label and ŷ is the approximate probability assigned by the deep
neural network. Since we are using a sigmoid function at the output of our deep neural network,
we can simplify equation B.2. Using:

ŷ (x)sigmoid =
1

1 + exp (´x)
,
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we can write:

H(p, q) = ´

2
ÿ

i

pi log qi,

= ´y (x) log (ŷ (x)) ´ (1 ´ y (x)) log (1 ´ ŷ (x))

= ´y (x) log
(︃

1
1 + exp (´x)

)︃
´ (1 ´ y (x))

log
(︃

1 ´
1

1 + exp (´x)

)︃
...

= x ´ x y (x) + log (1 + exp (´x))

where x is an event (e.g. the activation in the output layer of the deep neural network) and y is the
real label of this event.

B.2 GradCam++

In section 6 of the main manuscript we show what the neural network deemed the most relevant
areas within an input image. We calculated these so-called heatmaps with an algorithm called
GradCam++. The main idea is based on Cam (Zhou, Khosla, Lapedriza, Oliva and Torralba,
2015) and Gradcam (Selvaraju et al., 2017) and allows for a very intuitive explanation for the
decisions made by a convolutional deep neural network (Chattopadhyay, Sarkar, Howlader and
Balasubramanian, 2017).

The core principle is that the output of a convolutional deep neural network can be expressed as a
linear combination of the globally average pooled feature maps of the last convolutional layer.

Yc =
ÿ

k

wc
k

ÿ

i

ÿ

j

Ak
ij

where Ak
ij is one feature map of all k maps from the last convolutional layer and wc

k are the weights
for a particular class prediction c of feature map k. Yc is the predicted probability that the input
image belongs to this certain class c. In the GradCam++ formalism the weights can be calculated:

wc
k =

ÿ

i

ÿ

j

akc
ij LeakyReLu

(︄
BYc

BAk
ij

)︄
. (B.3)

where akc
ij are the gradient weights and LeakyReLu (¨) is a rectified linear unit activation function,

very similar to the one we used throughout the main manuscript. akc
ij depends only on Ak

ij and Yc

via:
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akc
ij =

B2Yc(︂
BAk

ij

)︂2

2 B2Yc(︂
BAk

ij

)︂2 +
ř

a
ř

b Ak
ab

B3Yc(︂
BAk

ij

)︂3

The final heatmap, often called saliency map, can then be obtained:

Lc
ij = LeakyReLu

(︄
ÿ

k

wc Ak
ij

)︄
. (B.4)

So the algorithm propagates an image forward through the network, then calculates the gradients
until the last convolutional layer, and using equation B.3 and B.4, obtains a heatmap of the areas
within the input image that shows the gradient flow from the convolutional layer.

B.3 The instantaneous ionization rate for helium

Following Parker, Meharg, McKenna and Taylor (2007); The instantaneous ionization rate for
helium subjected to a 780 nm laser light and for intensities on the order of 1 ˆ 1014 W cm´2 can be
approximated by:

W780
(︁

I
)︁
=

(︃
A
(︂

d2
0 I
(︁
1 ´ b1 I + b2 I

)︁)︂N0
(︁

I
)︁)︃2

(B.5)

where I = 4I, with I being the intensity of the laser field in units of 1 ˆ 1014 W cm´2, d0 = 1.767 ¨

10´1, b1 = 1.925 ¨ 10´2, b2 = 1.625 ¨ 10´4, A = 5150 and N0 (I) = IP+UP
(︁

I,ω390
)︁
/h̄ω390, where UP is

ponderomotive energy, see also equation 2.71, IP is the ionization potential for atomic helium and
ω390 the angular frequency for laser light at 390 nm (Parker et al., 2007). All parameters in equation
B.5 are in atomic units.

The effective laser field the atom is subjected to can be calculated by chaining equation B.5 with
a Gaussian pulse having 32 fs full width at half maximum (FWHM) and a peak intensity of
2 ˆ 1014 W cm´2 and subsequently integrating over all times:

W
[︁
E
(︁
t
)︁]︁

=

ż 8

´8

W780 (ϕ (t)) dt (B.6)

where ϕ(t) =
(︂

σ
?

2π
)︂´1

exp
(︂

´1/2 (t/σ)2
)︂

Then, the probability for an electron to remain bound can be calculated with (See equation 5 and 6
in Bauer and Mulser, 1999):

Γ (t) = exp
(︃

´

ż t

0
W
[︁
E
(︁
t
)︁]︁

dt
)︃

(B.7)

Ultimately, the ionization probability for the electron to be ionized is:

Λ (t) = 1 ´ Γ (t) . (B.8)
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This is the red solid line in figure 5.3.
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Appendix C

Codes

C.1 Grid search and training of a support vector machine.

1 from sklearn import svm
2 from sklearn import model_selection as ms
3 from sklearn . metrics import classification_report
4

5 class_names = [" Round ", " Elliptical ", "Bent ", " Asymmetric ", " Double Rings ", " Streak "]
6 X_train , X_test , y_train , y_test = ms. train_test_split (data , label , test_size =0.25)
7

8 # Do a grid search over the complexity parameter
9 parameters = {’C’:np. arange (3, 20)}

10 svc = svm.SVC( gamma =" scale ")
11 clf = ms. GridSearchCV (svc , parameters , cv =5)
12 clf.fit(data , label )
13

14 # Print the parameter and results for the best model
15 idx_max = np. argmin (clf. cv_results_ [" rank_test_score "])
16 print ("Best result :")
17 print (clf. cv_results_ [" params "][ idx_max ])
18 print (" {:02.02 f}". format (clf. cv_results_ [" mean_test_score "][ idx_max ]) , "+-",
19 " {:02.02 f}". format (clf. cv_results_ [" std_test_score "][ idx_max ]))
20

21 # Make predictions using the best model
22 clf = svm.SVC(C=clf. cv_results_ [" params "][ idx_max ]["C"]).fit(X_train , y_train )
23 y_pred = clf. predict ( X_test )
24

25 # Print the classification report
26 print ( classification_report (y_test , y_pred , target_names = class_names ))

Listing C.1: Grid search and training of a support vector machine.
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Appendix D

Additional results

D.1 Numerical evaluation of the best-performing variational au-

toencoders

In this section, the numerical results of training an support-vector-machine (SVM) classifier on the
latent space of a VAE are presented and compared against training an SVM on just the raw images
and training an SVM on the first ten principal components (a principal component analysis (PCA)
with dimensionality 10) of the images. Furthermore, the Fréchet distance for the best performing
VAE is presented and discussed, along with diffraction image samples for every class and multiple
Fréchet distances. The primary motivation for discussing these results is that they were specifically
designed for usage during the exhaustive grid-search of the VAEs parameter space; as such, they are
numerical approximations on two questions: "How useful is the latent space?" (This corresponds
to the classifier score) and "How convincing are the generated images?" (This corresponds to the
calculated Fréchet distance). The raw results for the grid-search can be found in appendix D.2 in
table D.3 to D.8.

