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Computing and Learning with Dynamic Synapses

Wolfgang Maass and Anthony M. Zador

12.1 Introduction

The models in all other chapters in this book assume that synapsesare
static, i.e., that they change their “weight” only on the slow time scale of
learning. We will discussin this chapter experimental data which show
that this assumption is not justi ed for biological neural systems. As a
matter of fact, this assumption is also unjusti ed for all hardware imple-
mentations of arti cial neural nets where the sizes of synaptic “weights”

are stored by analog techniques (seechapter 3). The consequencesof this
are threefold:

i) It is not clear whether implementations of pulsed neural netsin wet-
ware or silicon are able to carry out computations in a way that is
predicted by currently existing theoretical models for pulsed neural
netswith static synapses.

i) Theinherent temporal dynamics of synaptic weights may not just be
acurse, but also a blessing: dynamic synapsesprovide novel compu-
tational units for neural computation in the time seriesdomain, i.e.,
in an environment where the inputs (and possibly alsothe outputs) of
the networks are functions of time.

iii) One hasto revise the foundations of learning in neural nets. In fact,
it is not even clear anymore which are the parameters of networks
of spiking neurons in which their “pr ogram” is stored. In particular
all classicallearning algorithms for neural nets that provide rules for
tuning synaptic “weights” become dubious in this context. Further-
more,in view of point ii) it is not even clearwhat the goal of alearning
algorithm for pulsed neural nets should be: the goal to learn a func-
tion (from input-vectors to output-vectors of numbers) or a functional
(from input-functions to output-functions)?

In this chapter we will review in Section12.2results about the dynamic be-
haviour of biological synapses,we will survey in section 12.3the available
guantitative models for the temporal dynamics of biological synapses,and
we will discuss possible computational uses of that dynamics in Section
12.4. Some consequencesof synaptic dynamics for learning in neural nets
will bediscussedin Section12.5.
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12.2 Biological Data on Dynamic Synapses

In most models for networks of spiking neurons one assumesthat the
weight (or “ef cacy”) of a synapseis a parameter that changesonly on
the slow time scaleof learning. It has however beenknown for quite some
time (seefor example [Katz, 1966 Magleby, 1987 Zucker, 1989 that synap-
tic ef cacy changeswith activity.
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Figure 12.1 Synaptic responsedepends on the history of prior usage: Excitatory
postsynaptic currents (EPSCs)recorded from a CA1 pyramidal neuron in a hip-
pocampal slicein responseto stimulation of the Schafer collateral input. The stim-
ulus is a spike train recorded in vivo from the hippocampus of an awake behaving
rat, and “played-back” at a reduced speed in vitro. The presynaptic spikes have
an averageinterspike interval of 1,950msecthat varies from alow at 35msecto a
maximum at 35 sec. The normalized strength of the EPSCvaries in a determinis-
tic manner depending on the prior usage of the synapse. For a constant synaptic
weight, the normalized amplitudes should all fall on the dashed line. (A) EPSC
asafunction of time. The mean and standard deviation (4 repetitions) are shown.
Note the responseamplitude varies rapidly by morethan two-fold. (B) AN excerpt
is shown at a high temporal resolution. Unpublished data from L. E. Dobrunz and
C. F. Stevens.



12.2Biological Data on Dynamic Synapses 323

Phenomenon Duration | Locus of Induction
Short-termEnhancement

Paired-pulse facilitation (PPF) Pre

Augmentation Pre

Post-tetanic potentiation Pre

Long-termEnhancement

Short-term potentiation (STP) Post
Long-term potentiation (LTP) Pre and post
Depression

Paired-pulse depression(PPD) Pre
Depletion Pre
Long-term Depressions(LTD) Pre and post

Table 12.1 Different forms of synaptic plasticity

Synaptic plasticity occurs across many time scales. This table is a list of some of
the better studied forms of plasticity. Included also are very approximate estimates
of their associateddecay constants, and whether the conditions required for in-
duction depend on pre-or on postsynaptic activity, or on both. This distinction is
crucial from a computational point of view, since Hebbian learning rules require
a postsynaptic locus for the induction of plasticity. Note that for LTP and LTD,
we are referring speci cally to the form found at the Schafer collateral input to
neurons in the CA1 region of the rodent hippocampus; other forms have dif ferent
requirements.

