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Zusammenfassung

Experimente an Zellen aus dem visuellen Kortex offenbarten ein stark fluktuierendes
Membranpotential, das im Mittelwert deutlich erhöht war. Eine hohe Variabilität
des Membranpotentials hat erhebliche Auswirkungen auf die Art und Weise, wie In-
formationen in Neuronen verarbeitet werden. Zum einen tragen die starken Fluk-
tuationen zu einer schnellen Übertragung von Signalen bei oder erlauben überhaupt
erst die Übertragung von schwachen Signalen. Zum anderen induzieren sie eine hohe
Variabilität in der Antwort eines Neurons, was den Informationsgehalt einzelner Ak-
tionspotentiale stark mindern kann. Eine zentrale Frage ist daher, wie die Verar-
beitung von Signalen von der Dynamik des Membranpotentials beeinflusst wird. In
dieser Dissertation werden die folgenden Aspekte untersucht:

In einer aktuellen Untersuchung fand man heraus, dass die Stärke der Fluktua-
tionen des Membranpotentials im γ-Frequenzbereich (25-70 Hz) mit der langsamen,
vom Eingangssignal induzierten Änderung des Membranpotentials gekoppelt ist. Mit
Hilfe eines detaillierten Neuronenmodells, welches sorgfältig an experimentelle Daten
angepasst wurde, wird in der vorliegenden Arbeit gezeigt, dass sich diese Kopplung
positiv auf die Kodierungseigenschaft des Neurons auswirkt. Eine weiterführende
Analyse ergab sogar, dass eine Änderung der Amplitude der Fluktuationen im γ-
Bereich einen größeren Einfluss auf die Güte der Kodierung hat, als eine vergleichbare
Änderung in der Stimulusamplitude. Dies bedeutet, dass die Modulation der Stärke
der γ-Fluktuationen ein effizienter Mechanismus ist, um die Kodierung visueller Sig-
nale zu verbessern.

Des Weiteren wird untersucht, wie die Fluktuationen des Membranpotentials die
Verarbeitung von schwachen Signalen beeinflussen. Aus Studien an Tieren ist bekannt,
dass ein stark fluktuierendes Membranpotential meist mit einer Erhöhung des Leitwerts
einhergeht, was zu einer Reduzierung der zeitlichen Korrelation führt. Es stellt sich
somit die Frage, inwieweit die Güte der Detektion von synchroner Aktivität von der
zeitlichen Korrelation des Membranpotentials abhängt. Die hier durchgeführte sys-
tematische Untersuchung ergab, dass für viele Kombinationen von Mittelwert und
Standardabweichung des Membranpotentials eine Reduzierung der zeitlichen Korrela-
tion zu einer besseren Detektion führt.

Ein weiterer Aspekt, der in dieser Arbeit behandelt wird, befasst sich mit den Kosten
der Informationsübertragung. Die Erzeugung von Aktionspontentialen ist energetisch
sehr aufwändig und es ist sehr wahrscheinlich, dass im Gehirn Strategien angewandt
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werden, die die Kosten der Übertragung verringern. Interessanterweise konnte gezeigt
werden, dass eine optimale Informationsübertragung bei Berücksichtigung der Kosten
schwache Signale und ein fluktuierendes Membranpotential voraussetzt. Die gemessene
Variabilität in der Antwort von Neuronen könnte somit eine Signatur effizienter Infor-
mationsverarbeitung sein.

Eine weitere Konsequenz der hohen Irregularität neuronaler Antworten ist, dass In-
formation vermutlich von Gruppen von Neuronen verarbeitet wird. Um festzustellen,
wie viel Information durch so ein Ensemble repräsentiert wird, eignet sich z.B. das
Summieren der Einzelaktivitäten als Auslesemechanismus. Wenn man nun aber die
Information einer solchen aufsummierten Antwort bestimmen möchte, dann zeigt sich,
dass lineare Methoden für Signale, die einen starken niederfrequenten Anteil haben,
den Informationsgehalt zu niedrig schätzen. Da solche Signale oft bei Experimenten
eingesetzt werden, sollten daher nicht-lineare Methoden, wie z.B. Neuronale Netz-
werke, für die Bestimmung des Informationsgehaltes bevorzugt werden.
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Summary

Visual stimulation often leads in neurons of the visual cortex to a strongly fluctuating
membrane potential, which on average is close to the threshold (Pare et al., 1998;
Anderson et al., 2000). The consequences of such a fluctuating membrane potential
for the processing of weak input signals in cortical neurons are not well understood
yet. In this thesis we, therefore, investigate how the encoding of visual signals depends
on the statistical properties of the membrane potential fluctuations.

Recently, it has been shown that increased amplitudes of membrane potential fluc-
tuations in the γ-frequency range (25− 70 Hz) are coupled to the depolarizing peaks
of the stimulus-induced, low frequency changes of the membrane potential (Volgushev
et al., 2003), and they suggested that this coupling may improve stimulus encoding.
Using a single compartment conductance-based neuron model we show that modula-
tion of the γ-range membrane potential fluctuations in phase with the slow membrane
depolarization greatly improves stimulus encoding. Moreover, we find that the alter-
ation of modulated γ-activity within the range typically observed in visual cells, leads
to a variation in stimulus encoding, which was stronger than corresponding changes of
the amplitude of the low frequency signal. Thus, the modulation of the γ-activity is an
efficient mechanism to improve the encoding precision of the temporal characteristics
of visual signals.

We also investigate the processing of sub-threshold signals in the high noise regime.
We show that besides the mean and the standard deviation of the membrane potential,
its temporal correlation is an important factor that modulates the detection of syn-
chronous activity. Using a neural population we show that for most combinations of
mean and standard deviation of the membrane potential detection performance could
be improved by a faster changing membrane potential. Furthermore, we investigate
metabolic aspects of information processing. We show that optimal information trans-
mission favors sub-threshold input distributions, if quality of information transmission
is traded against its metabolic costs, which indicates that information is likely to be
coded using low firing rates and populations of cells.

Finally, we compare a linear with a nonlinear decoder (e.g. neural network) with
respect to how well they estimate the information rate from pooled population re-
sponses. We find that the feed-forward neural network outperforms the linear decoder
substantially, if membrane potential fluctuations are weak and if input stimuli have
a strong low frequency components. Because experimentally used stimuli often have
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strong low frequency components, our results suggest the use of a nonlinear decoder
for the precise quantification of the transmitted information.
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1. Introduction

The nervous system of all higher animals consists of an enormous number of neurons,
which are highly connected to each other via synapses. According to Abeles (1991),
each cortical neuron receives about 40 000 synapses, where half of the synapses orig-
inate from local neurons and the other half from neurons of other brain regions. On
top of this high complexity, the signal processing of neurons is highly nonlinear. One
example of this is the generation of an action potential. Input signals, not strong
enough to drive the membrane potential above a threshold value evoke no response.
Slightly stronger signals, however, may generate a train of action potentials of high
frequency. It is the combination of this high complexity and the nonlinearity of the
brain, which makes the investigation of neural dynamics difficult but challenging. In
this thesis we present original research, which may contribute to the understanding of
nonlinear dynamics of neural information processing.

An apparent signature of cortical neurons is the high variability of their spiking
activity (Softky and Koch, 1993; Stevens and Zador, 1998; Shadlen and Newsome,
1998). It is widely accepted that the irregularity in the neural response arises from
strong fluctuations of the membrane potential. Figure 1.1 shows an example trace of
the intracellular recorded membrane potential of a cell from cat visual cortex during
the presentation of a stimulus. Apart from the strong stimulus driven modulation of
the membrane potential, the recording also shows a high variability of the membrane
potential around its average value. Recent experimental findings have demonstrated
that cells from cat visual cortex show a strongly fluctuating membrane potential even in
the absence of a stimulus due to high background activity (Paré et al., 1998; Destexhe
and Paré, 1999).

The membrane potential fluctuations arise mainly from synaptic events. Given the
high number of synapses a neuron receives and the high spontaneous firing rates of
cortical cells (Steriade et al., 2001), the number of impinging synaptic events during
an interval in the order of the neurons membrane time constant is enormous. Due
to the high irregularity in the neural response, however, the presynaptic activity may
change on a short time scale leading to a strongly fluctuating membrane potential.
Another source, contributing to the membrane potential variability, arises from the
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Figure 1.1.: Membrane potential trace of a cell from cat visual cortex during the presen-
tation of a moving grating. The data was generously provided by Dr. Maxim
Volgushev.

further processing of the visual signal. It is well known that the generation of a
postsynaptic potential is itself a random process (Koch, 1998). An incoming spike
does not necessarily lead to a postsynaptic potential, and the release probability at
an individual synapse can be highly variable. Besides the synaptic input variability
and the probabilistic nature of synaptic transmission, another well recognized source
of variability in cortical cells arises from the stochastically opening and closing of
the different ion channels (White et al. 2000; Diba et al., 2004). However, it was
pointed out that the above mentioned noise sources are not sufficient to explain the
high variability of the membrane potential observed in vivo (Destexhe and Paré, 1999;
Harsch and Robinson, 2000). Natural levels of membrane potential variability could
only be achieved if there is substantial synchrony in the synaptic input (Stevens and
Zador, 1998). Taken together, visual stimulation evokes correlated presynaptic activity
leading to a strongly fluctuating membrane potential, which determines the precision
of the encoding of the visual signal.

It is often assumed that the primary function of a neuron is the processing of exter-
nal events. Cortical cells, however, are also subject to a considerable amount of on-
going synaptic activity, which can also change remarkably during periods of sustained
attention (Steinmetz et al., 2000). The level of synaptic (background) activity can
dramatically alter the response behavior of a neuron (Destexhe and Paré, 1999). For
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1. Introduction

instance, the conductance increase due to a higher level of background activity leads
to smaller membrane potential fluctuations because of shunting on the one hand, and
to a faster changing membrane potential due to a reduction of the membrane time
constant on the other (Kuhn et al., 2004). Hence, the statistical properties of the
membrane potential fluctuations depend on the actual level of background activity.

To what extent the fluctuations of the membrane potential might be considered un-
wanted noise, which may reduce the information processing capabilities of a neuron,
or play an important role in neural information processing, remains an open question.
Since cortical cells respond irregularly and with low firing rates, information is likely
coded using populations of cell (Pouget et al., 2000; Averbeck and Lee, 2004). Repre-
senting a signal by a population has the advantage that a large part of the variability
seen in the cortex could be averaged away as long as the responses of the neurons are
only weakly correlated (Zohary et al., 1994). For example, Panzeri et al. (2003) have
shown that pooling the responses of neurons in the rat barrel cortex is an efficient
strategy for decoding stimulus location. On the other hand it was pointed out that
neurons within a population may receive a large part of common synaptic input, which
likely limits the fidelity of the stimulus representation because of synchronous firing
(Shadlen and Newsome, 1998; Mazurek and Shadlen, 2002). However, using a popula-
tion of 100 neurons sharing a large fraction of common input, Shadlen and Newsome
(1998) have shown that such an ensemble of neurons is able to represent a stimulus by
their time-dependent firing rates well. Such an encoding strategy is commonly referred
to as a population rate code.

An opposite view on information encoding regards the irregularity of spike trains as
a signature of a highly sophisticated code, where the exact timing of a spike conveys
important information. For instance, it has been shown in the somatosensory cortex
that the relative timing of the first spike provides information about the direction of
fingertip force (Johansson and Birznieks, 2004), and that in the primary visual cortex
the contrast-related information is encoded in the temporal structure of the neural
response (Reich et al., 2001). Moreover, it has been found that highly synchronized
inputs are able to produce precisely timed action potentials (Mainen and Sejnowsky;
1995, Nowak et al., 1997) since the spike generating mechanism itself is a remarkably
reliable process (Mainen and Sejnowsky; 1995). Given proper synaptic delays, the
precise spike timing might evoke strong excitation in the postsynaptic neuron allowing
for a reliable information transmission to higher brain areas, as for example in a synfire
chain (Abeles, 1991; Diesmann et al., 1999). Indeed, synchronous activity has been
found in many regions of the brain (Lampl et al., 1999; Usrey and Reid, 1999) and it
remains an open question as to what extent neural spiking variability is a signature of
noise or plays an important role in information processing, which we do not understand
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1. Introduction

yet (Stein et al., 2005).

The fundamental principle by which the brain processes information about a stim-
ulus is still unknown. Recent experimental and theoretical studies have shown ways
how noise may facilitate information processing in neural systems. For instance, it
has been shown that noise improves the speed with which a population responds to
transient inputs (Tsodyks and Sejnowsky, 1995; Silberberg et al., 2004), modulates
the responsiveness (gain) of cortical neurons to a driving input current (Chance et al.,
2002; Fellous et al., 2003), or even allows for a transmission of weak (subthreshold)
signals, as for example in a stochastic resonance setting (Bulsara et al., 1991; Dou-
glass et al., 1993; Longtin, 1993; Wiesenfeld and Moss, 1995; Russell et al., 1999).
Although the use of weak signals in a noisy environment seems disadvantageous at
first glance, the transmission of weak signals over many parallel channels may use up
less energy than the use of a few high intensity ones (Laughlin et al., 1998). Since in-
formation processing in the brain is costly in metabolic terms (Attwell and Laughlin,
2001; Lennie 2003), information transmission might be constrained by energy con-
sumption leading to energy efficient codes (Levy and Baxter, 1996; Laughlin et al.,
1998; Balasubramanian et al., 2001; de Polavieja, 2002).

1.1. Research Goals and Outline

A principal goal of neuroscience research is to understand how sensory stimuli are
represented and processed by neural systems. An essential step in determining the in-
formation processing at population level involves the characterization of the functional
role of the strong membrane potential fluctuations observed in vivo. In separating the
membrane potential fluctuations into a stimulus related and a noise component, it is
the general goal of this thesis to study the role of the noise component for the infor-
mation processing capabilities of a single neuron or a neural population. We consider
the following four questions:

• Can the modulation of high frequency components of the membrane potential
in phase with the stimulus improve information processing in cortical cells?

• Is stochastic resonance a useful mechanism for low cost information processing?

• Is a nonlinear decoding method necessary for the precise quantification of the
information rate of neural responses?

• How is the ability of a neural population to detect weak transient inputs influ-
enced by the statistical properties of the membrane potential?
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1. Introduction

The thesis is organized as follows: Chapter 2 reviews fundamental concepts of the-
oretical neuroscience providing the basis for the computational methods and analysis
methods used throughout this thesis. Chapters 3 to 6 present the original research.
Each single chapter is devoted to one of the above stated questions.

The first question is addressed in chapter 3. There we deal with the observation,
that the amplitude of the membrane potential fluctuations in the γ-frequency range
(25− 70 Hz) is correlated with the phase of the stimulus induced slow changes of the
membrane potential. Thus the question arises as to what extend this modulated γ-
activity enables neurons to precisely encode visual information into spike trains. Using
a Hodgkin-Huxley model neuron, which was adapted accurately to the experimental
data, we find that the efficacy of transforming the stimulus induced depolarizations
into trains of action potentials depends greatly on correlation between the amplitude
of the γ-range fluctuations and the stimulus phase. Moreover our analysis shows
that using parameters typical for in vivo intracellular recordings, an alteration of the
strength of the modulated γ-range fluctuations is even more effective in expanding
the range of encoded signals than corresponding changes of the amplitude of the low
frequency signal. The work presented in this chapter is based on Hoch et al. (2006a)
and was conducted in close collaboration with Maxim Volgushev at Ruhr-University
Bochum, who carried out the experimental work.

In chapter 4, we investigate metabolic aspects of noise-aided information processing.
Stochastic resonance is the most prominent scenario, which assigns a functional role
to the otherwise unwanted noise. However, stochastic resonance was often claimed
to play no significant role for neural information processing since the brain is highly
adaptive, and could easily change neural properties to improve information processing
beyond that of a stochastic resonance scenario (Tougaard, 2000). Energy consumption,
on the other hand, has been suggested by many researchers to constrain information
processing (Levy and Baxter, 1996; Laughlin et al., 1998; Balasubramanian et al., 2001;
de Polavieja, 2002). Energy efficient codes favor low firing rates and subthreshold
input distributions (Laughlin et al., 1998), which suggest that stochastic resonance
may be a useful mechanism for low cost information transmission. Using a single
leaky integrate-and-fire neuron we show that the inclusion of the metabolic cost for
information transmission indeed favors subthreshold input distributions and that noise
can improve information transmission. The work presented in this chapter is based on
Hoch et al. (2003) and was done in collaboration with Gregor Wenning.

Chapter 5 presents a computational study of the influence of the statistical prop-
erties of the membrane potential fluctuations on the ability of a neural population to
detect synchronous spiking activity. Synchronous activity has been observed through-
out many regions of the brain (Lampl et al., 1999; Usrey and Reid, 1999). However,
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1. Introduction

the discrimination of the responses of a neural population to synchronous inputs from
those that occurred by chance is a difficult task. We show that for a certain mean
of the membrane potential, detection performance can be maximized if the variance
and the temporal correlation of the membrane potential are adjusted accordingly. The
work presented in this chapter was done in collaboration with Gregor Wenning and is
a successive study of Wenning et al. (2005).

Finally, in chapter 6 we compare different information rate estimation techniques
with respect to how well they estimate the information rate from pooled population
responses. Information theory is the most rigorous way to characterize the information
encoding capabilities of neural systems. Although many methods have been developed
during recent years (Rieke et al., 1997; Borst and Theunissen, 1999), we show that
the estimation of the information rate from time-varying responses of a population
remains problematic. We find that for aperiodic Gaussian stimuli with a strong low
frequency component, the widely used linear decoding method yields information rate
estimates that are too low. A simple feed-forward neural network model is able to
extract significantly more information from such responses. Since experimentalists
often use stimuli with a strong low frequency component, our results suggest the use
of nonlinear decoding methods for the quantification of the information in population
responses. The work presented in this chapter is based on Hoch et al. (2006b).

16



2. Neuronal Models and Analysis Methods

2.1. Biological Background

Brains have evolved to process information. The primary information processing units
in the brain are the neurons (or nerve cells). The human brain consists of more than
100 billion neurons, which are densely connected among each other. Typically, neurons
makes 10 − 40 thousand connections to other neurons (Abeles, 1991). A neuron is
composed of a dendritic tree, a cell body (soma) and an axon. In the classical view,
the dendritic tree and the some receive and process the inputs from other neurons
and the axon transmits the results of these computations via axon collateral’s to both
nearby neurons and neurons in other brain regions.

Cortical neurons show a high diversity in their morphology. Figure 2.1 shows the
structure of a reconstructed layer V pyramidal cell from cat somatosensory cortex
(left) and of a thalamic reticular cell from rat ventrobasal nucleus (right). The Fig.
shows nicely the elaborate branching structure of dentritic trees, whose main purpose
is the integration and transmission of the synaptic input to the soma. The input from
other cells is received by the neuron via synapses, which are distributed with high
density across the soma and the dentritic membrane surface.

The entire membrane of the neuron contains active and passive ion channels con-
trolling the flow of ions across the membrane, and ionic pumps maintaining a gradient
between the ion concentration inside and outside the cell. The difference in the ion
concentration results to an electrical potential difference, which is usually referred to
as the membrane potential. In the resting state, e.g. without synaptic input, the mem-
brane potential is approximately −70 mV (resting potential). The potential outside
the cell is conventionally defined to be 0 mV . The establishment of this potential
difference allows neurons to generate short electric pulses, namely action potentials.

Neurons communicate with each other via action potentials. Action potentials are
typically generated at the axon hillock, the region between the cell body and the axon.
The generation of an action potential is an all or nothing process. Small depolarizations
of the membrane potential are usually counterbalanced by the leakage current flowing

17



2. Neuronal Models and Analysis Methods

Figure 2.1.: A) Layer V pyramidal cell from cat somatosensory cortex. This cell was stained
with neurobiotin (adapted from Contreras et al., 1997). B) Thalamic reticular
cell, from the reticular sector of rat ventrobasal nucleus. This cell was stained
with biocytin (adapted from Huguenard and Prince, 1992).

through the passive ion channels. If a depolarization raises the membrane potential
above a threshold value, however, an action potential is initiated. The threshold
crossing triggers the opening of sodium and potassium channels resulting to a strong
sodium (inward) and a delayed potassium (outward) current. Both currents lead
together to the generation of an action potential [e.g. the membrane potential is raised
about 50− 60 mV for a short duration (1− 2 ms)].

The action potential is transmitted via the axon to the synapses where it triggers
the release of neurotransmitters into the synaptic cleft (e.g. the space between the
synapse and the postsynaptic side). The neurotransmitter diffuses to the membrane
of the postsynaptic neuron where it binds to receptors, causing ion channels to open.
Depending on the type of channel, the in- or outflux of ions lead to a depolarizing
(excitatory) or a hyperpolarizing (inhibitory) postsynaptic potential (PSP).
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2. Neuronal Models and Analysis Methods

The response behavior of a neuron is determined by its distribution of active and
passive ion channels throughout the entire membrane and by its dentritic morphology
(Mainen and Sejnowsky, 1996). During the past two decades, neuroscientists have
spent a lot of effort characterizing the response behavior of cortical cells. Using intra-
and extracellular recordings in vivo, the responses of neurons to depolarizing current
pulses can be separated into four distinct classes (Connors and Gutnick, 1990; Gray
and McCormick, 1996; Steriade, 2001). Regular spiking neurons (RS), which generate
action potentials in a tonic fashion when stimulated and show spike frequency adap-
tation. Fast spiking neurons (FS), which are able to generate action potential of short
duration and exhibit no or weak spike frequency adaptation. Chattering cells (CH),
which fire periodic bursts of spikes when stimulated. And finally, intrinsic bursting
cells (IB), which generate a low frequency burst through intrinsic membrane mech-
anism followed by a tonic train of action potentials. A prerequisite for the detailed
modeling of experimental data (e.g. as for example in chapter 3) is, therefore, the
proper choice of the neuronal model, which is able to reproduce the response behav-
ior of the cell under study well. Note that the above mentioned firing patterns are
representatives of a continuum of different firing properties.

2.2. Neuronal Models

Most of the findings in this thesis are based on numerical simulations of cortical cells.
Until now, various neuronal models have been developed, ranging from very simple
ones, which use only one single differential equation to model the membrane potential
of a neuron, to complex ones, which consist of thousands of coupled differential equa-
tions. Although multi-compartment models can be efficiently simulated with open
source software nowadays (e.g. with NEURON or GENESIS), it has been shown that
single compartment models are able to reproduce the observed diversity of spiking
behavior of cortical cells quite accurately (Wilson, 1999; Izhikevich, 2004). In this
thesis we therefore concentrate on single compartment models.

As discussed above, a typical cortical cells of human cortex receives about 104

synapses on average (Abeles, 1991). If each synapse receives inputs at a sponta-
neous firing rate of 1 Hz, the number of simultaneously active synapses is high, which
leads to strongly fluctuating membrane potential and a massive increase of the neurons
conductance (Destexhe et al., 2003). A conductance increase of the neuron accom-
panied with a strongly fluctuating membrane potential was also found during visual
stimulation (Borg-Graham et al., 1998; Hirsch et al., 1998, Anderson et al., 2000c).
Thus, the choice of an appropriate noise model is important for the investigation of
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neural information processing. Throughout this thesis we used synaptic noise models,
which describe the synaptic integration of random activity at different levels of rigor.
The more complex ones include the change in the membrane conductance caused by
the synaptic inputs, which may turn out to be important in the context of this thesis.
The different models are introduced in Sec. 2.3. But first we will shortly review two
neuronal models, which are frequently used in this thesis.

2.2.1. Leaky Integrate-and-Fire Neurons

One of the oldest models is the leaky integrate-and-fire (LIF) model. Originally pro-
posed by Lapicque (1907), the LIF is still widely used because of its simplicity. This
model contains only a passive leakage term and ignores all active membrane conduc-
tances. When stimulated with a constant current, it can only generate a tonic spike
train. Nevertheless, the LIF model has proven useful in many cases because it can be
simulated efficiently and - in some cases - its response can be solved analytically. If
simulated with an adequate model of synaptic activity, the LIF is able to reproduce
some aspects of neural activity (e.g. irregularity of neuronal firing) reasonable well
(Rauch et al., 2003).

The leaky integrate-and-fire (LIF) neuron is characterized by its membrane potential
V , which changes in time according to the following differential equation:

Cm
dV

dt
= −gL(V − EL) + Is, (2.1)

where Cm is the membrane capacitance, gL is the leak conductance, and EL is the
reversal potential. The term gL(V −EL) represents the leakage current, which is mainly
the sum of the relatively constant ion currents that maintain the ion concentration
gradients. Is is the synaptic current, which contains both the external signal as well as
the synaptic background activity. Equation (2.1) describes the subthreshold dynamics
of the membrane potential V . For Is = 0, the membrane potential V decreases
exponentially towards EL with time constant τm = Cm

gL
. For Is > 0, the injected

current increases the membrane potential towards the spike threshold. If Is is strong
enough, it will drive V across the spike threshold Vth leading to a spike event. After a
spike, the membrane potential is immediately reset to Vreset and usually clamped to
this value for an absolute refractory period of Tref .

