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Abstract

Thisthesis discusses and analyses the dynamicsand |earning of the spiking neurons
where stochastic input spikes are provided. One of the important problems in neural
computation is to understand how the neurons process their information. Throughout
thisthesis, we try to discuss this neural coding problem by assuming two hypotheses.
First is the stochastic property of spikes, and second is that the neuronal activities can
be modeled by the spiking neuron model. The spiking neuron model is one of the
simplified neuron models, but it can directly treat spikes and enables us to analyze
theoretically.

In chapter 1, we state our motivation and aim of the stochastic spiking neurons
which we have developed. The stochastic property of spikesisacommon phenomenon,
and the neuronal coding problems are often described by spike generation probability.
However, most of the neuron models and their discussions are very simplified, and
cannot treat how the spikes are generated. Through the analysis of the stochastic spik-
ing neurons, we try to make more realistic description of neuron models that can deal
atemporal aspect of the spike generation probability.

Chapter 2 and 3 are the main contents of this thesis. We develop a new theoretical
framework to consider the dynamics of a stochastic spiking neuron model with general
membrane response to input spike. We assume that the input spikes obey an inhomo-
geneous Poisson process. The stochastic process of the membrane potential then be-
comes a Gaussian process. When ageneral type of the membrane response is assumed,
the stochastic process becomes a Markov-Gaussian process. We present a calculation
method for the membrane potential density and the firing probability density. Our new
formulation is the extension of the existing formulation based on diffusion approxima-
tion. Although the single Markov assumption of the diffusion approximation simplifies
the stochastic process analysis, the calculation is inaccurate when the stochastic pro-
cess involves a multiple Markov property. We find that the variation of the shape of
the membrane response, which has often been ignored in existing stochastic process
studies, significantly affects the firing probability. Our approach can consider the reset
effect, which has been difficult to be dealt with by analysis based on the first passage
time density.

In chapter 4, we discuss a theoretical framework of spike-based Hebbian learning.
The spike-based Hebbian learning can be decomposed by the dynamics of internal
variable which changes its values by the spike arrival and spike emission of neurons.
For the application of this theoretical results, we consider the the self-organization and
formation of neural circuits based on coincidence detector neurons. Through competi-
tive learning among spikes, the network can preserve a spatio-temporal spike pattern.

In chapter 5, we theoretically examine the stochastic process of a spiking neuron
whose spike responses are similar to those of the Hodgkin-Huxley (H-H) model. Our
simplified model based on alinear differential equation can successfully reproduce the
sub-threshold membrane properties of the H-H model. Analyzing the stochastic pro-



cess of this model, we find that the neuron resonates with Poisson input spikes whose
intensity oscillates with a certain frequency. This frequency corresponds to so-called
natural frequency of the H-H model. This chapter is one of the evidences of ability of
the stochastic spiking neurons to model physiologically plausible phenomena.

We will conclude thisthesisin chapter 6 with discussions about what the viewpoint
of the stochastic spiking neuron clarifies about the neural coding problems, and what
thefuture of thismodel will be. There, wewill see therel ationship between the conven-
tional rate coding and the stochastic spiking neuron model which we have discussed.
Our stochastic spiking neuron model has various application, and will bridge the gap
between spikes and psychophysical phenomena through population coding scheme.
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Chapter 1

Basic Concept of Stochastic Spiking
Neurons

Abstract. In this chapter, we state the motivation and aim of the stochastic spiking
neurons which we have developed. One of the important problemsin neural compu-
tation isto understand how the neurons process their information. Here, we clarified
what the problem is and state the viewpoint that we assume. Throughout thisthesis
we adopt two assumption. First isthe stochastic property of spikes, and secondisthat
the neuronal activities can be modeled by the spiking neuron model. The stochastic
property of spikesisacommon phenomenon, and the neuronal coding problems are
often described by spike generation probability. However, most of the neuron models
and their discussions are very simplified, and cannot consider how the spikes are gen-
erated. Spiking neuron model that we adopt is an appropriate one that can directly
treat spikes, and enables usto analyse by stochastic process method.

1.1 Introduction

Brain is an astonishing organism which can flexibly learn, think and make decision
among a large amount of input information. The information processing unit in the
brain is a neuron. Every sensory information such as a sight, hearing, smell, taste,
touch and so on is expressed and encoded by the action potential sthat the neurons emit.
Such pulsed information spreads throughout the brain, and each neurons communicates
by the pulses. In this thesis, we will focus on this pulsed action potentials which we
cal “spikes’.

Although the studies of information processing of brain have flourished in these
days, the issue how the neurons process their spike information has remained as an
unsolved problem. The reason why the role of spikes has still been unknown is because
the spikes can only be partially observed. A basic measurement method of spikes is
to penetrate the brain with a electrode, and observe the voltage within a very limited
area of the brain. What we can observe from the in vivo (living-brain) experiment
are the spikes that single neurons emit. As aresult, it is very difficult to capture the
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whole activities of neural coding. Because one cannot specify the connection of the
neuronal circuit, the only thing that we can psychologicaly imagine is to link the
spiking events with the stimulus that the experimenter provides or with the behaviors
of the subject. Thisfundamental lack makesthe role of spikes an important topic which
many researchers discuss. In the next section, we will review and define the problem
of neural coding, and state our standpoint to explain the role of the spikes.

1.2 Neural coding problems

How do the spikes convey information?

This is the first problem that we will discuss. A classical research of the neuroscience
also includes this neural coding problem. An English neuroscientist Adrian studied
about the neural coding of muscle. The Adrian’s fundamenta observations (Adrian
and Zotterman, 1926) was that, in response to a static stimulus such as a continuous
load on a stretch receptor, the rate of spiking increases as the stimulus becomes larger.
Then, the number of spikes in a fixed time window following the onset of a static
stimulus represents the intensity of the stimulus that the sensory receptors detect. In
this case, only the temporally summed and averaged number of spikes from the onset
of the stimulus has information.

Rate coding hypothesis

Rate coding hypothesis insists that the information among the spikes can be extracted
by the temporal averaging of spikes. From the Adrian’s experiment, the temporally
summed and averaged number of the spikes concerns with the information of the
weight of the load that the sensory receptors detect. Mathematically, we can describe
the transmitted information such as weight of load as

T L~ (7 d 1.1
rate — M—TIZ;/O nl(t) tv ( ' )

where M is the number of trial and 7 is the duration time of each trial. The number
of spikes of the /-th trial until time ¢ can be described by random variable n,;(t). Based
on this hypothesis, the timing of a spike emission does not have information. Thisrate
coding viewpoint simplifies the neuron model very much, and fortunately corresponds
to the spin glass system of magnetic matter which has been analytically studied in
statistical physics. Many techniques of statistical mechanics can be applied to the
analysis. However, these simplification motivated by mathematical tractability does
not consider how the spikes and neurons process their information.
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Temporal coding hypothesis

On the contrary, detail measurement of coded spikesin other areasuchas MT (medial
temporal) area of the cerebral cortex (Bair and Koch, 1995), the temporal resolution
of the conveyed information is found to be important. Moreover, the correlation of the
spikes, or the deterministic property of spikes, which make the spiking information
richer, isalso found (Riehle et al., 1996; Hatsopoulos et al., 1998). Recent discoveries
find that temporal timings of spikesis important for information processing and learn-
ing. Many researchers has begun to reeval uate the temporal aspect of the spike coding
system.

1.2.1 Redefinition of the controver sy
Complexity of the spikesin the cerebral cortex

The controversy about neural coding is so diverse that we should redefine and limit
what the problemsis. Here, we limit the discussion to the spikesin the cerebral cortex.
One of the property of the neurons in the cerebral cortex is the large number of the
projecting (input) neurons. Many types of input information flood into a single neuron.
As a result, the dynamics of neurons become complex. One of the problems about
spikes in the cerebral cortex is that the spikes are seemingly stochastic. Even if the
same experimental stimulus are provided to the brain, the spike trains are not the same
among the trials. What makes this variation over trials? Why the brain adopt such
seemingly uncertain coding scheme? There are two extreme point of view, that is,
spikes are deterministic or stochastic.

Chaotic viewpoint

One of the explanation for the seemingly stochastic spikesis an deterministic point of
view such as “chaos’. From the “chaotic” point of view, every single spike has their
meaning. The chaotic spike trains are encoded there. From the viewpoint of infor-
mation theory, such a precise system may be efficient coding scheme (Softky, 1995;
Stevensand Zador, 1996a; Fujii et al., 1996). However, roughly speaking, any arrange-
ments, such as temporal ensemble or population averaging of the spikes, damage the
precise coding. Because the spike generation of neuron itself has chaotic property, this
view of the spikes may be interesting. However, information that enters the neuronal
assembly is not such a delicate one. Spike information needs robustness and should be
able to be compensated.

Stochastic viewpoint

From the rough stochastic point of view, the spike variation is considered the results of
the “uncorrelated” stochastic fluctuation. There are three uncorrelation factors, which
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permit us to average spike events over. In order to extract the information from the
spike data, which is the better assumption of the statistical independence?

Temporal averaging In classical neural network theory, the basic view of spike
information can be extracted by temporal averaging of their number. It is consid-
ered that the number of the spikeswhich aretransferedin aunit of time hasinfor-
mation, and the spike timing and their statistical correlations does not have any
meaning. This point of view is supported by the experiment of Adrian (1926) ,
who is the pioneering researcher of neurophysiology. Rough view of the neu-
ronal activities can be discussed from this point of view. However, thisviewpoint
is extremely simplified, and does not give us how spikes are treated in neuronal
information processing.

Trial averaging In the physiological studies, the trial averaging of the spikes are
commonly used. Thisiscalled “peri-stimulustime histogram” (PSTH). This av-
eraging is based on the concept that spikes are stochastic point process and does
not have any correlation among trials. Only the spike generation rate at that tim-
ings has its information. This point of view aso has very strong simplification.
However, because the simultaneous recording of spikes from different areas is
technically difficult, many physiological researcher adopt this PSTHs. Accord-
ing to recent experimental research (Arieli et al., 1996), the neuronal responses
vary alot even when they are evoked by the same stimulus. However, by adding
the response averaged over trials to the initial neuron states, the actual single
response can be well approximated. This implies that the trial averaged spikes
or firing probability density may be the expression of information conveyed in
the neuronal network.

Population averaging The third way is to average over neuronal activities. This
means that a neuron in the summed population does not have any particular
information. Only the summation of the emitted spikes in the population has
their information. One of the merit of this viewpoint is that it is not necessary
to assume the stochastic property of spikes. Ideally, deterministic spike effects
can be considered in this formalism, but actually, this point of view needs the
homogeneity within the summed neurons. We have experimenta evidence that
neurons in the same column respond to similar stimulus. For example, neurons
in the primary visual cortex are arranged in columns of cells. However, this
assumption is very strong and it is hard to divide into population of neurons
which have homogeneous property.

Our viewpoint of spikes

The statistical independence of spikes itself is common property of neurons. In the
series of papers, Teich, Khanna, and coworkers have measured spike number distribu-
tions and the ratio of variance to mean in spike trains from primary auditory neurons
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in cats. The results (Teich and Khanna 1985) were in reasonable agreement with
predictions from Poisson model. Recently, Sakai et al. (2000) have found that an
inhomogeneous Poisson process can reproduce spiking statistics of cortical neurons
in prefrontal cortex of a monkey. However, some sensory information (de Ruyter van
Steveninck and Bialek, 1988) and the responses to stimulus onset (Hatsopoulos et al.,
1998) cannot be expressed by uncorrelated spike events. It is not applicable to any
cases to assume that the spikes are Poissonian. We will discuss that deterministic spike
synchronization causes strong effect to the Hebbian learning in chapter 4.

Our standpoint of the neural coding problem is as follows. First, we hypothesize
that the spikes are stochastic point process. The uncertainty of the coded information
is converted into an reliable information by the averaging the spikes of the neuronal
ensemble every time step. Because the temporal dynamics of spikes whose sampling
time window is about 10 [ms] cannot be neglected (Bair and Koch, 1995), we should
treat the temporal dynamics of the spike generation rate.

From the requirement of theoretical simplicity, we moreover assume that the spikes
have statistical independence with each other. Namely, we assume that spikes obey an
inhomogeneous Poisson process throughout this thesis. Thisindependence assumption
may be unnatural. It should be noted that the correlation, which we omit, isimportant.
The spiking activity at stimulus onset does not show the statistical independence. How-
ever, the complex circuit of the cerebral cortex makethe spikes random. Especially, the
spontaneous neuronal activity among the cerebral cortex, which is seemingly stochas-
tic, cometo lose their correlation (van Vreeswijk and Sompolinsky, 1996, 1998; Kubo
et al., 2000).

1.3 Population coding scheme

How does the brain express information?

Based on the hypothesis we adopt, we can further tackle the problem of the infor-
mation expression among neurons. In this section, we will consider the information
representation by stochastic spikes based on the fact that every cortical neuron has its
preferred fragment of information. Many modalities of information are expressed in
the cerebral cortex. However, when we consider the limited area of the brain such as
primary visual, inferior temporal or primary motor cortex, the neuron has its respective
psychophysical expression axis. Difference is the modality of the input information,
and the encoding and decoding framework may be uniformly discussed.

Orientation Selectivity For instance, we discuss following simple electro-physiological
experiment. A monkey whose primary motor cortex neuron is measured is trained to
perform the following task. The task consists of two visual stimulus. At the beginning
of the experiment, the center button in front of the monkey turnson. When the monkey
keeps to press the button, the center button then turns off. Simultaneously, one of the
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16 surrounding button randomly selected and turn on alight. The monkey get areward
when he push the surrounding light button.

Schwartz et al. (1988) examined how the direction of armsin three dimensional
space is expressed among the neurons in primary motor cortex. Then, they found
that 475 among 538 (83.6 %) of neurons have their respective preferred direction.
Moreover, depending on the difference between its preferred direction and the direction
of thearm, the activity of the neuron decreases. Namely, the activity of neuron z, which
can be estimated by the number of spikes, can be expressed by the preferred direction
O, and the direction of the arm movement direction © ;. The preferred orientation
function, which corresponds to the estimated activity of neuron ¢, forms the cosine
tuning curve:

dz(®M) == b—l— k cos ®MC,'7 (12)

where Oy, = Oy — O, isthe angle between its preferred direction and the direction
of the arm movement. This d,;(©y,) is called tuning function of neuron :. They find
that the tuning function forms almost same among neurons, and obtain b = 41.90 [Hz],
k = 36.55 [Hz] from the experiment. The functionisillustrated in Figure 1.1.

d=b+k cos 0

o/
2

Z

Figure 1.1: The left figure shows how the experiment is carried out. The monley
was trained to keep pressing whilethe center button’'slight (1) ison, and reach the
surrounding button which turnson the light (2). Right figure shows the temporally
averaged activitiesof M1 neurons. The direction of the maximum activity denotes
its preferred orientation.

They also find that the preferred directions are equally distributed among neurons.
One of the important property of these neuronal activity is that the expressed infor-
mation in a single neuron is not specified, and generally the neuron responds to all
direction of the arm movement. The discovery of this broad tuning imply that one
cannot extract the encoded information from single neurons.

Population vector

Based on the orientation selectivity of the neurons in the primary motor cortex, Ger-
gopoulos et al. (1986) proposed one decoding scheme of neuronal expression using
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“population vector”. The “population vector” consists of the ensemble of the prob-
abilistic neuronal activity. Namely, they consider the neurons vote for its preferred
direction by the amount of its activity, and the ensemble mean of the activity express
the actual command of arm movement. Then, the internal expression becomes

P =Y w(il)e, 13)

=1

where C; denotes the preferred direction of neuron ¢, and has a uniform absolute value.
Amplitudes are defined by w;(M), which isw;(M) = d;(M) — b which indicates the
activity of neuron ; under the arm movement M. N isthe number of neurons which
have their preferred directions. This internal expression corresponds to the actual arm
movement, including its velocity and direction, with certainty of 95 %.

This population vector approach not only imitate the command of the arm move-
ment, but also indicate one psychological interpretation of the neuronal activity. Here,
we hypothesize that this population vector is not only the interpretation of the speci-
fied experiment, but one of the candidates to explain the way of neural coding in the
cerebral cortex. Subsequently, we consider that the information representation of the
neuronal ensemble each of which responds to divided character of information is the
coding scheme of the cerebral cortex.

1.3.1 Probabilistic model based representation

The voting of neurons for their preferred directions can be interpreted by stetistical
inference theory. Sanger (1994, 1996) further steps into the interpretation of Geor-
gopoulos’ theory. Hetriesto interpret the population coding by a stochastic model. He
assumes that the spikes are generated by Poisson distribution. The spike generation
probability of n spikeswithin time At is assumed to be

e—cr(ac)At

P[n spikes|z] = (o(x)At)"

) (1.9

n!

where the Poisson intensity o(x) under the input = can be assumed to correspond to
the tuning curve of the neuron. = depends on the psychological axis of the experiment,
such as the direction of arm movement or the location of arms. Using the Bayes rule,
the coded information of the neuronal activity can be decoded by

Plz|n spikes] = o(z)"Plz]e™®A1N, (1.5)

where N is the normalisation constant, and the prior P[x] depends on the experiment.

If the experiment equally select =, the prior becomes constant. Because we assume the
neuronal activities are statistically independent, P[spike;, spike;|x] = P[spike;|z] P[spike,|z],
then, the conditional probability density of = for the neuronal activity becomes

Plz|population] = ! (P[:L'] II e_gﬂ(gg)m) I o). (1.6)

N all cells firing cells
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Because the posterior (certainty of =) is the product of the tuning curves of neuronsin
this equation, the selectivity becomes sharp as the number of neuronsincreases. More-
over, the standard deviation of the distribution can be interpreted as the uncertainty of
the information. In order to extract the best information among the probabilistic distri-
bution, one may use a statistical criterion such as the maximum likelihood condition or
minimum squared error condition. Maximum likelihood takes the peak of the distribu-
tion, and the minimum sguared error takes the mean of the distribution. This statistical
interpretation produces better results than simple population vector even if measured
preferred directions are not uniformly distributed or a tuning curve does not form co-
sine function. This statistical inference viewpoint is theoretically interesting and many
researchers devel op the theoretically efficient encoding and decoding scheme (Ander-
son and van Essen, 1994; Zemel et al.,1998) .

1.4 Discussion about neural coding

The population coding scheme discussed above can be summarized as follows. (1)
Spikes, the information unit of the brain, can be approximated by stochastic point
events. (2) A neuron has selectivity to some specified input stimulus, such as the
fragment of the direction of arm movement. (3) Information in the brainis not encoded
in asingle spike or single neuron, but expressed by their ensemble. (4) The interaction
between neuronal activities may be interpreted by statistical inference theory such as
Bayesrule.

1.4.1 Remaining problems

This stochastic spike view point is natural for the interpretation of the coding scheme
of the cerebral cortex, but there are many remaining problems to overcome.

One of the problems of this stochastic coding scheme is that one cannot always
assume the statistical independence among spikes. deCharms and Merzenich (1996)
reported the coordinated spiking activity among neurons in the primary auditory cor-
tex, when a pure tone sound is provided to amonkey. Moreover, based on simultaneous
recording of plural neurons, Hatsopoulos et al. (1998) reported that synchronous activ-
ity is observed on the stimulus onset in the primary motor cortex. Riehle et al. (1996)
reported such synchronous activity is not estimated by the product of the ensemble rate
and call such correlated synchrony “unitary event”. These synchronous activity may
be the effect of deterministic spiking activity, which cannot be explained only by the
Poisson spike assumption. Effect of the deterministic spikes to the Hebbian learning
will be discussed in Chapter 4.

Second is about the temporal and dynamical aspect of the spiking activity. Using
simplified conventional neural network models, many research about the dynamicsin
the cerebral cortex isstudied (Amari, 1977; Ben-Yahsai et al., 1995; and many others).
However, the coding scheme which has been discussed so far is based on rate coding
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hypothesis, and does not clearly link to the actual spiking activity of neurons.

This thesis focuses on the temporal aspect of the spike generation rate based on
more realistic neuron model than conventional neural networks. The next section will
discuss more reliable neuron models which can simulate the spiking activity of neu-
rons. The motivation of this thesis is to bridge the gap between such reliable neuron
models and the statistical interpretation of spikes.

1.5 Spikeand Neuron models

The relationship about the stochastic neuronal activity and spike generation mechanism
has not yet been discussed further. In this section, first, the precise spiking activity of
neurons is discussed, and next we will seek a tractable model for stochastic spiking
activity.

1.5.1 Conventional neurona mode

At the beginning, a conventional rate coding scheme is discussed. For analytical sim-
plification, we assume that the expression of a neuronal state consists of only two
stochastic value, o = 1 (active) and o = 0 (quiescent). We also assume that the tran-
sition probabilities from quiescent to active and from active to quiescent are g(h)/7
and (1 — g(h))/7, respectively. Here, 7 is the time constant for the state transition,
g(h) isthe transition function, and % is the internal potential. Through some theoret-
ical discussion (noted in appendix section 1.A.1), the mean dynamics of the system
becomes

d
r o {oi(t)) = = (3) + {g(h)) (1.7)

Because (g(h;)) is not easy to calculate, sometimes the mean field approximation is
applied and we have

d
- (0i(t) = = (o:) + g((ha)). (18)

The stational solution of equation (1.8) is
N
vi(t) = g(Q_ wvs(t)), (L9)
7=1

wherev;(t) = (o;(t)) isthefiring probability. This simplified neuron model has many
merits for analytical tractability. The tempora dynamic of neuronal activity may be
written by the equation (1.8). However, the parameters, such as 7, are not based on
physiological fact. Only the phenomenological explanation can be done with this
model. A concept of spike, which will be introduced in the next subsection, is not
seen here. One of the moativation of thisthesisisto find what this rate coding scheme
means from the point of view of physiologically plausible neuron models.
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1.5.2 Notation of spikes

Throughout this thesis, we use the mathematical formulation as follows. Formally, the
spike train which is emitted by neuron ;5 can be written by

ny(2)
Z (t—1t), (1.10)

where 4(-) denotes the Dirac’s delta function, and tf is the f-th spike timing emitted
by neuron 5. When the spike train is provided to the post-synaptic neuron ¢ with the
delay time A,;, the input spike train from neuron ; to : can be written as

n, (1)
Z (t—t] —Ay). (1.12)

Every spike causes some effect such as the membrane conductance change or potential
change to the post-synaptic neuron. Using the Heaviside (step) function,

1, s>0
H(s) :{ T (112)

we can describe the effect of a single spike by causal function, «(s)#(s). Then, the
post-synaptic effect of the spiketrain, S;;(s), becomes

t n;(t)
wis (1) :/0 w(sYH(s)Si(s)ds = 3 u(t —tf — A). (1.13)
f=1

Delays, A,;, are sometimes omitted for smplicity. If we consider that the spikes are
stochastic point process, the spike train can be written as

(1)
Z (t—t), (1.14)

where random variables are written by bold math font.