D.1.1 Support-vector-machine results

Table D.1 holds the results of training an SVM on the VAEs latent space. For comparison, an SVM
was trained on the first ten principal components of the diffraction images as well as on the raw
diffraction images. In the former case, the dimensionality of the PCA was chosen to be the same as
the dimensionality of the VAEs latent space, designed to answer the question if a simple PCA could
produce an equally effective low-dimensional representation as a VAE. In the latter case, training an

Table D.1: Results of training a SVM on the VAEs latent space, a PCA with the same dimensionality as the
latent space and the raw images). The peak results are in bold font. Precision and Recall are given per-class,
while Accuracy is the macro-average across all classes.

SVM on VAEs latent space SVM on PCA SVM on raw images
Precision Recall Precision Recall Precision Recall

Round 0.79 0.93 0.52 0.85 0.60 0.93
Elliptical 0.45 0.65 0.38 0.43 0.40 0.60
Bent 0.33 0.02 0.20 0.03 0.00 0.00
Asymmetric 0.63 0.22 0.40 0.22 0.30 0.11
Double Rings 0.40 0.29 0.73 0.15 0.50 0.02
Streak 0.92 0.94 0.57 0.22 0.92 0.26

Accuracy 0.65 0.47 0.51
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SVM on raw images is inspired by the approach in Bobkov et al. (2015), which is the best non-DNN
approach on diffraction images classification.

The results show that training an SVM on the VAEs latent space outperforms the PCA- and the raw
images-approach. Precision and Recall are in all but one class improved. Only the Double Rings
class was more precisely classified using the PCA approach, but Recall is, in that case, only half as
high as the SVM with the VAEs latent space. Meaning, the absolute number of images that were
correctly classified was only half as high. Something similar can be observed with the Streak class.
While Precision between the SVM on raw images and the VAEs latent space approach are the same,
Recall is only 0.26 in the former and 0.94 in the latter case. Meaning the SVM classifier found almost
all Streak images clustering the VAEs latent space and classified them correctly while it only found
a quarter of all Streak images when clustering on the raw images.

These results prove that the VAEs was able to distill separable information into a low-dimensional
latent space. The VAEs latent space contains more clusterable information than a PCA vector space
with the same dimensionality. For an SVM, the VAEs latent space provided even more information
than the original dataset, indicating that the VAE discarded redundant information during training.

D.1.2 Fréchet distance

Since the Fréchet distance is a measure of perceived image quality, its main reason for implementa-
tion was to numerically estimate the quality of the generated images during the grid-search (To be
found in appendix D.2). However, in this section a visual inspection for generated images by the
best performing VAE is provided along the Fréchet distance score for this model. The Fréchet score
is given in table D.2 and, to put this unfamiliar metric into perspective, the Fréchet distance was
also calculated for random noise as well as with the original data as input.

Random noise was generated with the same dimensions as the helium dataset to test for the worst
possible Fréchet distance. The result with random noise implies a soft upper boundary for the
Fréchet distance to exist near 1. During grid-search training, all models scored between 0.29 to 0.40

Table D.2: Fréchet distances between the original dataset as well as: Random noise, itself and the generated
approximation by the VAE. The first two are given for comparison. Although the Fréchet distance is not
bounded by 1, the score with random noise indicates that a soft upper bound exists near 1.

Fréchet distance using random noise: 1.0303
Fréchet distance using the original dataset: 0.0000

Fréchet distance using the generated dataset: 0.2901

The subtle differences in image reconstruction quality that are still captured by the Fréchet distance
can be seen in figure D.1. There, generated images, generated by different VAEs using different
hyperparameters, are compared to each other as well as with the real image with which they were
created. It is important to note that this comparison is for pure intuition building because the
Fréchet score is calculated for a whole dataset and not for single images. Using this metric during
the grid-search was to train a model that generates the most plausible images, not necessarily in
terms of reconstruction error and not for single images but across all images in the dataset.

A visual examination of the best-performing VAE is carried in the main part of this thesis in section
4.6.8.
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True image Fréchet distance: 0.29 Fréchet distance: 0.31 Fréchet distance: 0.34 Fréchet distance: 0.34

Figure D.1: The same diffraction image, generated by different VAEs using different hyperparameter. These
images are from models trained during the grid-search. Although not directly comparable, because the Fréchet
distance is calculated for a whole dataset and not for one image, this comparison is aimed at providing intuition
for the subtle differences in perceived image quality for what the Fréchet distance was designed for.

D.2 Grid-search results for training the variational autoencoder

Table D.3: Grid-search results for training the variational autoencoder. [1/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

1 2 1.0e-04 1.0e-04 0.37111456 0.49785935
1 2 1.0e-04 5.0e-05 0.37111465 0.4978592
1 2 1.0e-04 1.0e-05 0.37111483 0.49785886
1 2 1.0e-03 1.0e-04 0.37110906 0.49786969
1 2 1.0e-03 5.0e-05 0.37110914 0.49786954
1 2 1.0e-03 1.0e-05 0.37110932 0.4978692
1 2 1.0e-02 1.0e-04 0.37108285 0.49791896
1 2 1.0e-02 5.0e-05 0.37108293 0.49791881
1 2 1.0e-02 1.0e-05 0.37108311 0.49791847
1 5 1.0e-04 1.0e-04 0.35568774 0.52685749
1 5 1.0e-04 5.0e-05 0.35568785 0.52685727
1 5 1.0e-04 1.0e-05 0.35568812 0.52685676
1 5 1.0e-03 1.0e-04 0.35567961 0.52687277
1 5 1.0e-03 5.0e-05 0.35567973 0.52687254
1 5 1.0e-03 1.0e-05 0.35568 0.52687204
1 5 1.0e-02 1.0e-04 0.35564089 0.52694554
1 5 1.0e-02 5.0e-05 0.35564101 0.52694532
1 5 1.0e-02 1.0e-05 0.35564128 0.52694481
1 10 1.0e-04 1.0e-04 0.34211999 0.55236108
1 10 1.0e-04 5.0e-05 0.34212014 0.5523608
1 10 1.0e-04 1.0e-05 0.34212048 0.55236015
1 10 1.0e-03 1.0e-04 0.34210955 0.5523807
1 10 1.0e-03 5.0e-05 0.3421097 0.55238041
1 10 1.0e-03 1.0e-05 0.34211005 0.55237976
1 10 1.0e-02 1.0e-04 0.34205984 0.55247414
1 10 1.0e-02 5.0e-05 0.34205999 0.55247385
1 10 1.0e-02 1.0e-05 0.34206034 0.55247321
1 20 1.0e-04 1.0e-04 0.38089252 0.47947952
1 20 1.0e-04 5.0e-05 0.38089257 0.47947941
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Table D.4: Grid-search results for training the variational autoencoder. [2/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

