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Summary

The primary visual cortex (V1) is the first cortical area involved in the processing of visual
information, responding to basic features of a visual stimulus like contrast or orientation.
Although it is the best studied part of the visual system – and one of the best studied areas in
the brain in general – many questions about the involved neural mechanisms remain unclear
to date. Anatomical studies show that most of the input received by neurons in V1 does not
arise from the earlier visual structures but from within the visual cortex. To a large extent,
the response of a neuron is determined by the activity of the surrounding neurons in the local
cortical network. In this thesis, we employ computational models of these networks in V1 to
shed some light on its contribution to visual processing, comparing the simulation results to
electrophysiological recordings from cat V1.

We first investigate the role of the local circuitry in the generation of orientation selectivity.
Orientation preferences of neurons in V1 of higher mammals are not distributed randomly but
vary continuously resulting in an orientation map structure. By systematically exploring two
classes of network models we show that the experimentally observed dependence of tuning
properties on position in this map is best explained in a network that operates in a strongly re-
current regime, where recurrent excitatory and inhibitory inputs are approximately balanced
and dominate the afferent input. These results are confirmed in a second study, where we
show that such a network can also explain observed differences in the variability of temporal
responses.

We then focus on another aspect of input transformation in V1, the non-linear normaliza-
tion of cell responses: Instead of consistently increasing the response with the contrast of
a stimulus, responses of cortical cells saturate well below the maximal levels that would be
possible physiologically. In addition, the response to two stimuli at the same position in the
visual field is not linearly added but typically smaller than the sum of the responses to the
two stimuli presented alone. We demonstrate how such normalization can arise from the
combination of afferent input properties with the modulation provided by the local cortical
network. Due to the strong influence of the network, the amount of this normalization can
show a strong dependence on the position in the local orientation map.

Finally, we study the influence of the local network on the response modulation caused
by stimuli presented outside of the classical receptive field of a neuron, i. e. by stimuli that
do not elicit a response when presented alone. These modulations have their origin outside
of the local network and are propagated via long-range connections or via feedback from
higher areas. While we explicitly do not include any direct dependence of this modulatory
input on the map position, the final processing of the surround influences happens in the local
recurrent circuit, leading to differences in the net modulation between cells at different map
positions. This processing by the local network then also explains experimentally observed
differences in the orientation specificity of the surround influence.
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Zusammenfassung
Der primäre visuelle Kortex (V1) ist das erste kortikale Areal, das in der Verarbeitung visueller
Informationen involviert ist. Die Zellen dieses Areals reagieren auf grundlegende Stimulus-
eigenschaften wie Kontrast oder Orientierung. Auch wenn es sich um den meistuntersuchten
Teil des visuellen Systems – und um einen der meistuntersuchten Teile des Gehirns insgesamt
– handelt, sind viele Fragen über die beteiligten neuronalen Mechanismen bis heute offen.
Anatomische Studien zeigen, dass der größte Teil der Eingaben, den Neuronen in V1 erhalten,
nicht von den früheren visuellen Strukturen sondern aus dem Kortex selbst stammen. Die Ant-
wort von Neuronen ist in einem großen Maße von der Aktivität der umgebenden Neuronen
im lokalen kortikalen Netzwerk bestimmt. In dieser Arbeit verwenden wir Computermodelle
dieser Netzwerke, um deren Beitrag zur visuellen Verarbeitung zu klären und vergleichen die
Simulationsergebnisse mit elektrophysiologischen Ableitungen aus dem V1 der Katze.
Wir untersuchen zunächst die Rolle des lokalen Schaltkreis in der Erzeugung von Orien-

tierungsselektivität. Die Orientierungspräferenzen von Neuronen im V1 höherer Säugetiere
sind nicht zufällig verteilt sondern variieren kontinuierlich und resultieren in einer Orien-
tierungskartenstruktur. Durch systematische Untersuchungen zweier Klassen von Netzwerk-
modellen zeigen wir, dass sich die experimentell beobachteten Abhängigkeit der Selektivität
von der Kartenposition am besten in einem Netzwerk, das in einem stark rekurrenten Regime
arbeitet, erklären lässt. In diesem Netzwerk sind die rekurrenten exzitatorischen und inhi-
bitorischen Ströme annähernd ausbalanciert und dominieren die afferenten Ströme. Diese
Resultate werden in einer zweiten Studie bestätigt, in der wir zeigen das ein solches Netz-
werk auch experimentell beobachtete Unterschiede in der Variabilität der zeitlichen Antwort
erklären kann.
Wir untersuchen dann einen weiteren Aspekt der Verarbeitung in V1, die nichtlineare Nor-

malisierung von Zellantworten: Anstatt die Antwort kontinuierlich mit dem Kontrast eines
Stimulus zu steigern, saturieren die Antworten kortikaler Zellen deutlich unter den maximal
möglichen Aktivitäten. Außerdem werden die Antworten auf zwei Stimuli, die gleichzeitig
an der gleichen Position präsentiert werden, nicht linear addiert sondern sind typischerwei-
se kleiner als die Summe der Antworten, wenn die Stimuli einzeln präsentiert werden. Wir
zeigen, wie diese Normalisierung aus der Kombination von Eigenschaften der afferenten Ein-
gabe mit der Modulation durch das lokale kortikale Netzwerk hervorgehen kann. Aufgrund
des starken Einfluss des Netzwerks kann die Stärke dieser Modulation eine starke Abhängig-
keit von der Position in der Orientierungskarte zeigen.
Schließlich betrachten wir den Einfluss des lokalen Netzwerks auf die Modulation der Ant-

worten, die durch Stimuli außerhalb des klassischen rezeptiven Feldes hervorgerufen werden,
d. h. von Stimuli, die keinerlei Antwort hervorrufen, wenn sie alleine präsentiert werden. Die-
se Modulationen haben ihren Ursprung außerhalb des lokalen Netzwerks und werden über
langreichweitige Verbindungen oder Rückprojektionen von höheren Arealen weitergeleitet.
Obwohl wir in dem Modell keinerlei direkte Abhängigkeit dieser Modulation von der Kar-
tenposition einfügen, geschieht die endgültige Verarbeitung dieser Modulation im lokalen
Netzwerk und führt damit zu Unterschieden in der resultierenden Modulation für Zellen an
verschiedenen Kartenpositionen. Diese Verarbeitung durch das lokale Netzwerk erklärt dann
auch experimentell beobachtete Unterschiede in der Orientierungsspezifizität der Modulati-
on.
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1. Introduction
The mammalian neocortex is a fascinatingly complex structure, with several ten thou-
sand neurons per cubic millimeter and a comparable number of synaptic connections
received by every cell (Abeles, 1991). One particular area of cortex, the primary
visual cortex (V1), has inspired many experimental and computational investigations
since the seminal study of Hubel and Wiesel (1959) showed that most neurons in V1
exhibit clear selectivity for stimulus features such as contrast or orientation. Orien-
tation selectivity is a neuronal property that emerges first in V1; it is mostly absent
in earlier parts of the visual pathway.
The computation of orientation-selective responses in V1 has been captured by

many models, arriving at similar outcomes with very different underlying mecha-
nisms (for reviews see e. g. Sompolinsky and Shapley, 1997; Ferster and Miller, 2000;
Teich and Qian, 2006; Priebe and Ferster, 2008). Such models often fall into one of
two broad categories: Feed-forward models (following the initial ideas of Hubel and
Wiesel, 1962) propose that the selectivity is due to structured connectivity from sub-
cortical structures; “recurrent” models (e. g. Ben-Yishai et al., 1995; Somers et al.,
1995; Sompolinsky and Shapley, 1997; Adorján et al., 1999) on the other hand claim
that selectivity is a truly “emerging” property of V1, arising from strong, specific
connections within the network.
To date, experimental evidence did not allow to conclusively decide between these

two hypotheses, since anatomical and physiological studies yield seemingly paradox-
ical results: On the one hand, the afferent input to V1 drives neurons strongly (Reid
and Alonso, 1995; Ferster et al., 1996), on the other hand afferent synapses only
make up around 5% of all excitatory synapses in V1 (Binzegger et al., 2004; Thomson
and Lamy, 2007; da Costa and Martin, 2009).
In this thesis, we construct computational, mechanistic models of local cortical

networks in V1 and relate their response properties to experimental data from cat V1.
In particular, we address the following questions:

1. Does the combination of electrophysiological recordings with information about
the position of cells in the orientation map allow us to decide between com-
peting mechanistic models of orientation selectivity?

2. What role does the local cortical network play in the amplification and sup-
pression of afferent inputs?

3. How do strongly recurrent networks affect modulations by external sources?



2 Introduction

The work presented here considers the function of cortical networks in the pro-
cessing of visual information. To provide the necessary background, chapter 2 gives
a brief introduction to the early visual pathway of mammals, covering its anatomy,
physiology as well as computational models of its function. The original research
is then presented in chapters 3 to 6. Each chapter is relatively self-contained and
includes an introduction, a discussion and concluding remarks. Details of the respec-
tive models and methods, as well as a few additional simulation results can be found
in the appendix.
Chapters 3 and 4 are based on Stimberg et al. (2009) (see also Schummers et al.,

2007; Wimmer et al., 2009; Martin et al., 2010). In chapter 3, we analyze intracellu-
lar recordings of neurons in cat V1, whose position in the orientation map has been
determined with optical imaging. The recordings show strong differences in the tun-
ing of the conductances and of the membrane potential between cells at different
map positions; consistent with the finding that the connections in the local cortical
network convey unspecific input from their neighboring cells, those cells close to the
singularities of the map – where cells with different orientation preferences converge
– show broad tuning whereas the cells in homogeneous zones show sharper tuning.
On the other hand, the spike tuning of the cells only weakly depends on the map
position. We set up two network models of differing complexity, both incorporat-
ing an artificial orientation map. Systematically varying the “operating regime” of
such a network, i. e. the relative contributions of local excitatory and inhibitory con-
nections compared to the afferent input, we find that only a parameter regime with
strong local connections is consistent with the experimental data. Interestingly, this
parameter regime is close to an instable parameter regime where activity grows fast
and remains self-sustained when the afferent input is removed.
In chapter 4, we extend the network introduced in the previous chapter by incor-

porating time-varying afferent input. Extracellular recordings in cat V1 showed that
the temporal dynamics of responses differ between cells at different positions of the
orientation map (Schummers et al., 2007): While the average time course of response
is rather invariant, the inter-cell variability is larger for cells in heterogeneous map
locations. We perform simulations in a spiking network model, concluding that only
a network with strong local interactions is able to reproduce this finding. This study
– together with the work presented in the preceding chapter – emphasizes the im-
portance of the local cortical network for understanding mechanisms and dynamics
of orientation selectivity.
In chapter 5, we turn to another role of the cortical network, namely its importance

for controlling the gain of the neuronal response. In general, responses increase with
the contrast of a stimulus. In addition, however, non-linear normalization plays an
important role, leading to deviations from a purely linear behavior. We consider
two expressions of such a normalization, contrast saturation and cross-orientation
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suppression. In a simple two-population model, we demonstrate how contrast sat-
uration can be achieved by cortical interactions and show that this result can be
easily transfered to cells in orientation domains of a network model. Cells close to
singularities of the map, however, exhibit much more linear behavior and show less
suppression. We discuss this finding in the light of recent experimental data that
does not seem to support such a difference in real cortical networks. Finally, we
investigate the effect of cross-orientation suppression by presenting two stimuli si-
multaneously, modeling a subcortical contribution to the suppression in an effective
way. We show that the strengths of the recurrent connections strongly determine the
amount of suppression in pinwheel cells, even changing suppression into facilitation.
We therefore conclude that, even though the suppression itself may not be generated
within cortex, the cross-orientation paradigm might provide novel insights into the
cortical circuitry.
In chapter 6, we investigate how external modulations influence the response of

neurons in V1, using modulations by the spatial context as an example. We extend
our model by including an additional surround input as an effective description of
the surround influence. With this simple model, various forms of suppression and
facilitation can be achieved, in particular modulation that depends on the contrast of
the center stimulus. We furthermore find that the surround effect can vary with the
map position, even though the surround input itself is – by construction – indepen-
dent of the map position. Finally, we investigate the orientation tuning of surround
suppression and show how our network allows to model the tuning differences be-
tween cells at different map position that have been observed for cells in superficial
layers of V1. Together, these findings demonstrate how a strongly recurrent network
allows for effective external modulations by disturbing the balance of excitation and
inhibition.
In the concluding chapter 7, we put the results presented in the other chapters in

context, discuss the role of the local cortical network in V1 and finally present open
questions for further research.





2. The early visual system of mammals
In this chapter we will briefly review the architecture and function of the early vi-
sual system of mammals (focusing on cats and primates), covering its anatomy and
physiology as well as introducing some relevant computational models. This chapter
is only meant to serve as a general primer for the rest of this thesis, more specific
topics will be discussed in the respective chapters. A detailed description of the neu-
roanatomy and -physiology of the visual pathways can be found in textbooks such as
Kandel et al. (2000) and Chalupa and Werner (2003), for a comprehensive overview
specifically for the primary visual cortex of cats see Payne and Peters (2002).

2.1. Anatomy
2.1.1. Retina & LGN

When light enters the eye through the pupil, it is focused on the retina by the lens.
In the retina, neural processing of visual signals then begins. The retina consists of
three main layers: The photoreceptor layer, the inner nuclear layer, and the ganglion
cell layer. In the photoreceptor layer, light is converted into an electrical signal
by two types of photoreceptors, rods and cones. Cones are most numerous in the
fovea, the central part of the retina, and are responsible for finely detailed and color
vision under bright light conditions. Rods on the other hand are absent from the
fovea but dominate at the peripheral parts of the retina. As they are much more
sensitive to light, rods are responsible for the (black and white) vision under low light
conditions. In the inner nuclear layer, every bipolar cell receives input from only one
type of photoreceptor and transmits its response to the amacrine and ganglion cells.
A large number of different amacrine and ganglion cell classes exists, and they are
interconnected within and across the layer. Ganglion cells are the first cells in the
visual pathway that respond with action potentials and project to the brain via the
optic nerve. There are three main targets for these projections: The pretectum, the
superior colliculus and the lateral geniculate nucleus (LGN) – in the following we will
neglect all targets except for the LGN which is the major source of input to the visual
cortex.
The LGN is a layered structure with six layers in primates and three layers in other

mammals like cat. In primates, the inner two layers are called “magnocellular” and



6 The early visual system of mammals

chiasm
Optic 

Right

Left

Left LGN

Right LGN

Visual field

Left eye

Right eye

(V1)
cortex
visual
Primary

Figure 2.1. Schematic drawing of the major early visual pathways.
Information from the left visual field crosses the optical chiasm and projects to the right part of the
lateral geniculate nucleus (LGN), information from the right visual field projects to the left part. This
information is then further propagated to the primary visual cortex (V1). Reproduced fromMiikkulainen
et al. (2005).

the outer four layers “parvocellular”. The magnocellular layers receive their input
from the magnocellular retinal ganglion cells and are involved in perception on a
coarse scale, in particular in the perception of movements. The parvocellular layers,
again receiving their inputs from the accordingly named retinal ganglion cells, on
the other hand are responsible for fine visual details and color vision. Between the
magnocellular and parvocellular layers, a third type of cells, the “koniocellular” lay-
ers are found. The function of cells in these layers is much less clear (for a review see
Hendry and Reid, 2000). In cats, the X-cells, Y-cells and W-cells fulfill similar roles
to the parvocellular, magnocellular, and koniocellular cells of the primate LGN.

The cells are retinotopically organized, i. e. neighboring cells receive input from
neighboring cells of the retina and layers segregate the information received by the
two eyes. Although the LGN is often considered a simple “relay” for the visual cortex,
it is part of a complex circuit in which feed-forward projections from retinal ganglion
cells also form a small part of the inputs, with many inputs originating from within
the LGN or stemming from feedback connections from layer 6 of V1 (Sherman and
Guillery, 2002; Alitto and Usrey, 2003; Cudeiro and Sillito, 2006).
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2.1.2. Primary Visual Cortex
The primary visual cortex (V1)1 is located in the back of the brain, in the occipital
lobe. Like most of neocortex, it is a structure consisting of six layers: The majority
of the afferent connections from the LGN arrive in layer 4 but some also in layer 6. In
primates, layer 4 is further subdivided into four layers: 4A, 4B, 4Cα, and 4Cβ. Mag-
nocellular inputs from LGN mostly target 4Cα, parvocellular inputs target 4Cβ. The
layers are inter-connected, forming what has been termed the cortical microcircuit
(Martin, 2002), the most important projections being the following: Layer 4 projects
to layers 2 and 3 which then project to higher cortical areas and to layer 5. Via layer
5, activity is fed back to layer 4; Layer 6 conveys activity back to the LGN. In addition
to the afferent input from LGN, V1 receives direct feedback connections from other
areas higher in the cortical hierarchy (Felleman and Essen, 1991; Salin and Bullier,
1995).
Even though layer 4 is thought of as an input layer to V1, it is important to state that

the connections from LGN in fact only contribute a small part of all inputs to V1, it is es-
timated that of all excitatory synapses in layer 4, only around 5% arise from thalamic
connections (Binzegger et al., 2004; Thomson and Lamy, 2007; da Costa and Martin,
2009). It is still unclear whether the synapses from the thalamus show any specific
connection pattern that renders them particularly efficient, e. g. whether they cluster
together on the dendrites or preferentially target the soma. Very recently it has been
established that while this does not seem to be the case for the synapses targeting
the excitatory spiny-stellate cells (da Costa and Martin, 2011), such specificity does
exist for connections targeting inhibitory interneurons (Bagnall et al., 2011).
Most of the connections arise from within the cortex, to a large part from the local

network surrounding the neurons, spanning a couple of hundred micrometers (Buzás
et al., 2006). In addition, mostly in the superficial layers 2/3, neurons receive inputs
via long-range connections over distances up to several millimeters (Lund et al., 2003;
Stepanyants et al., 2009).
V1 is the first stage in the visual pathway where information from the both eyes is

combined. While neurons still express a preference for one or the other eye, they are
sensitive to information coming from either eye.

2.1.3. Beyond primary visual cortex
Following the influential but still debated “two stream hypothesis” (Mishkin and
Ungerleider, 1982), visual processing is segregated into the dorsal and the ventral
stream, the “where” and “what” pathway, respectively. The dorsal stream roughly
consists of the magnocellular projections to layer 4 of V1, continues via V2, V3, and
1Also called area 17 or striate cortex, but we will use the term V1 throughout this thesis.
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V5/MT before it finally feeds into parietal cortex. The ventral stream follows the par-
vocellular connections to layer 4, continues to V2, V4 and finally to the temporal
cortex (Lamme et al., 1998).

2.2. Physiology

The responses of neurons in sensory systems are commonly described by determining
their receptive fields. In the visual system, the receptive field is defined as the region in
visual space (or the corresponding region in the retina) where a stimulus evokes a re-
sponse. Extending this simple definition, the term receptive field is also used to more
generally describe the transformation of the visual input (or retinal activity) into the
response of the respective neural structure. In the simplest case, this transformation
can be described by a linear spatial filter, but for a more complete description also the
temporal evolution of the response as well as the interaction with the spatial context
have to be taken into account.

2.2.1. Retina & LGN

The ganglion cells of the retina have approximately circular receptive fields, divided
into a center and a surround region. Two classes of cells exist, each responding
most strongly to a differential stimulation of these two regions: “on-center neurons”
respond optimally to light on the center and darkness on the surround while “off-
center neurons” prefer the opposite stimulation pattern. Due to this organization,
ganglion cells do not convey a lot information about overall luminance but respond
to contrast within their receptive field.
To a large extent, neurons in the LGN share the center-surround receptive fields of

the retinal ganglion cells (Hubel and Wiesel, 1961). A considerable number of LGN
neurons however already shows a bias for stimuli of a certain orientation (Vidyasagar
and Urbas, 1982; Thompson et al., 1994; Xu et al., 2002), part of this sensitivity
might be inherited from V1 via the feedback connections (Vidyasagar and Urbas,
1982). The responses of cells in the LGN are also deviating from a purely linear
integration, for example, they are modulated by stimuli outside of their receptive
field (Ozeki et al., 2004; Bonin et al., 2005). Compared to the primary visual cortex
(see below), neurons in the LGN prefer relatively small (i. e. high spatial frequency)
and fast moving (high temporal frequency) stimuli (Lehmkuhle et al., 1980; Jones
et al., 2000).
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Figure 2.2. Proposed connectivity pattern to account for simple-cell receptive fields.
Schematic representation of the feed-forward model for the generation of simple-cell receptive fields
(Hubel and Wiesel, 1962). The cells on the top right are on-center cells with aligned circular receptive
fields (depicted as circles on the left). They provide excitatory input to a simple cell (bottom) that there-
fore has a receptive field with an elongated on-subfield in the center and two elongated off-subfields
on the side. Reproduced from Hubel and Wiesel (1962).

2.2.2. Primary visual cortex
Simple and complex cells

In primates, the neurons in layer 4C of V1 still mostly share the circular center-
surround receptive fields of the LGN neurons they receive their input from (Blasdel
and Fitzpatrick, 1984; Gur et al., 2005). The cells in the other layers – in species
like cats this holds even for the input layer – can be classified as simple or complex
according to their receptive field type (Hubel and Wiesel, 1959, 1962). The recep-
tive field of simple cells consists of elongated subfields responding either to light
or darkness. By the spatial arrangement of those regions, cells are sensitive to the
orientation and spatial frequency of a stimulus. Hubel and Wiesel (1962) proposed
that this receptive field profile arises from the connectivity pattern of the input: Sev-
eral cells of same polarity (i. e. either on- or off-cells) with receptive field centers
aligned along a line project to a simple cell, leading to the elongated subfield pattern
(Figure 2.2). More recent experimental studies seem to support such a connectivity
scheme (Reid and Alonso, 1995; Ferster and Miller, 2000; Alonso et al., 2001). As
the name suggests, the receptive field of complex cells cannot be described that sim-
ply: Complex cells are also selective for orientation and spatial frequency but they
do not prefer a specific position (or spatial phase) within their receptive field, the
response is also independent of the polarity of the stimulus. In sum, simple cells are
well described by a linear filtering (followed by a static nonlinearity to account for
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the spike threshold), the response to compound stimulus is the sum of the responses
to its constituents. Complex cells on the other hand cannot be described with a linear
filter, here summation is nonlinear.
To classify cells as being either simple or complex, several methods can be used,

e. g. testing for distinct antagonistic subfields or assessing the linearity of responses
(Hubel and Wiesel, 1962). In recent years, the most common method has been to
classify cells according to their response to a sinusoidal drifting grating: Simple cells
follow the modulation of the grating (the response is high when the spatial phase
of the grating matches the preferred spatial phase of the cell and low otherwise),
whereas complex cells keep an elevated firing rate that is mostly independent of the
spatial phase of the stimulus. Formally, cells are defined as simple when – for stimuli
of optimal spatial frequency – the amplitude of the first harmonic (F1) of the firing rate
is greater than the mean response (F0), i. e. whenever F1/F0 > 1 (Skottun et al., 1991).
This ratio is easily determined in experiments and correlates with other measures
such as the overlap of the subfields (Mata and Ringach, 2005). The distribution of
the F1/F0-ratio is bimodal, supporting the conclusion of two cell classes. More recently
this conclusion has been questioned, however, showing that the cells’ spiking non-
linearity is responsible for converting a unimodal membrane potential distribution
into a bimodal firing rate distribution (Mechler and Ringach, 2002; Priebe et al.,
2004). This suggests that it might be better to think of cells along a simple-complex
continuum instead of separating them into two distinct classes.
The orientation selectivity of simple cells – at least in cat V1 – appears to be contrast

invariant, i. e. the shape of the orientation curve (response plotted against orienta-
tion of the stimulus) remains constant across contrasts (Sclar and Freeman, 1982;
Skottun et al., 1987; Ferster and Miller, 2000; Anderson et al., 2000b; Alitto and Us-
rey, 2004). This is not easily brought into accordance with the simple feed-forward
model (Figure 2.2): A high contrast stimulus of an orientation orthogonal to the pre-
ferred should lead to a relatively high input to simple cells in V1, as high as for a low
contrast stimulus of the preferred orientation. Yet, high-contrast orthogonal stim-
uli evoke almost no response whereas low-contrast stimuli reliably evoke responses
(Sclar and Freeman, 1982; Skottun et al., 1987; Ferster and Miller, 2000; Anderson
et al., 2000b; Alitto and Usrey, 2004). This contradiction has inspired many compu-
tational models, which will be discussed later in this chapter.
Neurons in V1 express pronounced pattern adaptation, i. e. the prolonged presen-

tation of a certain effective stimulus reduces responses to subsequent presentations
of stimuli, in particular for stimuli sharing the features (e. g. orientation) of the stim-
ulus that was presented in the beginning (Maffei et al., 1973; Albrecht et al., 1984;
Sclar et al., 1989; Carandini et al., 1998). While there is considerable adaptation
in magnocellular cells in primate LGN (Solomon et al., 2004), adaptation is weak in
cat (Sanchez-Vives et al., 2000b). This, together with other properties like its orien-
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Figure 2.3. Orientation preference map of cat V1.
(A) Orientation preferences of neurons in cat V1, determined with optical imaging (Hashemi-Nezhad
and Lyon, 2011). Pixels are colored according to the preferred orientation of the cell (see colored bars
on the right). The black dots denote a pinwheel center and a linear zone of the orientation domain.
(B) Local neighborhood of a pinwheel center (left, corresponding to the upper black dot in (A)) and
orientation preference distribution of cells within a radius of 250 µm (right). (C) Same as (B) for the
region corresponding to the lower black dot in (A) marking the linear zone in an orientation domain.
Data courtesy of Maziar Hashemi-Nezhad and David Lyon.

tation and spatial frequency tuning as well as the possibility of interocular transfer
(Bjorklund and Magnussen, 1981) argues for a cortical origin of pattern adaptation.
It has been reported that the main mechanism is an intrinsic cell property of V1 cells,
a sodium-gated potassium channel (Sanchez-Vives et al., 2000a). The difference be-
tween V1 and LGN cells in their susceptibility to pattern adaption is routinely used
to distinguish between cortical and subcortical influences to response properties in
V1. For example, cross-orientation suppression, i. e. the suppression of responses
to an optimally oriented stimulus by the superposition of an orthogonally oriented
stimulus, is relatively immune to adaptation (Freeman et al., 2002) and is therefore
thought to be of subcortical origin (Priebe and Ferster, 2006).

Columnar organization

In the cortex, groups of neurons are often spatially organized according to common
feature preferences along so called columns, roughly perpendicular to the layer struc-
ture. As in the LGN, neurons are retinotopically organized, i. e. neighboring neurons
have neighboring receptive fields. In addition to this retinotopic map, several more
complex feature maps are overlayed. Cells in the input layer receive monocular input,
cells in the other layers receive binocular input but still show an ocular dominance
that is organized in a columnar structure.
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In higher mammals like cats (Hubel and Wiesel, 1962; Rao et al., 1997; Müller
et al., 2000; Ohki et al., 2005, 2006), ferrets (Rao et al., 1997; Müller et al., 2000) and
primates (Hubel andWiesel, 1968; Blasdel et al., 1995), also the preferred orientation
of cells is represented in a map-like structure with a continuous change of preferred
orientation along the cortical surface, interrupted by sudden shifts of orientation
preference at fractures and singularities of the map, the so-called “pinwheel centers”
(Bonhoeffer and Grinvald, 1991, see also Figure 2.3). This columnar organization is
apparently absent in other species like rats (Ohki et al., 2005), mice (Schuett et al.,
2002) or squirrel (Hooser et al., 2005). In species that have feature maps, these maps
are aligned with respect to each other, e. g. pinwheel centers mostly occur near the
center of ocular dominance patches (Crair et al., 1997) and iso-orientation zones cross
orientation dominance boundaries at right angles (Obermayer and Blasdel, 1993).

Surround modulation
If the size of a stimulus within the receptive field of a cell in V1 is increased, the
response increases until the stimulus reaches the extent of the receptive field. Hubel
and Wiesel (1965) discovered some cells in V2 and V3 that responded with a decrease
of response if the size of a bar was extended beyond the size of the receptive field
and termed them “hypercomplex” cells. Later this behavior was also found for simple
and complex cells in V1, and these cells were called “end-stopped” cells. More recent
studies show that the majority of cells in cat (Sengpiel et al., 1997; Walker et al.,
2000) and primate V1 (Jones et al., 2001) show some form of modulation – most often
suppression – if stimuli are presented outside of what would be classically termed the
receptive field. By definition, stimuli outside the receptive field of a neuron do not
influence the response of the cell. To make a clear distinction between regions of the
visual field where stimuli are able to elicit responses by themselves and regions where
stimuli only exert modulatory influences, the former is called the classical receptive
field (CRF) and the latter the extra-classical receptive field (ECRF). The ECRF can be
very large, with the total diameter of CRF and ECRF being several times the diameter
of the CRF alone (Li and Li, 1994). The determination of the size of the CRF has been
done with several different methods. leading to different estimates of the receptive
field size. This makes it diffult to compare different studies regarding modulations
from the ECRF – the definition used might include parts of what would be the CRF in
other studies (Seriès et al., 2003). For experimental stimuli, the term “center” is used
for the region covered by the CRF, “surround” refers to region surrounding it, i. e. the
ECRF.
Stimuli presented in the surround mostly suppress the response to a stimuli pre-

sented in the center. This surround suppression seems to be similar for simple and
complex cells and is observed in all layers (Freeman et al., 2001; Jones et al., 2001;
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Walker et al., 2000). The surround modulation is highly dependent on the character-
istics of the surround stimulus, with a selectivity that is similar to the selectivity of
the CRF, albeit it is usually broader (DeAngelis et al., 1994; Li and Li, 1994). The mod-
ulation is commonly maximal when the orientation of the center and the surround
match (DeAngelis et al., 1994; Li and Li, 1994; Levitt and Lund, 1997), similarly for
the spatial frequency (DeAngelis et al., 1994; Li and Li, 1994). Deviations from this
match typically lead to less modulation, but some cells switch from a suppressive
modulation to a facilitation under specific conditions, e. g. when the center contrast
is low (Toth et al., 1996; Sengpiel et al., 1997; Levitt and Lund, 1997; Ichida et al.,
2007) or the surround orientation is orthogonal to the center orientation (Levitt and
Lund, 1997). Facilitation has also been reported for surround stimuli consisting of
elements (“flanks”) collinear with the center stimulus (“target”). Under this stimu-
lation, many cells in cat V1 switch from suppression for targets at high contrast to
facilitation if the target is presented at low contrast (Polat et al., 1998; Chen et al.,
2001a).
When the surround stimulus is presented to a different eye than the center stimulus,

surround suppression is reduced but not abolished, arguing for a cortical origin of
surround suppression (DeAngelis et al., 1994).

