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Abstract

Pulsed neural networks are networks of spiking
neurons, which represent an entirely new class of
artificial neurons. Here we present an overview
of pulsed neural networks, including the
structure, function and available training
mechanisms for networks of spiking neurons.
We highlight differences between this model,
“first generation” threshold gates, and “second
generation” sigmoid activation gates, and we
examine current research into pulsed neural
networks and the use of temporal information in
neural processing. Lastly, we summarize our
own research toward the end of using pulsed
neural networks to identify computer users by
the cadence of their keystrokes.

1 INTRODUCTION

Artificial neural networks, being based on the workings of
biological neural networks, can be expected to draw
inspiration from advances in neurophysiology and related
fields. Traditionally, it was believed that neuron
communicated information in their mean firing rate. In
other words, one neuron would receive information from
another by “counting” the number of spikes from that
neuron over some extended period of time and
determining the mean time between firings. Specifically,
a shorter time period implies a higher activation. This
type of information coding is known as rate coding and
has been one of the dominant tools for measuring neuron
activity over the past 80 years of neurological study
(Gerstner, 1999). Correspondingly, a majority of artificial
neural network models have used rate coding, in the form
of real number values representing an activation level.

Recently, new discoveries and advances in
neurophysiology have encouraged new explorations in
alternative information coding schemes in artificial neural

networks. Neurons have been found in the primate brain
that respond selectively to complex visual stimuli after as
few as 100-150 ms after the stimulus was presented. This
information must have passed through approximately 10
layers of processing between the initial photoreceptors
and the neurons that selectively respond to the stimuli.
Given this, it was argued that each individual processing
stage would have only 10 ms to complete and that this
amount of time is insufficient for rate coding as a means
of information passing (Thorpe et al., 2001).

Another information coding scheme must therefore be at
work in the brain, one that may be useful in artificial
neural networks. Codes based the temporal relationship
between the firing of neurons is a promising alternative.
Using such codes it is possible to transmit a large amount
of data with only a few spikes, as few as one or zero for
each neuron involved in the specific processing task
(Thorpe et al., 2001). It is the use and effects of temporal
information coding in artificial networks that will be
examined here.

Section 2 comprises an overview of artificial spiking
neurons, including the main categories of artificial
neurons, a brief overview of the biological basis of the
spiking neuron model and the main benefits and qualities
of using artificial spiking neurons.

In section 3 the model of an artificial spiking neuron is
examined in depth, detailing its structure and functioning,
and introducing the common mathematical model.

Section 4 presents methods for training spiking neurons
and pulsed neural networks, allowing them to learn and
act on temporally encoded data.

Finally, sections 5 and 6 explore possible applications of
pulsed neural nets, including some original work by the
authors aimed at identifying computer users by the
cadence of their keystrokes.



2 OVERVIEW OF SPIKING NEURONS

2.1 Artificial Neuron Generations

Wolfgang Maass (Maass, 1997) delineates past and
current artificial neural network research into three
generations and makes the following observations.

The first generation is based on the McCulloch-Pitts
neuron (also known as a perceptron or a threshold-gate)
as the basic computation unit. Models of the first
generation, such as the multi-layer perceptron, use digital
input and output, usually binary or bipolar. Any boolean
function can be computed by some multi-layer perceptron
with a single hidden layer.

The second generation is based on computation units
(neurons) that use an activation function of a continuous
set of possible output values. Commonly, these activation
functions are the sigmoid, f(x) = 1 / 1 + ¢, or the
hyperbolic tangent, f(x) = (1 — ¢™) / (1 + ¢™). Second
generation neural networks, like first generation networks,
can compute arbitrary boolean functions (after using a
threshold). Second generation networks can compute
certain boolean functions with fewer neurons than first
generation neurons. Also, second generation networks
with one hidden layer can approximate any continuous,
analog function arbitrarily well. Important to many
implementations is the fact that second generation
networks support learning algorithms based on gradient
descent, such as error back-propagation.

The third generation of artificial neural networks is based
on spiking neurons, or “integrate and fire” neurons. These
neurons use recent insights from neurophysiology,
specifically the use of temporal coding to pass
information between neurons. These networks, like those
of the second generation, can approximate continuous
functions arbitrarily well, but with temporally encoded
inputs and outputs (Maass, 1997; Maass, 1999). Further,
there are function that require fewer neurons in a pulsed
neural net to approximate than would be needed in a
second generation network (Maass, 1997).

