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ABSTRACT

In this paper, learning algorithm for a single nplicative spiking neuron (MSN) is proposed and
tested for various applications where a multilaygrceptron (MLP) neural network is
conventionally used. It is found that a single MBMsufficient for the applications that require a
number of neurons in different hidden layers obawentional neural network. Several benchmark
and real-life problems of classification and fuaotiapproximation are illustrated. It is observed
that by incorporating nonlinear synaptic interaatithreshold variability, and spiking phenomena,
learning in artificial neural networks can be madare efficient.

Keywords: multiplicative spiking neuron, learning, classification, functapproximation.

1. INTRODUCTION

Many researchers have proposed several neuron sémtehrtificial neural networks.
Although all these models were primarily inspirednfi biological neuron, there is still a gap
between philosophies used in neuron models foraseignce studies and those used for artificial
neural networks (ANN). Some of these models exhiitclose correspondence with their
biological counterparts while others do not. Freerffareeman, 1988) has pointed out that while
brains and neural networks share certain structtgatures, such as, massive parallelism,
biological networks solve complex problems easilg areatively, but existing neural networks do
not. He discussed the issues related to the siti@liand dissimilarities between biological and
artificial neural systems of present days. The nfiaéns in the development of a neuron model for
artificial neural networks is not only its abilitg represent biological activities with its maximum
intricacy, but also some mathematical propertiagg; dts capability as a universal function
approximator. However, it can be advantageous tificégal neural networks if we can bridge the
gap between biology and mathematics by investigatire learning capabilities of biological
neuron models for the applications of classifiaatiotime-series prediction, function
approximation etc. Here, we used #piking neuron model (SNNYr this purpose.

History of artificial neural networks consists bgthistory of various nheuron models and
the history of learning methodologies. The firstifiial neuron model was proposed by
McCulloch and Pitts (McCulloch and Pitts, 1943)1i843. They developed this neuron model
based on the fact that the output of the neuramiiy if the weighted sum of its inputs is greater
than a threshold value, otherwise the output is.Z€posenblatt (Rosenblatt, 1958) proposed some
modifications in the McCulloch-Pitts neuron modaktead of a binary output, the Rosenblatt’s
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neuron model creates a real-valued output repiiegetite average firing rate of the cell. Durbin
and Rumelhart (Durbin and Rumelhart, 1989) propdkedigma-pineuron model to incorporate
the correlations among input pairs.

In 1949, Hebb (Hebb, 1949) proposed a learning thé¢ became initiative for ANNS.
He postulated that the brain learns by changingcisnectivity patterns. Widrow and Hoff
(Widrow and Hoff, 1960) in 1960 presented the nmasalyzed and most applied learning rule
known as least mean square rule. Later in 1985raMichnd Sterns (Widrow and Sterns, 1985)
found that this rule converges in the mean squarnhe solution that corresponds to least mean
square output error if all input patterns are afhedength. A single neuron of the above and many
other neuron types proposed by several scientists @searchers are capable of linear
classification (Sinha et. al., 2002). (Yadav et. 2003) incorporated various aggregation functions
to model the nonlinear input-output relationshilps2004, (Mishra et. al., 2004) investigated the
chaotic behavior in neural networks that repressalogical activities in terms of firing rate.
(Scholles et. al., 1993) discussed biologicallyired artificial neurons and Feng and Li (Feg and
Li, 2001) introduced neuronal models with curramuts. Training the integrate-and-fire model
with the Informax principle was discussed in (Fetgal., 2002) (Feng et. al., 2003).

Recently, spiking neural networks have been th¢estibf significant research reflecting
the view that spikes have a key role in biologigeormation processing (Gerstner, 1995)
(Hopfield, 1995). New advances in neurophysiologyehfound that the difference in firing times
could convey information about the input stimuldathat the relative order of firing times could
be used as an alternative to rate coding (GersindrKistler, 2002), (Mass, 1997). The first
supervised training for this new computational aagh was suggested in (Bohte et. al., 2000).
However, in this model, a large number of paransedee to be adjusted. In our experiments, we
found that the performance of the network is vencmdependent upon the initial values of these
parameters.