Laminar differences
In cat V1, layers 4 and 6 that receive direct input from the thalamus contain mostly
simple cells, whereas the other layers mostly contain complex cells. While in the
majority of the layers excitatory and inhibitory inputs to the cells share the tuning
for orientation, in layer 5 they can diverge so that inhibitory inputs are orthogonal to
the excitatory ones (Martinez et al., 2002; Hirsch and Martinez, 2006). The laminar
organization varies significantly across species: While for example in ferret (Usrey
et al., 2003) and gray squirrel (Heimel et al., 2005) cells in layer 4 show orientation
tuning, in primates cells in layer 4C are mostly untuned (Blasdel and Fitzpatrick,
1984; Gur et al., 2005) as are cells in layer 4 of tree shrew where the connections from
layer 4 to layer 2/3 may play an analogous role to the thalamocortical connections
in cat (Mooser et al., 2004).

2.3. Computational models
Computational models of the early visual system take two forms: Functional descrip-
tions are concerned with the computations performed and describe the activity in
terms of functions of the visual input. Mechanistic models on the other hand try
to derive the properties of neuronal responses by simulating networks of neurons,
making use of anatomical constraints on the connectivity.
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Figure 2.4. Basic functional models of neurons in early vision.
In all models, the visual image is filtered by a linear filter and then transformed through a non-linearity
(plotted as firing rate over filter output) into a firing rate. (A) Model for a retinal ganglion or a
LGN cell. The filter has a center-surround organization, images that have opposite polarity of the filter
result in negative filter output that does not lead to firing. (B) Model for a V1 simple cell with
an orientation-specific receptive field and a squaring non-linearity. (C) The “energy model” for a
complex cell: The output of two phase-shifted linear filters are first squared and then summed, leading
to a phase-invariant response. Reproduced from Carandini et al. (2005).

2.3.1. Functional models
The “classical” functional description of the early visual system involves linear fil-
tering of the visual input. For retinal ganglion cells and the LGN, these filters take
the form of concentric center-surround receptive fields. After filtering the visual in-
put with such a filter, a static non-linearity models the conversion of the summed
inputs into an output firing rate (Figure 2.4A). For simple cells in the primary visual
cortex, the linear filter consists of elongated on- and off-subfields (Movshon et al.,
1978; Heeger, 1992), followed by a half-wave squaring operation (Figure 2.4B). For
the non-linear summation in complex cells, a single linear filter is not sufficient. The
“energy model” (Spitzer and Hochstein, 1985; Adelson and Bergen, 1985) therefore
uses the combined output of two filters with different phases (to achieve phase in-
variance), where each output is squared before summation to make the response
invariant to the polarity of the stimulus (Figure 2.4C).
A more recent model proposes the need for several filters instead of the one (simple

cells) respectively two (complex cells) filters in the classical model. This generalized
linear-non-linear-Poisson response model (Rust et al., 2005) allows to capture the
many non-linearities present in neural responses, e. g. contrast gain control mech-
anisms (Ohzawa et al., 1982) that adapt the contrast-response curve to prevailing
contrast levels. Such models allow to explain about 40% of the explainable variance
in V1 neurons when stimulated with natural stimuli (Carandini et al., 2005).
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Figure 2.5. Components of the generalized linear-nonlinear-Poisson model.
The response is generated by first convolving a stimulus with n filters that are either excitatory (E) or
suppressive (S). The output of the filters is then combined by an instantaneous non-linearity (N) and
used to drive a Poisson spike generator (S). Reproduced from Rust et al. (2005).

2.3.2. Mechanistic models
The computational models described so far are descriptions of the transformation
of stimulus properties into neuronal responses. However, they do not aim to explain
how this transformation is implemented by the neuronal circuits. We will now briefly
review mechanistic models of orientation selective neurons in V1, i. e. models that try
to derive functional properties from the architecture of the system.
Orientation selectivity has served as a prototypical example of cortical computa-

tion, as it is well described experimentally for a long time (for detailed reviews of this
topic see Sompolinsky and Shapley, 1997; Ferster and Miller, 2000; Teich and Qian,
2006; Priebe and Ferster, 2008). One class of models follows the early proposal of
Hubel and Wiesel (1962) (Figure 2.2): A simple cell in V1 achieves orientation se-
lective responses by getting input from appropriately aligned on- and off-cells in the
LGN. This kind of connectivity is – at least in cat V1 – supported by experimental evi-
dence (Reid and Alonso, 1995; Ferster and Miller, 2000; Alonso et al., 2001). While
the model at first seems to be inconsistent with the contrast-invariance of orientation
tuning (Sclar and Freeman, 1982; Skottun et al., 1987; Ferster and Miller, 2000; An-
derson et al., 2000b; Alitto and Usrey, 2004), recently it has been reconciled with this
finding by incorporating non-linear properties of LGN and V1 cells (Hansel and van
Vreeswijk, 2002; Miller and Troyer, 2002; Finn et al., 2007). However, such models
fail to explain the function of the abundance of intracortical connections present in
V1 (Binzegger et al., 2004; Thomson and Lamy, 2007; da Costa and Martin, 2009) and
seem to be inconsistent with studies that found a reduction in orientation selectivity



16 The early visual system of mammals

after inactivation of neurons in a distance of approximately 350 to 700 µm (Crook
et al., 1997).
Another class of models stresses the importance of the recurrent connections within

cortex for the generation of orientation selectivity. In these models, the thalamocor-
tical synapses only convey a weak tuning bias that is subsequently sharpened by
the interplay of excitation and inhibition in the cortical network. The strongest in-
tracortical connections are required by models operating in the so-called “marginal
phase” (Ben-Yishai et al., 1995; Adorján et al., 1999; Dietzsch, 2008). In such models,
the possible patterns of response are determined by the intracortical connections, a
weakly biased input only selects one of the predefined patterns and sets its amplitude.
In addition to generating well-tuned responses from weakly biased inputs, these mod-
els also yield perfectly contrast-invariant tuning. However, the generated responses
are only reflecting the orientation and contrast of a single stimulus, failing to achieve
selectivity for other properties like spatial frequency or to generate correct responses
for two or more simultaneously presented stimuli (Carandini and Ringach, 1997).
Other recurrent models require less strong connections but rather rely on specific
inhibitory connections. The sharpening of the weakly tuned input is achieved with
inhibition from orthogonal orientations (Wörgötter and Koch, 1991; Sabatini, 1996)
or from a broadly tuned population of inhibitory cells (Somers et al., 1995). This role
of inhibition does not seem to be supported by the observation that inhibition mostly
shares the tuning of excitation (Monier et al., 2003; Mariño et al., 2005) and that
orientation is only mildly affected by an intracellular blockade of inhibition (Nelson
et al., 1994).
The strength of recurrent excitation vs. inhibition also importantly affects the

overall response of cells in the network. In fact, if the orientation tuning of recurrent
connections matches the tuning of the afferent input, the strength of the connections
only determines the amplitude of responses without having any effect on the tuning
(Persi et al., 2011). Models assumed greatly different contributions of excitation vs.
inhibition, stressing the importance of recurrent amplification via excitation (Dou-
glas et al., 1995), postulating a dominance of inhibition (McLaughlin et al., 2000;
Wielaard et al., 2001) or arguing for an approximate balance of excitation and inhbi-
tion (Mariño et al., 2005).
Finally, important constraints for recurrent models come from the arrangement of

orientation preferences into orientation map: Given that the local circuit apparently
consists of spatially isotropic, unspecific connections (Yousef et al., 2001; Mariño
et al., 2005), neurons close to pinwheel centers receive recurrent inputs from cells
with a much broader orientation preference than neurons in linear zones of the ori-
entation domain (Figure 2.3). Models that rely on specific tuning properties of exci-
tatory and inhibitory connections need to explain why cells close to pinwheel centers
still show orientation specific responses (Maldonado et al., 1997; Mariño et al., 2005),
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albeit those might be somewhat more broadly tuned than those in orientation do-
mains (Nauhaus et al., 2009; Hashemi-Nezhad and Lyon, 2011). On the other hand,
models dominated by inhibition predict that the tuning of cells close to pinwheel
centers is much sharper than that of cells in orientation domains (McLaughlin et al.,
2000; Wielaard et al., 2001), also contradicting the available experimental data (Mar-
iño et al., 2005; Nauhaus et al., 2009; Hashemi-Nezhad and Lyon, 2011). Analyzing
differences and similarities between cells at different positions of the orientation map
will be a recurring topic for the remainder of this thesis.





3. Operating regime of orientation tuning
This chapter is based on Stimberg et al. (2009), Wimmer et al. (2009), and Martin
et al. (2010), presenting work done in collaboration with Klaus Wimmer and Robert
Martin.

Summary
In V1, local circuitry depends on the position in the orientationmap: close to pinwheel
centers recurrent inputs show variable orientation preferences; within iso-orientation
domains inputs are relatively uniformly tuned. Physiological properties such as cells’
membrane potentials, spike outputs, and conductances change systematically with
map location. We investigate in a firing rate and a Hodgkin-Huxley network model
what constraints these tuning characteristics of V1 neurons impose on the cortical op-
erating regime. Systematically varying the strength of both recurrent excitation and
inhibition, we test a wide range of model classes and find the likely models to account
for the experimental observations. We show that recent intracellular recordings from
cat V1 provide the strongest evidence for a regime where excitatory and inhibitory
recurrent inputs are balanced and dominate the feed-forward input. Our results are
robust against changes in model assumptions such as spatial extent and strength of
lateral inhibition. Intriguingly, the most likely recurrent regime is in a region of
parameter space where small changes have large effects on the network dynamics,
and it is close to a regime of “runaway excitation”, where the network shows strong
self-sustained activity. This could make the cortical response particularly sensitive
to modulation.

3.1. Introduction
The response pattern of neurons in primary sensory areas represent features of the
sensory world, based on an integration of signals received via afferent and local re-
current connections. The relative contributions of afferent and recurrent inputs to
cortical computation and to the emergence of tuned neuronal responses have long
been a matter of debate. Orientation selectivity in the primary visual cortex (V1) is
a paradigmatic example of such a computation, and the underlying cortical mecha-
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Figure 3.1. Dependence of the synaptic input and the responses of V1 cells on the position in the
orientation preference map.
(A1) Part of an orientation map with 4 pinwheels obtained by optical imaging of intrinsic signals from
cat V1. The color of each pixel denotes the preferred orientation of cells located at that pixel (colored
bars at the top right). The horizontal scale bar represents 500 µm. The probability of a monosynaptic
connection providing local recurrent input to a cell is assumed to be isotropic in cortical space (Mariño
et al., 2005) and is approximated by a Gaussian function with standard deviation σ = 125 µm (white
circle). The 2σ-area is denoted by the black circle with radius 250 µm. (A2) Distribution of orien-
tation preferences in the local neighborhood of pinwheel (solid line), intermediate (dotted line), and
orientation domain (dashed line) locations averaged across several orientation preference maps from
cat V1. The fraction of map area within a circular region of radius 250 µm is plotted as a function of
its preferred orientation relative to the preferred orientation of the central location. (B) Variation
of the orientation selectivity indices (OSI) of the average membrane potential (V m), the firing rate ( f ),
and the excitatory (g e) and inhibitory (g i) input conductances of neurons in cat V1 with the map OSI
(the orientation selectivity index of the orientation map at the location of the measured neuron; cf.
section 3.2). Dots indicate the experimentally measured values from 18 cells (Mariño et al., 2005).
Solid lines show the result of a linear regression and the shaded area depicts the standard deviation
around the regression line.
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nisms have been debated for a long time (Reid and Alonso, 1996; Sompolinsky and
Shapley, 1997; Ferster and Miller, 2000; Ringach et al., 2003; Finn et al., 2007). In
particular, fundamentally different relative contributions of the local excitatory and
inhibitory recurrent synaptic connections versus the input received through affer-
ent synapses have been proposed (Martin, 2002). A range of studies have provided
computational models in support of different cortical mechanisms (see e. g. Teich
and Qian, 2006, for a review). Modeling studies (Somers et al., 1995; Hansel and
Sompolinsky, 1996; Troyer et al., 1998; McLaughlin et al., 2000; Kang et al., 2003)
have also demonstrated that the properties of cortical networks, and hence the way
information is processed in cortex, can change dramatically with the cortical operat-
ing regime, characterized by the relative strengths of the afferent and the recurrent
inputs.
Given the functional architecture of the cortex, the recurrent circuitry of cortical

networks can vary widely within an area. For example, the distribution of orientation
preferences of neurons neighboring a particular V1 neuron depends on that neuron’s
location in the orientation map (Figure 3.1A). We can distinguish two different ex-
tremes of regions in this map, those close to the singularities (pinwheel centers),
where neurons with most or all of the preferred orientations are represented in a
small neighborhood, and those regions, where one particular preferred orientation
dominates and only varies slowly with location (orientation domains). The loca-
tion dependence of neuronal properties has been demonstrated experimentally for
neurons lying along the continuum between these extremes: neurons close to pin-
wheel centers have a more broadly tuned membrane potential (Vm) when compared
to neurons in orientation domains (Figure 3.1B, see also Schummers et al., 2002),
and more broadly tuned excitatory (g e) and inhibitory (g i) total conductances (Fig-
ure 3.1B, see also Mariño et al., 2005)). However, the firing rate ( f ) of V1 neurons is
highly selective near pinwheel centers and in orientation domains (Figure 3.1B, see
also Maldonado et al., 1997; Ohki et al., 2006). Here, we show that these physiolog-
ical observations strongly constrain the regime in which visual cortical networks are
likely to operate.
In previous work it was established that the experimentally measured response

properties of cat V1 neurons are consistent with the predictions of a Hodgkin-Huxley
network model dominated by recurrent interactions and with balanced contributions
from excitation and inhibition (Mariño et al., 2005). However, this cannot rule out
alternative cortical operating regimes. Here, we turn to model-based data analysis
in order to assess a continuum of network models, that encompasses the full range
from feed-forward via inhibition- and excitation dominated models to models with
excitation and inhibition in balance. Thus, in contrast to many modeling approaches,
we try to determine the space of models able to account for the data, rather than
demonstrating one model to be compatible with the data set.
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Figure 3.2. Network architecture.
This schematic drawing shows the general architecture of both classes of network models: A layer of
excitatory neurons (blue triangles) and inhibitory neurons (green circles) receives afferent as well as
lateral input. In the Hodgkin-Huxley models, the number of inhibitory cells is a third of the number
of excitatory cells. Cells are placed on a grid (inhibitory neurons occupy random grid positions). For
simplicity, only 10 × 10 excitatory neurons are shown, whereas the model networks consist of 50 ×
50 (Hodgkin-Huxley networks), respectively 64 × 64 (firing rate networks) cells. This network models
a patch of cortex 1.56mm× 1.56mm in size (see scale bar). Examples for lateral connections are
indicated for an inhibitory neuron in an iso-orientation domain (lines connecting to the neuron in the
center) and an excitatory cell close to a pinwheel center (lines connecting to the neuron at the right).
The default values for the connection probabilities (in the Hodgkin-Huxley models), respectively the
connection strengths (in the firing rate models) are given by the same circular Gaussian with a standard
deviation corresponding to 125 µm (right) for all types of connections. The preferred orientation of
each neuron is assigned according to its position in an artificial orientation map with four pinwheels
(top; see connecting lines for the two example cells). A circular Gaussian tuning curve with standard
deviation 27.5° (bottom) determines the input firing rate for each neuron, depending on the presented
orientation and the orientation preference of the cells. Two tuning curves for the example cell in the
center (preferred orientation 22.5°), and the cell in the top right corner (preferred orientation −22.5°)
are shown at the bottom.
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We employ two generic model classes of different complexity: an analytically
tractable firing rate network model (cf. Kang et al., 2003) and a physiologically more
realistic Hodgkin-Huxley-based network model. Using a Bayesian approach, we cal-
culate how much evidence the experimental data provides for different network pa-
rameters, in particular for different strengths of the afferent vs. the lateral excitatory
and inhibitory connections. Using data on the tuning of the neurons’ spike output,
their membrane potential, their total excitatory, and their total inhibitory input con-
ductance, we find that the experimental data provide strong support for only one
regime. This regime is characterized by significant excitatory and inhibitory inputs,
dominating the afferent input.
Finally, we test whether the network is able to exhibit contrast-invariant orienta-

tion tuning (see section 2.2.2). While this is not the case in its original formulation,
we find that contrast-invariance can be achieved by increasing the level of intrinsic
noise.

3.2. Descriptions of the models
3.2.1. The firing rate model

The firing rate model (cf. Kang et al., 2003) consists of three populations of threshold-
linear neurons, each arranged in a 2-dimensional grid of 64 × 64 cells. The popula-
tions represent fast excitatory (τE1 = 5ms), slow excitatory (τE2 = 50ms), and fast
inhibitory (τI = 5ms) neurons, where τj is the synaptic conductance time constant
of the population j. Lateral connection strengths between the neurons are weighted
according to a Gaussian distribution with the same spatial extent (σ = 125 µm) for
excitation and inhibition; periodic boundary conditions were used. Recurrent exci-
tatory input is contributed as a weighted mixture by the fast (40%) and the slow
excitatory population (60%). In addition, both excitatory and inhibitory cells re-
ceive identically tuned feed-forward input, determined by an artificial orientation
preference map consisting of four pinwheels (Figure 3.2). All firing rates, excitatory
and inhibitory inputs are measured after the network settles in a steady state for a
given stimulus. A complete description of the firing rate model can be found in the
appendix (section A.2).

3.2.2. The Hodgkin-Huxley network model
The detailed model is similar to Mariño et al. (2005) and consists of Hodgkin-Huxley
type point neurons (Destexhe and Paré, 1999; Destexhe et al., 2001). Synaptic con-
ductances were modeled as originating from GABAA-, AMPA-, and NMDA-like recep-
tors (Destexhe et al., 1998); additional conductances represent background activity
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(Ornstein-Uhlenbeck conductance noise). Orientation preferences were assigned ac-
cording to the location in the calibrated artificial orientation map (Figure 3.2). The
network was composed of 50 × 50 excitatory and 1/3 × (50 × 50) inhibitory neu-
rons, and corresponds to a patch of cortex 1.56mm× 1.56mm in size. In order
to avoid boundary effects, we used periodic boundary conditions. As in the firing
rate model, spatially isotropic synaptic connections with a calibrated radial profile
(σ e = σ i = 125 µm) were used both for excitatory and inhibitory cells. Afferent
inputs to excitatory and inhibitory cortical cells were moderately tuned (Gaussian
tuning function with σaff = 27.5°) and modeled as Poisson spike trains. In order
to calculate the OSI–OSI relationship for Vm , g e , g i , and f , an input spike train with
a constant rate was applied and the network was simulated for 1.5 s with 0.25ms
resolution (usually, the network settled into a steady state after a few hundred mil-
liseconds). For analyzing the tuning properties, we calculated the firing rate, the
average membrane potential, and the average total conductances for every cell in an
interval between 0.5 s and 1.5 s.
A detailed description of the Hodgkin-Huxley network model can be found in the

appendix (section A.3).

3.3. Simulation results
In order to constrain the cortical operating point, we evaluate experimental data from
a study on orientation selectivity in cat V1 (Mariño et al., 2005): The data set con-
sists of intracellular measurements quantifying the tuning of the membrane potential
(Vm), the spike response ( f ), the total excitatory (g e), and the total inhibitory (g i)
input conductance as a function of the position in the orientation map in response to
full-field drifting grating stimulation (see Figure 3.1B). The tuning of each of these
properties was quantified for each cell using the orientation selectivity index (OSI),
and so was the distribution of orientation selective cells in the neighborhoods of the
neurons. This allows assessing the tuning of the response properties depending on
the position of the neurons in the orientation map. The OSI of the membrane potential
as well as the OSI of the total excitatory and inhibitory conductances vary strongly
with map location, whereas the OSI of the firing rate does not.
We assessed orientation tuning in two network models of V1 and quantitatively

compared the model responses to the intracellular measurements obtained with the
drifting grating stimulation. For every parameterization of our model, OSI–OSI plots
similar those of Figure 3.1B can be generated from the simulation data, and the
best linear fit is determined by linear regression. Comparison with the experimental
data then allows a quantitative evaluation of the confidence that a given model is
correct given the experimental evidence using Bayesian analysis. The two classes
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of network models each have their own merits: the firing rate model is governed by
fewer free parameters and is less prone to overfitting; the Hodgkin-Huxley network on
the other hand allows taking into account the full set of experimental data including
the membrane potential tuning, while ensuring through the comparison with the
simpler firing rate model that the results are generally applicable.

3.3.1. Dependence of orientation tuning on map location in a firing rate model
We set up a firing rate (mean-field) model of a two-dimensional cortical orientation
map which consists of four pinwheels (see Figure 3.2). All excitatory and inhibitory
neurons in the model receive orientationally tuned afferent inputs with identical tun-
ing widths and with their preferred orientations being assigned according to the
orientation map. We then systematically varied the recurrent excitatory synaptic
strength to excitatory (See) and inhibitory (S ie) postsynaptic cells while keeping the
recurrent inhibitory synaptic strengths (inhibition to excitation, Sei , and inhibition
to inhibition, S ii) fixed. For every parameter combination, we determined the firing
rate ( f ), the total excitatory (g e), and the total inhibitory (g i) input as a function of
stimulus orientation. Excitatory and inhibitory inputs directly correspond to mean
conductances in conductance-based models (see appendix A.2). Therefore, the input
tuning of model cells will be compared to the conductance tuning of the recorded
neurons. We then determine the best-fitting regression lines for the OSIs of f , g e and
g i as a function of the local map OSI, for each model parameterization. The normal-
ized Bayesian posterior for the slopes of the regression lines is used as a measure
of how well the model with the particular combination of parameters explains the
experimental data (see appendix B.2 for details).
Figure 3.3A shows the Bayesian posterior (gray value; see scale bar) as a func-

tion of the synaptic weights of recurrent excitation (See) and inhibition (Sei × S ie).
Following Kang et al. (2003) we distinguish four parameter regimes based on the
properties of the intracortical feedback kernel: “FF”, feed-forward, where the affer-
ent input dominates; “EXC” (corresponding to regime I in Kang et al., 2003), excita-
tory dominated; “INH” (corresponding to regime IV in Kang et al., 2003), inhibitory
dominated; “REC” (corresponding to regimes II and III in Kang et al., 2003), which
is characterized by strong recurrent excitation and inhibition. The recurrent regime
is located along the border to a parameter regime where the network is either un-
stable, i. e. where the output rates diverge, or where it enters the so-called marginal
phase (“MP”), whose key feature is the sharpening of a broadly tuned feed-forward
input (Ben-Yishai et al., 1995; Hansel and Sompolinsky, 1996; Dietzsch, 2008). In
the marginal phase, there exist certain combinations of model parameters for which
the preferred orientation of the output of some model neurons is different from the
preferred orientation of their feed-forward drive (for details, see Wiesing, 2006; Di-
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Figure 3.3. Orientation tuning of the firing rate and the total input conductance in the firing
rate model.
(A) Bayesian posterior for the slopes of the regression line in the OSI–OSI plots as a function of the
synaptic weights of recurrent excitation (See) and inhibition (Sei × S ie). For the latter, S ie was varied
and Sei was kept fixed. Gray values denote the value of the Bayesian posterior (scale bar on the right).
Dotted lines denote the analytically obtained borders of the different operating regimes according to
Kang et al. (2003): FF – feed-forward, EXC – recurrent excitatory dominated, INH – recurrent inhibitory
dominated, REC – strong recurrent excitation and inhibition (cf. phases II and III in Kang et al. (2003)),
and MP – marginal phase. The borders to the unstable region (thick solid line) and to the marginal
phase (thin solid line) were also determined numerically. Here, we define the network to operate in
the marginal phase when for an almost untuned input (mean input A = 1, modulation amplitude
B = 0.001; see appendix A.2) the maximum and the minimum activity in the network differ by more
than 5%. Note that the analytical borders were obtained for the one pinwheel case, while all numerical
results correspond to the four pinwheel map. For details see appendix A.2. The posterior was only
evaluated for parameter combinations below the thick solid line, i. e. for stable networks. The figure
summarizes simulation results for 50 × 50 different values of See and S ie. (B) OSI of rate tuning
( f ), as well as the total excitatory (g e) and inhibitory (g i ) input tuning as a function of the location
in the orientation map (quantified by the map OSI) for five example models (dots in A), one for each
operating regime. The total excitatory and inhibitory input in the mean-field model corresponds to the
total excitatory and inhibitory conductance tuning in conductance based models (see appendix A.2).

etzsch, 2008). This was not observed for combinations of parameters in the other
regimes.
Each of the parameter regimes displays a characteristic relation between the OSI

of the output rate, the excitatory and the inhibitory conductance, and the tuning of
the local input area (map OSI). Typical examples of these relationships are shown
in Figure 3.3B. For small values of the recurrent synaptic strengths, the excitatory
cells are mainly driven by the feed-forward input, yielding a map invariant spike
tuning and only a weak dependence of the total excitatory input tuning on the po-
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sition in the orientation map (Figure 3.3B, “FF”). The tuning of the total inhibitory
input (g i) depends more strongly on map location. This is due to the afferent input
to the inhibitory population, which leads to a feed-forward inhibition of the exci-
tatory population via the connection Sei (whose strength was kept fixed), even for
low values of Sie. Increasing S ie while keeping See small (Figure 3.3B, “INH”) leads
to a sharpening of the firing rate tuning via the so called “iceberg effect”, i. e. only
the strongest responses around the preferred orientation of the cell are able to cross
the threshold. Since close to pinwheel centers, cells receive significant recurrent in-
hibition for non-preferred orientations, this effect is stronger and leads to a sharper
firing rate tuning when compared to orientation domains. In this regime, the tuning
of the total excitatory input remains invariant across the map and the slope of g e is
therefore close to zero. When See is increased for small S ie (Figure 3.3B, “EXC”), on
the other hand, the slope of g e increases and the firing rate tuning is broadened near
pinwheels due to the higher excitatory recurrent input at non-preferred orientations.
Only when both, the excitatory and the inhibitory strength are large (Figure 3.3B,
“REC” ), we obtain dependencies for the total excitatory and inhibitory input tun-
ing on map location that are as strong as in the measured data, while the spike rate
tuning remains approximately independent of the map location. For this reason, the
Bayesian posterior is maximal in a regime with considerable contribution of the exci-
tatory and inhibitory recurrent inputs. The OSI–OSI relationship in the marginal phase
(Figure 3.3B, “MP”) is similar to the excitatory dominated regime. It shows a strong
dependence of tuning selectivity on map location for total input and firing rate.
Thus, the Bayesian analysis indicates that of the parameterizations tested, neither

purely feed-forward regimes nor regimes dominated by either inhibitory or excita-
tory connections can satisfactorily account for the relationship between the orienta-
tion tuning of neurons and their location in the orientation map – quantified through
their OSI–OSI relationships. Models with significant recurrent excitation and inhibi-
tion on the other hand are able to reproduce the experimentally observed relationship
reasonably well.