Under the assumption that the synaptic current, generated by random synaptic
inputs (the background activity), can be approximated by a Wiener process and a
constant bias current [cf. eq. (2.12) in Sec. 2.3], the LIF model approximates the
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Figure 2.2.: Firing rate of the leaky integrate-and-fire neuron plotted against the bias current
µ = const for different values of σV . Blue line: σV = 0mV (D = 0); green line:
σV = 2 mV (D = 0.9); red line: σV = 3 mV (D = 1.34); cyan line: σV = 5 mV

(D = 2.24).

membrane potential of a cortical cell reasonable well (Rauch et al., 2003). Fig. 2.2
shows the firing rate of the LIF neuron plotted against the constant bias current (µ)
for different noise conditions (see Fig. caption). For the noiseless case (blue line),
the LIF neuron shows a highly nonlinear frequency-current (f-I) curve, and for input
currents below 1 nA, the membrane potential of the neurons remains subthreshold.
An increase of the noise level (because of a higher value of D) leads to a stronger
fluctuating membrane potential, which occasionally generates spikes at input currents
well below µ < 1 nA. Thus, for increasing values of D, the firing rate of the LIF
neuron increases substantially in the subthreshold regime, which leads to an effective
linearization of the f-I curve, as Fig. 2.2 indicates.

2.2.2. The Hodgkin-Huxley Neurons

The most important model in neuroscience, however, is the Hodgkin-Huxley (HH)
model. Although not knowing the structure of ion channels, it was Hodgkin and
Huxley (1952) who first developed a deterministic description of the action potential
generating ion currents, based on measurements from the giant axon of Atlantic squid.
Although their phenomenological description accounted only for the sodium and the
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potassium current of the squid axon, it is nowadays used for all sorts of ion currents
encountered in neuronal modeling. In cortical cells many distinct ionic currents con-
tribute to the response behavior. By including the corresponding description of the
ionic currents in the HH model, a broad range of different response behaviors can be
reproduced. For instance, Destexhe et al. (2001) developed a single compartment HH
model, which was able to recreate in vivo-like activity.

The membrane potential V of the Hodgkin-Huxley neurons changes in time accord-
ing to the following differential equation:

Cm
dV

dt
= −IL − INa − IK − IM − Is, (2.2)

where Cm is the membrane capacitance, IL is the leak current, and Is represents the
synaptic current. In addition to the LIF model, eq. (2.2) contains the spike generating
sodium INa and potassium IK currents.

The different ion currents describe the flow of ions across the membrane and are
assumed to be linearly related to V :

Ij = gj(V − Ej), (2.3)

where gk is the conductance associated with the k-th ion channel, and Ek is the cor-
responding reversal potential. In general, the different ion currents are separated into
three parts. The leakage current IL, which represent the approximately constant ion
currents that maintain the ion concentration gradients, similar as in the LIF model.
Second, the synaptic current Is, which arises from the opening of ion channels, be-
cause of synaptic activity. And third, the voltage dependent currents, which arise
from the active membrane conductances and provide the neuron with the necessary
nonlinearities for the generation of complex spike patterns.

From single channel studies it is known that ion currents consist of different sub-
units. Only if all subunits are activated, a single channel is in the open state, which
allows for an ion current flow through the membrane. The transition between the
open and close state is probabilistic and can be modeled at different levels of rigor
(Koch, 1998; Dayan and Abbott, 2001). However, a membrane batch of a neuron
consists of several hundreds or more ion channels of the same type, which allow for
a deterministic representation of the ion currents, because fluctuations average out if
channels act independently. Thus, membrane conductances are usually modeled using
kinetic equations, which describe the fraction of channels in the activated (open) or
inactivated state.
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According to the original Hodgkin-Huxley model, the spike generating sodium chan-
nels consist of both activating and inactivating subtypes, where as the delayed-rectifier
potassium channels have only activating subunits. The total voltage dependent con-
ductance is described as:

gNa = ḡNa m3h (2.4)

gK = ḡK n4. (2.5)

where ḡNa and ḡK are the maximal conductance of a particular membrane batch. The
activation variables m, n and the inactivation variable h are modeled using first order
differential equations of the form:

dm

dt
= αm(V ) (1−m) − βm(V ) m (2.6)

dh

dt
= αh(V ) (1− h) − βh(V ) h (2.7)

dn

dt
= αn(V ) (1− n) − βn(V ) n, (2.8)

where αm(V ), αh(V ), αn(V ) and βm(V ), βh(V ), βn(V ) are voltage dependent opening
and closing rate functions.

Near spike threshold, an initial rise of the membrane potential (i.e. because of an
EPSP) leads to an increase of m because of the higher value of the opening rate function
αm(V ). Since at the beginning of the action potential the inactivation variable h is
around 0.6, the increase of m leads to a higher value of the sodium conductance
and thus to a larger influx of sodium ions, which in turn results in further increases
of the membrane potential. Because of this positive feedback loop, m jumps from
nearly zero to a value near one, which causes the membrane potential to rise rapidly
towards the sodium reversal potential. However, the strong increase of the membrane
potential affects the inactivation variable h in opposite direction driving it toward
zero, which leads to a stop of the influx of the sodium ions. Meanwhile, the increase
of the membrane potential also leads to a jump of the potassium activation variable
towards one, which activates the potassium conductance. The resulting potassium
current drives the membrane potential towards its resting value. Because of the delay
of the potassium current, the combination of both current allows the generation of
action potentials.

Figure 2.3A shows an example trace of the membrane potential of the Hodgkin-
Huxley model neuron (detailed description of the model can be found in appendix
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Figure 2.3.: Membrane potential trace of the simulated Hodgkin-Huxley model neuron.
The neuron received Ne = 2000 excitatory (AMPA) and Ni = 2000 inhibitory
(GABAA) synapses, triggered by independent Poisson processes. The average
firing rates were λe = 2 Hz and λi = 1.24 Hz, which leads to a mean and
standard deviation of Vm of 〈Vm〉 = −57 mV and σV = 3.35 mV . The simulation
time step was dt = 0.1 ms.

A). The neuron received Ne = 2000 excitatory (AMPA) and Ni = 2000 inhibitory
(GABAA) synapses, triggered by independent Poisson processes with average firing
rates of λe = 2Hz and λi = 1.24 Hz in order to recreate synaptic background activity.
The synaptic activity led to a fluctuating membrane potential with mean and standard
deviation of 〈Vm〉 = −57 mV and σV = 3.35 mV , which occasionally generates action
potentials (average firing rate of 6.9 Hz).

In this thesis we used two slightly different Hodgkin-Huxley models. The first, which
we have used to derive the results presented in Sec. 6, was proposed by Destexhe et
al. (2001). It includes voltage dependent sodium and potassium currents for action
potential generation, and a non-inactivating potassium current for spike frequency
adaptation. They carefully adapted the kinetic equations of the ion channels in ac-
cordance to available experimental data of neocortical pyramidal cells. However, it
turned out in a later study that these model equations are not suitable for the mod-
eling of the experimental data presented in chapter 3, because they generate broad
action potentials with a strong after hyperpolarization. We therefore used in chapter
3 a second model, which was proposed by Wang and Buzsaki (1996). Although their
model was originally developed to describe the action potentials of interneurons, we
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found that - after some adaptation - the model generates action potentials which are in
good agreement with the experimental data. For a detailed description of the kinetic
equations of both models see appendix A.

2.3. Synaptic Noise Models

In recent years different noise models have been developed to approximate synaptic
background activity. In general, synaptic noise is modeled either explicitly, considering
thousands of synapses, or implicitly, using stochastic processes. Stochastic processes
are often considered because their simulation is computationally efficient. In the fol-
lowing we shortly review three noise models, which can reproduce the statistical and
spectral properties of the fluctuating membrane potential to certain degrees. The
different models are used frequently in this thesis.

2.3.1. Gaussian White Noise

The total synaptic current, which is generated from small PSP (e.g. Dirac delta pulses)
of many excitatory and inhibitory synapses driven by Poisson processes, can be de-
scribed by a white Gaussian noise (Ricciardi, 1977; Tuckwell, 1988). Consider a process
defined by:

Wa(t) = a(Ne(t)−Ni(t)), t ≥ 0 (2.9)

where a is a constant and Ne(t) and Ni(t) are independent Poisson processes with
mean rates λe = λi = λ. For a2 ∼ 2

λ and λ → ∞, which means vanishing amplitudes
and infinite rates for the Poisson processes, the sequence of random variables Wa(t)
approaches (in distribution) to a normal random variable

W (t) = lim
λ→∞

Wa(t) (2.10)

with mean zero and standard deviation t. W (t) is also known as Wiener process and
its derivative, dW

dt , is called white noise. The derivation of eq. (2.10) is based on the
diffusion approximation [for a more detailed description see Tuckwell (1988)].

Gerstein and Mandelbrot (1964) proposed the Wiener process with drift as an ap-
proximate model for synaptic background activity. Under the assumption that the
PSP alter the membrane potential according to the following stochastic process

Va(t) = aeNe(t)− aiNi(t), t ≥ 0, (2.11)
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the total synaptic current can be approximated by a Wiener process with drift

Is(t) = µ + D
dW

dt
, (2.12)

where the drift term µ and the diffusion coefficient D equal

µ = aeλe − aiλi, (2.13)

D2 = a2
eλe + a2

i λi. (2.14)

Note, that the variance of this process increases linearly with t to infinity in the absence
of a threshold.

2.3.2. Gaussian Colored Noise

In the above Gaussian white noise approximation, the individual PSP’s are assumed
to be Dirac delta pulses δ(t). The same diffusion approximation can be performed
for the biologically more realistic exponential synapses, e.g. synapses with an instan-
taneous rise ae or drop ai followed by an exponential decay at rate τ . This model
was proposed first by Stein (1965) and is often referred to as Stein’s model in litera-
ture. If the synaptic events are triggered by independent Poisson processes Ne(t) and
Ni(t), and ae,i ∼ 1

λe,i
with λ →∞, than it can be demonstrated (Tuckwell, 1988) that

the resulting random variable X is well described by an Ornstein-Uhlenbeck process
(OUP):

dX(t)
dt

= −1
τ
(X(t)− µ) + D

dW

dt
, (2.15)

where τ is the synaptic decay constant, and µ and D are given by:

µ = τ(aeλe − aiλi), (2.16)

D2 =
τ

2
(a2

eλe + a2
i λi). (2.17)

For τ > 0, the noise is called “colored noise”.

Figure 2.4 shows one realization of the process X(t) for τ = 2ms in the interval
t ∈ [0, 100]ms. At time t = 100ms, the decay time is raised to τ = 10ms for the next
100 ms. A smaller value of τ leads to a faster changing noise process, which means
that the correlation between two points in time is smaller. In other words, given X(t)
until the time t1, the value of the process X(t) at t2 > t1 is less predictable for smaller
values of τ . In Chapter 5 we investigate the role of the temporal correlation for the
detection of weak transient inputs in detail.
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Figure 2.4.: A) Example trace of Gaussian colored noise X(t). The time constant tau

changes at t = 100 ms from τ = 2 ms to τ = 10 ms, leading to a slower fluctu-
ating noise process. Note that D was adjusted such that the standard deviation
of the noise process remains the same.

2.3.3. Conductance Noise Model

In the conductance-based noise model, the total synaptic current Is is described by
the following equation:

Is(t) = ge(t)(V (t)− Ee) + gi(t)(V (t)− Ei), (2.18)

where Ee and Ei are the excitatory and inhibitory reversal potentials, and ge(t) and
gi(t) are the conductances of the excitatory and inhibitory synapses, respectively.

Destexhe et al. (2001) suggested modeling ge(t) and gi(t) as Ornstein-Uhlenbeck
processes. However, the OUP processes predict negative conductances if the mean
and standard deviation of the OUP are of similar magnitude. In this regime, the
diffusion approximation misses essential high-order terms of the membrane potential
distribution, as for example its skew (Richardson and Gerstner, 2005). In order to
account for the conductance increase due to the synaptic activity, Richardson and
Gerstner (2005) suggested either using voltage equations with a current-noise and re-
duced membrane time constants, or modeling the synaptic noise in single compartment
models explicitly, e.g. by considering thousands of synapses. The second approach has
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the additional advantage in that it includes the effect of shot noise on the membrane
potential dynamics and it can be easily extended in order to introduce correlations
between the membrane potential of pairs of neurons.

The total excitatory or inhibitory conductance is given by

gi,e(t) = gmax

Ne,i∑
k=1

rk(t), (2.19)

where gmax is the maximal conductance of the excitatory or inhibitory synapse, and
Ne and Ni is the number of occurrence of these synapses, respectively. The variable rk

represents the fraction of receptors in the open state of synapse k and is well described
by a two-state kinetic model (Destexhe et al., 1994):

dri

dt
= α[T ] (1− ri) − β ri, (2.20)

where α and β are voltage independent forward and backward state transition rates.
The variable [T ] represents the transmitter concentration, which is typically set to a
value of 1mM for the duration of 1 ms in order to simulate the opening of the ion
channels, and is otherwise zero. The duration of the ion channels in the open state
determines the length of the rising phase of the postsynaptic potential. It is important
to note that the high values of membrane potential fluctuations observed in vivo, e.g.
σV > 4 mV (Anderson et al., 2000a; Destexhe et al., 2003), can only be achieved in
the explicit model, if some of the synapses release simultaneously.

We have used the explicit noise model in chapter 6 to investigate how well the
information rate can be estimated from a neural population if the firing of neurons is
pair wise correlated.

2.4. Analysis Methods

The study of neural coding requires analysis methods for the characterization of neural
responses. Some of them are used throughout of this thesis and, therefore, shortly
introduced in the following.
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2.4.1. Correlation Function and Spectral Density

In this thesis we deal only with stationary stochastic processes. A process x(t) is
called stationary if the processes x(t) and x(t + τ) have the same statistics for any τ

(Papoulis, 1991).

The auto-correlation function of a stationary stochastic process depends only on the
time difference τ (Papoulis, 1991) and is by definition the estimate of the correlation
between x(t) and x(t + τ) at every pair of times separated by τ , e.g.

Rxx(τ) = 〈x(t + τ)x∗(t) 〉, (2.21)

where ∗ denotes the complex conjugate. In other words, the auto-correlation charac-
terizes how well the value of x(t + τ) can be inferred from x(t). If we are given two
jointly stationary processes x(t) and y(t), the cross-correlation function of these two
processes is given by

Rxy(τ) = 〈x(t + τ)y∗(t) 〉. (2.22)

Another property of interest is the correlation time (or temporal correlation) of a
stochastic process. According to Papoulis (1991) we define the correlation time as the
ratio

τC =
1

Cxx(0)

∫ ∞

0
Cxx(τ)dτ, (2.23)

where Cxx(τ) is the auto-covariance function of x(t), e.g.

Cxx(τ) = Rxx(τ)− |µx|2, (2.24)

and µx is the mean of x(t). In chapter 5 we estimate the temporal correlation of the
membrane potential for different noise conditions and investigate how the detection of
transient inputs depends on it.

The spectral density describes how the variance of a stochastic process is distributed
with frequency. The spectral density (or power spectrum) of a stationary process x(t)
is the Fourier transform PXX(ω) of its auto-correlation function Rxx(τ) (Papoulis,
1991):

PXX(ω) =
∫ ∞

−∞
Rxx(τ)e−jωτdτ. (2.25)
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The cross-power spectrum (PXY ) of two processes is accordingly defined as the Fourier
transform of the cross-correlation function Rxy(τ).

The power spectrum (PXX) and the cross power spectrum (PXY ) were usually ob-
tained using Welch’s method (Papoulis, 1991). This means that the entire stochastic
process is separated in to segments of equal duration. Each segment is then trans-
formed to Fourier-space, multiplied by its complex conjugate and averaged at each
frequency to yield the estimate of the power spectrum:

PXY (ω) = Cw〈X(ω)Y (ω)∗ 〉, (2.26)

where Cw is a normalization coefficient whose value depend on the window function
used for the Fourier transform. Power spectra were usually calculated using build-in
functions from matlab.

2.4.2. Information Rate Estimation with Linear Filter

In recent years, many neuroscientists have used information theory and systems an-
alyzing techniques to characterize information encoding in neural systems (Bialek et
al., 1991; Gabbiani, 1996; Rieke et al., 1997; Strong et al., 1998; Borst and Theunis-
sen, 1999; Reinagel and Reid, 2000; Krahe et al., 2002; Hatsopoulos et al., 2004). The
linear reconstruction method in particular has been widely used in computational neu-
roscience studies because it requires less data and is simple to use. Throughout this
thesis, we also use the linear reconstruction method to assess information encoding
and, therefore, introduced this method in detail.

The Linear Reconstruction Method

The basic idea behind the reconstruction method is to first use systems analysis meth-
ods to generate an estimate Sest of the stimulus S and then to use this estimate to
calculate a lower bound on the true information rate between the stimulus and re-
sponse. Since the estimate contains no information that was not actually present
in the neural response, the information rate between the stimulus and its estimate
I(S, Sest) is a lower bound on the true information rate between the stimulus and the
response I(R,S) [Gabbiani, 1996; Rieke et al., 1997; Borst and Theunissen, 1999]:

I(R,S) ≥ I(S, Sest). (2.27)
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The linear reconstruction method assumes a linear relationship between the stimulus
and response (Borst and Theunissen, 1999). The estimate for the input stimulus is
then given by the convolution of the neural response R(t) with the filter h

Sest(t) =
∫ ∞

−∞
h(s)R(t− s) ds, (2.28)

where h is a linear, non-causal filter, which minimizes the mean square error [ε2(h)]
between the stimulus Sstim and its estimate Sest, e.g.

ε2(h) =
1
T

∫ T

0
[Sstim(t)− Sest(t)]2 dt. (2.29)

The filter h can be obtained from the neural response by solving the condition

dε2(h)
dh

= 0 (2.30)

for h (Wiener-Kolmogorov filtering). One obtains

ĥ(w) =
PSR(−ω)
PRR(ω)

, (2.31)

where PRR(ω) is the power spectrum of the spike train and PSR(ω) denotes the Fourier
transform of the cross-correlation of the stimulus and the spike train (further on re-
ferred to as cross power spectrum).

We define as noise the difference between the stimulus Sstim and its estimate Sest,
n(t) = Sstim − Sest. The power spectrum of the noise PNN (ω) is then given by
(Gabbiani, 1996)

PNN (ω) = PSS(ω)− |PSR(ω)|2

PRR(ω)
. (2.32)

If we define the signal to noise ratio (SNR) as

SNR(w) =
PSS(ω)
PNN (ω)

(2.33)

=
PSS(ω)

PSS(ω)− |PSR(ω)|2
PRR(ω)

(2.34)

=
1

1− γ2(ω)
, (2.35)
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where the function

γ2(ω) =
|PSR(ω)|2

PSS(ω)PRR(ω)
≤ 1 (2.36)

is the coherence between the stimulus and the response.

The lower bound on the information rate is obtained from the signal to noise ratio
with the following formula,

Ilin ≥ 1
2π

∫ ∞

0
log2 [SNR(ω)] dω (2.37)

= − 1
2π

∫ ∞

0
log2

[
1− γ2(ω)

]
dω (2.38)

In the case of a Gaussian stimulus, the estimate is close to the true information rate if
the noise in the reconstruction is Gaussian distributed. For a more detailed description
of the linear decoding approach see Borst and Theunissen (1999) and references within.
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3. γ-Band Membrane Potential
Fluctuations and Stimulus Encoding

3.1. Introduction

Presentation of visual stimuli induces in cells of the visual cortex strong modulation of
the membrane potential at the temporal frequency of stimulation (cf. Sec. 1). In ad-
dition to the slow depolarizations, the membrane potential often shows an increased
activity in the high frequency range, including the γ-band (25 − 70 Hz). High fre-
quency, γ-band fluctuations of the membrane potential are typical for visual cortical
neurons and are present in cells with both, simple and complex receptive fields (Ja-
gadeesh et al., 1992; Gray and McCormick, 1996; Anderson et al., 2000b; Volgushev et
al., 2002, 2003). The high frequency fluctuations in the membrane potential of visual
cortical neurons are, most probably, of synaptic origin (Bringuier et al., 1997; Lampl
et al., 1999) and their amplitude often changes with spontaneous fluctuations of the
membrane potential (Anderson et al., 2000b), similar to the cells in other regions of
the neocortex (Steriade et al., 1996; Mukovski et al., 2006).

It has been suggested that the γ-range fluctuations play an important role in cor-
tical information processing. For example, synchronization of γ-activity across sub-
populations of neurons, which encode different features of an object, may serve as
a mechanism enabling feature specific binding of neuronal responses (Eckhorn et al.,
1988; Gray and Singer, 1989; Singer, 1993, 1999). Intracellular studies reveal a number
of properties of the γ-band fluctuations, which enable them to subserve synchronisa-
tion and patterning of neuronal activity. For instance, γ-band fluctuations support
reliable spike generation, impose precise temporal windows for synaptic integration
and produce precise temporal patterns of activity (Lampl and Yarom, 1993; Mainen
and Sejnowski, 1995; Nowak et al., 1997; Volgushev et al., 1998, 2003; Salinas and
Sejnowski, 2000). Another aspect of the functional importance of the high frequency
activity is its capability to facilitate detection of weak signals by the mechanism sim-
ilar to stochastic resonance. In the visual cortex, this mechanism has been suggested
as playing a role in producing contrast invariance of the orientation tuning (Anderson
et al. 2000a).
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Simple cells in the visual cortex encode temporal characteristics of visual stimuli in
the temporal structure of their firing (Dean and Tolhurst, 1983; Skottun et al., 1991),
which is coupled to depolarizations of the membrane potential, occurring at temporal
frequency of the stimulation (Carandini and Ferster, 2000; Volgushev et al., 2003).
Recently we have found that the amplitude of the γ-band fluctuations correlated with
the phase of the low frequency, stimulus-induced membrane potential changes, being
maximal at depolarization peaks and minimal at hyperpolarization troughs of the
membrane potential responses (Volgushev et al., 2003). We hypothesized that this
coupling of the strength of the high frequency fluctuations to the phase of the slow,
stimulus-frequency membrane potential changes may improve stimulus encoding.

Here we tested this hypothesis using a single compartment conductance-based neu-
ron model. The input to the model was adjusted to reproduce typical features of
membrane potential responses and firing rates, recorded in cat visual cortical neurons
during presentation of moving gratings. We simulated responses of the model neuron
to presentation of moving gratings of different orientations. The model neuron was
subject to fluctuating conductance inputs of three different classes. In the first class,
only the low (stimulus) frequency component of the input was orientation-dependent.
In the second class, in addition to orientation-dependence of the low-frequency com-
ponent, also the γ-range component depended on orientation. In the third class, both
the low-frequency and the γ-band components depend on orientation and, in addition,
the strength of the γ-band fluctuations was modulated by the slow, stimulus-frequency
changes of the membrane potential. We show that stimulus encoding is greatly im-
proved only for the third class of synaptic inputs.

3.2. Materials and Methods

3.2.1. Physiology

Experiments were performed on eight adult cats (3.0 − 4.5kg). The procedures were
approved by a local animal welfare committee (Bezirksregierung Ansberg, Germany).
The details of the surgery and the maintenance of animals are described elsewhere
(Voslushev et al., 2000, 2003). Intracellular recordings were made with sharp elec-
trodes filled with 2.5 Mol potassium acetate. Electrode resistance was 70 − 120 MΩ.
Neurons with a stable resting membrane potential were recorded for at least 15 min

at a sampling frequency of 10 − 40 kHz. Visual responses were evoked by moving
gratings of different orientations, which were presented in pseudo-random order on a
screen in front of the animal. The gratings were generated using subroutines of the Vi-
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sion Works stimulation system (Cambridge Research Systems, New Hampshire, USA)
and our own programs.

Spectral analysis of the membrane potential was performed after the action poten-
tials were removed. Action potentials were first detected by the threshold and then
their onset was determined as the point at which the rate of change of the membrane
potential dV

dt first exceeded 5% of the maximal rate of dV
dt for the action potentials of

the particular neuron. To safely remove the entire waveform of the action potential, we
linearly interpolated the membrane potential between the interval from 0.7 ms before
the onset to Tpost after it. Spike detection threshold (usually 30−40 mV from the mean
resting membrane potential) and Tpost (usually 3 − 5 ms) were adjusted individually
for each cell by visual inspection of the voltage traces.

The stimulus and the γ-range component of the membrane potential were extracted
as follows. First we transformed the membrane potential into Fourier-space using the
Fast-Fourier transform (FFT) function of MatLab (Mathworks, version 6.5), then we
set all coefficients corresponding to frequencies outside the desired range to zero and
performed the inverse FFT to transform the result back to time domain. The low
frequency range was set to 1 − 3 Hz in order to cover the temporal frequency of the
visual stimulation. The γ-range was set 25 − 70 Hz. The relationship between the
phase of the slow changes of the membrane potential and the amplitude of the γ-
range fluctuations was quantified as following. We calculated the power of the γ-range
fluctuations of the membrane potential in a running window of 102.4 ms, with 10 ms

step, and then calculated the linear correlation coefficient between this signal and the
low frequency component.

3.2.2. Single Compartment Model

For all simulations in this paper we used a single-compartment conductance-based
model adapted from Wang and Buzsaki (1996) modified as described below. The
model contained Hodgkin-Huxley type ion currents and time-dependent excitatory
and inhibitory synaptic conductances. Changes of the membrane potential V of the
model neuron are described by the following differential equation:

Cm
dV

dt
= −IL − INa − IK − IM − Isyn, (3.1)

where Cm is the membrane capacitance, IL is the leak current, INa and IK are the spike
generating sodium and potassium currents, IM is a non-inactivating potassium current
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for spike frequency adaptation, and Isyn is the total synaptic current. Dynamics of
each ionic current (for synaptic see below) is given by the following equation:

I(t) = g(t)[V (t)− Ereversal], (3.2)

where g(t) is the respective ionic conductance, and Ereversal is the reversal potential
of that current. For the leak current, the reversal potential was EL = −75 mV and
the leak conductance gL did not change with time, but remained constant.

