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Abstract

This paper presents a new model for sim-
ulating Spiking Neural Networks using dis-
crete event simulation which might possi-
bly offer advantages concerning simulation
speed and scalability. Spiking Neural Net-
works are considered as a new computation
paradigm, representing an enhancement of
Artificial Neural Networks by offering more
flexibility and degree of freedom for model-
ing computational elements. Although this
type of Neural Networks is rather new and
there is not very much known about its fea-
tures, it is clearly more powerful than its
predecessor, being able to simulate Artificial
Neural Networks in real time but also offer-
ing new computational elements that were
not available previously. Unfortunately, the
simulation of Spiking Neural Networks cur-
rently involves the use of continuous simula-
tion techniques which do not scale easily to
large networks with many neurons. Within
the scope of the present paper, we discuss
a new model for Spiking Neural Networks,
which allows the use of discrete event simu-
lation techniques, possibly offering enormous
advantages in terms of simulation flexibility
and scalability without restricting the quali-
tative computational power.

1 Introduction

Spiking Neural Networks (SNNs) are considered as the
third generation of artificial neural networks and try
to model the biological behaviour more closely than
the last generation. Although the currently used Ar-
tificial Neural Networks (ANNs) which use the firing
rate of neurons as their computational element have
proven to be very powerful for specific kinds of prob-
lems, some major properties of biological neural net-
works are ignored. Through empirical evidence from
biological experiments (see [Thorpe et al., 1996]) it
became clear that some effects and computations of
the human brain can not be carried out by just using
the firing rate of the respective neurons as information

transmitter. Also the exact timing of single spikes has
to carry at least some of the transmitted information.

Because of these limitations of the currently used
model of neural networks, spiking neural networks
have been developed. Instead of using the firing rate
of neurons, where a lot of information from the spike
train is eliminated by averaging over some time win-
dow, these new kinds of neural networks deliberately
model the exact timing of the spikes emitted by the
neurons. It has to be stated, that at the moment
there is not very much known about the computa-
tional possibilities when working with the timing of
single spikes - but an understanding of these compu-
tational mechanisms may also help in decoding the
spike trains used by the brain or in explaining some
of the effects encountered in biological neural systems,
such as synchronization and oscillation.

Currently the ways of simulating such SNNs differ
heavily from the way ANNs are used in todays ap-
plications. This is caused by the immanent complex
behaviour of spiking neurons compared to the rela-
tively simple behaviour of sigmoidal neurons used in
ANNs. Sigmoidal neurons usually only sum up the
analog input values they receive and utilize a sigmoid
function to compute their output value from this sum,
while spiking neurons try to model the behaviour and
structure of biological neurons as closely as possible.
Therefore, spiking neurons are often simulated using
the biologically very realistic Hodgkin-Huxley model,
which uses differential equations to describe the shape
of neuron potentials and generated spikes. These dif-
ferential equations impose the use of continuous sim-
ulation techniques, where the values of mathematical
functions are computed at simulation times with fixed
or variable time steps. However, with this simula-
tion technique, the inner states of neurons which are
inactive at some simulation time also need to be com-
puted, resulting in bad scalability of the simulation in
terms of large networks with many neurons. A better
simulation technique — concerning scalability — is the
so-called discrete event simulation where computation
is only necessary for simulation elements that change
their state at the current simulation time. In large
networks where only a small percentage of neurons is
active at any given time, event simulation is expected
to be faster by a order of magnitude of at least 10.



In this paper we will first present a general introduc-
tion into Spiking Neural Networks in chapter 2. Then
we give a short description of discrete event simulation
in chapter 3, also explaining the difference to continu-
ous simulation. These chapters contain the basic ter-
minology used in the definition of our new model in
chapter 4, which explains the formal basis the simula-
tion is built on. In chapter 5 we introduce the concept
of input and output coding converters, while chapter 6
gives an overview over the simulation framework that
has been developed. Finally, chapter 7 gives an out-
look on how this new technique could possibly be used
for advanced studies and practical applications.