1.5.3 TheHodgkin-Huxley models

The spikes, which are generated at axon of neurons, are mathematically described by
the Hodgkin-Huxley model (1952) . Their model can precisely reproduce the action
potential of giant axon of squid. Most of the neurons have similar spiking property.
Figure 1.2 is the hardware circuit for the Hodgkin-Huxley model. The membrane
potential of axon v () iswritten by

dv(t) _

O3 = Gam*(O(1)( Exa = (1)) + G (1) Exc = v(2)
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—I_Gm(‘/rest - U(t)) + [input(t)v (115)

where the reversal potentials are En, = 115 [mV], Fx = —12 [mV] and Viese = 0
[mV], and the maximal conductances are G'n, = 120 [mS/cm?], Gk = 36 [mS/cm?]
and ¢, = 0.3 [mS/cm?]. The channel dynamics is voltage dependent. The dynamics
of component of the potassium channel iswritten by

dn(t)
dt

where the activating and inactivating probabilities, o, (v) and 3,,(v), are denoted by

= an(v)(1 = n(1) = Bu(v)n(). (116)

an(v) = (0.1 = 0.010) /(1701 — 1), B,(v) = 0.125¢7/%, (1.17)

Membrane potential of the Hodgkin-Huxley model highly affected by sodium and
potassium current. The dynamics of components of the sodium channel are written

by

D) _ (@)1= (1)) = Bu()m(),
dh(t)
—— = ()L = h(t) = Bu(v)h(t), (1.18)

where the activating and inactivating probabilities are denoted by

(V) = (2.5 — 0.10) /(@501 _ 1) 3, (v) = 4e™/18
an(v) = 0.07¢29% B, (v) = 1/(P701) 4 1), (1.19)

Input current is usually written by

Ng

Fopadlt) = _(0(t) = ) [ gu(s)S5(s)ds + 3_(0(0) = Br) [ n(s)S05)ds, (1.20)

J=1

where Fx and F; are the reversal potentials of excitatory and inhibitory inputs, re-
spectively. We set £ = 0 [mV] and E; = 0 [mV]. gr(s) and g;(s) are the synaptic
conductances and we define by

gu(s) = —gi(s) = Gegne” " H(s) (1.21)

where Gy, IS conductance gain and « isthe decay parameter. Membrane potential of
the Hodgkin-Huxley model highly affected by sodium and potassium current.

Figure 1.3 is an example of the dynamics of the Hodgkin-Huxley neuron model.
Input spikes are stochastically generated by Poisson process with constant rate. Spikes
are almost randomly generated, but we can see sequentia firings. Four sequential
spikes are seen from 650 [ms] to 700 [ms]. These are called tonic firings. Moreover it
isnot easy to decide when spikes are generated. The definition of spiking threshold we
adopt is increasing of sodium current, p(¢). We defined the spiking threshold where
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Figure 1.2: Electrical circuit for the H-H model, where a single synaptic input is
provided. The membrane property can be described by the conductance change,
parametrised by », m and h.
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Figure 1.3: Dynamics of the Hodgkin-Huxley neuron model: In the top figure,
opening probabilities of potassium and sodium channel is written. Second and
third figures denote the membrane potential. In thethird figure, the spiking thresh-
old iswritten in dotted lines. The threshald is defined by the opening probability
of sodium channel p(t). We defined the threshold by the membrane potential
where p(t) crosses 0.004 and p(t) > 0. The bottom figure isthe histogram of the
thresholds.
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p(t) > 0.004 and p(¢t) > 0. Although a spike is not generated at time 630 [mg], this
definition regard this as spiking. Spiking thresholds in the bottom figure are variable.
These complex phenomena are generated by sodium and potassium current, which is
not easy to analyze.

Even this Hodgkin-Huxley model is not a perfect model. This model only consider
a very limited area of a neuron. Many researcher devotes to produce more realistic
neuron model by introducing more ion channels and considering the shape of dendritic
trees.

1.5.4 Spiking neuron models

Spiking neuron model is one of the very smplified model of neurons. Conductance
based models such as the Hodgkin-Huxley model have complex channel dynamics.
This model assumes that the channel dynamicsis expressed by the spiking threshold,
and the membrane potential under the threshold is determined by the linear sum of the
spike response function. Formally we define the membrane potential by

N

Ui(t):41£ Sii( ds—l—/

n; (1)
= Z (t—t0) Z n(t —t!), (1.22)
=1 f=1

2

ECH

where u(s) is the spike response function and 7 (s) is the firing response function. The
sub-threshold (under the firing threshold) membrane potential is driven by the sum of
the spike response function «(s). If the membrane potential reach the firing threshold
6, a spike is generated, followed by the firing response, 7(s). Since the first term
of equation (1.22) correponds to the (synaptic) inputs, the term is sometimes called
the excitatory post synaptic potentials (EPSPs) or inhibitory post synaptic potentials
(IPSPs).

The shape of the response functions, «(s) and 7(s), are free to choose. In order to
correspond to integrate-and-fire neuron model, the spike response function is chosen to
be exponentially rise and fall function, which will be discussed in chapter 2. Moreover,
in order to correspond with the Hodgkin-Huxley model, one can choose more redlistic
oscillatory response function which will be discussed in chapter 5.

1.5.5 Our standpoint of neuron model

What is the best neuron model to express the brain activity? When we focus on the
spike activity of neurons, rate coding model is too coarse. However, precise Hodgkin-
Huxley model is too complex to analyse by stochastic process method. In thisthesis,
we choose the spiking neuron model as an intermediate one. Stochastic spiking neu-
ron model can directly treat spikes, and its sub-threshold potentials are analytically
solvable. Analysing the firing probability of this stochastic spiking neuron model is
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Figure 1.4: Dynamics of the spiking neuron model: The spike response function,
u(s) = q(e™* — e~7*), isadopted for correspondence with the integrate-and-fire
neuron model. ¢ = /(8 — «), § = 0.3 [Ums] and o = 0.1 [ms]. The firing
response function, 7(s), mimic the firing of the Hodgkin-Huxley neuron model.
6000 excitatory neuron whose synaptic efficacy wr =0.15, and 1500 inhibitory
inputswhose synaptic efficacy w; =0.47, are provided. Inputs obey Poisson with
intensity A = 3 [Hz]. Top two figures denotes the dynamics of the membrane
potential and the bottom figure denotes the firing threshold of thismodel.
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very interesting theme for theoretical neuroscientists. However, satisfiable discussion
about its stochastic process has not been done yet. Here, we try to present an gen-
eral framework for this stochastic spiking neuron model whose input spikes obey an
inhomogeneous Poisson process.

1.6 Organization of thisthesis

The organization of this thesis is as follows. In chapter 2, we discuss a simple cal-
culation method of the ensemble average and variance of the density of the stochastic
spiking neuron model. Chapter 3 includes the main theme of thisthesis. The dynamics
of the density of the stochastic spiking neuron for general spike response function is
calculated. In chapter 4, we discuss the spike-based learning, and consider how the
spiking neuron can learn a precise temporal sequence. Chapter 5 focuses on the oscil-
latory property of the membrane potential of the Hodgkin-Huxley model. A simplified
stochastic spiking neuron model that mimics the Hodgkin-Huxley model analytically
reveals the resonance effect of such oscillatory neuron. We conclude this thesis by
the discussion how our methods can be applied to another area of brain science and
extended into neural networks in the chapter 6.
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1.A Appendix

1.A.1 Ratecoding model

Here, the conventional neuron model (Ginzburg and Sompolinsky 1994) isintroduced.
For the analytical simplification, we assume that the state of neurons consists of only
two states, o = 1 (active) and o = 0 (quiescent). We also assume that the transition
probabilities from quiescent to active and from active to quiescent are g(~)/7 and
(1 — g(h))/r, respectively. Here, 7 isthe time constant for the state transition, g(h) is
the transition function, and . is the internal potential. The transition probability from
state o, to (1 — o;) isdescribed by

wio; = (1—0y)) = % {1 = (20, — 1)[2¢(h;) — 1]}. (1.AL)

where isthe neuron index. Generally sigmoidal function is adopted for this function,
g(h). Theinterna potential is often described by the membrane potential of neuron ¢,
and defined by

N
t) = Z wijO']‘(t) — (9, (1A2)

where ¢ corresponds to spiking threshold. Here we consider the population dynamics
of these spin-like neurons. The states are expressed by (oy,03,...,0x). From the
renewal law (1.A1), we can derive a first-order master equation. The dynamics of the
state probability, (o1, 02, ..., 0n), @ timet is described by

d N

EP(Ul,...,UN,t) =—> wlo; = (1 —0y)P(o1,...,0n,1)

K3

=1
N
+> w((l —0;) = 0)P(or,...., 1 —oyy....on, (LA3)

=1
The mean dynamics of the system becomes
d
(o4( Z oP({c},1) Z O'Z P{c},1), (1.A4)
dt T dt o =

where the summation of the righthand side {c} = (o4,...,0n). Substituting (1.A3)
into (1.A4), wefind

d N
dt ZZ w(op = (1 —oa))P(o1,...,0n,1)
(o} I=1

N
ZZ (1 —=0y) = o)P(o1,...,1 —oy,...,0n,1).(1AD)
(o} I=1
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We abbreviate the notation by w(o;) = w(o; = (1 —oy)) and {o}' = (o4,...,1 —
o1,...,0y). Considering the counting in the summation, for >, [ # 4, we can
rewrite o;w(1 — o) P({o}) = ow(o)P({o}), and for [ = i, we can rewrite o;w(1 —
o)P({c}") = (1 — a;)w(o;)P({c}). Then equation (1.A5) becomes

% (o,(1)) = {Z; — IZ: ow(oy) + ; ow(o) + (1 —o)w(oy)| Plog,...,on,t)
= {Z;(l —20)w(o)P(oy,...,on,t) = (1 = 20;)w(0;)) . (1.A6)

Substituting (1.A1) into (1.A6) and using o; = 0,1 and o? = o;, we can describe as

d






Chapter 2

M ean and Variance of Stochastic
Spiking Neurons

Abstract. This chapter theoretically shows the ensemble mean and variance of the
membrane potential of an integrate-and-fire neuron, when the neuron receives ran-
dom spikes from the other neurons. In this model, EPSPs rise and fall continuously.
Our theoretical result shows good agreement with numerical simulation.

2.1 Introduction

The firing pattern of cortical neurons can be approximated by the random Poisson
process. In order to describe this phenomenon, Stein defined the neuron’s membrane
response function with which excitatory post-synaptic potentials (EPSPs) discontinu-
ously rise and exponentially fall (Stein 1965). The mean and the variance for this neu-
ron model were calculated by Tuckwell (Tuckwell 1977). Inthis chapter, we calculate
the mean and the variance of a more realistic neuron model called integrate-and-fire
neuron. EPSPs in this model rise and fall continuously. In this case, we should deal
with the correlation between the rising part and falling part of a single EPSP shape.

2.2 Spiking neuron mode

2.2.1 Integrate-and-fire neuron model

The membrane potential of an integrate-and-fire neuron can be defined using a hard-
ware circuit illustrated by Figure 2.1. The circuit consists of aregister R and a capac-
itor C'. Theinput current to the circuit is denoted by /(¢). The membrane potential of
this neuron, u(¢), isformulated by

(2.1)
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Figure 2.1: Hardware circuit for the integrate-and-fire neuron model.

Defining the membrane time constant by 7, = RC', equation (2.1) becomes
du(t)

e
An integrate-and-fire neuron emits a spike when the membrane potential exceeds the

spiking threshold 6. We here consider a situation where «(¢) isless than 6.
The input current is described as

= —u(t) + RI(t). (2.2)

N (1)
=Y ¢ Z (t—1t), (2.3)
j=1  f=1
where NV is the number of synapses projecting to the neuron. n;(¢) is the number of
input spikes through synapse ; until time ¢. ¢, is the synaptic coefficient from pre-
Synaptic neuron ;. tf is the time at which the f-th pulse enters synapse j, and x(s) is
the response function of the spike.
The response function «(s) is often defined by the so-called a-function:

Ra(s) = % exp (—i) H(s), (2.9
or an exponentially decaying function:
= —exp (= 2) (s 29
k(s) = - exp — s), .

where H(s) is the Heaviside (step) function. 7, is the synaptic time constant. In this
chapter, we adopt the response function (2.5).

2.2.2 Spiking neuron model

From (2.2) and (2.5), the membrane potentia is described as a linear ordinary differ-
ential equation:

N n; (1)
del;l—(tt) = —u(t) + Z_: Z (t— tf (2.6)

=1

~
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The solution of thisequationis

N nj(t)
u(t) =Y w; Y et —tl), (2.7)
=1 f=1
where w; = Re; /1, and
0 s 1 _t _t
et) = /0 exp (—;) K(t — s)ds = m {e Tm — € Tsi| H(t)
= g (e_at — e_ﬁt) H(t). (2.8

a=1/r,, 8=1/r,andq = (3/(0 — «). When the membrane potential is described
by alinear sum of the response function, the neuron model is called “spike response
model” or “spiking neuron model” (Gerstner 1998a).

2.3 Themean and variance of single synaptic response

2.3.1 Interpretation by stochastic differential equation

We assume that the input spikes enter the neuron randomly, namely, according to the
Poisson process. Each input timing can be regarded as a random variable. In the fol-
lowings, random variables are represented using bold fonts. The membrane potential
is described as
N () N
u(t) = 3wy Y- et — ) = 3 wuy(t). (29)
7=1 f=1 7=1
u(t) defines the membrane response for the j-th synapse. In this section, we consider
the statistics of this single synaptic response function ().
The number of the input spikes through synapse j until time ¢, n;(¢), can be de-
scribed as

k
Pin;(t) =k} = e_M%, (2.10)

where ) isthe frequency of the Poisson inputs. The mean and variance of the random
variablen;(t) are

(n(t)) = M, (2.11)
(nj(1)%) = (nj(1))" = AL, (212)

We define r;(t) by

’I"]‘(t) = di . (213)
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This function can be described by the Dirac’s delta function as
n; (1)
Z t—tl), (2.14)

because the integrated value n;(¢) increases by 1 only when the input comes. The
membrane potential is described as

u;(t) = /°° ds e(t — s)r;(s). (2.15)
0
Using (2.8), the membrane potential is
dn (s) ¢ st A1 ()
, — a(t—s) AS) Blt=s) 21027
u;(t) / ds g e~ o /0 ds qe o
= b;(1). (2.16)
We set the initial condition:

P{u;(0) = vo} = d(u;(0) — vg). (2.17)

2.3.2 Calculation of the mean and variance

Now we calculate the mean and variance of the random variable  ;(¢). For simplicity,
we set vy = 0, and drop index j in this subsection.

M eans

From the definition:

¢ dn(s
a(t) = /Odsqe_a(t_s)%, (2.18)

the stochastic differential equation,

da(t)
dt

is derived (Gardiner 1985). Similarly, the equation for b(¢) is

= —oaa(t)+ qu—it) = —aal(t) + qr(t). (2.19)

db(t)
Sdt

dn(t
= () — ™ = (1) — grir) (220)
Here the random variable r(¢) is considered as the fluctuating force which induces the

random property. The mean and variance for »(¢) take certain values:

(r(t)dl) = (dn(l)) = Adt,
([dn(t) — Adi)*) = Adt. 2.21)
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Defining an auxiliary random variable:
dy(t) = dn(t) — Adt, (2.22)
the stochastic differential equation for a(¢) becomes
da(t) = [A\q — aa(t)] dt + q dy(1). (2.23)

Then the ensemble mean (a(¢)) obeys an ordinary differential egquation:
M = Mg —ala(t)), (2.24)
dt
because (dy(t)) = 0. The solutionis
_ ﬁ _ —at
(alt)) = = (1—e), (2.25)
under theinitial condition: (a(0)) = 0. Similarly the ensemble mean (b(t)) obeys

d (b(1))
dt

= =B (b(1). (2.26)

The solution is
(b)) = —L(1—e), (2.27)
under the initial condition: (b(0)) = 0.

Variances
The second order statistics, (a(¢)*) and (b(¢)*), are caculated here. The differential
of (a(t)?) is
(da(n)?) = ((a(t) +da(1))’ - a(t)?)
= 2(a(t)da(t)) + ((da(t))*)

= 2a(t) {[\q — aa(®)] dt + qdy()}) + ({{\g — aa(t)] dt + qdy(1)}) .
(2.28)

Because
(dy(t)*) = ([dn(t) — Adt]*) = Adt, (2.29)

the second order term (dy(¢)*) cannot be neglected. By neglecting the terms of order
(dt)* and dtdn(t), (2.28) becomes

dla(t)?) = 2[Aq<a(t)>—a<a(t)2>+q27)\] dt, (2.30)
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because (a(t)dy(t)) = (a(t)) {dy(t)) = 0. Using (2.25),
d<c;(tt)2> — 2a(a(t)?) + Ag? l” (1_e—af)+1]. (2.31)

By setting theinitial condition (a(0)?) = 0, the solution becomes
AETA 1 22 A1
2:__ - 27 —at oS- —2at‘ 22
(a(t)) - a+2 e —I—(a 2)6 ] (2.32)
The variance of (a(t)) then becomes

(a(t)?) — (a(t))* = ;—5(1—6—2%. (2.33)

Similarly we get

(07) = (b0 = 5 (1= ). 234

under the condition: (b(0)?) = 0.

The mean and variance for a single synapse

We here calculate the statistics of w(t) = a(t) + b(t).
Themean (u(t)) is

(u(t)) = <a(t)1+ b(t)) = <a(t1)> +(b(1))
= \q [—(1 —e ) — E(l — e, (2.35)

The variance (u(t)?) — (u(t))* is

(u(t)?) = (u(t))” = (a(t)’) —(a (t)>22+2[< a(t)b(t)) — {a(1)) (b(1))]
+ (b(1)*) — (b(t)

)
In order to calculate the cross-correlation (a(?)b(t)), we prepare the case where the
spike sequence for a(t) and b(t) isthe same one. In this case,

(a()b(1)) = —< / i / dz (qe—aﬁ—x)M) ( e—ﬁ(t—z>d’;_(;>)>

:_/M/MPC”$ Kﬁyﬁﬁﬂ 237

In the calculation of the last bracket term in (2.37), the correlated and non-correlated
terms can be separated (Kempter et al. 1999):

<d1;ix)d1;iz)> _ <§5(t_tf)§5(t—tl)>

(2.36)
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— <7§3) S(t—tH): + n@)(s(t —t/) ;; S(t t’)>
f=1 j=1 t#t!
= <7§ §(t — tf)2> i <7§ §(t — tf)> <7:) §(t — t’)>(2 38)
Then (2.37) becomes ) } _
(a(t)b(t)) = — Ot da Ot dz [q%—a“—@—ﬁ(f—z) d';ix)> {5(x — )+ <d7;—(;)>}]
S /0 Cde e ) <d’;—f)> + (a(1)) (b(1)) . (2.39)

We define (A(t)) = (a(t)b(t)) — (a(t)) (b(t)), and it is differentiated by ¢. The
result becomes

d(A(t) _ 2 [ dn(l)
2~ ey - (). 240
The solution for this equation is
_ A e
(A@) = — 51— e, (241)

under the initial condition: (A(0)) = 0.
Accordingly, the variance of «(t) becomes

(u(t)?) — (u(t))”
= 5 (1= ) o (1) - ). e

2.4 Comparison with numerical ssmulation

We compare our theoretical result with a numerical smulation. In this ssimulation,
constant valuesare set at o = 0.2, 5 = 0.3, and A = 0.1. The ensemble mean and
variance of u;(¢) are calculated at every time using 500 samples. They fit very well as
seen in Figure 2.2.

2.5 Stochastic spiking neuron model

The total response of the membrane potential of the neuronisgiven by (2.9). If we as-
sumethat u;(t) is statistically independent of the response through the other synapses,
and the synaptic coefficient values do not vary, i.e., w; = 1, it can be estimated

wlt) = N(u(0) = 2 [ {eE o1} {1} (49

Tm — Ts
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Comparison with sim ulation
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Figure 2.2: Comparison with simulation: A sample path and statistics of u ;(¢).
The ensemble statigtics are obtained from the theoretical result and a numerical
simulation in which we calculate from 500 sample paths. The theoretical results
of the mean and variance are plotted by a dash-dot line and a dashed line, respec-
tively.

Accordingly, the membrane potential of the integrate-and-fire neuron can be ap-
proximated by the following normal distribution

Plu(t)=v} = I B exp (— (v—n <u](t)>)2) , (2.44)

2mno ZnU(t)

where () = (u;(1)?) — (u;(1))".

2.6 Conclusion

The ensemble mean and the variance of an integrate-and-fire neuron model are calcu-
lated by using the stochastic differential equation method. This neuron model employs
the response function with which the EPSPs continuously rise and fall. Such aresponse
function has not been treated in the previous study (Tuckwell 1977). Our theoretical
result shows good agreement with the numerical simulation.