Since this model was originally developed to simulate a network of fast-spiking
interneurons, we have adjusted it as follows. To account for the fast initiation dynamics
of action potentials in neocortical neurons (Naundorf et al., 2006), we set the kinetics
of sodium channels 10 times faster, and the width of their activation curve 2 times
narrower, than in the original model. This allowed the firing patterns and rates during
stimulation as well as the shape of the generated action potentials to be brought closer
to the experimental data. Details of the kinetic equations of the intrinsic currents and
the other model parameters are given in Appendix A.

The total synaptic current Isyn, which represents the synaptic input evoked by the
visual stimulation as well as the background activity, is described as:

Isyn(t) = ge(t)(V (t)− Ee) + gi(t)(V (t)− Ei), (3.3)

where ge(t) and gi(t) are stochastic processes, which represent the conductance of
the excitatory and inhibitory synapses, and Ee and Ei are the reversal potentials
of the excitatory and inhibitory currents. The excitatory ge(t) and inhibitory gi(t)
conductance traces were derived from a Gaussian white noise, which was filtered in
order to obtain fluctuations of the membrane potential with a spectral composition,
similar to the spectral composition of the experimental data. Details of this adjustment
of the model parameters to the experimental data are explained in Sec. 3.3.2.

Visual stimulation was simulated by adding a sinusoidal excitatory conductance to
the excitatory background activity, ge0(t). The total excitatory synaptic conductance,
ge(t), is then given by:

ge(t) = Ḡe + gs sin(2πft) + ge0(t), (3.4)

where Ḡe is the mean conductance, gs determines the strength of the stimulation by a
grating with a given temporal frequency (for example, f = 3Hz), and ge0(t) represents
the excitatory background activity. Further details are given in Appendix C.
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3.2.3. Estimation of the Information Rate

Information theory provides the most rigorous way to assess the quality of stimulus
encoding. To estimate the information rate in our recordings and simulation exper-
iments, we have exploited a linear filter approach, which has been widely used in
computational neuroscience studies (Bialek et al., 1991; Gabbiani, 1996; Rieke et al.,
1997; Borst and Theunissen, 1999). For more information about this approach see
Sec. 2.4.2.

A lower bound on the information rate between stimulus and response can be ob-
tained from the following equation (Gabbiani, 1996; Borst and Theunissen, 1999):

ILB = − 1
2π

∫ ∞

0
log2

[
1− γ2(ω)

]
dω, (3.5)

where γ2 is the coherence between the stimulus and the response. The coherence is
obtained from

γ2(ω) =
|PSR(ω)|2

PSS(ω)PRR(ω)
≤ 1, (3.6)

where PSS(ω) and PRR(ω) are the power spectra of the stimulus and the spike train,
and PSR(ω) denotes the Fourier transform of the cross-correlation of the stimulus and
the spike train.

The coherence γ2(ω) was calculated as follows. From the membrane potential traces
of 5000 ms duration, which where recorded during grating movement, we extracted the
low frequency component (1−3 Hz) of the membrane potential fluctuations (stimulus).
The spike response was constructed as a train of delta pulses, with pulses at spike
onset times (spike onset times were determined as described above). Stimulus and
spike response were then divided into segments of 819.2 ms duration (with an overlap
of 50%). All segments were then transformed into Fourier space, multiplied by its
complex conjugate, and averaged at each frequency to yield the estimate of the power
spectrum (PXX) and the cross power spectrum (PXY ), e.g. PXY (ω) = 〈X(ω)Y (ω)∗ 〉,
where ∗ denotes the complex conjugate and 〈〉 denotes the averaging over segments.
We used the same procedure for the calculation of the information rate of the simulated
traces, which had duration of 200 sec.

3.3. Results

Results presented in this paper consist of three sections. First, we describe intracellular
recorded responses of cat visual cortex neurons to presentation of visual stimuli in
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vivo. These data were used to obtain key features of the membrane potential changes,
which were then reproduced in the simulations. Furthermore, stimulus encoding in the
recorded neurons was characterized from these data for a later comparison with the
simulation results. Second, we constructed input conductances, which reproduced in a
model neuron the main parameters of the recorded membrane potential traces. Third,
we studied in the model neuron the influence of correlations between the amplitude
of high frequency (γ-range) fluctuations of the membrane potential and the phase of
the low frequency changes (0.3 − 3 Hz) on the stimulus encoding in a conductance-
based neuron model. Most parameters of the model neuron were constrained to data
obtained from cellular recordings of neurons in the cat visual cortex (Volgushev et al.,
2003).

3.3.1. Intracellular Recordings from Cat Visual Cortex Neurons

Intracellular recordings were made from neurons in cat visual cortex in vivo. For the
analysis, we have selected 9 neurons with simple receptive fields, which showed clear
response modulation at temporal frequency of the optimally oriented moving grating
(Dean and Tolhurst, 1983; Skottun et al., 1991; Carandini and Ferster, 2000, Volgushev
et al., 2003). In these recordings, we analyzed key features of the cellular responses
to presentation of moving gratings of different orientations and directions of move-
ment. Specifically, we quantified the relation between stimulus orientation/direction of
movement on the one hand, and low frequency (< 4 Hz) modulation of the membrane
potential at temporal frequency of stimulation, high frequency (> 25 Hz) fluctuations
of the membrane potential and spike responses on the other. We also characterized
the relation between low frequency and high frequency fluctuations of the membrane
potential and encoding of the stimulus in the spike trains of recorded neurons.

Fig. 3.1 shows an example of membrane potential traces of a visual cortex cell
during responses to the presentation of a moving grating of optimal (Fig. 3.1A) and
non-optimal orientation (Fig. 3.1D). An optimally orientated grating induced strong
modulation of the membrane potential at the temporal frequency of stimulation, ac-
companied by strong fluctuations in the high frequency range and bursts of action
potentials at depolarization peaks (Fig. 3.1A). The low frequency (0.3 − 3 Hz) mod-
ulation reached about 20mV peak-to-peak amplitude (Fig. 3.1B, continuous trace).
High frequency components (25 − 70 Hz; γ-range) of the membrane potential fluctu-
ations were estimated after spike removal (see Methods for details). High frequency
fluctuations of the membrane potential reached peak-to-peak amplitude of more than
10 mV (Fig. 3.1C).
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Figure 3.1.: Responses of a cell in cat visual cortex to optimally orientated moving gratings
of optimal (A) and non-optimal (D) orientations and their analysis. A) and
D): Membrane potential traces. Temporal frequency of the moving grating was
2Hz. Action potentials are truncated. B), C) and E), F): Analysis of the relation
between the low frequency component [0.3− 3 Hz, solid lines in B) and E)] and
the high frequency, γ-range component [25 − 70 Hz, solid lines in C) and F)]
from the traces in A) and D). In B) and E), dashed lines show the power of the
γ-range fluctuations estimated in a running window of 102.4 ms. Note that the
γ-power (dashed) curves are normalized to match the amplitude of the respective
low frequency components.

Comparison of the two components demonstrates clearly that the amplitude of the
γ-range fluctuations correlated with the phase of the low frequency membrane poten-
tial modulation. The amplitude of high frequency fluctuations was high at depolar-
izing peaks (positive phase) of the low frequency modulation, but much lower during
negative phases, at relatively hyperpolarized membrane potentials. To quantify the re-
lationship between the slow membrane depolarizations (continuous trace in Fig. 3.1B)
and the amplitude of the γ-range membrane potential fluctuations we first calculated
a running average of the γ-power (dashed curve in Fig. 3.1B, see Sec. 3.2 for details),
and then calculated the linear correlation coefficient between these two signals. The γ-
power was significantly correlated with the slow modulation of the membrane potential
(r = 0.67).

During presentation of orthogonally oriented (non-optimal) grating, both the low
frequency modulation and high frequency fluctuations of the membrane potential were
much weaker, and action potentials were generated only occasionally (Fig. 3.1D). De-
spite the low amplitude, a comparison of the low (Fig. 3.1E) and high (Fig. 3.1F)
frequency components of the membrane potential fluctuations reveals no clear relation-
ship. Nevertheless, the strength of γ-range fluctuations was weakly but significantly
correlated with the phase of the slow membrane depolarizations (r = 0.37).

To compare the spectral composition of membrane potential traces during presen-
tation of optimal and non-optimal stimuli, we calculated their power spectra. Figure
3.2A shows that most pronounced difference between the power spectra for optimal
(blue curve) and non-optimal orientation (red curve) was in two frequency ranges.
Optimal stimuli evoked much stronger modulation of the membrane potential at low
frequencies 0.3− 3 Hz, around the temporal frequency of stimulation. We refer to the
integral of the power spectrum in the range of 0.3− 3 Hz as stimulus power. Further-
more, the power of the high frequency membrane potential fluctuations, especially in
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Figure 3.2.: Power spectra of the membrane potential responses to the optimal and non-
optimal orientations of neurons, recorded in cat visual cortex. A) Power spectra
of the membrane potential responses of the cell from Fig. 3.1 to the optimal
(blue line) and non-optimal (red line) orientations. B) Ratio between the power
spectra of responses to the optimal and non-optimal orientation, data from A).
C) Cumulative ratio of power spectra of responses to the optimal and non-
optimal orientation for nine neurons.
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Optimal Non-optimal Null
Spike response 16.9 0.29 6.2 Hz

Information rate 6.12 0.13 3.39 Bits/sec
Stimulus-power 33.7 3.9 9.4 mV 2

γ-power 4.78 1.92 2.68 mV 2

r 0.67 0.37 0.47
< Vm > −69.8 −72.7 −66.4 mV

Table 3.1.: Estimated values for the mean firing rate, of the information rate, of the strength
of the low (stimulus, 1− 3Hz) and the γ-range (25− 70 Hz) membrane potential
fluctuations, of the linear correlation coefficient r between stimulus phase and
the strength of the γ-range fluctuations, and for the mean membrane potential
of the neuron, shown in Fig. 3.1.

the γ-frequency range (25− 70 Hz), was clearly stronger during the optimal stimula-
tion. The difference in both the low and the high frequency ranges stands out clearly
in Fig. 3.2B, in which the ratio of the two power spectra is plotted. The difference be-
tween the optimal and non-optimal responses in the two frequency ranges was typical
for our sample, as illustrated by two clear peaks around the stimulus power and the
γ-power on the cumulative ratios of power spectra for nine neurons (Fig. 3.2C).

Responses to the optimal and non-optimal orientations showed the most pronounced
differences, summarized in Table 3.1 for the cell shown in Fig. 3.1. Responses to stimuli
of other orientations were characterized by intermediate values of the above param-
eters, which showed clear dependence on the orientation, changing gradually with
changing orientation (Fig. 3.3). In all cells, stimuli of the optimal range, as defined
by the maximal spike responses, evoked the strongest modulation of the membrane
potential in the low and the high frequency ranges and induced the strongest corre-
lations between the γ-range power and the phase of low frequency modulation of the
membrane potential. Furthermore, the information rates were also maximal during
the responses to optimal stimuli.

Table 3.2 summarizes characteristic values for nine neurons, which were estimated
from the responses to optimal, non-optimal (orthogonal orientation) and null (optimal
orientation, but opposite direction of movement) stimuli. We observed more than a 10-
fold difference between the optimal and non-optimal spike responses and information
transfer rates. Optimal and non-optimal responses were characterized by a several-
fold difference in the strength of the low (stimulus-power) and the high frequency
(γ-power) membrane potential fluctuations, and a 50% to a 2-fold difference in the
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Figure 3.3.: Dependence of the response properties of the visual cortex neuron on the di-
rection of movement of grating stimuli. Data for the cell shown in Fig. 3.1. A)
Spike response. B) Stimulus-power (0.33 Hz) of the membrane potential. C)
γ-power (25 − 70 Hz) of the membrane potential. D) Linear correlation coeffi-
cient between the strength of the γ-range fluctuations and the phase of the low
frequency fluctuations of the membrane potential. E) and information rate.

correlation of the γ-power to the phase of the low frequency modulation (r). In the
following sections, we will use these values and their ranges for restraining the models
and to compare simulation results with the recordings.

3.3.2. Construction and Tuning of Input Conductances

Having quantified the properties of the membrane potential traces during responses
to different orientations in the recorded neurons, we constructed input conductances,
which reproduced these features in a model neuron. Specifically, we aimed to reproduce
the following characteristics:

• Spectral composition of the membrane potential fluctuations.

• Averaged firing frequency.
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Optimal Non-optimal Null
Spike response 14.1± 11.9 1.1± 1.6 4.8± 3.6 Hz

Information rate 5.7± 2.4 0.5± 0.8 2.7± 2.0 Bits/sec
Stimulus-power 18.4± 9.4 3.7± 3.5 8.9± 5.9 mV 2

γ-power 2.66± 1.91 0.95± 0.65 1.8± 1.54 mV 2

r 0.61± 0.15 0.36± 0.12 0.48± 0.15
< Vm > −68.2± 4.7 −71.1± 4.8 −68.2± 4.6 mV

Table 3.2.: Average values (n = 9) for the mean firing rate, of the information rate, of the
strength of the low (stimulus, 1− 3Hz) and the γ-range (25− 70 Hz) membrane
potential fluctuations, of the linear correlation coefficient r between stimulus
phase and the strength of the γ-range fluctuations, and for the mean membrane
potential.

• Dependence of the low frequency modulation of the membrane potential on stim-
ulus orientation/direction of movement.

• Dependence of the high frequency fluctuations on stimulus orientation.

• Relation between low frequency and high frequency fluctuations of the membrane
potential.

To construct fluctuating conductance input, which reproduces the spectral compo-
sition of membrane potential traces recorded in visual cortex neurons, the excitatory
ge(t) and inhibitory gi(t) conductance traces were generated as follows. We generated
a Gaussian white noise, transferred it to Fourier space, and multiplied it component-
wise with a function f(ω):

f(ω) = a1 exp(−τ1ω) + a2 exp(−τ2ω) + a3 exp(−τ3ω), (3.7)

and then transferred the result back to the time-domain with an inverse Fourier trans-
formation. In the function f(ω), the parameters a1− a3 and b1− b3 represented three
frequency ranges, Blow ∈ [0− 25]Hz, Bγ ∈ [25− 70]Hz, and Bhigh ∈ [70− 1000]Hz,
and were adjusted in such a way that the average power of the simulated membrane
potential in each of these three frequency ranges deviated by less than 3% from the
power spectrum of the recorded cell.

In Fig. 3.4A and B, power spectra of the simulated voltage traces (red lines) are
shown together with the power spectra of recorded membrane potential traces (blue
lines) for the optimal and non-optimal responses. This Fig. illustrates that our adjust-
ment procedure allowed the spectral composition of the recorded membrane potential
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Figure 3.4.: Power spectra of the membrane potential responses to optimal (A) and non-
optimal (B) orientation in the recorded cell (blue lines, the neuron from Fig.3.1)
and in the simulation responses of the model neuron (red lines).

traces to be reproduced well, as well as the difference between the optimal and non-
optimal responses in the two - the low and the high - frequency ranges. Adjustment
of the coefficients of the function f(ω) to reproduce the frequency spectra of recorded
data was performed only for optimal and non-optimal orientation. For all other orien-
tations, the coefficients were linearly interpolated according to the measured direction
tuning of neuronal responses.

Next, we implemented in the simulated traces the correlation between the amplitude
of the γ-range fluctuations and the phase of slow modulation of the membrane potential
using the following procedure. First we segregated the conductance trace ge0(t) [cf. eq.
(3.4)] in Fourier space into two frequency components. The first component, geγ(ω),
contained the frequencies in the γ-range (25 − 70 Hz), and the second component,
grest(ω), contained all remaining frequencies (< 25 Hz and > 70 Hz). The amplitude
of the γ-range component was modulated with a sinusoidal signal according to eq.
(3.8). The resulting signal was then added to grest(ω) to yield the total conductance
ge0(t):

ge0(t) = grest(t) + β [1 + ε sin(2πft)] geγ(t). (3.8)
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Figure 3.5.: Modulation of the γ-range conductance in the model neuron. A) γ-range com-
ponent (25 − 70 Hz) of the excitatory conductance trace with a strong (ε = 1)
modulation. B) Relation between the expected modulation of the γ-power of the
excitatory conductance (red dashed line) and the γ-power calculated from the
trace in A) [solid line] using a running window of 102.4 ms duration. C) Linear
coefficient of correlation (r) between the amplitude of the γ-range fluctuations
and the slow changes of the membrane potential in the model neuron plotted
against the strength of modulation of excitatory γ-range conductance (ε) for
responses to a strong (blue square line) and a weak (red circle line) stimuli.

In eq. (3.8), ε determines the degree of modulation (ε ∈ [0, 1]). Since the modulation
affects the standard deviation of ge0(t), we included an additional parameter β, which
allowed to compensate for the change of the standard deviation of ge0(t) and to bring
it back to the same value as in the original trace without modulation. The phase of
the gamma-modulation was adjusted to match the phase of the stimulus.

Figure 3.5A shows an example trace of the γ-frequency component of the excitatory
conductance ge(t), with a strong modulation (ε = 1) of the amplitude of the γ-range
fluctuations. In Fig. 3.5B, the running average of the γ-power (blue solid line), cal-
culated in a sliding window of 102.4 ms, is compared to the expected modulation of
the γ-power (red dashed line). The measured modulation of the γ-power is in good
agreement with the expectation. However, even the strongest (ε = 1) modulation of
the γ-power of excitatory conductance led to a smaller than 1 correlation between the
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amplitude of the γ-range fluctuations and the slow depolarizations in the membrane
potential (r = 0.9 for the example in Fig. 3.5A and B).

Several factors contributed to the reduction of the correlation in the membrane
potential trace compared to the actual modulation of the conductance. Apart from
the low pass filter property of the neuron, the calculation procedure contributed as
well. The estimate of the correlation coefficient depends on the duration of the sliding
window used for the calculation of the running average of the γ-power. Too short a
window gives unreliable estimates of the γ-power, while for too long a window the
assumption of constant stimulus does not hold. With the stimulation frequencies used
in our study (0.5 to 2.5 Hz), maximal values were obtained with a running window of
about 100ms duration. However, even with this optimal window length the correlation
coefficient was 0.9 for a perfectly correlated signal.

One further factor contributing to the reduction of the correlation in the membrane
potential traces is a shunting effect of the slow changes of the input conductance and
thus of the input resistance of the neuron at temporal frequency of stimulation. Dur-
ing the positive, depolarizing phase of the response to stimulation, when the γ-range
conductances have higher amplitudes, the total input conductance is also larger, lead-
ing to a stronger shunting. As a result, high-amplitude γ-range conductances will be
subject to a stronger reduction by shunting during the translation into membrane po-
tential fluctuations, than low-amplitude γ-range conductances. Thus, low-frequency,
stimulus-induced modulation of the input conductance counteracts the modulation of
the amplitude of the γ-range fluctuations. Figure 3.5C illustrates the relation between
the conductance modulation (ε) and measured correlation (r) between the γ-power
and slow depolarizations in the membrane potential for the strong (e.g. optimal; blue
square line) and weak (e.g. non-optimal; red circle line) responses. Figure 3.5C shows
that strong stimulation has a stronger reducing effect on the measured correlation,
and can lead even to negative values of the correlation coefficient.

Figure 3.6 illustrates membrane potential traces of the model neuron for optimal
(Fig. 3.6A-C) and non-optimal (Fig. 3.6D-F) orientation and their analysis, which
was done in exactly the same way as the analysis of intracellular recordings in visual
cortex neurons (see Fig. 3.1). The simulated traces reproduce well the properties of
those recorded. The simulated and the recorded responses have similar amplitudes of
the slow modulation and the γ-range fluctuations of the membrane potential, as well
as the correlation between the amplitude of the γ-range fluctuations and the phase
of the slow modulation. To obtain in the membrane potential traces the values for
correlation coefficient similar to those observed in the experiment, we had to introduce
strong conductance modulation (ε > 0.9) for the optimal response. At non-optimal
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Figure 3.6.: Simulated responses of the model neuron to optimal (A) and non-optimal (D)
orientation and their analysis. The spectral composition of the simulated traces
was adjusted to match the spectral composition of the responses recorded in
the cell in Fig. 3.1. A) and D) Simulated membrane potential traces. Temporal
frequency of the moving grating was 2Hz. Action potentials are truncated. B),
C) and E), F) Analysis of the relation between the low frequency component
[0.3−3 Hz, solid lines in B) and E)] and the high frequency, γ-range component
[25−70 Hz, C) and F)] from the traces in A) and D). In B) and E) dashed lines
show the power of the γ-range fluctuations estimated in a running window of
102.4 ms. Note that the γ-power (dashed) curves are normalized to match the
amplitude of the respective low frequency components.

orientation, lower values of ε, between 0.3 and 0.5 were sufficient to reproduce the
correlation seen in the experimental data.

Despite an overall similarity to the recorded membrane potential responses, the
simulated traces have slightly different shapes of the slow depolarizations. In the
simulations, the depolarization peaks are somewhat broader due to a cut off, which
occurred because a substantial part of the stimulus was supra-threshold. The cor-
respondence of the shape of depolarization peaks to the recordings could have been
recovered by decreasing the average membrane potential. However, this would also
lead to a substantial reduction of the average firing rate of the model neuron. Since
stimulus encoding depends strongly on firing rate, we opted for obtaining in the simu-
lations the similar firing rates, but slightly deviating from the recorded shapes of the
slow depolarizations.

3.3.3. γ-Band Membrane Potential Fluctuations and Stimulus Encoding

Using the neuron model described above, we studied the influence of the high frequency
membrane potential fluctuations, dependence of their strength on stimulus optimality,
and modulation of their amplitude by slow membrane depolarizations on orientation
tuning of spike responses and neuronal encoding. To this end, we simulated and an-
alyzed responses to stimuli of different orientations/directions of movement for three
classes of inputs. In the first class, only the low frequency stimulus power was adjusted
to fit the experimentally observed values. This class will be referred to as stimulus
alone. In the second class, in addition to stimulus-power, also the γ-power increase
with stimulus optimality was implemented. In this class, unmodulated gamma, the
γ-power was adjusted to the experimentally observed values, but was not modulated
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3. γ-Band Membrane Potential Fluctuations and Stimulus Encoding

with the slow membrane depolarizations (ε = 0). In the third class, modulated gamma,
in addition to the stimulus and γ-power, also the modulation of the amplitude of the
γ-range fluctuations by slow membrane depolarizations was adjusted to the experi-
mental values. For this latter adjustment we used ε values between 0.3 and 1, so that
the correlation coefficients calculated for the simulated responses were similar to the
experimentally observed values.

Orientation tuning of the model neuron

Figure 3.7 shows orientation tuning of different parameters in the model neuron for the
three classes of inputs (solid lines, color coded), and compares the simulations with
the data from the recorded visual cortex neuron (black dashed line). In Fig. 3.7A,
stimulus-power of the membrane potential is plotted against the direction of stimulus
motion. With all three classes of inputs, simulation results reproduce the experimen-
tally observed data well. For most of the orientations, the simulation results essentially
coincided with experimental data, and in all cases deviated by less than 5%.

Figure 3.7B compares the γ-power in the simulations and recorded neuron. Most
pronounced deviations from the experimental data were observed in the stimulus alone
simulation, in which only the stimulus power was adjusted to the experimental data
(blue square line). Interestingly, even in this case the γ-power increases slightly with
stimulus optimality. This increase was due to the fact that in the model, the power
spectra of the membrane potential traces for different orientations is generated from
the optimal and non-optimal spectra by linear interpolation (see above, Fig. 3.4 and
related text). In the two other scenarios, unmodulated gamma (green cross line)
and modulated gamma (red diamond line), the increase of the γ-power with stimulus
optimality was explicitly included in the model. In both latter cases, orientation
dependence of the γ-power observed in the experiments was faithfully reproduced in
the simulations.

Figure 3.7C shows the linear correlation coefficient between the amplitude of the
γ-range fluctuations and the phase of the slow membrane depolarizations as a function
of stimulus orientations. Here, only the most complete of the three models, with the
modulated gamma (red diamond line), reproduced the experimental data. To achieve
similar values of the correlation coefficient as observed experimentally, modulation of
the excitatory conductance in the model had to be set in the range of 0.3 < ε < 1. Two
other models, stimulus alone and unmodulated gamma (blue and green lines), fail to
reproduce experimental data. In fact, in both cases, even negative correlations were
observed for most orientations. This was due to the shunting effect of the stimulus
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Figure 3.7.: Comparison of the features of the neuronal responses, recorded in the visual
cortex, and of the simulated responses in the model neuron, which received
inputs of three different classes. In A-D), circles and black dashed lines show
recorded data (neuron from Fig. 3.1). Simulated data are shown in different
colors for three types of inputs. Blue square lines: stimulus alone input with
only stimulus power adjusted to fit the experimental data. Green cross lines:
unmodulated gamma input, in which in addition to the stimulus-power, also
the γ-power depended on stimulus optimality. Red diamond lines: modulated
gamma input, in which in addition to the stimulus and γ-power, the modulation
of the amplitude of the γ-range fluctuations by slow membrane depolarizations
was also adjusted to the experimental values. All response features are plotted
against the direction of grating movement. A) Strength of the low frequency
fluctuations of the membrane potential (stimulus power). B) γ-power of the
membrane potential responses. C) Correlation between the stimulus and the
γ-power. D) Spike count.
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3. γ-Band Membrane Potential Fluctuations and Stimulus Encoding

conductance, which affected (reduced) the amplitude of unmodulated γ-range fluc-
tuations most strongly during strong depolarizations, thus introducing the negative
correlation (see Fig. 3.5 and related text above).