2 Spiking Neural Networks

As already stated in the introduction, Artificial Neu-
ral Networks typically encode the firing rate of biolog-
ical neurons as analog values which are used as input
and output values of the neurons. However, there is
growing empirical evidence [Thorpe et al., 1996] for
the importance of the timing of single spikes. It was
shown that humans can process visual patterns in 150
msec, where about 10 processing levels (neuron lay-
ers) are involved and neurons in these regions of the
human brain usually have a firing rate of less then 100
Hz. Therefore, since this would involve averaging over
the firing times of at least 2 received spikes, the pro-
cessing time available to each layer is not enough for
estimating the firing rate of neurons. As a result of
these observations it can be argued that the computa-
tion has to be carried out using only the information
transmitted with the first spike that is fired by each
layer.

In principle, there are just three different possibili-
ties currently known in neurophysiology for encoding
information in such spike trains:

e rate coding: The essential information of the
spike train is encoded in the firing rates, which
are determined by averaging over some time win-
dow.

e temporal coding: The timing of single spikes, i.e.
the exact firing time, carries the encoded infor-
mation.

e population coding: The information is encoded
by the activity of different populations of neurons,
i.e. the percentage of neurons concurrently active
in a population.

It seems that, from a theoretical point of view, tem-
poral coding is the most simple coding scheme and
that implementations for simulation purposes can be
done easily. Therefore, this paper mainly focuses on
this coding scheme; but all of the developed princi-
ples and techniques can be applied directly to other
coding schemes - only the network inputs and out-
puts have to be adapted (see section “Network inputs
and outputs”), the inner network structure can remain
unchanged. The investigation of the computational
power of different coding schemes will be a topic for
future research. All of the developed principles and al-

gorithms allow for arbitrarily complex coding schemes.

Currently there are many mathematical models
which can be used for modeling and simulating Spik-
ing Neural Networks. These models range from the bi-
ologically very realistic Hodgkin-Huxley model, which
uses differential equations to model the electrical prop-
erties of neurons via the integrate-and-fire model to
the rather simple spike-and-response model. How-
ever, all of these models are using spike timings as
their primary code for computations and, further-
more, they are usually simulated continuously with
fixed timesteps because of the representation of some
mathematical functions in the model, especially the
function modeling the post synaptic potential gener-
ated by synapses. The post synaptic potentials are
the changes induced to the neuron potential of their
subsequent neuron (the post synaptic neuron) gener-
ated by synapses whenever they receive a spike (from
the pre synaptic neuron). Figure 1 shows the shape
of a spike (action potential) and an excitatory and an
inhibitory post synaptic potential (EPSP, IPSP).

In this paper we are using the following definition
of spiking neural networks, directly cited from [Maass,
1996]:

An SNN consists of:

e q finite directed graph (V, E) (we refer to the ele-
ments of V as “neurons” and to the elements of
E as “synapses”)

o q subset V;, €V of input neurons
e q subset V,,: C V' of output neurons

e for each neuron v € V —V,;, a threshold function
0, : RT — RU {co}

e for each synapse (u,v)€ E a response function
Euw: RT — R and a weight w,, € Rt

We assume that the firing of input neurons v € V;, is
determined from outside of the SNN, i.e. the sets F,, C
R* of firing times (“spike trains”) for the neurons
v € Vi, are given as the input of the SNN.

For a neuron v € V — V,, one defines its set
F, of firing times recursively. The first element
of von F, is inf{t € RT : P,(t) > ©0,(0)}, and for
any s € F, the neat larger element of F, is
inf{te R :t>sandP,(t) > O©,(t — s)}, where the
potential function P, : RT™ — R is defined by

Rt)= > X

ueV se F,
(u,v) € E  s<t

wu,v : 5u,v(t - 5)

The firing times ( “spike trains”) F, of the output neu-
rons v € Vous that result in this way are interpreted as
the output of the SNN.

The complexity of a computation in a SNN is eval-
uated by counting each spike as a computation step.

This model represents a rather general definition of
SNNs and is related to biological neurons as follows:
the shape of a post synaptic potential (PSP) caused
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Figure 1: Post synaptic  potentials and action  potential, picture  taken  from

http://www.cis.tugraz.at /igi/tnatschl/online/3rd_gen_ger /nodel.html

by an incoming spike from neuron u is described by
the response function e,,, where €,,(t) = 0 for
t € [0,dy,] with d, , modeling the delay between the
generation of the action potential and the time when
the resulting PSP starts to influence the potential of
neuron v. A more detailed description of the features
of this model can be found in [Ruf, 1998].