All three of these generations are simplifications of what
is known about the physiology of biological neurons but
the third generation is the model with the highest fidelity.

2.2 Biological Basis

As was mentioned previously, one of the main impetuses
for considering the use of temporal codes is the speed
with which they can transmit data when compared to rate
coding. Many tasks performed by biological neural
networks are completed in a very short time, often a
period so short that only one firing per neuron could be
sampled. This is demonstrated by figure 1. Note the low
number of spikes from any individual neuron over the
four second period.

Besides the possible speed improvements, biological
systems have other reasons to use temporal codes. Very
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Figure 1: Simultaneous recordings (over 4 seconds)
the firing times of 30 neurons from monkey striate
cortex (Krtiger and Aiple, 1988). Each firing denoted
by a short vertical bar, with a separate row for each
neuron. For comparison, two vertical lines mark a
length of an interval of 100 msec. The time span is
known to suffice for the completion of some complex
multilayer cortical computations (reproduced from
Maass, 1997).

often there is information inherent in the differences in
timing of stimuli perceived by a biological system. In
(Thorpe et al., 2001) a number of natural situations where
this stimuli time differential are presented, including
sound localization where differences in the arrival times
of stimuli to the left and right ear provide a means to
locate the source, and motion perception in the visual
system by means of timing differences between different
photoreceptor responses.

Many biological neural systems not only use temporal
information but do so with incredible precision and
accuracy. For example, the auditory system of the barn
owl has the capability to locate sources of sound in the
horizontal plane with a precision of 1 to 2 degrees. This
equates to a temporal difference of only a few
microseconds (< Sps) between the arrival of sound waves
at the left and right ears (Gerstner et al., 1999).

This ability to learn and act in a dynamic environment,
rich with temporal information, is a necessary quality for
biological systems and for artificial systems that seek to
perform similar tasks.

2.3 Benefits of Pulsed Neural Networks

Speed. As has been presented, networks composed of
spiking neurons can transmit and receive substantial



amounts of data through the relative timing of only a few
spikes. This leads to the possibility of very fast and
efficient implementations.

Real-Time Action. Pulsed networks are designed to use
temporal information and so can integrate readily into
“real” dynamic environments.

Complexity. Pulsed networks can compute any function a
second generation network can and can often do so with
fewer neurons.

Biological Fidelity. Because pulsed networks adhere more
closely to what is already known about biological neural
networks, they can benefit more readily from the rapidly
increasing base of knowledge gained from the field of
neurophysiology.

3 SPIKING NEURON MODEL

Artificial spiking neurons are a fairly new technology,
being used extensively in only the last five to ten years.
Most of the publications regarding spiking neurons still
focus on research rather than implementation. Therefore a
standardized model has not coalesced. Such a standard
may never emerge, because the category of spiking
neurons is already broad enough to include several
important subcategories. Here we describe the most
salient features common to all models and introduce some
of the more important variations.

3.1 Behavior

Let us first look at the behavior of an individual neuron
over time. An artificial spiking neuron has a value
analagous to the membrane electrical potential in a real
neuron, which is typically referred to as its potential or
P,(?) to indicate a potential for neuron v at a certain time ¢.
This potential is equal to the sum of its excitatory
postsynaptic potentials (referred to as EPSPs) and its
inhibitory postsynaptic potentials (IPSPs). The inhibitory
potentials being negative, they tend to lower the resultant
potential. If this potential becomes large enough, it may
pass a given threshold potential, at which point the neuron
will fire (fig. 2); thus they are often referred to as
integrate and fire neurons.
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Figure 2: Potential rising past a threshold and firing. The
neuron will not fire again until the refractory period,
determined by ,, has ended.

