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Abstract

We propose a spiking neural network model that is inspired from an oversimplified general
structure of Iger IV of the corte&. The neuron model is an integrate-and-fire model whose
threshold changes depending on its firing agtiiéiring activity of neurons in combination with
interactiviy between them creates a highllynamical self-organized process. The spiking
activity, the neuron’s threshold that changes depending on the firing yadcivit the time of
stabilization of the proposed network can be used to represent its complex behavior. We
experimentaly show that this representation of the complex behavior of the network can be used
to characterize spatio-temporal information of input patterns. Also, a new paradigm for novelty
detection g the spiking neural network is proposed. The stabilization time of the neural network
is used as a criterion for nowelletection.

Through a comparison stydvith other networks as Hopfield, backpropagation and DYSTAL
network, we show that the proposed network yiaid a comparable performance with that of a
backpropagation network and a Hopfield network for ayndigit recognition task. Furthermore,
grouping and creation of sets ghshronized neurons has been observed. The sets depend on the

input patterns. This suggests that patterns detection and recognition could be performed based on
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the grouping and on the synchronization of the spiking neurons. This work is a possible bridge
between nonlinear dynamical systems and neural networks applications in spatio-temporal pattern
recognition.

Keywords:. Integrate-and-Fire neurons, Spiking neural networks, Spatio-temporal patterns, Self-

organization, Cortical networks, Synchronized neurons.

1 INTRODUCTION

The processing or the recognition of non-stationary noisy process with Neural Networks is a
challenging and yet unsolved issue. Most of the contemporary pattern processing or recognition
techniques assume that the pattern or the time-varying signal to be recognized is stationary.
Furthermore, in red life applications, the information is most of the time corrupted, partia or
noisy (image, speech, etc.). Therefore, the pattern recognizers have also to be robust.

Among the many neural network systems that are reported in the literature, we can find
neural networks with complex behavior or oscillatory dynamics. We are interested in evaluating
such neural networks as potential recognizer systems of non-stationary noisy processes. In the
present work we propose a spiking neural network and a first evaluation by comparing with
standard networks on a novelty detection task of noisy digits.

Representation of information in the nervous system has often been considered as being
contained in simultaneous discharges of alarge set of neurons. How does a neural system use that
kind of information representation while performing learning and pattern recognition ? Recent
studies on nonlinear cooperative complex dynamics in neural systems provide various kinds of

models that describe the cooperative behavior such as synchronization and chaos (e.g., [5], [6],
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[7], [11], [13], [14], [24], [26], [27]). Especidly, a vauable overview on some principles for
information storage and retrieval based on oscillations in dynamical systemsisgivenin [25].

In the field of modeling information processing in biological neural systems, many works
are focused on networks of spiking neurons. Experimental evidence has accumulated during the
last years which indicates that many biological neural systems use the timing of single action
potentials («spike») to encode information ([12], [21], [22]). The timing of individual potential
activity plays a key-role for computations in networks of spiking neurons. It is demonstrated in
[20] that networks of spiking neurons are computationally more powerful than other neural
network models based on McCulloch Pitts neuron (i.e. threshold gates). Another work [19]
suggests the use of action potential timings to encode analogue information and propose time-
delay networks to process this representation. Such a coding scheme has a great computational
power and a better speed in comparison with networks using an «instantaneous rate» coding of
variables.

Synfire chains have been proposed as a mechanism for neural information processing in
the cortex [1]. The formation of synfire chains through a biologically plausible self-organizing
mechanism is investigated in [15]. A network model of cortical neurons capable of learning
synfire chains by introducing a Hebbian learning mechanism is proposed. However, this type of
network is unstable against the formation of long synfire chains. Other works ([16]) developed
neural models to study the spatio-temporal pattern generation properties in a simulated «cortical
neural network». The model uses integrate-and-fire neurons as elementary units. Furthermore, the
topology is inspired from that of layer IV in the cortex. Although this model helps to observe the
evolution of spatio-temporally organized activity in a simulated cortex, the learning rule is not

proposed.
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We propose an unsupervised spiking neural network model that is inspired from the
simulated cortical neural network. The model uses a global controller to regulate the firing
activity of anetwork of spiking neurons. The system dynamics and the self-organizing process are
complex and difficult to characterize. The dynamics are sometimes periodic or non-periodic. One
of the objectives of the present work is to explore the usefulness of the network to perform
novelty and pattern recognition tasks without any a priori knowledge of the exact dynamics and
characterization of the mathematical properties of the network. In fact, it is difficult to find the
relation between the stimulus input and the convergence of the network towards specific
“attractors'. Furthermore, there is no universal agreement in the scientific community on the
techniques that can be used to characterize such properties. Therefore, we propose the use of the
stabilization time of the complex system as a criterion for novelty detection. When input is
similar to one of learned patterns, the network reaches an equilibrium state very quickly. In
contrast, when input is not too similar from any learned patterns, the time of stabilization of the
network is longer. In addition, a performance comparison with other networks such as the
Hopfield, backpropagation and DY STAL networks for a noisy character recognition task is
presented.