1 20 1.0e-04 1.0e-05 0.3808927 0.47947918
1 20 1.0e-03 1.0e-04 0.38088868 0.47948674
1 20 1.0e-03 5.0e-05 0.38088873 0.47948663
1 20 1.0e-03 1.0e-05 0.38088886 0.47948639
1 20 1.0e-02 1.0e-04 0.38087039 0.47952111
1 20 1.0e-02 5.0e-05 0.38087045 0.47952101
1 20 1.0e-02 1.0e-05 0.38087057 0.47952077
3 2 1.0e-04 1.0e-04 0.3597992 0.51912908
3 2 1.0e-04 5.0e-05 0.35979931 0.51912888
3 2 1.0e-04 1.0e-05 0.35979955 0.51912842
3 2 1.0e-03 1.0e-04 0.35979177 0.51914305
3 2 1.0e-03 5.0e-05 0.35979188 0.51914284
3 2 1.0e-03 1.0e-05 0.35979213 0.51914238
3 2 1.0e-02 1.0e-04 0.35975639 0.51920956
3 2 1.0e-02 5.0e-05 0.3597565 0.51920935
3 2 1.0e-02 1.0e-05 0.35975674 0.51920889
3 5 1.0e-04 1.0e-04 0.33897516 0.55827248
3 5 1.0e-04 5.0e-05 0.33897532 0.55827218
3 5 1.0e-04 1.0e-05 0.33897568 0.5582715
3 5 1.0e-03 1.0e-04 0.33896419 0.5582931
3 5 1.0e-03 5.0e-05 0.33896435 0.5582928
3 5 1.0e-03 1.0e-05 0.33896471 0.55829212
3 5 1.0e-02 1.0e-04 0.33891193 0.55839134
3 5 1.0e-02 5.0e-05 0.33891209 0.55839104
3 5 1.0e-02 1.0e-05 0.33891245 0.55839036
3 10 1.0e-04 1.0e-04 0.32066061 0.59269873
3 10 1.0e-04 5.0e-05 0.32066082 0.59269834
3 10 1.0e-04 1.0e-05 0.32066128 0.59269747
3 10 1.0e-03 1.0e-04 0.32064653 0.59272521
3 10 1.0e-03 5.0e-05 0.32064673 0.59272482
3 10 1.0e-03 1.0e-05 0.3206472 0.59272395
3 10 1.0e-02 1.0e-04 0.32057942 0.59285135
3 10 1.0e-02 5.0e-05 0.32057963 0.59285096
3 10 1.0e-02 1.0e-05 0.32058009 0.59285008
3 20 1.0e-04 1.0e-04 0.37299805 0.49431891
3 20 1.0e-04 5.0e-05 0.37299813 0.49431877
3 20 1.0e-04 1.0e-05 0.3729983 0.49431845
3 20 1.0e-03 1.0e-04 0.37299287 0.49432865
3 20 1.0e-03 5.0e-05 0.37299295 0.49432851
3 20 1.0e-03 1.0e-05 0.37299312 0.49432819
3 20 1.0e-02 1.0e-04 0.37296819 0.49437505
3 20 1.0e-02 5.0e-05 0.37296826 0.49437491
3 20 1.0e-02 1.0e-05 0.37296843 0.49437459
5 2 1.0e-04 1.0e-04 0.35013319 0.53729849
5 2 1.0e-04 5.0e-05 0.35013332 0.53729824
5 2 1.0e-04 1.0e-05 0.35013362 0.53729768
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Table D.5: Grid-search results for training the variational autoencoder. [3/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

5 2 1.0e-03 1.0e-04 0.35012412 0.53731554
5 2 1.0e-03 5.0e-05 0.35012425 0.53731529
5 2 1.0e-03 1.0e-05 0.35012455 0.53731473
5 2 1.0e-02 1.0e-04 0.3500809 0.53739678
5 2 1.0e-02 5.0e-05 0.35008104 0.53739653
5 2 1.0e-02 1.0e-05 0.35008134 0.53739596
5 5 1.0e-04 1.0e-04 0.32469865 0.58510834
5 5 1.0e-04 5.0e-05 0.32469885 0.58510797
5 5 1.0e-04 1.0e-05 0.32469929 0.58510715
5 5 1.0e-03 1.0e-04 0.32468525 0.58513353
5 5 1.0e-03 5.0e-05 0.32468545 0.58513316
5 5 1.0e-03 1.0e-05 0.32468589 0.58513233
5 5 1.0e-02 1.0e-04 0.32462142 0.58525351
5 5 1.0e-02 5.0e-05 0.32462162 0.58525314
5 5 1.0e-02 1.0e-05 0.32462206 0.58525231
5 10 1.0e-04 1.0e-04 0.30232921 0.62715666
5 10 1.0e-04 5.0e-05 0.30232947 0.62715618
5 10 1.0e-04 1.0e-05 0.30233003 0.62715512
5 10 1.0e-03 1.0e-04 0.30231201 0.627189
5 10 1.0e-03 5.0e-05 0.30231226 0.62718852
5 10 1.0e-03 1.0e-05 0.30231283 0.62718746
5 10 1.0e-02 1.0e-04 0.30223005 0.62734306
5 10 1.0e-02 5.0e-05 0.3022303 0.62734258
5 10 1.0e-02 1.0e-05 0.30223087 0.62734152
5 20 1.0e-04 1.0e-04 0.36625431 0.50699527
5 20 1.0e-04 5.0e-05 0.3662544 0.5069951
5 20 1.0e-04 1.0e-05 0.36625461 0.50699471
5 20 1.0e-03 1.0e-04 0.36624798 0.50700717
5 20 1.0e-03 5.0e-05 0.36624807 0.507007
5 20 1.0e-03 1.0e-05 0.36624828 0.5070066
5 20 1.0e-02 1.0e-04 0.36621783 0.50706385
5 20 1.0e-02 5.0e-05 0.36621792 0.50706367
5 20 1.0e-02 1.0e-05 0.36621813 0.50706328
8 2 1.0e-04 1.0e-04 0.34378378 0.54923362
8 2 1.0e-04 5.0e-05 0.34378393 0.54923334
8 2 1.0e-04 1.0e-05 0.34378426 0.54923271
8 2 1.0e-03 1.0e-04 0.34377363 0.5492527
8 2 1.0e-03 5.0e-05 0.34377378 0.54925242
8 2 1.0e-03 1.0e-05 0.34377411 0.54925179
8 2 1.0e-02 1.0e-04 0.34372526 0.54934361
8 2 1.0e-02 5.0e-05 0.34372541 0.54934333
8 2 1.0e-02 1.0e-05 0.34372575 0.5493427
8 5 1.0e-04 1.0e-04 0.31532069 0.6027363
8 5 1.0e-04 5.0e-05 0.31532091 0.60273589
8 5 1.0e-04 1.0e-05 0.3153214 0.60273496
8 5 1.0e-03 1.0e-04 0.3153057 0.60276448
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Table D.6: Grid-search results for training the variational autoencoder. [4/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