3.3.2. Dependence of orientation tuning on map location in a Hodgkin-Huxley
network model
In order to validate the above finding in a more biologically plausible network, we
set up a network of Hodgkin-Huxley point neurons with conductance-based synapses,
allowing us to additionally evaluate the tuning properties of the membrane potential.
We used the same four pinwheel map as for the firing rate model. Every excitatory
and inhibitory neuron received well-tuned time-invariant afferent input, with a re-
duced afferent input strength for inhibitory neurons. Again, the synaptic strengths
(maximum conductance values) of excitatory connections to excitatory (gee) and in-
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Figure 3.4. Orientation tuning of the total input conductance, the membrane potential, and the
firing rate in the Hodgkin-Huxley network model.
The figure shows the normalized Bayesian posterior for the slopes of the OSI–OSI plots (see appendix B.2)
as a function of the peak conductance of synaptic excitatory connections to excitatory (g ee) and in-
hibitory (g ie) neurons, separately for the membrane potential (A), the spike rate (B), the total synaptic
excitatory (C), and inhibitory conductance (D). Gray values denote the value of the posterior (scale bar
at the lower right); conductances are given as multiples of the afferent peak conductance of excitatory
neurons (g affe ). The contour lines denote lines of equal value of the slopes of the OSI–OSI regression lines.
The area above the thin red line corresponds to parameter values for which the model neurons exhibit
untuned responses (all firing rate OSIs are below 0.3). The area above the thick red line corresponds
to parameter values for which the model network becomes “unstable”, i.e. for which model cells fire
with an average firing rate above 100Hz, independent of the stimulus orientation. The posterior was
not evaluated for the unstable regime. The figure summarizes simulation results for 38× 28 different
values of excitatory (g ee) and inhibitory (g ie) peak conductances.
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hibitory cells (g ie) were varied systematically, keeping all other parameters constant.
For each suchmodel parameterization, we determined the best-fitting regression lines
for the OSI of Vm , f , g e , and g i as a function of the local map OSI. Every OSI–OSI plot
is then quantitatively compared with the experimental data using the normalized
Bayesian posterior for the slopes of the regression lines. Figure 3.4 shows the pos-
teriors for the slopes of Vm , f , g e , and g i . Where the average firing rate exceeds
100Hz (above the thick solid red line), we refer to the regime as “unstable” because
the network shows self-sustained activity, i. e. the network activity remains at high
firing rates if the afferent input is turned off. We do not evaluate the posteriors in this
region. For parameter combinations approaching this “regime of instability” (above
the thin solid red line), the model neurons’ responses increasingly lose their orienta-
tion tuning (no model neuron has a firing rate tuning with an OSI above 0.3). This
untuned network response is reflected in a drastically decreased location dependence
of the conductance tuning (see contour lines for g e , and g i in Figure 3.4). The aver-
age firing rate in this regime is very high (> 50Hz) and increases for higher values of
gee. As can be seen in the figure, below the red solid lines, the normalized posteriors
of Vm , g e , and g i support values for gee and g ie that are close to the untuned and the
unstable regime. The normalized posterior for f is consistent with such parameter
values, too. However, it is much less informative than the normalized posteriors for
g e , g i , and Vm , as many other parameter combinations of gee and g ie lead to a high
posterior, too. The very weak location dependence of spike tuning – as quantified
via the OSI–OSI relationship – is therefore consistent with the data for a large range
of model parameters.
To assess their combined evidence, we calculate the product of the individual pos-

terior values from Figure 3.4, as a function of gee and g ie (Figure 3.5A), and show the
OSI–OSI relationship for four representative points (Figure 3.5B). The OSI–OSI relation-
ships of f , g e , and g i are qualitatively similar to the corresponding plots of the mean-
field model (cf. Figure 3.3B) and support the hypothesis that the “most likely” oper-
ating regime is recurrent: The OSI–OSI plot of Vm is flat in the feed-forward regime
(Figure 3.5B “FF”), shows a negative slope in the inhibitory (Figure 3.5B “INH”) and
a positive slope – similar to what is observed experimentally – in the excitatory dom-
inated (Figure 3.5B “EXC”) and recurrent (Figure 3.5B “REC”) regimes. The point
in with the highest posterior lies in the recurrent regime (Figure 3.5B “REC”) and
is very close to the instability line. In fact, increasing gee by just 10% is sufficient
for the network model to show self-sustained activity with firing rates of more than
150Hz.
We now investigate the effective recurrent input currents entering excitatory (Fig-

ure 3.6A1) and inhibitory (Figure 3.6A2) neurons. The effective input current is
given by the current through recurrent synapses, normalized by the current through
afferent synapses. In the most likely operating regime the recurrent excitatory cur-
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Figure 3.5. Combined Bayesian posterior and OSI–OSI relationship for the Hodgkin-Huxley net-
work model.
(A) Product of the individual posteriors for V m , f , g e , and g i from Figure 3.4 (gray values, see scale
bar on the right) for the slopes of the regression lines in the OSI–OSI plots, as a function of g ee and g ie.
The area above the thin solid line corresponds to parameter values for which the network activity is
untuned, the area above the thick solid line corresponds to parameter values for which the network is
“unstable” (see Figure 3.4); no posterior is evaluated for parameter combinations in the unstable regime.
(B) OSI for V m , f , g e , and g i as a function of the location in the orientation map (quantified by the map
OSI), for four example models (see dots in A). Abbreviations denote the different operating regimes: FF
– feed-forward; EXC – recurrent excitatory dominated; INH – recurrent inhibitory dominated; REC –
strong recurrent excitation and inhibition.

rent dominates the afferent current by a factor of 1.7. The current through inhibitory
synapses exceeds the afferent current by a factor of 1.4, suggesting excitation and in-
hibition are relatively balanced. For the most likely regime, we also observe a precise
co-variation of the tuning of the excitatory and inhibitory conductances, i.e. the ra-
tio of their slopes of the corresponding OSI–OSI plots are close to 1 in the area of the
highest posterior (see Figure 3.6B).
To this point, all models assumed uniform values for gee and g ie across the entire

network. However, the strength of the recurrent connections may well differ between
pinwheel regions and orientation domains. To assess whether the data provides evi-
dence for this hypothesis, we average the OSI of Vm , f , g e , and g i of all model cells
in pinwheel regions (map OSI < 0.3) and in orientation domains (0.6 < map OSI
< 0.9). We then compare the average OSIs in pinwheel and orientation domain cells
separately to the OSIs of the experimental measurements from cells in the correspond-
ing map regions, and quantify the deviation between model prediction and data by
a Bayesian posterior, whose value is high if prediction and data match well, and
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Figure 3.6. Analysis of the results of the Hodgkin-Huxley network model.
(A) Ratio between the excitatory (A1) as well as the inhibitory (A2) current through the recurrent
synapses and the current through afferent synapses of excitatory model cells (blue contour lines). Cur-
rents were calculated for stimuli at the cells’ preferred orientations, and averaged over all model cells
within orientation domains (0.6 <map OSI< 0.9). Contour lines are drawn on top of the posterior plot
of Figure 3.5. (B) Ratio of the slopes of the regression line for the OSI–OSI relationship of the total
excitatory (g e) vs. the total inhibitory (g i ) conductance (blue contour lines). Contour lines are drawn
on top of the posterior plot of Figure 3.5. (C) Product of the normalized Bayesian posteriors of the
average tuning for V m , f , g e , and g i (cf. section 3.2) evaluated only for cells close to pinwheel centers
(map OSI < 0.3), and only for cells in orientation domains (0.6 < OSI < 0.9). Blue lines outline the
area where the posterior for pinwheel center cells and orientation domain cells is above 0.5. Contour
lines are drawn on top of the posterior plot of Figure 3.5.
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low otherwise (see appendix B.2). The regimes of highest posterior for the pinwheel
and for the orientation domain data overlap strongly (Figure 3.6C), hence there is
no evidence for different values of the recurrent synaptic strengths and in pinwheel
areas and orientation domains. The regions also overlap with the values of highest
posterior for the slopes of the OSI–OSI relationship shown in Figure 3.5A.
In summary, we find that the analysis of the firing rate model and the Hodgkin-

Huxley network model lead to similar conclusions with regard to the most likely
operating regime given the experimental data. The most likely regime is one with a
significant contribution of the recurrent excitatory and inhibitory connections, and
it is located close to a “regime of instability” in parameter space.

3.3.3. Influence of the spatial extent and the strength of the lateral inhibitory
connections
Up to now, we assumed equal spatial extent of lateral excitatory and inhibitory con-
nections, in line with Mariño et al. (2005). Earlier studies, however, suggested that
inhibitory connections are more (Fitzpatrick et al., 1985; Callaway, 1998) or less
(Buzás et al., 2001) spatially restricted than excitatory ones. Does the most likely op-
erating regime of the Hodgkin-Huxley network model critically depend on the spatial
extent of the lateral inhibitory connections? We first reduced the range of synaptic
connections from inhibitory cells to 50% of the range of the excitatory cells, while
leaving all other parameters fixed. Figure 3.7A1 shows the product of the individual
posteriors, summarizing the comparison of OSI–OSI relationships between the model
and the experimental data. The area of high posterior remains similar in extent and
in its location relative to the instability line, compared to the case of equal spatial
extent of excitatory and inhibitory connections shown in Figure 3.5A. If we increase
the range of inhibitory synaptic connections to 150% of the original value, the area
of high posterior again remains similar in extent and in location relative to the insta-
bility line (Figure 3.7A2). Thus the experimental data support a recurrent operating
regime, independent of assumptions about the relative spatial range of lateral in-
hibitory and excitatory interactions.
Other parameters that were fixed in all previous simulations, but might crucially

influence the most likely operating regime, are the strengths (peak conductance val-
ues) of recurrent inhibitory synapses. Therefore, we again varied gee and g ie but now
set g ii to 50% (Figure 3.7B1) or 150% (Figure 3.7B2) of its standard value, without
changing any of the other parameters. When g ii is decreased, the network remains
stable for higher values of gee (Figure 3.7B1). The reason is that inhibitory cells in-
crease their firing rate which leads to strong inhibitory input to excitatory neurons.
Accordingly, when g ii is increased, the network becomes unstable for lower values of
gee (Figure 3.7B2). However, in both cases, the area with high posterior values shifts
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Figure 3.7. Results of the Hodgkin-Huxley network model for different spatial extents and dif-
ferent strengths of the lateral inhibitory connections.
Bayesian posteriors for the slopes of the OSI–OSI plots (coded by gray values, see scale bar) as a function
of g ee and g ie for Hodgkin-Huxley network models of different architecture. The area above the solid
line corresponds to parameter values for which the corresponding network model is “unstable” (average
firing rate above 100Hz). (A) Results for different value of the spatial extent of the inhibitory synap-
tic connections (spatial range of excitatory connections kept fixed). (A1) σ ei = σ ii = 0.5σ ee, which
corresponds to an inverse Mexican hat spatial profile. (A2) σ ei = σ ii = 1.5σ ee, which corresponds
to a Mexican hat spatial profile. (B) Results for different values of the peak conductance g ii of the
recurrent inhibitory connections to inhibitory neurons. (B1) g ii is reduced to 50%, (B2) g ii is increased
to 150% of the standard value. (C) Results for different values of the peak conductance g ei of the
recurrent inhibitory connections to excitatory neurons. (C1) g ei is reduced to 50%, (C2) g ei is increased
to 150% of the standard value. All other parameters were kept fixed (cf. Figure 3.5f or the results with
the standard set of parameters for synaptic spread and strength).

accordingly and thus remains in a recurrent regime, close to the line of instability.
Finally, we set gei to 50% (Figure 3.7C1) or 150% (Figure 3.7C2). This again leads
to a shift of the stability line, but the area of high posterior values shifts accordingly.
In summary, Figures 3.7A–C show that the main conclusion drawn from the data,

namely that the cortical operating point is characterized by strong recurrent inputs,
is robust against changes in several basic model assumptions. Each of the models
can account for the location-dependence of orientation tuning in the experimental
data: the maximum posterior values in each parameterization of the model are of
similar magnitude in Figures 3.7A–C (between 0.22 and 0.41). This implies, on the
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other hand, that the physiological data considered here does not impose any hard
constraints on model parameters such as the range of excitatory vs. inhibitory inter-
actions. Additionally, while the location dependence of orientation tuning restricts
the most likely operating regime to high values of recurrent excitation and inhibition,
it does not allow determining the absolute values of the strength of the afferent and
the recurrent synapses.

3.3.4. Contrast dependence of orientation tuning – the role of noise1

In the simulations presented so far, the firing rate of the Poisson process representing
the afferent input was not varied. Therefore, all simulations correspond to presenta-
tions of stimuli at full contrast, in line with the experimental setting. However, the
apparent contrast-invariance of orientation tuning in V1 (Sclar and Freeman, 1982;
Skottun et al., 1987; Ferster and Miller, 2000; Anderson et al., 2000b; Alitto and Us-
rey, 2004) has been an important constraint on models of V1. We therefore briefly
explore the influence of contrast on orientation tuning in the Hodgin-Huxley network
model.
We vary the afferent firing rate, modeling stimuli of different contrast, for selected

parameter combinations of recurrent strengths. We assume that the input from the
LGN scales linearily with the logarithm of contrast (see appendix A.3 for details). Fig-
ure 3.8 shows the resulting change of tuning curves with contrast for cells preferring
stimuli with an orientation of 0°. Both, cells in orientation domains (Figure 3.8A)
and cells close to pinwheel centers (Figure 3.8B) show a significant “iceberg effect”,
i. e. tuning curves sharpen for lower contrasts.
Experimental (Anderson et al., 2000b) and theoretical (Hansel and van Vreeswijk,

2002; Miller and Troyer, 2002) studies have shown that contrast-invariant orientation
tuning might result from the presence of noise, smoothing the firing threshold of the
cell. To test whether this mechanism can also lead to contrast-invariant tuning in
our model, we repeated the simulation of the model at different contrast levels with
a higher level of intrinsic noise. To this end, we increased the standard deviation of
the fluctuating excitatory and inhibitory conductances by a factor of 50 compared to
the standard values (see appendix A.3).
The resulting tuning curves are shown in Figure 3.9, again both for orientation

domain (Figure 3.9A) and pinwheel (Figure 3.9B) cells. Clearly, the model responses
are now much more contrast invariant, showing no narrowing in tuning width down
to contrasts as low as 4%, both for orientation domain and for pinwheel cells.
The removal of the contrast-dependence of orientation tuning width is not spe-

cific to the recurrent regime. Figure 3.10 shows the dependence of tuning width –
1See also Farhi (2010) for a comparison of different sources of variability and their influence on the
contrast dependence of tuning in the model.
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Figure 3.8. Orientation tuning curves for changing contrast (low intrinsic noise).
Orientation tuning curves for cells with preferred orientation around 0° (±3°), for stimulus contrasts
from 4 to 100% (light gray to black). The network is operating in the “REC” regime (see Figure 3.5), the
variance of the noise conductances is set to standard values (see appendix A.3 for details). (A) Ori-
entation tuning for cells in orientation domains (0.6 < map OSI < 0.9). (B) Orientation tuning for
cells close to pinwheel centers (map OSI < 0.3). The left plots show firing rates, in the right plots the
firing rates are normalized to the maximum response at 0° to show differences in tuning width.

measured as the standard deviation of a fitted Gaussian – on contrast, for low (Fig-
ure 3.10A) and high (Figure 3.10B) noise parameters. In all parameter regimes there
is a clear sharpening of orientation tuning for low contrast stimuli in the original,
low-noise condition that is greatly reduced in the high-noise condition. This effect
is present for both orientation domain and pinwheel cells. However, the high noise
condition seems to differentially effect the overall tuning of orientation domain and
pinwheel cells in the recurrent regime – pinwheel cells show a slightly broader tun-
ing in the high-noise condition (compare 23.1° in orientation domains and 24.1° for
pinhweel cells for the REC regime in Figure 3.10A to 24.5° in orientation domains
and 27.5° for pinhweel cells in Figure 3.10B).
An increase in noise leads to a more variable membrane potential (Figure 3.11A),

allowing inputs that would otherwise be too weak to elicit any spiking to cross the
firing threshold of the cells. The contrast-invariance of orientation tuning is then
achieved by smoothing the relation between the membrane potential and the firing
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Figure 3.9. Orientation tuning curves for changing contrast (high intrinsic noise).
Orientation tuning curves for cells with preferred orientation around 0° (±3°), for stimulus contrasts
from 4 to 100% (light gray to black). The network is operating in the “REC” regime (see Figure 3.5), the
standard deviation of the noise conductances is set to 50 times the standard values (see appendix A.3 for
details). (A) Orientation tuning for cells in orientation domains (0.6 < map OSI < 0.9). (B) Ori-
entation tuning for cells close to pinwheel centers (map OSI < 0.3). The left plots show firing rates,
in the right plots the firing rates are normalized to the maximum response at 0° to show differences in
tuning width.

rate (Figure 3.11B). To quantify this effect, we fitted the relation between average
membrane potential V and firing rate f with a power-law function:

f(V) = b+ β[V− ΘV]n+ ,

where [·]+ denotes a thresholding function.
For low noise (Figure 3.11B, black), there is a sharp cutoff, mean membrane po-

tential values below a level of ΘV = −59.72mV evoke almost no firing. Therefore,
responses away from the preferred orientation drop to zero at low contrast (cf. Fig-
ure 3.8), leading to a sharpening of the orientation tuning curve. In contrast, for
high levels of noise the firing rate depends more smoothly on the mean membrane
potential (Figure 3.11B). The threshold for firing is lower (ΘV = −63.05mV) and the
relationship for membrane potentials above threshold shows a stronger non-linearity
(the exponent n is 2.35 for high noise compared to 1.95 for low noise).
In summary, contrast-invariant orientation tuning is achieved by unspecific, stimu-
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Figure 3.10. Contrast dependence of tuning width in different operating regimes.
Dependence of the tuning width (measured by the standard deviation σ of a fitted Gaussian tuning
curve) on stimulus contrast for cells in orientation domains (0.6 < map OSI < 0.9, black) and cells
close to pinwheel centers (map OSI < 0.3, gray), error bars denote one standard deviation of the
tuning widths within the population (to avoid overplotting, error bars are only added either above or
below datapoints). (A) Tuning widths for standard values of the intrinsic noise conductances (see
appendix A.3 for details). (B) Tuning widths for increased variability of the noise conductances (see
appendix A.3 for details). Abbreviations denote the different operating regimes (see Figure 3.5): FF
– feed-forward; EXC – recurrent excitatory dominated; INH – recurrent inhibitory dominated; REC –
strong recurrent excitation and inhibition.

lus-independent noise, smoothing the “transfer function” of the cells (Hansel and van
Vreeswijk, 2002; Miller and Troyer, 2002; Persi et al., 2011).

3.4. Discussion
In this chapter, we assessed, which cortical operating regime is best-suited to explain
the dependence of orientation tuning properties on cortical map location as observed
in recent experiments (Mariño et al., 2005). Intracellular measurements (Mariño
et al., 2005) quantify for the same neurons: (1) input (total excitatory and the total
inhibitory conductance), (2) state (subthreshold tuning of the membrane potential),
and (3) output (spike response) as a function of local context (position in the orien-
tation map). We selected this particular data set because access to both, sub- and
superthreshold tuning, recorded for the same neurons at specific map locations is
key to constraining the model. Spike output alone, for example, is compatible with
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Figure 3.11. Dependence of firing rate on mean membrane potential for different noise levels..
(A) Distribution of the standard deviation of membrane potential levels. For every cell, the standard
deviation of the membrane potential is determined after removal of spikes (see appendix A.3 for details).
The histograms show the distribution of these values across cells for a network receiving high-contrast
input and incorporating a low (black) or high (gray) level of noise. (B) Relationship between mean
membrane potential and firing rates for all cells in a network receiving high contrast (100%) input. To
avoid clutter, only 10% of all cells are plotted. Black dots correspond to a network with low, gray dots
to a network with high level of noise. Lines show the best-fitting power law function. The network
operates in the “REC” regime (see Figure 3.5).

a wide range of model parameters (cf. Figure 3.4B).
We systematically varied the strength of recurrent excitation and inhibition in a

firing rate network model and in a biologically more plausible Hodgkin-Huxley net-
work model. We investigated which combination of strengths of recurrent excitation
and inhibition could account best for the location-dependence of tuning properties.
For both types of models, our results indicate that significant recurrent contributions
are important for reproducing the experimental results. These contributions need to
consist of excitatory and inhibitory components balancing one another and dominat-
ing the afferent input. Due to the strong recurrent drive, the most likely regime is
located close to a region in parameter space where the network settles into a state of
strong, self-sustained activity.

3.4.1. Robustness of the simulation results
Although not supported by recent data (Mariño et al., 2005), several other modeling
studies used a different spatial range for lateral excitatory and inhibitory connections
(Ben-Yishai et al., 1995; Somers et al., 1995; McLaughlin et al., 2000; Kang et al.,
2003). We therefore analyzed the response of the Hodgkin-Huxley network model
for different cortico-cortical synaptic radii. Specifically, we varied the spatial range
of the lateral inhibitory connections keeping the range of the lateral excitatory con-
nections constant. Varying the ratio of the range by 50% did not affect the position



3.4 Discussion 39

of the high posterior region in parameter space being in the recurrent regime close
to the instability line (cf. Figure 3.7A).
Furthermore, we varied the strengths of recurrent inhibitory synapses, which led to

a change in the range of parameters, for which the network is stable (Figure 3.7B, C),
i. e. does not show strong, self-sustained activity. However, the area with high pos-
terior values always changes accordingly and remains in a recurrent regime, close to
the line of instability. Thus our main conclusion concerning the most likely operating
regime remains valid under such changes.
In addition, we assumed that the local connectivity pattern is independent of the

location in the orientation preference map, as indicated by experimental data (Mariño
et al., 2005). Also the peak conductances for recurrent synapses in the model were
identical for neurons close to pinwheel centers and in orientation domains. This
seems reasonable because we found no indication that the optimal parameters for the
peak conductances are different in orientation domain and pinwheel center neurons
(cf. Figure 3.6C).
Some very recent results (Nauhaus et al., 2008; Hashemi-Nezhad and Lyon, 2011)

question the observation that the firing rate tuning is entirely location independent,
arguing that it, too, should be correlated with the tuning of the local recurrent inputs
of a cell. Such correlations can be observed in the models closer to the instability
line: Lowering the value of the inhibitory peak conductance from the “most likely”
operating point by just 10% increases the slope of the location dependence of the
firing rate tuning to 0.25 without affecting the tuning of the other properties strongly
(see contour lines in Figure 3.4). The product of the posteriors for such a dependence
of firing rate tuning on the local input OSI (having all other OSI–OSI relationships fixed)
would thus shift slightly, but be nonetheless in a strongly recurrent regime close to the
line of “instability”, as the most likely regime is strongly determined by the location
dependence of Vm and g e . In addition, increased variability in the network may
lead to an increased dependence of the firing rate tuning on map position: As shown
in section 3.3.4, in the REC regime, increased background noise leads to sharper
tuning in orientation domain cells compared to cells close to pinwheel centers (see
Figure 3.10). Another source of variability that was not explored in the present
study is differences in the number or strength of afferent versus recurrent connections
between cells. Previous modeling studies (e. g. Tao et al., 2004; Ozeki et al., 2009)
suggest that such differences may play an important role in shaping the response of
neurons, e. g. lead to the simple/complex cell distinction. In the model presented
here, introducing such variability likely affects cells close to pinwheel centers and
cells in orientation domains differently: The response of a cell close to a pinwheel
center that receives only a small amount of afferent input will reflect its broadly tuned
recurrent input whereas a cell in a orientation domain will show the sharply tuned
response inherited from its recurrent connections. However, as every cell receives
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both excitatory and inhibitory recurrent input, the net differences may be rather small
in parameter regimes with balanced recurrent excitation and inhibition.

3.4.2. Biological plausibility of the models
In our models, we assumed a relatively sharply tuned feed-forward excitatory drive
to all model cells. Earlier studies support the assumption that the afferent input to
layer 4 simple cells in cat V1 is sharp and well-selective for orientation (Reid and
Alonso, 1995; Alonso et al., 2001). Furthermore, inactivating the recurrent input
into visual cortex by cooling or electrical shocks does not remove the selectivity of
the cell responses (Ferster et al., 1996; Chung and Ferster, 1998). Looking at the re-
sponse time-course, both, intracellular data (Gillespie et al., 2001) and optical imag-
ing (Sharon and Grinvald, 2002) show that the orientation selectivity is well-tuned
right from stimulus onset and does not sharpen over time in cat V1. Moreover, also
neurons in superficial layers receive their strongest drive from well tuned layer 4
simple cells (Alonso and Martinez, 1998; Martinez and Alonso, 2001). Thus, our as-
sumption of a fairly selective feed-forward excitatory drive is likely to be valid also
for neurons in layer 2/3. In our model networks, the orientation of the peak of the
conductance tuning for both g e and g i is always at the preferred orientation as deter-
mined by the firing rate of the cell, consistent with earlier studies (Anderson et al.,
2000b; Mariño et al., 2005). In a detailed recent intracellular work, inhibition was
found to be preferentially tuned to the cross-orientation in 40% of all cells (Monier
et al., 2003). However, this variation can possibly be explained by the laminar posi-
tion of the cell in the network: while cells in layer 4 and layer 2/3 show matching
preferred orientation for their input conductance and their firing rate, layer 5 cells
characteristically display a net hyperpolarization that is stronger at the orientation
orthogonal to the preferred orientation of the firing rate (Martinez et al., 2002; Hirsch
and Martinez, 2006).
Other recent physiological studies emphasized the role of both a tuned and an

untuned inhibitory component in the generation of orientation selectivity (Ringach
et al., 2003; Shapley et al., 2003), that could be realized in layer 4 by two functionally
different groups of inhibitory interneurons (Hirsch et al., 2003; Nowak et al., 2008).
However, another recent study did not find evidence for untuned inhibitory neurons
in any layer of V1 (Cardin et al., 2007). Our model networks have only a tuned
inhibitory component: the firing rate of inhibitory cells displayed a tuning similar to
excitatory cells. However, we find only a small parameter regime where the slope for
g i is steeper than what we observed in the data. An additional untuned inhibitory
baseline would reduce the slope of g i significantly and model predictions would no
longer match the data well. Therefore, the observed map-dependence of g i tuning
does not allow for dominant untuned recurrent inhibition.
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3.4.3. Contrast-invariant orientation tuning
The apparent contrast-invariance of orientation tuning in V1 (Sclar and Freeman,
1982; Skottun et al., 1987) has been a challenge for all models that attribute orienta-
tion tuning to the organization of converging afferent connections from LGN (Hubel
and Wiesel, 1962; Reid and Alonso, 1995). In such models, high contrast stimuli will
evoke firing when presented at orientations far away from the preferred, leading to
a broadening of orientation tuning curves with contrast. Early modeling studies pro-
posed that inhibition from neurons with orthogonal orientation preferences (Wörgöt-
ter and Koch, 1991; Sabatini, 1996) might suppress this activation. Similar proposed
mechanisms relied on broadly tuned (Somers et al., 1995; Troyer et al., 1998; Adorján
et al., 1999) or untuned (Lauritzen and Miller, 2003) inhibition. However, experi-
mental evidence seems to suggest inhibition mostly shares the tuning of excitation
(Anderson et al., 2000a; Schummers et al., 2002; Monier et al., 2003; Mariño et al.,
2005).
More recently, it has been proposed that not the network connectivity but the

properties of the transfer function, converting synaptic inputs into firing rate are
responsible for achieving contrast-invariant tuning. In vivo transfer functions are well
approximated by power-law functions (Anderson et al., 2000b; Finn et al., 2007)
and such functions – in contrast to simple threshold nonlinearities – preserve the
contrast-invariance of the input (Miller and Troyer, 2002; Hansel and van Vreeswijk,
2002). Transfer functions in the Hodgkin-Huxley model presented in this study are
also well described by a power-law function for membrane potential values higher
than a certain threshold (see Figure 3.11). The main effect of the increased intrinsic
noise is a shift of this threshold, preserving the contrast invariance for a larger range
of contrasts.
Finally, the transfer function does not have to be static. Some recent studies suggest

that trial-to-trial variability is higher for low contrast stimuli (Finn et al., 2007),
contributing to the contrast-invariance by allowing low-contrast stimuli of preferred
orientation to result in spiking responses whereas high-contrast stimuli of the null
orientation do not result in any spiking.

3.4.4. Computational contributions of the cortical network
In the “most likely” operating regime, intracortical processing is not necessary to
establish sharp orientation selectivity. In the Hodgkin-Huxley network, the recurrent
processing sharpens a moderately tuned afferent input (circular Gaussian with σaff =
27.5°) only a little, to on average σexc = 23.3° (excitatory cells). Even though the
tuning width is only affected mildly, the recurrent connection strengths may still be
important from setting the overall gain of the network (Douglas et al., 1995; Somers
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et al., 1995). Experimental work, investigating the development of tuning width and
modulation depth over time (Sharon and Grinvald, 2002) seems to support this view:
While no significant change in tuning width over time was found, the modulation
depth peaked tens of milliseconds after the cortical response began, rather than at
stimulus onset. It is thus possible that recurrent excitatory amplification plays an
important role in the temporal evolution of the orientation selective response. Similar
mechanisms have been suggested to operate in auditory cortex (Wehr and Zador,
2003).
But why would it be efficient for a cortical network to operate in a regime where

strong recurrent activity seems to be “wasted” because a tuned afferent input is
mapped onto an almost similarly tuned cortical output? Our analysis demonstrates
that due to the strong recurrent contribution, the most likely operating point is close
to the “line of instability” across which the cortical network exhibits self-sustained
activity. In this region, small changes in the network parameters lead to relatively
large changes in the neuronal activity. An indication for this sensitivity is the change
in the mean firing rate when increasing the recurrent excitatory peak conductance
gee. In the regimes close to the line of instability (“EXC” and “REC” in Figure 3.5A)
an increase of 5% leads to an increase in firing rate of 41% (“EXC”) and 22% (“REC”),
respectively. In the other regimes (“FF” and “INH” in Figure 3.5A) it only changes
the firing rate by 3% (“FF”), respectively 2% (“INH”). In the identified “most likely”
operating regime, a 10% change in firing rate, which is of similar magnitude as ob-
served firing rate changes under attention in macaque V1 (McAdams and Maunsell,
1999), is easily achieved by increasing by 2%. It is thus conceivable that contextual
modulations, adaptation, or attentional effects temporarily shift the operating point,
which means that the cortical response is particularly sensitive to small changes in
afferent or feedback signals. Experimental data, for example detailing spatial and
temporal contextual interactions (Schwartz et al., 2007), may allow to investigate
the functional implications of the cortical operating regime. We will further explore
the question of spatial contextual modulations in chapter 6. Regarding the temporal
domain, Dragoi et al. (2001) found pronounced adaptation-induced short-term plas-
ticity close to pinwheel centers. Recently, these findings have been reproduced in the
network model operating in a strongly recurrent, balanced regime (Wimmer, 2009).
The peculiar location of the cortical operating point close to the line of instability is

reminiscent of the theory of “computing at the edge of chaos” (Langton, 1990), which
has attracted some attention in the past decade. Theoretical studies have demon-
strated that abstract networks can accomplish more challenging computational tasks
near the transition from ordered to chaotic dynamics (Bertschinger and Natschläger,
2004) and that such a system is responsive to inputs over a wider dynamic range (Ki-
nouchi and Copelli, 2006). Such theoretical considerations are complemented by in
vivo data showing recurrent excitation and inhibition in balance (Haider et al., 2006),
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which has also been interpreted as a facilitator for easy transition between different
cortical states. Thus, our findings here add to the evidence that the recurrent network
contributes to maintaining an operating point which allows easy switching between
different cortical states.

Recapitulation
In this chapter, we used physiological measurements in a quantitative way to con-
strain the potential operating regime for the computation of orientation in cat pri-
mary visual cortex. Model-based data analyses lets us conclude that to represent
orientation, visual cortical neurons in cat process a moderately tuned feed-forward
input by means of a relatively strong, well balanced cortico-cortical recurrency. The
tuning of the excitatory conductances provides the most compelling evidence for this
conclusion, whereas the observed spike tuning does not yield strong constraints. The
robustness of the results was demonstrated by varying some of the otherwise fixed
model parameters (such as connection range and synaptic strength) as well as by the
mere fact that similar conclusions could be drawn from two different model classes.
Paraphrasing the robustness to some model parameters, we can also conclude that
the available data is not able to solve a few other open issues, such as the range of
the inhibitory connections with respect to the excitatory ones. Speculating about the
actual role of the recurrent connectivity, we offer two potentially related hypotheses:
Firstly, balanced recurrency may serve to amplify a moderately tuned but relatively
weak feed-forward input. Secondly, the cortico-cortical recurrency establishes a cor-
tical operating point close to a line of instability, across which the network activity
increases dramatically. This could make the cortical response particularly sensitive
to modulatory effects or feedback signals. These two hypotheses will be further ex-
plored in chapters 5 and 6. Until now we focused on the steady-state behavior of
the network in response to a time-invariant stimulus. In the next chapter, we will
explore the model dynamics for a temporally changing stimulus.