The paper is organized as follows: Section 2 describes the neuronal model, architecture
and learning mechanism of the network model. Empirical studies of the self-organizing activity of
the network model are given in section 3. Section 4 introduces the novelty detection paradigm
based on the stabilization time of the network. The present work is discussed and future directions

are suggested in section 5.

2 NEURAL NETWORK MODEL
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21  Neuronal Model
The neuron model is inspired from the integrate-and-fire neuronal model proposed in [16]

with refractory period and post-synaptic potential decay. The state of the neuron (S) at timet, is

deterministically modeled by a control potential, Ui(t) as:

. _ [D if (t -tspike) < P,
SO=0Um-a] otherwise, @)

where @ isthe threshold and H is the Heaviside function defined as H[x] = 1 for x > 0 otherwise
H[x] = 0. The vaue tgike represents the last firing time for unit i, p is the absolute refractory

period. pisthe period during which the cellular biochemical mechanisms cannot generate another
signal regardless of the strength of the stimulation.
The control potential U;(t) is defined as:
Ui(t) =Ui,int+ Ui ,ex(t) 2
where Ui is the resting potential and is constant, U; eq(t) is the external potential. The external

potential U; ex(t+1) is defined as the integration of all afferent postsynaptic potentials at timet:

Ui,ea(t +1) = ¥ Ci(t)S(1) + eUi, ex(t) +&(t) &)
J

where the indices i and j characterize the neurons, Cj(t) is the connection strength, and &(t) is the
external input signal. The external potential decays following the first order kinetics x with 0 =
exp(-In(2)/k). It is aso reset to the value rest (0) after a spike.

In order to take into consideration the influence of the firing activity into the neuron’s

behavior, we introduce a variable threshold in equation (1). The threshold At) is defined as

6(t) = bi(t) - a(t) @
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where g;(t) and bi(t) are factors that respectively correspond to firing and non-firing activity of the
neuron. At each instant, if the neuron fires the firing factor g(t) is increased. Otherwise, the non-
firing factor bi(t) is increased. In other words, if the neuron fires its threshold will decrease
(Equation 4). This facilitates the neuron firing activity. In contrast, if the neuron does not fire, its
threshold is increased, therefore it becomes less excitable. Therefore, the neuron’s threshold is
quite dependent on its firing activity. Thesé) andb;(t) factors are updated during simulation
course as follows:

a(t+1) =ai(t) + Aai(t)(@— a(t)) (5)

bi(t +1) =hi(t) + Abi(t)(1— bi(t)) (6)
where/ is the update ratey(t) andbi(t) are initialized by a positive fixed value smaller than 1.

From equations 5 and 6 one can realize that the fag{Qrandb;(t) evolve in time according to a
logistic function. The amount of change for these factors is proportional to their derivative. The
expressiona(t)(1-a(t)) is the derivative of the logistic functioalt) = 1 / (1+exp(-t)). It is
important to note that these factors are updated only when the neuron is not in its refractory

period.

2.2  Network Architecture

The network architecture is inspired from an oversimplified model of cortical layer IV
([26]). This model defines a single two-dimensional sheet of excitatory and inhibitory neurons
with recurrent connections. The layer consists of two populations of neurons interspersed within
the plane. These neurons are positioned according to a space-filling pseudo-random Sobol
distribution. In our model, each neuron has a set of interconnections chosen according to a square

neighborhood, centered on the neuron itself. Excitatory and inhibitory neurons can have different
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neighboring radius. In fact, the neighboring radius is a variable parameter. From this topology, we
can say that the model has an interactivity at local level between neighboring neurons. In order to
take into account interactivity at global level (between all neurons in the network) we introduce a
global controller (Figure 1). With this approach, a self-organizing evolution arisen inside the
network will be aresult of interactivity at both levels: local and global.

The global controller is actually atrigger whose state is either active, i.e. firing, or inactive
depending on a control mechanism. The control mechanism is based on a threshold for the total
number of firing neurons. Whenever the number of firing neurons at time t is above the
threshold, the global controller fires and generates a negative feedback signal (-1) to every neuron
in the network. Otherwise, if the number of firing neurons is below the threshold, the global
controller generates a positive feedback signal (+1). Thus, the globa controller regulates the

network activity at aglobal level. With afeedback signal h (h =-1 or +1), equation (3) becomes:

Ui,ea(t +1) = ¥ Ci(t)S(1) + Ui, ea(t) + & (1) + Gi(B)A(1) ™
J

Gi(t) is the connection strength between the global controller and neuron i.

Figure 1. The network architecture: Samples of neighboring connections of excitatory (a) and
inhibitory (b) neurons with radius equal 2 and 1 respectively.

2.3  Learning Mechanism
In the proposed model, there are two kinds of coupling: one is between neighboring
neurons and the other is between the global controller and all neurons. The coupling weights

between a pair of neurons are updated according to arule proposed in [23]:

Ci(t +1) = Ci(t) +aCi((1-Ci(t)SM)S)/ )  Ci(t) ()
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where a isthe learning rate.
The coupling weights between each neuron and the global controller are updated
according to:
Gi(t +1) =Gi(t) + £Gi(t)(1- Gi(t))S(t)h(t) 9)
where Gi(t) is the coupling weight of the neuron i, S is the update rate and h(t) is the feedback

signal from the global controller.