3 Discrete event simulation

Event simulation is a technique for simulating systems
which are characterized by well-defined events. In
contrast to continuous simulation, where the system
states are calculated for specific simulation time points
(either with fixed or with variable time steps), event
simulation calculates the simulation time points when
the system states reach specific values. Therefore, an
event simulation advances from one simulation time
point to the next whenever there are no more events
to be handled at the current simulation time. The
next simulation time is the time of the first event that
has been scheduled for execution. For systems with
a large quantity of different state variables and a low
average change rate of these states, event simulation
can offer obvious advantages in simulation speed and
scalability. This is mainly because the exact trajecto-
ries between two relevant state values do not have to
be calculated.

4 Model

During the development of a simulation framework, a
new model of spiking neural networks was developed.
This new model has been designed especially for dis-
crete event simulation. It is based on the integrate-
and-fire model and the mathematical definition of
spiking neural networks introduced in [Maass, 1996]
and cited in the section “Spiking Neural Networks”,
but does not use continuous functions for modeling
post synaptic potentials and neuron potentials. In-
stead of this, we use piecewise linear functions, which
offer the possibility to exactly and easily calculate
the firing times of neurons using their potential and
threshold functions. The neuron will fire whenever
the value of its potential is equal to or higher than the

value of its threshold, so calculating the next firing
time is equal to calculating an intersection between
two piecewise linear functions, which can be done ef-
ficiently. It has been shown in [Ruf, 1998| that spik-
ing neural networks using piecewise linear functions
are real-time equivalent to a Turing machine, i.e. the
simulation of one computation step of a Turing ma-
chine by a SNN constructed especially for this pur-
pose only takes a fixed amount of computation steps
in the SNN. Therefore, the use of piecewise linear func-
tions as synaptic response functions and potential and
threshold functions describing the inner neuron state
should not effect the qualitative computational power
of SNNs negatively. Nevertheless, simulations will
make it possible to study the quantitative influence of
the shape of post synaptic potentials on the computa-
tional efficiency of spiking neural networks. Through
the use of piecewise linear functions, our model makes
it possible to approximate the shape of different func-
tions as closely as needed or wanted in different ap-
plications. Additionally there is a gain in flexibility
because there is no restriction to mathematical func-
tions with a closed representation. Currently, study-
ing the effects of different shapes of synaptic response
functions is difficult because closed representations of
these functions have to be found for the numeric in-
tegration techniques used in continuous simulations
to work. Within our new model, this restriction no
longer exists, offering neurobiologists more degrees of
freedom in their study of neural models.

Furthermore, this novel model treats neurons and
synapses as active elements and uses single spike
events for modeling the spikes a neuron emits, only in-
dicating the exact firing times but ignoring the shape
of spikes (which are also not modeled in the widely
used integrate-and-fire model). Because neurons are
not coupled directly but only via synapses to each
other, it are the synapses that receive the spike events
sent by the neurons. Each synapse will receive spike
events from only one neuron (the pre synaptic neuron)
and will only have one neuron to send events to (the
post synaptic neuron). Therefore, the network will
form a bipartite graph of neurons and synapses with
synapses being positioned between neurons as shown



in Fig. 2. In this paper we will use the convention that
a neuron v receives its input from neurons u = 1, ..., n,
which send their spike events to the respective input
synapses of neuron v.

u

Figure 2: The input synapses of a neuron v receive
spike events from neurons u = 1,...,n, therefore gen-
erating the input values of neuron v.

Those synapses (u,v) are, upon the receipt of a
spike event from their pre synaptic neuron u, also re-
sponsible for generating the post synaptic potentials in
the form of piecewise linear functions ¢, ,(¢) and for-
warding them to their post synaptic neuron v, scaled
by their specific synaptic weight w,, , and deferred by
their synaptic delay d .