The responsesshown in Figure 12.1representthe complex interactions of
many use-dependentforms of synaptic plasticity, many of which arelisted
in Table 12.2.Someinvolve an increasein synaptic ef cacy (called “facilita-

tion” or “enhancement”), while others involve a decrease(“depr ession”).
They differ most strikingly in duration: some (e.g. facilitation) decay on
the order of about 10 to 100 milliseconds, while others (e.g. long-term

potentiation, or LTP) persist for hours, days or longer. The spectrum of
time constantsis in fact so broad that it covers essentially every time scale,
from the fastest (that of synaptic transmission itself) to the slowest (devel-
opmental). The terms “pair ed-pulsed facilitation” and “pair ed-pulsed de-
pression” in Table 12.2refer to experiments where the stimulus consistsof
just two spikes, and the secondspike causesa larger (smaller) postsynaptic
response.

Theseforms of plasticity dif fer not only in time scale,but alsoin the condi-
tions required for their induction. Some— particularly the shorter-lasting
forms — depend only on the history of presynaptic stimulation, indepen-
dent of the postsynaptic response. Thus facilitation, augmentation, and
post-tetanic potentiation (PTP) occur after rapid presynaptic stimulation,
with more vigor ous stimulation leading to more persistent potentiation.
Other forms of plasticity depend on some conjunction of pre-and postsy-
naptic activity: the most famous example is LTP, which obeysHebb's rule
in that its induction requires simultaneous pre- and postsynaptic activa-
tion.
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In view of these data it becomesunclear which parameter should be re-
ferred to asthe current weight or ef cacy of a synapse,and what learning
in a biological neural system means. For example [Markram and Tsodyks,
1996] have exhibited caseswhere pairing of pre- and postsynaptic ring
(i.e., Hebbian learning) does not affect the average amplitudes of post-
synaptic responses. Instead, it redistributessmaller and larger responses
among the spikes of anincoming spike train (seeFigure 12.2).

a Before pairing b atter pairing

Post

v, 40 Hz

10 ms

Figure 12.2 Postsynaptic responsesto a regular 40 Hz spike train before and after
Hebbian learning. From [Markram and Tsodyks, 1994.

In all of the abovementioned data the postsynaptic neuron was connected
by several (typically about a half-dozen or more) synapsesto the presy-
naptic neuron, and the recordings actually show the superpositionof the
responses of these multiple synapses for each spike of the presynap-
tic neuron. It is experimentally quite dif cult to isolate the response
of a single synapse, and data have become available just very recently
[Dobrunz and Stevens,1997. The results are quite startling. Those sin-
gle synapses(or more precisely: synaptic releasesites) in the central ner-
vous system that have been examined so far exhibit a binary responseto
eachspike from the presynaptic neuron: either the synapsereleasesa sin-
gle neurotransmitter - lled vesicle or it doesnot respond at all. In the case
when a vesicle is released,its content enters the synaptic cleft and opens
ion-channels in the postsynaptic membrane, thereby creating an electrical
pulse in the postsynaptic neuron. It is shown in the lower panel of Figure
12.3that the mean-size of this pulse in the postsynaptic heuron does not
vary in a systematic manner for different spikes in a spike train from the
presynaptic neuron. The probability, however, that a vesicle is releasedby
a synapsevaries in a systematic manner for dif ferent spikes in such spike
train.

The stochasticnature of synaptic function is the basisof the quantalhypoth-
esig[Katz, 1964, which statesthat vesiclesof neurotransmitter arereleased
in a probabilistic fashion following the invasion of the presynaptic termi-
nal by an action potential. The basic quantal model, rst developed to
explain results at the neuromusular junction has been validated at many
dif ferent synapses,including glutamatergic and gabaeric terminals in the
mammalian cortex.