The coupling weights of the network (C;(t), Gi(t)) are updated as soon as the network is
stimulated by an input signal. At each instant, the coupling weights of a neuron are updated if this
neuron fires. It also receives a feedback signal from the globa controller. The later is either
negative (-1) or positive (+1) depending on the number of firing neurons above or below the
threshold of firing neurons. The network is considered to reach a stable state when its local
coupling weights Cj(t) do not change anymore or when they change in a very small given range
(example 0.001). There is no difference between "training” and recognition (or novelty detection),

the "training" is always performed except when the network is considered to be stable.

3 SELF-ORGANIZING ACTIVITY

In this section, we study the behavior and dynamic characteristics of the network model in two
following situations: when it is stimulated by only one stimulus and when it is stimulated by a

sequence of stimuli.

3.1  Simulation Conditions
A set of 0-9 digits was used as a pattern set. Each digit pattern was coded by using a 7x5

binary pixel matrix (Fig. 2). In order to test the robustness of the network, a set of noisy patterns
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(Fig. 2, columns 2, 3, 5, 6) obtained from the origina patterns (Fig. 2, columns 1 and 4) was aso
used. The noisy patterns were created by adding noise to the original pattern images. In other
words, given an amount of noise (by percentage), a fix number of pixels in the patterns were
changed. The pixels to be changed were randomly chosen with a uniform probability distribution.
In this experiment, with a 20% of noise, 7 pixelsin each 7x5 pixel image had their value changed.
Though the pattern images used herein were binary images, the network can manipulate analog
images (i.e. real numbers can be manipulated by the network).

Figure 2. Patterns of 0-9 digits (columns 1 and 4: clean digits; columns 2, 3 and 5, 6 with 20%
noise).

We used a 7x5 dimension network with 70% of the population being excitatory neurons
and the remaining 30% being inhibitory neurons. The neighborhood radius was 2 for excitatory
neurons and 1 for inhibitory neurons. The neurons are numbered (1 to 35) from left to right and
from top to bottom in the network plane. The pattern image was positioned at the center of the
network plane. Thus, every i neuron covered by the pattern image received an input signa g(t)
from its corresponding pattern image pixel. Uncovered neurons received an input signal equal to
0. The network’s parameters were initializeda@® = 0.1,b(0) = 0.1,U; = -3.0,k = 3.0,p = 3.0,
a=0.2,=0.2,4=0.1, and the threshold for the number of firing neurons was 50% of the total

neurons. The connection weights were initialized randomly in a range from 0 to 1. Time was

discrete and measured in 1-iteration units.

3.2  Sdf-organization with oneinput pattern

3.2.1 _Stabilizing activity
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The state of the network during the self-organizing phase cannot be analyzed by means of
asimple algorithm. When patterns are introduced into the network, it is activated and it shows a
complex behavior. Then, the network reaches a stable state where the connection strengths
changein avery small range. In order to better understand the dynamical behavior of the network,
we studied the evolution of the connection weights during the learning phase. For ssimplicity, the
maximum value of the change in connection weights at each instant is used to characterize the
stabilization. That value is defined as the maximum weight difference m:

m=max{| Ci(t +1) - Ci(t) [} foral i, j. (10)

Hereafter, we use the maximum weight difference m as a representation of the dynamical
evolution of the network. We will refer to m as being the maximum weight distance.

The evolution of the weight distance (m) of the network after being stimulated by the
digits 0 and 2 respectively is not similar (Figure 3). The same initial conditions are used when
presenting digit 0 or 2. We can identify a learning period during which the maximum weight
distance is high and pseudo-oscillating. After an interval T, that distance does not change any
more or in avery small range. Thus, we consider that the network reaches a stable state and that
the learning or recognition were completed. When performing the recognition, the network

should provide the same response pattern for several similar input patterns.

Figure 3. Maximum weight difference m evolution when one input pattern is presented: a) digit 0
and b) digit 2. The same initial conditions are used before presenting the stimulus.
In order to observe the organizing behavior when a pattern is presented many times to the

network, we introduced the digit O five times to the network The network reaches a stable state

after 660 iterations for the first presentation of 0. Then, after each subsequent presentation, a
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stable state was observed after 11 iterations. The same experiment was reproduced with digit 2
where the network reaches a stable state after 768 iterations for the first presentation, and then 11
iterations for the subsequent presentations. Therefore, the network seems to have a good ability of

adaptation by self-organization.

3.2.2 Firing activity

For spiking neural networks, the firing activity of all neurons can be considered as a
spatio-temporal pattern with an explicit temporal structure. Also, for the proposed network, its
spiking activity can be observed through the firing phase of the neurons, the firing rate and the
threshold. The set of neurons covered by the digit O or 2 has a synchronous firing activity (Fig. 4a,
b). The spiking neurons have the same firing phase and firing rate. The threshold of these active

neurons is low (@ = -0.9). The other neurons remain in silence with a high threshold 8 = 0.9

(Figure 53, c).