4. Dynamics of orientation tuning
This chapter is based on Schummers et al. (2007) and Stimberg et al. (2009), pre-
senting work done in collaboration with Klaus Wimmer and Robert Martin.

Summary
Neurons in V1 receive a large part of their inputs from their local neighborhood.
This local neighborhood differs dramatically between cells, being very heteroge-
neous close to pinwheel centers and mostly homogeneous in orientation domains.
Differences in integration of local inputs may therefore possibly affect the response
dynamics of cells. However, extracellular recordings from cat V1 suggest that the
average responses evolve very similar in time. On the other hand, the variability of
the responses across cells differs, with cells close to pinwheel centers showing con-
siderable higher variance. In this chapter, we analyze responses of spiking network
models to a time-varying stimulus and find that only a parameter regime of strong
recurrent excitatory and inhibitory connections, together with variability in the af-
ferent input, is able to reproduce the experimental observation. This study therefore
provides further evidence for the strongly recurrent operating regime established in
the previous chapter.

4.1. Introduction
In the previous chapter, we analyzed the influence of the local network on orienta-
tion tuning in a “static” stimulation paradigm, analyzing the averaged firing rates in
response to the presentation of a drifting grating with constant orientation. Here,
we instead analyze the temporal dynamics of neuronal responses. The evolution of
orientation tuning in time has been studied previously (Volgushev et al., 1995; Gille-
spie et al., 2001; Mazer et al., 2002; Sharon and Grinvald, 2002; Ringach et al., 2003;
Chen et al., 2005; Nishimoto et al., 2005) mostly with a focus on the sharpness of tun-
ing at the onset of the response compared to the sharpness of tuning at a later stage.
Early responses should reflect properties of the afferent input whereas changes at a
later stage might arise from computations of the local network and/or feedback con-
nection from higher areas. Some of these studies found significantly different tuning
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curves at early and late parts of the response (Volgushev et al., 1995; Sharon and
Grinvald, 2002; Ringach et al., 2003; Chen et al., 2005) whereas other study con-
cluded that orientation selectivity is to a large degree constant (Gillespie et al., 2001;
Mazer et al., 2002; Nishimoto et al., 2005). This diversity might result from many
factors, including laminar position (Martinez et al., 2002) and position within the
orientation map (Schummers et al., 2002). Experiments combining electrophysiol-
ogy and optical imaging show that the average response dynamics does not depend
on the position in the orientation map, but that response dynamic is more variable
for cells close to singularities of the orientation map (Schummers et al., 2007). Here,
we show that this observation can be explained by a network model with strong but
approximately balanced excitatory and inhibitory recurrent connections, processing
an already variable afferent input.

4.2. Methods
4.2.1. Reverse correlation analysis

All experiments were performed by James Schummers in the laboratory of Mriganka
Sur at the MIT, Cambridge, USA, for details see Schummers et al. (2007). Briefly,
receptive fields were stimulated with a dynamic grating sequence protocol similar
to those in previously published reports (Ringach et al., 1997a,b). The spike times
were reverse-correlated with the stimulus sequence to estimate the linear relationship
between stimulus orientation and firing probability. Summing over all spikes, the
probability distribution of stimulus orientation occurring τ ms before the occurrence
of a spike was generated. The relative probability of different orientations eliciting
spikes as a function of time was then estimated over a series of τ s.

4.2.2. Dynamic stimuli in the network model
For the reverse-correlation simulations, the stimulus was modeled as a time series
consisting of 20ms frames of one of 16 orientations or a “blank” frame. For each
neuron, the input rate was calculated according to a Gaussian orientation tuning
curve (σaff = 27.5°) with the peak at the preferred orientation of the neuron. This
time series was subsequently convolved with different temporal filters, before Pois-
son distributed spikes were generated. Each model neuron received one out of four
different temporal kernels, in order to capture the variability present in LGN and
V1 simple cell responses (Alonso et al., 2001), see appendix A.3 for details. The
network was simulated for 100 s with 0.25ms resolution. The spike output of the ex-
citatory cells was then analyzed according to the same reverse-correlation paradigm
used for experimental studies (Ringach et al., 1997a; Schummers et al., 2007). All
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analysis of the resulting reverse correlation kernels was restricted to the period from
0ms to 100ms. Later responses cannot fit the data from the reverse correlation ex-
periments, since the model as it is does not simulate the effect of long-range and
feedback connections (omitted for simplicity) on the response time-course.

4.2.3. Bootstrap method for significance testing
To assess the significance of the difference in the variance between the responses of
cells located close to pinwheel centers (input OSI < 0.3) and in orientation domains
(0.6 < input OSI < 0.9), we employed a point-wise bootstrap method: 30 pinwheel
and 30 orientation domain cells were drawn at random from the set of all model
cells 1000 times. For every draw, mean and variance of the temporal response was
calculated separately for pinwheel and orientation domain cells. For each time lag t
it was then counted in which proportion of draws the variance of the pinwheel cell
responses was larger than that for the orientation domain cells. If this proportion
was above 95%, we regarded the difference as significant. For the experimental data,
we applied the same method, sampling a subset of 15 pinwheel and 15 orientation
domain neurons at each repetition.

4.3. Experimental findings
In the following we only give a short summary of the experimental findings, for the
full details see Schummers et al. (2007).
Neurons near pinwheel centers receive intracortical inputs from a wider range of

orientations (Yousef et al., 2001; Schummers et al., 2002) than neurons in the cen-
ter of orientation domains. To determine whether any features of the tuning curves
reveal the different inputs they receive, tuning curves of pinwheel center and ori-
entation domain neurons were analyzed separately. Figure 4.1A shows the average
response curve at preferred orientation of the two populations over the time course
of the response. Both cells in orientation domains (blue) and cells close to pinwheel
centers (red) show a very similar average response, with a slightly higher response in
pinwheel cells for the early and late phase of response. However, the two populations
differ in their variance (Figure 4.1B), the pinwheel population shows a higher vari-
ance, most prominently following the peak response, during the decay phase. This
suggests that the timing in orientation domain cells is much more uniform than the
timing of pinwheel center cells. This is not due simply to differences in the distri-
butions of laminar position in the two groups, there is more variability in pinwheel
neurons in all three layers (see Schummers et al., 2007). These analyses suggest that
despite having similar mean population tuning curves, there is substantially more
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Figure 4.1. Average response and response variance.
(A) Time course of the response of V1 neurons at their preferred orientation to a random sequence
of full-field grating stimuli using reverse correlation. Both lines denote the average of the normalized
response of cells close to pinwheel centers (red line) and within orientation domains (blue line). Both
curves are normalized to a peak of one; the shaded area visualizes the difference between pinwheel
center (22 cells) and orientation domain responses (40 cells). For details, see Schummers et al. (2007).
(B) Variance of the normalized temporal responses at the preferred orientation and for each point in
time, when averaging cells close to pinwheel centers (red line) and cells within orientation domains
(blue line). The difference in variance is denoted by the shaded area. Black dots mark points in time,
at which the variance of the response of pinwheel neurons is significantly higher than the variance of
the response of orientation domain neurons, assessed using a bootstrap method (cf. section 4.2.3).

individual variability in the timing of enhancement and suppression that shapes the
tuning curves of pinwheel cells.

4.4. Simulation results
In the previous chapter, we used a time-invariant input and considered the steady-
state behavior only, abstracting from the dynamics of the V1 responses. Extending
the Hodgkin-Huxley model by temporal filters describing the dynamics of the afferent
input to each model cell, we now simulate “reverse correlation” experiments. The
stimulus is a sequence of gratings with randomly chosen orientations, and a new
grating is presented every 20ms. As described in the previous section, single-unit
recordings from cat primary visual cortex under this paradigm show that neurons
close to pinwheel centers and neurons in orientation domains exhibit a similar time
course in their averaged responses, but differences in their inter-cell variability. The
mean responses of orientation domain cells are more similar to one another than
those of pinwheel cells (cf. Figure 4.1B).
Here, we investigate how the temporal characteristics in pinwheel and orienta-

tion domain neurons vary with different parameterization of the Hodgkin-Huxley
network. The temporal responses of four different models (one for each previously
identified operating regime; cf. dots in Figure 3.5A) to reverse correlation stimula-
tion are shown in Figure 4.2A, using the same format as for the experimental results
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Figure 4.2. Reverse correlation results for the Hodgkin-Huxley network model.
Abbreviations denote the different operating regimes: FF – feed-forward; EXC – recurrent excita-
tory dominated; INH – recurrent inhibitory dominated; REC – strong recurrent excitation and inhi-
bition. (A) Time-course of the responses, determined using the reverse correlation paradigm, at
the cells’ preferred orientation averaged over all pinwheel (map OSI < 0.3; solid lines) and orienta-
tion domain (0.6 < map OSI < 0.9; dotted lines) cells, and normalized to a peak of one. The gray
shaded area denotes the difference between the averaged responses of pinwheel and orientation domain
cells. (B) Variance of the temporal responses at preferred orientation for cells close to pinwheels
(map OSI < 0.3; solid lines) and in orientation domain (0.6 < map OSI < 0.9; dotted lines) regions.
The shaded area denotes the difference between the response variance of pinwheel and orientation do-
main cells. Black dots mark points in time at which the variance of the response of pinwheel neurons
is significantly higher than the variance of the response of orientation domain neurons, assessed using
a bootstrap method (cf. section 4.2.3).

in Figure 4.1A. Note that the timescale is shifted for the simulated data: Here, zero
corresponds to the input onset for V1, in the experiment zero refers to stimulus onset.
Since the network model does not include neither long-range connections nor feed-
back from higher areas it cannot account for the late part of the response. Therefore,
all analysis presented here is restricted to the period from 0ms to 100ms (simulation
timescale).
We find that in an excitation dominated regime (Figure 4.2A, “EXC”), the responses

of orientation domain cells to their preferred stimulus are longer than those of cells
close to pinwheel centers. This shows an expected contribution of the local network:
For an orientation domain cell, many neighboring cells have similar preferred orien-
tations (cf. Figure 3.1A2) and, therefore, the excitation dominated recurrent input
will amplify and prolong the response to the cell’s preferred orientationmost strongly.
A pinwheel center cell, on the other hand, receives recurrent input from cells with a
broader range of preferred orientations and, therefore, its recurrent input in response
to the preferred orientation will not affect the cells response as much. However, such
a prolonged response for cells in the orientation domain is inconsistent with the ob-
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servations in vivo (Figure 4.1A). For the other example regimes, on the other hand,
the length of responses of orientation domain cells is similar to (Figure 4.2A, “FF”
and “REC”) or even slightly shorter than that of the pinwheel cells (“INH”).
The difference between the average response curves of pinwheel and orientation

domain cells is quantified in Figure 4.3A. The figure shows the mean difference be-
tween the averaged response curves of pinwheel and orientation domain cells in the
interval 0ms to 100ms (i. e. a measure for the size of the shaded areas in Figure 4.2A)
as a function of gee and g ie. Averaged responses are relatively similar, i. e. differences
between response curves are small to moderate (darker colors) for a relatively wide
range of feed-forward, recurrent, and moderately inhibition dominated regimes. The
values are compatible with what has been observed in vivo (0.06 for the interval
50ms to 150ms). For the example models shown in Figure 3.5A we obtain values of
0.02 (“FF”) and 0.06 (“REC” and “INH”), respectively. Strongly inhibitory as well as
excitatory regimes showmarkedly larger differences (up to 0.15 for the more extreme
cases, 0.08 for the “EXC” regime shown).
The difference in the variance of the temporal responses between pinwheel and

orientation domain cells observed in vivo provides a second important constraint.
Figure 4.2B shows the response variance as a function of time for the selected exam-
ple models. Only the excitatory-dominated (Figure 4.2B, “EXC”) and the recurrent
regime (Figure 4.2B, “REC”) show the observed higher response variance in cells
close to pinwheel centers. To quantify the response variance as a function of gee and
g ie, we compute, for every combination of parameters, the proportion of the interval
0ms to 100ms, for which the variance between pinwheel cells is significantly higher
than the variance between orientation domain cells (see section 4.2.3). Figure 4.3B
shows that this fraction is highest along the “line of instability” (“EXC” and “REC”
regimes), where values similar to the experimental data are achieved (Figure 4.1B).
Experimental data show significantly increased variance for 49% of the interval from
50ms and 150ms, though the variance difference is also partly in the late response,
which the model cannot reproduce. Nonetheless the value compares well with the
30% and more for the excitatory dominated and recurrent regimes (47% and 30%,
respectively for the two examples shown), and is incompatible with the 0% found for
both, the feed-forward and inhibitory dominated regime.

4.5. Discussion
We have investigated the influence of local circuit constitution on the dynamics of
orientation tuning in cat V1. While the average timecourse of responses is similar
in orientation domains and pinwheel centers, there is much more variability in the
timing at pinwheel centers. Using a realistic, large scale model incorporating orienta-
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Figure 4.3. Dependence of the temporal responses on the operating regime for the Hodgkin-
Huxley network model.
(A) Mean difference in the time-course of the responses of pinwheel and orientation domain cells
(this corresponds to the size of the shaded area in Figure 4.2A) as a function of g ee and g ie. The mean
difference between 0ms (input onset) and 100ms is coded by gray values for each of the 27 × 18
parameter combinations tested (see scale bar). The area above the solid line corresponds to parameter
values for which the model network is “unstable”. (B) Fraction of time points in the first 100 ms
for which the variance of response in pinwheel regions is significantly higher (cf. dots in Figure 4.2B;
significance level > 0.95) than the variance of the response in orientation domains as a function of g ee
and g ie. The fraction of time (given in %) is coded by gray values (cf. scale bar) for each of the 27× 18
combinations. To assess significance, we employed a point-wise bootstrap method (cf. section 4.2.3).

tion map topology, we demonstrated that this phenomenon can result from a regime
with balanced excitation and inhibition receiving LGN inputs with diverse temporal
kernels
The higher variability in response timing near pinwheel centers probably reflects

difference in the local cortical circuits at those sites compared to orientation domains.
Orientation domain cells have a similar pattern of local inputs arising from neurons
with a narrow range of preferred orientations. By contrast, cells near pinwheel cen-
ters receive input from a broader distribution of preferred orientations (Yousef et al.,
2001; Schummers et al., 2002, 2004; Mariño et al., 2005). In our model simulations,
we were able to confirm that this higher heterogeneity can account for the observed
larger response variability near pinwheel centers. It is worth noting, however, that
the circuit heterogeneity alone is not sufficient to account for the differential output
variability. Rather than actually introducing this variability through heterogeneity
in pinwheel cells’ connectivity, the uniform recurrent connectivity in the orientation
domain removes variability by integrating over the different inputs of their neighbors.
This ability is reflected in the fact that the relative contribution of feedforward con-
nections to a cell’s inputs of the preferred orientation is larger for pinwheel cells than
for orientation domain cells. The variability in the temporal response properties is
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already present in the responses of LGN neurons and remains present in the input
receiving (simple) cells of V1 (Wolfe and Palmer, 1998; Alonso et al., 2001). The
recurrent connectivity of V1 thus appears to provide a representation that is uniform
in its temporal dynamics.
In sum, we were able to demonstrate that the experimentally observed differen-

tial variability between orientation domain and pinwheel cells is consistent with a
strongly recurrent network with balanced contributions of recurrent excitation and
inhibition. Together with the results from the previous chapter, these findings high-
light the importance of knowledge about the local network connectivity in under-
standing and modeling the orientation tuning in visual cortex.

Recapitulation
In the previous chapter, we drew the conclusion that significant recurrent excitation
and inhibition is necessary to account for the experimentally observed tuning proper-
ties for gratings of constant orientation. In this chapter we added realistic temporal
dynamics to the afferent input of the Hodgkin-Huxley network model and found that
also the map-location dependence of the temporal response properties of a second
set of recordings from cat V1 neurons could only be accounted for in a regime with
significant recurrent contributions. If such a regime is combined with afferent input
variability, it reproduces the experimental observation of higher variability across
cells close to pinwheel centers. The main mechanism responsible for this difference
in variability is an “averaging” in orientation domains, where the input from the
neighboring, homogeneous population of cells provides a relative stable framework
despite strong variability in the input spike train.



5. Contrast saturation and
cross-orientation suppression
Summary
The responses of cells in the primary visual cortex generally increase with the con-
trast of a stimulus. In addition, however, non-linear normalization plays an impor-
tant role, leading to deviations from a purely linear behavior. We will consider two
expressions of such normalization that have been investigated extensively in elec-
trophysiological experiments: Contrast saturation and cross-orientation suppression.
We will first show how contrast saturation can be achieved by cortical interactions in
a very simple two-population model and then demonstrate how the same mechanism
can be transferred to a more complex network model. This model shows clear differ-
ences between the contrasts responses of cells in orientation domains and pinwheel
centers, a finding that does not seem to be corroborated by preliminary data from
cat V1. We discuss possible reasons for this discrepancy and offer potential solutions.
Finally, we investigate the effect of cross-orientation suppression by presenting two
stimuli simultaneously, modeling a subcortical contribution to the suppression in an
effective way. While the strengths of the recurrent connections have only a small
influence on the suppression of cells in orientation domains, they strongly determine
the amount of suppression in pinwheel cells, even changing suppression into facil-
itation. We therefore conclude that the cross-orientation paradigm might provide
useful insights into the cortical circuitry, even though the suppression itself may not
be generated within cortex.

5.1. Introduction
Simple cells in the visual cortex exhibit several nonlinear properties not captured by
the classical feed-forward models (Hubel and Wiesel, 1962). Two prominent exam-
ples are contrast saturation and cross-orientation suppression. Contrast saturation
denotes the fact that in many cortical neurons for stimuli with a contrast higher
than a certain maximum contrast the response only weakly increases, saturates or
even decreases (Albrecht et al., 2002; Contreras and Palmer, 2003; Peirce, 2007).
This property is not simply inherited from the afferent input, cells in the LGN have
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higher saturation contrasts and show generally a more linear response than those in
V1 (Bonin et al., 2005; Finn et al., 2007). Functionally, saturation has classically been
interpreted as response normalization (Heeger, 1992) but can also be beneficial for
the decoding of conjunctive features in higher areas (Peirce, 2007). The saturation
of contrast responses is only one aspect of the more general question of the gain of
the cortical network. The afferent input synapses form only a small percentage of
all synapses in the input layer of cat V1, excitatory input is mostly contributed from
within the cortex itself (Binzegger et al., 2004; da Costa and Martin, 2009), which has
led to the view of the cortex as a strongly amplifying circuit (Douglas et al., 1995).
Electrophysiological evidence on the other hand seems only to support a modest am-
plification (Chung and Ferster, 1998) or even argues for an overall suppression (Pinto
et al., 2003; Bruno and Sakmann, 2006).
Cross-orientation suppression, i. e. the attenuation of neural responses to an opti-

mally oriented grating by a superimposed orthogonal grating, has been studied ex-
tensively (Morrone et al., 1982; Carandini and Heeger, 1994; Sengpiel et al., 1998;
Li et al., 2006; Priebe and Ferster, 2006). Initially, a cortical source of inhibition,
originating from cells with either orthogonal, broad or completely unspecific orien-
tation preferences has been proposed as the underlying mechanism (Wörgötter and
Koch, 1991; Somers et al., 1995; Sabatini, 1996; Troyer et al., 1998; Adorján et al.,
1999; Lauritzen and Miller, 2003). However, experimental evidence seems to sug-
gest inhibition mostly shares the tuning of excitation (Anderson et al., 2000a; Schum-
mers et al., 2002; Monier et al., 2003; Mariño et al., 2005). Several other properties
of cross-orientation suppression, such as its immunity to adaptation or that it can
be evoked with gratings drifting at high temporal frequencies also make a cortical
origin of the phenomenon unlikely (Freeman et al., 2002; Sengpiel and Vorobyov,
2005). As an alternative hypothesis, synaptic depression at thalamocortical synapses
has been proposed (Carandini et al., 2002; Freeman et al., 2002). However, more
recent results seem to indicate that such depression is not strong enough to account
for the observed effects (Boudreau and Ferster, 2005; Reig et al., 2006). Finally, re-
cent studies seem to indicate that contrast saturation and rectification of the LGN cell
responses together with the spike non-linearity of cells in the cortex can account for
most of the observed suppression (Li et al., 2006; Priebe and Ferster, 2006).
In this chapter, we will explore contrast responses of a simple model and a spatially

extended, more realistic network model and show how strongly recurrent networks
can reproduce contrast responses as seen in cells of V1. In line with experimental
findings, also the inhibitory population exhibits contrast saturation, albeit less pro-
nounced than the excitatory population. The network model furthermore predicts
much less pronounced saturation in cells close to pinwheel centers when compared
to cells in orientation domains. Finally, we investigate cross-orientation suppression
in the network. Even though we assume a subcortical origin of the suppression, we
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Figure 5.1. Simple model for center-only stimulation.
This schematic drawing shows the components of the simple model. The excitatory (E) and inhibitory
(I) neurons on the top are connected via recurrent connections and receive input from other excitatory
neurons responding to the center stimulus (bottom left). Excitatory neurons always receive the full
center input, the center input to inhibitory is multiplied with the factor δc. The excitatory neurons
conveying the center stimulus are not modeled explicitly, they only provide an effective input depending
on the parameters of the stimulus. The plot on the right shows the transfer functions, converting
membrane potential into firing rate, of the excitatory (black) and the inhibitory population (gray).

expect to find an important contribution of the cortical network to this phenomenon.
We find that while the suppression in cells in orientation domains is largely indepen-
dent of the network parameters, the amount of suppression or facilitation in pinwheel
center cells varies strongly.
This chapter also serves as a methodological introduction to the simple model and

the map model with a power-law transfer function, as well as to the method for con-
straining their parameters. These models will also be used in the following chapter.

5.2. Model descriptions

In the following, we will investigate the response properties of cortical networks
by using two classes of models: First, a simple model consisting only of two firing-
rate units, representing the excitatory and inhibitory population. Second, a spatially
extended firing rate network model with an artificial orientation map. The latter
model is similar to the firing rate model employed in chapter 3 but differs in the
transfer function and in the specific implementation of the orientation map. The two
models and the methods for constraining their parameter space will also be used in
the next chapter.
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5.2.1. Simple model

The simplest dynamical network model consists of only two units, representing the
population of excitatory (e) and inhibitory (i) cells with average firing rates me and
m i respectively. The dynamics of the firing rates are modeled with the following
equations (Wilson and Cowan, 1972):

τe
dme
dt = −me + fe (Ic + Seeme − Seim i) (5.1)

τi
dm i
dt = −m i + fi (δc Ic + S ieme − S iim i) , (5.2)

where τj is a time constant, Ic is the input arising from stimuli presented within the
classical receptive field (“center”), and Sxy the connection strength of the synapses
from population y to population x (see Figure 5.1). The functions fe and fi denote
the transfer functions for the excitatory and the inhibitory population respectively,
describing how the membrane potential is converted into a firing rate. Note that Ic in
this formulation is not a current but the resulting change in the membrane potential.

Modeling studies – including the firing rate model presented in chapter 3 – often
employ simple linear transfer functions with a threshold (e. g. Ernst, 2000; Seriès,
2002; Kang et al., 2003), which allow for an analytical treatment of the network
properties (this will be briefly discussed in the context of center–surround interac-
tions in the following chapter). Experimental studies in vivo, however, suggest that a
more adequate description of the neuronal transfer function does not involve a hard
threshold but a smooth, expansive nonlinearity. The reason for this is the presence of
continuous background activity impinging on the neuron: Stimuli that are subthresh-
old nevertheless lead to an increase in firing rate (Anderson et al., 2000b; Miller and
Troyer, 2002; Hansel and van Vreeswijk, 2002). To capture this, the use of a power-
law function with an exponent > 1 has been proposed. We therefore employ the
following transfer function (Figure 5.1):

fj(V) := RSAj +
[
βj(V− Tj)

]α j
+
, (5.3)

where RSA is the spontaneous activity in the absence of input, Tj is the threshold, βj is
the linear slope of the transfer function and α j is the exponent. Recent data suggest
that fast-spiking (putatively inhibitory) and regular-spiking (putatively excitatory)
cells in cat V1 show differences in the spontaneous activity, the linear component
and the threshold, whereas the exponent term does not differ significantly (Nowak
et al., 2010). For the values used, see appendix A.2.2.



5.2 Model descriptions 57

5.2.2. Map model
As in the previous chapters, we also employ a spatially extended network model in
order to analyze differences between cells in different functional neighborhoods. We
use the same non-linear transfer function as for the simple model and simulate 128×
128 excitatory and the same number of inhibitory units. In contrast to chapters 3 and
4, however, the map does not consist of four pinwheels (cf. Figure 3.2) but only of one
pinwheel (Figure A.1), see appendix A.1 for details. To bemore consistent with recent
experimental studies (e. g. Nauhaus et al., 2008; Hashemi-Nezhad and Lyon, 2011) we
will furthermore use the “local homogeneity index” (see appendix B.1.2 for details)
instead of the local map OSI to describe the position of cells in the orientation map.
Both measures are closely related, the local homogeneity index (HI) also ranges from
0 for a perfectly heterogeneous to 1 for a perfectly homogeneous local neighborhood.
We will classify cells with an HI < 0.3 as pinwheel cells and cells with an HI > 0.7
as orientation domain cells. Recurrent connections between cells are unspecific and
depend only on the distance between cells (Mariño et al., 2005). As in the previous
chapters, the connection profile is modeled with a two-dimensional Gaussian with a
standard deviation of σ rec = 125 µm.

5.2.3. Afferent input
For the simple model, the strength of the input only depends on the contrast of the
stimulus, as it models a completely homogeneous population without any differences
in orientation preference. The contrast response of neurons in the LGN has been
shown to exhibit a mild saturation and can be accurately modeled by assuming that
the input into V1 scales linearly with the logarithm of contrast (Sclar et al., 1990), i. e.
Ic(c) = Îc log(c+ 1)/ log(101), where c is the contrast of the stimulus in %. For the
map model, the maximum input depends on contrast in the same way, additionally
the input strength depends on the difference between the preferred orientation of the
cell and the orientation of the stimulus, modeled with a moderately tuned Gaussian
tuning curve (σaff = 27.5°).

5.2.4. Constraints for the recurrent parameters
In this and the following chapter, the gain of the network, i. e. how the strength of
the input is converted into the strength of the response, plays an important role. To
examine this relationship in different recurrent networks, the method of exploration
employed in the two preceding chapters is not ideal: When the strength of recurrent
excitation is varied independently of inhibition while the input is held fixed, two net-
works may show quite different maximal firing rates and operate at different points
of their dynamic range. In particular, networks might be close to a point where their
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responses saturate, i. e. do not increase any more with an increase in input, or close
to their firing threshold where small changes in input entail big changes in response.
In order to constrain the parameter space and control for the mentioned properties
we will in the following only vary three parameters of the network: r, the overall gain
of the network, i. e. whether a full contrast stimulus of optimal orientation is ampli-
fied (r > 1) or suppressed (r < 1); δc, the relative amount of afferent input to the
inhibitory population; and Sii, the strength of inhibition received by the inhibitory
population. The gain r is formally defined as:

r = m̂e/fe(Ic), (5.4)

where m̂e is the steady state solution of equation 5.1. The recurrent connection pa-
rameters See, Sie, Sei are then determined according to three requirements: The firing
rate of the excitatory population should equal 40Hz, the firing rate of the inhibitory
population should equal 80Hz, and the excitatory population should exhibit contrast
saturation at full contrast, i. e. with a small (hypothetical) increase in afferent input
beyond full contrast, the firing rate should stay at 40Hz. No particular significance is
attached to the specific values for the firing rates, apart from the fact that inhibitory
interneurons show comparatively high firing (Azouz et al., 1997).
We assume here that the saturation in the excitatory population is due to corti-

cal inhibition (see discussion), it therefore requires the inhibition provided by the
inhibitory population to grow by the same amount as the afferent input to the exci-
tatory population, i. e. Sei dm i

dIc = 1. This requires the slope of the inhibitory transfer
function to be

fi ′ (·) =
1

δcSei − Sii
. (5.5)

Note that, as the slope of fi is always positive, saturation requires δcSei > S ii. The self-
excitation See then has to be set so that it self-consistently adds up with the afferent
and the inhibitory input, similarly for the excitation of the inhibitory population S ie.
See appendix A.2.2 for the exact equations.
Figure 5.2 shows the dependence of the parameters See, S ie, and Sei on r and δc,

following the requirements stated above for a network with S ii = 0 (Figure 5.2A) and
a network with S ii = 0.04 (Figure 5.2B). The parameter r can be seen as changing a
network from being dominated by inhibition (r < 1), to a balanced network (r = 1)
and finally a network dominated by excitation (r > 1). For a perfectly balanced
network (r = 1), the self-excitation See is exactly twice the value of Sei to make
up for the twice as high firing rate of the inhibitory population. An increase in the
self-inhibition S ii and a decrease of δc does not alter the balance of excitation and
inhibition but increases the overall recurrent connection strength.
We note that all of the networks with Sii > 0 are inhibition-stabilized networks
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Figure 5.2. Necessary recurrent connection parameters for constant firing rates with contrast
saturation.
(A) Strengths of the recurrent excitation of the excitatory population (See, left), the recurrent excitation
of the inhibitory population (S ie, middle), and the recurrent inhibition of the excitatory population (Sei,
right) for networks with S ii = 0 (no inhibition of the inhibitory population) that result in a firing rate
of 40 Hz for the excitatory and 80Hz for the inhibitory population as well as saturation at high contrast
for the excitatory population. The parameter values are plotted as a function of the relative center input
to the inhibitory population (δc) for a suppressive network (r = 0.5, light gray), for a balanced network
(r = 1, dark gray), and an amplifying network (r = 2, black). The value of Sei only depends on δc, not
on r. (B) Same as (A) for a network with inhibition of the inhibitory population (S ii = 0.04).
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(ISNs), i. e. the networks would be unstable if the excitatory-inhibitory feedback loop
was removed (Ozeki et al., 2009).
In the following, we will employ this parametrization strategy to explore the con-

trast response of the simple model and the map model and then investigate orienta-
tion tuning and cross-orientation suppression in the map model.