Figure 3.7D shows the spike tuning of the recorded cell and the models. The tuning
of the recorded neuron is best reproduced by the most complete model, with the
modulated gamma (red diamond line). Some minor deviations of the simulated spike
response from the experimental data were due to the fact that in the recorded cell, the
mean membrane potential was also changing as a function of stimulus orientation. This
dependence was not implemented in the model, leading to small difference in firing
rates at null orientation. In the simulations without the modulation of the γ-power,
or stimulus alone (blue and green lines), the model neuron generated considerably
fewer spikes. At optimal orientation the firing rate in these models dropped to about
50− 60% of that in the recorded neuron and in the model with γ-power modulation.
Comparison of the three models shows that the γ-range fluctuations of the membrane
potential lead to a substantial increase in spike response, only if they were modulated
in phase with the slow membrane depolarizations.

Results presented in Fig. 3.7 demonstrate that all three classes of input reproduce the
low frequency modulation of the membrane potential at temporal frequency of stim-
ulation and, if implemented, the properties of the high-frequency fluctuations fairly
well. Differences in other parameters allow to make inferences on the contribution of
the γ-range fluctuations to stimulus encoding.

Figure 3.8 compares the information rate in the model neuron and in the responses
of the recorded cell. The information rate was highest for the simulations, which
included the modulation of the amplitude of the γ-range fluctuations (red diamond
line). At optimal orientation, the estimated information rate for the model neuron was
even slightly higher than for the cell (black dashed line), despite the equal averaged
firing rate. For the null direction of movement, information rate in the recorded
cell was slightly higher. In the models without modulation (blue and green curves),
the information rate was clearly lower than with modulation, which was an expected
consequence of the lower firing rates. The percent decrease in information rate (to
60 − 70%), however, was not as strong as the decrease in firing rate (to 50 − 60%).
Moreover, both models without γ-power modulation, had essentially same information
rates, showing that addition of unmodulated γ-range fluctuations of the membrane
potential has little effect on encoding. Thus, information encoding is improved only
by modulated γ-range fluctuations, whereby higher information rates are due to the
ability of the modulated γ-range fluctuations to facilitate stimulus-locked firing of
neurons.
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Figure 3.8.: Comparison of the information rate in the recorded and simulated responses.
Circles and black dashed lines: recorded data, neuron from Fig. 3.1. Simulated
data are shown in different colors for three types of inputs, as in Fig. 3.7. Blue
square lines: stimulus alone input. Green cross lines: unmodulated gamma
input. Red diamond lines: modulated gamma input. Information rate is plotted
against the direction of grating movement.

γ-Activity Modulation and Stimulus Encoding

To further investigate the effect of the γ-activity modulation on stimulus encoding,
we have used the most complete model, with stimulus-dependent low frequency mod-
ulation, stimulus-dependent γ-power modulation, and depolarization-dependent mod-
ulation of the γ-activity. In this model, we systematically changed the strength of
the depolarization-dependent modulation of the γ-activity, while adjusting all other
parameters to match the averaged values of our experimental data sample (Table 3.2).

Dependency of the information rate and the firing rate on the strength of γ-activity
modulation with the phase of slow membrane depolarizations (ε) is shown in Fig. 3.9.
A decrease of the modulation of γ-range conductance (ε) leads to a decrease of both the
information rate and firing rate (Fig. 3.9A, solid lines). Interestingly with decreasing
ε, the firing rate decreases slower, reaching 86% at ε = 0 (blue solid line) than the
information rate, which falls to 77% at ε = 0 (red solid line).
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Figure 3.9.: Dependence of the information rate, the firing rate and the high (γ-range)
and the low (stimulus) frequency power in the model neuron on the degree of
modulation of the γ-band activity by the low frequency changes of the membrane
potential (ε). A) Information rate and the firing rate plotted against the degree
of the γ-band activity modulation in the model neuron with (dashed lines) and
without (continuous lines) keeping the total γ-power constant. A decrease of ε

reduces both information rate (red solid curve) and firing rate (blue solid curve).
The dashed lines show the corresponding values for the IR and firing rate, where
the γ-band activity was kept constant at different values of ε. Information rate
and firing rate are normalized to one at ε = 1. B) γ-power of the membrane
potential plotted against the degree of modulation ε (blue solid curve). The
red (dashed) curve represents the γ-power of Vm for simulations, where the γ-
power of the excitatory conductance was adapted to match the experimentally
observed value. C) Stimulus power plotted against the degree of modulation (ε).
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The slower decrease of the firing rate may be due to the fact that the decrease of
ε actually leads to an increase of the total power of the γ-range fluctuations of the
membrane potential as illustrated in Fig. 3.9B (blue solid line). When the amplitude
of the γ-range fluctuations was strongly correlated with depolarization peaks (ε = 1),
the γ-range fluctuations are subjected to substantial shunting by the stimulus-induced
high conductance. With decreasing correlation (ε < 1), the power of the γ-range
fluctuations of the excitatory conductance becomes redistributed towards the negative
phases of the stimulus-induced depolarizations, and the γ-range fluctuations are less
shunted by the stimulus conductance. As a result, the total power of the membrane
potential fluctuations in the γ-band increases with decreasing ε. This increase of the
total γ-band power of the membrane potential fluctuations explains the slower decrease
of the firing rate in Fig. 3.9A. If we adjust the amplitude of the γ-range fluctuations in
the model such that the total γ-power of the membrane potential fluctuations remains
the same at all values of ε (Fig. 3.9B; red dashed curve), both the firing rate and the
information rate decrease more substantially, but also more uniformly, with decreasing
ε (Fig. 3.9A, dashed curves).

Changing the degree of modulation of the γ-power by the slow membrane depo-
larizations had only little effect on stimulus-power (Fig. 3.9C). A minor increase in
stimulus power (solid line) with decreasing ε can be attributed to re-distribution of the
γ-activity. With decreasing ε, some of the γ-range conductance is shifted away from
the depolarization peaks, leading to a weaker shunting of the depolarization peaks,
first, by the γ-range conductance itself, and second, due to lower firing rate, decreased
shunting of depolarization by action potential-related conductances.

Factors Influencing Firing Rate and Stimulus Encoding

Information rate depends on firing rate, because each additional spike contains some
information about the stimulus, and on the information content of each action poten-
tial, i.e. the precision of its relation to the stimulus. Thus, stimulus encoding may
be changed either by varying the firing rate or the precision of the spiking. In the
next series of simulations we investigated, how the firing rates and stimulus encoding
are affected by variation of the amplitude of the low frequency, stimulus-related mod-
ulation of the membrane potential, and by variation of the power of the membrane
potential fluctuations in the γ-range. For both these parameters, we used the ranges
of variability seen in the experimental data, and modified them by plus-minus one
standard deviation from the mean (see Table 3.2). We compared the behaviour of two
models, the first one with complete modulation of the γ-range power by slow mem-
brane depolarizations (ε = 1), and the second one with un-modulated γ-range activity
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Figure 3.10.: Dependence of the firing rate (A) and the information rate (B) on alteration
of the stimulus-power (blue square curves) or the γ-power (red circle curves).
Both, the stimulus and the γ-power were altered plus-minus one standard
deviation from the mean values measured in visual cortex neurons (see Table
3.2). Solid lines: Model with complete modulation of the γ-power by slow
membrane depolarizations (ε = 1). Dashed lines: Model with un-modulated
γ-power.

(ε = 0).

In Fig. 3.10A, the firing rate is plotted against the changes of the stimulus-power or
the γ-power. In both models, alteration of either the stimulus or the γ-range power
led to changes of the firing rate. However, the firing rate was affected most strongly by
changing the γ-power in the complete model with the slow depolarization-modulated
γ-range activity (red solid line). This is indicated by the bigger range of the firing
rate changes (10.3 Hz to 17.7 Hz) and the maximal slope of the respective regression
line [3.7 Hz per std, as compared to 2.4 Hz per std (blue solid curve), 2.8 Hz per std
(blue dashed curve) and 2.0 Hz per std (red dashed curve) for the three other cases].

Figure 3.10B shows dependences of changes of the information rate on the alteration
of the stimulus-power or the γ-power for the two models (same simulations as in
Fig. 3.10A). Figure 3.10B demonstrates two important points. First, information
rates were systematically higher in the model with the γ-range activity, modulated by
the slow membrane depolarizations. This is illustrated by the fact that the solid lines,

56



3. γ-Band Membrane Potential Fluctuations and Stimulus Encoding

which represent the data obtained with the modulated-gamma model, are located
higher than the dashed lines, which represent data from the model with un-modulated
gamma. Second, in the model with modulated-gamma, alteration of the γ-power has
a stronger effect on stimulus encoding, than alteration of the low frequency stimulus-
power. This is indicated by the broader range of the information rates covered (4.4
to 6.7 bits

sec , and steeper slope of the dependence on the input alteration (1.19 bits
sec per

std), of the respective data [compare red and blue solid lines].

Taken together, these results show that alternation of the γ-band activity at the
input to the neuron represents the most effective way of changing the rate if its firing
and the stimulus encoding, and that the model with modulated gamma provides the
most efficient encoding of the stimulus.

3.4. Discussion

Main results of the present study are the following. (i) Analysis of our intracellular
recordings from visual cortex neurons showed that the difference between membrane
potential responses to the optimal and non-optimal stimuli is most pronounced in two
frequency ranges: at low frequencies around temporal frequency of the stimulation
and at high frequencies, in the γ-range and above (20 − 200 Hz). Furthermore, the
amplitude of the γ-range fluctuations correlated with the phase of the low frequency
membrane potential changes. Our simulations showed that (ii) stimulus encoding
was substantially improved by the modulation of the amplitude of the high frequency
fluctuations by the phase of low frequency changes of the membrane potential; (iii)
changing the degree of modulation of the γ-activity by the low frequency signal clearly
had a stronger effect on both the firing rates and information rates than changing
the amplitude of the low-frequency stimulus itself; (iv) non-modulated, uniform γ-
activity lead to only a moderate enhancement of the firing rates, information rates,
and improvement of encoding as compared to the stimulus-alone condition, in which
only the amplitude of the low frequency stimulus itself was varied.

Electrophysiological Results

We have selected for the analysis only visual cortex neurons with simple-type receptive
fields, with clear modulation of the membrane potential and firing at temporal fre-
quency of the stimulation (Dean and Tolhurst, 1983; Scottun et al., 1991; Carandini
and Ferster, 2000; Volgushev et al., 2003). We did not consider here neurons with
complex receptive fields, in which temporal frequency of the stimulation is reflected
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little in the modulation of the membrane potential and firing. Because of the difference
in the response modulation, simple cells are much better suited for encoding temporal
structure of stimuli, than complex cells.

Our previous study showed that γ-band fluctuations of the membrane potential are
a common property of visual cortex neurons, present in both simple and complex
cells (Volgushev et al., 2002, 2003). In the simple cells, the amplitude of the γ-
band fluctuations correlated with the phase of the low frequency, stimulus-induced
membrane potential changes, being maximal at depolarization peaks and minimal
at hyperpolarization troughs of the membrane potential responses (Volgushev et al.,
2003). Results of the present study confirm and extend these findings. We have used
now an improved measure of the relation between the high frequency fluctuations and
the slow changes of the membrane potential correlation between the low frequency
component and the running average of the power of the high frequency fluctuations.
This measure gives better estimation of their relation and higher correlation values
than the envelope-based method used in our previous study. A further important
advantage of this measure is that it can be better formalized and thus used as a
variable (and also as a constraint) in the simulations.

We have found that difference in the spectral composition of membrane potential
responses to presentation of the optimal and non-optimal stimuli is most pronounced
in two ranges: the low (< 4 Hz) and the high (20− 200 Hz). The difference between
the optimal and non-optimal responses in the low frequency range, around temporal
frequency of stimulation is present in simple cells by definition. More interesting is
that the difference becomes less at intermediate frequencies (5− 20 Hz), but increases
again to several-fold in the γ-band and higher (20 − 200 Hz). The decreased differ-
ence in the middle-range indicates that the stronger high frequency fluctuations of the
membrane potential during the optimal stimulation were not due to high-order har-
monics of the stimulation frequency. Rather, high frequency fluctuations might reflect
a genuine temporal structure of the input activity. Together with such features of
the γ-band fluctuations as their abilities to make generation of action potentials more
reliable (Mainen and Sejnowski, 1995; Nowak et al., 1997; Volgushev et al., 1998, 2003;
Salinas and Sejnowski, 2000), produce precise temporal patterns of activity (Mainen
and Sejnowski, 1995; Nowak et al., 1997) and impose precise temporal windows for
synaptic integration (Lampl and Yarom, 1993; Volgushev et al., 1998), the stronger
contribution of high-frequencies to the optimal responses may indicate an interesting
possibility that most relevant information in neuronal networks (e.g. presence of the
optimal stimulus in the receptive field) is transmitted by the γ-band activity. This
possibility fits also well to the long-suggested role of γ-band fluctuations in synchroniz-
ing activity of neuronal ensembles and binding the descriptions of an object (Eckhorn
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et al., 1988; Gray and Singer, 1989; Singer, 1993, 1999).

Simulated Responses of the Model Neuron: What they Reproduce and what they

Show

Simulated responses of the model neuron to different orientations of moving gratings
reproduced the membrane potential traces, their spectral composition as well as other
implemented features well.

Simulations clearly reveal mutual shunting effects between the low (stimulus) fre-
quency and the high frequency fluctuations. Due to the shunting by the stimulus-
frequency changes in membrane conductance, the high frequency fluctuations of con-
ductance are translated into membrane potential changes non-uniformly, with stronger
shunting during peaks of slow depolarizations. One further factor, masking the relation
of the membrane potential changes to the underlying conductances is a non-linear ei-
ther sublinear or supra-linear summation of synaptic inputs impinging onto the neuron
(Häusser et al., 2000). These factors impose limitations on the reliability of measure-
ments of the correlation between the low frequency depolarizations and the amplitude
of high frequency fluctuations of the membrane potential. In the simulations, we had
to implement a much stronger modulation of high-frequency conductances to repro-
duce the values of correlation coefficients seen in the recordings. This indicates that
the real difference between the depolarization peaks and hyperpolarization troughs
in the strength of γ-range conductance might be even higher than assessed from the
membrane potential traces. An implication of these simulation results is that the γ-
power is clearly non-evenly (non-randomly) distributed between slow depolarizations
and hyperpolarizations otherwise the shunting by the low frequency conductance
changes should have lead to a negative correlation, which we never observed in the
recordings. This points towards an intrinsic relation between the γ-band activity and
low frequency depolarizations and is compatible with the abovementioned possibility
that it is an inherent property of the activity in neuronal networks, to be γ-structured.

Comparison of the simulated responses of the model neuron subject to three differ-
ent classes of inputs (stimulus alone, unmodulated gamma, and modulated gamma see
Sec. 3.3 for details) showed that only the most complete model, with the γ-activity
modulated by the phase of slow depolarizations, faithfully reproduced the firing rates
and information rates, seen in the recorded neuron. In contrast, both types of inputs
without modulated γ-activity, the stimulus-alone and the unmodulated gamma, pro-
duced similar firing rates and information rates in the model neuron, well below the
recorded data. Thus, the γ-activity as such, without being modulated by the phase of
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stimulus-frequency depolarizations, brings about little enhancement of the firing and
little improvement of the encoding.

Of course, unmodulated γ-activity at the input could still be useful for detection
of weak stimuli, causing an effect similar to stochastic resonance (Anderson et al.,
2000a; Volgushev and Eysel, 2000; see Moss et al., 2004 for a review). However, this
effect does work in only a relatively narrow range of the relations between the thresh-
old, the amplitude of the high frequency fluctuations (noise in stochastic resonance)
and the stimulus strength. Apparently, the real values, which we measured in the
recorded neurons and implemented in the model, were outside that range. With the
measured ranges of parameters, modulation of the γ-activity by the stimulus-frequency
membrane depolarization resulted in the substantial increase of the firing rates and
improvement of the stimulus encoding.

Limitations of the Model

Several limitations of our model are worth mentioning. First, modulation of the γ-
activity in the model was implemented by modulating the excitatory conductance only.
In reality, γ-band fluctuations might originate from precise temporal organisation of
excitatory and inhibitory inputs/conductance, with possible additional contribution
of intrinsic membrane mechanisms of some cells (Jagadeesh et al., 1992; Jahnsen and
Karnup, 1994; Gutfreund et al., 1995; Gray and McCormick, 1996; Hutcheon et al.,
1996; Bringuier et al., 1997; Lampl et al., 1999). However, since the aim of our
study was to investigate how the stimulus encoding is influenced by the presence of
high frequency fluctuations and their relation to the low frequency stimulation, the
exact mechanism with which the fluctuating conductance was produced was of little
importance. In fact, in our model, introducing fluctuations of inhibitory conductance
in addition to the excitatory did not influence encoding unless the total power of the
γ-band fluctuations was affected. This also shows the robustness of our results with
respect to the detailed mechanisms of the high frequency fluctuations.

Second, spectral composition of the membrane potential, resulting from the spatial
and temporal integration of numerous synaptic inputs impinging on the dendrites,
equipped with active ionic conductances is not necessarily Gaussian or filtered Gaus-
sian as implemented in our model. Moreover, it might be possible to adjust the spectral
composition of the simulated membrane potential traces to those recorded with a dif-
ferent combination(s) of stochastic processes, than the one we have used. However,
Destexhe et al. (2001) demonstrated that filtered Gaussian provides a reasonably good
approximation of membrane potential fluctuations, therefore we opted for this easily
tractable mathematical generation of conductances.

60



3. γ-Band Membrane Potential Fluctuations and Stimulus Encoding

Finally, we have used for simulations a conductance-based model with Hodgkin-
Huxley type channels. Since stimulus encoding in model neurons depends on the
properties of the action potential generation mechanism (Fourcaud-Trocm et al., 2003;
Naundorf et al., 2005), we have adjusted parameters of the kinetic equations to achieve
a better correspondence between the simulated and the recorded action potentials. Al-
though recent study have demonstrated that the Hodgkin-Huxley type models cannot
describe precisely the initiation dynamics of cortical action potentials (Naundorf et
al., 2006), there is still no simple and approved model available for an alternative
description. For that reason, we decided to use the Hodgkin-Huxley type model with
tuned channel kinetics. Moreover, since rapid dynamics of action potential initiation
is beneficial for the encoding of fast signals (Naundorf et al., 2006), such as γ-range
fluctuations, it may even facilitate the effects of fast membrane potential fluctuations
on stimulus encoding, reported here.

Modulated γ-Band Activity and Stimulus Encoding

Fast, γ-band fluctuations of the membrane potential possess several features, which
make them especially well-suited to subserve synchronisation of neuronal activity
and/or binding of object representations (Eckhorn et al., 1988; Gray and Singer, 1989;
Singer, 1993, 1999). To these features of the γ-band fluctuations belong the ability to
support reliable spike generation, impose precise temporal windows for synaptic inte-
gration and produce precise temporal patterns of activity (Lampl and Yarom, 1993;
Mainen and Sejnowski, 1995; Nowak et al., 1997; Volgushev et al., 1998, 2003; Salinas
and Sejnowski, 2000).

Our earlier results indicated that γ-band fluctuations may also modify the gain
at which membrane depolarizations are translated into spike responses (Volgushev
et al., 2002), and that the strongest γ-fluctuations are associated with the peaks of
slow membrane depolarizations (Volgushev et al., 2003, 2004). We suggested that
the modulation of the amplitude of the γ-band fluctuations by the phase of the low
frequency membrane potential changes might improve stimulus encoding (Volgushev et
al., 2003, 2004). Theoretical results by Lindner and Schimansky-Geier (2001) support
this suggestion. They have shown that the modulation of the noise intensity is an
efficient way to transmit signal through neural ensembles. Here we show that the
modulation of the amplitude of the γ-range fluctuations within the experimentally
observed range can indeed lead to a higher information transmission efficiency. With
the modulated-gamma input, the model neuron reproduced both the firing rates and
information rates of the recorded cells most closely. This was not the case for the
input with non-modulated (i.e. independent of the slow depolarization) γ-activity, or
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the input with only low (stimulus) frequency depending on orientation.

Firing of the model neuron showed clear and strong dependence on the degree of
γ-modulation, either when the modulation influenced the total γ-power due to shunt-
ing effects of the low frequency depolarizations (see results), or when the model was
compensated for that shunting, and the total γ-power remained constant. Further-
more, the degree of modulation of the γ-activity had an even stronger effect on both
the firing rate and the information rate, than variation of the strength of the low fre-
quency input itself, implemented in the model as changes of the amplitude of the low
(stimulus) frequency component.

Thus, not just the net depolarization, but also the fine temporal structure of the
input is critical for producing high-frequency responses and for transmission of in-
formation at high rates. In turn, precise temporal organisation at the inputs might
produce a precisely patterned spike output of the cells, and thus precise temporal
pattern of activity at the inputs to the next-level neurons. Taken together, these
properties allow the γ-band activity not only to improve stimulus encoding in every
single neuron, but also to facilitate propagation of the encoded information through
multiple processing layers of the neuronal network.
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4. Neural Information Transmission

4.1. Introduction

In the introduction of this thesis we have discussed that a basic feature of spike trains
observed in many experiments in vivo is the high degree of variability arising from the
background activity, which is permanently present in the cortex (Destexhe and Pare,
1999; Destexhe et al., 2003). This fluctuating activity can significantly influence the
information transmission properties of cortical neurons by making transmission fast
(Tsodyks and Sejnowski, 1995; Silberberg et al., 2004) or by allowing the transmission
of otherwise subthreshold signals, for example through stochastic resonance (Bulsara
et al., 1991; Longtin, 1993). Stochastic resonance is a phenomenon in which the
transmission of a signal - measured for example by the mutual information between
input and output - becomes optimal for a certain noise level, which depends on the
properties of the distribution of the input signal.

Since stochastic resonance was proposed as a possible explanation of the periodicity
of the ice ages (Benzi et al., 1981; Nicolis, 1982), it has been shown that stochastic
resonance is fundamental in many physical, chemical, and biological processes [for a
general review on stochastic resonance see Gammaitoni et al. (1998)]. For stochastic
resonance to occur, a neural system has to be non-linear (bistable system) and the
driving input has to consist of a weak (subthreshold) signal and a stochastic force
(noise). Neural systems are both strongly nonlinear, e.g. they possess a threshold for
action potential generation, and they are subjected to many noise sources, which are
either external or intrinsic (cf. Sec. 1).

Unsurprisingly, it was recognized early that stochastic resonance may also play a
major role in neural information processing. Over the last two decades, stochastic
resonance in neural systems has been investigated, both theoretically (Bulsara et al.,
1991; Longtin, 1993; Wiesenfeld and Moss, 1995; Lindner and Schimansky-Geier, 2001;
Rudolph and Destexhe, 2001; Hoch et al., 2003) and experimentally (Douglas et al.,
1993; Collins et al., 1995; Simonotto et al., 1997; Russell et al., 1999; for a review see
Moss et al., 2004). These studies concluded that their is strong evidence for stochastic
resonance in the sensory and peripheral nervous system. Nevertheless, it is still unclear
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to what extend stochastic resonance plays a role in the central nervous system of higher
animals.

Maximal information transmission, however, may not be the only goal neurons try
to achieve. Neural activity is costly in metabolic terms, and energy consumption and
dissipation becomes a concern, for example for the densely packed central nervous
system of higher animals. Several researchers have suggested that the overall energy
consumption constrains information transmission, and it has been argued that neurons
try to achieve a balance between information transmission and energy consumption,
leading to energy efficient codes (Levy and Baxter, 1996; Laughlin et al., 1998; Bal-
asubramanian et al., 2001; de Polavieja, 2002; Hoch et al., 2003). Energy efficient
codes favor many parallel low intensity pathways (Laughlin et al., 1998). Indeed, re-
cent studies on the energy consumption of the cortex have suggested that the average
firing rates of cortical neurons might be less than 1Hz (Attwell and Laughlin, 2001;
Lennie, 2003). Such low firing rates are typical for weak (subthreshold) signals, which
raises the hypothesis that stochastic resonance is a useful mechanism for low cost
information transmission.

In the following, we explore the complex relationship between information transmis-
sion, energy consumption and background activity. Using a leaky integrate-and-fire
neuron, we show that noise can enhance information transmission substantially if the
input signal is subthreshold. Nevertheless, information rates are much higher for
supra-threshold signals and we show that the addition of noise always deteriorates
information transmission for such signals. The transmission of signals in the supra-
threshold regime, however, is also accompanied with high firing rates of the neurons
involved. Thus the question arises as to why cortical cells favour low firing rates (Ol-
shausen and Field, 2005). After including metabolic constraints we find that optimal
information transmission in terms of information rate per unit cost occurs mainly in
the subthreshold regime, where neurons can exploit the membrane potential fluctua-
tions to maximize information transmission (stochastic resonance). Thus we conclude
that in the central nervous system of higher animals, information is likely to be coded
using low firing rates and populations of cells, similar as it was proposed for cells in
the blowfly retina (Laughlin et al., 1998).