Figure 4. Spiking activity of the network after being simulated by: a) digit 0 and b) digit 2
respectively.

Figure 5. Thresholds of the network after being stimulated by: a) digit O only; b) digit 0 and 2
sequentially, c) digit 2 only; d) digit 2 and 0 sequentially. Each value correspondents to the
threshold of each neuron after stabilization of the network.

These observations suggest that the cells that fire synchronously with a lower threshold &

belong to the same set. That set of cells can characterize the input patterns. In other words the
cells that do belong to the same set (i.e. "object”) fire collectively and synchronously. In some
sense, one could refer to synfire chains formed through a biologically plausible self-organizing

mechanism. Also from this experiment, one can see that the network has different final spiking
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patterns when it is stimulated by different input patterns. Depending on the input stimulus, the
self-adaptation mechanism will generate different sets of synchronous cells. Another plausible
interpretation is that the network has different final attractors whose nature depends on the input
patterns. Thus, the network might be a multiple attractor system in the sense of non-linear
systems. The self-adaptation mechanism "facilitates’ the apparition of specific attractors
depending on the input stimulus. We postulate that the spatio-temporal distribution of the

synchronous cells with alow threshold characterizes the input patterns.

3.3  Sdf-Organization with a Set of Input Patterns

In the previous experiments, only a single pattern was used to stimulate the network and
the connection strengths were randomly initialized. However, we need to understand the behavior
of the network when a set of different patterns is sequentially presented as input. There will be no

weight initialization between successive presentations of input patterns.

3.3.1 Experiment 1:Self-organization into sets of firing neurons

First, the network was stimulated by digit O. It oscillated and reached a stable state after
660 iterations. Then digit 2 was presented to the network that oscillated and reached another
stable state after 748 iterations. The threshold of all neurons was reset to the same initial value
before presentation of the pattern digit 2 to the network. The threshold of al neurons at final state
is given in Figure 5b. Figure 6a shows the spiking activity during the transition phase from 0 to 2
(60 iterations before and after presenting digit 2).

Figure 6. Spiking activity of the network after being stimulated by : a) digit 0 and 2 sequentially,
b) digit 2 and 0 sequentially.
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Neurons that are not covered by digits O or 2 remained silently (with & = 0.9000).
Neurons covered only by digit O synchronized with a firing time lag of one time unit (set 1,
neurons. 7, 12, 20, 22, 25, 27 and 30, with 8 = -0.8910). Neurons that were covered
simultaneously by digits 0 and 2 also synchronized and the firing phase is not affected by the
presentation of digit 2 (set 2, neurons: 3, 4, 10, 15, 17, 33 and 34, with 8 = -0.9000). It is likely
that the learned pattern (digit O) is still stored in the network and is not destroyed by the
presentation of a new pattern. Neurons that are covered only by digit 2 can be separated into two
sets (set 3 and set 4) based on their firing phase. Neurons belonging to set 3 (neurons 19, 31 and

32 with 8= -0.8708), have the same firing phase as those of set 2 while the neurons from set 4
(neurons 2, 6, 18, 21, 26, 35, 8 = -0.8813), have a firing phase different from all other sets. It is
likely that the synchronization of spiking activity into setsis a result of the continuous change of

the threshold & during simulation time.

In a second experiment, we used the sequence of digits 2 and 0O to stimulate the network
with the same initial conditions. In contrast with the previous experiment, digit 2 was presented
first and then digit 0. The stabilization times corresponding to digits 2 (768 iterations) and O (572
iterations) were different from those of the previous experiment (660 iterations for digit O and 748
iterations for digit 2). The network’s threshold and spiking activity are given in Fig. 5d and 6b
respectively.

The set of neurons that are common to digit 0 and 2 (neurons with the same(ijpfart
digit 0 or 2) is unchanged and the firing activity does not seem to depend on the sequence
presentation (set 2 neurons). The set of neurons that was labeled set &({)sdutor digit 0)

splits into two sets: The main set comprises neurons 7,22,25,27 and 30 and the secondary set
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comprises neurons 12 and 20. Sets 4 and 3 (input g(t)=1 for digit 2) merge also into a main set
(2, 6,18,19,21,26 and 32) and a secondary set (31 and 35). In fact, the presentation of digit O
introduces a time unit delay for neurons 31 and 35 in comparison with neurons from the main set.

It would be possible to perform the recognition based on the sets of firing neurons, as
neurons from set 2 characterize digits 0 and 2 and the grouping of firing neurons into sets depends
on the stimulus sequence order.

The network has a time-dependent activity. Indeed, its complex behavior is a
result of time-dependent changes in network states. Each state of the network depends on its
previous states. It means that if a stimulds then “B” is presented to the networkA™ will
produce a change in network states as a result of time-dependent dynamical behaviors and
stimulus ‘B” will then produce a pattern of activity that represerds pgreceeded byA”, rather

than simply B". Therefore, the network has the ability to process time-dependent patterns.