Chapter 3

Firing Probability and Density of
Stochastic Spiking Neurons

Abstract. Thischapter presents a new theoretical framework to consider the dynam-
ics of a stochastic spiking neuron model with general membrane response to input
spike. We assume that the input spikes obey an inhomogeneous Poisson process.
The stochastic process of the membrane potential then becomes a Gaussian process.
When a general type of the membrane response is assumed, the stochastic process
becomes a Markov-Gaussian process. We present a cal culation method for the mem-
brane potential density and the firing probability density. Our new formulationisthe
extension of the existing formulation based on diffuson approximation. Although
the single Markov assumption of the diffusion approximation simplifies the stochas-
tic process analysis, the calculation isinaccurate when the stochastic processinvolves
amultiple Markov property. We find that the variation of the shape of the membrane
response, which has often been ignored in existing stochastic process studies, signifi-

cantly affects thefiring probability. Our approach can consider the reset effect, which
has been difficult to be dealt with by analysis based on the first passage time density.

3.1 Introduction

Spiking neuron models aim to describe neuronal activities based on spikes that pass
through the neuron. The spike response model (Gerstner 1998) is one of the spiking
neuron models. In that model, the membrane potential of a neuron is defined by the
weighted summation of the post-synaptic potentials, each of which is induced by a
single input spike. When the membrane potential becomes larger than a certain firing
threshold, the neuron emits a spike to connecting neurons.

Stochastic nature of spikes has been suggested in recent physiological studies. The
expression of cerebellum Purkinje cells is based on the ensembl e rate coding, and each
spike is a temporally variable stochastic event. The ensemble spike rate obtained by
averaging over trial is correlated with the motor command (Shidara et al. 1993; Gomi
et al.. 1998). Stochastic spikes are also seen in the cerebral cortex. Spike variability
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that seemingly obeys a Poisson process is observed at low spontaneous firing rate, 2-5
Hz, and even at high firing rate up to 100 Hz (Softky and Koch 1993). In spite of this
variablity, stimulus-induced spike modulation can be observed in temporal patterns
of spikes averaged over trials. Spike histograms over trials are called post-stimulus
time histograms (PSTHs). MT neurons of a behaving monkey exhibit spike modula-
tion among background spikes of 3-4 Hz, and the modulation is almost invariant over
different trials (Bair and Koch 1996). According to Arieli et al. (1996), the neuronal
responses vary alot even when they are evoked by the same stimulus. By adding the
response averaged over trials to the initial neuron states, however, the actual single
response can be well approximated. This implies that the trial averaged spikes or fir-
ing probability density may be the expression of information conveyed in the neuronal
network. The physiological studies above suggest that spikes are stochastic events
while their temporally variable frequency represents the temporal information. Such
stochastic nature of spikes can be theoretically modeled by an inhomogeneous Poisson
process, where the Poisson intensity corresponds to the represented information.

In this chapter, we adopt two assumptions. First, a neuron can be described by
the spiking neuron model. Second, spikes input to the neuron are described by an
inhomogeneous Poisson process. We consider that these two assumptions are fairly
plausible especialy in the cortical areas whose spike rates are low. Under these as-
sumptions, the dynamics of the membrane potential can be expressed by a Gaussian
process. Moreover, it often involves aMarkov property. Inthis case, the dynamics can
be formulated as a Markov-Gaussian process. This chapter presents a new theoretical
approach to the Markov-Gaussian process, which can precisely calculate the dynamics
of the membrane potential and the firing probability.

There have been many stochastic process studies dealing with integrate-and-fire
neuron models. The membrane response to a single input spike is approximated as
an exponentially decaying function (Stein 1967; Tuckwell 1988, 1989). The existing
studies based on the diffusion approximation have also adopted the same approxima-
tion (Tuckwell and Cope 1980; Tuckwell 1989; Ricciardi and Sato 1988; many other
Ornstein-Uhlenbeck process studies). This approximation significantly simplifies the
stochastic process analysis. When one considers a more general type of the mem-
brane response, however, the above-mentioned studies cannot accurately describe the
dynamics of the membrane potential. This chapter discusses that the consideration of
the membrane response could be important for neuronal information processing.

On the other hand, there have been studies based on the backward resolution of the
Volterra integral equation (Plesser and Tanaka 1997; Burkitt and Clark 1999, 2000).
These studies can deal with the genera type of the membrane response. Since these
studies mainly aim to calculate the first passage time density, however, they are not
suitablefor considering asituation where the neuron may firemany times, i.e., multiple
firings. Because we assume the neuronal information is represented by the temporally
variable rate, thisis aflaw.

Comparing with the existing studies above, our new approach has several important
advantages. First, the calculation is precise. Second, the general type of the membrane
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response of the spiking neuron model can be considered. Third, multiplefirings can be
considered. Our approach is thus a general framework to deal with the spiking neuron
model.

This chapter is organized as follows. Section 3.2 introduces the spiking neuron
model. In section 3.3, we show that the probability density of the membrane potential
is described as a Markov-Gaussian process. In section 3.4, numerical simulations are
shown. The theoretical results agree very well with those by Monte-Carlo simulations.
In sections 3.4.1 and 3.4.2, we also show that the single Markov assumption, which
corresponds to the diffusion approximation, is not accurate for some type of the mem-
brane response. 1n section 3.4.3, our method is extended so asto deal with the multiple
firings. Section 3.5 is devoted to discussion. Section 3.5.1 suggests the importance
of the general type of the membrane response. Section 3.5.2 shows the comparison
between our study and the existing stochastic process studies. Section 3.6 summarizes
this chapter.

3.2 Spiking neuron mode

I ntegr ate-and-fire neuron model The membrane potential of an integrate-and-fire
neuron can be defined using a hardware circuit illustrated by Figure 3.1. The circuit
consists of aregister R and a capacitor C'. The input current to the circuit is denoted
by 7(¢). The membrane potential of this neuron, v(¢), isformulated by 7(¢) = % +
C Md}l Defining the membrane time constant by 7,,, = RC', this equation becomes

T dil(f) — _o(t)+ RI(1). (3.1)
The input current is described as
N n;(t)
I(t) =3¢ 3 et =1)), (3.2)
7=1 f=1

where N is the number of synapses projecting to the neuron. n;(¢) is the number
of spikes input through synapse ; until timet. ¢; is the synaptic coefficient from pre-
synaptic neuron ;. tf isthe time at which the f-th spike enters synapse ;. The response
function ¢(s) is often defined by an exponentially decaying function:

o) = —exp (=2 ) H(s), 33
where H(s) isthe Heaviside (step) function defined by
H(s) :{ . Ej - 8; , (34)

and 7, is the synaptic time constant. An integrate-and-fire neuron emits a spike when
the membrane potential exceeds a certain spiking threshold ¢, and after that the mem-
brane potential isreset to v, = 0. The threshold introduces nonlinearity.
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Figure 3.1: Hardware circuit for the integrate-and-fire neuron model.

Spiking neuron model  The solution of (3.1), (3.2) and (3.3) becomes

N ()
= w, Z (t—t), (35)

7=1 =1

~

where w; = Re; /7, and

Tm S

u(s) = [exp(—;) — exp(—%)] H(s) = qle™™ — e "*)H(s),(3.6)

Tm — Ts

wherea = 1/7, and 8 = 1/7,. ¢ = 3/(8 — «) is the normalization term so that
the integral [~ u(s)ds issetto1l/a = 7,. u(s), which is called the spike response
function, defines the membrane response to a single input spike. When the membrane
potential is described by a linear sum of the response function, the neuron model is
called the spike response model or the spiking neuron model (Gerstner 1998) .

When 3 — «, function (3.6) approaches

u(s) = iexp(—%)%(s) = gqse” ""H(s), (3.7)

T
which is called the alpha-function. When 5 — oo, function (3.6) approaches
S

u(s) = exp(—T—)H(s) = qe” “H(s). (3.8

m

The normalizationtermis set at ¢ = 1 for equation (3.8) and ¢ = « for equation (3.7).
The shapes of the response functions are shown in Figure 3.2. Both response functions,
(3.7) and (3.6), are the solutions of the second order linear differential equation. In this
chapter, we assume that the spike response function has the form (3.8), (3.7) or (3.6).

3.3 Density of the membrane potential for stochastic
inputs

In this chapter, we examine stochastic properties of a single neuron defined by the
spiking neuron model. We assume that the input spikes, {tf|f =1,...,n;(1)}, are
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Figure 3.2: Shape of the response function u(s), where « = 0.1 [I/ms]. The
solid line denotes function (3.8), and dash-dotted line denotes function (3.7). The
dash lines denote function (3.6), where 5 = 3.0, 1.0, 0.5, 0.3, 0.2 and 0.14 [1/mg]
from left to right. All of the functions are normalized so that their integrals are
1/a.

stochastic events. Subsequently, random variables are denoted by bold-math fonts.
Given the spike response function u(s), we examine the property of the membrane
potential:

N n;(t) N
v(t) = w; Y u(t—t) =D wr,(t), (3.1)
j=1 f=1 j=1

where w;a;(t) is the membrane response (Post-Synaptic Potential; PSP) correspond-
ing to synapse j. This neuron generates a spike when v(¢) > 6. When a spike is
generated, the membrane potential isreset to v, = 0. Sample paths of this stochas-
tic process are shown in Figure 3.3.

3.3.1 Freemembrane potential density

In this subsection, we examine the dynamics of the density of the membrane potential
when the threshold is ignored. The effect of the threshold will be discussed in section
3.3.2. We assume that the input spikes obey an inhomogeneous Poisson process. If the
spike frequency, which isindicated by Poisson intensity, islarge enough in comparison
to the decay of the membrane potential, the density of the membrane potential can be
represented by a Gaussian distribution due to the central limit theorem.

For the time being, synapse index ;5 and transmission efficacy w; are omitted. The
probability density of the membraneresponse for asingle synapse, (t) = Z?:(? u(t—
t/), is described as

o) = G -z = [ Fesplies)(exp(~itz(n)). (32

—00 27
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Figure 3.3: Sample paths of the membrane potential. Upper figure denotes the
membrane potential when the absorbing threshold is assumed. Middle figure de-

notes the membrane potential when the reset after firing is considered. The input
spikes obey an inhomogeneous Poisson process whose intendty is described in

the lower figure. # = 15 [mV], « = 0.1 and 3 = 0.3 [1/ms]. Other parameter are
defined in section 3.4.

wherei = /—1 and (-) denotes an ensemble average over trias. Time [0, ¢] is parti-
tionedintointervals[s;, s;11] ({ = 0,...,T—1) whose periodis As; namely, s; = [As,
so = 0,and sy = TAs = t. If thetime step As is small enough, the change of the
membrane response at time ¢, which is caused by the spikes input within [s;, s;41], can
be approximated as Az'(¢) ~ u(t — s;)An,. Here, An; denotes the number of spikes
input within [s;, s;+1]. Then, the membrane response «(¢) can be described by the
summation of statistically independent random variables {Az!()|l = 0,...,T — 1},
and the characteristic function of «(¢) becomes

(3.3)

<exp(—i§w(t))> ~ ll:[ <exp(—i§u(t — Sl)Anl)> = exp(g ln<exp (—ifu(t — Sl)Anl)>)
= exp(—i¢ Z t— s)){Any) — % "2 — s)((And) — (Any)?) + 0(¢%).

(=0

Denoting the Poisson intensity at time s by A(s), we obtain (An,;) ~ A(s;)As and
(An?) — (An;)? ~ A(s;)As. The mean and the variance are given by

(1) :/Otu(t—s))\(s)ds, (00)2@):/; (1 — $)A(s)ds. (3.4)

The spikeresponse () decayswitha = 1/7,,,. When 10=3A(¢)7,, >> 1,2 anumber
of spike responses are accumulated within their decay time r,,,. In thiscase, the density
of the membrane potential can be well estimated by a Gaussian distribution due to the

2The coefficient 10~3 is added because A(¢) has unit [Hz] and 7,,, has unit [ms].
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central limit theorem; namely, the components of O(¢?) can be omitted. Then, we
obtain the following equation for As — 0:

o) = [ S enpia’ ~ien(0) - S0°(0) -

—00 27

1 e[ & =)
mﬂm)ﬂ 2(0°)?(t)

When the input spikes are statistically independent with respect to the synapse
indices j, the density of the integrated membrane potential becomes

(v —n(t))*

20%(t

ne L ol
o) = 2mo?(t) p{

~—

n?(t) and (o¢)?(t) arethe mean and the variance of the j-th membrane response evoked
by the j-th synapse whose input spike intensity is A;(¢). They are given similarly to
(3.4).

When the spikes are independent with respect to the synapse index j, the condition
of a Gaussian distribution can be writtenas 10~ -, A;(¢)7,, >> 1. Eveniif theinput
intensity A;(¢) is small in comparison to the decay constant o« = 1/7,,, the density
becomes a Gaussian distribution for large number of synapses. This correspondsto the
well-known Gaussian approximation (Burkitt and Clark 1999).

3.3.2 Membrane potential density with threshold

In this subsection, we examine the density of the membrane potential when the absorb-
ing threshold is assumed; namely, once the membrane potential reaches the threshold,
the sample isremoved from the density.

It isassumed that the neuron behaviors are observed at every At time step, namely,
along a discretized time sequence {t, = 0,4 = At,...,t,, = mAt = ¢}, where At
is sufficiently small time-interval. Our description approaches that of the continuous-
time stochastic process as At — 0. Thiswill be discussed in appendix section 3.A.4.
We denote the membrane potential at time ¢ as v*. For expression simplicity, v’
is abbreviated as v™, and let the sequence of variables, {v™,...,v'}, be denoted as

{o37

Time evolution of the membrane potential beforefiring

The time evolution of the neuron ensemble can be determined by the joint probability
density

g{v}) = (0" —v(tn))... 60" —v(h))) 3.7)

of the membrane potential. The density is decomposed as

g({o}") = g™ {37 g™ v} ) g(vh), (38)

}ﬂmzzwﬂmﬁ@zzwﬂ@mﬂm)
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where g(v™ [{v}77") = g({v}7)/g({v}7~") isthe conditional probability density of
the membrane potential, which is subsequently called the transition probability density.

Let go(v™) be the density at time ¢,,, whose neuron samples have not fired until
timet,,_1. Then, go(v™) becomes

m g m—1 g 1 m m—1 m—1 m—2 1
golo™) = [ ot [ oty o gl ) L gleh) (39)
By using go(v™), the density whose samples have not fired until timet,, is given by

] 0 o™ >0

gu(v™) = { Go(v™) v < (3.10)

The density whose sample have fired until time¢,, is given by

gr(v") = g(v™) — gu(v™). (3.11)

The relation of the densities are illustrated in Figure 3.4. Density g(v™), which is the
free density in the absence of the threshold, always forms a Gaussian distribution. The
probability that the neuron sample for thefirst timefiresat timet,, is given by

pltn) = [ golo™)do™. (312)

Y(t) = p(t)/At is called the first passage time density. This threshold effect in the
continuoustimeis discussed at 3.A.4.

Transition probability densities

In order to obtain the density before firing (3.9) or (3.10), we need the transition prob-
ability density g(v™|{v}{"~!) in each time step. Here, we develop the method which
incrementally calculates the transition probability density.

Joint probability density Since the transition probability density is given by the
joint probability density as g(v™|[{v}7"™') = g({v}?)/g({v}*""), we first consider
g({v}7). If A(t) and t,,, are not small, the joint probability density can be well approx-
imated by a Gaussian distribution:

T —;ex —117—_” mmHE -
o) = e p(—5E-DETE-D), @1y
where v = (v!,...,v™) and 7§ = (n(t1),...,n(t.)). Prime (") denotes a transpose.

n(t,,) isthe mean of v(¢,,), whichisgiven by (3.6). ¥™ = (X7;) is an m-by-m auto-
correlation matrix of ¢, whose components are X7, = (v(tx)v(t)) — (v(tr))(v(t:)).
Equation (3.13) is derived in appendix section 3.A.1. When the joint probability den-
sity is represented by a Gaussian distribution, the stochastic process is called a Gaus-
Sian process.
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Figure 3.4: Density of the membrane potential at time¢,,. g(v™) isthe density
of the membrane potential ignoring the threshold, where v™ is the membrane
potential at time ¢,,. ¢,(v™) isthe density of the membrane potential with the
threshold. ¢(v™) = g(v™) — g, (v™) is the density of the membrane potential
which has already fired. It should be noted that ¢, (v™) is continuously zero at ¢
when At — 0. Left: the case in which threshold ¢ is high in comparison to mean
n(t.,) of thefree density g(v™). Right: the case in which threshold § isrelatively

low.

Time evolution of Gaussian process (X™)~! can be incrementally calculated as
follows. Because the synaptic inputs are statistically independent of each other, ¥7;
can be described by the weighted summation of the auto-correlation of single synaptic
inputs. Namely,

min(tk 7tl)

N
Yo = Z_: w?/o u(ty — s)ul(t; — s)A;(s)ds. (3.14)

For simplicity, we discuss the case where the input intensity is common for all of the
synapses. In this case,

min(tg,t;)
Y7 = w? klutk—sutl—s)\sds, (3.15)
kl )

where w = /3%, w?. In order to see the time evolving characteristics of the auto-
correlation matrix ¥, its incremental (recursive) definition along the discretized time
sequence {ti, ..., 1, } isderived here. Attimet,,, ¥™ isan m-by-m matrix.
min(k,{)
Nl=wt Y ulty — t)u(ty — )Mt At (3.16)
n=1
Because ¥ is symmetric and positive definite, it can be decomposed into (U™ )'U™,
where U™ = (uy,;) isan upper triangular matrix. From equation (3.16), the components
of U™ are described as
> [
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Later we will see that these components areimportant for describing the time evolution
of the Gaussian process. By using U~ ! and «™ = (uipm, -+« Um—1 ), U™ can be

obtained as
m—1 m
Um = ( u v ) : (3.18)

7
0 U,

where 0 = (0,...,0) whose dimensionism — 1. Let I = (I}}) be the inverse of
U™, which is given by

1
Fm—l _ (Fm—lum)
I = ) . (3.19)
0’ —
Umm

The m-th column of I is constructed by the Gram-Schmidt orthogonalization. The
inverse of ™ isthen given by

T L g (uw; ) -
(57 = Py = 1 mm s
Tl L) (i

(3.20)

Equation (3.20) introduces an incremental cal cul ation of the inverse of the auto-correlation
matrix, (¥™)~!, along the time sequence.

When one of the response functions, (3.8), (3.7), or (3.6), is used, the inverse auto-
correlation matrix (X™)~! becomes simple. This simplicity also implies that the tran-
sition probability density is strictly determined by a multiple Markov process along
the discretized time sequence. The order of this Markov process for each response
function is discussed in appendix section 3.A.2.

Transition probability density We obtain the transition probability density of the
Gaussian process. From equation (3.13), thetransition probability density g(v™ |[{v}]"™") =
g({v}1)/g({v}i*"") becomes

1 1 mo m 1 m—1m-—1
g™ {o}7) = —-5 -5 (el
' ¢27r|2m|/|2m—1| 2; 25 S
1 (wm —mt /437»”@’“)2
_ _ =1 3.21

where ((7) = (X))~ and w' = v* — n(l;). From (3.19) and (3.20), the conditional
variance v and the correlation coefficient 7" are given by
-
D

= (tmm)*, 7= (Umm )G, (3.22)
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In the general case, an incremental cal culation along the time sequence is necessary for
obtaining ¢/ in (3.22). If we can assume a Markov property, however, the calculation
becomes drastically simplified, as will be discussed bel ow.

3.3.3 Markov property

When the spiking neuron model employs the spike response function (3.8), (3.7) or
(3.6), the transition probability density of the neuron ensemble has a Markov property.
This feature is discussed in appendix section 3.A.2. If we know that the stochastic
process has an n-ple Markov property, the transition probability density istheoretically
given as follows.

Time evolution of multiple Markov process

If the conditional probability density has an n-ple Markov property, g(v™|{v}{""') =
g(v™{v}™=1). Under this assumption, go(v™) isgiven by

/ dv™ 1/ dv™?, / dv'g(v™ {orZ g™ v tmZi )
Lg(v ”+1|{U} Jg({v}7). (3.23)

Let go({v}7=L) bethejoint probability density between¢,,_,, and ¢,,_;, whose sample
has not reached the threshold until time¢,,,_,,. Then,

go({v}r- / dv™ "L / dvlg({v}1). (3.24)
go({v}™=1) can beincrementally calculated by
w({0}7 ) / Qg {0} (o} nh). (325)
From (3.23) and (3.24), go(v™) isgiven by the n-dimensional integral:
4 4
= [art [ dr g (ke (vl s, (329)
The firing probability at time ¢,,, is given by
p(tm) = /e go(v™)dv™. (3.27)

For examples, two special cases are described below.

Markov process Under the Markov property g(v™|{v}{""') = g(v™[v™~1), density
go(v™) iscalculated by very simple equations:

g =g(v");  gv™) = /_eoo g(v™ o™ Hgo(v™ Hdv™ ™t (m = 2,3...(3.28)

If we can calculate g(v™|v™~!), which will be discussed in section 3.3.3, we obtain
the firing probability density from (3.27) and (3.28).
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DoubleMarkov process Under the double Markov property g(v™[{v}7"™") = g(v™|{v}m-

density go(v™) is calculated by equations:

e = o), ) = [ gl e e’ go(v?,e!) = o(e?, ')

[ [
gO(Um) — / / g(vm|vm—17 Um—Q)gO(Um—l7 Um—?)dvm—ldvm—Q7

Firing probability of M arkov-Gaussian process

We have seen that the transition probability density of the Gaussian processis given by
aGaussian distribution (3.21). Here, we see how equation (3.21) issimplified under the
Markov property. If an n-ple Markov processisassumed, «7* =0 (¢t = 1,...,m —n).
In this case, the transition probability density is described by A(Z,.), Wmms- - -y Um—n m,
and n(t), ..., n(tm-n). Namely, the transition probability density is determined by
the present intensity and the membrane properties for the previous » steps.