4.2. Materials and Methods

We consider a leaky integrate-and-fire (LIF) neuron. For a detailed description of the
LIF model see Sec. 2.2.1. The membrane potential V of the leaky LIF neuron changes
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in time according to the following differential equation:

τm
dV (t)

dt
= (EL − V (t)) +

Istim(t)
gL

+ D
dW (t)

dt
, (4.1)

where τm = 10ms is the membrane time constant, gL = 0.05 µS/cm2 is the leak
conductance of the membrane, EL = −70 mV is the reversal potential, Istim(t) is the
external signal, and dW (t) is the infinitesimal increment of a Wiener process, which
describes the influence of the background activity on the membrane potential (see
Sec. 2.2 for more details about the LIF and the noise model). In this study we used
an aperiodic Gaussian signal Istim(t), which is generated by Fourier transforming a
band-limited white noise power spectrum to time domain. The lower and upper cut-off
frequency were flow = 2Hz and fhigh = 5Hz, respectively.

To characterize stochastic resonance, we estimated the information between the
input signal and the neural response with the help of the linear reconstruction method
(see Sec. 2.4.2 for more details). The information rate is obtained with the following
equation (Borst and Theunissen, 1999):

Ilin ≥ − 1
2π

∫ ∞

0
log2

[
1− γ2(ω)

]
dω, (4.2)

where γ2(ω) = |PSR(ω)|2
PSS(ω)PRR(ω) is the coherence between the stimulus and the response,

PSS(ω) and PRR(ω) are the power spectra of the stimulus and the spike train, and
PSR(ω) denotes the cross power spectrum between the stimulus and the spike train.

The coherence γ2(ω) was calculated as follows. Stimulus and spike response were
divided into segments of 819.2 ms duration (with an overlap of 50%). All segments
were then transformed into Fourier space, multiplied by their complex conjugate, and
averaged at each frequency to yield the estimate of the power spectrum (PXX) and
the cross power spectrum (PXY ), e.g. PXY (ω) = 〈X(ω)Y (ω)∗ 〉, where ∗ denotes the
complex conjugate and 〈〉 denotes the averaging over segments. All simulations were
done using the Euler integration scheme with an exact update equation (Gillespie,
1996) and had a duration of 200 sec. The simulation time step was set to dt = 0.1 ms.

4.3. Results

4.3.1. Stochastic Resonance

Here we investigate the role of noise on the dynamics of subthreshold input signals.
When a noisy current is injected into the neuron, stochastic resonance occurs and
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Figure 4.1.: Stochastic resonance-like behavior of the leaky integrate-and-fire neuron. The
Fig. shows the information rate calculated from eq. (4.2) plotted as a function
of the noise level D. The bias current was set to Ibias = 0.6 nA and standard
deviation of the input signal was 0.1 nA.

the transmission of subthreshold input signals is enhanced. Figure 4.1 shows the
stochastic resonance like behavior of a leaky integrate-and-fire neuron. The Fig. shows
the information rate plotted against the noise level. Without noise, the input signal
is to weak to evoke a response and, therefore, no information can be transmitted. An
increase of the noise level due to a higher value of D in eq. (4.1) leads to fluctuating
membrane potential, which occasionally initiates action potentials. In the beginning,
information rate increases fast with increasing D, because the stronger fluctuating
membrane potential evokes more spikes allowing the transmission of more information
about the stimulus. A higher noise level, however, leads not only to higher firing rates
of the neuron, but also reduces the information that the action potential contains
about the stimulus. Thus, the beneficial increase of the firing rate is counterbalanced
by less informative action potentials leading to a decrease of the information rate at
high noise levels, as Fig. 4.1 shows. Nevertheless, there exists an optimal amount of
noise, which maximizes information transmission.

This optimal noise level depends on the statistic of the input signal and on the
distance between the average membrane potential and the spike threshold, as Fig. 4.2
indicates. The Fig. shows the information rate as a function of the noise level D

for four different bias currents. The blue line corresponds to simulations with a bias

66



4. Neural Information Transmission

0 0.5 1 1.5 2 2.5 3
0

5

10

15

20

25

30

35

40

D

In
fo

rm
at

io
n 

ra
te

 (
B

its
/s

ec
)

Figure 4.2.: Dependency of the stochastic resonance phenomenon on the strength of the
input signal, expressed by the bias current. The blue line represent a weak
signal (Ibias = 0.6 nA), where as the cyan line corresponds to stimulation with a
strong signal (Ibias = 1, 1 nA). The green and the red line represent intermediate
values of Ibias, e.g. Ibias = 0.75 nA and Ibias = 0.9 nA, respectively.The standard
deviation of the input signal was 0.1 nA.

current of Ibias = 0.6 nA, which leads to an average membrane potential (without
spike process and reset) of 〈Vm〉 = −58 mV . For this bias current the input signal is
totally subthreshold. An increase of the bias current to Ibias = 0.75 nA (green line;
〈Vm〉 = −55 mV ) or Ibias = 0.9 nA (red line; 〈Vm〉 = −52 mV ) leads to an average
membrane potential, which remains just below spike threshold. For a bias current
of Ibias = 1.1 nA, the input signal is mainly supra-threshold (cyan line). Figure 4.2
shows nicely that information transmission is greatly improved only in the subthreshold
regime (Ibias ≤ 1 nA). At small values of Ibias, the distance to the spike threshold is
increased and a stronger fluctuating membrane potential is needed in order to evoke a
response. Thus, information transmission is optimal at higher noise levels. Conversely,
for a given noise level information transmission is optimized, if the neuron lowers its
threshold. At high noise levels (D > 2), however, the information rate only weakly
depends on the distance to threshold, as Fig. 4.2 indicates.
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4.3.2. Energy Efficient Information Transmission

Information transmission in the brain is metabolically expensive (Laughlin et al., 1998,
Attwell and Laughlin, 2001; Lennie, 2003). In particular, the generation of spikes
consumes a huge amount of energy. If the cost of firing is high in comparison to the
housekeeping cost, then it is advantageous for the brain to use energy efficient neural
codes (Levy and Baxter, 1996; Laughlin et al., 1998; Balasubramanian et al., 2001; de
Polavieja, 2002; Hoch et al., 2003). Given a fixed amount of energy, there are several
ways to achieve energy efficient information transmission. One strategy is to use an
input distribution so that the energy constraint can be fulfilled (Hoch et al., 2003).
Another strategy is to maximize the information rate per metabolic cost to transmit
as much information as possible. In the following we will take a closer look at the
latter.

Information Rate per Metabolic Cost

As a measure of metabolic efficiency we consider the ratio between the transmitted in-
formation Rinfo and the total metabolic cost E. We assume that the average metabolic
cost E per unit time is a sum of a term proportional to the average rate r̄ of the neuron
and a term which contributes a fixed baseline cost b. The baseline cost represents the
metabolic expense of maintaining a neuron. We set

E = c(b + r̄), (4.3)

where c is a proportionality constant, which can be interpreted as the average cost per
spike. Both information rate and average cost change with the actual noise level. To
investigate the relationship between the average membrane potential, the noise level
and the information rate per unit cost IE , we vary the bias current Ibias and the noise
level of the neuron.

Figure 4.3 shows the normalized information rate per unit cost for different baseline
cost (b = 0 thick solid line, b = 5 thick dotted line, b = 20 thin solid line, b = 100 thin
dotted line) plotted against the bias current. In Fig. 4.3A the noise level of the LIF
neuron was set to D = 0.2 and in Fig. 4.3B to D = 0.5. If metabolic costs are taken
into account, the maximum of IE is shifted to lower values of Ibias. This is due to the
fact that high energy costs favor low output rates, which - in turn - can be achieved if
the distance to the threshold is increased. An increases in the baseline costs b leads to
a shift of the maximum of IE to higher values of Ibias, because the smaller dependency
of the total cost on the output activity r̄ allows for higher output rates. In the limit of
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Figure 4.3.: Information rate per cost IE plotted against the bias current for different base-
line costs (b = 0: blue line; b = 1: green line; b = 3: red line, and b = 10:
cyan line). The black line is the information rate per cost for the limit of large
baseline costs. In A) the noise level of the LIF neuron was set to D = 0.9 and
in B) to D = 1.5.

large baseline costs, the activity dependent costs (r̄N) can be neglected, and optimal
information transmission is achieved in the supra-threshold regime.

To quantify the optimal encoding regime, we obtained the average membrane poten-
tial of the neuron from the bias current, which maximizes the information transmission
per unit cost for different baseline costs and noise levels. Figure 4.4 shows the average
membrane potential that optimizes information transmission, plotted against the stan-
dard deviation of the membrane potential σV for different baseline costs(b = 1: blue
line; b = 3: green line; and b = 10: red line). Interestingly, the Fig. reveals that the
optimal distance between the average membrane potential and the threshold (black
dashed curve) is about one to two σV , depending on the actual baseline cost. Thus,
for less dominating baseline cost, the information transmission becomes maximal at
an average membrane potential, which is about one standard deviation of Vm away
from the threshold.
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Figure 4.4.: Average membrane potential, for which information rate per unit cost is max-
imal, plotted against the standard deviation of the membrane potential σV for
different baseline costs(b = 1: blue line; b = 3: green line; and b = 10: red line).

4.4. Discussion

In this model study we examined how background activity affects the information
transmission. We showed that the background activity can have a wide influence
on the information transmission properties of a LIF neuron if the driving signal is
mainly subthreshold. For such signals, the noise level has to be adjusted accurately
in order to optimize stimulus encoding for changing intensities of the input (Collins
et al., 1995, Wenning and Obermayer, 2003; Hoch et al., 2003). On the other hand, a
neuron could improve information transmission by making the stimulus more supra-
threshold. In principle, this could be achieved either by lowering the spike threshold or
by increasing the average membrane potential through a strengthening of the stimulus
inducted synaptic drive. In the high noise regime, however, a reduction of the distance
between the average membrane potential and the spike threshold was found to barely
affect the information rate.

Recent studies have shown that neural systems prefer information transmission via
many parallel low intensity channels (Laughlin et al., 1998; Balasubramanian et al.,
2001; Hoch et al., 2003). Similar to that, our simulations of the LIF neuron have
shown that after taking the cost of information transmission into account, optimal
information transmission occurs in the subthreshold regime. This holds even for small
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noise levels, provided that the baseline costs are not too small compared to the rate
dependent costs. Since application of noise is one way to allow for transmission of oth-
erwise subthreshold signals, the strive for energy efficient codes may be a justification
of stochastic resonance in neural systems.
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5. Pulse Detection

5.1. Introduction

Recent experimental and modeling studies have shown that cortical neurons receive a
large number of simultaneous active inputs, which give rise to a strongly fluctuating
membrane potential (Paré et al., 1998; Anderson et al., 2000a) and much effort has
been made to understand the role of these fluctuations for neural computation. In
the previous chapter we have shown that such a fluctuating membrane potential may
improve the transmission of weak time-dependent signals. In this chapter we go a step
further towards information processing and concentrate upon the question of how the
detection of weak synchronous activity depends on the dynamics of the membrane
potential.

It is widely believed that synchronous activity, which is found in many regions of
the brain (Alonso et al., 1996; Usrey and Reid, 1999; Engel et al., 2001), is an impor-
tant element in cortical processing. It has been shown that the synchronous arrival of
spikes from a presynaptic ensemble of neurons is more efficient in evoking a response
(Alonso et al., 1996; Salinas and Sejnowski, 2000), and it has been argued that such
rapid excitations are necessary to explain the high variability of spike trains observed
in vivo (Stevens and Zador, 1998). In the visual cortex, however, the detection of
synchronous activity of a presynaptic ensemble may be strongly influenced by the
synaptic background activity (Azouz and Gray, 2003), and it may be difficult for a
postsynaptic neuron to distinguish responses to synchronous inputs from those that
occur by chance. In general, increasing the synaptic weight may not help in this case,
as the significance of the input at a certain synapse may change on a time scale of mil-
liseconds. It may be advantageous for neurons if they were able to increase detection
performance through other mechanisms - for example, by adapting the temporal cor-
relation of the membrane potential through a variation of the synaptic delay constants
of their synapses.

In a previous study, we have shown for a single leaky integrate-and-fire (LIF) neu-
ron with current noise that if the noise is colored (Ornstein-Uhlenbeck process), the
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detection of synchronous spiking events becomes more robust for increasing tempo-
ral correlations of the noise (Wenning et al., 2005). However, these simulations did
not take into account the increase in conductance due to the background activity,
which dramatically modifies integrative properties of a cell (Destexhe and Paré, 1999;
Destexhe et al., 2003; Azouz and Gray, 2003), such as the effective membrane time
constant or the shape of induced postsynaptic potentials (Kuhn et al., 2004). Further-
more, we have shown for the single neuron case that the fraction of correctly detected
subthreshold pulses never becomes better than 50% since half of the time the mem-
brane potential fluctuations are below its mean (Wenning et al., 2005). To overcome
this limitation, a population of neurons has to be considered.

In our model study, we thus explore how the detection performance of a neural pop-
ulation depends upon the statistics of the synaptic background activity, the synaptic
time constants, and the shape of the postsynaptic potential (PSP). For a population
of LIF neurons with current noise, we find that the detection performance increases
with increasing time constants of the synaptic noise, similar to the single neuron case.
If the synchronous activity, however, is induced by a biologically more realistic model
of a synapse (exponential decaying PSP in place of short rectangular pulses), we find a
broad regime, where a decrease of the temporal correlation of the membrane potential
leads to an increase in the detection performance of the population. We show that
this increase in detection performance is due to the larger decay phase of the PSP,
which allows a faster changing membrane potential to induce more action potentials.
Additional simulations of a population with conductance-based LIF neurons, which
include the effects of conductance fluctuations and shot noise, yield similar results.
Since it is likely that cortical neurons process synchronous activity at low firing rates
(Olshausen and Field, 2005), we conclude from these simulations that, in contradiction
to single neuron model, the detection performance of a neural population is optimized
by a reduction of the temporal correlation of the membrane potential.

5.2. Materials and Methods

5.2.1. Single-compartment model

We consider a population of LIF neurons with no recurrent connection between the
neurons. For a detailed description of the LIF model see Sec. 2.2.1. The membrane
potential Vm of the LIF neurons changes in time according to the differential equation:

Cm
dVm

dt
= −IL − Ip − Isyn, (5.1)
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where IL = −gL(Vm − EL) is the leak current, Cm = 0.5 nF is the membrane capac-
itance, and EL = −80 mV is the reversal potential. The leak conductance was set to
gL = 100 nS and gL = 30 nS for the simulations with current and conductance noise,
respectively. The threshold value was set to Vth = −55 mV and, after a spike, the
membrane potential was clamped to Vrest = −65 mV for a duration of Tref = 1.8 ms

(absolute refractory period).

The input to each neuron in the population consisted of a regular train of pulses
and synaptic noise Isyn. In order to mimic synaptic delays, the pulses had the same
onset time but with a jitter in time according to a Gaussian distribution with zero
mean and standard deviation σTp = 0.5 ms if not stated otherwise. The time interval
between successive pulses was large (Tp = 100 ms) compared to the membrane time
constant, so that the preceding pulse had no significant influence on the one following.

We used two different models to describe the PSP of an individual pulse. The first
was similar as in Wenning et al. (2005), and described the PSP as a narrow rectangular
current pulse with strength Ip and duration of 0.2 ms. As a second model we used
the exponential synapse. When a pulse was arrived by the neuron, a quantal current
increase was produced, which then decayed exponentially towards zero with a decay
time constant of τp = 2.7 ms. For most simulations the strength of the PSP was
adjusted such that a given detection quality was achieved.

5.2.2. Synaptic Noise Model

Synaptic background activity not only leads to a strongly fluctuating membrane po-
tential but also increases the conductance of the neuron (see above). According to
Richardson and Gerstner (2005), the conductance increase can be taken into account
either by adjusting the membrane time constant properly (effective-time-constant ap-
proximation) or by modeling the conductance-based synaptic drive explicitly. The
latter approach is superior, since it allows the modeling of nongaussian features of the
membrane potential fluctuations, such as its skew (for more details see Richardson
and Gerstner, 2005).

In this study we investigate pulse detection for two different noise models. First,
we describe the total synaptic current Isyn as the sum of a bias current Ibias, which
was included to adjust the average membrane potential 〈Vm〉 to a given value, and
a synaptic noise current IN , which was described by an Ornstein-Uhlenbeck process
(OUP, cf. Sec. 2.3):

dIN (t)
dt

= − 1
τX

IN (t) + D
dW

dt
, (5.2)
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where τX is the synaptic time constant, D is the diffusion coefficient, and dW (t) is the
infinitesimal increment of a Wiener process. Different noise conditions are modeled
by changing the time constant τX and the diffusion coefficient D of the OUP. If the
spike process is omitted, e.g. if we only consider the subthreshold dynamics of the
membrane potential, then changing τX or D affects the standard deviation σV of the
membrane potential but not its mean. The relation between σV and the parameters
of the OUP is given by (Wenning et al., 2005)

σ2
V =

D

2
τ2
mτ2

X

τm + τX
. (5.3)

We use eq. (5.3) to determine the value of D, which leads to the same value of σV

after a change of τX . In addition we adjusted the membrane time constants of the LIF
neurons to 5 ms in order to account for the reduction of the membrane time constant
due to the synaptic background activity.

Second, we used a synaptic noise model which includes the synaptic conductance
explicitly. This allows the examination of the combined effects of conductance fluctu-
ations and shot noise on the membrane potential. The total synaptic current Isyn is
given by:

Isyn(t) = ge(t)(Vm(t)− Ee) + gi(t)(Vm(t)− Ei), (5.4)

where ge(t) and gi(t) are two fluctuating conductances, where each was driven by a
Poisson process:

τe
dge

dt
= −ge + aeτe

∑
tke

δ(t− tke), (5.5)

τi
dgi

dt
= −gi + aiτi

∑
tki

δ(t− tki
), (5.6)

where τe and τi are the synaptic time constants, ae and ai are the quantal conductance
amplitudes, tke and tki

are the Poisson-distributed arrival times of the spikes generated
by the background activity with rate fe and fi. Mean and variance of ge(t) and gi(t)
are related to τe,i, ae,i, and fe,i through (Richardson and Gerstner, 2005):

〈ge,i〉 = ae,i τe,i fe,i, (5.7)
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σe,i = ae,i

√
τe,i fe,i

2
. (5.8)

Mean, standard deviation, and synaptic time constants of the excitatory and inhibitory
conductances were taken from Destexhe et al. (2001). Different combinations of mean
and standard deviation of the membrane potential were achieved by varying the mean
〈ge,i〉 and the standard deviation σe,i of the excitatory and inhibitory conductance
independently (for more details see Appendix C). In addition we reduced the leak
conductance of the neuron such that the effective membrane time constant was similar
to the current-based neuron, e.g.

τeff =
Cm

Gtot
=

Cm

gl + ḡe + ḡi
∼ 5 ms, (5.9)

in order to ease the comparison of the two models.

All simulations were done using the Euler integration scheme with an exact update
equation (Gillespie, 1996). The simulation time step was set to dt = 0.1 ms.

5.2.3. Temporal Correlation of the Membrane Potential

The temporal correlation (or correlation time) of the membrane potential of a neuron is
determined mainly by the time constant of the synaptic noise and by the conductance
state of the neuron. For the current-based LIF neuron, the effect of the conductance
on the membrane potential dynamics was accounted by a reduction of the membrane
time constant. Hence, the temporal correlation of Vm depends only on the synaptic
time constant of the noise.

Figure 5.1A shows the correlation time of the membrane potential plotted against
σV for different values of τX , e.g. τX = 2.5 ms (blue lines), τX = 5ms (red lines), and
τX = 10 ms (black lines). The solid and dotted lines correspond to simulations with
〈Vm〉 = −65 mV and 〈Vm〉 = −59 mV , respectively. The correlation time of Vm was
estimated using eq. (2.23) [cf. Sec. 2.4]. An increase of the synaptic time constants of
the OUP leads to an increase of the temporal correlation of the membrane potential,
which means that the number of rapid and large fluctuations of Vm is reduced. In
other words, after a spike it takes more time on average to reach the threshold again.
Note that the dependence of the temporal correlation of the membrane potential on
mean and standard deviation of Vm is negligible, as Fig. 5.1A indicates.

Figure 5.1B shows the correlation time of the membrane potential for the conductance-
based LIF neuron. The red lines show the correlation time of Vm for simulations with
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Figure 5.1.: Correlation time of the membrane potential plotted against σV for the current-
based (A) and the conductance-based (B) LIF neuron. The red lines show
the correlation time for τX = 5ms (A) and τe = 2.7 ms, τi = 10.5 ms (B),
respectively. In both Fig., the blue lines correspond to simulations with reduced
and the black lines to increased synaptic time constants by a factor of two. The
solid represent simulations with 〈Vm〉 = −65 mV and the dotted lines correspond
to 〈Vm〉 = −59 mV . For other simulation parameters see Sec. 5.2.1.

τe = 2.7 ms and τi = 10.5 ms, whereas the blue lines represent the simulation results
for τe,i → 1

2τe,i and the black line for τe,i → 2τe,i. At an average membrane potential
just below threshold (〈Vm〉 = −59 mV ; dotted lines), a modification of the synaptic
time constants leads to similar values for the temporal correlation as for the current-
based model. At 〈Vm〉 = −65 mV , however, a change of τe, τi leads to smaller values of
the temporal correlation. Such low values of 〈Vm〉 were achieved by a strong reduction
of the excitatory mean conductance while the standard deviation remains almost the
same, which results in a reduction of fe accompanied by an increase of the quantal
amplitudes ae according to eq. (5.7). Since the statistical parameters of the inhibitory
conductance do not change, the stronger PSP of the excitatory drive slightly reduce
temporal correlation of the membrane potential.
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5.2.4. Pulse Detection Scenario

The entire response of the population is the sum of the individual responses of the single
neurons, and serves as the basis for calculating the receiver operating characteristic
curve (ROC). The ROC curve provides a convenient way to quantify the detection
performance of a population of neurons and is calculated as follows. First, we divide
the whole response into time windows (bin) of equal size and count the number of
spikes in these bins. If the number of spikes is above a certain threshold, we then
classify the response as correctly detected if there was an input pulse during that
time, and as a false positive event otherwise. The ROC curve is given by the fraction
of correctly detected events as a function of the number of false positive examples and
is generated by varying the detection threshold. Fig. 5.2A shows the resulting raster
plot of a simulation of a population of 100 HH neurons (triggered by the pulse onset).
Each row of the plot shows the entire response of the population to one pulse packet.
The resulting raster plot is summed up to yield the peri stimulus time histogram
(PSTH), which is shown in Fig. 5.2B. Because the response to the pulse packet is
spread over time, the area under the ROC curve depends on the bin size (Fig. 5.2D).
In the following, all ROC curves were calculated with a bin size that maximized the
area under the ROC curve. Bins were always centered to the maximum of the PSTH.
Fig. 5.2C shows the re-binned raster plot of Fig. 5.2A with an optimal bin size of
4.6 ms.

5.3. Results

First, we explored the relationship between the detection performance and the mean
and standard deviation of the membrane potential for a population of 100 LIF neurons
with current noise. Figure 5.3A shows the area under the ROC curve plotted against
the standard deviation of the membrane voltage. At an average membrane potential
of 〈Vm〉 = −65 mV (blue solid curve), a high detection quality for weak pulses is
only achieved if the standard deviation of membrane potential is high, because the
correct detection rate increases faster with σv than the false positive rate. If the
distance to the threshold is decreased (〈Vm〉 = −59 mV ; red dotted curve), however,
the detection quality decreases slightly with increasing values of σV . The stronger
fluctuating membrane potential leads to a higher firing rate of the neurons making the
detection of the pulses more difficult. Depending on the distance to threshold and the
pulse strength, there exists an optimal level of σV , for which the detection quality is
maximal, similar as in a stochastic resonance setting.
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Figure 5.2.: Calculation of the ROC curve for a population of 100 neurons (〈Vm〉 = −63 mV ,
σV = 5mV , dt = 0.2 ms). A) Raster plot of the response (bin size equals
dt = 0.2 ms). Each row shows the response to one pulse. The traces were
aligned in such a way that the pulse onset is at t = 0ms. B) Post stimulus time
histogram of the response. C) Raster plot of the population response with an
optimal bin size of 4.6 ms, which maximizes the area under the ROC curve. D)
Dependency of the area under the ROC curve on the bin size.
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Figure 5.3.: The area under the ROC curve plotted against the standard deviation of the
membrane voltage (σV ) for a population of 100 LIF neurons with current noise
(red dashed line: 〈Vm〉 = −59 mV , Ip = 2nA; blue solid line: 〈Vm〉 = −65 mV ,
Ip = 4nA). For other simulation parameters see Sec. 5.2.1.

Furthermore, we find that the response detection quality of the population critically
depends on the temporal precision of the input measured by the standard deviation of
the underlying density of spike arrival times (cf. Sec. 5.2.1). Figure 5.4A shows the area
under the ROC curve plotted against the standard deviation of spike arrival times (σTp)
for a population of 100 LIF neurons. The red dashed curve shows the simulation results
for the population with an average membrane potential of the neurons just below
threshold (〈Vm〉 = −57 mV and σV = 2mV ). The detection quality is highest for
highly synchronized inputs and decreases with increasing σTp. An increased temporal
dispersion of the input requires a larger optimal time window for pulse detection
and, therefore, accumulates more noise induced action potentials, which results in a
decrease in detection performance. Hence, at high values of σTp, an increase of σV to
5 mV (black dotted curve) leads to a decrease in detection performance, because of the
higher firing rate of the neurons. A decrease of the firing rate due to a lower average
membrane potential on the other hand, leads to an improved detection performance
(blue solid curve: 〈Vm〉 = −65 mV and σV = 5mV ).