The history-dependence of synaptic releaseprobability was rst studied
at the neuromuscular junction. Depending on experimental conditions,
these synapses show some combination of facilitation (a use-dependent
increase in release probability) and depression (a use-dependent de-
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creasein releaseprobability). Subsequentstudies have revealed that use-
dependent changesin presynaptic releaseprobability underlie many forms
of short-term plasticity, including some seenin the hippocampus and
neocortex (reviewed in [Magleby, 1987 Zucker, 1989 Fisheretal., 1997,
Zador and Dobrunz, 1997). Thesechangesoccur on many dif ferent time
scales,from secondsto hours or longer (reviewed in [Zador, 1998).
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Figure 12.3 The upper panel shows the temporal evolution of releaseprobabilities
for atrain of a 10Hz spike train with regular interspike interval in a synapsefrom
rat hippocampus. The lower panel shows the mean size and standard deviation
of the amplitude of the postsynaptic pulses for the same spike train in those cases
when avesicleswas released.From [Dobrunz and Stevens,1997

T

On rst sight the binary response (release/failur e of release)of a sin-
gle synapse might appear to be inconsistent with the multitude of repro-
ducible responsesizes shown in Figure 12.1. However one should keep
in mind that Figure 12.1shows the superposition of responsesfrom many
synapses.Hence for eachpulse the size of the postsynaptic responsescales
with the numberof individual synapsesthat releasea vesicle. For each
spike the expected number of releasedvesiclesequalsthe sumoftherelease
probabilitiesat the individual synapsestimes the responseat eachsynapse.

In this way a multi-synaptic connection between two neurons may be
subject to an even richer dynamics and learning capability than the
preceding models suggest, since there exists evidence that individual

synapseshave quite dif ferenttemporal dynamics. While the heterogeneity
of release properties at different release sites has long been suspected
(e.g. [Atwood etal., 1978 Brown etal., 1974, only recently has direct
evidence for such heterogeneity become available at central synapses.
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Threemain lines of evidence support this heterogeneity. First, the activity-

dependent synaptic channel blocker MK-801 blocks synapsesat dif ferent
rates, as would be expected from a population of synapseswith many
dif ferent releaseprobabilities [Hessler et al., 1993 Rosenmund et al., 1993
Castro-Alamancos and Connors, 1997, Manabe and Nicoll, 1994 Second,
minimal stimulation [Allen and Stevens,1994 Dobrunz and Stevens,1997,
Stratford etal.,, 1999 and paired recordings [Stratford etal., 1996
Markram and Tsodyks, 1996 Bolshakov and Siegelbaum,19995 indicate
that dif ferent connections have dif ferent properties. Finally, visualization

of the vesicular marker FM-143 [Ryan etal., 1996 Murthy etal., 1997
indicates that releaseat dif ferent terminals is dif ferent.

12.3 Quantitative Models

A rather simple but very successful quantitative model for the size of
the postsynaptic response caused by multiple synapseswas proposed in
[Varelaetal. 1997. The amplitude of the postsynaptic pulse for the
th spike arriving attime is modeled asa product

of aconstant  and threefunctions and . Thefunction models
the effect of facilitation: a xed amount isaddedto for eachpresynap-
tic spike. Between spikes the value of decaysexponentially back to its
initial value. The functions and  model synaptic depressionin adual
fashion: for eachpresynaptic spike the currentvalue of  is multiplied by
a factor , and the value of  recoversexponentially (with some
time constant ) back to the initial value of . It turns out that
two terms and with efcient constants and provide a substan-
tially better t to experimental data than just a single one. Sometimeseven
three terms are used. Figure 12.4shows that with suitable choice of pa-
rameters this model can predict quite well the amplitude of multi-synaptic
responsesto a 4 Hz Poissontrain. A somewhat related but more complex
guantitative model for the responseof multiple synapseswas proposed
in [Tsodyks and Markram, 1997 for the caseof depressing synapsesand
extended in [Markram and Tsodyks, 1997 to allow also facilitation effects.