5.3. Contrast saturation and orientation tuning
We will first analyze the contrast response curves of excitatory and inhibitory cells
in the simple model and then turn to the map model and compare the responses at
different positions of the orientation map. We also investigate the orientation tuning
properties of cells in the map model to see whether the imposed contrast saturation
affects the orientation specificity of responses and whether or not it depends on the
map position.
Figure 5.3 shows the contrast dependence of responses in the simple model for

excitatory (Figure 5.3A) and inhibitory (Figure 5.3B) cells. Excitatory cells in sup-
pressive networks (r = 0.5, left) with weak recurrent connection strengths (Sii = 0,
black line) track the input faithfully up to a contrast of 20% and saturate for higher
responses. For networks with stronger recurrent connections (gray lines), responses
become more nonlinear and amplify the responses at low contrasts, even though – by
construction – responses are still suppressed at high contrast. This qualitative picture
remains valid for balanced (r = 1, middle) and amplifying (r = 2, right) networks:
An increase in S ii (together with the corresponding increases in the other connections
strengths) shifts the c50 value (the contrast where the cell shows half of the maximal
response) to lower values and increases the non-linearity of the contrast response
curve (see Figure C.1 in the appendix for a quantification of these parameters). In-
terestingly, in strongly recurrent networks also the inhibitory population exhibits
significant saturation, although consistently less than the excitatory population (cf.
Figure C.1). This is different frommost networks exhibiting contrast saturation which
were proposed so far (e. g. Todorov et al., 1997; Somers et al., 1998; Persi et al., 2011)
– typically the strong increase of inhibitory activity for high contrasts is the reason
for the contrast saturation in the excitatory population, and the inhibitory population
only saturates when the afferent input saturates. In the strongly recurrent networks
presented here, however, the inhibitory population receives a large part of its in-
put via recurrent connections from the excitatory population; the saturation of the
excitatory population is therefore reflected in the inhibitory responses. Experimen-
tal recordings from electrophysiologically defined fast-spiking (putatively inhibitory)
neurons strongly support the view of contrast saturation in inhibitory neurons: The
parameters of the contrast response curves are indistinguishable from those of other
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Figure 5.3. Contrast saturation in a simple model.
Contrast responses curves for the excitatory (A) and the inhibitory (B) population of the simple model
for different network parameterizations. For all simulations, δc is set to 1. Shown are suppressive (left,
r = 0.5), balanced (middle, r = 1) and amplifying (right, r = 2) networks. Red lines denote the
response of the network without recurrent connections as a reference, the line in black corresponds to
a network with S ii = 0, the different shades of gray correspond to increasing S ii in steps of 0.025 up to
a value of S ii = 0.15 (light gray).

cell classes including regular spiking (putatively excitatory) cells – they only differ
strongly in their maximal firing rate (Contreras and Palmer, 2003).
We will now investigate contrast response and orientation tuning properties in the

mapmodel, using the parameters from the simple model. If the network was perfectly
homogeneous, i. e. if the afferent input to all cells would be the same, then using the
parameters of the simple model would yield exactly the same response in the spatially
extended network model. In our study, however, the map model receives afferent
input that is well tuned for orientation, and therefore the population response is also
well tuned and not homogeneous across the map. In order to achieve comparable
responses in both models, we apply a correction term to the recurrent connections to
make up for the reduced firing rates of neighboring neurons compared to a completely
homogeneous network. For that correction, a population activity is assumed that
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Figure 5.4. Examples of orientation tuning and contrast responses in orientation domains and
pinwheel centers.
(A) Population activity of excitatory cells in orientation domains (top, black) and cells close to pinwheel
centers (bottom, gray) as a function of the preferred orientation of the cells, for a full-contrast stimulus
of 0°. Dots denote the responses of individual cells (only about a 100 orientation domain cells are plotted
to avoid excessive overplotting), black/gray lines show the best fitting Gaussian. The lines in red show
the predicted activity profile from the processing of the afferent input by the transfer function (see
text for details). Tuning curves are shown for suppressing (r = 0.5) and amplifying (r = 2) parameter
regimes with varying amounts of center input to the inhibitory population (δc). (B) Contrast response
curves for excitatory cells in orientation domains (black) and cells close to pinwheel centers (gray) for
the same networks as in (A). The red line shows the contrast response curve of the excitatory population
in the simple two-population model for corresponding parameters (see text for details). For the third
plot (r = 2.0, δc = 0.7) the simple model does not yield stable responses.



5.3 Contrast saturation and orientation tuning 63

ignores the recurrent connections, i. e. one that simply applies the transfer function
to the afferent input. The correction is made for cells in orientation domains where
this description of population activity should be rather accurate: Their recurrent
excitatory and inhibitory input profiles are very similar to the afferent input profile
and therefore do not significantly sharpen or broaden the population response (see
Persi et al., 2011, for the theoretical justification in a ring model). Details of this
correction are described in the appendix A.2.2.
We now compare the response of the map model – incorporating the discussed

correction term – to the predictions of the simple model: The orientation tuning and
amplitude of the population activity in orientation domain cells (Figure 5.4A, top)
is very similar to the prediction, with the strong recurrency entailed by small δc
values (cf. Figure 5.2) leading to more heterogeneous responses. For pinwheel cells,
on the other hand, tuning width is also relatively well described, but the amplitude
of responses strongly depends on the parameter regime, being in particular higher
than the activity in orientation domains for suppressive networks (r = 0.5, first two
plots). Fundamental differences can also be observed for the contrast response of
cells (Figure 5.4B): While the contrast response of the cells in orientation domains
is well captured by the behavior in the simple model, the response of cells close to
pinwheel centers is not. Their contrast response is faithfully tracking the afferent
input, showing practically no additional saturation. This is due to the fact that close
to the pinwheel centers, only few inhibitory cells are active that could provide the
necessary inhibition for saturation.
The observations made for the example networks extend to the full parameter space

of networks: The firing rate of the population in orientation domains (Figure 5.5A,
left) is very close to the value of 38.5Hz set in the simple model (note that the plotted
firing rate is the firing rate above the spontaneous activity of 1.5Hz). The maximal
response of the cells close to pinwheel centers on the other hand varies widely with
the parametrization of the network, to a large degree tracking the strength of the
afferent input that is high for suppressive networks (low r values) and low for ampli-
fying networks (high r values). As already seen in the examples, the tuning widths
of both populations (Figure 5.5B) do not vary much with the parameters of the net-
work. The little variation they display depends on the parameters of the network
in different ways; while the width of tuning of cells in orientation domains depends
most strongly on δc, the width of tuning for cells close to pinwheel centers depends
most strongly on r.
In sum, we can parametrize a simple network to yield realistic contrast response

curves for the excitatory population. In strongly recurrent networks, also the in-
hibitory population exhibits contrast saturation, in accordance with experimental
findings (Contreras and Palmer, 2003). These results transfer to the orientation do-
main population in the map network model, whereas the cells close to pinwheel
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Figure 5.5. Dependence of network response and orientation tuning on network parameters.
(A) Amplitude of the population activity above the spontaneous response (estimated by fitting a Gaus-
sian to the population activity, see Figure 5.4A) for cells in orientation domains (left) and cells close
to pinwheel centers (right). Activity is shown by both the gray value (see colorbar on the right) and
the contour lines as a function of the overall amplification/suppression provided by the network (r)
and the relative amount of center input to the inhibitory population (δc). (B) Tuning width of the
population activity (estimated by fitting a Gaussian to the population activity, see Figure 5.4A) for
cells in orientation domains (left) and cells close to pinwheel centers (right). Tuning width in degrees
(standard deviation of the Gaussian) is shown by both the gray value (see colorbar on the right) and
the contour lines as a function of the overall amplification/suppression provided by the network (r) and
the relative amount of center input to the inhibitory population (δc).
Self-inhibition is set to S ii = 0.04, all other connection strengths are set to yield constant firing rates
and contrast saturation at full contrast (see Figure 5.2). The figures summarize results for 17 × 21
values of r and δc.
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Figure 5.6. Cross-orientation suppression in the map network model.
Cross-orientation suppression quantified by the response to a plaid stimulus consisting of two orthogonal
stimuli relative to the response to a single grating of preferred orientation. All stimuli are presented at
36% contrast. Relative responses are coded by the color (see colorbar on the right) and by the contour
lines for cells in orientation domains (left) and cells close to pinwheel centers (right). Values< 1 denote
suppression, values > 1 denote facilitation. The normalized response is shown as a function of δc (the
relative afferent input to the inhibitory population) and r (the overall amplification/suppression by the
local network at full contrast). The self-inhibition is set to S ii = 0.04, all other connection strengths
are set to yield constant firing rates and contrast saturation at full contrast (see Figure 5.2).
The figures summarize results for 17× 21 values of r and δc.

centers show only mild saturation, if any. The network parameters only mildly in-
fluence the orientation tuning of the cells but have a strong effect on the firing rate
of the inhibitory population.

5.4. Cross-orientation suppression
We will now investigate the responses to plaid stimuli, i. e. two orthogonal stim-
uli presented at the same time. Even though a grating 90° away from the preferred
orientation of a neuron most of the time does not elicit any response at all in that
neuron when presented alone, it may strongly suppress the response to a grating
of the preferred orientation when presented simultaneously (Morrone et al., 1982,
1987; Li et al., 2006; Priebe and Ferster, 2006). While many different mechanisms
have been proposed in the past, there is now a growing consensus that this cross-
orientation suppression is not generated within the cortex but inherited from the LGN
and amplified by the non-linear spike threshold in the cortex. We do not attempt to
accurately model the specific mechanisms of cross-orientation suppression here, but
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only assume the following two essential components: The addition of a second stim-
ulus with orthogonal orientation and a reduction of the feed-forward input from LGN
to 90% for both stimuli. An input reduction of this magnitude has been postulated
to arise from non-linearities in the LGN (Priebe and Ferster, 2006). We speculate that
these simple mechanisms might affect cells in orientation domains and cells close
to pinwheel centers differently: Much of the discussion about cross-orientation sup-
pression has been centered around the question of the existence of strong, specific
inhibition from orthogonal orientations. For cells close to pinwheel centers, how-
ever, non-specific connections are sufficient to receive strong recurrent inputs from
cells with orthogonal orientation preferences (Schummers et al., 2002; Mariño et al.,
2005).
Figure 5.6 shows the response of cells in orientation domains (left) and cells close

to pinwheel centers (right) to a plaid stimulus, normalized to the response to the
presentation of a single stimulus of preferred orientation, i. e. values < 1 denote a
suppression of the response, values > 1 denote a facilitation. Cells in orientation
domains mostly respond with a small suppression of the response (minimum nor-
malized response 0.88), and only in some regimes a small facilitation (maximum
normalized response 1.06) is observed, a sign of a strongly supersaturating param-
eter regime. The picture is entirely different for cells close to pinwheel centers: In
most of the amplifying regimes the cells show facilitation that can be as strong as a
doubling of the response, whereas in the suppressive regimes, suppression down to a
normalized response of 0.72 is possible. The pattern mirrors the activity of the pin-
wheel population for single gratings (Figure 5.5A): A low firing rate of the pinwheel
cells (when compared to the orientation domain cells) signifies an excitatory regime
– pinwheel cells fire less because they are less surrounded by other active cells. In the
case of the addition of a second stimulus, this picture changes, the cells now receive
strong excitatory inputs from the population across the pinwheel center, more than
compensating the reduction in the afferent input.
We conclude that comparing the amount of cross-orientation suppression (or fa-

cilitation) between pinwheel and orientation cells might allow new insights into the
question of the gain of the local cortical network. A smaller suppression or even fa-
cilitation of responses in pinwheel center cells would be compelling evidence for the
network as an amplifying circuit as proposed by Douglas et al. (1995).

5.5. Discussion
5.5.1. Contrast saturation in inhibitory cells

In this chapter we employed a simple model, which allows for explicitly calculat-
ing the necessary parameter values to achieve saturation at high contrasts. We have
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shown that such a model with strong recurrent connections also generates saturation
in the inhibitory population. Experimental data on contrast responses curves for fast
spiking (FS) cells (presumably inhibitory cells) in cat V1 shows that they are indistin-
guishable from regular spiking (RS) cells (presumably excitatory cells) by the shape
of their contrast response curves, showing just as much saturation (Contreras and
Palmer, 2003). Albeit in out model this is not the case – the saturation in inhibitory
cells is significantly weaker than in excitatory cells (see Figure C.1 in the appendix)
– this is an important advance compared to other modeling studies where the in-
hibitory cells show almost no saturation (e. g. Todorov et al., 1997; Somers et al.,
1998; Persi et al., 2011).
Given the simplicity of our model, a complete saturation of the response as imposed

on the excitatory cells is impossible in inhibitory cells: As long as the inhibitory cells
receive any direct LGN input (i. e. δc > 0), their response has to increase with con-
trast. However, the contrast responses of V1 neurons are very variable (Busse et al.,
2009) and it is feasible that this variability might resolve the seemingly paradox-
ical saturation of inhibitory neurons: Even though many inhibitory neurons show
saturation, the minority that does not might contribute strongly to the saturation in
the network. Additionally, in our network contrast saturation is a purely network
generated behavior, since we assumed a logarithmically increasing input from LGN.
Stronger saturation in the LGN responses (Sclar et al., 1990) and synaptic depression
(Carandini et al., 2002) would both reduce the necessary suppression contributed by
the cortical network, thereby reducing the saturation differences between excitatory
and inhibitory cells.
Finally, our model was constructed in a way to yield perfect contrast saturation

in the excitatory cells. However, excitatory neurons show a wide range of contrast
responses, ranging between linear and super-saturated (Peirce, 2007; Busse et al.,
2009). It remains an interesting question for future research whether variability in
the neuronal properties together with variabilities in the neuronal circuit can explain
not only the experimentally observed distribution of excitatory neurons’ contrast re-
sponses (Persi et al., 2011) but also the contrast responses of inhibitory cells.

5.5.2. Contrast saturation in pinwheel cells
The analysis of contrast saturation in the map network model predicts a consistently
weaker suppression of responses in pinwheel cells. This is a direct result of the fact
that at its preferred orientation, a cell close to a pinwheel center receives significantly
less recurrent input compared to a cell in an orientation domain. As the saturation
in our model is mediated by recurrent inhibition, the lower amount of inhibition
received by the cells close to pinwheel centers is reflected in the weaker saturation.
Preliminary analysis of contrast response curves from cat V1 (data provided by Maziar
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Figure 5.7. Contrast response curves of cat V1 neurons.
(A) Left: Contrast responses of cells in orientation domains, fitted with an extended Naka-Rushton
equation allowing for supersaturation (Peirce, 2007). Responses are normalized to the maximal re-
sponse. Right: Distribution of half-saturation contrast (c50) and exponent (n) of fits with the standard
hyperbolic ratio equation (Naka and Rushton, 1966). (B) Contrast responses and distribution of
parameters for cells close to pinwheel centers. All conventions as in (A).

Hashemi-Nezhad and David Lyon), however, does not seem to support this hypothe-
sis. Both, cells in orientation domains and cells close to pinwheel centers show very
variable contrast response curves but pinwheel cells do neither seem to saturate later,
nor do they show more linear responses than orientation domain cells (Figure 5.7).
How could this finding be reconciled with the strong difference seen in the simula-
tions? As stated above, the model is likely to overestimate the necessary strength of
saturation by not including subcortical mechanisms contributing to the saturation.
However, it is unlikely that the difference between orientation domain and pinwheel
cells would disappear completely.
The inhibition needed for the saturation could also be supplied by a population of

untuned inhibitory cells that is invariant in its activity across the orientation map.
The existence of such a population is still highly debated: While some studies claim to
have found untuned inhibitory cells (Hirsch et al., 2003; Nowak et al., 2008), others
have not (Cardin et al., 2007). Unspecific inhibition would explain only the suppres-
sive part of the contrast response curve, though, in addition recurrent excitation is
needed to amplify the responses at low contrast (cf. Figure 5.4B).
Another possibility is that the assumption of equal connection strengths across the

network is not valid – cells close to pinwheel centers could make up for the reduced
recurrent input by increasing the strength of the synaptic connections. Mechanisms
like homeostatic plasticity (Turrigiano and Nelson, 2004) could establish such differ-
ences during development. As a proof of concept, we re-explored the parameter space
with a different correction for the synaptic strengths in the map (see appendix A.2.2)
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– instead of adapting the strength to match orientation domain cells to the simple
model, all cells were allowed to have individual synaptic strengths, matching also
cells close to pinwheel cells to the simple model. This yields connections strengths
close to pinwheel cells that are about three times as high as the connection strengths
in orientation domains. With these changes, firing rates in pinwheel cells and orienta-
tion domains remain much more similar and pinwheel cells show as much saturation
as orientation domain cells (see Figure C.2 and Figure C.3 in the appendix).

5.5.3. Cross-orientation suppression
Several experimental results argue for a subcortical origin of cross-orientation sup-
pression (Li et al., 2006; Priebe and Ferster, 2006): Suppression can be evoked with
gratings drifting at very high temporal frequency (Freeman et al., 2002; Sengpiel
and Vorobyov, 2005), it is mostly immune to contrast adaptation (Freeman et al.,
2002) and it sets in very fast (Smith et al., 2006). To model this in our network, we
chose the most simple implementation possible and assumed an afferent input that
is reduced to 90% of its full strength when another grating is presented at the same
time, a value that is in line with the assumed reduction in other models (Li et al.,
2006; Priebe and Ferster, 2006). Here, we were interested in differences between
orientation domain and pinwheel cells, not in cross-orientation suppression as such.
However, it is important to note that the resulting suppression levels in our network
are very moderate, leading to responses of only slightly below 90% of the single
grating stimulus. This contrasts with other models, which reported that such a small
reduction in input can lead to physiologically observed suppression values, down to
a normalized response of about 60% (Li et al., 2006; Priebe and Ferster, 2006). In
these studies, however, any effects of the cortical network were ignored. Instead it
was assumed that a reduction of the LGN response directly leads to an equivalent re-
duction of the membrane potential which then – due to the power-law non-linearity
of the transfer function – leads to a greater reduction in the firing rate. Our network,
on the other hand, involves strongly saturating responses by design. Therefore, LGN
responses to high-contrast stimuli can be suppressed quite strongly without leading
to a corresponding change in the network activity. Arguably, the simple explanation
provided by Li et al. (2006) and Priebe and Ferster (2006) therefore fails in a more
realistic setting, at least for high-contrast stimuli. For contrasts close to or below
the saturation contrast, however, the described amplification of the cross-orientation
suppression can also be observed in our network model (data not shown).
To the best of our knowledge, no study has yet investigated differences in cross-

orientation suppression between pinwheel and orientation domain cells. Our simu-
lations show that such differences might be very informative about the regime the
cortex operates in. If the cortex primarily amplifies afferent inputs (Douglas et al.,
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1995), this should yield a weaker cross-orientation suppression – or even a cross-
orientation facilitation – in pinwheel cells that receive recurrent input from cells
with orthogonal orientation preference. The response to two superimposed stimuli
also strongly depends on the network parameters when we assume non-uniform con-
nection strengths across the map (see above). However, the response of the pinwheel
center cells then no longer mostly depends on the overall gain of the network but on
the overall strength of the recurrent connections (Figure C.4). Testing the cross-
orientation suppression of cells at different positions in the orientation map might
therefore yield new insights into the mechanisms of the local cortical network.

Recapitulation
In this chapter, we introduced a simple model and a corresponding more realistic map
model with a transfer function described by a power law. We have shown how the
recurrent interactions in a simple model can yield responses that saturate with con-
trast, showing significant saturation also in inhibitory neurons. These results can be
transferred to a network model, where cells in orientation domains show responses
comparable to the simple model but pinwheel cells show much weaker saturation
– a finding that does not seem to be supported by experimental data. However,
stronger subcortical contributions and adapted connection strengths might mitigate
this difference. Furthermore, we investigated the dependence of cross-orientation
suppression on the position in the cortical orientation map. Despite the origin of
suppression being independent of cortical interactions, we observe that suppression
in pinwheel cells strongly varies with the strength of the recurrent connections. Due
to the isotropic pooling of synaptic input, cells near pinwheel centers are directly in-
fluenced by the activity of cells with orthogonal orientation preference. This can lead
to a much reduced suppression or even to strong facilitation in parameter regimes
where the local recurrent network amplifies its inputs. In sum, we demonstrated
the cortical network not necessarily critically determines the sharpness of orienta-
tion tuning – that is relatively independent of the network parameters and to a large
degree invariant with map position – but instead is mostly responsible for setting the
gain of the network and keeping run-away excitation under control.
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Summary
The response of a cell in V1 does not only depend on the stimulus presented in the
classical receptive field, but also on its spatial context. The strength and sign of the
modulation from the surround depends on the properties of both the center and the
surround stimulus, most notably their contrast and orientation. Likely anatomical
substrates for such center–surround interactions are the lateral long-range connec-
tions and the feedback connections from higher visual areas. However, it is also
known that the local recurrent network within a single hypercolumn strongly shapes
the response of a neuron, as shown in the previous chapters. Here, we extend these
studies by determining the influence of the local network on modulatory surround
effects. To this end, we include an additional surround input as an effective descrip-
tion of the surround influence. With this model, various forms of suppression and
facilitation can be achieved, in particular contrast-dependent modulation changing
from facilitation at low to suppression at high center contrast. We furthermore find
that the surround effect does not have to be the same for cells at different map po-
sitions; even though the surround input itself does not depend on map position, it is
also mediated by the local neighborhood and therefore influences cells’ responses in
a different way, according to their map position. Finally, we investigate the orienta-
tion tuning of surround suppression and show how our network allows to model the
tuning differences between cells at different map position that have been observed
for cells in superficial layers. Together, these results agree with our previous hypoth-
esis that a strong local cortical network is established to maintain a high sensitivity
to external modulations.

6.1. Introduction
Neurons in the visual pathway are only responsive to visual stimuli within a spatially
confined area of the visual field. This area, and more generally its description by a
linear filter, has been termed the classical receptive field (CRF). However, already in
the early recordings of Hubel and Wiesel (1965), some cells were clearly suppressed
by the presentation of stimuli outside of this region, which led to the notion of an
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extra-classical receptive field (ECRF), several times larger than the CRF. Later studies
found that most cells in V1 showed some amount of modulation (e. g. Sengpiel et al.,
1997; Walker et al., 2000; Jones et al., 2001) for stimuli that did not evoke any
response when presented alone. This suggests that even early parts of the visual
hierarchy already process complex features of the visual world; perception does not
simply consist of analyzing small parts of the world individually, but always has to
take the context into account (Albright and Stoner, 2002; Schwartz et al., 2007),
a point emphasized by Gestalt theorists for a long time (Wertheimer, 1922). The
ubiquitous contextual modulations in the early visual system are a likely ingredient
for related perceptual tasks like contour-completion or figure-ground separation that
involve integrating information over space. For reviews on surround modulation see
Fitzpatrick (2000) and Seriès et al. (2003), for a discussion of potential anatomical
substrates see Angelucci and Sainsbury (2006).
In this chapter, we will investigate the question of how the local cortical network

shapes the responses to combined center–surround stimuli. In line with the previ-
ously discussed topics of this thesis, we will focus on two well-studied aspects of
surround modulation, namely its dependence on contrast and orientation of the re-
spective stimuli. We will again both use a simple model in order to elucidate the basic
necessary mechanisms and a map model for the investigation of different processing
in different parts of the orientation map.

6.1.1. Contrast dependence of surround modulation
When we perceive a stimulus, its apparent contrast depends on the surrounding stim-
uli; whether it is enhanced or suppressed most strongly depends on the balance of
the center and surround contrast (Cannon and Fullenkamp, 1993; Xing and Heeger,
2001). In V1, the effect of a surround stimulus is mostly a suppression of the response.
For collinear stimuli, i. e. gratings at the “end zones” of a cell’s CRF, following the
orientation of the center stimulus, however, facilitation has been observed as well. In
many cases, such stimuli are suppressive for a high-contrast center stimulus but facil-
itatory if the center stimulus is presented at low contrast (Toth et al., 1996; Sengpiel
et al., 1997; Polat et al., 1998). It has been argued that this switch from facilita-
tion to suppression is due to the different states of the local network (Schwabe et al.,
2006): For low contrast stimuli, the inhibitory population is not active, the exci-
tatory long-range or feedback connections therefore evoke only facilitation. When
both populations are active on the other hand, the long-range/feedback connections
strongly recruit the local inhibitory interneurons and therefore evoke suppression
(Tucker and Katz, 2003). However, also the opposite change of modulation with
contrast, or purely inhibitory or facilitatory modulations have been observed (Chen
et al., 2001a). In this chapter, we test the hypothesis that these differences can be
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partly explained by the different functional neighborhoods of cells, i. e. by differ-
ences between cells close to pinwheel centers of the orientation map and cells in
linear zones of the orientation domains.

6.1.2. Orientation dependence of surround modulation
Surroundmodulation has long been known to be orientation specific with the strongest
suppression typically arising for stimuli of equal orientation (Li and Li, 1994; Levitt
and Lund, 1997; Sengpiel et al., 1997; Cavanaugh et al., 2002). This suggests that sur-
round suppression is not only inherited from subcortical suppression (Solomon et al.,
2004; Bonin et al., 2005). Based on the timing of surround suppression, Webb et al.
(2005) proposed two components to surround suppression: An early, orientation-
unspecific component that arrives fast (see also Bair et al., 2003) and that could
originate in LGN and a late, orientation-specific suppression from within the cortex.
Furthermore, it has been recently shown that – at least in superficial layers of V1 –
this orientation specificity is higher in cells in orientation domains compared to cells
close to pinwheel centers (Hashemi-Nezhad and Lyon, 2011). While this difference
might arise from more unspecific long-range connections to pinwheel centers (Yousef
et al., 2001; Buzás et al., 2006), in this chapter we will explore the possibility that
such differences stem from the local circuit itself, integrating the information about
center and surround.

6.2. Methods
The modeling work in this chapter employs the same two classes of models as the
previous chapter: A simple model consisting only of two units, representing the ex-
citatory and inhibitory population; A map model consisting of many units, using an
artificial orientation map to analyze tuning properties and dependencies on map po-
sition. We will again briefly describe the two models and their extension for surround
modulations, for more details see appendix A.2.2.

6.2.1. Simple two-population model
The simple model (Figure 6.1) consists of an excitatory and an inhibitory popula-
tion, receiving input from three sources: afferent input from the “center”, recurrent
input from the other population and from the population itself, and input from the
“surround”. The latter is simply modeled as an additional (excitatory) input to the
two populations without specifying its origin (e. g. feedback connections from higher
areas or long-range connections from within the same cortical area). The system is
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Figure 6.1. Simple model for center–surround interactions.
This schematic drawing shows the components of the simple model. The excitatory (E) and inhibitory
(I) neurons in the middle are connected via recurrent connections and receive input from other excita-
tory neurons responding to the center (bottom) or surround (top) stimulus. Excitatory neurons always
receive the full center input, the center input to inhibitory neurons is multiplied with the factor δc. For
the surround input, the factor δe determines the amount of input to excitatory, δ i the input to inhibitory
neurons. The excitatory neurons conveying the center and surround stimuli are not modeled explicitly,
they only provide an effective input depending on the parameters of the respective stimulus.

modeled with the following equations that match the equations 5.1 and 5.2 used in
the preceding chapter, except for the addition of the surround input:

τe
dme
dt = −me + fe (Ic + δe I s + Seeme − Seim i) (6.1)

τi
dm i
dt = −m i + fi (δc Ic + δ i I s + S ieme − S iim i) , (6.2)

6.2.2. Map model
As in the previous chapters, we investigate neuronal responses in an network model
with an artificial orientation map following a pinwheel structure (see appendix A.1),
based on the simple model presented above. In order to get comparable responses
to the simple model, we also apply the necessary correction to the recurrent con-
nection strengths (see appendix A.2.2). For most of the simulations, except for the
example network presented in the end (see Figure 6.13), the surround input itself is
not orientation specific but is instead applied to all neurons with the same strength.
Orientation specificity is modeled by allowing the surround strength and the target of
the surround input (i. e. excitatory or inhibitory cells) to vary between presentations
of iso-oriented and orthogonal stimuli. This allows us to investigate the strength of
surround modulation for iso-oriented and orthogonal stimuli independently, with-
out assuming any specific tuning width or target bias. As we are only analyzing the
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responses of cells preferring the orientation of the center stimulus, the error due to
this unspecific targeting is small, in particular because also a specific surround input
would likely have a rather broad tuning.

6.3. Theoretical investigation of the surround influence

Analytical studies often employ a threshold-linear transfer function, i. e.

f j(x) := RSAj +
[
βj(x − T j)

]
+
, (6.3)

with j ∈ {e, i} and [. . . ]+ being a cut-off at zero.

Previous theoretical studies (Ernst, 2000; Seriès, 2002) analyzing simple models
of surround suppression focused on two conditions: Only the excitatory population
is active (assumed to be true at low contrast) or both populations are active. For the
case of only the excitatory population being active, the stability conditions (see Ernst,
2000; Seriès, 2002) simplify to See < β−1e . Under these assumptions, the activity at
low contrast is given by:

mLCe =
1

β−1e − See
(Ic + δe Is − T e) (6.4)

If the surround input I s is not strong enough to drive the inhibitory neuronal popula-
tion above threshold, it therefore always has a facilitatory influence on the excitatory
population.