Interestingly, we find that the detection window (Tdet) itself depends hardly at all
on the mean and standard deviation of Vm, as Fig. 5.4B indicates. For all three above
mentioned cases, Tdet is almost linearly related to σTp. Moreover, optimal detection is
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Figure 5.4.: A) The area under the ROC curve plotted against the standard deviation of the
spike arrival times (σTp) for a population of 100 LIF neurons. B) Width of the
optimal time window Tdet plotted against σTp. In both Fig., the curves show
the simulation results for different combinations of 〈Vm〉 and σV , e.g. the blue
(solid) curve corresponds to 〈Vm〉 = −65 mV and σV = 5 ms, the red dashed
curve corresponds to 〈Vm〉 = −57 mV and σV = 2 ms, and the black dotted
curve corresponds to 〈Vm〉 = −57 mV and σV = 5 ms. The pulse strength was
adjusted such that the area under the ROC curve was approximately 0.85 for
σTp = 0.5 ms. For other simulation parameters see Sec. 5.2.1

achieved at a time window, which is approximately four times the standard deviation
of spike arrival times.

The above described relation between the optimal time window and σTp is not valid
for low values of σV and large distances between 〈Vm〉 and the spike threshold. In
this regime, the optimal time window Tdet for pulse detection is much broader and
its dependency on σTp is reduced (Fig. 5.5B). Because most of the pulses do not
lead immediately to a spike response, which leaves the membrane potential just below
threshold, the probability that a spike is induced by the noise strongly increases.
Figure 5.5C shows the post stimulus time histogram of the response of a single neuron
for σTp = 0.5 ms (blue solid curve). The Fig. shows nicely that the probability
of a spike response increases during the time window of ±2 σTp at pulse onset time
(t = 0ms). After the immediate response, however, the probability of a spike response
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Figure 5.5.: A) The area under the ROC curve plotted against the standard deviation of the
spike arrival times (σTp)for a population of 100 LIF neurons (〈Vm〉 = −65 mV

and σV = 2mV ). B) Width of the optimal time window Tdet plotted against
σTp for the population in A). C) Post stimulus time histogram of the population
response for σTp = 0.5 ms (blue solid curve). The red (dashed) line indicates
the probability of a spike response by the noise alone.

is elevated for at least another 10ms as a comparison with the dashed line indicates,
which represents the probability of a spike response induced by the noise alone. The
population can increase its detection performance if it takes advantage of the prolonged
increase in spiking probability. As a consequence, the optimal detection windows are
long and the area under the ROC curve remains almost the same (Fig. 5.5A).

5.3.1. Effect of the Synaptic Time Constants

Besides the mean and standard deviation, the temporal correlation of the membrane
potential is an important factor influencing the detection of synchronous spiking effects
(Wenning et al., 2005). There we have investigated how well a single LIF neuron with
current noise (OUP) detects short current pulses for increasing values of σV . If the
noise induced firing rate of the neuron is high, an increase of the temporal correlation of
the membrane potential improves the detection performance, because of the beneficial
decrease of the false positive rate. At low noise levels, however, the firing rate of
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Figure 5.6.: Percentage increase of the area under the ROC curve when the time constant
of the current noise is raised (τX = 2.5 ms → τX = 10ms), for different combi-
nations of 〈Vm〉 and σV of the membrane potential. The population consisted of
100 LIF neurons and the pulse strength was adjusted such that the area under
the ROC curve was approximately 0.85 for τX = 5 ms and σTp = 0.5 ms. For
other simulation parameters see Sec. 5.2.1.

the neuron is low and changes of the temporal correlation barely affect the detection
performance.

Although using a different measure for detection performance, we find the same be-
havior for a neural population consisting of 100 LIF neurons. Figure 5.6A shows the
percentage increase of the area under the ROC curve for an increase of the synaptic
time constant by a factor of four for a broad range of different values of 〈Vm〉 and σV .
The Fig. shows nicely that the detection performance increases with increasing tem-
poral correlation of the membrane potential, if both the mean and standard deviation
of Vm are raised. Note that a modification of the time constant of the OUP leads to a
change of σV [cf. eq. (5.3)]. Since the detection performance critically depends upon
〈Vm〉 and σV (see above), we adjusted after each change of τX the diffusion constant
D in such a way that 〈Vm〉 and σV of the free membrane potential (without spike
threshold) remained at the same value.

The area under the ROC curve depends on two quantities: the probability of correct
detection and the false positive rate. Either an increase of the probability of correct
detection or a decrease of the false positive rate can lead to a better detection perfor-
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mance. Figure 5.7A shows the probability of correct detection as a function of σV for
an average membrane potential of 〈Vm〉 = −65 mV . In contrast to the single neuron
case (Wenning et al., 2005), Fig. 5.7A shows that the probability of correct detection
slightly depends on the value of τX . A reduction of τX from 10ms (red diamond
curve) to 2.5 ms (blue square curve) leads to small increase of the probability of cor-
rect detection. This increase is a result of the higher false positive rate at τX = 2.5 ms

(Fig. 5.7C), which noticeable contributes to the probability of correct detection, since
the optimal time window for pulse detection is much larger than in Wenning et al.
(2005). If we take the contribution of the false positive rate into account (see the cor-
responding dotted lines in Fig. 5.7A), we find that the probability of correct detection
is almost independent of τX . Thus, at low values of 〈Vm〉 and σV , an increase of the
synaptic time constants results to a decrease in the probability of correct detection
counterbalancing the beneficial decrease of the false positive rate (Fig. 5.7C).

At an average membrane potential just below threshold (〈Vm〉 = −59 mV ) on the
other hand, the firing rates of the neurons are high and a reduction of τX leads to a
substantial decrease in the false positive rate (Fig. 5.7D), which contributes remark-
ably to the better detection performance of the population. Moreover, the probability
of correct detection decreases for increasing τX (Fig. 5.7)B similar to before. How-
ever, after taking the reduction of the false positive rate into account (dotted lines in
Fig. 5.7B), the Fig. reveals a higher probability of correct detection after the increase
of τX . After each spike, the membrane potential is reset to Vrest, which is substantially
lower than 〈Vm〉. Hence, it takes some time until the membrane potential recovers in
average to its resting value 〈Vm〉 leading to a lower average membrane potential at
pulse onset times at high firing rates. At 〈Vm〉 = −59 mV a reduction of the synaptic
time constants leads to substantial higher firing rates of the neurons, which notice-
ably lowers the average membrane potential at pulse onset times explaining the slight
decrease of the probability of correct detection.

5.3.2. Effect of the Shape of the Postsynaptic Potential

The above results were derived with short current pulses in order to provide a pulse
detection scenario similar as in Wenning et al. (2005). From a biological point of view,
however, current pulses are unrealistic and the exponential synapse might be a better
model because it includes the decay phase of the PSP. In the following we use a single
exponential synapse with a decay time of τp = 2.7 ms at each neuron to introduce the
synchronous activity.

The replacement of the current pulse synapses by the exponential synapses changes
the pulse detection task remarkably. Since the width of the PSP is mainly determined
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Figure 5.7.: A) Probability of correct detection of a single neuron plotted against σV for
〈Vm〉 = −65 mV . The blue (square) curves represent the correct detection
rate for neurons with τX = 2.5 ms, the red (diamond) curves for neurons with
τX = 10 ms. B) The same as in A) but for 〈Vm〉 = −59 mV . C) False positive
rate as a function of σV . The different curves correspond to the two cases from
A). D) The same as in C) but for 〈Vm〉 = −59 mV . The population consisted of
100 LIF neurons and the pulse strength was adjusted such that the area under
the ROC curve is approximately 0.85 for τX = 5ms and σTp = 0.5 ms. For
other simulation parameters see Sec. 5.2.1.
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Figure 5.8.: A) The area under the ROC curve plotted against the standard deviation of the
spike arrival times (σTp) for a population of 100 LIF neurons. B) Width of the
optimal time window Tdet plotted against σTp. In both Fig., the curves show
the simulation results for different combinations of 〈Vm〉 and σV , e.g. the blue
(solid) curve corresponds to 〈Vm〉 = −65 mV and σV = 5 ms, the red dashed
curve corresponds to 〈Vm〉 = −57 mV and σV = 2 ms, and the black dotted
curve corresponds to 〈Vm〉 = −57 mV and σV = 5ms. The quantal increase of
the exponential synapses was adjusted such that the area under the ROC curve
was approximately 0.85 for σTp = 0.5 ms. For other simulation parameters see
Sec. 5.2.1

by the synaptic decay constant τP , the use of exponential synapses leads to a broad-
ening of the optimal detection window, as Fig. 5.8B indicates. Moreover, we find that
action potentials are more easily induced by the membrane potential fluctuations dur-
ing the exponential decay of the PSP and, therefore, the dependency of the optimal
time window on mean and standard deviation of the membrane potential increases.
Note that the longer detection window also reduces the dependency of the area under
the ROC curve on the standard deviation of the spike arrival times (Fig. 5.8A).

Interestingly, the dependency of the detection performance on the temporal corre-
lation is substantial increased. Fig. 5.9 shows again the percentage increase of the
area under the ROC curve for an increase of the synaptic time constants τX of the
OUP by a factor of four. A comparison with Fig. 5.6 reveals that at low mean and
standard deviation of the membrane potential, the population with reduced synaptic
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Figure 5.9.: Percentage increase of the area under the ROC curve when the time constant
of the current noise is raised (τX = 2.5 ms → τX = 10ms), for different combi-
nations of 〈Vm〉 and σV of the membrane potential. The population consisted
of 100 LIF neurons and the strength of the exponential synapses was adjusted
such that the area under the ROC curve was approximately 0.85 for τX = 5ms

and σTp = 0.5 ms. For other simulation parameters see Sec. 5.2.1.

time constants performs even better than the population with the higher synaptic
time constants (i.e. +7.1% at 〈Vm〉 = −65 mV and σV = 2.5 mV ). Nevertheless, at
an average membrane potential just below threshold, the increase of the synaptic time
constant leads to an increase of the area under the ROC curve, and thus to a better
detection performance, as was observed before.

If we take a closer look at the probabilities of correct detection and the false positive
rate, we observe the following two points. First, since the noise model did not change,
the dependency of the false positive rate on τX (Fig. 5.10C and D) is the same as
in Fig. 5.7. Thus, the increased dependency of the detection performance on the
temporal correlation originates entirely from a different behavior of the probabilities
of correct detection. Figure 5.10A shows that the probability of correct detection is
remarkably increased if the synaptic time constant is reduced. Although the optimal
time window for the detection of exponential PSP is greatly enlarged, the increase of
the probability of correct detection in Fig. 5.7A cannot be totally accounted by the
increase of the false positive rate (see the corresponding dotted lines in Fig. 5.7A). The
additional increase originates from the faster fluctuating membrane potential, which
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Figure 5.10.: A) Probability of correct detection of a single neuron plotted against σV for
〈Vm〉 = −65 mV . The blue (square) curves represent the correct detection
rate for neurons with τX = 2.5 ms, the red (diamond) curves for neurons with
τX = 10ms. B) The same as in A) but for 〈Vm〉 = −59 mV . C) False positive
rate as a function of σV . The different curves correspond to the two cases from
A). D) The same as in C) but for 〈Vm〉 = −59 mV . The population consisted
of 100 LIF neurons and the strength of exponential synapses was adjusted such
that the area under the ROC curve was approximately 0.85 for τX = 5ms and
σTp = 0.5 ms. For other simulation parameters see Sec. 5.2.1.
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Figure 5.11.: Percentage increase of the area under the ROC curve when the time constant
of the of the background activity is raised by a factor of four (1

2τe,i → 2τe,i), for
different combinations of 〈Vm〉 and σV of the membrane potential. The popu-
lation consisted of 100 LIF neurons with conductance noise and the strength
of the exponential synapses was adjusted such that the area under the ROC
curve was approximately 0.85 for τX = 5 ms and σTp = 0.5 ms. For other
simulation parameters see Sec. 5.2.1.

more easily induces action potentials at the declining phase of the PSP. Note that
near the threshold (Fig. 5.7B), the increase of the probability of correct detection due
to the faster changing membrane potential is counterbalanced by the lower average
membrane potential at pulse onset times (see above).

5.3.3. Effect of the Synaptic Conductance

In the two previous sections we used current-based neuron models and adjusted the
membrane time constant to 5 ms in order to account for the effect the synaptic back-
ground conductance has on the stochastic voltage dynamics. However, this approach
is only adequate if presynaptic firing rates are high and PSP are small. Otherwise, the
effect of shot noise cannot be neglected and should be included into the noise model
(Richardson and Gerstner, 2005). In the following, we use the conductance-based noise
model described in Sec. 5.2.2 to investigate how the above derived results change, if
shot noise and conductance fluctuations are taken into account.
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Fig. 5.11 shows the percentage increase of the area under the ROC curve for an
increase of the excitatory and inhibitory synaptic time constant by a factor of four
(1
2τe,i → 2τe,i) for the population with conductance noise. A modification of the time

constants of ge(t) and gi(t) leads to a change in the mean and standard deviation of
the membrane potential. Because the detection performance depends upon 〈Vm〉 and
σV (see Sec. 5.3), in both cases we adjusted the mean and the standard deviation of
the excitatory and inhibitory conductance fluctuations in such a way that 〈Vm〉 and σV

remain at the same value (without threshold). Different to the current-based model,
we find that an increase of the synaptic time constants leads to a smaller increase of
the detection performance near threshold (〈Vm〉 = −59 mV ). For low values of 〈Vm〉
and σV , however, we find that an increase of the synaptic time constants leads to a
much stronger decrease of the detection performance.

Figure 5.12A to D show the probability of correct detection and the false posi-
tive rate of the simulations with conductance-based neurons. A comparison with the
current-based model (Fig. 5.10) reveals only marginal differences. Although mean and
standard deviation of both models were the same, the probability of correct detec-
tion and false positive rate of the conductance-based model are slightly higher. In
addition, we find also a small increase of the probability of correct detection after the
accountancy of the influence of the false positive rate (dotted lines in Fig. 5.10A and
B). Both effects are small and robust (e.g. a rerun of the simulations yielded similar
results) and lead to a slightly improved detection performance at reduced synaptic
time constants (Fig. 5.11).

5.4. Discussion

For the reliable detection of weak synchronous activity leading to subthreshold depo-
larizations, an ensemble of neurons has to be considered, since the correct detection
rate of single neurons is limited to 50% (Wenning et al., 2005). Here we set up a
population model consisting of 100 neurons and asked how the detection performance
of such an ensemble depends on statistical properties of the membrane potential fluc-
tuations. As a performance measure we used the area under the ROC curve, which
describes the discrimination ability of the population to distinguish intervals where
synchronous synaptic activity had been received from those where it had not. Our
results lead to the following conclusions:

First, besides the mean and standard deviation of the membrane potential, its tem-
poral correlation has a significant impact on the detection performance of the popula-
tion. An increase of the temporal correlation leads to a smoother membrane potential
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Figure 5.12.: A) Probability of correct detection of a single neuron plotted against σV for
〈Vm〉 = −65 mV . The blue (square) curves and the red (diamond) curves
represent the correct detection rate for neurons with lower (τe,i → 1

2τe,i) and
higher (τe,i → 2τe,i) temporal correlation of the membrane potential. B) The
same as in A) but for 〈Vm〉 = −59 mV . C) False positive rate as a function of
σV . The different curves correspond to the two cases from A). D) The same as
in C) but for 〈Vm〉 = −59 mV . The population consisted of 100 LIF neurons
and the strength of the exponential synapses was adjusted such that the area
under the ROC curve is approximately 0.85 for τX = 5 ms and σTp = 0.5 ms.
For other simulation parameters see Sec. 5.2.1.
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with a lower average rate of change resulting to a reduction of the number of noise
induced action potentials and thus to better detection performance at high firing rates.
At low firing rates, however, a decrease of the temporal correlation is beneficial for the
pulse detection task, since a faster changing membrane potential induces more likely
action potentials during the interval where the synchronous activity was present. Since
it is likely that cortical neurons process information at low firing rates (cf. Sec. 4.1
and Olshausen and Field, 2005), our results suggest that the detection performance
of a population might be optimized by a reduction of the temporal correlation of the
membrane potential.

Second, the shape of the postsynaptic potential is an important factor modulating
the dependency between the detection performance and the temporal correlation. For
signals with a stronger temporal correlation, the number of noise induced action po-
tentials during the decay of the PSP is reduced, which results in a decrease in the
percentage of correctly detected PSP. Interestingly, it has been shown that the shape
of the PSP itself depends on the conductance state of the neuron and that an increase
of the neurons conductance leads to a reduction of the amplitude and width of a PSP
(Kuhn et al., 2004). Thus, we expect that at high background activity, the depen-
dency of the detection performance on the temporal correlation is reduced because of
the smaller width of the PSP.

Third, the more detailed model of synaptic background activity, which includes the
effects of conductance fluctuations and shot noise on the membrane potential, led to
similar results as the simulations with the current-based model, where the conductance
increase was taken into account by a reduction of the membrane time constant. This
indicates that for biologically realistic values of mean and standard deviation of the
excitatory and inhibitory conductances (taken from Destexhe et al., 2001), the higher
order properties of the membrane potential distribution, as for example its skew, barely
affected the detection performance of the neural population.

Limitations of the model

Our population model rests on several simplifications, which may limit the conclusions
of this study:

First, synaptic noise was assumed to be independent across the neurons allowing the
population to average away much of the variability seen in the population response.
In principle, the assumption of independent noise across the neurons allows the detec-
tion of smallest inputs in the limit of increasing population size. Recent experimental
studies, however, have shown that the membrane potentials of nearby neurons can
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be significantly correlated (Lampl et al., 1999; Usrey and Reid, 1999). Even worse,
computational studies have indicated that the membrane potential fluctuations ob-
served in vivo can only be achieved if there is substantial synchrony in the synaptic
input (Destexhe and Parè, 1999; Harsch and Robinson, 2000). If the membrane po-
tentials of neurons are correlated, only a part of the noise induced variability in the
population response can be reduced by averaging, which limits the fidelity of the pulse
detection task. Thus, if the dependency of the detection performance on population
size and PSP amplitude is explored, synchrony in the synaptic input should be consid-
ered. However, since the temporal correlation of the membrane potential depends only
on local properties of the neuron, we expect that the relation between the detection
performance and temporal correlation is barely affected by input synchrony.

Second, an important element of realism that was not considered concerns the spike
generation mechanism. The sensitivity of cortical neurons to synchronous synaptic in-
puts depends upon the rate of change of the membrane depolarization preceding a spike
(Azouz and Gray, 2000; Henze and Buzsaki, 2001). Thus, we expect that the inclusion
of Hodgkin-Huxley type spike generating mechanism may affect the dependency of the
detection performance on the temporal correlation of the membrane potential. How-
ever, such an investigation is not straightforward. The detection performance strongly
depends on the mean and standard deviation of the membrane potential, which change
after an alteration of the temporal correlation. For the Hodgkin-Huxley neuron it is
not clear how its synaptic noise parameters should be adjusted in order to allow for a
meaningful comparison between simulations with different temporal correlations. In
comparison, the LIF neuron can be simulated without a spike threshold allowing for an
adjustment of mean and standard deviation of the membrane potential after a change
of its temporal correlation. This is no longer possible for the Hodgkin-Huxley model
neuron.

Finally, synaptic integration takes place in dendrites. The active properties of den-
drites as well as their spatial extension remarkably affects the way the synaptic input
is processed (London et al., 2002; Reyes, 2001). The simulation of a neural population
consisting of multi-compartment model neurons is computationally demanding and
difficult to parameterize. However, it would be interesting to see, if the results derived
in this study remain valid if a more detailed model of a cortical cell was used.
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6.1. Introduction

In the central nervous system of higher animals, information is likely to be coded using
populations of neurons. Recently, the fundamental question of how stimulus features
are represented by an ensemble of neurons has received a lot of attention (Pouget et al.,
2000; Averbeck and Lee, 2004). To address this question it is necessary to quantify
the information encoding capabilities of a neural population precisely. Information
theory, originally developed to quantify information transmission in communication
systems, provides neuroscientists with system analysis techniques, which allow for a
characterization of the information encoding in the most thorough way (Bialek et al.,
1991; Gabbiani, 1996; Rieke et al., 1997; Strong et al., 1998; Borst and Theunissen,
1999; Reinagel and Reid, 2000; Krahe et al., 2002; Hatsopoulos et al., 2004).

Nevertheless, the estimation of the information rate from time-varying responses
of a population remains problematic, because the combinatorial explosion of possible
response patterns rapidly leads to a lack of data. The linear decoding model (Bialek
et al., 1991; Gabbiani, 1996; Rieke et al., 1997, Borst and Theunissen, 1999; Krahe
et al., 2002), which requires significantly less amounts of data compared to the other
methods (e.g. direct and upper bound method), seems most appropriate. The linear
decoder provides only a lower bound on the information rate, which is only close
to the true information rate if noise is additive and Gaussian distributed and if the
assumed linear relationship between stimulus and neural response holds. However, the
stimulus-response function of neurons is highly nonlinear, and information estimation
with a linear method may lead to an underestimation of the true information rate.
Recent experimental studies (Warland et al., 1997; Hatsopoulos et al., 2004), which
used linear and nonlinear methods for the decoding of the responses of neural ensemble,
reported similar performance of these two methods. Nevertheless, a thorough analysis
of nonlinear decoding methods, which was beyond the scope of those studies, seems
necessary.

In this contribution, we analyze a linear and a nonlinear decoding model with re-
spect to how well they estimate the information rate from neural responses. We
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consider responses of single neurons and pooled responses of populations with iden-
tical tuning. It was recently shown that pooling is an efficient way to extract the
information from the population response (Shadlen et al., 1996; Panzeri et al., 2003;
Arabzadeh et al., 2004) if the membrane potentials of the individual neurons of the
population are only weakly correlated. We find that for aperiodic Gaussian stimuli, a
linear decoding approach is sufficient to extract almost all of the information from the
response of a single leaky integrate-and-fire (LIF) neuron, despite the neurons’ strong
nonlinear transfer function. Linear decoding, however, dramatically underestimates
the information rate of pooled population responses at low noise levels. A nonlinear
reconstruction method (as cf. a simple feed-forward neural network) is able to extract
significantly more information from such responses.

We show that the difference between the linear and nonlinear method decreases ei-
ther by increasing the frequency content of the stimuli to higher values or by increasing
the strength of the membrane potential fluctuations. The former is a consequence of
the dependency of the shape of the optimal linear decoding filter on the correlation
structure of the input stimulus. We show that the reconstruction of the negative phase
of stimuli with strong low frequency components fails leading to lower information rate
estimates.

The later results from the linearization of the neurons transfer function by noise. It
was recently shown in intracellular recordings in vivo that neocortical neurons have
a strongly fluctuating membrane potential due to synaptic background activity (Paré
et al., 1998; Anderson et al., 2000a). This synaptic activity not only enhances the
responsiveness of neurons (Ho and Destexhe, 2000), but also facilitates the detection
and transmission of weak signals (Wiesenfeld and Moss, 1995; Collins et al., 1996;
Anderson et al., 2000a; Stacey and Durand, 2001). Using a biologically more realistic
model of a population, which shows membrane potential fluctuations in the range typ-
ically observed in visual cells in vivo, the difference between the estimates of the linear
and the nonlinear decoder decreases with increasing strength of membrane potential
fluctuations, but the nonlinear decoder outperforms the linear decoder only if large
enough populations are considered (Npop > 5).

6.2. Materials and Methods

6.2.1. Population of Leaky Integrate-and-Fire Neurons

The first model of the neural population consists of N independent leaky integrate-
and-fire (LIF) neurons. Each LIF neuron is characterized by its membrane potential
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V , which changes in time according to the following differential equation:

Cm
dV (t)

dt
= −IL + Istim(t) + Ibias + D

dW (t)
dt

, (6.1)

where IL = gL(V (t) − EL) is the leak current, Cm = 0.5 nF is the membrane capac-
itance, gL = 50 nS is the leak conductance, EL = −70 mV is the reversal potential,
Istim(t) is the external signal, D is the diffusion coefficient, and dW (t) is the infinites-
imal increment of a Wiener process (Tuckwell, 1988). For a detailed description of the
LIF model see Sec. 2.2.1.

The total input to each neuron was the sum of the input stimulus Istim and the
Gaussian white noise input, which had the same strength and was assumed to be
independent across all neurons in the population. The time dependent input stimulus
was generated by performing a fast Fourier transformation (FFT) of a white noise
Gaussian process, then setting all values of the transformed process below a low (flow)
and above a high (fhigh) cut-off frequency to zero, and then applying an inverse FFT
to the latter. The standard deviation of the stimulus was set to std(Istim) = 0.1 nA if
not stated otherwise.

Throughout this paper we present results for two values of Ibias. First, we used
a bias current of Ibias = 0.65 nA, which leads to an average membrane potential
(without spike process and reset) of 〈Vm〉 = −57 mV . For this bias current an input
stimulus with std(Istim) = 0.1 nA is totally sub-threshold. For the second bias current
(Ibias = 0.9 nA) the average membrane potential remains just below spike threshold
(〈Vm〉 = −52 mV ), similar as reported in Anderson et al. (2000a). All simulations were
done using the Euler integration scheme with an exact update equation [dt = 0.1 ms]
(Gillespie, 1996).