3.3.2 Experiment 2: Sequence of five stimuli

A set of 5 patterns (digits 0-4) is used as training patterns. Each pattern was presented
sequentially to the network. However, the manner of which pattern set was presented to the
network is not the same as in the previous experiment. Each pattern was presented during a fixed
time intervalZ. A new pattern is presented whether the network reaches a stable state or not. In
other words, we did not wait that the network reaches a stable state in order to introduce a new
pattern. A new pattern is presented whenever the time int&ngabver. If the stabilization time
Is shorter thaZ, a new pattern is then immediately presented.

We fixedZ to be equal to 200 iterations. The 5 digit patterns [0-4] were presented to the

network many times. The stabilization time interval of the network when the set [0-4] has been
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presented 20 times (i.e., 100 presentations of digits) to the network is reported on figure 7. For
the first 25 digits presentations, the network could not reach any stable state during the time
interval Z. Then, the network began to enter in a learning phase where the stabilization time is
shorter than Z. After 60 presentations, the network locked into a recalling phase where it reaches
stable states in a very short time (11 iterations). In this phase, the network recognized the input
sequences.

As in the previous experiment, sets of synchronized neurons are observed. Figure 8 isan
example of the spiking activity of the network. Based on the firing phase we can divide neurons
into four sets: set 1 (neurons 2, 6, 10, 15, 18, 20, 27, 28, 30, 31, 32 and 33), set 2 (neurons 3, 7,
12, 13, 22, 23 and 24), set 3 (neurons 4, 19, 25, 26 and 34) and set 4 (neurons 8, 9, 14, 16, 21, 29
and 35). As for the previous experiment the sets of firing neurons do change depending on the
stimulus sequence presentation. It should be noted that this phenomenon is observed in the
nervous systems where it is suggested that the synchronization of firing activity is perhaps a

means to encode information ([4]).

Figure 7. Stabilization time of the network when a set of 5 input patterns (digits 0-4) was
presented 20 times (i.e. 100 presentations of digits).

Figure 8. Spiking activity of the network after being simulated sequentially by a set of five digits
[0-4].

4 NOVELTY DETECTION

4.1  Novelty Detection Based on Stabilization Time of the Spiking Network
For the proposed network model, there is no difference between training and recognition.
Training is always performed except when the network is stable. As soon as signals are presented

to the network, it learns by modifying the connection weights. During training, the network
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oscillates. When changes on weights are too small to modify the behavior of the network, we
assume that the training and the recognition have been completed. The network is then considered
to be in a stable state. The time necessary to reach that state is the stabilization time (or
stabilization interval). We observed from simulation experiments that the dynamical network
could reach a stable state very quickly if the input signal had already been seen. Therefore, we
propose a new paradigm for novelty detection by the oscillating network model.
The paradigm is comprised of two phases:
’ Learning phase: the network with randomly initialized connection strengths is trained
with learning patterns. It reaches a stable state after learning.
. Novelty detection or recognition phase: patterns are introduced to the trained network.
The network reaches a stable state after arelatively small number of iterations if these
patterns have been learned before. Otherwise, it takes a “long” time for the network to
reach an equilibrium state. Based on the stabilization time, novelty detection (or
recognition) can be performed by the proposed neural network model.
In the following, we present examples of this paradigm to novelty detection and recognition

by the proposed neural network model.

4.1.1Experiment 1. Learning digit patterns [0-4]

The learning is performed on various sequences of digit patterns without initialization of
the network between presentations of patterns. In fact, living systems probably do not “initialize”
their networks between stimuli.

The “clean” patterns of digits [0-4] were used to train the network. Each digit was

presented sequentially to the network during 200 iterations. As in the previous section, a new
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pattern was presented to the network after 200 iterations whether the network reaches a stable
state or not. Also, new patterns were presented immediately whenever the network reaches a
stable state before 200 iterations. In this experiment, the set of 5 patterns (0-4 digits) was
presented to the network 20 timesin arandom order.

After completion of the learning phase, we used either the noisy versions of learned digits
[0-4] or a set of “never seen” digits (5-9) to test the ability of novelty detection of the network
(Pattern set in Figure 2). According to the proposed paradigm, we used the stabilizatiboftime
the network during theesting phase to decide whether a pattern has been “already seen” or
“never seen” by the network. A short stabilization time means that the pattern has been already
“seen”. We considered that the stabilization time is short when it is less than 100 iterations.
Otherwise, it is “long”. Hereafter, we refer to the term "recognition" when the input patterns
(clean or noisy) belong to the same class than the clean digits that were used for training. We
refer to "novelty detection” when the input patterns (clean or noisy) do not belong to the same
class than the clean digits that were used for training

The network has a short stabilization time when testing patterns are either the clean or
noisy versions of the learned digits (Table 1). In contrast, the network has a significant long
stabilization time when testing digits have never been seen before. The network made recognition
mistakes on 2 patterns (noisy version 1 of digit 0 and noisy version 2 of digit ) and novelty
detection mistakes on 3 patterns (noisy version 1 of digit 9, noisy version 2 of digit 7 and 9). The
average error percentage is 16.7% (5/30).