We had indicated already at the end of the preceding section that the
actual dynamics of a synapse in the central nervous system of a bio-
logical organism differs from the preceding models since it is stochas-
tic, and the synaptic responseto each spike apparently ranges over just
two discrete values (release/failur e of release). Basedon earlier quanti-
tative models for partial aspectsof synaptic dynamics (seefor example
[Dobrunz and Stevens,1997), a computational model for individual dy-
namic stochastic synapseswas proposed in [Maassand Zador, 1999. In
this model a spike train is representedasin Chapter 1 by a sequence_ of

ring times, i.e. asan increasing sequenceof numbers from
R R For eachspike train _the output of synapse con-
sistsof the sequence _ of those _on which vesiclesare“r eleased” by

, 1.e. of those _which causean excitatory or inhibitory postsynaptic
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Figure 12.4 Measured and predicted amplitude (eld potentials) of the postsynap-
tic responseto a4 Hz Poissonspike train. Predictions result from t of model with
threeterms . From [Varelaetal. 1997

potential (EPSPor IPSR respectively). The map _ _ may be viewed
as a stochastic function that is computecby synapse . Alternatively one
can characterize the output  _ of a synapse through its releasgattern

, Wwhere stands for releaseand for failur e of
release.For each _one sets if _ ,and if B
The central equation in this model gives the probability that the
spike in a presynaptic spike train _ triggers the releaseof a
vesicleattime atsynapse ,

(12.1)

The releaseprobability is assumed to be nonzero only for _, So that
releasesoccur only when a spike invades the presynaptic terminal (i.e.
the spontaneousreleaseprobability is assumedto be zero). The functions

and describe, respectively, the statesof facilitation and
depletion at the synapseat time

The dynamics of facilitation are given by

(12.2)

where is some parameter that can for example be related to the
resting concentration of calcium in the synapse. The exponential response
function models the responseof to a presynaptic spike that had
reachedthe synapseat time : , Wwherethe positive pa-
rameters and give the decay constantand magnitude, respectively, of
the response. The function  models in an abstract way internal synaptic
processesunderlying presynaptic facilitation, such asthe concentration of
calcium in the presynaptic terminal. The particular exponential form used
for could arisefor example if presynaptic calcium dynamics were gov-
erned by a simple rst order process.

The dynamics of depletion are given by

max (12.3)

and
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for some parameter . depends on the subset of those _
with on which vesicleswere actually releasedby the synapse, i.e.
_ . The function models the response of to a preceding
releaseof the same synapse at time . Analogously as for
one may choosefor a function with exponential decay where
is the decay constant. The function  models in an abstract way internal
synaptic processeghat support presynaptic depression,such asdepletion
of the pool of readily releasablevesicles.In amore speci ¢ synapsemodel
onecould interpret  asthe maximal number of vesiclesthat can be stored
in the readily releasablepool, and asthe expected number of vesicles
in the readily releasablepool at time .

In summary, the model of synaptic dynamics presentedhere is described

by ve parameters: , , and . The dynamics of a synaptic
computation and its internal variables and areindicated in Figure
12.5.

spike train

function C(?) N
(facilitation)
function V(2) W

(depression)

function x < Xx x
(release py(t;) y X x
probabilities) X
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Figure 12.5 Synaptic computation on a spike train _, together with the temporal
dynamics of the internal variables and of our model. Note that changes
its value only when a presynaptic spike causesrelease.

This model for the dynamics of a single stochasticsynapseis closely related
to the previously discussed model for the combined responseof multiple
synapseshy [Varelaetal. 1997, since Eq. (12.1) can be expanded to rst
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order around to give

(12.4)

According to Eg. (12.2)the dynamics of is quite similar to that of the
facilitation term in [Varelaetal. 1997, and according to Eq. (12.3)
the term is closely related to their depression terms . This
correspondence becomeseven closer in variations of the previously de-
scribed most basic model for an individual synapsethat are discussedin
[Maassand Zador, 1998.