When both populations are active, the activities are given by:

mHCe =
βe
N

[
Ic (1+ βi (S ii − δcSei))

+ δe I s
(
1+ βi

(
S ii −

δ i
δe

Sei
))

− T e

(
1+ βi

(
S ii −

T i
T e

Sei
))] (6.5)



76 Center-surround interactions

mHCi =
βi
N

[
δc Ic

(
1− βe

(
See −

S ie
δc

))
+ δ i I s

(
1− βe

(
See −

δe
δ i

S ie
))

− Ti
(
1− βe

(
See −

T e
T i

S ie
))]

,

(6.6)

with N := (1− βeSee)(1+ βiS ii)+ βe βiS ieSei. Under the assumption that See < β−1e ,
the surround influence always increases the activity of the inhibitory population. For
the excitatory population, it increases the response if δ i

δe Sei− S ii < β−1i and decreases
it otherwise.
A recent study (Ozeki et al., 2009) as well as the work presented in the previous

chapters come to the conclusion that the cortical network operates in a regime of
strong recurrent connections. In particular, the self-excitatory connections are so
strong that the excitatory–inhibitory feedback loop is necessary to prevent instabil-
ity. Such networks have been termed inhibition-stabilized networks (ISNs) and have
been shown to exhibit “paradoxical inhibition” (Tsodyks et al., 1997): If an ISN re-
ceives an excitatory input to the inhibitory population, the network settles into a
new equilibrium where both the excitatory and the inhibitory population show less
activity – in contrast to the “classical” view of a suppressed network where inhibitory
activity is higher and excitatory activity is lower. The dynamics of such a strongly
recurrent network seem to provide an explanation of the experimental finding that
both excitatory and inhibitory conductances are lower during surround stimulation
(Ozeki et al., 2009). For the simple network discussed here, the ISN property requires
See > β−1e . This requirement, however, makes the low-contrast situation described
above, where only the excitatory population is active, impossible – without feedback
from the inhibitory population the network is unstable by definition. This challenges
this proposed model of surround facilitation at low contrast (Ernst, 2000; Seriès,
2002; Schwabe et al., 2006). We note that models with a linear transfer function
can, however, be reconciled with the ISN property if one assumes two inhibitory pop-
ulations: One is responsible for the stabilization of the network and is always active,
the other has a high threshold and contributes to the surround suppression for high-
contrast center stimuli (Mangapathy, 2009).
If we drop the simplifying assumption of linear transfer functions, ISNs and facilita-

tion at low contrast are also no longer incompatible for a single inhibitory population:
To get facilitation at low and suppression at high contrast, it is necessary that the gain
with respect to the surround input of the excitatory vs. the inhibitory input changes.
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Figure 6.2. Examples for contrast-dependent modulations in a simple model.
(A) Surround modulation in networks not stabilized by inhibition: Ic = 7.5, δc = 1, S ii = 0.04, See =
0.035, S ie = 0.025, Sei = 0.05, δ i = 1, δe = 0.5, I s = 1.1. Responses to a center stimulus are shown
in gray, responses to a combined center–surround stimulus are shown in black for excitatory cells (top)
and inhibitory cells (bottom), using linear (left) or power law (right) transfer functions. (B) Surround
modulation in networks stabilized by inhibition: Ic = 4.25, δc = 1, S ii = 0.04, See = 0.128, S ie =
0.093, Sei = 0.061, δ i = 1, δe = 0.5, I s = 0.5. Other conventions as in (A).
The parameters of the linear transfer functions (see eq. 6.3) are: RSAe = 1.5, βe = 12.65, T e =
1.75, RSAi = 5, βi = 27.92, T i = 2.34. For the values of the power law transfer functions see ap-
pendix A.2.2.

For the linear model with a threshold, the gain is constant for all superthreshold stim-
uli, therefore the only mechanism for such a gain change is a change from inactive
to active, as described above. For more complex transfer functions like the power
law function considered in this and the previous chapter, the slope of the transfer
function – and therefore also the gain with respect to the surround input – changes
smoothly with the input. This allows for networks operating as an ISN to exhibit a
contrast-dependent modulation of their response resulting from a surround input that
has constant properties.
Figure 6.2 demonstrates surround modulation in ISNs and non-ISNs for networks

with a transfer function described by a power law (see appendix A.2.2 for details) or
a linear function with a threshold according to eq. 6.3. The linear transfer func-
tion has been fit to the power law function over the range of 0 Hz to 40Hz and
0Hz to 80Hz for the excitatory and the inhibitory transfer function, respectively.
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Figure 6.2A shows surround modulation in networks with weak recurrent connec-
tions that would remain stable if the feedback inhibition was removed. Gray lines
show the response in the absence of additional surround input, black lines show the
response with surround input. Both the linear model (left) and the power law model
(right) show contrast dependent facilitation and suppression in the activity of the
excitatory population (top). The response of the inhibitory population (bottom) is al-
ways facilitated, being responsible for the suppression of the excitatory population’s
response at high contrast. For ISN networks (Figure 6.2B) with a linear transfer func-
tion, either both populations are active or neither – the only facilitation of response
seen for the linear model (left) happens for contrasts where the center input alone
did not evoke any response. In contrast to the non-ISN network, the activity of the
inhibitory population is not facilitated but suppressed for high contrasts (although
the suppression is very weak and not visible in the plot) – nevertheless the excitatory
population shows a clear suppression. The network with a power law transfer func-
tion (right) shows a smooth transition from facilitation at low to suppression at high
contrast with a qualitatively identical pattern in the excitatory and the inhibitory
population.
We conclude that simple networks with a realistic transfer function are able to both

explain facilitation at contrasts close to the contrast threshold as well as a suppression
of the inhibitory population’s activity.

6.4. Simulation results
6.4.1. Contrast-dependent suppression and facilitation

Contrast-dependent modulation in the simple model
We first explore the overall effect of an additional surround input of varying strength
and with varying ratio of direct surround input to the excitatory and inhibitory pop-
ulation (Figure 6.3). For both networks without self-inhibition (Figure 6.3A left)
and networks with self-inhibition (Figure 6.3A right), the net effect of the surround
on the excitatory population depends on the combination of the overall strength of
the surround influence and the relative amount of input to excitatory and inhibitory
cells. If the surround input targets mainly inhibitory neurons (right part of every
subplot), it leads to a suppression of the response (values < 1, see colorbar on the
right), targeting mostly excitatory neurons leads to a facilitation. A strong suppres-
sion/facilitation can be achieved by either having a strong surround input with a
weak bias for one of the populations or with a weak surround input and a strong
bias for one of the populations. For networks with low δc values, the inhibition of
excitatory neurons (Sei) has to be high in order to achieve contrast saturation (see
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previous chapter). Due to this strong inhibition, even a surround influence targeting
predominately excitatory neurons has a suppressive effect (the contour line separat-
ing suppressive from facilitatory influences is to the left of the line vertical line).
The gray regions in the top part of the individual subplots denote the regions where
the surround influence is too strong, i. e. where the surround input would elicit a
response (quantified as any response greater than two times spontaneous activity in
either the excitatory or inhibitory population) even in the absence of any center stim-
ulation. For networks that strongly amplify the afferent response, this cutoff value
is very low for surround inputs targeting excitatory neurons because even a minor
activation is amplified immediately.
For the inhibitory population, the suppression/amplification pattern is quite dif-

ferent (Figure 6.3B): For networks without self-inhibition and accordingly overall
weaker recurrent connections (see previous chapter) the inhibitory population is al-
most exclusively facilitated by an additional surround input. The contour lines of the
modulation strength are more horizontal compared to the corresponding lines for the
excitatory population, i. e. the modulation strength depends less on the target of the
surround input than on its strength. Notable exceptions are the networks with bal-
anced recurrent connections (r = 1) and low δc values and the amplifying network
(r = 2), where the same amount of facilitation can be achieved with a relatively weak
surround input that targets both populations (central part of the subplot) or a strong
surround input that targets exclusively the inhibitory population (right border of the
subplot). In these networks we can also observe the typical “paradoxical” response of
an ISN (Tsodyks et al., 1997; Ozeki et al., 2009): A (weak) excitatory surround input
targeting only the inhibitory population leads to a decrease in the inhibitory popula-
tion’s activity. This pattern of response is much more prominent in networks with
self-inhibition and the correspondingly stronger other recurrent connections (Fig-
ure 6.3B right). Even when the surround input targets both the excitatory and the
inhibitory population, the result is a suppression of the inhibitory (and excitatory,
see Figure 6.3A) activity. The amount of this suppression is – in particular for the
balanced and the amplifying networks, i. e. r ≥ 1 – to a large extent independent
of the strength of the surround input but mostly depends on its target; the less in-
put the excitatory population receives, the stronger the suppression. Together, these
results emphasize the dramatic effects resulting from shifts in the balance between
excitation and inhibition.
The balance of excitation and inhibition is also crucial for the contrast-dependence

of the surround effect. Figure 6.4 shows three examples of modulation by a surround
stimulus of fixed contrast, when the contrast of the center stimulus is varied. For a
surround targeting predominately the excitatory neurons the response is facilitated
at all contrasts, both for the excitatory (Figure 6.4A left) and the inhibitory (Fig-
ure 6.4B left) population. When the surround targets predominately the inhibitory



80 Center-surround interactions

δi δe

re
l.
 s

u
rr

.
st

re
n

g
th

δc = 0.6 δc = 0.8 δc = 1.0

δi δe

re
l.
 s

u
rr

.
st

re
n

g
th

Sii = 0 Sii = 0.04

Sii = 0 Sii = 0.04

r = 0.33 

r = 0.5 

r = 1 

r = 2 

r = 3 

r = 0.33 

r = 0.5 

r = 1 

r = 2 

r = 3 

A

B

δc = 0.6 δc = 0.8 δc = 1.0

δc = 0.6 δc = 0.8 δc = 1.0δc = 0.6 δc = 0.8 δc = 1.0



6.4 Simulation results 81

Figure 6.3. Surround modulation in the simple model at high contrast.
(A) Surround modulation for excitatory cells with S ii = 0 (left) and S ii = 0.04 (right). Each square
represents one combination of center input properties: In every row, r gives the amount of overall
amplification/suppression by the recurrent connections, i. e. a value of 0.33 denotes a strongly sup-
pressive network (the activity of the excitatory cells is only 33% of the activity that would be reached
without any recurrent connections), a value of 3 denotes a strongly amplifying network (the activity
of the excitatory cells is 300% of the activity without any recurrent connections). In every column δc
denotes the strength of afferent input to inhibitory cells, i. e. a value of 0.8 denotes that inhibitory
cells receive 80% of the afferent input received by excitatory cells. Within a small square, the y coor-
dinate gives the strength of the surround input (relative to the afferent input), the x coordinate gives
the relative amount of surround input to inhibitory and excitatory cells: For points to the left of the
black line, excitatory cells receive the full surround input (δe = 1), whereas inhibitory cells receive a
reduced amount of surround input (δ i < 1); for points to the right of the black line, inhibitory cells
receive the full surround input and the input to the excitatory cells is reduced. The colors (see colorbar
on the right) denote the relative activity compared to a center-only stimulus, i. e. values > 1 denote
facilitation, values < 1 denote suppression. Relative activities > 2 have been clipped to a value of 2,
contour lines denote steps of 0.25. The recurrent connection strengths See, Sei and S ie are set to yield
a firing rate of 40 Hz (excitatory cells), respectively 80 Hz (inhibitory cells) and contrast saturation at
60% contrast (see text for details). Gray color denotes parameter points where this was not possible,
the parameter combination does not yield a stable steady state solution or the surround is so strong that
it evokes a response in the absence of any center stimulus. (B) Surround modulation for inhibitory
cells with S ii = 0 (left) and S ii = 0.04(right). Other conventions as in (A).
Every small square summarizes results for 40× 31 values of δe/δ i and I s.
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Figure 6.4. Examples for contrast-dependent modulation in the simple model.
The figure shows the contrast response curves of excitatory (A) and inhibitory (B) neurons in the
balanced regime with the same center input to excitatory and inhibitory cells (r = 1, δc = 1) and
S ii = 0.04. The contrast response for a center response in the absence of any surround stimulation is
shown in gray, the colored line shows the response to a combined center–surround stimulus. The sur-
round stimulus can lead to a facilitation at all contrasts (green), a facilitation at low and a suppression
at high contrast (dark blue), or a suppression at all contrasts (light blue). The surround strength is the
same for the three examples (I s = 0.1Ic), only the amount of input to the two populations is varied:
δe = 1, δ i = 0.8 (left), δe = 0.75, δ i = 1 (middle), δe = 0.1, δ i = 1 (right).

population, both populations show a facilitation at low and a suppression at high
contrast (Figure 6.4A and Figure 6.4B middle). If the surround targets the inhibitory
population almost exclusively, the excitatory population is suppressed at all contrasts
(Figure 6.4A right) while the inhibitory population still shows a small facilitation at
low contrast (Figure 6.4B right).
This coarse classification of contrast-dependent facilitation/suppression is very

similar across all networks (Figure 6.5). For approximately equal surround inputs
to the two populations and for a surround targeting predominately inhibitory neu-
rons, we observe a switch from facilitation at low to suppression at high contrast.
High contrast refers to stimulation with 100% contrast, low contrast is defined as the
contrast evoking 5% of the high-contrast response. For networks with self-inhibition
(Figure 6.5 right), a strong surround input leads to suppression at all contrasts even
if the surround has a moderate influence on the excitatory population. For the net-
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Figure 6.5. Contrast dependence of modulation in the simple model for different networks.
Contrast-dependence of the surround modulation for excitatory cells in a network with S ii = 0 (left)
and S ii = 0.04(right). Each square represents one combination of network properties r and δc, within
a small square, the y coordinate gives the strength of the surround input, the x coordinate gives the
relative amount of surround input to inhibitory and excitatory cells. See Figure 6.3 for details. The
color code classifies the contrast-dependence into three categories (same convention as in Figure 6.4):
Facilitation at all contrasts (green), facilitation at low contrast (defined as the contrast evoking 5%
of the response at high contrast) and suppression at high contrast (dark blue), and suppression at all
contrasts (light blue).
Every small square summarizes results for 40× 31 values of δe/δ i and I s.

works without self-inhibition (Figure 6.5 left), however, the surround has to target
the inhibitory population almost exclusively to yield a suppression at all contrasts.

Contrast-dependent modulation in the map model
In the previous section, we have shown that the dependence of the surround modu-
lation on the properties of the surround input is determined by the properties of the
network. The functional properties of this network can vary dramatically across the
cortical surface. In the context of orientation tuning in V1, this difference is most ob-
vious between the neighborhood of cells close to pinwheel singularities and of cells
in continuous orientation domains. We therefore now turn to an analysis of the ori-
entation map model, using the simple model as a reference model for cells in the
orientation domain (see appendix A.2.2).
Figure 6.6 shows the surround modulation of a balanced network (r = 1, δc = 1)

with self-inhibition (S ii = 0.04), when surround strength and the amount of input
to the excitatory and inhibitory population is varied. Note that in these simula-
tions, the surround influence is targeting all neurons, i. e. it is unspecific for the
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Figure 6.6. Surround modulation in the map model at high contrast.
(A) Surround modulation for excitatory cells in a map model network with balanced recurrent connec-
tions (r = 1, δc = 1 and S ii = 0.04). The plot on the left shows the modulation for cells in orientation
domains (local homogeneity > 0.7), the plot on the right shows the modulation for cells close to pin-
wheel centers (local homogeneity< 0.3). The surround strength (relative to the center input strength)
is varied against the relative amount of surround input to inhibitory and excitatory cells: For points to
the left of the black line, excitatory cells receive the full surround input (δe = 1), whereas inhibitory
cells receive a reduced amount of surround input (δ i < 1); for points to the right of the black line, in-
hibitory cells receive the full surround input and the input to the excitatory cells is reduced. The colors
(see colorbar on the right) denote the relative activity compared to a center-only stimulus, i. e. values
> 1 denote facilitation, values < 1 denote suppression. Relative activities > 2 have been clipped to a
value of 2, contour lines denote steps of 0.25. In the gray area, the surround input is too strong, i. e. it
evokes a response even in the absence of a center stimulus. (B) Surround modulation for inhibitory
cells close to pinwheel centers (left) and in orientation domains (right). Other conventions as in (A).
The figure summarizes results for 41× 26 values of δe/δ i and I s.
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preferred orientation of the cells. For cells in orientation domains (Figure 6.6 left),
the surround modulation is very similar to the simple model: It depends both on
the strength and the target of the surround input, a surround input predominately
targeting the excitatory population leads to facilitation, a surround predominately
targeting the inhibitory population leads to suppression. This holds both for the
excitatory (Figure 6.6A) and the inhibitory (Figure 6.6B) population. Surround sup-
pression therefore – as experimentally observed (Ozeki et al., 2009) – manifests itself
as a suppression of both the excitatory and the inhibitory inputs.
The surround modulation of the pinwheel cells also depends on both the strength

and the target of the surround input, but it is shifted towards facilitation. Even for
a surround input with a slight bias towards targeting inhibitory neurons, pinwheel
cells can still show facilitation. Generally, suppression is weaker and facilitation is
stronger compared to cells in orientation domains. The same can be observed for the
responses of the inhibitory cells (Figure 6.6B), cells show almost always facilitation
and only very weak suppression for a strong surround input bias towards inhibitory
cells. This also shows that the cortical network not necessarily operates in a single
regime: while cells in orientation domains are stabilized by inhibition, leading to
paradoxical inhibition (suppression of the inhibitory response by an excitatory input
to inhibitory neurons; cf. Tsodyks et al., 1997; Ozeki et al., 2009), cells close to
pinwheel centers receive less recurrent input and would show stable responses even
in the absence of inhibition.
We saw before in the simple model that networks where the surround input targets

mostly the inhibitory population but also provides a substantial input to the excita-
tory population show a shift of the modulation from facilitation at low contrast to
suppression at high contrast. This behavior is also seen in the map model, not sur-
prisingly as the surround modulation of orientation domain cells is well predicted by
the behavior of the simple model (cf. Figure 6.3 and Figure 6.6). However, the dif-
ference in surround modulation strength between orientation domain and pinwheel
cells (Figure 6.6) can also lead to qualitatively different response modulation be-
tween the two cell classes. Figure 6.7 shows examples of such differences (first and
third column) and of consistent modulation across the two classes (second and fourth
column).
Differences between the two cell classes arise from the complex interplay of re-

current excitation and inhibition. Figure 6.8 shows an example of the contributions
of recurrent excitation and inhibition and the additional surround input for different
strengths of the surround input. This example corresponds to a high-contrast center
stimulus and a surround input with a slight bias towards the inhibitory population
(δ i = 1, δe = 0.8, corresponding to the first plot in Figure 6.7), leading to suppres-
sion in orientation domain cells but to facilitation in pinwheel cells. The suppression
in orientation domain cells is not due to a strong increase in inhibition (recurrent
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Figure 6.7. Examples for contrast-dependent modulation in the map model.
Contrast response curves of excitatory neurons in orientation domains (A) and close to pinwheel centers
(B) in the balanced regime with the same center input to excitatory and inhibitory cells (r = 1, δc = 1)
and S ii = 0.04. The contrast response for a center response in the absence of any surround stimulation
is shown in gray, the colored line shows the response to a combined center–surround stimulus. The
surround stimulus can lead to a facilitation at all contrasts (green), a facilitation at low and a suppression
at high contrast (dark blue), or a suppression at all contrasts (light blue). The surround strength is
the same for the four examples (I s = 0.2Ic) and the inhibitory population receives the full surround
input (δ i = 1); only the amount of input to the excitatory population is varied from left to right:
δe = 0.8, δe = 0.4, δe = 0.2, δe = 0.

inhibition changes from −5.24mV without surround to −5.12mV for a surround
strength of I s = 0.2Ic) but to a strong loss of recurrent excitation (changing from
5.28mV to 3.57mV) that is not balanced by the additional excitation (0.81mV) ar-
riving from the surround (Figure 6.8A). In contrast, cells close to pinwheel centers
generally receive much weaker recurrent input that changes less with presentation of
the surround (inhibition changes from −2.15mV to −2.54mV, excitation changes
from 2.29mV to 2.02mV). The additional surround input increases slightly more
than the recurrent input decreases, leading to a net facilitation.
When we classify the surround modulation in orientation domain and pinwheel

cells for different surround strengths and different amounts of input to the excitatory
and inhibitory population (Figure 6.9), the main pattern seen in the simple model
is again evident: For surround input targeting predominately excitatory neurons,
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Figure 6.8. Contributions to surround modulation in the map model .
(A) Contributions to surround modulation by an iso-oriented surround for cells in orientation domains
preferring the orientation of the center (and surround) stimulus, plotted as a function of the surround
strength ranging from 0 (no surround) to 0.2Ic (corresponding to the value used in Figure 6.7). The
surround input has a bias for inhibitory neurons δ i = 1, δe = 0.8, all parameters correspond to the
first plot of Figure 6.7, i. e. r = 1, δc = 1, S ii = 0.04. The lower black line shows the total recurrent
inhibition (reci), the upper black line shows the net recurrent input (i. e. the difference between the
two black lines corresponds to the recurrent excitation), the gray line show the overall input, including
the direct surround input (i. e. the difference between the gray and the black line corresponds to the
direct surround input). The afferent input is constant across simulations (Ic = 4.48mV) and is omitted
from the plots. (B) Contributions to surround modulation in pinwheel cells, all conventions as in
(A).

neurons are facilitated across all center contrast conditions. If the surround input to
excitatory neurons is reduced, facilitation first turns into suppression at high contrast
until finally the responses are suppressed across all contrasts. This description is valid
both for orientation domain and pinwheel cells, however, the point where facilitation
turns into suppression happens “later”, i. e. for lower values of δe. Therefore, when
the surround input is only slightly biased towards inhibitory neurons (δe = 0.8, Fig-
ure 6.7 left), cells in orientation domains are facilitated at low but suppressed at high
contrast whereas cells close to pinwheel centers are facilitated across all contrasts.
This difference is even more evident in the modulation of the inhibitory population
(Figure 6.6B and Figure 6.9B): In orientation domains, cells show suppression as soon
as the surround input is biased towards inhibitory neurons; close to pinwheel centers
on the other hand, cells are facilitated unless the input to the excitatory population
gets very weak.
We have shown that the effect of additional modulating inputs from the surround

is critically influenced by the local cortical network. Even relatively weak changes
in the total inputs received by the cells can have dramatic effects when the balance
between excitation and inhibition is disturbed. Even though we did not assume any
differences in the direct surround input to cells in orientation domains or close to
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Figure 6.9. Contrast dependence of modulation in the map model.
Contrast-dependence of surround modulation for (A) excitatory and (B) inhibitory cells in a map model
network in the balanced regime with the same center input to excitatory and inhibitory cells (r =
1, δc = 1) and S ii = 0.04. The surround modulation is classified as a function of the strength of the
surround input (relative to the center input) and the the relative amount of surround input to inhibitory
and excitatory cells. See Figure 6.3 for details. The color code classifies the contrast-dependence into
three categories (same convention as in Figure 6.7): Facilitation at all contrasts (green), facilitation at
low contrast, suppression at high contrast (dark blue), and suppression at all contrasts (light blue).
The figure summarizes results for 40× 21 values of δe/δ i and I s.

pinwheel center, the dependence on the local network results in a different gain or
even a change in sign of the surround modulation.

6.4.2. Orientation tuning of suppression
Wewill now investigate the orientation tuning of surround suppression. Many studies
have shown that surround suppression is orientation specific (Sengpiel et al., 1997;
Levitt and Lund, 1997; Cavanaugh et al., 2002; Hashemi-Nezhad and Lyon, 2011,
e. g.), typically the strongest suppression is observed for iso-oriented center and sur-
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Figure 6.10. Tuning of surround suppression in cat V1.
Average normalized response of cells in orientation domain (black) and close to pinwheel centers (gray)
of cat V1 to a high-contrast surround stimulus of varying orientation when the center stimulus is kept
constant at preferred orientation and high contrast. Responses are normalized to the center-only re-
sponse, error bars denote± 1 s.e.m. (A) Response of cells in the superficial layers (depth< 600 µm)
(B) Responses of cells in the intermediate and deep layers (depth > 600 µm). Data courtesy of Maziar
Hashemi-Nezhad and David Lyon (Hashemi-Nezhad and Lyon, 2011).

round stimuli whereas an orthogonal oriented surround only suppresses the response
slightly or even evokes facilitation.
As we have shown in the previous section, networks with strong recurrent con-

nections process surround stimuli in the local network, leading to differences in the
strength of the surround modulation between cells in orientation domains and cells
close to pinwheel centers. Recent experimental data from cat V1 (Hashemi-Nezhad
and Lyon, 2011) suggest that differences in surroundmodulation strength are not con-
stant across surround orientation but are strongest for orthogonal surround stimuli.
Figure 6.10A shows the average suppression of 18 cells in orientation domains and 16
cells close to pinwheel centers in superficial layers of the cortex (depth < 600 µm).
Responses are normalized to the response when the optimal center stimulus is pre-
sented alone, after subtraction of the spontaneous activity. For an iso-oriented stim-
ulus, orientation domain cells are suppressed to a normalized response (all values
are reported ± s.e.m.) of 0.64 ± 0.09, pinwheel cells are suppressed slightly more,
to a normalized response of 0.49 ± 0.08. When the surround stimulus is of orthog-
onal orientation, orientation domain cells are only weakly suppressed (normalized
response 0.96± 0.12) whereas pinwheel cells are still strongly suppressed (normal-
ized response 0.64± 0.11). Note that these values differ from the values reported in
Hashemi-Nezhad and Lyon (2011) which are reported for the direction of the stim-
ulus, not the orientation. To allow comparison to the modeling results, we have



90 Center-surround interactions

summarized these data for orientation by averaging the suppression for stimuli of
0° and 180° and so forth. For intermediate and deep layers of V1 (depth > 600 µm,
Figure 6.10B), no clear difference between orientation domain and pinwheel cells
can be seen (orientation domain: normalized response with iso-oriented surround
0.5 ± 0.06, orthogonal surround 0.61 ± 0.08; pinwheel center: iso-oriented sur-
round 0.62 ± 0.08, orthogonal surround 0.66 ± 0.08) – although it is also possible
that targeting errors of the electrode occlude some of the differences (for a discussion
see Hashemi-Nezhad and Lyon, 2011). We will therefore now focus on the differences
seen in the superficial layers.
Comparing the experimental data shown in Figure 6.10A with the differences in

surround suppression obtained in the map model (Figure 6.6), we find that the model
only predicts weaker suppression in pinwheel cells compared to orientation domain
cells, not the stronger suppression observed experimentally, especially for orthog-
onally oriented surround stimuli (Figure 6.10A). However, the surround model so
far assumed an unchanged center input to the model, achieving suppression only
through the additional surround input. Neurons in the superficial layers of cortex re-
ceive most of their input from the deeper layers that show strong suppression as well
(Figure 6.10B, see also Walker et al., 2000; Hashemi-Nezhad and Lyon, 2011), there-
fore the total input arriving at the layer will be reduced when a surround stimulus is
presented.
First, we investigate the effect of reducing the afferent drive to the network, model-

ing the suppression of response in deeper layers. In accordance with the data shown
in Figure 6.10, we assume that the input is reduced to 50% when an iso-oriented
surround is presented and to 60% percent in the case of an orthogonally oriented
surround stimulus. Figure 6.11 shows the resulting surround modulation for cells in
orientation domains (Figure 6.11A) and close to pinwheel centers (Figure 6.11B).
In orientation domains, the amount of suppression depends strongly on the param-

eter regime of the network. For a reduction of the input modeling the presentation
of an iso-oriented surround stimulus, the normalized response reaches values as low
as 0.09 for a strongly amplifying regime (r = 3) with afferent input mainly slightly
favoring inhibitory cells (δc = 1.1) or as high as 1.2 for an amplifying regime with
stronger input to excitatory cells (r = 3, δc = 0.75). In fact, the latter value denotes
an facilitation of the response by a decrease of the stimulus – the network operates in
a supersaturation regime where the addition of input leads to a decrease of response.
The amount of suppression mostly depends on δc – and therefore on the overall
strength of the recurrent connections (cf. Figure 5.2) – and not on r, the overall level
of amplification or suppression provided by the local network. For pinwheel cells, the
amount of suppression depends much less on the network parameters, the normalized
response varies between 0.11 for high and 0.54 for low values of δc. The suppression
seen for orthogonal surround stimuli, i. e. for a suppression of the afferent drive to
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Figure 6.11. Modulation in the map model by a decreased afferent drive.
Effect of an reduced afferent drive on the response of cells in orientation domains (A) and close to
pinwheel centers (B) in a network with self-inhibition (S ii = 0.04). The reduction is shown by the color
(see colorbar on the right) and the contour lines as a function of r (the overall amplification/suppression
relative to a network without any recurrent connections) and δc (the relative strength of the center
input to the inhibitory population). The left plot (“iso”) shows the suppression when the afferent input
is reduced to 50%, modeling the suppression of the earlier cortical layers to an iso-oriented surround
stimulus, the middle plot (“ortho”) shows the suppression for an input reduction to 60%, modeling the
suppression of earlier layers to an orthogonal oriented surround stimulus. The right plot (“ortho – iso”)
shows the difference between the two other plots, i. e. the depth of the surround tuning.
The figure summarizes results for 41× 33 values of δe/δ i and I s.