Markov-Gaussian process In the Markov-Gaussian process, the transition proba-
bility density g(v™|v™~!) is caculated as

1 W" — g™ wnTl 2
g™ ™) = o exp (—( 2”;m1 ) ) , (3.30)

wherew™ = v™ — 5(t,,), and ™ and 7 _, are simply obtained from (3.20) as

,)/m = (umm)27 /4;2_1 — m (331)

Um—-1m—1

The definition of uy,; is given by (3.17). The firing probability is determined by equa-
tions (3.27) and (3.28) as

p(tm) = / do™ / (V™ 0™ N go(v™)dv™ !

0 —n(t,)—r"_jwm! . .
= /_Oo §erfc( 77( ) 27/; 1w )go(U l)dU 17 (332)

where erfc(x) = 1 — 2= [ e dy and go(v™ ") isincrementally calculated by using
equations (3.28) and (3.30). Although we cannot avoid the numerical integration for
v™~!, thisintegration does not cost much computation.

2),
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Double Markov-Gaussian process In the double Markov-Gaussian process, the
transition probability density g(v™|v™~!, v™~?) is calculated as

1 e 1 W =K wml - Kl Wwh—2)?
g™ ™) = Wexp (—( 1 2 2 ) )(3.33)

wherew”™ = v™ —n(t,,), and k™ _, and 7 _, aretheoretically obtained from eguation
(3.20) as

Um—2m Um—2m—-1Um—1m
Kg—l = ) K2—2 = - ) (334)
Um—-1m—1 Um—2m—2 Um—2m—2Um—-1m-1

and 4" = (umm)?. Thefiring probability is given by

t — dU dvm 1 dvm 2 m Um 17 m—2 o Um—17vm—2
Y

m m—1

tm _ m m—2
— / / erfc( ( ) /im—lw /im—Qw )go(vm—l7 Um—?)dvm—ldvm—Q7

2y™

where go (v, v™~2) isincrementally calculated by equations (3.29) and (3.33). This
numerical integration is fairly expensive. The simplification of the integration is dis-
cussed in section 3.4.2

It should be noted that under the Markov assumption there is no need for the incre-
mental calculation of (3.20).

3.4 Examplesof stochastic spiking neuron models

Asasimplified model of the cerebral cortex, we consider a network of excitatory and
inhibitory neurons. The number of excitatory inputs and inhibitory inputs are set at
Ng = 6000 and N; = 1500, respectively. We also set the synaptic efficacy values
to be the same within each of the excitatory and inhibitory input groups, and they are
given by wy = 0.21 and w; = 0.63, respectively. These experimental conditions
follow Amit and Brunel (1997b). Total weight w, which is defined in section 3.3.2, is
w? = Ngw¥, + Njwi.

We compare the results obtained by our method with those of the Monte-Carlo
simulation. As an example for the inhomogeneous Poisson process, we assume that
the Poisson intensity A(¢) [Hz] changes with time according to

Mt) = Xo+ Asin (2m(t + 7)/7 +sin((27(t + 7)/7)?)) , (3.36)

where Ao = 3.0 [Hz], A = 1.0 [Hz] and 7 = 0.2[s]. The numerical calculation is done
with thetime step At = 0.5 [mg].

(3.35)
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3.4.1 Variation of the synaptic time constant and thefiring thresh-
old

This subsection shows application results of our method to the spike response functions
(3.8), (3.7) and (3.6). Since these response functions imply the Markov or double
Markov property, the calculation becomes very simple. v and 7, whose definitions
are given by (3.31) or (3.34), are theoretically given in very ssmple forms. Moreover,
x7" becomes constant. Then, the transition probability density depends only on A(t)
and n(t).

Case 1: Equation (3.8),i.e., u(s) = qe~**H(s). Inthis case, the Markov assumption can
be adopted (see appendix 3.A.2). From (3.17) and (3.31), the correlation coeffi-
cientisk™_, = e~*2!, and the conditional varianceisy™ = w?¢?(¢,,)At. The
result obtained by the calculation of equations (3.28), (3.30) and (3.32), and its
comparison to that by the Monte-Carlo simulation are shown in Figure 3.5. Our
method exhibits very good agreement with the Monte-Carlo simulation.

Case 2: Equation (3.7), i.e,, u(s) = gse”**H(s). In this case, the double Markov as-
sumption can be adopted (see appendix section 3.A.2). From (3.A9) and (3.34),
the correlation coefficientsare given by «k™_, = 2e 2 and k™ _, = —e~ 2241,
The conditional varianceisy™ = w?q?e 22 \(¢,, ) (AL)>.

Case 3: Equation (3.6),i.e, u(s) = q(e=** —e~7*)H(s). Inthis case, the double Markov
assumption can be adopted (see appendix section 3.A.2). From (3.A9) and
(3.34), the correlation coefficients (3.34) are given by

Ky o = (3.37)

m —
Kp—1 =

_ _ _ _ _ _ 2
e—20At _ —2BAL e—3aAl _ —3BAL (e 200t _ wm)

c—oAt _ —BAL 7 e—0At _ —BAt  \ o—aAt _ o—pAt
The conditional varianceisv™ = w?¢*(e=>4" — e=#A1)2)(1,,)Al. Calculation
of eguations (3.29), (3.33) and (3.35) isdone for 5 = 1/7, =3.0, 1.0, 0.5, 0.3,

0.2 and 0.14. Results are shown in Figure 3.6.

It should be noted that our method does not introduce any approximation except the
Gaussian approximation discussed in section 3.3.1. Therefore, the results by Monte-
Carlo simulation will exactly agree with thetheoretical results asthe number of Monte-
Carlo trialsincreases as seen in Figure 3.6 and 3.7.

3.4.2 Simplification of the double Markov to single Markov pro-
cess
Here, we examine whether the double Markov process can be smplified into asingle

Markov process. The double Markov processis replaced by the single Markov process
whose first- and second-order statistics are the same with those of the double Markov
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Figure 3.5: Dynamics of the membrane potential for the spike response function
(3.8), i.e, u(s) = ge~**H(s). (a): Firing probability density. (b): Ensemble
mean =+ standard deviation (SD) of ¢(v*) when thefiringisnot considered. Center
line denotes the mean, and the upper and the lower lines denote the mean + SD.
(c): Probability density of samplesthat have not fired yet, ¢, (v"). When asample
neuron fires, it is removed from the ensemble. (d): Input intensity A(¢) given by
(3.36). In sub-figures (a) and (b), solid and dashed lines denote theoretical results
and Monte-Carlo simulation resultsobtained from 160000trials, respectively. The
maximum difference between the theoretical result and that by the Monte-Carlo
simulation, is0.8for (a), 0.02for (b), and these errorsare too small to be observed.
Then thetwo kinds of lines are overlapped in each figure.
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Figure 3.6: Variation of the firing probability density due to variation of the
synaptic time constants 7,,, = 1/3. (a)-(e): Firing probability density when the
threshold is 20 for (a), 18 for (b), 16 for (c), 14 for (d), and 12 for (€). In each
figure, lines are for 5 = oo (function (3.8)), 3.0, 1.0, 0.5, 0.3, 0.2, 0.14 and «
(function (3.7)) from top to bottom. (f): Comparison with Monte-Carlo simula-
tionresultsinthe case of # = 12 [mV]. § — oo and 3 — « cases are considered.
Solid and dotted lines denote theoretical and Monte-Carlo results, respectively.
(9): Input intensity A(¢) given by (3.36).
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process. The reduced Markov process is described in appendix section 3.A.3. Fig-
ure 3.7 shows the results when this approximation is applied to the response function
(3.6). Asseenin theleft figure, this simplification works fairly well when the thresh-
old islow and the firing probability density is high. However, the error induced by the
simplification may not be ignored when the threshold is high and the firing probability
density islow, as can be seen in the right figure. The error becomes large especialy
when 3 is small. Note that the approximation is exact when 3 — oo, because the case
of 3 — oo corresponds to the response function (3.8). Accordingly, the simplification
to the single Markov process is not valid in the case of a high threshold value and a
large 7, = 1/ value.
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Figure 3.7: Difference between the double (solid line) and single (dashed line)
Markov models, both of which have the same ensemble mean and variance. In-
put conditions are the same as those used in Figure 6. Monte-Carlo simulation
results are overwritten by dotted lines. (1a-h): Firing probability density when
the threshold is 12. /3 increases from top to bottom. As 5 increases, the error of
the simplified model becomes small. (2a-h): Firing probability density when the
threshold is 20. The error becomes large as /7 decreases.
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3.4.3 Stochastic spiking neuronswith resets

The conventional studies (Plesser and Tanaka 1997; Burkitt and Clark 1999, and so
on) based on the backward resolution of the Volterra equation have put focus on the
first passage time density (FPTD), namely, the event that for the first time the neuron
sample reaches the firing threshold. In those studies, when a sample neuron fires, it
is removed from the ensemble; this is called the absorbing threshold (see Figure 3.3).
When one assumes that neuron samples may fire many times, which corresponds to the
introduction of the reset after firing, an extension of the FPTD-based analysis can be
used only when theinput spikes obey a homogeneous Poisson process. The distribution
of neuron samples for the first passage and for the second passage are different when
the inputs are inhomogeneous. Since the FPTD-based analysis cannot consider the
multiple crossing of thethreshold, it is necessary to prepare alot of distributionswhose
Poisson intensities are different (Plesser and Geisel 1998). Due to this difficulty, the
backward approach is not appropriate for dealing with the reset after firing.

On the other hand, forward cal cul ation methods such as our method and the studies
based on the Fokker-Planck equation can consider the reset after firing. In the forward
approach, the density whose samples have fired at time ¢,,_; is moved at time¢,, to
the density whose potential is v.e.c(= 0). Although the transition probability density
depends on the inhomogeneous spike rate, the density of the membrane potential does
not depend on it.

Under the single Markov assumption, the firing probability p(¢,,) and the density
of the membrane potential go(v™), which have been given by (3.27) and (3.28), are
modified into

plta) = [ o), g™y = [ gl e g )50,
(3.39)

where §(-) is the Dirac’s delta function. The second term of go(v™) is the distribution
whose sample hasfired at ¢,,,_; and has potential v = 0 at timet,,. Here, note that the
meaning of go(v™) ischanged. In sections 3.3.2 and 3.3.3, it indicates the distribution
of samples that have not fired until time ¢,,_;. In this subsection, it indicates the
distribution of samples that do not fire between the interval [¢,,_,,_1,t,,—1] Wheren is
the Markov order.

Under the double Markov assumption, the firing probability p(t,,) and the density
go(v™), which have been given by (3.27) and (3.29), are modified into

0 4 4
p(tm) — / go(vm)dvm7 gO(Um) — / / g(vm|vm—17 Um—Q)gO(Um—l7 Um—?)dvm—ldvm—Q
¢ —o0 J —00

4
Go(v™ vy = /_ g™ o™ ™) g (0™ 0™ TR do ™ T 4 p(t o1 ) g (0™, 0™ ). (3.39)
The joint density of reset states, g(v™, v™~!), is given by (3.13).

Figure 3.8 shows the result of these calculations. For the single Markov process,
equations (3.30), (3.31) and (3.38) are used. For the double Markov process, equations
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(3.33), (3.34) and (3.39) are used. The results are compared with those by the Monte-
Carlo simulations. The response function is given by (3.6), (3.7) or (3.8). Thisfigure
shows that our method can precisely calcul ate the membrane potential density and the
firing probability density even in the multiplefiring situation.

3.5 Discussion

3.5.1 Dependency on the synaptic time constant

Figures 3.6 and 3.8 show that the firing probability density significantly depends on the
synaptic time constant 7,. This dependency is prominent especially when threshold ¢
islarge, and hence thefiring probability density is low. The change of the firing prob-
ability density is mainly due to the change of the potential variance o%(¢). Mean n(¢)
does not change very much because the integral of the response functionisfixed, while
variance o*(t) decreases as 7, increases. Conventionally, it has been considered that
the change of the synaptic efficacy w; is important for neuronal information process-
ing, like in the Hebb's prescription. On the other hand, our theoretical result implies
another possibility for the neuronal information processing, namely, the modulation of
the firing probability density by changing the synaptic time constant.

When the threshold is relatively low in comparison to the intensity of the input
spikes, the firing probability density is mainly determined by the input intensity. In
this case, the change of the synaptic time constant is not very important. When the
threshold isrelatively high, on the other hand, the above-mentioned modulation is pos-
sible. In the cortical areas at which the firing rate is low and coincidental spikes often
occur, neurons might process their information by temporally changing the shapes of
PSPs. Physiologically, the decrease of parameter 3 = 1/7, may correspond to effect
of the dopaminergic (DA) modulation (Durstewiz et al. 2000). Vitro experiments find
that DA reduces the EPSP amplitude while prolongs its duration (Cepeda et al. 1992;
Kitaet al. 1999)

3.5.2 Comparison with other methods

Here, we compare our method with existing stochastic process methods. Many stochas-
tic process studies are based on the first-order Fokker-Planck equation. Section 3.5.2
discusses the rel ation between our method and the existing studies based on the Fokker-
Planck equation (Ricciardi and Sato 1988; Brunel and Hakim 1999; Brunel 2000; and
many others). In these studies, the stochastic spiking neuron is assumed to employ the
response function (3.8). On the other hand, auseful backward resolution method of the
Volterra integral equation has been developed by Plesser and Tanaka (1997; see also
Burkitt and Clark 1999). Section 3.5.2 discusses the relation between our approach
and the backward approach.
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Figure 3.8: Variation of the firing probability density due to variation of the
synaptic time constant 7, = 1/4. (a)-(c): Firing probability density when the
iterative firings and reset are considered. The threshold is 18 for (@), 15 for (b),
and 12 for (c). In each figure, solid lines are for 3 = o (function (3.8)), 3.0
(function (3.6)), and « (function (3.7)) from top to bottom. (d): Means of the
membrane potential when the firing is not considered. 7 is not very important
for the mean. (€): Standard deviations (SDs) of the membrane potential when
the firing is not considered. SDs decreases as 7, increases. (a-€): The results
of Monte-Carlo simulations over 160000 trials are overwritten by dashed linesin
al of the sub-figures. Difference between the theoretical results (solid) and the
Monte-Carlo results (dashed) istoo small to observe in each sub-figure. The max-
imum difference is about 2.0 for the firing probability density, and 0.02 for the
mean and SD, which will decrease as the Monte-Carlo trialsincrease. (f): Input
intensity A(¢) given by (3.36).
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Continuous description and diffusion approximation

The stochastic spiking neuron, whose response functionisdefined by (3.8), i.e., u(s) =
qge~"*H(s), iscalled the Stein'smodel (Stein 1967). By using the diffusion approxima-
tion, the Stein’s model which includes discontinuous jumps in the spike response can
be expressed by the Ornstein-Uhlenbeck (OU) process. The OU process is primarily
a continuous stochastic process that assumes infinitesimal jump in the spike response.
Appendix section 3.A.4 is devoted to the formulation of the continuous case whose re-
sponse function is defined by (3.8). We find that our single Markov-Gaussian process
formulation whose response function is (3.8) is equivaent to the diffusion approxima-
tion of the Stein’'s model, i.e., the OU process approach. However, the OU process
approach cannot deal with the response function (3.6) nor (3.7), which involves a mul-
tiple Markov process. In order to consider such higher order response functions, higher
order time derivatives such as 97¢(v") will be necessary. In this point, our formulation
is a more general framework than the OU process formulation. In appendix section
3.A.4, we also find the definition of the firing probability (3.32) is equivalent to that of
the Fokker-Planck equation with the boundary condition ¢,,(¢) = 0 for the consinuous-
timelimit (At — 0).

Our method is more accurate than the methods based on the Fokker-Planck equa-
tion, even in the single Markov case. In order to calculate density ¢, (v?), instead of
equation (3.28), other numerical integration methods for the Fokker-Planck equation
can be used. Equation (3.32) can aso be replaced by equation (3.A39). According to
our simulations, however, the error produced by the numerical calculation of equation
(3.A39) islarger than that of equation (3.32)*. Under the same experimental condition
asthat in Figure 5, the maximum error produced by equation (3.32) is about 0.8 [Hz],
while the maximum error by equation (3.A39) is about 3 [Hz]. Although both of the
error values decrease as At becomes small, the error by (3.32) is smaller than that by
(3.A39) even with asmaller integration time-interval, e.g., At = 0.05 [mg]. Therefore,
our method is more accurate in obtaining the membrane density and the firing proba-
bility than the Fokker-Planck equation method. Moreover, according to our simulation,
our method using equations (3.28) and (3.32) exhibits good calculation even if At is
aslarge as At = 0.5 [ms]; namely, our method is fairly insensitive to the integration
time-interval.

Comparison with backward approach

In order to compare our approach with the backward approach (Plesser and Tanaka
1997), we assume that the density whose samples fire at time ¢,, can be described by
d(v™ — 0)p(t,). This means that the membrane potential for every firing is exactly
equal to §. This assumption is valid when At — 0. The density after firing g;(v™),

1In both cases, equation (3.28) is used.
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which is defined by (3.11), is given by

(3.40)

g™ =30 [ [T g ) g R g )5 O
=3 ("o = 0t A

where ¢ (t) = p(t)/At. In At — 0, wefind
g = [ Lot = 0)()d. (3.41)

Because g;(v') = g(v') for v! > 6, and g(v') and g(v|v? = #) are known in the
Gaussian process, v (¢) can be obtained by resolving the Volterra integral equation
(3.41) from time ¢ to 0 in a backward fashion over the discretized time sequence.
See Burkitt and Clark (2000) and Press et al. (1988) for details. Namely, the results
obtained by our forward-type calculation method become identical to those by the
backward approach, when At — 0.

Both of the forward and backward approaches can deal with the spike response
functions involving multiple Markov property (e.g. in the cases of function (3.6) or
(3.7)). However, our method is advantageous when we consider the reset effect after
firing, as discussed in section 3.4.3.

Here, the computational complexity is compared. The calculation of «(¢) from
(3.41) needs to discretize the time-interval [0,¢]. Let A" be the number of the dis-
cretization and t = K At,. The computational complexity of the backward approach
is O(K?). According to our numerical calculation, the permissible value for A¢, is
0.05 [ms]. On the other hand, the computational complexity of our forward approach
isO(mM?), where m isthe number of discretized time sequence, i.e,, t = mAt. M is
the number of the numerical integration for dv™ " in equation (3.28). The permissible
value for At is 0.5 [ms], and an appropriate value for A is 1000. Therefore, if we
need the calculation for more than 5[], our forward approach is more efficient. In the
double Markov case, however, our forward approach needs the complexity of m M >,
The backward approach is more efficient in this case, if the reset effects are ignored.

3.5.3 Plaushbility of the stochastic input

In section 3.1, we have introduced physiological studies that suggest the information
provided to a neuron is expressed by the input spike rates and the spikes are stochastic
events. However, the assumption that the spikes are inhomogeneous Poisson events,
namely, they are mutually independent, is stronger than what the physiological studies
suggest. In this subsection, the plausibility of the Poisson assumption is discussed.

In the cerebral cortex, one of the important characteristics of the spikesis their ir-
regularity. According to the existing studies (Gerstein and Mandelbrot 1964; Shadlen
and Newsome 1994, 1998; Tsodyks and Sejnowski 1995), the irregularity is consid-
ered to be aresult of abalanced state. Namely, even when excitatory inputs are large,
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inhibitory inputs increase proportionally to them so that the mean of the membrane po-
tential is suppressed. By assuming the balanced state, the spike irregularity at high fir-
ing rate up to 100-200 Hz (Softky and Koch 1993) can be explained (Shadlen and New-
some 1994, 1998). From a physiological data analysis based on a stochastic process
method, a random spontaneous firing state is plausible and structurally stable (Amit
and Brunel 1997a).

Deterministic mechanism such as the complexity of connections in neuronal cir-
cuits can also produces the irregularity similarly to the balanced states. For example,
a mean-field approximation theoretically reveals that the asynchronous McCulloch-
Pitts model having random and sparse connections and inhibitory reccurents produces
Poisson-like spike sequences (Vreeswijk and Sompolinsky 1996, 1998). A large-scale
computer simulation for an integrate-and-fire neuron model shows that random and
sparse connections produce Poisson-like spikes even if the inputs to the neuron are
deterministic and stational (Kubo et al. unpublished). These studies suggest that a
large-scale network like the cerebral cortex isin abalanced states and hence the spikes
arelikely to lose their correlation.

Theresponse of neuronsin such arandom but structurally stable balanced state (Tsodyks
and Sejnowski 1995) is very fast in comparison to the response determined by the
membrane integration time constant. Such rapid responses are considered to be physi-
ologically important (Thorpe et al. 1996).

The Poisson assumption is not valid when a neuron bursts. Burst spikes are corre-
lated with each other even in alarge-scale network. Thus, we consider that our Poisson
assumption is valid when the neurons tonically fire and their firing rate is as large as
the spontaneous firing rate.