6.2.2. Population of Hodgkin-Huxley Neurons

To show the significance of the results derived with the LIF model, we made addi-
tional simulations with a biologically more realistic model of a neural population. The
improved model differed from the LIF model with respect to the following two points:
First, the LIF neurons were replaced by conductance based single-compartment mod-
els (adapted from Destexhe et al., 2001), which contained Hodgkin-Huxley type ion
currents and synaptic conductances. Second, we introduced correlations between the
membrane potentials of the neurons in the population by modeling the influence of
the ongoing synaptic background activity on the neuron explicitly.
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The membrane potential V of the Hodgkin-Huxley (HH) neurons changes in time
according to the following differential equation:

Cm
dV (t)

dt
= −IL − INa − IK − IM − Isyn(t)− Istim(t), (6.2)

where IL = gL(V (t) − EL) is the leak current, INa and IK are the spike generating
sodium and potassium currents and IM is a non-inactivating potassium current for
spike frequency adaptation. The HH model is described in detail in Sec. 2.2.2 and the
intrinsic currents and othe model parameters are listed in Appendix A.

The influence of the synaptic activity on the neuron is described by the current Isyn

Isyn(t) = ge(t)(V (t)− Ee) + gi(t)(V (t)− Ei), (6.3)

where ge(t) and gi(t) are the conductances of the excitatory (AMPA) and inhibitory
(GABAa) synapses, which were simulated as two-state kinetic models as described in
Destexhe et al. (1994) and in Appendix B.

Each neuron in the population received 1000 excitatory and inhibitory Poisson spike
trains through AMPA and GABAA synapses. The conductances of the synapses were
chosen such that the amplitude of the excitatory postsynaptic potential (EPSP) and
the inhibitory postsynaptic potential (IPSP) matched the measurements of Markram
et al. (1997) [EPSP peak value of 1.3 mV ] and Tarczy-Hornoch et al. (1998) [IPSP
peak value of −0.8 mV ]. All simulations were done using the NEURON simulation
environment (Hines and Carnevale, 1997).

In contrast to the LIF neuron, the standard deviation of the membrane potential
of the HH neuron depends only weakly on the number of incoming spiking events,
since the higher variability of spike count is counterbalanced by the simultaneous
conductance increase, which leads to weaker postsynaptic potentials (Kuhn et al.,
2004). High values of σV > (e.g. σV > 4 mV ) can only be achieved, if some of the
synapses release simultaneously. Therefore, correlations between the release events
were introduced as follows (Kuhn et al., 2003). The release events of single synapses
were randomly chosen from a high density Poisson point process x(t). In other words,
the presynaptic spike train of a synapse is a thinned version of the high density point
process. We use separate point processes for excitatory and inhibitory synapses. The
count correlation coefficient c between two presynaptic spike train is then equal to
Pspk (Kuhn et al., 2003), which is the probability of copying a pulse from x(t) to the
presynaptic spike train. Note that the rate of the high density point processes xe,i(t)
is equal to re,i = λe,i

Pspk
. A variation of Pspk in the range of Pspk ∈ [0.0003, 0.0027] was
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Figure 6.1.: Cartoon of a neural decoding method. The response of a single neuron or a
neural population is used to reconstruct the input stimulus using an estimator,
which minimizes the mean squared error between the stimulus and its estimate.
From the remaining error (“noise”) a signal-to-noise ratio is calculated, which
is used to estimate the information rate.

sufficient to adjust the standard deviation of the membrane potential to a reasonable
range, e.g. σV ∈ [3.5, 5.5]mV . The firing rate of the excitatory background spike
trains was set to 2 Hz and the inhibitory background firing rate was adjusted such
that the average membrane potential of the neurons was approximately equal to 〈V 〉 =
−63 mV . This led to inhibitory firing rates in the range of 1.4 Hz to 1.9 Hz.

In addition, we introduced correlations between the membrane potentials of the
neurons as follows. With the above described method we first generated a pool of
presynaptic spike trains. After that, we distributed the spike trains randomly across
the neurons such that the probability Pc that a pair of neurons in the population
receive the same spike train was Pc ∼ 0.1, which is in agreement with previously
reported values (Braitenberg and Schüz, 1991; Hellwig et al., 1994).

6.2.3. Estimation of the Information Rate

Figure 6.1A shows the approach of linear and nonlinear decoding methods to estimate
the information rate. In the first step, an estimator for the input stimulus is con-
structed based on the neurons’ (or the population) response. In the second step, the
difference between the true and the estimated stimulus is used to calculate the infor-
mation rate as will be described below in detail. Reconstruction approaches, however,
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are based on many simplifying assumptions such that a validation with other more
general methods is necessary.

Borst and Theunissen (1999) suggested using either the direct or the upper bound
method depending on the data available. The direct method can be used to get an
unbiased estimate of the average information rate (Strong et al., 1998; Borst and
Theunissen, 1999; Reinagel and Reid, 2000). This method calculates the mutual in-
formation between stimulus and response based on an estimate of the probability
distributions. If enough data is available, the direct method is the first choice for val-
idation, which has been successfully applied to estimate the information transmission
in single neurons (Strong et al., 1998; Reinagel and Reid, 2000). The direct method,
however, is difficult to apply to populations of neurons, because the number of different
spike patterns increases rapidly with population size and the probability of occurrence
cannot be reliably determined.

The upper bound method (Borst and Theunissen, 1999), on the other hand, esti-
mates the information rate from a frequency domain representation of mean response
and neural noise and needs significantly less amount of data than the direct method.
It is derived from the expected coherence. However, the bound is only tight if neuronal
noise is additive and if the amplitudes of the Fourier-transformed response and noise
traces are Gaussian distributed. At low noise levels, the input-output relationship of
the neurons is highly nonlinear and the assumption of Gaussian distributed ampli-
tudes does not hold, which leads to an overestimation of the true information (Haag
and Borst, 1998; Borst and Theunissen, 1999). At high noise levels (linear regime),
however, the estimates obtained with the linear and the upper bound method should
be approximately the same. Thus a deviation between these methods indicates the
nonlinear regime.

The Linear Reconstruction Method

The linear reconstruction method is introduced in detail in Sec. 2.4.2. The basic idea of
this approach is to reconstruct an estimate of the stimulus Sest from the response and to
calculate the information rate I(S, Sest between the stimulus and this estimate with the
help of a linear filter (Gabbiani, 1996; Rieke et al., 1997; Borst and Theunissen, 1999).
To obtain the information rate between the input signal and the neural response, the
following equation is used (cf. Sec. 2.4.2):

Ilin ≥ − 1
2π

∫ ∞

0
log2

[
1− γ2(ω)

]
dω, (6.4)
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where

γ2(ω) =
|PSR(ω)|2

PSS(ω)PRR(ω)
(6.5)

is the coherence between the stimulus and the response, PSS(ω) and PRR(ω) are the
power spectra of the stimulus and the spike train, and PSR(ω) denotes cross power
spectrum between the stimulus and the spike train.

The coherence was calculated as follows. For each noise condition [different values
of D, eq. (6.1)], we simulated the population of LIF neurons for 1000 s long with
a temporal resolution of dt = 0.2 ms. The whole response was then divided into
approximately 1000 segments of 1 sec duration and transformed into frequency space.
The power spectrum (PXX) and the cross power spectrum (PXY ) were obtained by
averaging the product of the respective Fourier-transformed segments, e.g. PXY (ω) =
〈X(ω)Y (ω)∗ 〉, where ∗ denotes the complex conjugate.

Reconstruction Using a Multilayer-Perceptron

Feedforward neural networks have been successfully applied both to predict the re-
sponse of cortical neurons (Lau et al., 2002) and to decode spike trains from retinal
ganglion cells (Warland et al., 1997) or from cortical cells (Hatsopoulos et al., 2004).
Here we use a multilayer-perceptron to obtain an estimate of the input stimulus from
the population response. Since data processing can not increase the information the
response contains about the stimulus (Cover and Thomas, 1991), the estimate can
be used the same way as described above, namely, to calculate a lower bound on the
information rate:

Inn ≥
1
2π

∫ ∞

0
log2

[
PSS(ω)
PNN (ω)

]
dω, (6.6)

where PSS is the power spectrum of the stimulus and PNN is the power spectrum of
the noise. We define noise as the difference between the stimulus and its estimate.
The power spectra were calculated as described in the previous section.

The multilayer-perceptron consisted of one hidden layer and one linear output neu-
ron (Fig. 6.2), whose value represents the estimate of the stimulus at time t. Each
unit in the hidden layer had a sigmoidal activation function. There were 41 inputs
to each neuron in the hidden layer, representing the number of spikes per bin of the
pooled population response r(t− 20), r(t− 19), ..., r(t), ..., r(t + 20). The bin size was
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Figure 6.2.: Artificial neural network structure. Each neuron in the hidden layer receives 41
inputs, which represents the number of spikes in a 2 ms interval of the pooled
population response. The linear output neuron generates the estimate of the
stimulus from the activation of the hidden neurons.

set to Tb = 2ms and permitted the network to predict the stimulus sest(t) from a time
window of Tw = 82ms, centered at time t.

For simplicity, we trained a separate network for each noise condition. However,
the networks could be easily combined into a single network using a mixture of expert
architecture (Jacobs et al., 1991). We used the back-propagation algorithm for the
calculation of the Jacobian matrix, which was needed for the adjustment of the network
weights according to the Levenberg-Marquard optimization (Marquardt, 1963). The
multilayer-perceptron was created and trained using the neural network toolbox from
matlab.

We used a training set of approximately 50000 stimulus response pairs. A fraction
of 30% of the data was used as validation set. Training was terminated either when
the mean square error of the validation set failed to improve for 5 epochs (repetitions)
in a row or the maximal number of epochs (100) was reached. To determine the proper
number of hidden neurons and inputs, we trained networks with 4, 6, 8 and 10 hidden
units, and 21, 31 and 41 inputs at three different noise conditions and six different
combinations of Ibias and population size. The performance of the network did not
significantly change with the number of hidden neurons but increased slightly with the
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number of inputs. For one tested combination (Ibias = 0.9 nA, Narr = 1 and D = 0)
the increase in performance for increasing number of inputs was significant (t-test,
alpha-level at 0.05). Thus we used a network with 41 inputs and 6 neurons in the
hidden layer for all simulations in this study.

The Direct Method

This approach is based on the probability distribution of all possible words in the
spike train, which is used to estimate the total entropy rate and the noise entropy
rate. Following Strong et al. (1998), we calculated the information rate I,

I = H(R)−H(R|S) (6.7)

as the total entropy rate H(R) of the response minus the conditional (noise) entropy
rate H(R|S) of the response given the stimulus, where the latter measures the vari-
ability of the response to repeated presentations of the same stimuli. A word w is a
specific spike pattern in the response. It consists of L bins of duration Tb, where each
bin contains the number of spikes, which occurred during the time interval Tb. Tb is
generally much larger than the simulation time step dt. The total entropy of the spike
train is than given by

H(L, Tb) = − 1
LTb

∑
w

P (w) log2 P (w), (6.8)

where P (w) is the probability that a word w is observed in the response. Strong et al.
showed, that the true entropy rate can be approximated by linearly extrapolating the
estimate to infinite L.

The choice of the bin size critically affects the information rate estimation. Although
a high temporal resolution is preferable, it also leads to a smaller maximum word
length, because P (w) cannot be reliably estimated given the amount of available data.
Long range correlation in the response can usually not be taken into account at higher
resolutions, because of the too short word length, which leads to an overestimation
of the information rate. In the following, we used a bin size of Tb = 4 ms, because
it yields information rates between the lower (linear decoder) and upper (see next
section) bounds at high noise levels, where the integrate-and-fire models operate in an
almost linear regime where bounds are tight.
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Expected Coherence

Per definition, the coherence from eq. (6.5) lies between zero and one (0 ≤ γ2 ≤ 1). A
deviation from one can be attributed to either the nonlinearity of the neural system or
the noise. To distinguish between these two causes, Haag and Borst (1998) suggested
calculating an expected coherence γ2

exp for a linear system. Give a noise corrupted
linear system, the response R is related to the input signal S via

R(ω) = Gf (ω)S(ω) + N(ω), (6.9)

where Gf (ω) = PSR(ω)
PSS(ω) is the optimal linear forward filter. The expected coherence of

a linear system is then related to the measured signal to noise ratio as follows (ω have
been omitted for better readability):

γ2
exp =

〈S∗R〉〈SR∗〉
〈S∗S〉〈R∗R〉

(6.10)

=
〈S∗(GfS + N)〉〈S(G∗

fS∗ + N∗)〉
〈S∗S〉〈(G∗

fS∗ + N∗)(GfS + N)〉
(6.11)

=
|Gf |2〈S∗S〉2

〈S∗S〉(|Gf |2〈S∗S〉+ 〈N∗N〉)
(6.12)

=
|Gf |2〈S∗S〉

|Gf |2〈S∗S〉+ 〈N∗N〉
. (6.13)

Since the signal in the signal to noise ratio is the average response, the above relation
turns into:

γ2
exp =

SNR

1 + SNR
. (6.14)

The SNR can be obtained from the average population response for many repetitions
of the same stimulus (signal) and the variance of the responses around the conditional
mean (noise) after transforming them into frequency space.

The deviation of the expected coherence from one (1− γ2
exp) is caused by the noise

and a difference between the expected and the measured coherence (γ2
exp − γ2) is a

result of the nonlinearity of the neural system. If the average response and the noise
are Gaussian distributed, the expected coherence can be used to calculated an upper
bound on the information rate from (Haag and Borst, 1998; Borst and Theunissen,
1999)

IUB =
∫ ∞

0

dω

2π
log2

[
1− γ2

exp(ω)
]
. (6.15)
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We use the upper bound in the following to indicate regions, where information trans-
mission through the population is highly nonlinear. For a more detailed description
of this approach see Borst and Theunissen (1999).

6.3. Results

In the following, we demonstrate how much information the response of a single
integrate-and-fire model neuron conveys about temporary varying stimuli and how
pooling affects the estimates of the information rate.

6.3.1. The Single LIF Neuron

Figure 6.3 shows the result obtained with the four different estimation methods de-
scribed in Sec. 6.2.3 for a single LIF neuron. We used two different classes of stimuli:
a low frequency input signal (fstim ∈ [0, 20]Hz, Fig. 6.3A,C) and a stimulus with a
frequency range of fstim ∈ [20, 40]Hz (Fig. 6.3B,D), which we refer to as low and high
frequency signals in the following. In Fig. 6.3A the information rate is plotted against
the standard deviation of the membrane potential [which is changed by varying the
strength D of the Wiener process in eq. (6.1)] for the low frequency signal and a bias
current of Ibias = 0.9 nA. The blue square line shows the information rate estimated
with the linear method. For large values of the noise (σV > 1.5 mV ), the blue square
line is close to the upper bound (green dashed line) which indicates that the LIF
neuron operates in a nearly linear regime. For lower noise values, the linear estimate
deviates from the upper bound (which diverges for σV → 0), but the results obtained
with the direct method (black solid line) indicate that the upper bound overestimates
the information rate. The upper bound becomes less tight, because the mean response
and the additive noise are no longer Gaussian distributed and because the fluctua-
tions of the response around its mean vanish for σV → 0. Despite the remaining
difference between the linear estimate (blue square line) and the direct method (black
solid curve) for σV < 1.5 mV , which indicates that the LIF neuron is no longer well
described by a linear system, the nonlinear neural network method (red circle line)
fails to extract more information from the response as the linear method.

Figure 6.3B shows corresponding estimates of the information rate for the high
frequency signal (same bias current). The region where the linear method (blue square
line) is able to extract almost all information from the response is expanded to lower
values of σV (σV ≥ 0.8 mV ). For σV < 0.8 mV , there are marked differences between
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Figure 6.3.: Comparison of four different estimation techniques for the information rate for a
LIF neuron. The figures show the information rate as a function of the standard
deviation σV of the membrane potential for the linear reconstruction method
(LM; blue square lines), the neural network based estimator (NN; red circle
lines), the direct method (DM; black solid lines), and the upper bound method
(UB; green dashed lines). A) Low frequency signal (fstim ∈ [0, 20]Hz) and
Ibias = 0.9 nA, leading to 〈Vm〉 = −52 mV (spike threshold at Vth = −50 mV ).
B) High frequency signal (fstim ∈ [20, 40]Hz) and Ibias = 0.9 nA. C) Low
frequency signal as in A), but Ibias = 0.65 nA leading to 〈Vm〉 = −57 mV . D)
High frequency signal as in B), but Ibias = 0.65 nA. For the other simulation
parameters see Sec. 6.2.1.
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the linear and the direct method, but - as before - the neural network is not able to
extract more information from the response in this regime.

Figure 6.3C shows the results for the four different estimation methods of Sec. 6.2.3
for the same low frequency stimulus as in Fig. 6.3A, but for a bias current of Ibias =
0.65 nA, for which the input stimulus was nearly sub-threshold the whole time . The
upper bound method (green dashed curve) still diverges for σV → 0, but the differences
between the linear and the direct methods now vanish. The same remains true for
the high frequency signal (Fig. 6.3D), but now the upper bound remains tight and no
longer diverges for σV → 0, because the signal power decreases faster than the noise
power in this limit. This means that the LIF neuron now behaves like a linear system
for all values of σV . The estimate of the neural network is slightly reduced, which
results from the small time window used for the estimation of the information rate.
While correlations between response bins vanish quickly with distance, the estimate
of the linear method is based on a larger number of response bins than that of the
neural network (depending on the number of bins used for the Fourier transform),
which leads to a better estimate of the information rate at higher noise levels.

The information rate estimate of the linear and the neural network method is only
close to the true information if the stimulus is well reconstructed and the noise in the
reconstruction is Gaussian distributed (cf. Sec. 2.4.2). Exemplary, Fig. 6.4 shows the
distribution of the noise amplitudes in frequency space of the linear (Fig. 6.4A) and the
neural network (Fig. 6.4B) method for the low frequency signal (fstim ∈ [0, 20]Hz).
The noise was defined as the difference between the stimulus and its estimate, which
was reconstructed from the response of a single neuron after stimulation with Ibias =
0.65 nA and σV = 2mV . The noise amplitudes were normalized by mean and standard
deviation of the noise at that frequency. The Fig. shows that the noise distribution is
well fit by a Gaussian distribution (black dotted curve). Furthermore, we used a χ2-
test to analyze whether the noise distribution follows a Gaussian distribution. Figure
6.4C shows the χ2-value as a function of frequency for the linear (blue solid curve)
and the neural network (red dashed curve) reconstruction method. For both methods
the χ2-values are well below the threshold value of a significance level of α = 0.01,
which means that the null hypothesis of Gaussian distributed noise amplitudes can
not be rejected. For σV < 2 mV we occasionally find χ2-values, which are above the
threshold value. We conclude from this analysis that a deviation between the true
information rate I(R,S) and the estimated information rate between the stimulus and
its estimate I(S, Sest) is a result of a bad reconstruction of the stimulus and not due
to a non-Gaussian distribution of the noise amplitudes.

Taken together, our results show that although LIF neurons have a highly nonlinear
transfer function, a linear reconstruction method can extract almost all information
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Figure 6.4.: A) Distribution of noise amplitudes of the linear method in frequency space at
f = 5 Hz (blue curve), f = 10 Hz (green curve), and f = 15 Hz (red curve).
The noise amplitudes were normalized by mean and standard deviation of the
noise at that frequency and are well fit by a Gaussian distribution (black dotted
line). B) The same as in A) but for the neural network method. C) χ2-value as
a function of frequency for the linear (blue solid curve) and the neural network
(red dashed curve) reconstruction method. The threshold value for the rejection
of the null hypothesis of Gaussian distributed noise amplitudes (α = 0.01) is
indicated by the black (dotted) line. The neuron was stimulated with the low
frequency signal (fstim ∈ [0, 20]Hz, Ibias = 0.65 nA, and σV = 2 mV ). For the
other simulation parameters see Sec. 6.2.1.

from the neural response - except for very low noise levels - and thus provides a reliable
estimate of the information rate. However, this no longer holds for pooled population
responses as we will show in the following.

6.3.2. Population of LIF Neurons

Figure 6.5A shows the information rate as a function of the standard deviation of
the membrane potential for the same stimuli and bias currents as in Fig. 6.3A, but
for a population consisting of 200 neurons. The Fig. shows the results for the linear
method (blue square line), the neural network method (red circle line), and the upper
bound method (green dashed line). The direct method can no longer be applied
because of insufficient data. Without any background noise, the information rate
is exactly the same as for the single neuron because all neurons in the population
generate spikes at exactly the same time. For intermediate values of σV , however, the
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Figure 6.5.: Comparison of three different estimation techniques for the information rate for
the pooled response of a population of 200 LIF neurons. The figures show the
information rate as a function of the standard deviation σV of the membrane
potential for the linear reconstruction method (LM; blue square lines), the neural
network based estimator (NN; red circle lines), and the upper bound method
(UB; green dashed lines). A) Low frequency signal (fstim ∈ [0, 20]Hz) and
Ibias = 0.9 nA, leading to 〈Vm〉 = −52 mV (spike threshold at Vth = −50 mV ).
B) High frequency signal (fstim ∈ [20, 40]Hz) and Ibias = 0.9 nA. C) Low
frequency signal as in A), but Ibias = 0.65 nA leading to 〈Vm〉 = −57 mV . D)
High frequency signal as in B), but Ibias = 0.65 nA. For the other simulation
parameters see Sec. 6.2.1.
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Figure 6.6.: A) Distribution of noise amplitudes of the linear method in frequency space at
f = 5 Hz (blue curve), f = 10 Hz (green curve), and f = 15 Hz (red curve).
The noise amplitudes were normalized by mean and standard deviation of the
noise at that frequency and are well fit by a Gaussian distribution (black dotted
line). B) The same as in A) but for the neural network method. C) χ2-value as
a function of frequency for the linear (blue solid curve) and the neural network
(red dashed curve) reconstruction method. The threshold value for the rejection
of the null hypothesis of Gaussian distributed noise amplitudes (α = 0.01) is
indicated by the black (dotted) line. The population (N = 200) was stimulated
with the low frequency signal (fstim ∈ [0, 20]Hz, Ibias = 0.65 nA, and σV =
2 mV ). For the other simulation parameters see Sec. 6.2.1.

information transmission of the population is greatly improved. Like for the single
neuron case, there is a large discrepancy between the information rate estimate of
the linear method (blue square line) and the upper bound (green dashed line) for
small values of σV . The value of σV , above which the population behaves like a
linear system, however, is σV ∼ 5 mV and twice as high, than for the single LIF
neuron. The neural network, however, is now able to extract up to three times as
much information from the population response as the linear reconstruction method.
This effect is even more pronounced for sub-threshold stimuli (Fig. 6.5C). For the
high frequency stimulus, the result remains qualitatively similar, but the information
rate estimated with the linear method is closer to the upper bound for small values of
σV (Fig. 6.5B,D) and to the estimate obtained with the neural network. Therefore,
in contrast to the single LIF neuron, the nonlinear method outperforms the linear
reconstruction method substantially for almost all values of σV .

Fig. 6.6 shows the distribution of the noise amplitudes in frequency space for the
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Figure 6.7.: A) Ratio between the information rate estimated by the neural network (Inn)
and the linear reconstruction method (Ilin) as a function of the number of
neurons in the population for the low frequency signal (fstim ∈ [0, 20]Hz). The
different curves show the results for σV = 2mV (blue cross), σV = 3mV (red
square), and σV = 5 mV (black circle). The bias current was set to Ibias =
0.65 nA. B) Same as in A) but for Ibias = 0.9 nA. The different curves show the
results for σV = 1 mV (blue cross), σV = 2 mV (red square), and σV = 4 mV

(black circle). For other simulation parameters see Sec. 6.2.1.

linear (Fig. 6.6A) and the neural network (Fig. 6.6B) method. The noise was defined
as the difference between the stimulus and its estimate, which was reconstructed from
the population response (N = 200) after stimulation with the low frequency signal
(fstim ∈ [0, 20]Hz; Ibias = 0.65 nA and σV = 2 mV ). The noise amplitudes were
normalized by mean and standard deviation of the noise at that frequency. The Fig.
shows that the noise distribution is well fit by a Gaussian distribution (black dotted
curve). A χ2-test revealed (Fig. 6.6C) that the null hypothesis of Gaussian distributed
noise amplitudes can not be rejected at a significance level of α = 0.01. For σV < 2 mV

we find occasionally for both methods χ2-values, which are above the threshold value.
Thus the deviation between the neural network and the linear estimate is mainly a
result of the better reconstruction of the stimulus by the neural network method.

Figure 6.7A shows the ratio between the information rate estimate of the neural
network and the linear method as a function of the number of neurons in the population
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Figure 6.8.: A) Ratio between the information rate estimated by the neural network (Inn)
and the linear reconstruction method (Ilin) as a function of the lower cut-off
frequency flow of the stimulus (bandwidth of the stimulus was 20 Hz). B)
Ratio between the information rate estimated by the neural network (Inn) and
the linear reconstruction method (Ilin) as a function of the bandwidth of the
stimulus (flow = 0 Hz). In both Figures, the different curves show the results for
σV = 2mV (blue cross), σV = 3mV (red square), and σV = 5 mV (black circle).
The bias current was set to Ibias = 0.65 nA. For other simulation parameters
see Sec. 6.2.1.