Fig. 3 shows the input and output of a synapse
which is generating an excitatory post synaptic po-
tential due to the receipt of a spike. After a neuron v
receives a new post synaptic potential from one of its
input synapses (u,v), it merges it with its currently
valid potential P,(t) and recalculates if and when the
next firing occurs by calculating the time when the
potential function P,(t) intersects with the threshold
function ©,(¢). The neuron threshold is also modeled
as a time dependent function instead of a constant
value to prevent a neuron from firing again instantly
afterwards because the potential P,(¢) might still be
higher than the threshold. Therefore, the threshold
function O, (t) is defined to be infinite for some time
Toref (the so-called absolute refraction period of the
neuron) after the neuron v has fired, effectively pre-
venting it from firing until the threshold again has
a finite value. After this absolute refraction period
ends at time 7, s, the neuron enters the relative re-
fraction period, during which the threshold function
rapidly approaches its constant value ©,,(0), which by
definition is reached at time 7, eng. In Fig. 4 the firing
of a neuron v due to the intersection of the potential
and the threshold function is shown.

For efficient handling and computations we use a
special optimization by not representing the piecewise
linear functions by a list of time/value tuples for the
function points but by a list of time/gradient tuples for
the function segments. Furthermore, we defined the
functions to start and end at a value of zero. There-
fore, a piecewise linear function f(t) is defined as fol-
lows: Between the time points s; and s; 1 the function
has a constant gradient A;, whereas so := 0, f(0) := 0,
f(Sm+1) =0, Ag := 0 and A,41 := 0 for m being the
number of gradient changes in f(¢). Only the seg-
ments (s;, A;) (for ¢ = 1,...,m) need to be specified
to completely define f(t), because A1 is defined to

be zero and s,,41 (the time when the function again
reaches a value of 0) can be computed from the other
values. Fig. 3 shows the shape of such a piecewise
linear function with 5 segments.

This makes it possible to represent a piecewise
linear function consisting of N segments with N
time/gradient tuples and also offers a wide range of
possible optimizations in the simulation, like using an
extended but very fast merge-sort algorithm for com-
bining a newly received post synaptic potential with
the current neuron potential which completely elimi-
nates the need to sum up over the neuron inputs as
it has to be done in the standard integrate-and-fire
model.

We can now define the synapse response function
Euw(t) as

ku,v—1

Euw(t) == Z

i=1

(Su,v,i+1 - Su,'u,i) : Au,w,i

+(t - Su7v7ku,'u) : >\u7'U7ku,'u

and €,,,(0) := 0, whereas ky, 1= max;(syp,; < t)
(the index of the last gradient change before the cur-
rent time ¢). Therefore the current gradient of &, ,(t)
is denoted by Ay vk, .- If, after each gradient change,
we calculate the function value €y, (Su,v,k, ) immedi-
ately before this change, then we can use the recursive
form

Eu,v(t) = Eu,v(suw,ku,v) + (t - Su,v,ku,u) : )‘u,v,ku,w

The assumption that e, ,(t) = 0 for ¢t € [0,d, ], i.e.
the initial synaptic delay between the receipt of a spike
from neuron u until the post synaptic potential starts
changing the potential of neuron v, can be modeled
easily by choosing sy.,1 = duy (Auw,0, the gradient
within the interval [0, s, ,,1] is 0 by definition).

The potential of a neuron can now be defined as

Pt)= ). >

ueV sy € F,
(u,v) € B sy, <t

Wy,v * gu,v(t - Su)

with P,(0) := 0, where V specifies the set of neu-
rons, E the set of synapses and F; the set of firing
times of the neuron u. Therefore the potential P, (¢) is
defined as the linear sum of all incoming PSPs caused
by spikes from the neurons u, whereas multiple PSPs
from a single synapse (u,v), started at times s, € F,,,
can be active (the response function e, ,(t — s,) has
not reached 0 again) concurrently.

The threshold function ©,(t) is also de-
fined as a piecewise linear function as
) if max;(sy,;) <t <maxi(sy;) + To,ref
O ref
0ut) = - ouin —send) Aoi i Bt AT SE

+(t—s0,1) - Ao,1
0,(0) otherwise
where ©,(0) is some constant value, s, ; specifies
the firing times of neuron v, ©, .y the initial value
of ©,(max;(sy,;) + Tv,ref) after the absolute refraction
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Figure 3: Synapse functioning: The synapse generates
an excitatory post synaptic potential (EPSP) after the
receipt of a spike event.

period with ©,(¢) = oo, [, the number of gradient
changes and \Ag, ; the gradients within the intervals

[5©,.is50,.i+1] (see Fig.4).
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Figure 4: Neuron potential intersecting with the
threshold function

The goal of the event simulation is now to calculate
the simulation times s, (in Fig. 4 specified as ¢, for
better readability) at which the neuron v will fire.