3.5.4 Extension of the stochastic spiking neuron model

Here, we briefly discuss an extension of our approach to the analysis of the network
of neurons. The spike intensity input from a pre-synaptic neuron : to a post-synaptic
neuron j can be represented by the firing rate of neuron ¢, v, (t) = p(t)/At. Inthe net-
work, ¢;(¢) may vary with time; namely, the firing rate is inhomogeneous. Moreover,
in order to observe temporal behaviors of the network, the assumption that the element
neurons may fire many times isimportant. Therefore, we consider that our approachis
suitable for analyzing the interesting behaviors of network dynamics, including stabil-
ity of the balanced state (Amit and Brunel 1997a), synaptic plasticity (Kempter et al.
1999, Tsodyks and Markram 1997), syn-fire chain (Diesmann et al. 1999), and so on.
Two important issues have not been considered enough in this chapter. First isthe
reduction of a higher order Markov process into asingle one. As discussed in section
3.5.2, our approach for a higher order response function is expensive than the existing
backward approach. A simple reduction scheme discussed in appendix section 3.A.3
isinaccurate especially when the firing probability islow and 5 = 1 /7, issmall.
Second is the extension of the model itself. Based on the assumption of the spike
response model (Gerstner 1998), we have considered the neuron model employing the



50 Chapter 3: Firing and Density of Stochastic Spiking Neurons

response function (3.6), (3.7) or (3.8). However, our spike response model may not be
sufficient for modeling the neuronsin the brain. Recent studies have suggested that the
consideration of reversal potential for excitatory and inhibitory inputs and the partial
reset effect after firing will change the stability of the balanced state (Troyer and Miller
1995). Our future work will include the introduction of such effectsto our approach.

3.6 Conclusion

In this chapter, we theoretically examined the responses of spiking neurons to spike
sequences which obeyed an inhomogeneous Poisson process. When inhomogeneous
Poisson inputs are provided to the neuron, the stochastic process of the membrane
potential becomes a Gaussian process. Assuming a Markov property, we derived a cal-
culation method which could precisely obtain the dynamics of the membrane potential

and the firing probability density. With frequently used response functions, a single or
double Markov property can be assumed. Since we did not introduce any approxima-
tion, the theoretical results exhibited good agreement with the results by Monte-Carlo
simulations. We also found that the firing probability was significantly dependent on
the synaptic time constant.
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3.A Appendix

3.A.1 Thejoint probability density
The joint probability density (3.7) is defined by
d{o3r) = <5<§§ >> (0t~ o(t)) )
! / —exp{;ifkvk}<exp(—kz_:lifkv(tk))>. (3AL)

Let the logarithm of the joint characteristic function

m

F(ryeosbmitiye oy tn) = (exp(Y i60(14)) (3A2)

k=1
be expanded by the second order of ¢,.. Then, we obtain

m 1 m m

InF(E, .o ity b)) = 1n<1—21§kv (tr) — 522&& v(t)) +0(§k)>

k=1 k=11=1
m

= —Zlfkn tk

m

Y GES+0(E),  (BA3)

k=1 1=1

[\Dl»—\

where

Y = (v(te)v(t)) — (v(te))(v(h)). (3.A4)

When \(¢) and ¢,,, are not small, the third order term O(&3) can be omitted due to the
central limit theorem. Then, the joint probability density is approximated as

otoky~ [T [ SRt —an) ~ 5 3 66

oo 2T Ee1 =1
—/0025; / %exp(f(u—n —5525, (3.A5H)
where & = (v',...,0™), 7 = (n(t),....n(tw))s € = (£1....,6,), and ¥ is an

m-by-m auto-correlation matrix of ¥. Prime (’) denotes a transpose. By defining E =
7 + 1y, we obtain
e dE | U | Y
oo R) = [ Gy (=55 = =T+ 050+ - Y4

because ¥ is positive definite. When ¢ = ¥7*(¢ — 77), theintegral is done only for the

real part . Then,
N P S P
g({v}T) =exp (—5(1) — )N 77)) /_Oo G exp ( 5% Z:L')
). (3A7)

~~

1 1
= —F/—————exp (——(17 — 77)'2_1
(2m)7 ] 2

where |X| is the determinant of 3.

~~
4
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3.A.2 Examplesof multipleMarkov transition probability density

In this appendix section, the Markov order of the transition probability density for the

response functions (3.6), (3.7) and (3.8) is obtained through the calculation of (X™)~".

From (3.22), the correlation coefficients are « " = (un )¢/, Where (¢77) = (X))

Case 1. Equation (3.8), i.e, u(s) = ge~**H(s). From the incremental calculation of
(3.29), the j-th column vector of matrix '™ is calculated as

X J g+l
rm=———(0,...,0, 1, =" ,0,...,0)  (3A8)

quy/A(t;) At

The component-wise vector notation expresses that the j-th and (5 + 1)-th com-
ponents are 1 and —e~>2*, respectively, and the others are 0. From (3.A8), we
seethat ¥~! = I'I"" isatridiagona matrix. Therefore, <7 = 0 for: < m — 1.
This means that the Gaussian process defined by > becomes a Markov process.

Case 2: Equation (3.7), i.e, u(s) = gse **H(s). Since the diagona elements of U,
u;; 1N equation (3.17), are zeros, X" becomes singular. In order to avoid the
singularity, we redefine the components of U™ as

0, 1> 9.
From the incremental calculation of (3.19), the j-th column vector of the inverse
of matrix U™ isstrictly calculated as

' J J+1l g+2
= (0,...,0,e53, —2, =50, 0)". (3A10)

quy/A(ti—1)At

From (3.A10), we see that (£™)~* becomes aband diagonal matrix whose band-
width is five. Then, the transition probability density of this Gaussian process
is determined by two past components, namely, the process becomes a double
Markov process.

Case 3: Equation (3.6), i.e, u(s) = q(e=** — e~#*)H(s). Similarly to the previous case,
the diagonal elements of /" are zeros, and we use definition (3.A9). From the
incremental calculation of (3.19), the j-th vector column of the inverse of matrix
U™ isdtrictly calculated as
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1 1 et L o—BAL  —adt —fAL /
I = (0,...,0 — 0,...,0).

y _ ’ _ _ y _ _ ’
qu /)\(t]‘_l)At e~ Al _ o=BAL7 p—alt _ o—BAtg—altl _ o—PAL

(X™)~! becomes a band diagonal matrix whose band-width is five, and the
stochastic process becomes a double Markov process.

(3.A11)

3.A.3 Simplification method from multiple to single Markov pro-
cess

In this appendix section, the simplification of the membrane dynamics from amultiple
Markov process to a single Markov process is considered. By assuming the single
Markov property, the membrane dynamicsis given by

() = g0 ™) = [ g g e (=23,

(3A12)
where
- 1 (0™ = n(tw) = Ay (07" = 9(tn1)))”
m|,  m—1 _ _ m—1
o) = e Al |
(3.A13)
Here, <7 _, and 4™ are defined as
~ Zm m—1 ~ Zm mzm—l m—1 — (Zm m—l)2
g = ommel o : 3.A14
mel Zm—l m—1 K Zm—l m—1 ( )

where ¥ is the auto-correlation matrix of the membrane potential, whose definitionis
given by (3.A4).

In order to simplify a multiple Markov process to a single Markov-process, ther-
fore, the mean (¢) and auto-correlation ¥ should be estimated. Here, an estimation
method only for the response function (3.6) is shown, but the cases for (3.7) and (3.8)
can be similarly considered. For the response function u(s) = q(e=* — e=P*)H(s),
the mean of the membrane potential isincrementally calculated as

N(tn) = e At 1) — e P2 B(t,1). (3.A15)
where
£) = woq/tm “m=))\(5)ds, Blt,) = woq/tm 5ln=5) \(5)ds(3.A16)
Here, wo = Y, w;. A(t,) can beincrementally calculated as

Altr) = € Altm_1) + wog(tm) AL, (3A17)
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and B(t,,) can be similarly calculated. The auto-correlation matrix X is calculated by
the decomposition:

Yovmer = € D(t 1) — (7 + e PPN E(t1) + e PAG(t, (RAL8)
where
Ditn) = w'e? / eI ()ds, Glt) = wtt [N s,
t) = w2q2/ ~(@+B)(tn=9) ) (s, (3.A19)

Here, w? = 32U, w?. D(t), E(t) and G(t) can beincrementally calculated in asimilar
manner to (3.A17).

3.A.4 Continuousformulation in first-order case

In this appendix section, we consider the continuous formulationin thefirst-order case;
namely, the response function u(s) = ge™**H(s) is employed. In this case, our for-
mulation approaches that based on the Ornstein-Uhlenbeck process as the time step
At approaches zero. Here, we confirm the equivalence and compare with the standard
Fokker-Planck equation approach. Introducing a higher order time derivative 97 g(v?),
time evolution of the probability density of the higher order case can also be derived.

Density dynamics The time derivative of the expectation of any function f(v?*) with
respect to density g(v*) can be defined by

at/dvtf(vt)g(vt) = Al}fr_{loﬂ {/ dv t-I—Atf( t-|—At Ut-I-At _ /OO dvtf(vt)g(vt)}
_ Al}ff_{log {/ dv'g(v / dUH'Atf( t-I—At) (v t+At|Ut) _ f(vt)}}
(3.A20)

In order to clarify the time dependence, we rewrite v! as vg, v'*2! as vy, g(v') as
g(vo, 1), and g(v'*+2") as g(vy, t + At). For the calculation of

/ T ot f (oY) (oAt = / 7 doy f(01)g(0, t + Atlvo, ) = I(vo, (BA21)

we use a moment expansion

0 =3 =y, [ el s = 3 Lani) [ e = nolel)de

(3.A22)

where 0! = 1 by definition and » is the mean of ¢(x|z) with respect to «.
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If g(z|2) is a Gaussian distribution with mean  and variance o2, g(z|z) isasym-
metric function on the both sides of 7. In this case, the odd termsin (3.A22) vanish,
and we obtain

[ st = sy + T+ 06", (329

When we use the response function u(s) = ge~**H(s), the transition probability den-
sity (3.30) becomes

1
g(v1,t + At|vg,t) = ———=exp [—
2 B(t)At

(v —vo — A(t, vo)At)2
2B(t)At

. (3.A24)

where A(t, vo) = 9in(t) — a(ve — n(t)) and B(t) = w?¢*A(t). Then, integral (3.A21)
isgiven by

00 A
Too,1) = [ dviglont + Ao, )(01) = Fvo + AL r0)A) + 2 D252 f0g) + O((A1).
(3.A25)
By using (3.A25), equation (3.A20) becomes
o[ dunftanlgton ) = [ drmgtonst) [ At 007000 + 4202 s,
(3.A26)
and by integrating by parts,
Bt
/ dvo f(v0)0rg(vo, t / dvo f(vo) l o [A (0, 1)g(vo, )] + QQQ (Uo,t)] + Constant.
(3.A27)
Finally, the time evolution of the probability density follows
Dig(v.1) = 0, [A(. g0, 1] + T 2g(0.1). (3A28)

Because d;n(t) o< e, this term can be ignored when ¢ ~ 1/a = 7,, [ms]. Then,
equation (3.A28) becomes

09(") = 00 ([0 —n()g()] + S0P PNDTg().  (3A29)

This equation corresponds to the first-order Fokker-Planck equation for the OU pro-
cess. Corresponding stochastic differential equation can be written as

dv' = —a(v' — n(t))dt + wgy/ M) dW (¢ (3.A30)
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where W (¢) is the Wiener process.
The straightforward stochastic differential equation of the Stein's model is

dv' = —a(v' —n(t))dt + wgdn(t), (3.A31)

where n(t) is the Poisson process whose intensity is A(¢). The replacement from
equation (3.A31) into (3.A30) is called the diffusion approximation. If the Gaussian
approximation discussed in section 3.3.1 isvalid, equation (3.A30) has the same statis-
tics as equation (3.A31), even though they produce different sample paths.

Firing probability Standard firing probability estimation from the Fokker-Planck
equation

00u(0") = 00 ([0 = n(D)gu(e)] + WA D), (3A3R)

is obtained by the absorbing boundary condition ¢,,(¢) = 0 (Abbott and van Vreeswijk
1993; Brunel and Hakim 1999). The Fokker-Planck equation can be interpreted by the
continuity equation (Brunel 2000)

Orgu(v,t) = —=0,5(v, 1), (3.A33)
where S(v, t) is the probability current through v at time¢ and forms

S(v,t) = —@8 gu(v,1) + A(v, ) gu(v, t). (3.A34)
Because the probability current S(6, ¢) can be considered as the firing probability den-
sity ¢ (1) = p(t)/At, thefiring probability can be cal culated from the boundary condi-
tion g,(#) =0 as

o) = =292 400

(3.A35)

v=>0

Here, it is shown that the firing probability p(¢) obtained by our method is equiva-
lent to (3.A35) when At — 0. The firing probability we define is written as

00 4
p(t; At) E/e dvy /_Oo g(v1, 1+ At|vg, t)gu(vo)dvo. (3.A36)

Using the moment expansion with respect to vy,

T, 20 = [ gloslon: At (ol = e (o) + T 020,00) + O(00)")],
(3.A37)
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where (0¢)? = 22 B(t)At, no = vi + aAt(vy — 7). In At — 0, wefind

B({OAt
T(v1, A1) = (1+ 0200, (01) + ad (w1 — (1)) + DD g (w1) + O A1),
(3.A39)
Considering g, (vy) = 0 for vy > 6, the direct integral with respect to v; becomes
0o B({OAt
o) = [ 2 Aoy = =200 guome, (3A39)

which is equivalent to (3.A35) based on the Fokker-Planck equation.






Chapter 4

Spike-based Hebbian L earning of
Stochastic Spiking Neurons

Abstract. In this chapter, we discuss the self-organization and formation of neural
circuits based on the temporal coding hypothesis. We employ an integrate-and-fire
neuron model. The same spatio-temporal pattern isprovided to all of theneuronsin a
network, and the network learns the pattern based on spike-based Hebbian learning.
The network should select appropriate connectionsin order to distributedly preserve
the input pattern. Since the same input is provided to al of the neurons, competitive
learning should proceed. The competitivelearning isinduced by background random
inputs (noise). After the learning, the network works as a spatio-temporal filter for
the input patterns. The effect of noisein our model is also discussed theoretically.

4.1 Introduction

Conventionally, it has been assumed that neuronal information is represented by the
neuron’s firing rate. Thisis called the rate coding hypothesis. As an experimental ex-
ample, the firing rate of a Purkinje cell, which is an output unit of the cerebellum, is
highly correlated with the activities of its projecting muscle (Shidara et al., 1993). On
the other hand, the activities of the prefrontal cortical neurons of a behaving monkey
are contradictory (Vaadiaet al., 1995). Although the activity rate does not change very
much, the spatio-temporal correlation between neurons changes quite a bit. More-
over, in the monkey’s primary auditory cortex, neurons process their information by
modifying the spike timing without changing their spike rate (deCharms & Merzenich,
1996).

It is thus possible for neurons to process information not only by their spike rate
but also by their spike timing. Especialy when the firing rate is low, it is efficient
for neurons to use their spike timing. Therefore, the temporal structures of neuronal
activities may play an important role in defining the functions of the activities. Thisis
called the temporal coding hypothesis.
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The temporal coding hypothesis assumes that a single neuron has the capability to
precisely resolve spikes input to the neuron. This is a reasonable assumption in an au-
ditory system that deals with finetemporal information (Reyeset a., 1994; 1996). The
cortical neurons may have such a precise decoding ability with the help of inhibitory
inputs or nonlinear dendritic activities (Softky & Koch, 1993; Softky, 1995; Fujii et
al., 1996).

Unsupervised Hebbian learning may play an important role in the primary devel-
opment of nervous systems. Namely, a nervous system is formed not only by genetic
programs but also by inputs provided to the system. For instance, periodical activities
of the retina induce synaptic segregation in the lateral geniculate nucleus (Meister et
al., 1991). A similar activity induces segregation and development of columnar struc-
turesin the visual cortex (Toyamaet al., 1996).

Hebbian learning originally defined synaptic plasticity based on the correlation
between pre-synaptic and post-synaptic activities. According to recent physiological
studies, synaptic change, i.e., long-term potentiation (LTP) or long-term depression
(LTD), is dependent on the timing of spikes input from the pre-synaptic neurons and
the firing timing of the post-synaptic neuron (Stanton & Sejnowski, 1989; Markram
et al., 1997, Zhang et a., 1998). Gerstner and van Hemmen (1993) devised a spike-
based Hebbian learning rule to account for synaptic plasticity. Using the learning
rule, a network of neurons can store a spatio-temporal pattern. When a new spatio-
temporal pattern that is similar to the stored pattern is presented as the initia state,
the trained network can retrieve the stored pattern. Namely, the network serves as a
spatio-temporal associative memory. Gerstner et al. (1996) also showed that spike-
based Hebbian learning can be used for extracting fine temporal information from
noisy input spikes.

In this chapter, we propose another spatio-temporal learning model that employs
spike-based Hebbian learning. If the input pattern is spatially decomposed and each
neuron receives a part of the decomposed pattern, the neuron recognizes its spatial
role and the learning proceeds in a manner similar to the above-mentioned associative
memory method. On the other hand, this chapter considers a situation where the same
spatio-temporal pattern is provided to al of the neurons. In this network architecture,
the neurons have no way to recognize their spatial role at the beginning of the learning.
They need to obtain their role in a self-organization fashion. This method is called
competitive learning.

This chapter also discusses how background noise affects the learning. We first
consider the problem of how a neuron extracts a signal represented by coincidental
input spikes, when the signal is distributed by dominant random spikes (noise). Such
extraction is done by potentiating the synapses from the pre-synaptic neurons provid-
ing the signal and by depressing the synapses providing the noise. We next consider
the problem of how a neural network extracts a spatio-temporal signal when the sig-
nal is disturbed by dominant noise. We will see that background noise induces self-
organization, i.e., competitive learning in the network.

After the learning, the network preserves a distributed representation of the input
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spatio-temporal pattern, and the network is able to serve as a spatio-temporal filter to
discriminate the learned pattern. Since this filtering process is temporally fine, it can
be regarded as one of the temporal coding mechanisms. However, how the network
deals with temporal information whose precision is higher than the dynamics of the
membrane potential (Gerstner et al., 1996) is not in the scope of this chapter.

4.2 Neuron model and learning

4.2.1 Neuron mode€

We employ an integrate-and-fire neuron model. The membrane potential of the j-th
neuron at time ¢, v;(¢), is given by v;(¢t) = h;(t) + u;(t). h;(t) isthe refractoriness
function. w«;(t) isthe integrated synaptic inputs and is defined by

du; (1 W t—t
O SRRUIIES St St Pt ERR TSN
dt : =1 Tsyn syn

where : is the index of pre-synaptic neurons, n;(¢) is the number of spikes input from

pre-synaptic neuron i beforetime ¢, and ¢/ (f = 1,...,n;(t)) isthe f-th spike input

time from neuron :. H(t) is the Heaviside function. r,, and r,,, are the membrane

time constant and the synaptic time constant, respectively. w;; is the efficacy value of
the synapse projecting from neuron : to ;.

The refractoriness function, # (), is defined by
—0 (tn <t<t”—|—5ARp)
hit) = { ret (1) (ojtherwise)], (42)

where t? (n = 1,2,...n;(t)) is the n-th firing time of neuron ;. The upper and lower
definitions in (4.2) correspond to the absolute refractoriness and the relative refrac-
toriness, respectively. The constant 4zp denotes the absolute refractory period. The
function for the relative refractoriness, h..¢(t), is defined later.

When membrane potential v;(¢) exceeds threshold value 4, neuron j fires. Itis
assumed that the firing of the :-th neuron induces an EPSP (excitatory post-synaptic
potential) on post-synaptic neuron ; after fixed delay time A ;. Here, A;; includes both
axonal delay and synaptic delay.

4.2.2 Spike-based Hebbian learning

Recent physiological studies have revealed that synaptic plasticity depends not only
on the firing rates of pre- and post-synaptic neurons, but also on the spike input time
from a pre-synaptic neuron and the arrival time of the backpropagated current from
a post-synaptic neuron’s firing (Markram et al., 1997; Zhang et al., 1998). Here, we
focus on the plasticity dueto the | atter effect.
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When pre-synaptic neuron : fires at time ¢ ! the corresponding spike input time
is t/ + A;;. When post-synaptic neuron ] fw% at time ¢{, the arrival time of the
corresponding backpropagated current is ¢/ 5, where A4 is the delay time for the
backpropagated current reaching the synapse. The variation of the dendritic delay
time, Adend can contribute to the learning of atemporal pattern (Pelaez, 1997). In this
study, however we ignore the dendritic delay time (Afd = 0).1

It is assumed that each synaptic efficacy change can be described by dynamics that
are temporally and spatially local. In order to describe such dynamics, we introduce
synaptic internal variables, o.(¢) and 37 (t) (k = 1, 2), between pre-synaptic neuron i
and post-synaptic neuron ;. ozfj(t) (k = 1, 2) integrates spike effectsfrom pre-synaptic
neuron 7, and ﬁfj(t) (k = 1,2) integrates firing effects of post-synaptic neuron ;. The
dynamics of the internal variables are described as follows:

dak-( i)
WO L ALY -t Ay k=12
dt Tok Y —
. nf@; : (4.3)
d@'j(t)__l Ky - A J S(t—t4 E=1,2
— = T+ A D= 1) =5
B* f=1

where 7x, 75, A,x and Agx are constants. 4(-) is Dirac’s delta function. The in-
ternal variables analogically correspond to ions or gating parameters of the synapse.
Using the internal variables, the synaptic efficacy w;;(¢) is assumed to be described as
follows:

7 (t)

dw, ni(?) Z
U0 (550 = A0 +) 3 80— tf = ) e (o 0) - al0) 30—,
f=1 f=1
4.9
where ¢ isasmall constant. ~ is a constant parameter. The solution of (4.3) and (4.4)
isgiven by
ni(?) ny(t) t f! tf A, ny(t) t f! tf A;
wii(t) = w;(0)+¢€ Z v+ Ap Z exp [—] Ape Z exp [—]]
=1 = Tt = 732
ny(t) 74 (¢) tf/—|—A—tf ni(t) tf/—I—A—tf
A 2 L7 7 A 2 L7 7
+ € fZ::l Z_: exp [—Tal ] Z exp [—Ta2 ]
(4.5)

The dynamics of the efficacy and the internal variables are illustrated in Figure 4.1.
When pre-synaptic neuron i fires, the internal variable of; increases by A, and the
synaptic efficacy w; ischanged by e( 57 (1) — 35(1) +7). When post- synaptlc neuron j

fires, theinternal variable 3 ischanged by A« andw;; increases by e(o?, (1) —a;(1)).

f Agend is a constant, our model can consider its effect by shifting the learning window given by
equation (4.6)
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“ spike inputs tim e

N post-synaptic firing

Figure 4.1: Dynamics of synaptic efficacy and internal variables. When a pre-
synaptic neuron fires, internal variable o increases and synaptic efficacy changes.
When a post-synaptic neuron fires, internal variable /3 increases and synaptic effi-
cacy changes.