8 5 1.0e-03 5.0e-05 0.31530592 0.60276407
8 5 1.0e-03 1.0e-05 0.31530641 0.60276314
8 5 1.0e-02 1.0e-04 0.31523426 0.60289876
8 5 1.0e-02 5.0e-05 0.31523448 0.60289834
8 5 1.0e-02 1.0e-05 0.31523498 0.60289741
8 10 1.0e-04 1.0e-04 0.29028767 0.6497914
8 10 1.0e-04 5.0e-05 0.29028795 0.64979087
8 10 1.0e-04 1.0e-05 0.29028859 0.64978968
8 10 1.0e-03 1.0e-04 0.29026842 0.64982759
8 10 1.0e-03 5.0e-05 0.2902687 0.64982706
8 10 1.0e-03 1.0e-05 0.29026934 0.64982587
8 10 1.0e-02 1.0e-04 0.2901767 0.65
8 10 1.0e-02 5.0e-05 0.29017698 0.64999947
8 10 1.0e-02 1.0e-05 0.29017762 0.64999828
8 20 1.0e-04 1.0e-04 0.36182447 0.51532213
8 20 1.0e-04 5.0e-05 0.36182458 0.51532194
8 20 1.0e-04 1.0e-05 0.36182481 0.5153215
8 20 1.0e-03 1.0e-04 0.36181739 0.51533544
8 20 1.0e-03 5.0e-05 0.3618175 0.51533525
8 20 1.0e-03 1.0e-05 0.36181773 0.51533481
8 20 1.0e-02 1.0e-04 0.36178365 0.51539887
8 20 1.0e-02 5.0e-05 0.36178375 0.51539867
8 20 1.0e-02 1.0e-05 0.36178399 0.51539824
11 2 1.0e-04 1.0e-04 0.35013319 0.53729849
11 2 1.0e-04 5.0e-05 0.35013332 0.53729824
11 2 1.0e-04 1.0e-05 0.35013362 0.53729768
11 2 1.0e-03 1.0e-04 0.35012412 0.53731554
11 2 1.0e-03 5.0e-05 0.35012425 0.53731529
11 2 1.0e-03 1.0e-0 0.35012455 0.53731473
11 2 1.0e-02 1.0e-04 0.3500809 0.53739678
11 2 1.0e-02 5.0e-05 0.35008104 0.53739653
11 2 1.0e-02 1.0e-05 0.35008134 0.53739596
11 5 1.0e-04 1.0e-04 0.32469865 0.58510834
11 5 1.0e-04 5.0e-05 0.32469885 0.58510797
11 5 1.0e-04 1.0e-05 0.32469929 0.58510715
11 5 1.0e-03 1.0e-04 0.32468525 0.58513353
11 5 1.0e-03 5.0e-05 0.32468545 0.58513316
11 5 1.0e-03 1.0e-05 0.32468589 0.58513233
11 5 1.0e-02 1.0e-04 0.32462142 0.58525351
11 5 1.0e-02 5.0e-05 0.32462162 0.58525314
11 5 1.0e-02 1.0e-05 0.32462206 0.58525231
11 10 1.0e-04 1.0e-04 0.30232921 0.62715666
11 10 1.0e-04 5.0e-05 0.30232947 0.62715618
11 10 1.0e-04 1.0e-05 0.30233003 0.62715512
11 10 1.0e-03 1.0e-04 0.30231201 0.627189
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Table D.7: Grid-search results for training the variational autoencoder. [5/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