3.2 Threshold functions

As mentioned earlier, natural neurons do not usually
exceed a firing rate of around 100 Hz, so clearly the
neuron does not fire at all possible times when its
potential is above the resting threshold. In nature as well

as in the spiking model, a refractory period following

each firing prevents the neuron from firing for a minimum
duration, apparently around 10 msec in a real neuron. In

the spiking model, this phenomenon is mimicked by the

use of the _ function which defines the effective threshold
potential of the neuron. As shown in figure 3, the value of
the effective threshold shoots up immediately to infinity
upon firing, thereby preventing any potential from being
above the effective threshold. After a minimum duration,
called theabsolute refractory periodhe _ function
defines a period where the neuron remains reluctant to
fire, the relative refractory period Figure 3 shows this
function as it would be found in nature, with a slope
delineating the relative refractory period. For the purposes
of much research, however, the approximate model on the
right will suffice. This can simplify calculations for proof
and simulation when the neurons can be assumed to fire
far apart in time, or in other words, the valug(tof t') at

the next firing time will be sufficiently large that,(t - t')

will effectively be 0 in all cases.



customary to define a length of time after which the
response function can be approximated as zero.
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Figure 3: (a) Typical shape of a biological threshald
function. (b) Effective approximation of this functign
(Maass, 1997). %
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3.3 Response Functions Figure 5. Response functions of increasing fidelity |to
natural responses. Time 0 is equivalentstdhe point
'Where each graph ascends is psint

The voltage of one spike arriving at an EPSP over time
modelled below. It has a distinctly non-vertical leadin
edge and a less steep descent thereafter, approachin
volts more and more gradually.

%gch level of fidelity to the natural function shown above
adds more functionality to the network. Maass has proven
that some functions impossible to approximate with type
g A neurons can be handled by type B (Maass, 1997). Since
the pattern here and in the advances of artificial neural
networks in general implies that fidelity to nature
improves capability, we propose the following more
refined model which more closely mimicks the natural

! response function, shown in blue above:
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One spike is generally not enough to cause a postsynaptic nd - T EH
neuron to fire. Biological neurons typically must have
their potentials raised by around 20 mV, while individual 2

spikes change this potential by a few millivolts at most

(Maass, 1997). Therefore to determifg) it is necessary wheret - s’ represents the time since the spike reached the
to integrate the response function for each spik@euron,tend - t represents the duration of the applicable
encountered before tinte This could be a daunting task response function values. This equation effectively

as spikes accumulate over a simulation. Accordingly, it istretches a cosine wave shrunk to [0, 1] onto the range of



all positive numbergt - s’) using a quadratic mapping (b) The effect of several spikes arriving at one synapse
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function of the form

3.4 Weights ) o
where F/ is the set of firing times of neuron u.

As in the models of the previous two generations of
artificial neurons, the input potentid,(t) a spiking
neuronv are mediated by a weigh wherei is the index
of the presynaptic neuron for which thig applies. “i---Y,.

Generally, this is used as a multiplicand with the value of

_(t - s)to arrive at the effective EPSP or IPSP for the s (t—s')
connection fromuy; to v, as it is in the perceptron model. %_ ; Uy n
However, it has been shown that real synapses do not fire Hn e T

in a deterministic manner (Maass, 1997). Rather, the

property represented by owrvalue would be analogous where [ is the set of all input neurons to v.
to a probability of firing at a real synapse. The vesicles

containing neurotransmitters to cross the synaptic ga ) ) )
release their contents completely, yet the release is ng‘ti) Finally, with the effect of weights w:
guaranteed to happen consistently. There are currently

many researchers working with these stochastic networks P (t)= % ;gu,v (t _ s;) W,
i, LT, n i

(c) The effect of spike trains from several input neurons

which are essentially the same as networks known as the
spike response modeFor our relatively primitive
experiments, we treated the weights as deterministic
analog values. 3.7 Information Coding

Clearly the spiking model is fundamentally different than
3.5 Excitatory vs. Inhibitory Neurons previous generations of artificial neurons. Most

In addition to the weight factor, artificial spiking neurons Importantly, the information passed by spikes can only be
‘fhat of the relative timing between them. Thus the passing

can have an excitatory or inhibitory effect on the potentia . . o .
of their output connections. In the inhibitory case,°f useful information across a spiking net requires
‘conversion from other forms (typically analog) to

E(t _S) is simply a negative image of the excitatory temporal data. We will see that some methods of coding
version. Recent research has indicated that neurons in thely on relative timing alone, but that others rely on a
brain normally have one or the other effect on eachynchronized, known time and input interval. While some
neuron which receive their outputs. Therefore, thisof the absolute time dependent models show encouraging

variable can be modeled as a vak,;eNhich is equal to 1 results, real neurons do not have this facility and we can
assume that an effective spiking network need not include

or -1 for a particular neuron. In practice, thik value is  gch apsolute time sensitivity. On the other hand, it has
simply assumed to be part of the | (t —S) response been shown that synchronization of spike trains can be
) accomplished in large populations of neurons and can
v .- . .