In order to investigate macroscopic effects caused by stochastic dynamic
synapses one can expand the previously described model to a mean
eld version that describes the mean response of a population of dy-
namic synapsesthat connect populations of neurons. In this approach
[Zador et al., 1999 the input to a population of “parallel” synapsescan be
described by a continuous function which representsthe current ring
activity in the preceding pool of neurons. The impact that this ring ac-
tivity hason the next pool of neuronsis described by a term ,
where is a continuous function with values in

that representsthe current mean releaseprobability in the population of
synapsesthat connect both pools of neurons. The dynamics of the aux-
iliary functions and is de ned asin equation (12.2)and (12.3),
but with an integral over the preceding time window and the input
instead of a sum over spikes. The latter may be viewed as a special case
of such integral by integrating over a sum of -functions, as described in
Chapter 1.

12.4 On the Computational Role of Dynamic Synapses

Quantitative models for biological dynamic synapsesare relatively new,
and the exploration of their possible computational use has just started.
We will survey in this section some of the ideasthat have emerged so far.

[Abbott etal., 1997 and [Tsodyks and Markram, 1997 point out that de-
pression in dynamic synapsesprovides a dynamic gain control mecha-
nism: a neuron can detect whether a presynaptic neuron suddenly in-
creasedts ring rate by acertain percentage—independently of the current
ring rate of that presynaptic neuron . Assume that some of the prede-
cessorsof neuron r e at a high rate and others at a low rate. Then with
static synapsesthe neuron is rather insensitive to changesin the ring

rates of slowly ring presynaptic neurons, since its membrane potential
is dominated by the large number of EPSP'sfrom rapidly ring presy-
naptic neurons. However according to the model by [Varelaetal. 1997
described at the beginning of Section3, one can achievewith multiple dy-
namic synapsesthat the amplitude of the EPSP'scausedby a presynaptic
neuron with a ring rate (and regular interspike intervals) scaleslike

. This implies that an increasein that ring rate by a fraction
causesan increaseof the postsynaptic responseby — , independently

of the currentvalue of . In this way the neuron becomesequally sensitive
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to changesby a percentage in the ring rate of slowly ring and rapidly
ring presynaptic neurons.

For realistic values of the parameters in the synapse model of
[Varelaetal. 1997 (that result from tting this model to data from multi-

ple synapsesin slicesof rat primary visual cortex) the previously described
effect, whereby the amplitude of EPSP'sfrom presynaptic neuron scales
like , setsin for ring rates above 10Hz. A startling consequence
of this effectis that the neuron becomesinsensitive to changesin the sus-
tained ring rates of presynaptic neurons if theserateslie above 10Hz.

This implies that the traditional “non-spiking” model for biological neural

computation, where biological neurons are modeled by sigmoidal neurons
with inputs and outputs encodedby ring rates,becomesinapplicable for

input ring ratesabove 10 Hz. On the other hand the typical membrane
time constants of a biological neuron lie well below 100 msec, so hat this
traditional model also becomesquestionable for input ring rates below
10Hz.

[Markram and Tsodyks, 1997 emphasize that dif ferent synapsesin a neu-
ral circuit tend to have different dynamic features. In this way a spike
train from a neuron whose axon makes on the order of 1000synaptic con-
tacts may convey dif ferent messagesto the large number of postsynaptic
neurons, with the synapsesacting as lters that extract dif ferent special
featuresfrom the spike trains. They also point out that in a circuit with ex-
citatory and inhibitory neurons, where the responseof the inhibitory neu-
ronsis delayed in afrequency-dependentmanner via facilitating synapses,
a frequency-dependent time window is created for excitation to
spread before inhibition is recruited.

Other possible computational uses of dynamic synapsescan be derived
from the synapse model of [Maassand Zador, 199§ described at the end
of Section3. The following result shows that by changing just two of the
synaptic parameters of this model, asynapse canchoosevirtually inde-
pendently the releaseprobabilities and for the rst two spikes
in aspike train.