11 10 1.0e-03 5.0e-05 0.30231226 0.62718852
11 10 1.0e-03 1.0e-05 0.30231283 0.62718746
11 10 1.0e-02 1.0e-04 0.30223005 0.62734306
11 10 1.0e-02 5.0e-05 0.3022303 0.62734258
11 10 1.0e-02 1.0e-05 0.30223087 0.62734152
11 20 1.0e-04 1.0e-04 0.36625431 0.50699527
11 20 1.0e-04 5.0e-05 0.3662544 0.5069951
11 20 1.0e-04 1.0e-05 0.36625461 0.50699471
11 20 1.0e-03 1.0e-04 0.36624798 0.50700717
11 20 1.0e-03 5.0e-05 0.36624807 0.507007
11 20 1.0e-03 1.0e-05 0.36624828 0.5070066
11 20 1.0e-02 1.0e-04 0.36621783 0.50706385
11 20 1.0e-02 5.0e-05 0.36621792 0.50706367
11 20 1.0e-02 1.0e-05 0.36621813 0.50706328
15 2 1.0e-04 1.0e-04 0.37111456 0.49785935
15 2 1.0e-04 5.0e-05 0.37111465 0.4978592
15 2 1.0e-04 1.0e-05 0.37111483 0.49785886
15 2 1.0e-03 1.0e-04 0.37110906 0.49786969
15 2 1.0e-03 5.0e-05 0.37110914 0.49786954
15 2 1.0e-03 1.0e-05 0.37110932 0.4978692
15 2 1.0e-02 1.0e-04 0.37108285 0.49791896
15 2 1.0e-02 5.0e-05 0.37108293 0.49791881
15 2 1.0e-02 1.0e-05 0.37108311 0.49791847
15 5 1.0e-04 1.0e-04 0.35568774 0.52685749
15 5 1.0e-04 5.0e-05 0.35568785 0.52685727
15 5 1.0e-04 1.0e-05 0.35568812 0.52685676
15 5 1.0e-03 1.0e-04 0.35567961 0.52687277
15 5 1.0e-03 5.0e-05 0.35567973 0.52687254
15 5 1.0e-03 1.0e-05 0.35568 0.52687204
15 5 1.0e-02 1.0e-04 0.35564089 0.52694554
15 5 1.0e-02 5.0e-05 0.35564101 0.52694532
15 5 1.0e-02 1.0e-05 0.35564128 0.52694481
15 10 1.0e-04 1.0e-04 0.34211999 0.55236108
15 10 1.0e-04 5.0e-05 0.34212014 0.5523608
15 10 1.0e-04 1.0e-05 0.34212048 0.55236015
15 10 1.0e-03 1.0e-04 0.34210955 0.5523807
15 10 1.0e-03 5.0e-05 0.3421097 0.55238041
15 10 1.0e-03 1.0e-05 0.34211005 0.55237976
15 10 1.0e-02 1.0e-04 0.34205984 0.55247414
15 10 1.0e-02 5.0e-05 0.34205999 0.55247385
15 10 1.0e-02 1.0e-05 0.34206034 0.55247321
15 20 1.0e-04 1.0e-04 0.38089252 0.47947952
15 20 1.0e-04 5.0e-05 0.38089257 0.47947941
15 20 1.0e-04 1.0e-05 0.3808927 0.47947918
15 20 1.0e-03 1.0e-04 0.38088868 0.47948674
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Table D.8: Grid-search results for training the variational autoencoder. [6/6]

β zdim l2 lr Fréchet
distance

Acc. of SVM
on lat. sp.

15 20 1.0e-03 5.0e-05 0.38088873 0.47948663
15 20 1.0e-03 1.0e-05 0.38088886 0.47948639
15 20 1.0e-02 1.0e-04 0.38087039 0.47952111
15 20 1.0e-02 5.0e-05 0.38087045 0.47952101
15 20 1.0e-02 1.0e-05 0.38087057 0.47952077
20 2 1.0e-04 1.0e-04 0.39359327 0.45560564
20 2 1.0e-04 5.0e-05 0.3935933 0.45560559
20 2 1.0e-04 1.0e-05 0.39359335 0.45560549
20 2 1.0e-03 1.0e-04 0.39359159 0.45560879
20 2 1.0e-03 5.0e-05 0.39359162 0.45560874
20 2 1.0e-03 1.0e-05 0.39359167 0.45560864
20 2 1.0e-02 1.0e-04 0.3935836 0.45562382
20 2 1.0e-02 5.0e-05 0.39358362 0.45562377
20 2 1.0e-02 1.0e-05 0.39358368 0.45562367
20 5 1.0e-04 1.0e-04 0.38888836 0.46444957
20 5 1.0e-04 5.0e-05 0.38888839 0.4644495
20 5 1.0e-04 1.0e-05 0.38888847 0.46444935
20 5 1.0e-03 1.0e-04 0.38888588 0.46445423
20 5 1.0e-03 5.0e-05 0.38888591 0.46445416
20 5 1.0e-03 1.0e-05 0.38888599 0.46445401
20 5 1.0e-02 1.0e-04 0.38887407 0.46447642
20 5 1.0e-02 5.0e-05 0.38887411 0.46447635
20 5 1.0e-02 1.0e-05 0.38887419 0.4644762
20 10 1.0e-04 1.0e-04 0.38475043 0.47222773
20 10 1.0e-04 5.0e-05 0.38475047 0.47222764
20 10 1.0e-04 1.0e-05 0.38475058 0.47222744
20 10 1.0e-03 1.0e-04 0.38474724 0.47223371
20 10 1.0e-03 5.0e-05 0.38474729 0.47223362
20 10 1.0e-03 1.0e-05 0.38474739 0.47223342
20 10 1.0e-02 1.0e-04 0.38473208 0.47226221
20 10 1.0e-02 5.0e-05 0.38473213 0.47226212
20 10 1.0e-02 1.0e-05 0.38473223 0.47226192
20 20 1.0e-04 1.0e-04 0.39657538 0.4500001
20 20 1.0e-04 5.0e-05 0.3965754 0.45000007
20 20 1.0e-04 1.0e-05 0.39657544 0.4500155
20 20 1.0e-03 1.0e-04 0.39657421 0.45000231
20 20 1.0e-03 5.0e-05 0.39657423 0.45000227
20 20 1.0e-03 1.0e-05 0.39657426 0.4500022
20 20 1.0e-02 1.0e-04 0.39656863 0.45001279
20 20 1.0e-02 5.0e-05 0.39656865 0.45001276
20 20 1.0e-02 1.0e-05 0.39656869 0.45001268
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D.3 Graphical user interface for scanning the variational autoen-

coders latent space

Adjust p for the 
percent-point function

(For every dimension in
the latent space there is
exacty one slider plus
an additional slider to 
mmove all sliders jointly)

Select the model checkpoint.
(Saved regularly during training)

This is the generated image
(Produced by the trained
Decoder, when given the
percent-point functon 

output of the sliders values
as input)

Figure D.2: The graphical user interface (GUI) used for scanning the latent space of a VAE. The sliders’ value
correspond the p in equation 4.30. Written in Python > 3.6 and using the Bokeh framework. Available at the
Github repository for the VAE implementation.

https://github.com/julian-carpenter
https://github.com/julian-carpenter
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D.4 Grid plot of the latent space

Figure D.3: When setting the dimensionality in the VAEs latent space to 2 the whole dataset can be mapped in
one grid-plot. The x- and y-axis correspond to a scan of percent-point function (PPF) values from 0.05 to 0.95