function at the synaps<é4, > : facilitate learning of in some networks (Maass, 1999).
The most familiar and intuitive form of coding is known
3.6 Formal Specification for PV (t) as delay coding. Delay coding arises from the observation
that in the natural world, more highly stimulated neurons
Reviewing the variables described above, we can  tend to spike sooner, in addition to more frequently. This
compose the formal definition of the potential value model relies on an absolute time frame, beginning at

P (t) T’ and lasting for a period ¢. From whatever form the

input data arrived, a standard sigmoid or hyperbolic
(a) The effect of one spike traveling from u to v: tangent function must map the input onto the range [0,1].

After this transformation is made, the input X; is

E \—s . .
uv ( ) converted to a time Tm —cx, when the neuron will fire.
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‘ Figure 6: A delay-coded neuron (Maass, 1997).

¢ represents the time interval for valid input and output
spikes. Input spikes outside this time interval are not
considered. Generally, the earlier the presynaptic neurons
fire, the earlier the postsynaptic one will fire. Thus the
first firing of the neuron is determined by the timing and
synergistic coincidence of the input spikes. While it is
possible that the output neuron will spike more than once,

its output is determined by the first. If that time t is

t,
applied to the function v, = I Y, will be a

value in the range [0,1] which can then be reconverted to
the proper output data range.

The binary coding scheme is also based on knowledge of
an absolute time value. In that model, spikes fill out bits
in a numeric value. As small time segments pass, those
segments with a spike occurring are considered to
represent 1; segments with no spikes represent 0.

A count code, where values are represented by the
number of spikes within a given time interval, is also
absolute time dependent.

The last absolute time dependent encoding method is
called the timing code. This depends on being able to
determine very accurately the exact time of fire, such that
each spike could convey a value with information
equivalent to the inverse of the granularity of the
distinguishable time intervals. We did not experiment
with these models, as our interests are in the paradigms
more useful for real-time response.

Simon Thorpe and his team (Arnaud Delorme, Rufin
VanRullen, Marie Fabre-Thorpe) in Toulouse, France, are
at the leading edge of research into spiking networks.
Among many other things, they have inspired the first
commercial product, SpikeNET, a visual-recognition
system. They argue that a system of rank order coding,
where first spikes received by a neuron are given
influence and later ones are inhibited, can deliver an
extraordinary amount of information (Thorpe, 2000). It is
immediately apparent that, as they claim, 10 input
neurons with even just one spike per neuron can arrive in

10! orders. Furthermore, the model of neuronal dynamics
which can accomplish a sensitivity to order is alluringly
simple.

Figure 7: A simple network designed to favor the spike
of the winning neuron (Thorpe, 2000).

In this model, neuron I inhibits neuron N. Therefore an
accumulation of spikes which activates N will at the same
time tend to activate I, whose inhibitory factor will
decrease the likelihood that later spikes will cause N to
fire.

Other significant research into proving qualities of
various classes of spiking networks and exploring
learning behaviors is being done at the university in Graz,
Austria, by Wolfgang Maass, Berthold Ruf, and Heinrich
Schmitt. The field is still very young but there are already
many promising avenues to explore.

4 LEARNING

4.1 Unsupervised Learning

Much of the research into learning algorithms for pulsed
neural networks has been focused on unsupervised
learning. The aim of these algorithms is to allow the
network to self-organize and eventually learn to
discriminate between input patterns with no explicit
identification of those patterns. This is precisely how
biological networks learn. There is no outside force
instructing the brain as to how it should react to each
input that is presented to it. Rather, through interactions
internal to the brain, the outputs of the brain become
appropriate for the given inputs, it learns.

Perhaps the most studied and developed is the Kohonen
Self-Organizing Map (SOM) (Kohonen, 2001). Kohonen
proposes that the “feature map” created by the SOM
algorithm can be used for preprocessing patterns for
recognition or to project and visualize high-dimensional
signal spaces on a two-dimensional display. Further,
Kohonen states, “As a theoretical scheme the adaptive




SOM processes, in a general way, may explain the
organizations found in various brain structures”.