(fstim ∈ [0, 20]Hz; Ibias = 0.65 nA). At a low standard deviation of the membrane
potential (blue cross curve; σV = 2 mV ), the neural population works in a highly
nonlinear regime and the neural network method outperforms the linear method even
at small population sizes ( IRNN

IRlin
> 1.2 for N > 10). Increasing σV (red square and

black circle curve), however, leads to a decrease of the ratio towards one, which is a
result of the linearization of the response characteristic of the neuron (cf. Sec. 6.2.1).
For an average membrane potential quite below threshold (Fig. 6.7B; Ibias = 0.9 nA),
we find the same dependency of the ratio on population size at slightly smaller values
of σV (see Fig. caption).

Interestingly, we find that the ratio between the information rate estimate of the
neural network and the linear method depends more critically on the spectral com-
position of the input signal. Figure 6.8A shows the ratio as a function of the lower
cut-off frequency of the bandpass filtered white noise stimulus for σV = 2 mV (blue
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cross), σV = 3mV (red square), and σV = 5mV (black circle) as before. During
these simulations the bandwidth of the stimulus was kept constant at 20 Hz, but the
frequency band was shifted to higher values (flow ∈ [0, 40]Hz). The Fig. shows nicely
that the neural network method leads to higher information rate estimates only for
stimuli with low frequency content. A shift of the frequency band of the stimulus to
higher values immediately leads to a reduction of the difference between the linear
and the nonlinear method. For stimuli with flow > 30 Hz, the linear method leads
approximately to the same information rate estimates as the neural network, even at
the highly nonlinear regime (blue cross curve; σV = 2mV ).

Moreover, the ration also depends strongly on the stimulus bandwidth. Figure 6.8B
shows the ratio between the information rate estimate of the neural network and the
linear method as a function of the stimulus bandwidth B ∈ [10, 100]Hz (flow = 0Hz;
Ibias = 0.65 nA) for σV = 2mV (blue cross), σV = 3mV (red square), and σV = 5mV

(black circle). An increase in bandwidth leads to higher information rate estimates of
both methods. The information rate of the linear method, however, increases faster
with increasing B than does the neural network method, which leads to the observed
decrease of the ratio. The low estimates of the linear method at small values of σv are
a result of a bad reconstruction of the stimulus, as we will show in the next section.
Additional data obtained for even stronger input signals (std(Istim) = 0.2 nA) yielded
similar results.

The Linear Reconstruction Filter

Although the firing rates of the LIF neurons in the population are smaller for the
high than for the low frequency stimulus, the information rate estimated with the
linear method is much higher (Fig. 6.5C,D; σV ∈ [1.5, 6]mV ). This unexpected higher
efficiency in stimulus encoding (information per spike) is a result of the inability of
the linear filter to reconstruct the negative phase of the stimulus well, which leads to
an increase of the noise power.

Figure 6.9 shows histograms of the reconstruction error for different σV (see Fig.
caption). For the low frequency signal (Fig. 6.9A), one obtains a skewed distribution
(towards negative values) at small values of σV (blue dotted line), which results to an
increase in noise power and thus to a lower information rate estimate. The distribution
becomes narrower and more symmetric as σV is increased. For the high frequency
signal (Fig. 6.9B), however, the histogram is less skewed and more narrow for the
corresponding values of σV , which leads to higher estimates of the information rate.
Figures 6.9C and D show the corresponding histograms of the reconstruction error
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Figure 6.9.: Histograms of the reconstruction error of the linear and the neural net-
work reconstruction methods for σV = 2 mV (blue dotted line), σV = 4 mV

(black dashed line), and σV = 6 mV (red solid line). A) Low frequency sig-
nal (fstim ∈ [0, 20]Hz) and linear reconstruction. B) High frequency sig-
nal (fstim ∈ [20, 40]Hz) and linear reconstruction. C) Low frequency signal
(fstim ∈ [0, 20]Hz) and neural network reconstruction. D) High frequency sig-
nal (fstim ∈ [20, 40]Hz) and neural network reconstruction. For the other
simulation parameters see Sec. 6.2.1.
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for the nonlinear method. In comparison with the linear method, the neural network
provides a better reconstruction for both stimuli at small values of σV , which explains
the higher information rate estimates at corresponding values of σV . At high values
of σV (red solid lines), however, the population operates almost in the linear regime,
and thus linear reconstruction leads to a slightly lower reconstruction error than does
the nonlinear method.

Figure 6.10 shows the reconstruction filter for the low (Fig. 6.10A) and the high
(Fig. 6.10B) frequency signal, respectively. The filter obtained from the high frequency
signal has a much more pronounced negative component than the filter obtained from
the low frequency signal. Hence, when the stimulus is reconstructed and each spike in
the response is replaced by a copy of the filter, the negative phase of the input stimulus
is better reconstructed for the high frequency signal, which leads to a narrower noise
distribution.

The linear filter is determined by the ratio of PSR(−ω) and PRR(ω) (cf. Sec. 2.4.2). If
the power spectrum of the response PRR(ω) is flat, then h(ω) ∼ PSR(−ω), from which
it follows that the shape of the linear filter is determined by the cross-correlation
function Rsr(τ). Fig. 6.10C and D show the auto-correlation function Rss(τ) of the
stimulus (blue dotted curve), the cross-correlation function Rsr(τ) between the stim-
ulus and the response (black dashed line), and the reconstruction filter normalized to
the maximum of Rsr(τ) for the low and high frequency signal, respectively. The bias
current was set to Ibias = 0.65 nA and the σV was low (e.g. σV = 2mV ). In both Fig.,
the shape of linear filter is close to the shape of the cross-correlation function Rsr(τ),
which indicates that the above assumption of a flat PRR(ω) holds approximately. In
the linear regime, the cross-correlation function is related to the auto-correlation of
the stimulus through

Rsr(τ) = (g ∗Rss)(−τ), (6.16)

where the symbol ∗ denotes convolution and where g is the linear transfer function of
the neural systems, which predicts the instantaneous firing rate f from the stimulus
s via the relation f(t) = (g ∗ s)(t). In the nonlinear regime, eg. (6.16) holds up to a
constant factor if the stimulus is Gaussian and if the nonlinear relation between the
stimulus and the response is well described by a static nonlinear function [Bussgang’s
theorem; see Koch (1998) for further details]. Thus we conclude that the unbalanced
shape of the linear filter is mainly determined by the correlation structure of the
stimulus.
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Figure 6.10.: A) Optimal linear reconstruction filters obtained from the pooled response
of a population of 200 LIF neurons after stimulation with the low frequency
signal (f ∈ [0− 20]Hz) for different background noise levels (blue dotted line:
σV = 2 mV , black dashed line: σV = 3 mV , and red solid line: σV = 5 mV ).
B) Same as in A) but for the high frequency signal (f ∈ [20 − 40]Hz). C)
Comparison of the linear filter (red solid line) with the auto-correlation function
of the stimulus (blue dotted line) and the cross-correlation function between
the stimulus and the response (black dashed line) for the low frequency signal
(σV = 2mV ). D) Same as in C) but for the high frequency signal. In all figures
the bias current was set to Ibias = 0.65 nA. For other simulation parameters
see Sec. 6.2.1.
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Figure 6.11.: A) Comparison of three different estimation techniques for the information
rate for the pooled response of a population of 100 HH neurons. The figures
show the information rate as a function of the standard deviation σV of the
membrane potential for the linear reconstruction method (LM; blue square
line), the neural network based estimator (NN; red circle line), and the upper
bound method (UB; green dashed line). B) Ratio between the information rate
estimated by the neural network (Inn) and the linear reconstruction method
(Ilin) as a function of the number of neurons in the population for 〈Vm〉 =
−63 mV and σV = 3.5 mV (blue cross line), σV = 4.5 mV red square line),
and σV = 5.5 mV (black circle line). For other simulation parameters see
Sec. 6.2.2.

6.3.3. Population of Hodgkin-Huxley Neurons

In this section we investigate whether and under what conditions the predictions of
the LIF population carry over to the biologically more realistic design of a population
(see Sec. 6.2.2). Figure 6.11A shows the information rate as a function of the standard
deviation of the membrane potential for a population consisting of 100 Hodgkin-Huxley
neurons. As an input signal we used the same aperiodic Gaussian stimulus with
bandwidth f ∈ [0, 20]Hz, but with a slightly increased standard deviation (std(I) =
0.3 nA). As before, the Fig. shows the results of the linear method (blue square line),
the neural network method (red circle line), and the upper bound method (green
dashed line). For small values of σV , the neural network method is able to extract
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twice as much information from the population response as the linear method. For
increasing σV , however, the response behavior of the population becomes more linear,
as a decrease of the deviation of the linear method to the upper bound indicates, and
the performances of the linear method gets closer to that of the neural network.

Figure 6.11B shows how the ratio between the information rate, estimated with
the neural network (Inn) and the linear reconstruction method (Ilin), scales with the
population size for three different values of σV (see Fig. caption). At low values of
σV (blue cross line), the neural network method outperforms the linear method even
at small population sizes (Narr > 5), whereas at higher values of σV the ratio Inn

Ilin

increases only slowly with population size.

6.4. Discussion

In this work we investigated different methods for information rate estimation from
responses of single neurons and neural populations. We find that for a single leaky
integrate-and-fire neuron, which was subjected to a weak (mostly sub-threshold) in-
put signal, the linear reconstruction method performs almost optimally despite the
neuron’s strong nonlinear transfer function. Only at very low background activities
(σV < 1 mV ) do we find that the strong rectification of the input signal leads to
a non-Gaussian distributed reconstruction error and thus to an underestimation of
the information rate (cf. Sec. 2.4.2). Nonlinear reconstruction methods do not help
in this case for the same reason. These results are in agreement with experimental
findings (Warland et al., 1997), where the responses of retinal ganglion cells to time-
dependent visual stimuli were analyzed with a linear filter and a neural network, and
both methods lead to indistinguishable results.

However, if a population of LIF neurons is considered and if the information rate
is estimated from a pooled response, the neural network based reconstruction consis-
tently outperforms the linear method. The gap in performance between the linear
and the nonlinear reconstruction method increases with population size and decreases
for increasing values of σV . Furthermore, we have shown, that the low estimate of
the information rate for the linear method arises from a poor reconstruction of the
negative phase of the stimulus, because of the unbalanced shape of the optimal linear
filter. The shape of the linear filter is mainly determined by the correlation structure
of the stimulus. An increase or shift of the frequency content of the stimulus to higher
values leads to a more balanced reconstruction filter and thus immediately reduces the
difference in performance between the linear and the nonlinear method.
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Additional simulations with a biologically more realistic model of a neural popu-
lation of Hodgkin-Huxley neurons revealed the same discrepancy between the per-
formance of the linear and the nonlinear reconstruction method. At low standard
deviations of the membrane potential (σV ∼ 3.5 mV ), the neural network was able to
extract two times as much information from the pooled population response (100 HH
neurons) than the linear method. The ratio between the two methods decreased to
one with increasing values of σV .

Recently, the linear filter method was extended to multiple responses (Warland et
al., 1997; Krahe et al., 2002), where the response ri of neuron i of the population was
convolved with an individual filter hi:

Sest(t) =
N∑

i=1

∫ ∞

−∞
hi(s)Ri(t− s) ds. (6.17)

In the limiting case of identical tuning and identical response behavior, however, the
linear filter of all neurons would be the same, and the above equation would simplify
to

Sest(t) =
∫ ∞

−∞
hp(s)

N∑
i=1

Ri(t− s) ds, (6.18)

where the linear filter hp is obtained from the pooled response of the population. Thus
we expect that our result will hold as long as the neurons in the population have simi-
lar response behavior and the driving input between neurons does not differ too much.
Although these requirements may seem quite restrictive at first, they are also a pre-
requisite for the task of information transmission with ensembles of weakly correlated
neurons. Since the firing of cortical cells is found to be highly irregular (Stevens and
Zador, 1998; Buracas et al., 1998), it is likely that populations of neurons are involved
to relay information reliably to higher brain areas. Indeed, recent experimental find-
ings (Feldmeyer et al., 1999; Lübke et al., 2000) indicate that information transmission
itself can play a major role in neural systems. There it has been suggested that spiny
stellate and star pyramidal neurons in layer 4 of the barrel field in the rat somatosen-
sory cortex amplify and relay thalamic input to different regions within the cortical
column.

The presented results were obtained with white noise stimuli, which are widely used
in experimental studies (Reinagel and Reid, 2000; Kim and Rieke, 2001; Krahe et al.,
2002). These kind of stimuli differ markedly from natural stimuli, where the stimulus
energy decreases for increasing temporal frequencies (Simoncelli and Olshausen, 2001).
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However, we expect that such stimuli reveal the same discrepancy between the two
methods, as the stimulus energy of the temporal frequency spectrum of natural scenes
is mainly concentrated at low frequencies. Thus, a linear reconstruction method may
not be appropriate for such stimuli and a nonlinear method should be preferred for
the estimation of the information rate from the population response.

The presented results are remarkable with respect to another point. It was recently
shown that pooling is an efficient mechanism for decoding stimulus information from
population responses (Shadlen et al., 1996; Arabzadeh et al., 2004) - if the pooled
neurons are only weakly correlated (Zohary et al.; 1994). In this case, however, our
results suggest that an efficient readout system for the incoming spike trains has to
be nonlinear at least for a fairly large range of values of the standard deviation of
Vm. Recently, Polsky et al. (2004) suggested that pyramidal cells may act as three-
layer neural networks. If such a nonlinear readout is indeed realized in a neural
system, our results show that neurons can operate close to the optimum of information
transmission.
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A. The Hodgkin Huxley Neuron

Here we describe the model equations for the Hodgkin Huxley neuron used in chapter 3
and 6 in detail. For both models, the membrane potential is described by the folowing
differential equation:

Cm
∂V

∂t
= −gL(V − EL)− INa − IK − IM − Isyn, (A.1)

where Cm is the membrane capacitance, gL is the leak conductance, EL is the resting
membrane potential, INa and IK are the spike generating sodium and potassium cur-
rents, IM is a non-inactivating potassium current for spike frequency adaptation, and
Isyn is the total synaptic current. The kinetic equations and their parameters were as
follows:

Model neuron used in chapter 3

Here we describe the model equations for the conductance-based neuron, which were
taken from a Wang and Buzsaki (1996) in detail (cf. chapter 3). They were adapted
to bring the firing patterns and rates during stimulation, as well as, the shape of the
generated action potentials closer to the experimental data. The membrane capaci-
tance of the model neuron was set Cm = 1 µF/cm2, the leak conductance was set to
gL = 0.05 mS/cm2 and the resting membrane potential was set to EL = −75 mV . The
kinetic parameters of the voltage-dependent currents were as follows:

Voltage-dependent sodium current, INa:

INa = ḡNa m3
∞h (V − ENa)

m∞ =
αm(V )

αm(V ) + βm(V )
dh

dt
= αh(V ) (1− h) − βh(V ) h
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αm(V ) =
−0.25(V + 41)

exp(−0.25[V + 41])− 1
βm(V ) = 4 exp(−[V + 60]/18)

αh(V ) = 0.07 exp(−[V + 58]/20)

βh(V ) =
1

1 + exp(−0.1[V + 28])
.

Model parameters: ḡNa = 25mS/cm2 and ENa = 55mV .

Delayed-rectifier potassium current, IK :

IK = ḡK n4 (V − EK)
dn

dt
= αn(V ) (1− n) − βn(V ) n

αn(V ) =
−0.01(V + 54)

exp(−0.3[V + 54])− 1
βn(V ) = 0.15 exp(−[V + 28]/30).

Model parameters: ḡK = 4mS/cm2 and EK = −90 mV .

Noninactivating potassium current, IM :

IM = ḡM p (V − EK)

τp
dp

dt
= p∞(V )− p

τp(V ) =
1000

3.3 (exp([V + 35]/40) + exp(−[V + 35]/20)) Tadj

p∞(V ) =
1

1 + exp(−[V + 35]/10)
.

Model parameters: ḡM = 1.2 mS/cm2, Tadj = 4.6555, and EK = −90 mV .
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A. The Hodgkin Huxley Neuron

Model neuron used in chapter 6

The membrane capacitance was set Cm = 1µF/cm2, the leak conductance was set to
gL = 0.045 mS/cm2 and the resting membrane potential was set to EL = −80 mV .
The kinetic parameters of the sodium (INa) and the potassium currents (−IK , IM )
were taken from a model of a cortical pyramidal cell, developed by Destexhe et al.
(2001), and were as follows:

The voltage-dependent sodium current, INa:

INa = ḡNa m3h (V − ENa)
dm

dt
= αm(V ) (1−m) − βm(V ) m

dh

dt
= αh(V ) (1− h) − βh(V ) h

αm(V ) =
−0.32(V − VT − 13)

exp[−(V − VT − 13)/4]− 1

βm(V ) =
0.28(V − VT − 40)

exp[−(V − VT − 40)/5]− 1
αh(V ) = 0.128 exp[−(V − VT − VS − 17)/18]

βh(V ) =
4

1 + exp[−(V − VT − VS − 40)/5]
.

Model parameters: ḡNa = 36.1 mS/cm2, VT = −58 mV and VS = −10 mV , ENa =
50 mV .

Delayed-rectifier potassium current, IK :

IK = ḡK n4 (V − EK)
dn

dt
= αn(V ) (1− n) − βn(V ) n

αn(V ) =
−0.032(V − VT − 15)

exp[−(V − VT − 15)/5]− 1
βn(V ) = 0.5 exp[−(V − VT − 10)/40].

Model parameters: ḡK = 7mS/cm2 and VT = −58 mV , EK = −90 mV .
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A. The Hodgkin Huxley Neuron

Noninactivating potassium current, IM :

IM = ḡM p (V − EK)
dp

dt
= αp(V ) (1− p) − βp(V ) p

αp(V ) =
0.0001(V + 30)

1− exp[−(V + 30)/9]

βp(V ) =
−0.0001(V + 30)

1− exp[(V + 30)/9]
.

Model parameters: ḡM = 0.5 mS/cm2.
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B. Two-state kinetic synapse model

In chapter 6 we generated the background activity using AMPA and GABAA synapses.
They were modeled as follows:

Model of the AMPA-synapses:

ge(t) = ḡA

Ne∑
k=0

xk(t)

dxk(t)
dt

= αA[T ] (1− xk(t)) − βA xk(t).

Model parameters AMPA: ḡA = 8.8 nS, αA = 1.1 mM
ms , βA = 0.67 ms−1.

Model of the GABAA-synapses:

gi(t) = ḡG

Ni∑
k=0

yk(t)

dyk(t)
dt

= αG[T ] (1− yk(t)) − βG yk(t).

Model parameters GABAA: ḡG = 4.2 nS, αG = 5 mM
ms , βG = 0.18 ms−1.

Kinetic parameters were taken from (Destexhe et al., 1994). The transmitter con-
centration [T ] was set to 1 mM at spike onset for a duration of 1ms (rising phase),
and 0mM otherwise. The conductance of the synapse was adjusted such that a spike
leads to an excitatory and inhibitory post synaptic potential of approximately 1.3 mV

and −0.8 mV at a membrane potential of Vm = 60mV (without synaptic background
activity), respectively. The conductance values were chosen according to recent exper-
imental findings (Markram et al., 1997; Tarczy-Hornoch et al., 1998).
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C. Adjustment of synaptic background
activity

The effect of the synaptic background activity on the membrane potential is usually
described by the use of a synaptic current (cf. Sec. 2.3. In chapter 3 and 5 we used a
more complex model of the synaptic background activity in order to include the effects
of shot noise on the membrane potential distribution (cf. chapter 5) or to be able to
adjust the spectral composition of the membrane potential to experimental data (cf.
chapter 3).

Model of the synaptic background activity used in chapter 3

In chapter 3, the synaptic current described the synaptic input evoked by the visual
stimulation as well as the background activity. The total synaptic current Isyn is given
by

Isyn(t) = ge(t)(V (t)− Ee) + gi(t)(V (t)− Ei), (C.1)

where and Ee = 0mV and Ei = −75 mV are the reversal potentials of the excitatory
and inhibitory currents.

The excitatory and inhibitory conductance traces consisted of a constant mean con-
ductance Ḡe and Ḡi and a time dependent part ge0(t) and gi0(t). Visual stimulation
was simulated by adding a sinusoidal conductance with amplitude gs to the total ex-
citatory conductance. The total excitatory and inhibitory synaptic conductance, ge(t)
and gi(t), are then given by:

ge(t) = Ḡe + gs sin(2πft) + ge0(t), (C.2)

gi(t) = Ḡi + gi0(t), (C.3)

wehre gs determines the strength of the stimulation by a grating with a given temporal
frequency (for example, f = 3Hz).
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Excitatory Inhibitory
Optimal Non-optimal Optimal Non-optimal

gs 0.079 0.018 - - mS/cm2

Ḡ 0.096 0.090 0.035 0.020 mS/cm2

a1 1.08 0.87 - -
a2 0.31 0.24 0.15 0.15
a3 0.127 0.085 0.1 0.1
b1 400 200 - - ms

b2 50 50 50 50 ms

b3 2.2 2 2 2 ms

Table C.1.: Stimulus conductance gs as well as the mean background conductance Ḡ and
parameters of f(ω) for the excitatory and inhibitory conductances ge(t) and
gi(t). The parameters were used to reproduce the membrane potential of the
neuron shown in Fig. 3.1A-F.

The time-dependent excitatory and inhibitory conductance traces, ge0(t) and gi0(t),
were derived from a Gaussian white noise, which was filtered in Fourier space by
multiplying the transferred conductance trace component-wise with a function f(ω):

f(ω) = a1 exp(−τ1ω) + a2 exp(−τ2ω) + a3 exp(−τ3ω), (C.4)

in order to obtain a spectral composition of the membrane potential fluctuations sim-
ilar to the experimental data.

Table C.1 lists the model parameters which were used to reproduce the spectral com-
position of the membrane potential shown in Fig. 3.1A-F. The table lists the stimulus
conductance gs as well as the mean background conductance and the parameters of
the filter function f(ω) of ge(t) and gi(t) for optimal and non-optimal orientation. For
all other orientations, the mean background conductance and the parameters for f(ω)
were linearly interpolated between the listed parameters according to the value of the
stimulus conductance gs at that specific orientation. The stimulus conductance itself
was adjusted such that the stimulus-power of the simulated voltage trace matched to
the experimentally observed values.

Table C.2 lists the model parameters which were used to reproduce the average
values of our experimental data sample (see Table 3.2). The alteration in stimulus
or γ-power in the range of plus-minus one standard deviation of the experimentally
observed values were achieved by either varying the stimulus conductance gs (stimulus-
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Excitatory Inhibitory
Optimal Non-optimal Optimal Non-optimal

gs 0.067 0.014 - - mS/cm2

Ḡ 0.113 0.1 0.035 0.020 mS/cm2

a1 1.41 1.43 0 0
a2 0.24 0.18 0.15 0.15
a3 0.091 0.054 0.1 0.1
b1 220 220 0 0 ms

b2 50 50 50 50 ms

b3 1.5 1.2 2 2 ms

Table C.2.: Stimulus conductance gs as well as the mean background conductance Ḡ and
parameters of f(ω) for the excitatory and inhibitory conductances ge(t) and gi(t).
The parameters were used to reproduce the average values of our experimental
data sample (see Table 3.2)

power) or the parameter α in eq. (3.8) (γ-power). The simulation time step was set
to dt = 0.05 ms.

Model of the synaptic background activity used in chapter 5

In chapter 5, where we investigated how the detection perfomance of a population
of LIF neurons depends on the statistical parameters of the membrane potential, we
adapted the parameters of the excitatory and inhibitory synaptic conductances in
order to alter mean, standard deviation and temporal correlation of the membrane
potential in a biologically meaningful range.

The total synaptic current Isyn is given by:

Isyn(t) = ge(t)(Vm(t)− Ee) + gi(t)(Vm(t)− Ei), (C.5)

where ge(t) and gi(t) are two fluctuating conductances driven by a Poisson process:

τe
dge

dt
= −ge + aeτe

∑
tke

δ(t− tke), (C.6)

τi
dgi

dt
= −gi + aiτi

∑
tki

δ(t− tki
), (C.7)
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where τe and τi are the synaptic time constants, ae and ai are the quantal conductance
amplitudes, tke and tki

are the Poisson-distributed arrival times of the spikes generated
by the background activity with rate fe and fi. Model parameters were: ge0 = 12.6 nS,
gi0 = 50.3 nS, σe0 = 10.6 nS, σi0 = 23.2 nS, τe0 = 2.7 ms, and τi0 = 10.5 ms.

The excitatory and inhibitory background firing rate fe and fi as well as the quantal
conductance amplitudes ae and ai were obtained by solving the following equations:

〈ge〉 = ae τe fe, σe = ae

√
τe fe

2
, (C.8)

〈gi〉 = ai τi fi, σi = ai

√
τi fi

2
. (C.9)

The values listed above lead to a fluctuating membrane potential with mean of
〈Vm〉 = −65.8 mV and standard deviation of σV = 4.5 mV after spike removal. Differ-
ent combinations of mean and standard deviation of the membrane potential were ad-
justed by varying ḡe = α ge0 (α ∈ [0.4, 4.9]), σe = β σe0, and σi = β σi0 (β ∈ [0.5, 3.2]).
To get the corresponding parameters α and β for a certain combination of 〈Vm〉 and
σV , we first obtained 〈Vm〉 and σV for points in the two dimensional parameter space
defined by α and β. After that, we derived the isoclines for the desired values of 〈Vm〉
and σV . The corresponding values for α and β can then be obtained from the inter-
section of the isoclines. Note that for each investigated combination of 〈Vm〉 and σV

we only found one corresponding combination of α and β in the above stated range.
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