343

References

Bobkov, S. A., Teslyuk, A. B., Kurta, R. P., Gorobtsov, O. Y., Yefanov, O. M., Ilyin, V. A., Senin,
R. A. and Vartanyants, I. A. (2015, nov). Sorting algorithms for single-particle imag-
ing experiments at X-ray free-electron lasers. J. Synchrotron Radiat., 22(6), 1345–1352. Re-
trieved from http://www.ncbi.nlm.nih.gov/pubmed/26524297http://scripts.iucr.org/

cgi-bin/paper?S1600577515017348 doi: 10.1107/S1600577515017348

http://www.ncbi.nlm.nih.gov/pubmed/26524297http://scripts.iucr.org/cgi-bin/paper?S1600577515017348
http://www.ncbi.nlm.nih.gov/pubmed/26524297http://scripts.iucr.org/cgi-bin/paper?S1600577515017348




345

Appendix E

Selected TOF-traces and diffraction
images using the full IR configuration

Figure E.1: radial slices, TOF-traces and diffraction images for selected shots in the XUV only category. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.2: radial slices, TOF-traces and diffraction images for selected shots in the IR only category. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.3: radial slices, TOF-traces and diffraction images for selected shots with ´0.24 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.4: radial slices, TOF-traces and diffraction images for selected shots with ´0.07 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.5: radial slices, TOF-traces and diffraction images for selected shots with 0.00 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.6: radial slices, TOF-traces and diffraction images for selected shots with 0.13 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.7: radial slices, TOF-traces and diffraction images for selected shots with 0.27 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.8: radial slices, TOF-traces and diffraction images for selected shots with 0.53 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.9: radial slices, TOF-traces and diffraction images for selected shots with 1.10 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.10: radial slices, TOF-traces and diffraction images for selected shots with 1.43 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.11: radial slices, TOF-traces and diffraction images for selected shots with 2.67 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.12: radial slices, TOF-traces and diffraction images for selected shots with 8.09 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Figure E.13: radial slices, TOF-traces and diffraction images for selected shots with 20.00 ps delay. Recorded
during the experiment that facilitates the full IR intensity, described in chapter 5. The TOF-trace shows the
unweighted average of the nanodroplets TOF-spectra whose corresponding scattering image is shown in a) to
d).
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Appendix F

Decreased XUV detector signal
simulations for parallel polarized
light
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Figure F.1: Simulated XUV detector signal for parallel polarized light for the individual as well as the superpo-
sition of the 13th and 15th harmonic
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Figure F.2: Calculated XUV detector signal for the superposition of the 13th and 15th harmonic from equation
6.27 for nanodroplets with radii between 50 to 800 nm and IR pulse intensities up to 1.13 ˆ 1013 W cm´2. This
figure shows the calculations for parallel to the scattering plane polarized incident light. Labeled contour lines
are added as visual guide for multiples of 0.1. The y-axis shows the radius of the nanodroplets and the x-axis
corresponds to the intensity of the IR pulse. The colormap is normalized so that 1 corresponds to no change
compared to the unperturbed signal, and is scaled between 0 (Coded in blue: No detector signal at all) and 2
(Coded in red: The detector signal is at least double as much as in the unperturbed case). A colormap value
of 0.5, therefore, means that the presence of the IR pulse lead to a decrease in detector signal to 50 % of the
unperturbed detector signal for the corresponding nanodroplet radius. The top onset shows the radii-averaged
detector signal for all intensities.
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Appendix G

XUV detector signal for an IR pulse
with 60fs FWHM
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Figure G.1: This figure shows the comparison between the simulated XUV detector signal for the individual as
well as the superposition of the 13th and 15th harmonic and the experimental data, which was introduced in
figure 6.4. It shares its description with figure 6.24 except that here the simulation was carried out assuming an
IR pulse length of 60 fs. The y-axis error is the 95 % confidence interval (CI) of the detector signal and the x-axis
error is fixed to 7 fs, see section 3.4.4. See text for further discussions.
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the universe). At the time of writing this thesis Neural Networks, given enough data, were
able to write Prosa, scientific papers, understand irony in texts, can drive cars and planes; they
not only generate photorealistic images and write music out of noise but can play any song in
any style of any composer and paint almost every image in any style of any artist. 4, 125
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variance problem, is a property of predictive models. Models with a lower bias regarding
parameter estimation have a higher variance of the parameter estimates across samples, and
vice versa. This can result in two extreme scenarios; The model can either make perfect
predictions for the training data and nothing else (high variance, overfitting) or may miss
important information in the dataset due to wrong presumptions in the training process (high
bias, underfitting). Normally a model is trying to simultaneously minimize these two error
sources in order to generalize beyond its training data. 378

Bohr radius The Bohr radius is the most probable distance between the nucleus and the electron in
a hydrogen atom in its ground state. Its numerical value is: 5.29177210903 cdot10´11m 42
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clustered See clustering 127, 164

clustering Clustering is the superordinate class name for algorithms in the unsupervised learning
paradigm that aim to separate the given dataset in clusters of certain size - not to be confused
with the nanoparticles of the same name. It is therefore a classification task that is solved
using an a-priori defined model. For example, a centroid model assumes there are a discrete
number of points (centroids) in the data manifold from which a distance to all surrounding
sample points is minimal (This is k-means). The coordinates of these centroids are then the
predicted classes and the distance between each sample point to its nearest centroid is the
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uncertainty of the prediction. A distribution model on the other hand assumes that sample
points are generated by a mixture of unknown distributions and therefore makes an estimate
about possible distribution parameters that would explain most of the sample points (This is a
mixture model, like the GMM). 148, 154, 159, 164, 165, 175–178, 181, 375, 378

Coherent X-ray Imaging Data Bank The Coherent X-ray Imaging Data Bank is a public data bank
created for researcher to share data from Coherent X-ray Imaging (CXI) experiments. It was
created by Filipe Maia from the Lawrence Berkeley National Lab and holds, as of writing this,
100 datasets from CXI experiments all over the world. It is hosted at: https://www.cxidb.org.
8, 129, 369

conditional probability distribution The conditional probability distribution is the probability
distribution of a random variable Y if another, jointly distributed, random variable X has
some value. Notation is p(Y |X). This is just a way of saying: "How likely is some event
y P Y if x P X has happened". An intuitive, but exaggerated, example is the question. "If I
perform a rain dance, will it rain?". Let’s say the probability of me performing that dance is
100 %, but the weather forecast predicts a 0 % chance of rain tomorrow, then the probability of
the joint probability distribution p(rain|dance) is also 0 %, because me dancing has no effect
on the weather. 153, 378

confidence interval The estimated uncertainty on how probable the true value lies within some
boundary. For example, the 95 % confidence interval gives the range in which, with a proba-
bility of 95 %, the true value will lie. For calculation of the confidence interval a distribution
on which the data lives has to be assumed. 228, 361, 369

curse of dimensionality The curse of dimensionality describes a common theme of data handling
when the dimensionality increases. Because the volume of the space increases so fast that
the available data become sparse. This sparsity is problematic for any method that requires
statistical significance. In order to obtain a statistically sound and reliable result, the amount
of data needed to support the result often grows exponentially with the dimensionality. 169