4.2.3 Representation by thelearning window

The above dynamics of synaptic efficacy can also be defined by the difference between
the pre- and post-firing times. Following an existing study (Gerstner et a., 1996), we
introduce a learning window:

Apgiexp li] — Ape exp li] (for s <0)

W(s) = 7' el (4.6)
A exp [——] — A2 exp [——] (for s > 0).
Tal To2
Then, equation (4.5) ssimply becomes:
MO [ om
wii(t) = wiy(0)+ ey |y+ 2 Wt —tf —Ay)|. (4.7)
f=1 f=1

Since the window function (4.6) requires smoothness at s = 0, the following con-
straints exist:

Ap Ap _ Aa | Aw

W'(0) = , W(0) = Ag — Age = Ay — Ao, (4.8)

Tt 732 Tal Ta?2
Figure 4.2 shows the shape of a learning window that satisfies the above constraints.
When the learning window has a shape as shown in Figure 4.1, a synapse through
which the post-neuron fires just after the pre-input spike is potentiated, and it is de-
pressed otherwise.
In this chapter, we consider the synaptic learning defined by (4.5), which is called
spike-based Hebbian learning. This learning can also be defined by (4.6) and (4.7).
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W(s)

Al- A2

Figure 4.2: A typical function shape of learning window W (s), whichis defined
by equation (6).

4.3 Hebbian Learningin stochasticinputs

We first consider how spike-based Hebbian learning proceeds when weak coincidental
inputs and strong random inputs are simultaneously provided to a single neuron.

4.3.1 Stochasticresonance

Assume that two types of inputs, i.e., deterministic inputs (signal) and stochastic in-
puts (noise), are simultaneously provided to a single neuron. From equation (4.1), the
membrane potential iswritten by the summation of an EPSP induced via each synapse.
Then, the potential is decomposed into the effects of the deterministic inputs and the
stochastic inputs:

3

—_

) Ne  ns(t)

u(t =t + 3w, S u(t — ) = ug(t) +us(t).  (4.9)

s=1 f=1

d

IIM

Np (Ns) is the number of pre-synaptic neurons, called input units, that provide de-
terministic (stochastic) inputs. w, (w,) and nq(t) (ns(t)) are the synaptic efficacy and
the number of input spikes, respectively, from the d-th deterministic (s-th stochastic)
input unit. The response kernel «(-) is the shape of an EPSP. The bold font represents
aprobabilistic variable.

For the stochastic inputs, independent Poisson random inputs are prepared (Softky
and Koch, 1993). The ensemble mean and the ensemble variance of the membrane po-
tential evoked by Poisson inputs exponentially converge to a certain value (Tuckwell,
1977). The ensemble mean and the ensembl e variance of the potential are given by

(u(t)) = walt) + (us(1)) = ua(t) + us(?)
(u(t)?) = (u(®)* = (wa(t)’) = (us(1))* = (1) (4.10)
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Here, we see how the deterministic input «4(¢) affects the firing property of a neuron,
when the firing threshold is sufficiently high in comparison to the converged value.

When the ensemble distribution of the membrane potential is approximated by a
Gaussian function with mean u4(¢) + u,(¢) and variance o*(t), the firing probability
with agiven u,(t) is approximated by the error function:

Plu(t) > Ous(t)) ~ o [IZwl)=uw®) (4.11)
20%(t)
where H(z) = 5 — 7= [y e~" dt. After the ensemble mean and the ensemble variance

of us(t) converge like u,(t) — u, and o*(¢) — o2, the firing probability is given by
H((0 —us — uq(t))/V202).
The time derivative of the firing probability isthen given by
dP(u > 0lug(t))  OP(u > 0ug(t)) dugy(t)

~ _ _ 2
dt T Oud) g =N~ —uat), o)

dud(t)
dt

(4.12)

where N (z, y) denotes the normal distribution whose mean and variance are = and y,
respectively. Since § — u, — uy(t) > 0, the larger uq(t) is, the larger V(6 — u, —
uq(t),o?) becomes. When the deterministic inputs «,(¢) change, the change in the
firing probability depends not only on the changein the deterministicinputs, du 4(¢)/dt,
but also on the amplitude of the deterministic inputs, V(6 — u, — uy(t), o?). Namely,
when the amount of deterministicinputsislarge, thefiring probability responds sharply
to the change in the deterministic inputs.

In order to make deterministic inputs large, coincidental inputs are effective. To
discuss this property, we show here asimple experiment. Two kinds of inputs, stochas-
tic inputs and deterministic inputs are prepared:

e Forty random i nputswhich obey the Poisson process with the frequency 0.6[ms™].
e Two deterministic periodic inputsthat synchronously occur. The periodis5[ms].

The system is described by the left illustration in Figure 4.3. Note that the rate and the
number of random inputs are larger than those of deterministic inputs.

Thefiring probability of aneuron evaluated from the last reset time defines the first
passage time density of the membrane potential. Here, the reset time denotes the time
at which the membrane potential becomes the zero level.

In the lower right graph of Figure 4.3, the dashed line denotes the ensemble mean
of the membrane potential when only the random inputs are provided. The upper solid
line denotes the ensemble mean when the deterministic inputs are also provided. The
lower solid line denotes the ensemble variance. They are theoretically obtained (Ame-
mori and Ishii, 2000). The upper right graph shows the first passage time density when
the deterministic inputs are provided, which is experimentally obtained. Although the
deterministic inputs have a small effect on the ensemble behavior, the deterministic
inputs significantly increase the firing probability of the neuron.
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First Passage Time Density
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Figure 4.3: Effect of synchronized inputs. (left) The system we consider. A
neuron receives spikes from forty random input units and two deterministic input
units. (upper right) The first passage time density, i.e., the firing probability of
the neuron, which is provided by the deterministic inputs, is shown. The results
are experimentally obtained. (lower right) The dashed line denotes the ensemble
mean of the membrane potential when only the random inputs are provided to the
neuron. The upper solid line denotes the ensemble mean when the deterministic
inputs are also provided. The lower solid line denotes the ensemble variance for
both cases. These lines are theoretically obtained.

Accordingly, a weak synchronous signal is extracted by the neuron even under
dominant random noise. On the other hand, the neuron can hardly fire without the
random noise, especially when the firing threshold is high. In this sense, the extraction
of the weak synchronous signal is encouraged by the random noise. This reminds us
of “stochastic resonance” (Wiesenfeld and Jaramillo, 1998).

4.3.2 Extraction of weak synchronized inputs

Even under dominant random noise, synchronized inputs are helpful to the firing of a
post-synaptic neuron. According to spike-based Hebbian learning, a synapse is poten-
tiated when the inputs contribute to the firing of the neuron. Then, the learning is ex-
pected to extract the synchronized inputs by potentiating the corresponding synapses.
Namely, as the learning proceeds, the neuron responds more to the synchronized in-
puts.

We consider here the learning of the model shown in Figure 4.3 (left). The ssimu-
lation is done by equations (4.1), (4.2), (4.3) and (4.5). The simulation conditions are
described in appendix section 4.A.1.

Figure 4.4 shows the time-series of membrane potential v at four stages of the
learning process. Figure 4.5(a) shows the neuron’s firing timing values in the same
learning process. The ordinate denotes the phase of each firing in the input period
5[ms]. The neuron randomly fires at the early learning stage, but gradually comes
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Figure4.4: Thetime-series of membrane potential v at four stages of thelearning
process. The abscissa denotes the learning time, and the ordinate denotes the
membrane potential. We can see that random behaviors of the potential, which
are due to random inputs, are gradually removed as the learning proceeds.

to fire precisely in a certain phase. Figure 4.5(b) shows the efficacy change of the
synapses from the deterministic and random input units during this learning process.
The synapses from the deterministic input units are strengthened, while the synapses
from the random input units are suppressed to zero.

Accordingly, the potentiation of the synapse is subject to the input coincidence, and
consequently the neuron comes to detect the timing of the deterministic input units.

4.4 Competition among delay lines

When the learning mechanism is subject to spike coincidence rather than input rate,
how is temporal information dealt with in a network of neurons? In this chapter, we
assume that precise temporal information is encoded on the transmission delay be-
tween each neuronal pair (Konishi, 1986; Gerstner et a., 1996; Fujii et al., 1996).

In the following sections, we consider the learning of spatio-temporal input pat-
terns, which are repeatedly provided to a network. A single neuron learns its co-
incidental input synapses (or, lines), and a network of such neuronsis able to learn a
distributed representation of a spatio-temporal input pattern in a self-organization fash-
ion. We prepare a certain number of synapses whose delays are varied, and let each
neuron select synapses appropriate for recording the distributed representation of the
input pattern. We assume that the input pattern is common to all neurons, and random
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Time series of firing pha

Time [m s] Time [m s]

Figure 4.5: The time-series of spikes and weights. (a) The time-series of the fir-
ing phase of a neuron. The abscissa denotes the learning time, and the ordinate
denotes the phase in the period 5[ms]. Each dot corresponds to a firing timing
in the period. (b) The time-series of synaptic efficacies. The abscissa denotes
the learning time, and the ordinate denotes the synaptic efficacy. The synapses
projected from the regular input units are strengthened, while the synapses from
the random input units are depressed to be segregated. There are two lines cor-
responding to the two deterministic input units, but they are overwritten in this
figure.
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inputs are independently provided to each neuron (see Figure 4.6(a)).

One of the existing studies on spatio-temporal pattern learning was based on an
associative memory method (Gerstner and van Hemmen, 1993), which assumed the
network topology shown in Figure 4.6(b). The model we consider here is different
from that method. Our network topology (Figure 4.6(a)) includes all-to-all couplings
among the input units and neurons, and the same input spike sequences are provided
to al of the neurons. Since there is no difference between the neurons, stochastic
fluctuations are essential to break the network symmetry.

ran d@ oo 00

a to -a ll

couplina~-e

=X\ all-to-all couplings
proce g '

one-to-one
connections

- =u 'inputl@er [] ] E = =

Figure 4.6: Two network learning scheme. (a) The network topology we con-
sider. Sincethe same input isprovided to al of the neurons, thistopology is based
on a competitive learning scheme. Random inputs are independently provided to
the neurons. (b) The network topology in an associative memory |earning scheme.
The input pattern is spatially decomposed and each portion is provided indepen-
dently to each neuron. There is no need for the neuronsto spatially discriminate
the input pattern.

If aneuron hasacertain number of synapses whose delay times distributerelatively
widely in comparison to the width of the EPSPs, the neuron is able to select the ap-
propriate synapses. It is known that in regions dealing with fine temporal information
like an auditory system, the mean and the variance of delay lines are much larger than
EPSPs (Konishi 1986; Reyes et a., 1994; Reyes et a., 1996; Gerstner et al. 1996). In
particular, in a neuronal system detecting sound sources, the decay of the EPSPsis so
fast that there is no need to take a temporal summation of the inputs. Such a neuron
can correctly detect the input coincidence (Young, 1998).

We assume here that the mean and the variance of synapses (i.e., delay lines) are
larger than the width of the EPSPs. In order to set the mean of the delay lines at a
physiologically appropriate value, we assume that the EPSP decay is so fast that the
membrane constants are 7,,, = 0.1[ms] and 7,,,, = 0.1[msg].

We consider a situation where there are two groups of input units. The two groups
periodically fire in a certain phase, and the phase difference between the groups is
fixed. Inthissituation, the phases can be recognized and represented by two processing
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neurons, provided that the two neurons each come to fire in each phase. We assume
that the transmission delay between the two neuronsis close to the phase difference.

The initial structure of the network is shown in Figure 4.7. Two neurons a and b
are projected from two groups of regular input units, A and B, that periodically pro-
duce spikes. The input units in each group simultaneously produce spikes once in
period 5[ms], while the firing timing of the two groupsis different. There should be at
least two units in each group, because the coincidence of their spikes is important for
learning. The unitsin A and B firein the phase of 1.0[ms] and the phase of 3.5[mg], re-
spectively, in period 5[ms|. Neurons a and b are also projected from groups of random
input units, C and D, respectively. The firing rate of arandom input unit is 0.8[ms™!]
and the spikes obey a Poisson process. There are also connections between the two
processing neurons.

A\ 4 N\
correlated background inputs
oo\

[ N 7
un
AN

input |
pattern
(periodi

Figure4.7: Thenetwork topology we consider. Two neuronsa and b are projected
from two groupsof input units, A and B. The two neuronsare a so projected from
random input units.

In this simulation, we define the rel ative refractoriness as

N
href(t) = —ZAAHP'GXP ] 'H(t—tg _5ARP)7 (413)

n=1

l_t —t} — darp
TAHP

where A,y p and T4y p are constant values. The suffix AHP denotes “after hyperpo-

larization.”
The number of synapses projected from neuron ato b is set at m = 3, and the

delays of the synapses are defined by

AL =Dy +D-L  (g=1,....m), (4.14)
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where ¢ is the index of the synapses from neuron ato b, and D = 0.3[ms]. Dy =
2.2[ms]. The synapses from neuron b to a are similarly defined. Then, the transmission
delays are distributed as dlightly smaller values than the phase difference of the two
regular input groups. Further simulation conditions are described in appendix section
4.A.2.

Figures 4.8(a) and 4.8(b) show the time-series of firing phases of neurons a and
b, respectively, in a learning process. At the early learning stage until about 3[s], the
two neurons respond to the spikes from both regular input groups. After that, the two
neurons come to respond to the inputs from only one of the two regular input groups.

Time series of firing phase (_ Time series of firing phase ofneuron b
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Figure 4.8: The time-series of the firing phase of neurons ¢ (a) and b (b). The
abscissa and ordinate are the same as in Figure 4.5(a). We can see that neuron «
responds to one of the two regular input groups. Neuron b responds to the other
regular input group.

In this model, the firing of neuron b (&) induces the firing of neuron a (b) after a
fixed transmission delay time. If a spike from an input unit enters neuron a at a very
close timing to a spike from neuron b, the probability for strengthening the connection
from the input unit increases due to the coincidence of the two inputs. When thereisa
connection whose delay time is close to the phase difference of the two input groups,
the connection will help the neuronsfire in synchronization with the input phase.

Thus, an oscillator whose two firing timing values correspond to the two input
phases is formed. Although the same input patterns are provided to the neurons, this
formation is induced by the random inputs independently provided to each neuron. It
should be noted that the relative refractoriness is important here. Because the relative
refractoriness decreases the probability for firing immediately after the previousfiring,
it encourages the neurons to fire in different phases.
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4.5 Learning of a spatio-temporal pattern

In order to deal with general input patterns, we prepare a network of neurons, each
of which has a certain number of synapses whose delay times vary. We assume there
are several input timing values in an input pattern. Therefore, there are several phase
differencesin the set of input timing values. If there are a certain number of synapses
between each neuron pair, the firing of a neuron induces the projected neurons to fire
in various phases. Then, the projected neurons are able to select an appropriate con-
nection among them, whose delay time corresponds to one of the phase differences
of the inputs. We also assume that the network of neurons is exposed to a lot of
random spikes. The network is expected to respond to the input pattern in a similar
self-organized fashion to the experiment described in the previous section.

45.1 Input pattern

Figure 4.9 shows the deterministic input units used in our simulation, where four input
groups, A, B, C, and D, are prepared. Each of them has four input units. Every input
unit has the same firing period 7', and the units in a group fire simultaneously. The
firing phase of each group differs from the others. In addition to these, random input
units are prepared, whose spikes obey a Poisson process. The random input spikes pro-
vided to a processing neuron are independent of those provided to the other processing
neurons.

Unitindex[Spike raster of input units]
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Figure 4.9: The input pattern produced by the regular input units. Four input
groups, A, B, C', and D, are prepared, each of which hasfour input unitsthat fire
simultaneously. The firing period T is the same for al of the units but the firing
phase of each group differsfrom those of the other groups. T, T,, T, and T, are
the differences of the phasesbetween Aand B, BandC, C'and D, and D and A,
respectively.

T = 7.5[mg], and the phase differences between groupsare 7'1 = 2.25[ms], T2 =
1.75[ms], T3 = 2.0[ms], and T'4 = 1.5[ms]. The spikes from the 16 input units reach
all of the neurons after afixed delay time Dy, and they generate EPSPs. Notethat every
neuron receives the same spikes from the deterministic input units, although the spikes
from the random input units are different.
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In this experiment, the temporal pattern can be set arbitrarily if the time differences
in the pattern are smaller than the width of the variation of the delay times, which
is described as D in the next subsection. On the other hand, the spatial pattern has
some limitations. As the number of input timings increases, the network needs more
neurons to learn the pattern. In addition, at least two units should produce spikes
simultaneously at each input timing.

4.5.2 Learning by network

We prepare 16 neurons, all of which connect with each other. Let m be the number
of synapses between each neuronal pair, and n(= 15) be the number of projecting
neurons. The delay time of the ¢-th synapse (¢ = 1, ..., m) between neurons: and ;
isdescribed as

D
Ay=Dotp pe {—hk=1 0 (nem)},
n-m

where p is randomly chosen under the condition that every synapse projecting to a
single neuron has a different value. Due to a computational limitation, we cannot
prepare a lot of synapses between each neuronal pair. We instead make the synaptic
delay vary. Thisdelay timeisinitially set and does not change.

We set m = 4. Forty random input units are prepared for each neuron. The random
unitsfire at therate of 0.7[ms~!]. The number of synapses from each random or regular
input unitis 1. Inthis system, the effect of the random units on the membrane potential
isinitially superior to that of the regular input units. The former is 2.5 timeslarger than
the latter in number, and 5.25 times larger in the firing rate of a single unit. Further
simulation conditions are described in appendix section 4.A.3.

After 400[s] of learning, the synaptic efficacies for amost al of the synapses be-
come the lower limit or the upper limit.? Figure 4.10 shows the spike raster produced
by the network after the learning. In this case, the input pattern is also provided to the
network. The ordinate —1 denotes the spike arrival times from the regular input units.
Each neuron responds to one of the four regular input groups.

Figure 4.11 shows the spike transmission diagram after learning. Each line con-
nects a pair consisting of the firing time and the index of a pre-synaptic neuron, with a
pair consisting of the spike arrival time and the index of a post-synaptic neuron. Before
learning, every spike produced by a neuron is transmitted to all of the other neurons.
After learning, the spike transmissions are restricted to those shown in Figure 4.11,
and this self-organized spatio-temporal structure enables the network to produce regu-
lar output spikes.

Figure 4.12 shows the connections among the neurons before learning (a) and after
learning (b). It can be seen that the connections are selected from among the initial full
connections.

20nly four synapses among 1856 did not reach the upper or lower limit at 400[s].
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Spike raster (after learning)
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Figure 4.10: The spike raster produced by the network after 400[s] of learning.
The abscissa denotes the time, and the ordinate denotes the neuron index. The ‘o’
mark denotes a firing. Neuron index —1 indicates spikes received from regular

input units.
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Figure 4.11: A spike transmission diagram of the network after 400[s] of learn-
ing. Each line connects a pair consisting of ‘firing time’ and *firing neuron index’
with a pair consisting of ‘receiving time’ and ‘ receiving neuron index’.
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Figure 4.12: The remaining synapses before learning () and after learning (b).
Each synapse projects from the center of a circle (pre-neuron) to a black point
(post-neuron). The line width corresponds to the magnitude of the synaptic ef-
ficacy. Synapses whose efficacy value is smaller than 0.5 are not drawn. (a)
Initially, the network has all-to-all couplings. (b) After 400[s] of learning, some
of the synapses are enhanced to their maximum efficacy value, while the others
are depressed to be segregated. The attached indices correspond to the order of
the input groups projecting to the neurons.

After 400[s] of learning, every neuron removes the connections from the random
input units, and comes to fire periodically by the inputs from the regular input units
and the other processing neurons.

4.6 Retrieval of spatio-temporal pattern

4.6.1 Correlation between training sequence and test sequence

The temporal information of the input sequence is expected to be preserved among the
network connections achieved through learning. In this section, the precision of the
encoded information is examined. We prepare test input sequences that are different
from the training sequence and examine the network responses to the test sequences.
Each test sequence has the same period 7" as the training sequence, and each input unit
firesoncein period 7.

Subsequently, the input sequence (Fig. 8) provided during the learning stage is
called the training sequence, and is described as a(t), where a;(t) = 32 6(t — th.iis
the index of an input unit, and ¢/ isits f-th firing time. The network after learning is
called the trained network. The test input sequence is described as b(¢). The response
sequence (Fig. 10) of the trained network for the training sequenceis called the learned
sequence, and is described as «(t). The response sequence for the test sequence is
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called the output sequence, and is described as y(¢).
To consider the phase differencesbetween a(¢) and b(t), we define their correlation
values by

C(alt).b(1)) = max E {a(1) - b(t — 7)}

where the dot (-) denotes the internal product of two vectors. F{-} gives the expecta-
tion value over thetrials. €' is an integer between 1 and », where n is the number of
input units.3

By providing test sequences to the trained network, we examine the output se-
guences. We can classify the output sequences into two categories. One is the case
where each neuron hardly fires, and the other is the case where a spatio-temporal spike
pattern is continuously generated. The output sequence y(¢) in thelatter case ishighly
correlated with the learned sequence «(t), and the firing periods of the neurons are
almost equal to 7. Therefore, it is assumed that all of the firing timing values have
period 7', for the time being. However, we will check this assumption later.