Table 1. Stabilization timeT (in iterations) of the network trained on clean digits [0-4], tested on
clean and noisy digits [0-9]
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Digits 0 1 2 3 4 5 6 7 8 9

Clean version 11 | 11 | 11 | 11 | 11 | 595 | 371 | 595 | 371 | 371

Noisyversonl [ 199 | 11 | 11 | 11 | 11 | 283 | 583 | 667 | 371 | 11

Noisyverson2 | 11 | 11 | 11 | 283 | 11 | 667 | 583 | 11 | 667 | 11

4.1.2 Experiment 2: Learning digit patterns [5-9]

Initial training was performed on digits [5-9] and testing on digits [0-9] (Table 2). The
network made more mistakes than in previous experiment: 2 recognition errors and 7 novelty
detection errors. The average error percentage is 30% (9/30).

Table 2. Stabilization time T (in iterations) of the network trained on clean digits [5-9], tested on

clean and noisy digits [0-9]
Digits 0 1 2 3 4 5 6 7 8 9

Clean version 11 | 3997 | 45 |11 2985 | 11| 11 | 11 | 11 11

Noisyversonl | 20 | 1678 | 1799 | 11 1708 |346| 11 | 11 | 11 | 23

Noisyverson2 | 11 | 2593 | 149 | 11 4888|560 | 11 | 11 | 11 | 11

4.2  Comparison with Other Networks

The experiments on noisy digits recognition show that the stabilization time of the
proposed network can effectively be used as a criterion for pattern recognition. Furthermore, a
performance comparison study with Hopfield, Backpropagation and DY STAL networks helps to

evaluate the proposed network for a specific recognition task (for example the novelty detection
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task in this work). Therefore, the goa of this study is not to compare these networks (including
the proposed network) in awide range of pattern recognition.

Hopfield networks are interesting from a theoretical standpoint and can be used for
classification. We used the Hopfield network implemented in the MATLAB package ([8]).
Multilayer networks with the backpropagation learning are most widely used as pattern
recognizers in the field. Multilayer networks under the standard generalized delta rule with
momentum ([9]) were used for our experiments. DY STAL (DYnamically Stable Associative
Learning) is an artificial neura network based on the features of learning and memory identified
in neurobiological research on Hermissenda crassicornis and rabbit hippocampus ([2]).

By optimizing the results of each networks (regarding the same task as in section 4.1) we
defined the architectures: The Hopfield network with a 7x7 matrix of 49 neurons; the multilayer
network with one input layer (35 neurons), one hidden layer (5 neurons) and one output layer (5
neurons); and the DY STAL network with an input layer (35 neurons) and an output layer with 5
neurons.

For performance comparison purposes, we used many more patterns (instead of 30
patterns asin Figure 2). For each digit [0-9], we generated a set of noisy patterns with 20% noise.
Each set of noisy digit comprises 50 patterns. It means that there are 500 noisy patterns for
testing. We performed the same experiments as in section 4.1. The same learning pattern sets [O-
4] and [5-9] were used to train the networks. It isimportant to take into account the fact that each
learning pattern set has only 5 clean patterns (one for each digit). Error rates (in %) with

recognition and novelty detection experiments are reported for each digit in tables 3 and 4.
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Table 3. Percentage of error for recognition and novelty detection: Learning on digits [0-4] and
Testing on digits [0-9].

Digits o123 ,4|5|6|7]8]|9
Proposed network 52 | 34 | 26 | 26 |40 | 0 | 28|14 | 28| 20
Hopfield network 48 50| 30| 60 | 541 20| 4 | 2 |14 | 8

Backpropagation network | 4 | 2 2 14| 0 |70 42| 30| 62 | 66

DY STAL network 0 2 2 2 0|20 12| 0 | 54| 22

Table 4. Percentage of error for recognition and novelty detection: Learning on digits [5-9] and
Testing on digits [0-9].

Digits 0 1 2 3| 4] 5 6 7 8 9
Proposed network 26 |16 |46 | /0| 4 40| 36| 36 | 30 | 30
Hopfield network 10 | O |30 16| O | 58 | 60 | 52 | 48 | 48

Backpropagation network 50 | 36 | 58 | 54 | 42 | 24 | 6 8 | 34| 6

DY STAL network 2 0 | 28|13 | 0| 2 6 | O 6 2

A synthesized result from Tables 3 and 4 is presented in Table 5. In terms of overall error
percentage, the proposed network has a performance comparable to that of the Hopfield network
and better than that of the backpropagation network. However, its performance are still far from
that of the DY STAL network. It isimportant to note that the DY STAL network is well adapted
to systems based on correlation between patterns.  Ongoing works are focused to improve the
proposed network’s performance.

The Hopfield neural network is a better novelty detector in comparison with the other

networks. The DYSTAL and backpropagation networks exhibit better recognition rates than
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novelty detection, while the proposed network yields similar performance in recognition and

novelty detection except for the novelty detection when trained on digits [0-4].