D

divergence A divergence, sometimes called contrast function, is a distance measure to compare
two probability distributions p and q. Usually it does not satisfy all criteria of a mathematical
distance, as it does not have be symmetrical. Meaning that Ddiv(p||q)! = Ddiv(q||p). The
Kullback-Leibler divergence is arguably the most prominent used divergence as it not only
arises naturally as a lower bound on the statistical evidence, but also in the definition of
the shannon cross entropy. Optimizing the Kullback-Leibler divergence is equivalent to
maximizing the probability of observing a sample point within the data. 136, 137

downstream Meaning: In the propagation direction of the laser. E.g., the interaction region is
further downstream than the focusing mirror. The opposite of downstream 93, 376

downstream Meaning: Opposite of the propagation direction of the laser. E.g., the focusing mirror
is further upstream than the interaction region. The opposite is downstream 376

E

exciton A quasiparticle consting of an electron - hole pair. Two types are usually considered.
Frenkel excitons with smaller radii (usually on the order of the lattice grid) and binding

https://www.cxidb.org
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energies between 0.1 to 1 eV and Wannier excitons with larger radii and binding energies on
the order of «0.01 eV. 64

F

feature engineering Feature engineering is the process of applying a priori knowledge as a restric-
tion on a predictive model. 143

FLASH From https://flash.desy.de/: FLASH, the world’s first XUV and soft X-ray FEL, is
available to the photon science user community for experiments since 2005. Ultra-short X-
ray pulses shorter than 30 femtoseconds are produced using the self-amplified spontaneous
emission (SASE) process. The SASE or FEL radiation has similar properties than optical
laser beams: it is transversely coherent and can be focused to tiny spots with an irradiance
exceeding 1 ˆ 1016 W cm´2. 55, 109

G

generative adversarial network A generative adversarial network is a generative neural network
model that is trained using game theory. It consists of two neural networks, called discrim-
inator and generator. The discriminator network has to observe a mixture of real images
and generated images. Once it can distinguish the origin of each image, the game is over,
but the generated images are coming from a generator network that is trained alongside the
discriminator network and whose sole objective is to fool the discriminator network. This
way, the generator has at some point to mimic the original dataset perfectly, because otherwise
the discriminator will always be able to differentiate between generated images and original
images. GANs yield the most realistic images of all generative models but are highly unstable
to train and have no way of reassuring that the learned representations are in any way related
to the real dataset. 148, 370

Gibbs phenomenon The Gibbs phenomenon is a ringing artifact that occurs in Fourier transforms
of spatially or timely sharp edges or jump discontinuities. As there, the finite numer of
terms within the Fourier expansion can’t reproduce the original signal. As a consequence an
oscillatory pattern emerges upon back-transformation to the original domain. 259

ground truth The ground truth is target information - label - provided to a model during training.
The quality of the model’s predictions can never be better than the quality of the ground truth
labels. iv, v, 6–8, 126, 131, 133–136, 138, 139, 143, 148–151, 159, 164, 165, 168, 169, 177, 178

H

hit A hit is whenever the laser, with which we probe, hits a target particle in the interaction region of
the experiment while we record a trace of it, may it be a time-of-flight spectrum or a scattering
image. 1, 3, 4, 109, 114, 125, 208, 226, 232

I

independent and identically distributed If all random variables share the same probability dis-
tribution and are mutually independent then they are called independent and identically
distributed. An example is compressed sensing where a sparse iid environment is assumed
which in return enables sub-Nyquist rate sampling. Another example is throwing a dice. 157,
370

https://flash.desy.de/
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J

joint probability distribution A joint probability distribution of two random variables X and Y
gives a probability that is the intersection of the single probabilities. Meaning, the probability
that X has some value and Y has some value. Compare to a conditional probability distribution
which gives the probability that X has some value if Y has some value. 160, 378

K

kernel density estimate A smooth approximation of a histogram. 168, 371

M

macro-average Calculating the macro-average is computing the accuracy independently for each
class and then take the average, hence, treating all classes equally. In a single-class setup this
is sufficient for fully describing the accuracy of a model. 333

mutual information The mutual information of two random variables x and y is a metric for how
much information they share, defined in terms of the Kullback-Leibler divergence between
their joint probability distribution and the product of their marginal distributions. 156, 165

N

nanodroplet See nanoparticle iv, 3, 5–9, 22, 29, 40, 46–48, 50, 52, 58, 59, 61–68, 83, 84, 92, 93, 97, 98,
103–106, 109–112, 114, 129, 131, 149–151, 154, 157, 159, 160, 169–171, 177, 179, 180, 195–206, 209,
211–215, 223–225, 228, 229, 231–235, 237, 238, 240, 241, 244, 246, 250, 255–257, 262–274, 277,
280–287, 289–292, 303, 305–308, 345–357, 360, 363–367

nanoparticle A nanoparticle is a particle with size dimensions on the nm scale. Normally, the term
cluster can interchangeably be used, but it is not used in this thesis, due to the ambiguity with
the term clustering, meaning to sort into bins, used in machine-learning. There is no explicit
rule when to call a particle a nanoparticle. Usually it roughly has to have a radius between
1 to 1000 nm and consists of «1 ˆ 102 to 1 ˆ 1010 atoms. 1–3, 5, 6, 8, 21, 24, 33, 41, 45–48, 50,
52–57, 59, 61–64, 66, 105, 109, 111, 112, 125, 129, 130, 164, 177, 195, 197–199, 201–205, 210–212,
214–216, 227, 237, 238, 240, 242, 243, 248, 259, 280, 284, 285, 290, 293, 303, 306, 308, 363, 375, 378

Nelder-Mead method The Nelder-Mead method, or simplex method, is a derivative-free search
method for nonlinear optimization problems. 112, 229