In order to examine the response of the trained network, we also prepare two quan-
tities that are defined for two sequences, n(¢) and £(¢). C'(n(t),&(t)) (0 < C’ < n)
indicates the number of spikes that match between #(¢) and &(¢) in period 7. The
matching considers some small temporal variation «J in the sequences. In order to es-
timate the temporal difference between 7(¢) and £(¢), we define d(n(t),£(t)), which is
the criterion of the firing timing values between the sequences. Their detailed defini-
tions are described in appendix section 4.A.4.

Based on these quantities, the properties of the trained network are examined. We
generate test sequences b(¢) which have various correlation values with the training
sequence a(t), C'(a(t),b(t)) and provide them to the trained network during 10[s)].
At the first period 7" in each trial, al of the synaptic efficacies from the input units
are strengthened by 1.5 times so as to encourage the neurons to start firing. Since the
threshold is set to be relatively large in this model, the trained network often shows
no response without the spikes from the network itself. Then, we temporaly mag-
nify the synaptic efficacies from the input units so that the processing neurons start
firing without the help of the other processing neurons. For each correlation value
of C'(a(t),b(t)) between 1 and 16, we prepare 200 test sequences, and examine the
responses.

If the total number of firings in the network during the 10[s] is smaller than N,
we classify the trial into category 1. If the total number exceeds V,;, and at least one
neuron does not fire at all, we classify the tria into category 2. If the total number
exceeds V;;, and every neuron fires at least once, we classify thetrial into category 3.

If the output sequence y(¢) belongsto category 3, we calculate the following three
criteria

3A test sequence b(t), whose correlation value is ¢ (1 < ¢ < n), is generated as follows. Firgt, ¢
timing valuesin a(t) are randomly chosen and ¢ timing valuesin b(t) are set to be those. The remaining
n — c timing valuesin b(t) are set randomly under the condition that they differ with thosein a(t).
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1. output pattern difference (correlation) between =(t) and y(¢), C''(2(t), y(1)).
2. spiketiming difference between «(¢) and y(t), d(x(t), y(?)).
3. thecriterionthat y(¢) isperiodic, d(y(t), y(t)).

If criterion 3 is small enough, all of the firing timing values in y(¢) have almost the
same phase in period 7. Experimentally, d(y(t),y(¢)) is very close to 0 in almost
every case, implying that the assumption described earlier in this section is valid.

4.6.2 Response of trained networ k

We set N, =100. Figure 4.13 shows the ratio of firings against the input correla-
tion value C'(a,b). The larger the input correlation value is, the better the network

responds.
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Figure 4.13: Network responses to newly provided inputs. The abscissa denotes
the correlation val ue between training sequence a (¢) and test sequence b(t), i.e.,
C'(a(t),b(t)). The ordinate denotes the ratio of the spikes produced when test
sequence b(t) is provided to the network. Thefiring ratio is 1 when every neuron
firesoncein period 7' continuously through atria. The‘+ mark correspondsto a
singletrial. The ‘0’ mark and the error-bar denote the mean of the firing ratio for
each correlation value and its standard deviation, respectively.

Figure 4.14 shows the ratio of each category against the input correlation C'(a, b).
In the 200 trials for each correlation value, the black, gray, and white bars denote the
ratio of category 1, category 2, and category 3, respectively. A typical case of category
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1 isthat every neuron ceases to respond at all after several initial firings. Namely, when
the test sequence b(?) is apart from the training sequence a(t), the network does not
respond. Thisimpliesthat the firing of each neuron needs not only the spikes from the
input units, but also the coincident spikes produced by the other neurons. The larger
the input correlation is, the more frequently category 3 appears.

C lassification results

R atio of categories
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Figure 4.14: Classification results. The abscissa denotes the correlation value
between training sequence a(t) and test sequence b(t), i.e., C'(a(t),b(t)). The
ordinate denotes the ratio of three categories among 200 trials. The black, gray,
and white bars denote the ratio of categories 1, 2, and 3, respectively.

Figure 4.15 shows the ratio of trials against pairs of the input correlation C'(a, b)
and the output correlation C’(«,y). Here, trials belonging to category 3 are shown.
Even when C'(a, b) is smaller than 16, C’'(x, y) becomes 16. Namely, when the test
sequence b(t) is similar to the training sequence a(¢), the network often responds well
and its output sequence y(¢) becomes almost equal to the learned sequence x ().

Figure 4.16 shows d(«, y) against the input correlation C'(a, b), for the trials be-
longing to category 3. When C'(a, b) ismorethan 6, the d(«, y) values are very close
to O[ms|, and their standard deviations are as small as 0.005~0.05[ms]. Therefore,
when the network successfully recalls a sequence, the sequence is equal to the learned
sequence «(¢) with high temporal precision, that is, smaller than 0.05[ms].

Consequently, the trained network responds well when the test sequence is fairly
well correlated with the learned sequence. If the trained network successfully re-
sponds, its output sequence is almost equal to the output sequence for the training
sequence.
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A ssociation for new inputs

lation” denotes the correlation value between training sequence a(t) and test
sequence b(t), i.e, C(a(t),b(t)). “Output Correlation” denotes the correla-
tion gquantity between learned sequence x(¢) and output sequence y(?), i.e,
C'(z(t),y(t)). “Ratio” denotes the ratio of appearing for the case, among 200
trials for each input-output correlation pair. A tria is counted only when the out-
put sequenceis classified into category 3.
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Averages of output differences
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Figure4.16: Averagesof output differences. The abscissa denotesthe correlation
value between training sequence a(t) and test sequence b(t), i.e., C'(a(t), b(t)).
The ordinate denotes the criterion of time difference between learned sequences
x(t) and output sequence y(¢), i.e,, d(x,y). Each ‘+ denotesa d(z,y) value.
The ‘0’ mark and the error-bar are the mean and its standard deviation, respec-
tively. A trid is counted only when the sequence is classified into category 3.
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4.7 Discussion

Let us discuss the results shown in this chapter. In the first smulation, we found that
the spike-based learning rule can extract coincidence inputs that are contaminated by
dominant random inputs.

In the second simulation, we considered the situation where a couple of neurons
areinput from two regular input groups that fire in opposite phases in the same period.
Here, we found that the neurons are able to form an oscillator whose firing phases cor-
respond to the two timing values of the regular inputs, although they are contaminated
by dominant random inputs and the same regular inputs enter the two neurons. Thisis
achieved because the transmission delay between the two neurons corresponds to the
difference of the phases, and it worksto break the symmetry of the initial connections.

In the last simulation, we prepared a certain number of connectionsin the network
of neurons, and made the neurons select appropriate connections (or, lines) among
them. Then, the network was able to learn a spatio-temporal input sequence in a self-
organizing manner. The learning and retrieval of spatio-temporal sequences based
on an associative memory learning scheme have been discussed in (Gerstner and van
Hemmen, 1993). However, our learning is based on a competitive learning scheme.
If the variation of the delay lines is wider than the spike precision, the competitive
learning among delay lines is able to preserve the spike pattern. It should be noted
that the trained network needs the training sequence to retrieve the learned pattern.
Thisis also the difference with the associative learning scheme, in which the training
sequence is only provided at the beginning of the retrieval phase. According to our
learning, therefore, the network achieves “resonance” or “synchronization” between
the network structure and the training spatio-temporal pattern provided to the network.

An important problem of the last simulation involves the membrane time constant,
which is smaller than physiological data. In this chapter, we intend to limit the infor-
mation processing by a network of neuronsto the aspect of temporal coding. The small
membrane time constant is areasonabl e assumption for an auditory system which deals
with fine temporal information (Reyes et al., 1994; 1996). The cortical neurons may
use such aprecise coding framework with the hel p of inhibitory inputs (Softky & Koch,
1993; Softky, 1995; Fujii et al., 1996). Without strong leaks, however, it is still unclear
how the precise temporal coding is achieved.

In our model, the number of projections to a single neuron is much smaller than
that in the real nervous system. This is due to the limitation of the computational
power needed to conduct a simulation. This limitation is due to the large number of
connections among neurons and the temporal precision necessary in the simulation.
In our network topology, the learning proceeds based on competitive selection among
neuronal connections. The number of connections required in this topology is m -
N(N —1)+ NN', where N isthe number of neurons, N’ is the number of input units,
and m is the number of synapses between neurons. Since the number of connections
increases quadratically to /V, it is difficult to prepare a lot of neurons. Moreover,
since we also consider precise temporal processing, the time step is set to be fine in
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comparison to the existing study based on a temporal associative memory topology
(Gerstner and van Hemmen, 1993). Actually, the simulation required about ten hours
on afairly powerful workstation (Origin2000, CPU: R10000).

We also assume that the same input sequence is repeatedly provided to the learn-
ing network. The need for spontaneous periodic inputs, i.e., “reverberation”, for self-
organization has been pointed out (Hebb, 1949). Actualy, there are spontaneously
generated rhythmic activities in the retina, and they induce synaptic segregation in the
lateral geniculate nucleus (Shatz 1990; Meister et al., 1991). Similar wavy activities
are considered to be related to the construction of columnar structures in the visual
cortex (Toyamaet a., 1996). Periodic activities are also found in the entorhinal cortex,
which holds the input sequence for a certain period of time and provides information
to the hippocampus (lijimaet al., 1996).

Our remaining problems include examining the possibility of the learning of mul-
tiple patterns in a network, although thisis fairly difficult for the present model itself
due to its capacity.

4.8 Conclusion

In this chapter, we showed that a neuron is able to select connections that have appro-
priate transmission delay times from other neurons. A network of such neuronsis able
to learn atemporal sequence by self-organizing the connectionsin the network. When
atest sequence different from the training sequence is provided to the trained network,
the network does not respond at al, or regularly produces an output sequence. In the
latter case, the output sequence is almost equivalent to the response for the training
sequence with high temporal precision. The rate of the latter case increases as the
correlation value between the training sequence and the test sequence becomes large.
Hence, the trained network filters a temporal sequence with high temporal precision.
This self-organization is achieved by segregation of the connections, which is induced
by repeatedly provided inputs, i.e., reverberation, to the network.
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4.A Appendix

4.A.1 Experimental conditionsfor the simulation in section 3.2

The integration is done using the Runge-Kutta method with the time step 0.005[ms].
The absolute refractory period is 6 4rp = 1[ms]. The relative refractoriness is not
considered here for simplicity. The learning parameters are ¢ = 0.04, v = 0.15,
wg = 1, Aﬁl = 0.5, A52 =03, A, = 0.5, A,. = 0.3, s = 0.5[ms], T2 = 50[ms]
and 7, = 0.2[mg]. 7, is determined by the smoothness condition (4.8). The upper
bound of the synaptic efficacy islimited to 8.0.

4.A.2 Experimental conditionsfor the ssimulation in section 4

The simulation is done with the integration time step of 0.005[ms] until 10[s]. The
threshold value § = 5, and the time constants for the refractoriness are § 4pp =
1.0[ms], 7agp = 0.5[ms], and A yp = 4.0[ms]. The learning coefficients are
e = 0.04, vo= 0.15, Aﬁl = A, = 0.5, A52 = A, = 0.3, T = ().5[ms],
32 = 5.0[mg], and 7,1 = 0.2[ms], and 7= is defined by the smoothness condition
(4.8). The upper bound of the synaptic efficacy is 3.0. The initial value w, isset at 1.0
for the synapses from the input units (random and regular) and 0.5 between the two
neurons.

4.A.3 Experimental conditionsfor the ssimulation in section 5

The smulation is done with the time step of 0.005[ms] until 400[s]. We set D =
Q.O[mS], Dy = 10[mS], 0 =5, Tapp = 08[m5], Asgp = 15.0, 5ARP = 10[mS],
e = 0.006, vo= 0.15, Aﬁl = A, = 0.9, A52 = A, = 0.5, s = 0.5[ms], T2 =
5[ms], and 7,» = 0.2[mg], and .- is determined by the smoothness condition (4.8).
The synaptic efficacy w,, IS restricted so as not to exceed 3 for a synapse from an input
unit, and 2 for a synapse between neurons. The initial synaptic efficacy w, is set at
1 for a synapse from an input unit, and 0.5 for a synapse between neurons. With the
threshold value § = 5, a neuron does not fire due only to the regular input units even
when al of the synapses from the regular inputs are strengthened to their upper limit.

4.A.4 Detailed definitionsof the correlation values

The correlation between two output patterns, «(¢) and y(¢), can be simplified due to
their periodicity. Since z(¢) and y(¢) are not identical in time, the correl ation between
x(t) and y(¢) should allow for some small temporal variation. In order to estimate its
average firing phase, we first define the following operation. For a sequence ¢;(t) =
>_; 0(t — t!) having aperiod 7', we define:

G(t) =6t =), &) =d(t—t)+o(t—ti=T),
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where {; is given by
) IR
i =y |z

N is the number of firings. |z] is the maximum integer that does not exceed . In
order to allow for some small variation in the output sequences, we next define the
following operation. For a sequence ¢;(¢), we define:

() = Z/ﬁ §(t— 1 — D)di
4 - _y 2 9
where ) < T'. Using these operations, we describe the correlation value between x(¢)
and y(t) as
C'(=(t), y(t) = max E{&(t) - g(t - 7)}.

To examine the difference of the firing timing values between two sequences,
Gi(t)=>;6(t—t])andn(t) = >; 6(t — s7), we define:

d(n(t)vg(t)) = %Zj: {%Z_%H}%H(ti -85, —m- T—I—T)2} ,

=1
where m is a positive integer number. » isthe number of neurons, and 7 is given by
" @—&—T—ﬂﬂ}
T = arg max {Z min l - - 2 .
N (t;— 8 —71)

In the evaluations shown in section 6, we set ¢ = 0.25[ms].



Chapter 5

Stochastic Spiking Neurons that
Mimic the Hodgkin-Huxley Equation

Abstract. This chapter theoretically examines the stochastic process of a spiking
neuron whose spike response is similar to that of the Hodgkin-Huxley (H-H) model.
Our simplified model based on a linear differential equation can successfully re-
produce the sub-threshold membrane properties of the H-H model. Analyzing the
stochastic process of thismodel, we find that the neuron resonates with Poisson input
spikes whose intensity oscillates with a certain frequency. This frequency corre-
spondsto the natural frequency of the H-H model.

5.1 Introduction

Nonlinear dynamics can often be approximated by linear differential equations when
weak stimuli are added to the system. Although firing activities of a neuron are highly
nonlinear, sub-threshold potentials caused by weak inputs to the neuron can be repro-
duced by linearization (Mauro et al., 1970; Koch, 1984; Koch, 1999). Moreover, the
Hodgkin-Huxley model can be reduced into a spiking neuron model (Kistler, et al.,
1997). Spiking neuron models assume that neuronal activities are described based on
spikes, and the membrane potential of a neuron is given by the weighted summation
of post-synaptic potentials, each of which is induced by a single input spike (Kistler
et al., 1997; Gerstner, 1999). In this chapter, we discuss the stochastic process of
a spiking neuron model whose response function imitates the spike response of the
Hodgkin-Huxley model.
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Stochastic spiking neuron model

We first describe a stochastic spiking neuron model. When stochastic spikes are pro-
vided, the membrane potential of the :-th stochastic spiking neuron is given by

n; (f) (1)

HM
@;.
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ey
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_'_
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=
N
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|
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e
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where random variables are described by bold math fonts. Here, V is the number of
Synapses projecting to neuron ¢, w;; is the transmission efficacy of synapse j, n;(t) is
the number of spikes that enter through synapse j until time ¢, and tf is the time at
which the f-th spike enters through synapse j. n,(¢) is the number of spikes emitted
by neuron; until time¢, and ¢/ isthe f-th emission time of neuron . Inthis chapter, we
assume that 7(¢), which represents the potential reduction caused by spike emission,
takes a constant value ) for simplicity. (s) is called the spike response function, and
we assume that this function has the following function form:

u(s) = qe " sin(Bs)H(s), (5.0

where H(s) isaHeaviside (step) function. «, # and ¢ are constant parameters.

The Hodgkin-Huxley neuron model

According to the Hodgkin-Huxley (H-H) neuron model (Hodgkin and Huxley, 1952),
the membrane potential of an axon, v(t), is given by

d _ _
Cmd_: — GNamSh(ENa - U) + GKTL4(E]( - U) + Gm(‘/rest - U) + [inputv
where the reversal potentialsare Fn, = 115 [mV], Ex = —12 [mV] and Vs, = 10.6
[mV], and the maximal conductances are G'n, = 120 [mS/cm?], Gk = 36 [mS/cm?]
and Z,, = 0.3 [mS/cm?]. The channel dynamics are voltage dependent. The dynamics
of components corresponding to the potassium and sodium channels are given by

dzx
i a(v)(1 —a) = B.(v)z,

where « isn, m or h. The activating and inactivating probabilities, «,.(v) and 3,(v),
are given by

a(v) = (0.1 — 0.010)/(e0=01) — 1), 3,(v) = 0.125¢ /%0,
am(v) = (2.5 — 0.10) /(501 — 1), gm( ) = e/
a,(v) = 0.07¢%05 Ba(v) = 1/(eB=01) 4 1),

The input current is written by Lipu(t) = 3200, Zf 1 gE(t — tf)(v(t) — Eg), where
FEr = 65 [mV] is the reversal potential for excitatory inputs. N is the number of
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inputs. gz (s) is the synaptic conductance defined by gz (s) = Ggne " H(s), where
Glsyn = 1.0 [mY] isthe conductance gain and v = 0.5 [1/ms] is the decay parameter.

Simple neuron models like the leaky integrate-and-fire model intend to describe
the membrane behaviors based on the input current /;,,.:(¢). On the other hand, the
membrane potential of the H-H model is significantly dependent on the sodium and
potassium currents. In order to mimic the H-H model, a spiking neuron then model
needs to employ a spike response function that includes those ionic effects.

Mimicking the Hodgkin-Huxley model

Here, we present a spiking neuron model which imitates the dynamics of the sub-
threshold potential of the H-H model. When the input currents do not produce an
output spike, the membrane potential is said to keep sub-threshold potential. 1nthe sub-
threshold potential, membrane responses to a single input spike are amost the same.
This single spike response can be mimicked by function (5.1), whose parameters are
a = 0.1[mg], g = 0.5818 [rad/ms], ¢ = 0.055 [mV] and = —1.8 [mV]. Figure 5.1
shows that the spike response function successfully mimicsthe sub-threshold potential
of the H-H model. Because the dynamics of the sub-threshold potentia are composed
of responses to weak stimuli, a linear differential equation can well approximate the
dynamics. The spikeresponse function (5.1) isoneof the solutions of linear differential
equations.

Linearization procedure of the H-H model is discussed in appendix section 5.A.1.
Although equation (5.1) is not exactly the same as the spike response of the linearized
H-H model, both functions are known to have similar shapes (Koch, 1984).
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Figure 5.1: (a) Dynamics of the membrane potential of the H-H model (solid
line) and the spiking neuron model (dash line). The same inputs, generated by
Poisson process with fixed intengty, are provided to the both models. (b) Single
spike response of the H-H model in the middle of itsdynamics (solid line) and the
response function (5.1) we adopted (dash line).
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5.2 Analysisof sub-threshold potential

We theoretically examine the stochastic process of the membrane potential of the
stochastic spiking neuron model, v(t) = S, wi; ST u(t — #1) = SN wia, (1),
where input spikes obey an inhomogeneous Poisson process with intensity A(t).

5.2.1 Dynamicsof the membrane potential density

First, we examine the dynamics of the membrane potential density when the firing
threshold isignored.

Single synaptic response

For simplicity, synapse index j isomitted in this paragraph. The probability density of
the membrane response for a single synapse, «(t), is described as

o) = (0 —wl) = [ 5 esplitr)(esp(-ie()), (62
wherei = /—1 and (-) denotes an ensemble average over trias. Time [0, ¢] is parti-
tionedintointervals[s;, s;11] ({ = 0,...,T—1) whoseperiodis As; namely, s; = [As,
so = 0 and sy = TAs = t. If the time step As is small enough, the change of the
membrane response at time ¢, which is caused by the spikes input within [s;, s;41], can
be approximated as Az'(t) ~ u(t — s;)An'. Here, An' denotes the number of spikes
input within [s;, s;+1]. Then, the membrane response «(¢) can be described by the
summation of statistically independent random variables {Az'()|l = 0,...,T — 1},
and the characteristic function of «(¢) becomes

<exp(—i§w(t))> o~ exp(z ln<exp( iEu(t — s))An )>)
T-1 g2 11

= exp(—i€ - ult —s)(An') = 5 3wt = s)(((An')?) — (An')?) + O(¢Y).

(=0 =

Using the Poissonintensity A(s), weobtain (An') ~ A(s;)As and ((An')?)—(An')? ~
A(s1)As. Therefore, the mean and the variance of the membrane response «(t) are
given by

/,L(t):/otu(t—s))\(s)ds, (1) :/Otuz(t—s))\(s)ds. (53)

If the Poisson intensity A() is large enough in comparison to the decay of the mem-
brane potential, «, the membrane response becomes the summation of large number of
statistical independent random variables. Therefore, the membrane response density
can be represented by a Gaussian distribution due to the central limit theorem.
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Total density

When the input spikes are statistically independent with respect to synapse indices 7,
the density of the integrated membrane potential becomes

g(v') = - p{_wL

ex
2mol,(t) QUtzot(t)

N
Mtot(t) = Zwyﬁ‘] Utot Zw U (5.4

5.2.2 Dynamicsof the density mean and variance
If the Poisson intensity of inputs can be expanded into finite Fourier series:

M

A(t) =D {XS cos(w,t) + X2 sin(wyt)},

n=1
the mean and the variance of the density can be analytically obtained by calculating
integral (5.3) with the response function (5.1).
M ean

Trigonometric functions are analytically integrated, and the mean is obtained as

t)y=gq Z_: {Al(wn)e_at cos(Bt — b1(wy)) + Az(wy,) cos(w,t — Qg(wn))} ,

Y

)\ca_)\swnZ )\%2 2 2
) = J( i N OS)_ DSS DS
arctan (a)\c(a 07 ) wn X (37 = o7 —wi)) + mm,
ﬁ)&(oﬁ(—l—ﬁz wz)—)Zozﬁwn)\s
B 20w, X 4 N (a? + 32
02(w,) = arctan (}\C (0?1 72 — )—ZOzwn)\s) + mm,
Ni(w) = (& +(8-w)*)(a” +(5+w) )- (5.5)

Here, m is an integer which is determined by the continuous conditions of ¢, (w) and
6,(w) with respect tow. Ignoring the decay term, we find

ﬁ\l M cos(wyt — O3(wy)).