Theorem 12.1 Let besomearbitrary spiketrain consistingoftwo spikes,

andlet besomearbitrary givennumberswith

Furthermoe assumehat arbitrary positivevaluesare given for the parameters
ofasynapse . Thenonecanalways nd valuesfor thetwo parameters

and ofthesynapse sothat and
Furthermoe the condition is necessarijn a strongsense.If
thennosynapse canachieve and for
any spiketrain andfor any valuesofits parameters .

One can usethis result for arigor ous proof that a spiking neuron with dy-

namic synapseshasmore computational power than aspiking neuron with

static synapses:Let beasomegiven time window , and consider the com-

putational task of detecting whether at leastone of presynaptic neurons
r eatleasttwice during  (“burst detection”). To make this task

computationally feasible we assumethat none of the neurons

r esoutside of this time window .
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P,

Py

Figure 12.6 The dotted areaindicates the range of pairs of releaseproba-
bilities for the rst and second spike through which a synapse can move (for any
given interspike interval) by varying its parameters  and

Theorem 12.2 A single spiking neuron with dynamic stochasticsynapsean
solvethis burst detectiortask(with arbitrarily highreliability). On theotherhand
no spikingneuron with static synapsesansolvethis task(for any assignmenbf
“weights” to its synapses)*

In order to show that a single spiking neuron with dynamic synapsescan
solve this burst detection task one just hasto choosevalues for the param-
eters of its synapses sothat is closeto 1 and is closeto O for
all . We refer to [Maassand Zador, 1999 for a proof that a
spiking neuron with static synapsescannot solve this burst detection task.

Another possible computational use of stochastic dynamic synapsesis in-
dicated by the following example. Two arbitrary Poisson spike trains
and were chosen,that eachconsist of 10 spikes and hencerepresentthe
same ring rate.

Figure 12.7 comparesthe responseof a synapsewith xed parameters to
two spike trains and . The synaptic parameters were adjusted so that
the averagereleaseprobability (computed over the 10 spikes) was greater
for thanfor . Figure 12.8comparesthe responseof a dif ferent synapse
to the sametwo spike trains; in this case,the parameters were chosenso
that the averageresponseto  was greaterthan to . Theseexamplesin-
dicate that even in the context of rate coding, synaptic ef cacy may not
be well-described in terms of a single scalar parameter . In the mean
eld version of this synapsemodel (described at the end of section 3) one
can show that the internal synaptic parameters can be chosenin such a
way that a population of synapsescomputes a function that either approx-
imates an arbitrary given linear Iter , or higher order terms in the Volterra-
seriesexpansion of anonlinear Iter .

Curiously enough the view of synapsesaslinear lters had already been
explored before by [Back and Tsoi, 1991, Principe, 1994, and others in the
context of arti cial neural nets. They pointed to various potential com-
putational usesof the resulting neural netsin the context of computations

1We assumehere that neuronal transmission delays dif fer by lessthan , Where by
transmissiondelaywe refer to the temporal delay between the ring of the presynaptic neuron
and its effect on the postsynaptic target.
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Figure 12.7. Example of a synapsewhose averagereleaseprobability is 22% higher
for spike train , shown in the top panel. Releaseprobabilities of the samesynapse
for spike train  are shown in the bottom panel. The fourth spike in spike train
hasareleaseprobability of nearly zero and sois not visible. The spike trains shown
here are the sameasin the next gur e.
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Figure 12.8 Example of a synapsewhose averagereleaseprobability is 16 % higher
for spike train , shown in bottom panel. Releaseprobabilities of the samesynapse
for spike train  are shown again in the top panel. The spike trains shown here are
the sameasin the previous gur e.

on time serieswithout having at that time any indication that biological
neural systemsmight be able to implement such sets.
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12.5 Implications for Learning in Pulsed Neural Nets