Nyquist rate The Nyquist rate, sometimes called the Nyquist frequency is half of the sampling rate
of a discrete signal. Marking the highest possible frequency to recover from a sampled signal.
125, 377

O

overfitting If a model has more free parameters to train than sample points in the training data it
will inevitably learn noise variations on the data as valid sample points. In layman terms; It
will memorize every nuance of the dataset and is then unable to make meaningful predictions
for sample points outside of the training data. See also bias-variance-tradeoff 138, 375

P
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percent-point function The percent-point function, sometimes called quantile function, is the
inverse of the associated cumulative distribution function. Meaning, it provides a value such
that a random variables probability is equally likely to the percent-point functions input value
or below. An example is the median. While the median can overlap with the mean, and within
a Normal distribution it does, the median is always the value within a distribution that has
a 50 % chance of getting drawn, while the mean usually does not satisfies this. Therefore,
the percent-point function of 0.5 gives the value that should be entered in the distributions
cumulative distribution function for getting the probability to find the median value. 127, 163,
342, 372

public domain CC0 waiver From the official website: CC0 enables scientists, educators, artists and
other creators and owners of copyright- or database-protected content to waive those interests
in their works and thereby place them as completely as possible in the public domain, so
that others may freely build upon, enhance and reuse the works for any purposes without
restriction under copyright or database law. In contrast to CCs licenses that allow copyright
holders to choose from a range of permissions while retaining their copyright, CC0 empowers
yet another choice altogether the choice to opt out of copyright and database protection, and
the exclusive rights automatically granted to creators the no rights reserved alternative to our
licenses. 9, 129, 148

python Python is a high-level, interpreted programming language invented by Guido van Rossum
and named after not the snake but Monty Python. 146, 148

R

radial basis function If a functions value only depends on the distance between the input and
some fixed point in a vector space, it is a radial function. Meaning it satisfies f (x) = f (|x|2).
A set of such functions are then called the radial basis function. 159, 372

reinforcement Training a machine-learning model is called reinforced when an algorithm, called
agent, has to learn how to navigate within a given environment that imposes a rule-set on the
agent. E.g. staying on the road when driving a car. 126

S

secant line A secant line is a line that intersects a curve in at least two points. 155

self-amplified spontaneous emission An electron bunch moving on a sinusoidal curve in an un-
dulator radiates light in forward direction. When the electron bunch is moving at almost the
speed of light, and given the trajectory path is long enough, the emitted light will compart-
mentalize the electron bunch into so-called micro bunches. This micro bunch structure is then
in return imprinted on the emitted light which results in coherent forward directed radiation
that scales quadratically with the number of electrons that are within the electron bunch. 1,
372, 377

shake-up or shake-off When an atom is irradiated by XUV light it is possible for an inner electron
to get directly ionized. The remaining electron then find themselves in a state that is not an
eigenstate of the atom anymore. A subsequent collective excitation is then called shake-up and
in the case of the ejection of a low-kinetic energy electron the process is called shake-off. 59, 206
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signal separation The class of algorithms that try to explain a given signal variations into smaller
components is called signal separation. Prominent examples are PCA, independent component
analysis (ICA) and singular value decomposition (SVD). For example, the PCA algorithm tries
to find a discrete number of vectors the minimize the variance between the vector and all
sample points. 148

signal-to-noise ratio The signal-to-noise ratio is a dedicated measure to connect the amount of
information that can be obtained from a measurement to background noise that is always
recorded in real life scenarios. Usually given in decibel; A ratio larger than 0 dB indicates more
signal than noise. The ShannonHartley theorem underpins this quantity with the information
theoretic foundation and connects it with other important quantities like bandwidth and capacity.
141, 230, 372

small-angle X-ray scattering Formally, a small-angle X-ray scattering experiment is the analysis of
scattered light by a particle - scatterer - to small angles of a detector. Since X-ray and XUV
radiation is used the scatterer is on the nanometer scale. The main difference, compared to
a WAXS experiment, is that only 2d-information is captured in the small-angle case, while
3d-information is recorded in the wide-angle regime. Although both datasets analyzed
throughout this thesis are recorded in a wide-angle scheme, an explanation for the small-angle
case can be found in chapter 3. 9, 65, 128, 372, 381

spectral clustering Spectral clustering is a clustering technique from unsupervised machine-learning.
As other clustering techniques it calculates a similarity measure for all samples in the dataset
and build a matrix of it. Then, it uses the eigenvectos of this matrix for subsequent clustering,
hence the name spectral. 128, 148, 164, 166, 175–180, 365, 367

state-of-the-art The state of the art refers to the highest level in a given discipline achieved at a
particular time. iv, v, 6, 126–128, 140, 147, 148, 154, 164, 175, 177–179, 181, 303, 304

supervised Training a machine-learning model is called supervised when ground truth labels are
available. iv, 6–8, 126–128, 133, 134, 136, 138, 140, 141, 147, 149, 150, 153, 158, 159, 174, 179, 181,
303, 380

support-vector-machine The term support-vector-machine describes a technique from machine-
learning within the supervised learning paradigm. It is a so-called kernel method and can be
used for classification and regression analysis. 128, 333, 372

T

Ti:sapphire Ti:Sa refers to the lasing medium used in a laser. Here a sapphire crystal (Al2O3),
doped with titanium ions (Ti3+), is usually pumped using a primary laser operating between
514 to 532 nm. The central wavelength of Ti:Sa lasers is usually around 800 nm. 91, 203, 372

U

unsupervised Training a machine-learning model is called unsupervised when no ground truth
labels are available. iv, 6, 8, 126–128, 133, 134, 148–150, 154, 159, 163, 167–169, 173–175, 177–181,
303, 304, 375, 380

V
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vanilla In computer science the term vanilla is used to denote a software that is used in its unmodi-
fied version and without any applied customizations or updates. 140, 141, 144, 367

W

wide-angle X-ray scattering Formally, a wide-angle X-ray scattering experiment is the analysis of
scattered light by a particle - scatterer - to wide angles of a detector. Since X-ray and XUV
radiation is used the scatterer is on the nanometer scale. The main difference, compared
to a small-angle X-ray scattering (SAXS) experiment, is that 3d-information is captured in
the wide-angle case, while only 2d-information is recorded in the small-angle regime. Both
datasets analyzed throughout this thesis are recorded in this fashion. Therefore, please see
chapter 3 and 4.3 for more details. iv, 5, 9, 66, 83, 128, 195, 223, 303, 373
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