Table 5. Performance comparison in terms of percentage of error on recognition and novelty

detection.
Networ k Learning (0-4) Learning (5-9) Global
error
Testing (0-9) Testing (0-9) percentage
Recognition Novelty Recognition Novelty
detection detection
Proposed network 35.6 18.0 34.4 324 30.1
Hopfield network 48.4 9.6 53.2 11.2 30.8
Backpropagation network 104 54.0 15.6 48.0 32.0
DYSTAL network 12 21.6 3.2 13.6 9.9

5 DISCUSSION AND CONCLUSION

The proposed neural network model is an attempt to associate non-linear dynamical systems with
neural networks. Regarding the spiking neuron model, the introduction of a variable firing
threshold that depends on the firing activity of the neuron as indeed a great effect on the behavior
of the proposed network.

To our knowledge, no work proposes a neuron model whose firing threshold varies
depending on its own firing activity. Some authors propose a variable threshold that depends
rather on the global firing activity of the network ([23]). We believe that atemporal activity at the

local level (of the neuron) can yield a self-organization at the global level (of the network).

Consequently, this behavior can represent spatio-temporal structure of input patterns.

A Spiking Neural Network For Spatio-Temporal Pattern Detection. Tuong Vinh HO & Jean ROUAT



22

We have experimentally shown that the network has characteristics that can be exploited
for processing of spatio-temporal dynamic patterns. Its firing activity strongly depends on input
patterns and can internally characterize the input patterns. There are severa sets of neurons that
fire synchronically and periodically. Each set can represent a feature of the input patterns. This
grouping characteristic is very interesting as it is created by the dynamics of the network. A
similar phenomenon is observed in biological nervous systems and is considered as a means to
encode information.

In the framework of neural dynamics, we show by simulation that the proposed network
can be considered to be a multiple attractor system. Each attractor can be associated indeed with
an input pattern. Instead of characterizing the complex behavior of the network by attractors, we
propose the use of stabilization time interval. In fact, convergence evaluation based on the
stabilization time interval is less complicated than that based on the location of attractors.
Experiments on a noisy digit recognition task shows that the stabilization time can effectively
represent input patterns. We also observed that the network has a time-dependent activity. Indeed,
its complex behavior is a result of time-dependent change in network states. This is a crucia
criterion for the processing of time-varying patterns.

This approach does not require a supervision of the network. It is able to detect novelty or
to perform recognition. In contrast to more traditional networks, learning and recognition of the
proposed network are two aspects of the same dynamical process. Indeed, biological systems also
seem to function in this manner where there is no separation between training and recognition.

Experiments have been presented on digits and sequences of digitsin order to ssmplify the
analysis of the internal dynamic of the network. In afuture work, we will analyze the behavior of

the network when non stationary stimuli are presented to the network. When working with non
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stationary process (such as speech) the instantaneous grouping of neurons should be a better
criteria for recognition and novelty detection than the stabilization time interval. In fact, that
interval assumes the stability of the network after presentation of the stimulus. This does not
seem to be redlistic when working with continuous stimuli. Nevertheless, we were able to
observe interesting grouping and synchronization of neurons even if the digits are stationary
patterns.

In conclusion, a possible bridge between non-linear dynamics and artificial neura
networks in relation with applications in pattern recognition is proposed in this paper. The
paradigm that we propose is not yet mature and many work has still to be performed. But spiking
neural networks with learning abilities have a strong potential and the proposed network is one of

these interesting neural networks.

Acknowledgments

This work has been supported by the NSERC of Canada and by the ‘fondation’ from Université

du Québec a Chicoutimi. We would like to thank Alessandro Villa (Université de Lausanne,

Switzerland) for his cooperative discussions regarding this work.

A Spiking Neural Network For Spatio-Temporal Pattern Detection. Tuong Vinh HO & Jean ROUAT



[1]
[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

24

REFERENCE

M. Abeles, Local Cortical Circuits. An Electrophysiological Sudy. Spring-Verlag, 1982.
D.L. Alkon et al., "Pattern-Recognition by an Artificial Network Derived from Biological
Neuronal Systems,” Biological Cybernetics, Springer-Verlag, vol. 62, pp. 363-376, 1990.
D. J. Amit, Modeling Brain Function : the World of Attractor Neural Networks. Cambridge
University Press, 1989.

M. Barinaga, "Listening In on the Brain," Science, Vol. 280., pp. 376-378, 1998.

D. V. Buonomano and Micheal M. Merzenich (1995), "Tempora Information Transformed
into a Spatial Code by a Neural Network with Realistic Properties,” Science, vol. 267, pp.
1028-1030, 1995.

G. J. Brown, M. Cooke and E. Mousset, "Are Neural Oscillations the Substrate of Auditory
Grouping ? ," Workshop on the Auditory Basis of Speech Perception, Keele University
(UK), pp. 174-179, 1996.

N. Brunel, "Dynamics of an attractor neural network converting tempora into spatial
correlations,” Network: Computation in Neural Systems, UK, 5, pp. 449-470, 1994.