60%, follows a similar pattern as the suppression for iso-oriented stimuli yielding low
responses for high values of δc and high responses for low values of δc. If we com-
pare the values of response for iso-oriented and orthogonal surrounds by calculating
the difference between the two (referred to as “iso-orientation suppression depth” in
Hashemi-Nezhad and Lyon, 2011), we see – except for the supersaturation regime
– a considerable stronger difference in orientation domains compared to pinwheel
cells. While the maximum difference in pinwheel cells is 0.26, it can reach a value of
0.95 in orientation domains, i. e. the response to an orthogonal surround is virtually
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unchanged whereas the response to an iso-oriented surround is almost completely
suppressed. Comparing the differences in the model to the experimentally observed
differences between orthogonal and iso-oriented surround suppression (orientation
domain: 0.32, pinwheel cells: 0.15, cf. Figure 6.10A) we find that the difference
is consistent for almost the complete parameter space for pinwheel cells but for ori-
entation domain cells consistent differences are confined to an “inverted U-shape”
region (area between contour lines 0.2 and 0.4). For most of this region, however,
the absolute normalized responses are lower for orientation domain cells than the
experimentally observed ones; the same is true for the responses of pinwheel cells
for the complete parameter space explored here. Somewhat counter-intuitive to the
classical view of surround suppression in visual cortex it therefore seems plausible
that to reach the experimentally observed suppression values, an additional excitatory
component is necessary.
We therefore next consider the combined influence of a reduction in the affer-

ent drive and an additional surround input. We first study the suppression for iso-
oriented and orthogonal stimuli independently, with an unspecific surround input
that is allowed to vary in strength and target bias between the two conditions. Fig-
ure 6.12 shows the resulting surround modulation for a network with balanced recur-
rent connections and equal afferent input to the excitatory and inhibitory population
(r = 1, δc = 1, S ii = 0.04). As shown in Figure 6.11, such a network already
achieves realistic differences between iso-oriented and orthogonal surround stimula-
tion with a reduction of the afferent drive alone but fails to generate the observed
absolute values. In addition to the reduction in the afferent drive, we now explore
the effect of an additional surround input of varying strength, predominately target-

Figure 6.12. (facing page) Surround modulation in the map model with decreased afferent drive
and additional surround input.
(A) Surround modulation with an afferent input that is reduced to 50% (A1), respectively 60% (A2)
for cells in orientation domains (left) and close to pinwheel centers (right). The amount of suppression
(values < 1) respectively facilitation (values > 1) is given by the color (see colorbar on the right) as
a function of the surround strength (relative to the full center strength) and the amount of surround
input to the inhibitory and the inhibitory population (see Figure 6.3 for details). Relative activities
> 2 have been clipped to a value of 2, contour lines denote steps of 0.25. Gray denotes parameters for
which the network shows a response to a surround stimulus alone in the absence of center stimulation.
(B) Visualization of the parameter regions from (A) where the suppression in the network is consistent
with the experimental data (cf. Figure 6.10) for an iso-oriented surround (left) and an orthogonal
oriented surround (right). The dark blue patch denotes the parameters where the suppression of the
cells in orientation domains is within one s.e.m. of the experimentally observed value, the light blue
patch bounds the region where the suppression is within two s.e.m. The red contour line marks the
one-s.e.m. and the orange contour line the two-s.e.m. region for the pinwheel center cells.
The figure summarizes results for 41× 33 values of δe/δ i and I s.
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ing either excitatory (δ i < 1) or inhibitory (δe < 1) cells. Figure 6.12A1 shows the
surround modulation resulting from an iso-oriented surround stimulus for cells in ori-
entation domains (left) and for cells close to pinwheel centers (right), Figure 6.12A2
shows the same for an orthogonal surround stimulus. As for the surround modulation
without any reduction in the afferent drive (Figure 6.6), the amount of modulation
depends strongly on the target of the surround input, being exclusively suppressive
for surround inputs targeting predominately inhibitory neurons. However, due to the
reduction of the afferent drive also a weak surround input targeting predominately
excitatory neurons (lower left corner of the plots) still leads to suppression of the
response. Additionally, the suppression in pinwheel cells is no longer smaller than
in orientation domain cells since they are strongly affected by the decreased afferent
drive (cf. Figure 6.11).
We can now identify the regions in parameter space where the suppression of

both the cells in orientation domains and of cells close to pinwheel centers is consis-
tent with the experimentally observed suppression values (Figure 6.12B). The blue
patches denote the region where the absolute suppression in orientation domains is
within one (dark blue), respectively two (light blue) s.e.m. of the experimentally ob-
served values iso-oriented (left) or orthogonal (right) surround stimuli. The contour
lines show the corresponding parameter regions for pinwheel center cells, marking
the one-s.e.m. region in red and the two-s.e.m. region in orange. We note that the
best correspondence is achieved for values of δ i and δe close to 1, i. e. for a surround
input that targets the excitatory and inhibitory population approximately equally.
However, the best-fitting regimes seem to favor slightly different relative amounts of
input to the two populations depending on the orientation of the surround stimulus:
For iso-oriented stimuli, the best fit is achieved for δe < 1, i. e. the surround input
has a slight bias for the inhibitory population, whereas for orthogonal stimuli the
data suggests δ i < 1, i. e. a bias for targeting the excitatory population. Given the
variance in the experimental data, however, modeling this difference is not necessary
to get a reasonable match between model and experiment.
For illustration purposes, we will nevertheless now investigate one example instan-

tiation of a network in more detail that is consistent with the experimental data on
surround tuning. As noted previously, we reduce the afferent input to 50% when an
iso-oriented surround is presented and to 60% for an orthogonal surround. To model
intermediate surround orientations, we determine the reduction of the afferent input
with a broadly tuned (k = 0.112) circular normal distribution, ranging between 0.6
for orthogonal and 0.5 for iso-oriented surrounds.
Taking the above mentioned observation of slightly different target biases for sur-

round stimuli of differing orientation into account, we model the additional surround
input as targeting both the excitatory and the inhibitory population but with slightly
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Figure 6.13. Tuning for contrast and surround orientation in an example map network model.
The model network operates in a balanced regime with equal center input to the two populations
(r = 1, δc = 1) and includes self-inhibition (S ii = 0.04). The surround input to the excitatory
population has a strength of I es = 0.18Ic with a tuning of kes = 0.21, the surround input to the
inhibitory population has a strength of I is = 0.19Ic with a tuning of kis = 0.26. (A) Orientation
tuning of the surround suppression for cells in orientation domains (blue, n = 89) and cells close to
pinwheel centers (green, n = 3). The thin lines denote the surround tuning of individual cells, the
thick lines connection the data points show the average across cells. For the simulation, the center
stimulus is fixed at high contrast at preferred orientation of the cells while the high-contrast surround
stimulus is varied in orientation. All responses are normalized to the response to the center stimulus
alone. (B) Contrast response curves for cells in orientation domains (left) and cells close to pinwheel
centers (right) for center stimuli of preferred orientation and varying contrast. The thin lines denote
the surround tuning of individual cells, the thick lines connecting the data points show the average
across cells. Shown are responses to a center stimulus alone (black), to a center stimulus together with
an iso-oriented, high-contrast surround stimulus (orange), and to a center stimulus together with an
orthogonal oriented, high-contrast surround stimulus (red).

different tuning, modeled as:

I js(Θs) = Î js · exp
(
k j
s cos (2 (Θs − Θ))

)
· 1/N, (6.7)

where j ∈ {e, i} denotes the excitatory respectively inhibitory population, Î es =

0.18 Îc is the maximum surround input to the excitatory population, Î is = 0.19 Îc is
the maximal surround input to the inhibitory population and kes = 0.21, k is = 0.26
are the tuning constants for the circular Gaussian function.
Figure 6.13A shows the resulting response of the excitatory cells in orientation

domains (blue) and close to pinwheel centers (green) for a fixed center stimulus of
high contrast and optimal orientation when the orientation of a surround stimulus
is varied. For an iso-oriented surround stimulus, cells in orientation domains are
suppressed to a normalized response of 0.68, cells close to pinwheel centers are sup-
pressed to a response of 0.50. For an orthogonal surround stimulus, the respective
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values are 0.96 in orientation domains and 0.65 close to pinwheel centers. This
difference in tuning critically depends on the different input gains of the two cells
classes, as shown previously (Figure 6.11B). As discussed in chapter 5, the contrast
response curves for orientation domain cells show strong saturation and therefore the
effect of a reduced input is very non-linear, whereas it is mostly linear in pinwheel
cells. Figure 6.13B shows contrast response curves for orientation domain cells (left)
and pinwheel cells (right) in the abscence of a surround stimulus (black), with an
iso-oriented (orange) and an orthogonal (red) surround stimulus. We note that these
curves should interpreted as contrast response curves only with caution – the input
model assumes an input that increases linearly with the logarithm of contrast which is
an appropriate model for LGN responses but might not capture the saturation present
in the earlier layers of V1 that provide the input to the superficial layers modeled here.
However, the summed population activity of V1 cells might exhibit considerable less
saturation than individual cells (Busse et al., 2009), therefore justifying the assumed
weak saturation of the input. Furthermore, our assumed relative reduction of af-
ferent drive and its tuning does not change with the contrast of the center stimulus
which might not be a valid description. Despite these shortcomings, we can make an
interesting observation: The tuning of the surround modulation, i. e. the difference
in modulation between an iso-oriented and an orthogonal surround stimulus disap-
pears for low contrast center stimuli – an observation that has been experimentally
confirmed in cat (Hashemi-Nezhad and Lyon, 2011) and does probably also hold for
primates (Cavanaugh et al., 2002).

6.5. Discussion
We have shown how networks operating in strongly recurrent parameter regimes can
show strong modulation by surround stimuli, if those disturb the balance of excita-
tion and inhibition. In our simple model of surround interaction, changing the main
target – either excitatory or inhibitory neurons – of the additional surround input
dramatically changes the strength and the sign of the modulation from facilitation
to suppression. In line with previous studies (Ozeki et al., 2009), surround suppres-
sion does not arise from a strong increase in inhibitory activity but from a loss of
excitation from the local cortical network. Due to this important contribution of the
local circuitry, we also observed differences in modulation strength between cells at
different positions of the orientation map.

6.5.1. Origins of surround suppression
In our model, we included only an abstract description of the additional inputs arising
from the presentation of a surround stimulus, not specifically modeling any anatom-
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ical substrates. Here, we briefly discuss possible origins of the surround signal to the
local cortical network. The divergence of thalamocortical connections is too small to
explain the surround suppression evoked by stimuli over distances of several degrees
of visual angle (Angelucci and Sainsbury, 2006). A natural candidate for the prop-
agation of surround suppression are the horizontal long-range connections within
cortex that span several millimeters, show clustered, orientation-specific connections
(Kisvárday et al., 1997) and target both excitatory and inhibitory neurons (Tucker and
Katz, 2003). However, those connections are relatively slow-conducting (Bringuier
et al., 1999) and might be too slow to explain the suppression by suppression from
the “far-surround” (Angelucci and Sainsbury, 2006). Instead, fast-conducting axons
back-propagating the activity from higher areas with large receptive field sizes has
been proposed as a potential substrate for such far-reaching interactions (Angelucci
and Sainsbury, 2006). It is also worth noting that while both long-range and feedback
connections are almost exclusively excitatory, the activation of inhibitory interneu-
rons in the near-surround might lead to a net inhibition entering the local network
(Schwabe et al., 2006).
In our model, a major component of the suppression in the superficial is contributed

by the suppression of the population in the intermediate layers, being the major
source of input to the superficial layers. This in in line with studies showing that
surround suppression affects all layers (Walker et al., 2000; Hashemi-Nezhad and
Lyon, 2011). However, we do not claim that surround suppression is generated in
the intermediate layers and then simply inherited in the receiving layers. Instead,
the suppression in the intermediate layers could for example result from feedback
connections via the layer 2/3→ layer 6→ layer 4 loop with an on-center-off-surround
connectivity scheme as proposed by Grossberg (1999). In addition, our network
models the “center input” in a very abstract way, part of this input likely does not
arrive from layer 4 but from higher areas like V2 that also target layers 2/3 of V1
(Anderson and Martin, 2009) . Our reduction in afferent input should therefore be
seen as a possible combination of a reduction of input both in earlier layers as well
as in higher areas (Sullivan and de Sa, 2006). Indeed, deactivation of feedback from
higher areas leads to a reduction of responses in V1 (Hupé et al., 2001) and to a
reduction in surround suppression for stimuli with low saliency (Bullier et al., 2001).
Ozeki et al. (2009) argue that the surround suppression in LGN is too weak and

shows not enough orientation selectivity to explain the observed suppression in V1.
Our results – although not being about suppression in LGN but about suppression
in other layers of the cortex – indicate that this is not a necessary conclusion from
their data: In our network, a reduction in input to 50% (modeling the suppression
in intermediate layers to an iso-oriented surround stimulus) can lead to very strong
suppression in the receiving layer, down to normalized responses as low as 0.09,
i. e. showing suppression much larger than the suppression of the afferent drive.
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Similarly, a mild tuning of the input suppression (50% for iso-oriented and 60% for
orthogonal oriented stimuli) can result in a much bigger orientation specificity of the
suppression in the receiving layer (see Figure 6.11). The non-linear processing in
the cortical cells as well as the non-linearity due to the intracortical interactions may
well lead to a substantial enhancement of the surround suppression and a sharpening
of its orientation tuning, as has been argued in the case of cross-orientation suppres-
sion (see previous chapter and Li et al., 2006; Priebe and Ferster, 2006). However,
other aspects of the data presented in Ozeki et al. (2009) – in particular the observed
increase of inhibitory conductances for a short time after the appearance of the sur-
round stimulus – still make their conclusion of the cortical network operating as an
ISN likely.

6.5.2. Limitations of the model
In the presented modeling work, we did not investigate changes in orientation tun-
ing of the cells when a surround stimulus of co-varying orientation is presented si-
multaneously (equivalent to the presentation of a large or full-field stimulus). It has
been reported that tuning curves are significantly sharpened by surround suppression
(Chen et al., 2005; Okamoto et al., 2009). We did not observe such a sharpening for
the network results presented here (data not shown). However, we have compared
responses in our model to experimental results of surround suppression in superficial
layers of V1 and have argued that it is mediated by a combination of long-range or
feedback connections, together with changes in the afferent drive from deeper layers.
The sharpening of tuning under surround stimulation seems to occur independent of
laminar position (Chen et al., 2005; Okamoto et al., 2009) and therefore would also
sharpen the afferent input into our model which was not considered here.
In this and the previous chapters, we were concerned with orientation-selective

responses of neurons in V1. It has been long known, however, that many neurons
are also selective for the direction of a stimulus (Hubel and Wiesel, 1959), which is
not included in our models. Direction selectivity is an interesting modeling topic
in its own right (for a review, see Clifford and Ibbotson, 2002) and also surround
suppression is often stronger for the direction of the center stimulus in comparison
to the opposite direction (Cavanaugh et al., 2002; Hashemi-Nezhad and Lyon, 2011).
How this direction selectivity emerges from the interactions of the signals from the
surround and the local cortical circuit remains to be explored.
The responses of neurons in our models are described by their average firing rates.

While this allows us to investigate the basic interplay of excitation and inhibition
shaping the response of neurons, we cannot answer questions related to the detailed
spike responses of cells. For example, the presentation of stimuli in the surround
seems to make spiking more sparse (Haider et al., 2010) and reliable (Kasamatsu
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et al., 2001; Haider et al., 2010). In our studies, we also employed a highly simplified
input model, ignoring the dynamic LGN responses to a drifting grating stimulus. We
therefore do not distinguish between simple and complex cells in V1, which also seems
justified by the fact that the two populations do not appear to show differences in
surround suppression (Walker et al., 2000; Hashemi-Nezhad and Lyon, 2011). How-
ever, the simple/complex classification might itself be influenced by the presence of
a surround stimulus, as a “simplification” of responses during the presentation of a
surround stimulus has been observed (Bardy et al., 2006). It remains an interesting
question for future research how such more subtle changes in the neuronal response
are generated by the cortical circuitry and whether they also reflect differences in
the functional constitution of the local network.

Recapitulation
In chapters 3 and 4 we had concluded that the cortical network operates in a regime
of strong recurrent interactions. It remained unclear what the advantage of such
an operating regime is, given that it only mildly influences the tuning properties of
cells. In this chapter we have explored the hypothesis that such a regime makes
the network particularly sensitive to modulations, using contextual modulations by
surround stimuli as an example. Our findings seem to confirm such a view; even
weak additional inputs can dramatically change the responses of neurons by chang-
ing the balance between excitation and inhibition. The non-linear processing of the
surround modulation by the local circuitry can also explain experimentally observed
differences in surround tuning characteristics between cells at different positions of
the orientation map. We argue that not a single mechanism explains surround modu-
lation, but that it emerges from a complex interplay of changes in the afferent drive,
additional stimulation conveyed via long-range or feedback mechanisms and the pro-
cessing in the local cortical network.





7. The role of local networks in
cortical computation
A cell in primary visual cortex (V1) receives synaptic input from thousands of other
neurons, most of them residing in V1 themselves (Binzegger et al., 2004; Thomson
and Lamy, 2007; da Costa and Martin, 2009). This embedding in the local network
has inspired many theories of cortical computation, asserting a functional role of the
network for the generation of feature selective responses including orientation tun-
ing (Sompolinsky and Shapley, 1997). According to these theories, the broadly tuned
input conveyed by the afferent connections is sharpened by an interplay of excitation
and inhibition provided by the recurrent synapses from the network, resulting in the
observed sharply tuned response. Such theories are challenged, however, by experi-
mental evidence showing that orientation tuning is surprisingly unaffected when the
recurrent input a cell receives is severely altered: Orientation tuning remains intact
when inhibition is blocked intracellularly (Nelson et al., 1994), and when the cortical
network is inactivated by cooling (Ferster et al., 1996) or by an electric shock (Chung
and Ferster, 1998). Interrupting recurrent interactions is a powerful way of investi-
gating their function, however, there is always a danger of unintendedly changing
other aspects of neuronal function as well. Another method for analyzing the neural
circuits, while leaving them intact at the same time, is exploiting the natural orga-
nization of the networks. In the context of orientation selectivity, local networks
differ strongly between homogeneous zones of orientation selectivity in orientation
domains and heterogeneous zones close to pinwheel centers.
Following this idea, we have shown in chapters 3 and 4 that a model-based analysis

of the differences between cells at different positions of the orientation map provides
evidence for the cortical network operating in a strongly recurrent regime with ap-
proximately balanced excitation and inhibition. In fact, the recurrent connections are
so strong that the network operates as an inhibition-stabilized network (ISN), close
to the region in parameter space where the network would become unstable. In this
model network, however, the recurrent connections are not necessary for establishing
orientation selectivity, in line with the experimental findings mentioned above. This
raises the question: what is the purpose of a strong but “unnecessary” local network?
As demonstrated in chapter 5, one important contribution of the local network might
be to set the gain of the neuronal response. A network with strong recurrent excita-
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tion and inhibition can amplify weak inputs while at the same time keeping strong
inputs under control and preventing run-away excitation. Recently, it was shown in
a theoretical study that such networks can also selectively amplify certain input pat-
terns, explaining observed similarities between spontaneous and evoked responses in
cortex (Murphy and Miller, 2009).
The local recurrent network may be critical for controlling the cortical circuitry:

By balancing strong excitation and inhibition, it allows external sources to modulate
the activity effectively, as exemplified in facilitation and suppression caused by sur-
round stimuli. In chapter 6 we have shown that a strongly recurrent network is very
sensitive to disturbances of the balance of excitation and inhibition, thereby allow-
ing strong modulation of its response by small means. The final neuronal response is
shaped by a complex interplay of the afferent, local, and long-range excitation and in-
hibition. This results in highly non-linear responses with sometimes counter-intuitive
properties, emphasizing the importance of computational modeling to complement
the analysis of experimental data. The following example illustrates this point: In
extracellular recordings, Ozeki et al. (2004) found that suppression persisted under
pharmacological blockade of inhibition. They argued that this finding provides ev-
idence against a role of cortical inhibition in surround suppression and proposed a
withdrawal of feed-forward excitation as an alternative hypothesis. In a later study,
Ozeki et al. (2009) seemingly confirmed this hypothesis with intracellular record-
ings showing a drop in both, excitatory and inhibitory conductances during surround
stimulation. However, they demonstrated that an ISN can reconcile both observations
with cortical inhibition as the cause of suppression: In ISNs, an excitatory input to the
inhibitory population leads to suppression of both, the excitatory and the inhibitory
activity (termed “paradoxical inhibition”, see Tsodyks et al., 1997). Furthermore,
blocking inhibition in a single neuron or in a small population of neurons does not
abolish suppression. The drop in excitation provided by the surrounding network is
sufficient.
Obviously, despite all the advances in understanding cortical circuits, many open

questions remain. For example: Is there any advantage of having cells in different
functional neighborhoods? On the one hand, it is possible that a columnar organiza-
tion of orientation selectivity – although not shared by all mammals (Hooser, 2007)
– is advantageous for visual processing, but that the zones close to pinwheel centers
are just “imperfect” implementations of this structure, made necessary by the com-
peting constraints of smoothly mapping different features onto the cortical surface
(Yu et al., 2005). On the other hand, the visual system could actively exploit the
differences, e. g. by using the differences in surround tuning to detect more complex
image features like corners (Das and Gilbert, 1999). Correspondingly, neurons show a
tremendous amount of variability in their functional properties, showing differences
in feature selectivity across all stimulus dimensions. Given the high sophistication of
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the cortical system it is very unlikely that this variability is not exploited. It remains
a challenge for experimental and modeling work – both tending to focus on averages
across time and space – to establish hypotheses about the functional implications of
this heterogeneity.





A. Model descriptions

A.1. Artificial orientation maps
A.1.1. Four-pinwheel map

All orientation maps used in the simulations for chapters 3 and 4 were composed of
four pinwheels with alternating handedness, arranged on a grid of 50×50 (Hodgkin-
Huxley network) or 64×64 (firing rate network) pixels (Figure 3.2). Periodic bound-
ary conditions were used. The spatial scale was calibrated against experimental ori-
entation maps (see Beck, 2005; Stimberg et al., 2009, for details) for details. This
calibration yielded an connection range σ rec = 125 µm (corresponding to 4 units
in the Hodgkin-Huxley network and 5.12 units in the firing rate network) and an
average nearest neighbor pinwheel distance of 781 µm for the artificial map.
The analysis of the tuning properties of the model cells was restricted to excitatory

cells with a map OSI < 0.9 (the highest map OSI in the experimental data is 0.86).
This was done because OSI values greater than 0.9 are only possible for cells which
lie in the corners of the square around a pinwheel center in the artificial orientation
map (cf. Figure 3.2, another solution to this problem is presented below), resulting in
a bias for the orientation preference of such cells. However, the results of our study
remain valid if the cells with map OSI > 0.9 are included.

A.1.2. One-pinwheel map
In order to avoid the non-symmetry of the orientationmap (orientations in the corners
of the orientation maps are overrepresented), the simulations presented in chapters 5
and 6 were performed with a map consisting of only one pinwheel (see Figure A.1),
consisting of 128×128 units. In orientationmaps, if onemoves away from a pinwheel
the local homogeneity first increases until it reaches a maximally homogeneous point
between two pinwheels and then decreases again. The same pattern is modeled in the
one-pinwheel map, however the decrease in homogeneity is not modeled by including
several pinwheels. Instead, starting at half the average pinwheel distance (i. e. at
390 µm), the preferred orientation distribution gets more and more random until it
is completely random at the full pinwheel distance, leading to a low homogeneity
as in the vicinity of a pinwheel center. The orientation preference of a cell with its
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B
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distance from pinwheel (µm)

Figure A.1. Comparison of artificial orientation maps.
(A) Artificial orientation map with four pinwheels (left) and an orientation map with a single pinwheel
in the center (right). Colors denote preferred orientations of the cells (cf. Figure 2.3a nd Figure 3.2).
The black circle denotes a radius of 390 µm around a pinwheel, marking half the distance between
neighboring pinwheel centers. The four-pinwheel map on the left is used for all simulations in chapters
3 and 4, the one-pinwheel map on the right is used for all simulations in chapters 5 and 6. (B) Local
homogeneity index (HI; see section B.1.2) as a function of distance from a pinwheel center for a four-
pinwheel map (left) and a one-pinwheel map (right). The HI of cells along the gray line shown in (A)
is also shown in gray, the HI for cells along the black line is shown in black.

position relative to the pinwheel center given by the polar coordinates (r, φ) is given
by:

Θ(r, φ) =


φ/2, for r < 390m
φ/2+ U(−90, 90) · ((r−390 µm)/390 µm)2.5 , for r ≥ 390 µm < 780 µm
φ/2+ U(−90, 90), otherwise.

(A.1)
The term U(−90, 90) denotes a uniformly distributed random variable between−90°
and 90°, resulting orientation preferences are restricted to the interval between−90°
and 90° by adding or subtracting 180° when necessary. The advantage of this map is
that the orientation distribution is mostly radially symmetric – in contrast to the four-
pinwheel map where the “diagonal” orientations are overrepresented – while at the
same time the map can still be efficiently simulated using periodic boundary condi-
tions. This is shown in Figure A.1B: In a four-pinwheel (left) the local homogeneity
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changes different with distance from the pinwheel center for cells with preferred
orientation differing by 22.5° (gray vs. black). In comparison, this difference is neg-
ligible in the one-pinwheel map (right) up to large distances. For all analyses in the
one-pinwheel map, only the response of cells within the 390 µm around the pinwheel
center are considered (see Figure A.1A).
Another solution to this problem – which is mathematically more elegant but less

efficient to simulate – is to map the orientation map onto a sphere with the pinwheel
centers at the poles (Bressloff and Cowan, 2003).

A.2. The firing rate network models
The network consists of a two-dimensional layer of recurrently connected excitatory
and inhibitory model neurons, which receive orientation tuned feed-forward input.
Orientation tuning of the feed-forward input is determined according to the four-
pinwheel map shown in Figure 3.2 for the linear firing rate model and according to
the one-pinwheel map shown in Figure A.1 for the firing rate model with the power
law transfer function. The strength of the recurrent excitatory and inhibitory inputs
is Gaussian distributed with the same spatial extent σ for excitation and inhibition.
Periodic boundary conditions were used.

A.2.1. Linear model
The firing rate model is similar to the model of Kang et al. (2003). The variables me1,
me2, and m i denote the firing rates of the fast excitatory (me1), the slow excitatory
(me2) and the inhibitory (m i) population. Their dynamics is given by

τe1
dme1 (~r)

dt = −me1 (~r) +
[
Iaff (~r) + Seeα1 I e1rec (~r)

+See (1− α1) I e2rec (~r)− Sei I irec (~r)
]+

,

(A.2)

τe2
dme2 (~r)

dt = −me2 (~r) +
[
Iaff (~r) + Seeα1 I e1rec (~r)

+See(1− α1)I e2rec (~r)− Sei I irec (~r)
]+

,

(A.3)

τi
dm i (~r)

dt = −m i (~r) +
[
Iaff (~r) + Sieα1 I e1rec (~r)

+Sie(1− α1)I e2rec (~r)− S ii I irec (~r)
]+

,

(A.4)

where~r is a vector describing a unit’s position in the layer, τe1=5ms and τe2=50ms
denote the two excitatory synaptic time constants, τi = 5ms denotes the inhibitory
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time constant and [. . . ]+ is the rectification function. The parameters See, Sei, S ie,
and S ii denote the weight of the connections between the pre-synaptic excitatory and
inhibitory populations and the postsynaptic excitatory (See and Sei) and inhibitory
populations (S ie and S ii). The recurrent input from the excitatory populations is
additionally weighted by α1 = 0.4, respectively 1−α1 = 0.6 for the two populations
of excitatory neurons, i. e. the total excitatory recurrent input is a mixture from
the fast population (40%) and the slow population (60%). Note that in contrast to
Kang et al. (2003) we include self-inhibition (S ii 6= 0). The recurrent input from a
population j ∈ {e1, e2, i} is given by

I jrec(~r) =
∫

d~r ′ϕ(~r,~r ′)m j, (A.5)

where the function ϕ,

ϕ(~r,~r ′) = 1√2πσ exp
(
−(~r −~r ′)2

2σ2
)
, (A.6)

defines the connectivity profile. The standard deviation of the spread of recurrent
connections is σ = 5.12 pixels (corresponding to σ = 125 µm). This spatial connec-
tivity profile was the same for all types of connections.

The afferent input Iaff is given by Iaff = A+B cos(2(θ− θstim)
), where θstim is the

orientation of the stimulus presented to the network, θ is the preferred orientation
given by the corresponding location in the orientation map, A is the mean input and
B is the orientation modulation amplitude. For all simulations we chose A = B = 1,
except for the determination of the “marginal phase” regime (Figure 3.3A), where B
was set to 0.001 in order to generate an almost untuned input.

The firing rate equations were numerically integrated over a period of 500ms from
initialization, using an explicit Runge-Kutta (4, 5) method (implemented by the func-
tion ode45; Matlab; Mathworks, Natick, MA). For the exploration of the phase space,
we kept Sei = S ii = 0.5 fixed and systematically varied S ie and See. The network
was then simulated for stimuli of different orientations and the recurrent excitatory
and inhibitory inputs, and the firing rates of the excitatory neurons were recorded.
Assuming an asynchronous state, in the steady state limit, the inputs are proportional
to the total mean conductance values in a conductance based neuron model (Shriki,
2003). In the stationary state, it is not necessary to distinguish between the two exci-
tatory populations because their rates, me1 and me2, are equal due to the equivalent
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right hand side of their dynamics equations. Hence we obtain

ge (~r) ∝ Iaff (~r) + See
∫

d~r ′ϕ
(
~r,~r ′

)
me1

(
~r ′
)
, (A.7)

gi (~r) ∝ Sei
∫

d~r ′ϕ
(
~r,~r ′

)
m i
(
~r ′
)
, (A.8)

where ge(~r) and gi(~r) denote the total mean excitatory and inhibitory in an equivalent
conductance based neuron model. For obtaining tuning curves, we recorded every
unit’s response to stimuli, with orientation θstim ∈ {−90°, −67.5°, −45°, −22.5°,
0°, 22.5°, 45°, 67.5°}. The OSI of the orientation tuning curves for g e , g i and f were
calculated for each model unit with a map OSI below 0.9. Their dependence on the
local map OSI was then described by a regression line using the least squares method.
All numerical simulations were performed using the four-pinwheel map (Figure 3.2)
with periodic boundary conditions.
The mean-field equations can also be solved analytically in the limit of infinite

number of units if the interactions between different pinwheels are neglected and
all units are above firing threshold. Expressing the 2D position of a unit in polar
coordinates~r = (r, φ), centered at the pinwheel, the stationary activity profile of the
excitatory population is then given by (cf. Kang et al., 2003)

me(r, φ) = Aa + Bb(r) cos(2 (θ − θstim)
)
, (A.9)

where θ = φ/2 denotes the unit’s preferred orientation. Please note that this notation
differs from Kang et al. (2003), where θ corresponds to φ in our notation. We chose
to consistently use θ for (preferred or presented) orientations.
The factor a is given by

a = 1− Sei + S ii
1− See + SeiS ie + S ii − S iiSee

(A.10)

and determines the cortical gain of the mean activity. The expression b(r) represents
the effect of the cortical interactions on orientation tuning and is given by

b(r) =
∫ ∞

0

dk
k

[1− (Sei + S ii)ϕ̃(k)
1− D(k)

]
J1(kr), (A.11)

where ϕ̃ is the Fourier transform of the connectivity profile ϕ, and J1(kr) is the
Bessel function of order one. Following Kang et al. (2003), we call D(k) the “cortical
feedback kernel”,

D(k) = Seeϕ̃(k)− SeiS ieϕ̃2(k)− Siiϕ̃(k) + S iiSeeϕ̃2(k). (A.12)
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Note that this kernel differs from the one analyzed in Kang et al. (2003) for two
reasons: we include self-inhibition (S ii 6= 0); and we have identical connectivity
profiles ϕ for the excitatory and the inhibitory populations.
The different parameter regimes (“phases”) shown in Figure 3.3A are characterized

by certain properties of the cortical feedback kernel D(k): Unstable if D(k) > 1 for
any k; Feedforward (FF) if |D(k)| < 0.5 for all k; Excitatory dominated (EXC) if
D(k) > 0 for all k and Dmax = D(0); Recurrent (REC) if Dmax > 0.5 and 1− D(0) >
2(1 − Dmax); Inhibitory dominated (INH) if D(k) < 0 for some k and Dmax < 0.5.
The simplifications made in the analytical derivation – one pinwheel rather than
four, and infinite rather than periodic boundary conditions – introduce only small
discrepancies between calculated and simulated phase borders.
The border to the unstable and the marginal phase regime were additionally de-

termined numerically. A network was defined to operate in the marginal phase if an
almost untuned input (mean input A = 1, modulation amplitude B = 0.001) leads to
a tuned network activity (maximum and minimum activity differ by more than 5%).