®

Figure 8: Spikes at synapd#, VJand potential of neuro
v during a learning cycle. In (a) the first spike wfis
sufficient to makev fire before the second spike of in
(b) the firing ofv is determined by two spikes af
(reproduced from Ruf and Schmitt, 1997)

Very basically, the SOM is an array of nodes, each node
having a neighborhood of other nodes. In the learning
process “those nodes that are topographically close in the
array up to a certain geometric distance will activate each
other to learn something from the same input x. This will
result in a local relaxation or smoothing effect on the
weight vectors of neurons in this neighborhood, which in
continued learning leads to global ordering” (Kohonen,
2001).

Self-organizing maps are traditionally applied in neural
networks of the second generation. That is, the
information is encoded as real values representing an
average rate of firing of a neuron. Recently, self-
organizing maps, similar to those developed by Kohonen,
have been implemented using networks of spiking
neurons. Ruf and Schmitt propose a such a mechanism for
unsupervised learning in networks of spiking neurons
(Ruf and Schmitt, 1998). This model is a further step
toward biological reality in that it combines the spiking
neuron model with biologically plausible self-
organization. This implementation benefits from those
qualities of spiking neurons presented in section 2.3, most
specifically speed of computation. In the self-organizing
map, a group of neurons compete with the winning
neuron inhibiting the response of the other competing
neurons. With a spiking neuron the winner can be
computed quickly and locally, based only on single firing
events.

4.2 Supervised Learning

Supervised learning has a long and very well studied
history in artificial neural networks. Early training

methods for single layer networks include Hebb learning,
perceptron learning, and the delta rule.

Hebb learning increases weights between neurons when
both neurons are “on” at the same. This type of learning is
one of the most simple and is originally based on biology,
where this type of weight strengthening is thought to play
a major role in learning. An extended version of the Hebb
rule also strengthens weights when both neurons are “off”
at the same time. This addition makes the algorithm more
computationally powerful. The Hebb learning algorithm
is applied once to each training vector and then halts.
Training any more than this would have no effect.

The perceptron learning algorithm is more powerful than
Hebb learning. It has been proven to converge to the
correct weights if they exists for the given network
configuration and problem domain. This algorithm
updates the weights only when the network makes an
error in classification. In the case of an error the weights
are changed in proportion to a learning rate to correspond
more closely to the correct answer. Perceptron learning is
repeated on training vectors until no weights change.

The delta rule seeks to minimize the difference (error)
between the real value output of the network and the
target value. This differs from the perceptron learning
algorithm, which placed a threshold on the output to
determine if the network responded correctly or not.

Training using the delta rule is conducted until the error in
the output is less than some threshold value.

For multi-layer networks the most successful and studied
learning algorithm, by far, is error back-propagation. This
algorithm is applied to feed-forward networks of neurons
which have non-linear activation functions. The error
between the output of the neurons and the target values is
propagated backward through the network to adjust the
weights of earlier connections. This method of learning is
a form of gradient descent, seeking the lowest point in the
error landscape.

Because Hebbian learning is biologically based, it is a
natural candidate for application to pulsed neural
networks. Ruf and Schmitt have presented such an
application in a model of learning based on the
differences in timing of the spikes of two neurons (Ruf
and Schmitt, 1997). By looking at the time difference
between two spikes, just one spike from both the
presynaptic and postsynaptic, the benefits of using spiking
neurons can be maintained. Normally, learning would
occur only after an average rate of firing was determined,
as in the learning methods described above for the first
two generations of neural networks.

The Hebbian-type learning rule proposed by Ruf and
Schmitt to change the weight w,, from a presynaptic
neuron # and postsynaptic neuron v is

Awu,v = n(tv - t())



where ¢, is the firing time of the postsynaptic neuron and
ty is the second firing time of the presynaptic neuron (¢, is
the first firing time of neuron u), and 1 is the learning
rate. If the second firing of u, f), occurs before the firing
of v (t, — tp > 0) then the weight between them, w,,,
should be increased. If the opposite occurs, ¢, is before ¢,
the weight should be decreased. This is shown by figure
8, which compares these two cases.

The assumption is that the first firing of the presynaptic
neuron, u, is intended to make the postsynaptic neuron, v,
fire at time ¢y, along with the second firing of u. So, the
firings of the presynaptic and postsynaptic neurons are to
be synchronized and the network will have learned to
output the desired spike train when given a specific input.

The above method includes only one presynaptic and one
postsynaptic neuron. In most situations, however, a
postsynaptic neuron will have many presynaptic neurons
contributing to its activation. In this case the weights
could still be learned in the same manner, but the
postsynaptic neuron could only receive input from only
one presynaptic neuron at a time. The weights in this case
would be learned serially.