5 Network inputs and outputs

For a SNN to prove useful in practical applications,
there is a need for well-known coding schemes at the
inputs and outputs of the network. The spike cod-
ing scheme, transporting information within the neu-
ral network on the firing times of spikes, seems to of-
fer many benefits in terms of computation power and
compact coding of information. Nevertheless, at the
moment there exist practically no sensors or actors
utilizing this coding scheme so it can not be used for
interacting with the real world. Therefore, input and
output converters which transform the external infor-
mation coding to spike trains at the SNN input and
the spike trains to the external coding at the SNN

output are needed. This effectively makes the SNN
a black box of which the inner functioning does not
have to be known.

Additionally, these converters offer more flexibility
because the external and internal information coding
schemes are decoupled. Ongoing research suggests the
use of different spike coding schemes, such as tempo-
ral coding, rate coding, population coding or much
more complex coding schemes (like fractal coding).
With our simulation framework, this is possible with-
out having to change the external representation of
information. It also eases the use of different exter-
nal information codings, e.g. when adding additional
sensors or actors for interaction with the environment.

Currently input and output converters between ana-
log vectors outside the SNN and temporal coding
as inner coding scheme have been specified and im-
plemented. Temporal coding is defined as follows:
The input neurons u fire at simulation times s, =
Tinput — d - x, where z, specifies the analog value
that should be coded, Tj,py+ a reference time mark-
ing the input value zero, and d a common scaling fac-
tor. It has been shown that this coding scheme can be
used easily to detect equality or near-equality of values
(see [Maass, 1997b]), simulate McCulloch-Pitts neu-
rons (see [Maass, 1999]), compute radial basis func-
tions (RBFs, see [Hopfield, 1995]) and weighted sums
(see [Ruf, 1998]) as well as simulating sigmoidal neu-
rons (also [Ruf, 1998]) and approximating any con-
tinuous function (see [Ruf, 1998], [Maass, 1999] and
[Maass, 1997al).

6 Implementation

At the moment, a Java framework for DEVS sim-
ulation of spiking neural networks is developed and
the core parts concerning the structure of the neural
networks and handling of events including calculating
firing times of neurons are nearly completed. Using
event simulation, we expect an enormous increase in
simulation speed and flexibility compared to the cur-
rently used continuous simulation techniques, making
it possible to simulate large networks of spiking neu-
rons and thus allowing studies of advanced networks
holding a lot more information than networks with
only a small number of neurons. Additionally, we ex-
pect the simulation speedup gained by event simula-
tion to increase with the size of a network, because
typically the percentage of concurrently active neu-
rons will decrease as the number of neurons in the net-
work increases. With this framework it will be possi-
ble to simulate and visualize Spiking Neural Networks
with piecewise linear functions and to experiment ef-
fectively with new signal forms and learning meth-
ods in the context of computational theory as well as
from the biological viewpoint. Although the use of
other function types is possible in the core parts of
the framework, the current implementation only cov-
ers piecewise linear ones, which seem to be sufficient
for reproducing most computational effects of biolog-
ical neural networks. Nevertheless, piecewise linear



functions also allow an approximation of all function
shapes as closely as needed or wanted, even if there
are more efficient approximations for some function

types.

7 Outlook

Due to the use of discrete event simulation techniques
it might be possible to simulate large-scale neural net-
works with thousands of neurons on standard worksta-
tions, making it possible to investigate the influence of
different function types on the computational power
of spiking neurons. However, future research has to
show that the assumptions we made hold true and
that effects of biological neural networks (such as syn-
chronization between quasi-chaotically firing neurons)
are reproduceable with our model.

Another direction for future research will be the
reuse of components within SNNs. With this new
event based model, some computational elements built
of spiking neurons (e.g. a visual 2D filter modeled af-
ter the cuneate nucleus in the human brain) could be
seen as black boxes with defined input and output
behaviour and used within a larger neural network.
By this way, powerful neural networks might be com-
posed of rather simple components, on one hand en-
abling reuse of elements and on the other hand making
it possible to construct spiking neural networks with
well-known system theoretical methods.
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