A.2.2. Power-law model

The firing rate model used in chapters 5 and 6 is very similar to the one described
above. It differs in three respects: We only use one excitatory population (but, as
mentioned above, this does not influence the steady state solutions), we use a power
law as a transfer function and we use a moderately tuned input (σaff = 27.5°) as in
the Hodgkin-Huxley network. For the simulation in chapter 6, an additional surround
current was included. The system is therefore described by the following equations:

τe
me (~r)
dt = −me (~r) + fe

(
Ic (~r) + δe I s (~r) + See I erec (~r)− Sei I irec (~r)

) (A.13)

τi
m i (~r)
dt = −m i (~r) + fi

(
δc Ic (~r) + δ i I s (~r) + Sei I irec (~r)− S ii I irec (~r)

)
, (A.14)

with – instead of a single input Iaff – an input Ic for the center stimulus (corresponding
to Iaff) and an input I s for the surround stimulus. Recurrent connections are as in the
linear network (see eqs. A.5 and A.6). The strength of the center input Ic varies with
the contrast and the orientation of the stimulus:

Ic(c, Θstim) = log(c+1)/log(101) exp
(
−(θstim − θ)2

(2σaff)2
)

Îc, (A.15)

where Îc is the maximal center input, c is he contrast in %, Θstim is the orientation
of the stimulus and Θ is the preferred orientation of the respective unit. The transfer
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functions fe and fi are given by:

f j(V) := RSAj +
[
βj(V− Tj)

]α j
+
, (A.16)

following Nowak et al. (2010) we use RSAe = 1.5Hz, RSAi = 5Hz, βe = 0.9 Hz/mV,
βi = 2.4 Hz/mV, Te = 0mV, Ti = 0.8mV and αe = α i = 2.5. The membrane potential
V is measured relative to the resting potential of the cell.
The simple model used in chapters 5 and 6 uses the same equations as the map

model (see eq. A.14) but models only one excitatory and one inhibitory unit or –
equivalently – a perfectly homogeneous population of cells without differing orien-
tation preferences.
In chapters 5 and 6, the recurrent connection parameters were set in order to

yield contrast saturation of the excitatory population at full contrast, and constant
firing rates of m̂e = 40Hz and m̂ i = 80Hz across different parameter combinations.
These two constraints, together with a fixed maximal center input Îc (determining
the amount of overall amplification/suppression r contributed by the network) and
the strength of recurrent self-inhibition S ii uniquely determine the values of Sei, Sie,
and See:

Sei =
1+ S iisi

δcsi
(A.17)

See = 1/m̂e
(
− Îc + Seim̂ i + f−1e (m̂e)

) (A.18)
Sie = 1/m̂e

(
−δc Îc + S iim̂ i + f−1i (m̂ i)

)
, (A.19)

where f−1j , with j ∈ {e, i}, is the inverse of the excitatory, respectively inhibitory
firing rate function:

f−1j (m̂ j) =

(
m̂ j − RSAj

βj

)1/αj
+ T j, (A.20)

and si is the slope of the inhibitory transfer function at the fix point:

si = α i βi
(
f−1i (m̂ i)− T i

)α i−1 . (A.21)

Note that these equations might yield negative values for Sei, S ie, and See, signifying
that no self-consistent solution exists.
As mentioned above, the simple model corresponds to a map of homogeneous

units. For a “real” map model with different preferred orientations of cells, using
the calculated values for the simple model does not yield the correct results. To get
comparable results in the map model we therefore apply a correction to the recurrent
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parameters. If the recurrent connectivity profile yields the same pattern of recurrent
input in orientation space as the afferent input, the strength of the recurrent connec-
tions do not influence the shape of the population activity but only the amplitude
of response (Persi et al., 2011). Assuming that the sharpening of the afferent in-
put is mainly due to the power-law transfer function (Finn et al., 2007; Persi et al.,
2011) we can therefore describe the expected population activity profile by ignoring
any recurrent connections, yielding a profile that can be approximated as a Gaussian
with standard deviation σpop = σaff/√αe (note that in our case αe = α i, therefore this
description is valid for both excitatory and inhibitory cells). We then increase the
recurrent synaptic strengths so that cells with the median local homogeneity value
in the map (HI = 0.87), i. e. cells in orientation domains, get the same recurrent
input for a presentation of their preferred orientation as cells in the simple network.
For our chosen value for σaff = 27.5° this yields a correction factor of 1.2668 for the
excitatory synaptic strengths and of 1.3058 for the inhibitory strengths. As shown
in Figure 5.4A, this yields map responses for orientation domain cells that are very
similar to the responses in the simple model.
For the simulations shown in chapter C, instead of applying the above correction to

all cells, each cell was corrected individually to receive the same amount of recurrent
input. This yields values ranging from 1.1864 in orientation domains to 3.4453 close
to pinwheel centers.
The firing rate equations were numerically integrated over a period of 500ms from

initialization, using an explicit Runge-Kutta (4, 5) method (implemented by the func-
tion ode45; Matlab; Mathworks, Natick, MA).

A.3. The Hodgkin-Huxley model

The network consists of a two-dimensional layer of excitatory and inhibitory neu-
rons receiving orientation tuned feed-forward input. 2500 excitatory neurons are
arranged in a 50 × 50 grid, while the 833 inhibitory neurons are placed at random
grid locations (see Figure 3.2). The model thus contains 75% excitatory and 25%
inhibitory cells. While some experimental evidence (Beaulieu et al., 1992) points to
a lower fraction of inhibitory neurons (20%), we have chosen this figure to ensure a
smooth covering of the orientation map. All model cells receive input via afferent,
recurrent and background synaptic currents. Orientation tuning is again determined
according to the calibrated artificial map shown in Figure 3.2.
For each model neuron, the dynamics of the membrane potential Vm is described
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by

Cm
dVm
dt = −gL (Vm − EL)−

∑
int

I int − I syn − Ibg, (A.22)

where I syn, I int, and Ibg denote the voltage-dependent synaptic, intrinsic and back-
ground currents, gL and EL denote the leak conductance and its reversal potential,
Cm denotes the membrane capacitance, and t the time (for parameters see Table A.1).

Table A.1. Parameters for the Hodgkin-Huxley neuron model.
Parameter Description Value
Cell properties
Cm Membrane capacity 0.35 nF
geL Leak conductance of excitatory cells 15.7 nS
g iL Leak conductance of inhibitory cells 31.4 nS
EL Leak reversal potential −80mV
Background activity
ge0bg Mean excitatory background conductance 0.56 · gL
g i0bg Mean inhibitory background conductance 1.84 · gL
τ e
bg Excitatory time constant 2.7ms
τ i
bg Inhibitory time constant 10.5ms
σ e
bg Standard deviation of excitatory conductance 0.01 · gL

σ i
bg Standard deviation of inhibitory conductance 0.01 · gL

Ee
bg Reversal potential of excitatory conductance −5mV

E i
bg Reversal potential of inhibitory conductance −70mV

Each current I int is described by an expression

I int (t) = ḡmM (t) hN (t) (Vm (t)− E) , (A.23)

where ḡ is the peak conductance, E is the reversal potential, m(t) and h(t) are the
activation and inactivation variables, and M, N are natural numbers. We included
three voltage dependent currents: a fast Na+ current and a delayed-rectifier K+ cur-
rent for the generation of action potentials, and a slow non-inactivating K+ current
responsible for spike frequency adaptation. For parameters and the functional forms
of the activating and inactivating variables, see Destexhe and Paré (1999). The peak
conductance of the non-inactivating K+-current is multiplied by the factor 0.1 for
inhibitory neurons, in order to reduce their spike-frequency adaptation compared to
the excitatory neurons.
The synaptic background current Ibg is determined, independently for each cell,
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from one excitatory and one inhibitory background conductance,

Ibg = gebg
(
Vm(t)− Ee

bg
)
− g ibg

(
Vm(t)− E i

bg
)
, (A.24)

which follow an Ornstein-Uhlenbeck process (Destexhe et al., 2001). gbg is given by

gbg(t + Δt) = g0bg + [gbg(t)− g0bg] exp(−Δt/τbg) +
√
1− exp (−2Δt/τbg)N(0, σbg),

(A.25)
where g0bg is the average conductance, τbg is the background synaptic time constant,
and N(0, σbg) is a normally distributed random number with zero mean and stan-
dard deviation σbg. For the parameter values used in all simulations except for the
tests with increased intrinsic noise (section 3.3.4), see Table A.1. For the increased
intrinsic noise, σ e

bg and σ i
bg were set to 0.5 · gL.

The synaptic current for neurons of the population j ∈ {e, i} is composed of the
input received from Naff = 20 afferent excitatory, Ne = 100 recurrent excitatory and
Ni = 50 recurrent inhibitory neurons. The currents are given by

Ijsyn(t) =
[

gaffj
Naff

gaff(t)︸ ︷︷ ︸
afferent excitatory

+
g j e
Ne

(
α ge1(t) + (1− α)ge2(t)

)
︸ ︷︷ ︸

recurrent excitatory

]
(Vm − Ee)

+
g j i
N i

gi(t)(Vm − Ei)︸ ︷︷ ︸
recurrent inhibitory

, (A.26)

where g(t) are the time-dependent conductances, Ee and E i are the synaptic reversal
potentials, α = 0.7 determines the number of fast (70%) versus slow (30%) recep-
tors of recurrent excitatory synapses, and ḡ are scale factors (peak conductances; for
values see Table A.2).
Three different kinds of synapses are included: γ-aminobutyric acidA (GABAA)-like

inhibitory, fast α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA)-like
excitatory, and slow N-methyl D-aspartate (NMDA)-like excitatory synapses. Fast ex-
citatory (gaff and ge1) and inhibitory synaptic (g i) conductances arising from a single
synaptic event are modeled as an exponential postsynaptic conductance, multiple
events are added linearly. The synaptic conductance in response to spikes at time tkj
is thus given by

g j (t) =
1
τj

∑
tk<t
exp (−(tk−t)/τj) , (A.27)
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Table A.2. Parameters for connectivity patterns and synaptic properties.
Parameter Description Value
Connectivity
Ne Excitatory synaptic connections per cell 100
Ni Inhibitory synaptic connections per cell 50
σ e = σ i Spread of recurrent connections (std. dev.) 4 pixels

(125 µm)
Synaptic properties
Ee Reversal potential excitatory synapses 0mV
Ei Reversal potential inhibitory synapses −80mV
τe Time constant of AMPA-like synapses 5ms
τi Time constant of GABAA-like synapses 5ms
τ1 Time constant of NMDA-like synapses 80ms
τ2 Time constant of NMDA-like synapses 2ms
µdelaye Mean excitatory synaptic delay 4ms
σdelaye Standard deviation of excitatory synaptic delays 2ms
µdelayi Mean inhibitory synaptic delay 1.25ms
σdelayi Standard deviation of inhibitory synaptic delays 1ms
Afferent synaptic strengths
g affe Afferent peak conductance to excitatory cells 45 · gEL
g affi Afferent peak conductance to inhibitory cells 0.73 · g affe
Recurrent synaptic strengths
g ii Peak conductance from inh. to inh. cells 1.33 · g affe
gei Peak conductance from inh. to exc. cells 1.33 · g affe

where τj with j ∈ {e, i} is the synaptic time-constant. Synaptic events occurring at
the slow NMDA-like synapses are modeled by a difference of two exponentials with
multiple events again adding linearly:

ge2(t) =
1

τ1 − τ2

∑
tk<t

(exp(−(tk−t)/τ1)− exp(−(tk−t)/τ2)) , (A.28)

where τ1 and τ2 are time constants and tk denotes the time of an incoming spike. Both
types of conductances are normalized so that for a single incoming spike, the integral
over time is 1. Parameters are summarized in Table A.2. Recurrent connections to a
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given neuron were drawn randomly from the Gaussian probability distribution:

P j(x) =
{ 0 for x = 0 (no self-connections)
1/√2πσ j exp

(
−x2/2σ2j

) otherwise, (A.29)

where x is the distance to the presynaptic neuron (in pixels) and σ e = σ i = 4
(in pixels), corresponding to 125 µm. As in the firing rate network model, periodic
boundary conditions were used. If a presynaptic neuron generated a spike, this spike
was transferred to the postsynaptic neuron with a certain delay. This delay was
determined for every cell (i. e. the delay to all postsynaptic targets was identical)
by drawing a random number from a normal distribution with mean µdelaye (µdelayi )
and standard deviation σdelaye (σdelayi ) for the excitatory (inhibitory) population (see
Table A.2). Delays smaller than a single integration step dt were set to dt.
The afferent input neurons were not modeled explicitly, but represented by Pois-

son spike trains generated from an afferent firing rate f aff. In simulations with a
time-invariant input, for every network parameterization, the stimuli θstim ∈ {−90°,
−67.5°, −45°, −22.5°, 0°, 22.5°, 45°, 67.5°} were presented to the network. The
afferent firing rate is then given by

f aff(t, θstim, c) = 30Hz · log(c+ 1)log(101) · (raff(θstim) + rbase) , (A.30)

raff(θstim) = (1− rbase) · exp
(
−(θstim − θ)2

(2σaff)2
)
, (A.31)

where θ is the preferred orientation chosen according to the neuron’s location in the
artificial orientation map (Figure 3.2), c is the stimulus contrast in % (100% for all
simulations except the ones presented in section 3.3.4), σaff = 27.5° is the orientation
tuning width, and rbase = 0.1 is a baseline response. The afferent firing rate for the
“blank” stimulus (used in the reverse correlation paradigm; see below) is just the
baseline response, i. e. raff (“blank”) = 0.
The tuning width of the afferent input mainly affects the overall tuning regardless

of map location, thus leading to a shift of the OSI–OSI relationships to lower values
(i. e. less tuning) for broader input tuning (Figure A.2). The shape and location of
the posterior remains the same, nevertheless the maximum value is reduced for other
tuning widths we tried: An afferent tuning width of 75%, 125%, and 150% of the
27.5° used in all other simulations leads to a maximum posterior of 0.35, 0.11, and
0.004 respectively – compared to a value of 0.44 for the original input width.
All simulations were performed in Matlab (Mathworks, Natick, MA) with a fixed

time step of dt= 0.25ms, employing an integration scheme that alternately updates
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Figure A.2. Influence of afferent tuning width.
OSI for V m , f , g e , and g i as a function of the location in the orientation map (quantified by the map
OSI) for the “most likely” operating regime (REC in Figure 3.5). The lines correspond to networks with
an afferent input tuning width of 20.625° (blue; 75% of the standard value), 27.5° (black; the standard
value used in all other simulations), 34.375° (green; 125% of the standard value), and 41.25° (red;
150% of the standard value) respectively.

the membrane potential and the gating variables. Such a scheme is accurate to second
order in dt (Mascagni and Sherman, 1998). The network was simulated for 1.5 s, and
the mean conductances (g e and g i), the meanmembrane potential (Vm) and the firing
rate ( f ) were then calculated for every cell from the last 1 s. For calculating the mean
membrane potential, the values from 4ms before until 7ms after every spike were
first removed. From the resulting values we then calculated the mean value and
subtracted the resting potential of the cell (Vm = −64.5mV) in order to calculate
the OSI. The total excitatory conductance g e is the sum of the afferent conductance,
the recurrent excitatory conductance of the slow and the fast excitatory synapses, and
the excitatory background conductance. The total inhibitory conductance g i is the
sum of the recurrent inhibitory conductance, the conductance of the non-inactivating
K+ current, and the inhibitory background conductance.
For simulations under the reverse correlation paradigm, the stimulus orientation

θstim varies with time and is one of 16 orientations equidistantly spaced between
−90° and 88.75°, or a “blank” stimulus. The afferent firing rate is given by

f aff(t, θstim) =
[
30Hz

(∫ t

0
raff
(
θstim(t′)

)
· h(t− t′)dt′ + rbase

)]+
, (A.32)

where θstim(t) is the orientation of the stimulus presented at time t and h is the
temporal response envelope. The afferent firing rate for the “blank” stimulus (used
in the reverse correlation paradigm; see below) is just the baseline response, i. e. raff
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Figure A.3. Temporal kernels used for modeling the input in the reverse correlation simulations.
The graphs show the temporal kernels used in the reverse correlation experiments for a stimulus with
the cell’s preferred orientation. For parameters see Table A.3; kernels h1 (solid line) and h2 (dashed
line) where each used with probability 0.2, kernels h3 (dotted line) and h4 (dash-dotted line) where
each used with probability 0.3.

(“blank”) = 0. For each cell, h is chosen randomly with probability 0.3, 0.3, 0.2 and
0.2 as one of four temporal kernels hp, p= 1…4 (Figure A.3), in order to account for
the variability observed in the temporal responses of LGN cells and V1 simple cells in
cat (Alonso et al., 2001; Wolfe and Palmer, 1998). The four kernels have a temporal
profile

h(t) =
{ Γ(s)−1(τaff)−st s−1 exp (−1/t) cos(2π · fω t+Φ) t ≥ 0,

0 t < 0, (A.33)

which closely resembles the profiles found in V1 simple cells (Chen et al., 2001b).
Γ(s) denotes the gamma function; parameters are summarized in Table A.3. Each
kernel was scaled such that, if the neurons were driven by afferent input of that
kernel alone, this neuron would fire at 6 Hz for the preferred orientation stimulus.

Table A.3. Parameters for the temporal input kernels.
Parameter Description h1 h2 h3 h4
τaff Time constant 16ms 16ms 16ms 30ms
s Skewness of the gamma

distribution
2 2 2 1

fω Frequency 7.2Hz 7.2Hz 7.2Hz 5Hz
Φ Phase shift 0.1 −0.15 0.4 −0.5
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The network was then simulated for 100 s; the input orientation was randomly
chosen as one of 16 orientations or a “blank” stimulus every 20ms. The spike output
of the excitatory cells was then analyzed using the reverse-correlation technique (see
section 4.2.1 and Ringach et al., 1997a; Schummers et al., 2007).
A network model is termed “unstable” if – for the combination of values for gee

and g ie – model neurons showed strong responses (firing rate across cells of more
than 100Hz) and remain at these high firing rates if the afferent input is turned off;
i. e. the network shows self-sustained activity. In such a network, all cells display
untuned firing (the OSI of the firing rate is < 0.3 for all cells) and the normalized
posteriors were not evaluated for this combination of model parameters.
To ensure that results obtained with the 50× 50 network also scale to larger net-

works, simulations for the five representative points (see Figure 3.5) were repeated
in a 128×128 neuron network. For these points, the behavior in the smaller network
was compatible to that in the large network, with the slopes of the OSI–OSI fits chang-
ing by less than 0.5 degree. For the purpose of the full exploration, the network had
nevertheless to be limited to a size of 50× 50 neurons, so that all simulations could
be run in a timely fashion (each being more than 10 times faster than in a 128× 128
neuron network).





B. Methods

B.1. Quantifications of orientation selectivity
B.1.1. Orientation selectivity index

Orientation tuning was analyzed using the orientation selectivity index (OSI; Swin-
dale, 1998), which is given by

OSI =
√
(
∑N

i=1 R(φi) cos(2φi))
2
+(

∑N
i=1 R(φi) sin(2φi))

2
/
∑N

i=1 R(φi) (B.1)

R(φi) is the value of the quantity whose tuning is to be analyzed (e. g. the spiking
activity) in response to a grating stimulus of orientation Θi. For all measurements,
the stimulus orientations Θi, i = 1 . . .N, are uniformly distributed over 0°–180°.
Then the OSI is a measure of tuning sharpness ranging from 0 (unselective) to 1 (per-
fectly selective). Other studies report the circular variance instead of the OSI, the two
measures are directly related: OSI = 1−circular variance.
The OSI was also used to characterize the sharpness of the recurrent input a cell

receives based on the orientation preference map (cf. Figure 3.1A; Figure 3.2). To
calculate this map OSI, we estimate the local orientation preference distribution by
binning the orientation preference of all pixels within a radius of 250 µm around a
cell into bins of 10° size; the number of cells in each bin replaced the quantity R(φi).

B.1.2. Local Homogeneity index
Recently, the local homogeneity index (HI) has been used as an alternative to the map
OSI for describing the local distribution of orientation preferences (Nauhaus et al.,
2009). The HI is defined as:

HI (~x) = 1
2πσ2

∣∣∣∣∫ exp(−||~x − ~y||2
2σ2

)
exp(i2Θ~y)

∣∣∣∣ , (B.2)

where ~x and ~y are positions of neurons in the artificial orientation map, σ = 125 µm
is the range of synaptic interactions (Mariño et al., 2005), and Θ~y is the preferred
orientation of the neuron at the position ~y.
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The HI is directly related to themap OSI: Whereas themap OSI calculates the OSI over
the histogram of all orientation preferences within a radius of 2σ , the HI calculates an
OSI over a histogram of orientation preferences that is weighted by radial distance,
using a Gaussian function with standard deviation σ . Both measures give the same
values for perfectly homogeneous (map OSI = HI = 1) and perfectly heterogeneous
(map OSI= HI= 0) locations of the map.

B.2. Bayesian posterior analysis

For the experimental data (Figure 3.1B), the relationship between the OSI of the tun-
ing for any of the quantities g e , g i , Vm , or f and the map OSI is fitted by a linear
regression line with slope sldata and intercept icdata. For the analysis of our model
results, we therefore accordingly assumed a linear relationship and described it with
the two free parameters sl (slope) and ic (intercept): OSItuning = sl · OSIinput + ic.
For every set of model parameters, we then calculate the likelihood of the specific
tuning of the n = 18 experimental data points given the model’s slope and intercept
under the assumption of Gaussian additive noise:

p({OSIαtuning|OSIαinput}α=1,...,n; sl, i c) =
1√2πσdata

n∏
α=1
exp
(
−
(OSIαtuning − sl · OSIαinput − i c)2

2σ2data

)
(B.3)

The standard deviation of the noise was set to the standard deviation of the experi-
mental data around the linear regression lines for the different quantities g e , g i , Vm ,
and f (σ = 0.106, 0.097, 0.115, and 0.126, respectively; cf. Figure 3.1B). The pos-
terior distribution of sl and ic is then calculated according to Bayes’ rule, yielding the
Bayesian posterior BP:

BP(sl, ic) = p(sl, ic|OSItuning,OSIinput) ∝ p(OSItuning|OSIinput; sl, ic) · p(sl, ic) (B.4)

In the following we assume a non-informative (flat) prior p(sl, ic) = const. The
Bayesian posterior BP(sl) for different slopes sl irrespective of the intercept is obtained
by marginalizing the Bayesian posterior over all intercepts ic:

BP(sl) =
∫ ∞

−∞
BP(sl, ic)d(ic) (B.5)
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Figure B.1. Example for OSI/OSI dependencies.
Tuning of V m , f , g i , and g e for a sample parameterization (point REC in Figure 3.5) of the Hodgkin-
Huxley network. Every cell is represented by a dot; the lines denote the linear least-squares fit.
The mean squared error of the linear fit is 0.0007 (V m), 0.0011 ( f ), 0.0005 (g e), and 0.0004 (g i ),
respectively.

The posterior is then normalized to its maximum, i. e. to its value for sl = sldata,
yielding the normalized Bayesian posterior:

NBP(sl) = BP(sl)/BP(sldata) (B.6)

Most of our analysis is restricted to NBP(sl), because our main interest is the variation
of the tuning properties with the map location (captured by the slope of the regres-
sion line) and not factors affecting the absolute tuning (captured by the intercept of
the regression line), which would, for example, be affected by shifts in the baseline
response. By multiplying the individual normalized Bayesian posteriors for Vm , g e ,
g i , and f , we can combine the evidence from all measurements.

In order to find this combined Bayesian posteriors of the OSI values of Vm , g e , g i ,
and f for the populations of pinwheel and orientation domain cells (cf. Figure 3.6C),
we first calculated the average model prediction for the OSI of Vm , g e , g i , and f
by pooling only cells in pinwheel areas (map OSI < 0.3) or orientation domains
(0.6 < map OSI < 0.9); larger values were not selected as these extreme local map
OSIs occur in the corners of the orientation map and are thus not available for all
orientations. We then repeated the analysis for the experimental data and assessed
the likelihood of the experimental data points under the assumption of Gaussian
additive noise in each group, where the standard deviation was again estimated from
the measured data. The normalized Bayesian posterior was then calculated as above
by assuming again a non-informative (flat) prior.
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B.2.1. Applicability of Linear Regression
For our analysis, we assumed a linear dependence of the tuning properties on the
map OSI. The simulated dependencies as well as the experimental data were well fit
by such a straight line (cf. Figure B.1; Figure 3.1B). In the Hodgkin-Huxley model,
the mean squared deviation around the regression line was typically below 0.0025
and never above a value of 0.015 for all firing rate ( f ) tuning dependencies. Similar
values were obtained for the other tuning properties (Vm , g e , and g i). This is com-
parable to or less than in the experimental data, where the mean squared deviation
around the regression line was between 0.009 (g i) and 0.0149 ( f ). For the firing rate
network the values are even lower, here the maximum is 0.005.



C. Contrast saturation and cross-orientation
suppression – supplementary figures
The following figures provide additional information for chapter 5. Figure C.1 shows
parameters for the fits of the contrast response functions shown in Figure 5.3. Fig-
ure C.2, Figure C.3, and Figure C.4 present simulation results for a network with
increased synaptic strengths close to pinwheel centers, see A.2.2 for details.
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Figure C.1. Parameters of a hyperbolic ratio fit to contrast response curves in the simple model.
Parameters of a fitted hyperbolic ratio function to the contrast responses shown in Figure 5.3. The
fitted function is given by r = rmax cn

cn50+cn + b, where r is the response of the neuron, c is the contrast of
the stimulus, c50 is the semi-saturation constant and n is an exponent. The semi-saturation contrast (A)
and the exponent (B) are plotted against the value of S ii for three values of r. Gray lines correspond to
the contrast response of inhibitory, black lines to the response of excitatory cells.
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Figure C.2. Examples of orientation tuning and contrast responses in orientation domains and
pinwheel centers – increased recurrent connection strengths near pinwheels.
Same simulations as in Figure 5.4 but with increased recurrent connections strengths near pinwheels.
(A) Population activity of excitatory cells in orientation domains (top, black) and cells close to pinwheel
centers (bottom, gray) as a function of the preferred orientation of the cells, for a full-contrast stimulus
of 0°. Dots denote the responses of individual cells (only about a 100 orientation domain cells are plotted
to avoid excessive overplotting), black/gray lines show the best fitting Gaussian. The lines in red show
the predicted activity profile from the processing of the afferent input by the transfer function (see
text for details). Tuning curves are shown for suppressing (r = 0.5) and amplifying (r = 2) parameter
regimes with varying amounts of center input to the inhibitory population (δc). (B) Contrast response
curves for excitatory cells in orientation domains (black) and cells close to pinwheel centers (gray) for
the same networks as in (A). The red line shows the contrast response curve of the excitatory population
in the simple two-population model for corresponding parameters (see text for details). For the third
plot (r = 2.0, δc = 0.7) the simple model does not yield stable responses.
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Figure C.3. Dependence of network response and orientation tuning on network parameters –
increased recurrent connection strengths near pinwheels.
Same simulations as in Figure 5.5 but with increased recurrent connections strengths near pinwheels.
(A) Amplitude of the population activity above the spontaneous response (estimated by fitting a Gaus-
sian to the population activity, see Figure 5.4A) for cells in orientation domains (left) and cells close
to pinwheel centers (right). Activity is shown by both the gray value (see colorbar on the right) and
the contour lines as a function of the overall amplification/suppression provided by the network (r)
and the relative amount of center input to the inhibitory population (δc). (B) Tuning width of the
population activity (estimated by fitting a Gaussian to the population activity, see Figure 5.4A) for
cells in orientation domains (left) and cells close to pinwheel centers (right). Tuning width in degrees
(standard deviation of the Gaussian) is shown by both the gray value (see colorbar on the right) and
the contour lines as a function of the overall amplification/suppression provided by the network (r) and
the relative amount of center input to the inhibitory population (δc).
Self-inhibition is set to S ii = 0.04, all other connection strengths are set to yield constant firing rates
and contrast saturation at full contrast (see Figure 5.2). The figures summarize results for 17 × 21
values of r and δc.
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Figure C.4. Cross-orientation suppression in the map network model – increased recurrent con-
nection strengths near pinwheels.
Same simulations as in Figure 5.6 but with increased recurrent connections strengths near pinwheels.
Cross-orientation suppression quantified by the response to a plaid stimulus consisting of two orthogo-
nal stimuli relative to the response to a single grating of preferred orientation. All stimuli are presented
at 36% contrast. Relative responses are coded by the color (see colorbar on the right) and by the contour
lines for cells in orientation domains (left) and cells close to pinwheel centers (right). Values< 1 denote
suppression, values > 1 denote facilitation. The normalized response is shown as a function of δc (the
relative afferent input to the inhibitory population) and r (the overall amplification/suppression by the
local network at full contrast). The self-inhibition is set to S ii = 0.04, all other connection strengths are
set to yield constant firing rates and contrast saturation at full contrast (see Figure 5.2). For parameter
combinations shown in gray, the network became unstable.
The figures summarize results for 17× 21 values of r and δc.
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