The weights can also be learned in parallel through an
expansion of the above method. The postsynaptic neuron
in this case is induced to fire at some time ¢y by way of an
additional synapse with sufficient weight. The weights
Wwyiy on the synapse from neuron u; to neuron v are
updated by the following rule

Awui,v = n(t() - ui)

where t,; is the firing time of neuron u;. Further, the
weight vector must be normalized after each application
of the learning rule.

S IMPLEMENTATION OF LEARNING

Our implementation of supervised learning with a spiking [ ]
neuron, like that presented by Ruf and Schmitt, is based

is increased above 1 or decreased below 0 it is set to 1 or
0 respectively. Over time, this rule leads to neuron v firing
at desired times and remaining inactive at other times.

Because training in this way only occurs when the
postsynaptic neuron fires it is crucial that the neuron
always has a chance to fire, even when the initial weights
for its synapses are very low. There are two ways to
ensure that a neuron always has at least some chance of
firing. The first is to have a dynamic threshold. When the
neuron fires the threshold is increased by some value.
Over periods of inactivity the threshold is decreased. So,
if a neuron does not fire for an extended period of time
the threshold will lower enough such that it begins firing
and hence learning. The second method is to have a base
firing rate that the neuron maintains even when it receives
no activation. In this case also the neuron has a chance to
learn periodically even though it may not be receiving
enough activation due to low weights. This base firing
rate exists is known to exist in biological neurons. In this
case we chose to implement the first method, a dynamic
threshold.

b)

c)

on Hebbian learning. That is, synaptic weights are

increased when both the presynaptic neuron is active
the time that the postsynaptic neuron produces a spikg
The weights in this case are initialized randomly in the

range from 0 to 1. The rule for the change of weight
from neuron u; to neuron v whenever neuron v produces a
spike is

Awui,v = ’7 gu(t_ tJ X

where 1 is the learning rate, £,(¢ — ¢,) is the response of
neuron u at the time, ¢, that neuron v fires, and x is an
indicator of whether the spiking of neuron v is desired at
this time. If the spiking is not desired, X is —1, otherwise it
is 1. In other words, the weight of the synapse from u to v
will change by an amount proportional to the contribution
of neuron u at the time of firing and will be positive if the
spiking is desired and negative if not desired. If a weight

&

Figure 9: Three types of rhythms used in training. a)

input and a low frequency spike train on the second

b) A training set where the inputs are either

first input regularly occurs shortly before or shortly
after the second.

The top shows a high frequency spike train on the fir
input. Below this is the opposite. Correspondingly, th
first output neuron should spike for the top set and th
second output neuron should spike for the bottom se

synchronized or not. ¢) A training set where either thg

—

b
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A set of simple test data was constructed to evaluate the
learning rule above. Earlier generations of neurons, based
on rate coding, often use simple functions of two inputs to
test neural models and learning, such as the logical AND,
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Figure 10: Top: Action potential of two output
neurons while training on frequency rhythms. A “1” at
the top of the graph signifies that a high frequency
input is being given on input one and that output one
(blue) should be more active. A “2” signifies that the
opposite pattern is being presented and that the secq
output (green) should be more active. The dashed lin
represent the dynamic thresholds of the output neurd
Bottom: The corresponding spikes of output one and
two. A vertical line is one spike, blue for 1 and green
for 2.

nd
es

OR and XOR functions. We sought to create equally

simple functions based on temporal coding.

5.1 Rhythms

We developed three “rhythms” to test the presented
supervised learning algorithm for spiking neurons. The
networks in this case are composed of two input neurons,
which receive the rhythmic sequences of firing, and two

output neurons, that will fire to signal which rhythm

is

being presented. The three rhythms are based on the
relative frequency of spikes, the synchrony of spikes, and
the relative timing of spikes. These rhythms are presented

graphically in figure 9.

Figure 11: Top: Action potential of two output

neurons while testing after training. Bottom: Spikes
generated by output neurons. The question marks
signify that the network does not know which output i
is expected taoprovide.

5.2 Results

The graphs in figure 10 show the results of training a
network of spiking neurons with two inputs and two
outputs using the frequency based rhythms as training
vectors. In the case of a high frequency spike train on the
first input and a low frequency spike train on the second
input the first output neuron should be active, that is, have
a higher action potential and spike more often. In the case
of the reverse the second neuron should be the more
active.