H. Demuth and M. Beale, Neural Network Toolbox for Use with MATLAB, The Math
Works Inc., 1996.

R. C. Eberhart and R. W. Dobbins, Neural Networks PC Tools : a practical guide.
Academic Press, San Diego, USA, 1992.

D. Ferster and N. Sprunston, "Cracking the Neuronal Code," Science, Vol. 270, Nov., pp.
74-75, 1995.

Walter J. Freeman, "Tutorial on Neurobiology: from Single Neurons to Brain Chaos,” Int.
Journal of Bifurcation and Chaos, Vol.2, No. 3, pp. 451-482, 1992.

W. Gerstner, Pulsed Neural Networks. W. Maass and C. M. Bishop (Editors), MIT press,
1998.

L. Glass, Chaos in Neural Systems, Handbook of Brain Research and Neural Networks,
The MIT Press, 1995.

Y. Hayashi, "Oscillatory Neural Networks and Learning of Continuously Transformed
Patterns,” Neural Networks, Vol. 7, No 2, 219-231, 1994.

A Spiking Neural Network For Spatio-Temporal Pattern Detection. Tuong Vinh HO & Jean ROUAT



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

25

J. Hertz and A. Prugel-Bennette, "Learning Short Synfire Chains by Self-Organization,"”
Network: Computation in Neural Systems, UK, 7, pp. 357-363, 1996.

S. Hill and A. Villa, "Dynamic transitions in global network activity influenced by the
balance of excitation and inhibition,” Network: Computation in Neural Systems, UK, Vol.
8, pp. 165-184, 1997.

T. V. Ho and J. Rouat, "Novelty Detector Using a Network of Integrate-and-Fire Neurons,”
in Proc. of 7th Intl” Conference in Artificial Neural Networks, Lausanne, Swirtzerland, Oct.
1977, pp. 103-108.

., "Novelty Detection Based on Relaxation Time of a Network of Integrate-and-Fire
Neurons,” in Proc. of the 1998 IEEE Intl’ Joint Conference on Neural Networks, Alaska,
USA, May 1998. pp. 1524-1529.

J. J. Hopfield, "Pattern Recognition Computation Using Action Potential Timing for
Stimulus Representation,” Nature, Jul., Vol. 376, pp. 33-36, 1995.

W. Maass, "Networks of Spiking Neurons: the Third Generation of Neura Network
Models, " in Proc. of Australian Conf. On Neural Networks. Canberra (1996) 1-10, 1996.
___,"Networks of Spiking Neurons Can Emulate Arbitrary Hopfield Nets in Temporal
Coding," Network: Computation in Neural Systems, UK, Vol. 8(4), 355-372, 1997.

B. Ruf and M Schmitt, " Self-organization of spiking neurons using action potential timing,"
|EEE Transactions on Neural Networks, to appear 1998.

D. Stassinopoulos and P. Bak, "Democratic reinforcement : A principle for brain function,”
Physical Review E, Vol. 51, No. 5, pp.5033-5039, 1995.

T. Tsuda, "Dynamic Link of Memory-Chaotic Memory Map in Nonequilibirium Neural
Networks," Neural Networks, Vol. 5, 313-326, 1992.

P. Thiran and M. Hadler, "Information storage using stable and unstable oscillations : an
overview, " Int. Journal of Circuit Theory and Applications, Vol. 24, pp. 57-67, 1996.

D. Wang and D. Terman, "Locally Excitatory Globally Inhibitory Oscillatory Networks,"
|EEE Transactions on Neural Networks, 6: 283-286, 1995.

Michail Zak, "An Unpredictable-Dynamic Approach to Neural Intelligence," |EEE Expert,
pp. 4-10, 1991.

A Spiking Neural Network For Spatio-Temporal Pattern Detection. Tuong Vinh HO & Jean ROUAT



26

FIGURE LEGENDS

Figure 1. The network architecture: Samples of neighboring connections of excitatory (a) and
inhibitory (b) neurons with radius equal 2 and 1 respectively.

Figure 2. Patterns of 0-9 digits (columns 1 and 4: clean digits, columns 2, 3 and 5, 6 with 20%
Noise).

Figure 3. Maximum weight difference m evolution when one input pattern is presented: a) digit O
and b) digit 2. The same initial conditions are used before presenting the stimulus.

Figure 4. Spiking activity of the network after being simulated by: a) digit O and b) digit 2
respectively.

Figure 5. Thresholds of the network after being stimulated by: a) digit 0 only; b) digit 0 and 2
sequentially, c) digit 2 only; d) digit 2 and 0 sequentially. Each value correspondents to the
threshold of each neuron after stabilization of the network.

Figure 6. Spiking activity of the network after being simulated by : @) digit 0 and 2 sequentially;
b) digit 2 and 0 sequentially.

Figure 7. Stabilization time of the network when a set of 5 input patterns (digits 0-4) was presented 20
times (i.e. 100 presentations of digits).

Figure 8. Spiking activity of the network after being simulated sequentially by a set of five digits
[0-4].
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