Ni(wn)
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Variance
The variance is also analytically obtained as
(1) = ¢S {e T {Bi(w,) cos(261 — é(wn)) + Bs(w,)}
+ Ba(wn) cos(wnt — pa(wn))},

where
Biw) = = (22500 = Ajwa)? + 4(X; )52
T 9\ (402 4 (wn + 20)7) (407 + (w0, — 26)7)
_ g [0 00 _ 10X = i)
Bafen) = QWW’ Pl =Ty e

—2BX5(4a* + 403% — w?2) + Bafw, AE)
f1(wn) = arctan (20&%(4@2 +462 4+ wk) — Mw(w? + 4a? — 4ﬁ2)) T mr,
Nw(12a? +45% — wW2) + A a(—6w? + 8a? + 83?)
d2(wn) = arctan ()\%oz(—(iw% + 8a? + 832) + Asw, (1202 + 452 — w%)) T mr,
Nao(w) = (40® +w?)(40® + (w +28)%)(4a” + (w — 28)%).

Here, m is an integer which is determined by the continuous conditions of ¢, (w) and
¢2(w) With respect tow. Ignoring the decay term, we find

ol (t) ~ Z_:l ZQQ\I W cos(wpt — da(wn)).

5.3 Resonance of themean and firing probability
In this section, we assume that the Poisson intensity A(¢) oscillates,
A(t) = A(1 — cos(wt)). (5.6)

We examine how the dynamics of the membrane potential depend on frequency w.

5.3.1 Resonanceto oscillatory inputs

First, we examine how the statistics of the membrane potential density depends on w.
The mean and variance for the Poisson intensity (5.6) can be estimated as a special
case of the solutions obtained in the previous section:

NgAp
/utOt(t) ~ o2 -I-ﬁQ

2 R~ 7]\[(]2)\62 — N¢? w) cos(wt — Paw
Utot(t) ~ 40[(0[2—|—ﬁ2) Nq )‘BQ( ) ( t ng( ))7 (57)

— NgAAz(w) cos(wt — fa(w)),
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Figure5.2: Mean and variance of the membrane potential density when the Pois-
son intensity is given by A(t) = A(1 — cos(wt)). The number of inputs, N, is
8000, A = 6 [Hz] and w; = 1 for al j. (a) Variation of the density mean. (b,c)
The phase and amplitude of the leading terms of equation (5.7), i.e., 82 (w) in (b)
and NgAAz(w) in (c). The amplitude is maximum around w = 3 ~ 0.5818
[rad/ms]. (d) Variation of the standard deviation of the density. (ef) The phase
and amplitude of the standard deviation, i.e., ¢2(w) in (€) and N¢*ABz(w) in
(f). The amplitude has two peaks. Oneisaround w = 0 and the other is around
w = 20.

wherew; = 1foral j. From eguation (5.5), the amplitude of the density mean, A,(w),
hasapeak at w = 3 (see Fig. 2(c)). Aroundw = /a? 4 32, the phase of the density
mean, 6, (w), drastically changes (see Fig. 2(b)). When w is close to 3, the spiking
neuron hence resonates with the oscillatory inputs. This resonance can also be seen as
athick band in Fig. 2(a); namely, the amplitude of the mean islarge around w = £.
On the other hand, the variance has two peaks, around w = 0 and 2. The standard
deviation of the density does not significantly depend on w (see Figs. 2(e) and 2(f)).

5.3.2 Estimation of thefiring probability

Although the inducement of action potentials of the H-H model cannot be represented
by a fixed firing threshold, rough estimation can be done by a threshold fire model
(Kistler et al., 1997). Here, we approximate the firing probability of our spiking neuron
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model by using the error function of the density. It should be noted that we consider
here firings from the sub-threshold potential. Namely, we consider a situation where
thefiring rate is small.

Firing probability

If the firing probability is small, it can be simply estimated by the complimentary error
function:

B 1 ﬂ—n—utot(t)
p(t) = §erfc ( 27 (1) ) ) (5.8)

wheren = —1.8 [mV], erfc(z) = 1 — % ¥ ev"dy and ¥ isthefiring threshold. When
the input intensity isgiven by A(t) = A(1 — cos(wt)), which isshown in Fig. 3(b), the
firing probability estimated by (5.8) is shown in Fig. 3(a). White pointsin Fig. 3(a)
signifies high firing probability. This figure shows that the firing probability is high
when the input frequency isaround w = (5. The firing probability is mainly dependent
on the variation of the mean rather than that of the variance. The variance is small
because the sub-threshold potential means weak input stimuli.

Accordingly, the resonance of the density mean remarkably affects the firing prob-
ability. From this analysis using spiking neuron model that mimicsthe H-H model, we
can see that the H-H neuron works as a bandpass filter around 92.6 (~ 10003/(2m))
[Hz]. This frequency corresponds to the natural frequency of the H-H model, which
can be seen in Fig. 1(b). These resonance properties are observed at hair cellsin the
cochlea of amphibians, which prefer to respond to an acoustic stimulus of a particu-
lar frequency (Hudspeth, 1985; Hudspeth and Lewis, 1988). Our results imply that a
neuron detects the input frequency rather than the input amplitude.

5.4 Gaussian process analysisof the oscillatory spiking
neuron model

Based on the Gaussian process discussed in Chapter 3, the stochastic process of this
type of neuron model can be analytically calculated. In this section, we carefully
calculate the density dynamics wherethe spiking threshold is considered, and compare
the results with the previous simplified method.

54.1 Formulation of the second order Markov process

From section 3.3.3, the exact dynamics for this stochastic process can aso be ob-
tained. Here, we define v" as the membrane potential at time ¢,,, {v} as a sequence
(v™,...,0™), and go({v}}) as the threshold free membrane potential density at time
t,,» which has not fired until time¢,,.
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Figure5.3: Estimated firing probability of the spiking neuron model. The number
of inputs, NV, is8000. A = 6 [Hz]. ¥ = 17 [mV] and w; = 1 for al 5. (a)

Estimated firing probability density. (b) Input Poisson intensity, A(t) = A(1 —
cos(wt)).

Here, we consider the dynamicsfor theresponsefunctionu(s) = ge=* sin(3s)H(s),
which is one of the solutions of second order ordinary differential equations. Because
the stochastic process of this type consists of the second order Markov process, the
density dynamics can be calculated by

4
go(0") = g(0") golv?) = [ gt oot golv0!) = glot,0');
/ / m|vm 1,vm_Q)go(vm_l,vm_z)dvm_ldvm_Q,

go(v™, ™) :/ g™ o™ ™) g (0™ 0™ dv™ 2 (m = 3,4,...). (5.9)

The transition probability, g(v™[v™~! v™=?), is

B B 1 W — /iz_ wm—l _ /iz_ wm—? 2
g(v™ o™ ™) = Wexp (—( 1 2 2 ) )(5.10)

wherew™ = v — p(t,,) and

Um—1m Um—2m Um—2m—-1Um—1m 2

™m _ m _ (L —
K | = ————, Ko o= — y " = (Umm)”. (5.12)
Um—1m—1 Um—2m—2 Um—2m—2Um—1m-1

In order to avoid the singularity of the inverse of the covariance matrix of the potential,
here we define «,; by

i :{ weultiyn = tML)AL < (5.12)
0, 1> 7.
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The mean 1(¢) can beincrementally cal culated as discussed in appendix section 5.A.2.
Then, the correlation coefficient <" _, and conditional variance v™ can be obtained
using (5.11) as

KT = 2e” M cos(BAL), KT, = —e 2R 4™ = wlgPe TP sin? (BA)A (L) At

Because the double Markov-Gaussian process costs much computation time, we
only estimate the firing probability density by (5.8) in this chapter. When we only
consider the sub-threshold potential current, this estimation of the firing probability is
not very erroneous.

5.5 Conclusion

This chapter theoretically examines the stochastic process of a spiking neuron model
whose spike response imitates that of the H-H model. Our simplified model based on
alinear differential equation can mimic the complex nonlinear H-H equation for the
sub-threshold potential. The stochastic process of the linear model can be theoretically
analyzed. The analysis revedls that the neuron resonates with Poisson input spikes
whose intensity is oscillatory with a certain frequency. The firing of this neuron is
significantly dependent on the input frequency, and the neuron works as a bandpass
filter around its natural frequency.

(5.13)
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5A Appendix

5.A.1 Linearization of the Hodgkin-Huxley equation

The dynamics of the sub-threshold potential of the Hodgkin-Huxley equation stay
around the fixed point. In this case, the linearization of the potential dynamics can
approximate the real nonlinear dynamics. In this appendix section, the linearization
procedure of the Hodgkin-Huxley equation is discussed.

Linearization of ionic currents

The linearization procedure is consisted of the variational method of the nonlinear
path. Here, we adopt the first order variational approximation of the Hodgkin-Huxley
equation. The potassium and sodium current which can be written as

[K == GKn4(U(t) — EK), [Na == GNamBh(v(t) — ENa) (5A1)

are linearized by the equation

(0l D1k
(S[K = (W)U (SU—|— (a—n) _ 5n,

§Ina = Ova) 5, 1 (O 5 4 (L Sh, (5.A2)
81} U V=Vr ah V=Vr

where v, is the sub-threshold potential of the fixed point. »n, m and & are functions of
v and calculated by

dx

= (o)1= 0) = Alv)e, (5A3)
where x isn, m or k. The variation of n, én, follows
dj_tn =da,(l —n) — a,dn — 6,06n — B,0n,
cM_m =dan(l —m) — anpm —mdéf, — Bmdm,
dt doh
W = 5ozh(1 — h) — Ozhh — h(Sﬁh — ﬁh(Sh, (5A4)

where

day(v) = (aao;x) dv, 88,(v) = (68%0) dv, (x=mn,m,h). (5.A5)

Then, én can be written by jv as

d | [ day, d(a, + 5n)
B R
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The first order variation of the potassium current can be written as

~ a
where the parameters
_ dov,, d(o, + 3,)
_ 3(0 SO e S L
- vt (8) —(52) ]
b= a,+ B (5.A8)

The electrical circuit for these equations is shown in Figure 5.4

Figure 5.4: Linearization of the electrical circuit for potassium currents. Left
figure denotes the real potassum current. The conductance g (¢) varies with
time. Right figure denotesthe linearized potass um currents described by equation
(5.A7).

From (5.A2), thefirst order variational equation for the sodium currents becomes

G + Bim) gn(an + Br) ]
6Ine = | Gina ov. 5.A9
Na = NN e ¥ B djdttan+ 5a] (BA9)

The coefficients are

GNa - gNamShy (5A10)

d(m®h) (U . EN )[(da_m) . x(d(am—l—ﬁm)) ]

dx a dv dv r
r = L , 5A11
g P ( )

where z ism or h. The electrical circuit for this equation is shown in Figure 5.5.

Linearized equation for the H-H equation

With the input conductance changes

N
Lon(t) = 30 37 gt = t)(0(1) = Equ)H(t = 1)), guyn(s) = Gigne™ ™", (5.A12)
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Figure5.5: Linearization of the electrical circuit for sodium currents. Left figure
denotes the real sodium current. The conductance g, (¢) varies with time. Right
figure denotes the linearized sodium currents described by equation (5.A9).

the linearized equaIi on of the H-H model becomes

Z Z Geyn(t — 15)0vH(t — 1) + Gév

-1 —
d 1 -t
(5.A13)
The electrical circuit for this equation is shown in Figure 5.6. The dynamics of equa-

tion (5.A13) can be numerically obtained, and forms decreasing oscillation which is
similar to equation (5.1).

g g
gsyn(t) In m h G

Ml

E syn

Figure 5.6 Linearized electrical circuit for the H-H equation which corresponds
to the equation (5.A13).

5.A.2 Mean and variancefor inhomogeneous Poisson inputs

In this appendix section, theincremental cal culation method for the mean and variance
is discussed.
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M ean

For the response function u(s) = ge~**sin(3s), the mean of the density can be de-
composed into

p(t) = /Ot u(t — s)A(s)ds = sin(5t)A(t) — cos(5t)B(t), (5.A14)
where wy = 3L, w; and
__ww/’ (=9 cos(35) M(s)ds,
= woq/ a(t=9) sin (Bs)A(s)ds, (5.A15)

which are incrementally calculated as

A(t)
B(t)

e M A(t — At) + woq cos(B)A (1) At,
e M B(t — At) 4 woqsin( )M (1) At. (5.A16)

~
~o
~
~o

Variance

The variance can be decomposed into

o(t) = /Ot w?u?(t — s) ds = w2q2/ o(t=2) sin?(B(t — 5))\(s)ds

=§ww—wwm>m—mmm>ML (5.A17)
where w? = ¥, w? and
t) = w?q? /Ot —2a(t=s) \ s)ds, = w2q2/ 2(t=9) cog (20s)A(s)ds,

= w2q2/ o(t=2) sin(23s)\(s)ds, (5.A18)
which can be incrementally calculated as
TR — AL + WP A1) AL,

~ e
D(t) = e 22 D(t — Al) + w?q? cos(2Bt) (1) At
R e A (L — AL) 4 wig? sin(281) (1) AL. (5.A19)



Chapter 6
Conclusion

Abstract. We will conclude this thesis with discussions about what the viewpoint of
the stochastic spiking neuron clarifies about the neural coding problems, and what the
future of this model will be. First we will see the relationship between the conven-
tional rate coding and the stochastic spiking neuron model which we have discussed.
Our stochastic spiking neuron model has various application, and will bridge the gap
between spikes and psychophysical phenomena through population coding scheme.

6.1 Analysing spiking neuron models

Throughout this thesis, we analysed the density dynamics and firing probability den-
sity of the spiking neuron models whose inputs obey inhomogeneous Poisson process.
Chapter 2 and 3 were devoted to the stochastic process of spiking neurons whose re-
sponse function corresponds to the integrate-and-fire neurons. In chapter 3, we also
discussed the general framework for any response function. In chapter 4, we discussed
about the temporal aspects of the Hebbian learning and found that the deterministic
spikes largely affect the learning of a periodical tempora sequence. In chapter 5, we
discussed the resonance of the stochastic spiking neuron whose response function is
similar to that of the Hodgkin-Huxley model. Throughout this thesis, we have found
that the shapes of the response function highly affect the firing property of neurons,
and in many cases temporal aspect of the neurodynamics cannot be neglected.

6.2 Ratecoding reconsidered

One of the motivation of thisthesisis to bridge the gap between neural coding problem
and the neuron models. From the viewpoint of stochastic spikes, the neural coding
problem, such as population coding scheme and the neural field dynamics, has been
described by rate coding models, whose temporal dynamics can be written under the
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mean field theory as

rd/”i;t(t) =—ui(t)+yg (Z wjﬂj(t)) ; (6.1)

i=1

where 7 is the tempora renewal parameter, and ¢(v) is an activation function which
we often define as an sigmoidal function such as

1

g(v) = [pnpec=y (6.2)

As we have discussed in chapter 1, the parameters in this rate coding (connectionist)
model cannot be physiologically interpreted. Here, wetry to link our stochastic spiking
neuron model to this rate coding model, and interpret these parameters in the rate
coding model.

I nter pretation of parameter ~

If we adopt the response function u(s) = ge~**H(s), simple estimation of the firing
probability density of the stochastic spiking neuron becomes

dnlt) = %erfc (912;7(’“;)“)) , 6.3)

where () = YN, w;p;(t) and o(t) is the standard deviation of the density. Each
1;(t) can be described by the ordinary differential equation

4 N
rd/“zt(t) = —u;(t) + Z:wﬂvbj(t)v (6.4)

where 7 = 1/«. Equations (6.1) and (6.4) are not exactly the same, but have similar
dynamics. Then the parameter ~ can be interpreted by the membrane time constant
of the response function, namely, the EPSP (excitatory post-synaptic potential). ¢,
corresponds to the spiking threshold ;.

I nter pretation of parameter 3

The parameter 3 in equation (6.2) controls the sharpness of the activation. Because
the complimentary error function erfc(—x) has the similar shape with the equation
(6.2), one can correspond 3 with the standard deviation of the density, o(¢). When we
assume 3 ~ 1/(1.40(t)), the shapes of equation (6.2) and equation y = erfe((6, —
v)/(20(t)))/2 become similar. The maximum difference between them is within 0.05.
These functions are shown in Figure 6.1. Then, we can hypothesize that the parameter
(3 intherate coding model denotes the inverse of the standard deviation of the density.
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Figure 6.1: Comparison between the activation function (6.2) and the sim-
ple estimation of the firing probability of stochastic spiking neurons. Left fig-
ure denotes ¢ = 1/(1 + exp(—1.458(v — 6))), and right figure denotes y =
erfc((6 —v)/(20))/2, where § = 5.

It has been insisted that improving the performance of human subject with some
drug, which increases the density of noradrenaline in the brain, may correspond to the
increasing of the parameter 3 of the connectionist neuron model (Servan-Schreiber et
al., 1990). Then, we may consider that the noradrenergic effect concerns narrowing the
density of the stochastic membrane current. In stochastic spiking neurons, narrowing
of the density significantly decreases the firing probability of the sub-threshold poten-
tial current, and causes de-noising. Namely, weak inputs are omitted. On the other
hand, narrowing the density enhances the temporally synchronousfiring for the super-
threshold current. The total effect of the noradrenaline may be increasing the signal to
noise ratio in the brain.

Comparison of two models

The rate coding model can then be described by the simple estimation of the stochas-
tic spiking neuron model. The simple estimation of the firing probability is valid if
the density current of the membrane potential is lower than the spiking threshold 6,
namely sub-threshold. However, if the potentia is larger than the spiking threshold,
namely, super-threshold, the exact dynamics of the firing probability cannot be ob-
tained by equation (6.3). The estimation becomes far from the real value. Similar error
occurs in the rate coding equation (6.1), and the connectionist neuron model cannot
correctly describe the super-threshold effect including spike synchronization.

6.3 Futureof stochastic spiking neurons

6.3.1 Improvement of the model

Three important issues have not been considered enough in this thesis. First is the
extension of the model itself. Based on the assumption of the spiking neuron model
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(Gerstner 1998), we have considered the neuron model employing the response func-
tion which corresponds to the integrate-and-fire neuron model. However, our spike
response model may not be sufficient for modeling the neurons in the brain. Detail
explanation of the relationship between the H-H model and spiking neuron model will
be an important issue. Chapter 5 is devoted to the analysis of the stochastic process of
this problem. However, the property of the dynamics of the H-H equation has wide va-
riety, and is very complex. More discussion will be needed for explanation the relation
between spiking neuron and detail conductance based neuron models.

6.3.2 Development to population coding

Second future issue is about the relationship between the stochastic spiking neurons
and popul ation coding scheme. Based on the popul ation coding scheme with statistical
inference idea, the information expression among neurons corresponds to the posterior
probability of Bayes rule. We have not yet discussed in detail the relationship between
neurodynamics including spike synchrony and neural coding problem such as popul a-
tion coding. However, how the spike information is treated among the population of
neurons is an interesting problem.

The network dynamics of the stochastic spiking neurons can be written as follows.
We use the Poisson spikeintensity A;(¢) for the spike input from a pre-synaptic neuron
i. This can be represented by the firing rate of neuron i, ¢;(t) = p(t)/At. Inthe
network, «;(¢) may vary with time; namely, the firing rate isinhomogeneous. Then, in
order to observe temporal behaviors of the network, the assumption that the element
neurons may fire many times is important. Therefore, we consider that our approach
is suitable for analyzing the interesting behaviors of network dynamics, including sta-
bility of the balanced state (Amit and Brunel, 1997a), synaptic plasticity (Kempter et
al., 1999, Tsodyks and Markram, 1997), syn-fire chain (Diesmann et al., 1999), and so
on. How these stochastic dynamics used for information processing such as statistical
inference? This problem is very interesting from the viewpoint of neural coding.

6.3.3 Development to correation coding

Throughout thisthesis, the spikes are assumed to be statistically independent. Only the
effect of the deterministic inputs is discussed. However, temporal correlations among
spikes are experimentally observed especialy at the stimulus onset or under the ef-
fect of attentional modulation. Although how these correlated spikes are treated is an
important problem, this problem is hard for our framework to deal with. The only
thing that we can do is to treat the spike correlation between synapses, namely “ spa-
tial” correlation. In chapter 2, section 3.3.1 and 3.3.2, we only assume the statistical
independence among spikes input through one synapse. There we obtained the statis-
tics and dynamics for each synapse. Then, the spatia (synaptic) correlation may be
tractable within our scheme.
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6.4 Conclusion

How the neurons in the brain process their spikes is an unsolved problem. Many com-
plex dynamics which have not discussed in this thesis participate in the information
processing. Even acomplex Hodgkin-Huxley model may not be enough for the model -
ing neuronsin the brain. In order to consider within theoretically tractable description,
we need many assumptions. As we have seen in chapter 1, the spiking neuron model
is not a perfect neuron model. However, more simplified rate coding model cannot
treat “ spikes’, and the more complicated Hodgkin-Huxley model is hard to analyse by
stochastic process methods. Spiking neuron is one of the model which can deal with
spikes, and is theoretically tractable. Throughout this thesis, we have analysed spik-
ing neurons under the assumption that the spikes obeys an inhomogeneous Poisson
process.
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