You can see that after one a few presentations of data the
appropriate neurons begin to fire when presented with the
frequency patterns. While encouraging at first this result
is actually misleading, as is shown by figure 11. These
graphs show the response of the network after it has been
trained and the weights are stationary. The network was
presented with the same frequency rhythm data that it was
trained on. You can see that one neuron is continually



active while the other hardly responds at all. The
promising results during training were actually created by
the changing of the weights and not the weights
themselves. Each time a neuron is supposed to respond its
weights are increased, hence making it respond more.
Correspondingly, when it is desired that a neuron not fire
its weights are decreased. This occurs each time that a
pattern is presented. The network is small enough such
that it can respond to these changes rapidly enough that it
produces the correct responses for most of the time.
Because the second neuron (graphed as green) was the
last one to be trained positively during the learning
sessions, it is the one that responds to the inputs in the
testing set.

6 SPIKING NETWORK SIMULATOR

In order to experiment with and observe the dynamics of
spiking nets, we created a Windows application which
facilitates the creation of a pulsed neural network and
provides rudimentary input and output resources. A
screen shot is given below.

i wrtitond - fpdking Nl Hebmork 5 melstor
Hetwork [t Qats B bel

The simulation shown above was from a layer of seven
input neurons to two outputs. The potentials of the two
output neurons are recorded by the scrolling graph at the
upper right.

Each input neuron may be fired by pressing an
alphabetical key, where the letter “a” is mapped to the
first neuron in the layer, “b” to the second, and so on.
This was the chosen input method because (1) there
needed to be a sensible way to interact with the input
layer in real time, and (2) we were curious as to the
capabilities of neural nets and especially spiking nets to

recognize users by the rhythm of their typing.

Target outputs are chosen by pressing a numeric key “1”
through the number of neurons in the output layer. This
target was then trained while the simulator ran by our
pseudo-Hebbian algorithm which will be described
shortly.
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The networks that can be created on the simulator are
highly configurable. Individual neurons may be added at
any time and connected by dragging the mouse from the
source neuron to the destination. New layers can be added
en masse, with the options partially shown in this box:

I Layer
Mumber of neurons: 12
Input connections: all =
Input range: 1]
Input layer: 9 =

Competing connections: | -

FIonE:

all
within range

Cancel |

Competing range:

o]

Each layer can be connected to any of the previous layers
where each neuron is connected to either all, none, or only
those neurons which are in a range of the relative position
of the destination neuron in its layer. Competing
connections (connections within the same layer) can also
be specified in the same manner. All competing
connections are made inhibitory by default. This would
allow us to experiment with Kohonen map-style self-
organizing learning.

While training, neurons in the display window show their
relative potentials as a shade of yellow and flash red when
they fire. The coincidences of rhythm between neurons
and the general activity level of each neuron is thus
immediately visible.

Each of the dynamics of our learning model were
configurable by the control panel on the right. The
following shows our default experimental starting points:

Fire duration [ticks]: |50
1.000000

Drefault threshold:

Threshold boost: IW
Threshold decay: IW
Learring rate: IW
‘wheight decay: IW

Apply |

Reset |




The default threshold is given as a multiple of the
maximum response function voltage. The threshold boost
is a factor applied to neurons when they fire, partly to
make up for their eventual loss of resistance through the
periodic threshold decay, but partly to reduce their
sensitivity when overstimulated. It is our observation that
biological neurons consistently find a middle ground
between not firing at all and firing at their maximum rate.
Since neurons, like all cells, are essentially autonomous
entities within the protection of the environment held
constant by the body around them, it seems sensible that
their gravitation toward the middle ground of firing (30-
50Hz) is critical to their health. The learning rate is the
n found in our learning equation,

Whew™= Woid + n gu(t - tJ X

where ¢ is the target value and € represents the strength of
the EPSP at the time of firing.

The simulator was used to verify the MATLAB results as
per learning rhythms as well as to get immediate results
with various experiments. Many configurations of
network were tried and trained within a short period to
gauge their abilities to learn. Though our nets did not
realize a satisfying learning achievement, we ourselves
learned to recognize many unpredicted dynamics of
spiking nets through the observations of our data. The
program is available at

http://www.cs.rit.edu/~ccm2451 /pub/snn.exe

for anyone who is interested in using it.
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