The preceding experimental data and associated models show that it is
quite problematic to view a biological synapseas a trivial computational
unit that simply multiplies its input with a xed scaler , its synaptic
“weight”. Instead, a biological synapseshould be viewed asa rather com-
plex nonlinear dynamical system. It is known that the “hidden parame-
ters” that regulate the dynamics of a biological synapsevary from synapse
to synapse [Dobrunz and Stevens, 1997, and that at least some of these
hidden parameters can be changedthrough LTP (i.e., through “learning”).
This hasdrastic consequencedor our view of learning in biological neural
systems. Since synapsesare history-dependent it does not suf ce to con-
sider training examplesthat consist of input- and output vectors of nhum-
bers. Instead a neural systemlearns to map certain input functions of time
to given output functions of time. Hence a training example consistsof a
pair of functionsor timeseries Furthermor e the learning algorithm itself has
to specify not only rules for changing the scaling parameter of asynapse,
but also for changing the internal synaptic parametersthat regulate the dy-
namic behavior of the synapse. Experimental evidence that Hebbian learn-
ing (“pairing”) in biological neural system changesthe dynamicbehavior
of a synapse, rather than just the average amplitude of its responses,was
provided by [Markram and Tsodyks, 199§. Their data (see Figure 12.2)
suggest that learning may redistributethe strength of synaptic responses
among the spikesin atrain, rather than changing its averageresponse.The
particular changein synaptic dynamics that is shown in Figure 12.2makes
the postsynaptic neuron more sensitive to transients, i.e., to rapid changes
in the ring rate of the presynaptic neuron. In this way synaptic plasticity
may change the sensitivity of a neuron to dif ferent neural codes. In this
examplesit increaseghe sensitivity for temporal coding, while atthe same
time decreasingits limiting frequency above which it is unable to distin-
guish between different presynaptic ring rates. [Liaw and Berger, 1999
have shown that interesting changesof the dynamic properties of a neu-
ral circuit with dynamic synapsescan already be achieved by just chang-
ing the scaling factors of excitatory and inhibitory connections, without
changing the hidden parametersthat control the dynamics of the synapses
themselves.

Preliminary results from [Zador et al., 1998 show that by applying gradi-
ent descentlearning also to the hidden parameters of a synapse, a neu-
ral circuit canin principle “learn” to realize quite general given operators
that map input time seriesto given output time series. We employ here
the mean eld model for dynamic synapses(described at the end of sec-
tion 12.3)in order to be able to consider arbitrary bounded time series
as network-input and -output. This approach is related to the previous
work by [Back and Tsoi, 1991, who have carried out gradient descentfor
the hidden parametersof linear lters that replacesynapsesin their model.
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Figure 12.9 Result of gradient descenttraining for the hidden synaptic parameters
in a feedforward neural net with one hidden layer consisting of 12 neurons. The
common input time seriesto the synapsesof these 12 neurons is shown in panel
a). The target time series and the actual sum of the output time series of the 12
neurons before training are shown in panel b). Panelc) shows the sametarget time
seriestogether with the sum of the output time seriesof the 12 neurons after apply-
ing gradient descentto the 5 hidden parameters of each synapse
according to section 12.3.From [Zador et al., 1998.

12.6 Conclusions

We have shown that synapsesin biological neural systems play a rather
complex role in the context of computing on spike trains. This implies that
one is likely to lose a substantial amount of computational power if one
models biological networks of spiking neurons by arti cial pulsed neural
nets that employ the same type of static synapsesthat are familiar from
traditional neural network models.

It has been shown that dynamic synapses of the type that we have
described in this chapter can easily be simulated by electronic circuits
[Fuchs, 1998, and hencecan in principle be integrated into neural VLSI.
In addition all analog techniques for storing a weight in neural VLSI auto-
matically create“dynamic synapses”, sincethe value of the stored weight
tends to drift. An exciting challenge would beto nd computational uses
for suchinherent synaptic dynamics, which sofar hasonly beenviewed as
a defect. Finally we have indicated that the notion of learning and the na-
tur e of learning algorithms changesif one takesinto accountthat synapses
have to be modelled as history-dependent dynamical systems with sev-
eral hidden parameters that control their dynamics, rather than as static
scalar variables (“synaptic weights”). Hence if one wants to mimic adap-
tive mechanisms of biological neural systemsin arti cial pulsed neural
nets, one is forced go beyond the traditional ideas from neural network
theory and look for new types of learning algorithms.
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