In the present work, a modified spiking neuron nmiadeproposed and discussed. This
modification accounts for nonlinear aggregationrapien at dendrites. Moreover, probability of
spike is used as an output instead of time of spite found that with such modifications the
learning performance is drastically improved. lotgm 2, a brief discussion on the Integrate-and-
Fire neuron model and Spiking neuron model is priesk Inspired from the relationship between
timings of incoming spikes in correspondence to aiyits internal state variable a learning
algorithm is proposed in Section 3. The comparisbthe proposed model with classical multi
layer perceptron (MLP) is described in sectionrséction 5, we concluded our work with a brief
discussion.

2. BIOLOGICAL NEURONS

2.1. Architecture of a Biological Neuron

Networks of biological neurons compute with thephef fast traveling pulses called
action potentials. A neuron is the fundamental ding block of biological neural networks. A
typical neuron has three major parts: soma, axa@hdemdrites. Dendrites form a dendritic tree
which is a very fine bush of thin fibers around treuron’s body. Dendrites receive information
from neurons through axons i.e., long fibers tlat/s as transmission lines. An axon is a long
cylindrical connection that carries impulses frdme heuron. The end part of an axon splits into a
fine arborization which terminates in a small edbkaimost touching the dendrites of neighboring
neurons. The axon-dendrite contact organ is caljg@pse. Details of the biological neuron can
be found in (Koch, 1999) (Tuckwell, 1988). Modelisgch a complex system is difficult task and
neuronal dynamics model often has to be drasticsityplified in order to make both the
computation and analysis somewhat tractable. lloidghg subsection we will discuss two such
models that mimic the biological activities of dimgeuron.

2.2. Integrate-and-Fire Neuron Models

The integrate-and-Fire (IF) neuron is the simptd#ghe threshold-fire neuron models. It
is based on the membrane potential equations ofrtddel (Hodgkin and Huxley, 1952) with the
membrane potential currents omitted. Although iraégyand-fire model is a very simple model, it
captures almost all of the important propertieghaf cortical neuron. Figure 1 shows the basic
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circuit of this model consists of a capaci@®m parallel with a resistdR driven by a currentkr .
The driving current can be split into two compomsehixr = Ig(t) + Ic(t). The first component is
the resistive current which passes through thalfinesistolR and the second component charges
the capacito€C.

\; dv
IEXT == R Ca 1)

where,v(t) is the membrane potential. A spike occurs wh@hreaches a threshold.
After the occurrence of a spike, next spike camotur during refractory periotkgr.

This model divides the dynamics of the neuron imto regimes: the subthreshold and
the suprathreshold. The Hodgkin-Huxley equationsdgkin and Huxley, 1952) show that in
subthreshold regime, sodium and potassium actianrels are almost close. Therefore, the
corresponding terms can be neglected in the vokggation of the Hodgkin-Huxley model. This
gives a first order linear differential equatiomgar to equation 1. In case of the suprathreshold
region, if the voltage hits the threshold at titgea spike at time, will be registered and the
membrane potential will be resetWaeser. The system will remain there for a refractoryiqpe
Trer - Figure 2 shows the response of an integratefiemanodel. The solution of the first-order
differential equation (equation 2) describing thaahmics of this model in sub-threshold region
can be found analytically. With(0) = VkesT, the solution of equation 2 is given by equation 3

dv
CEZGL(VL_V)-'-lEXT (2)
HereG_ is leakage conductance.
I
v(t) = %(1- &%)+ (Vesr - VI Je&C +V, 3)

L

Let us assume thaft) hits Vy att = Ty, Thus

I
Vi =5 (L &6 )+ (Voo -V, Je ™ 4V, @)
L
Therefore,T14 can be written as
o, 23 n IEXT -G (VREST' VL) 5)

GL EXT -G (\/TH VL )

Interspike intervallg, is the summation oFyy andTgegr. Thus

TISI :TTH +TREF (6)
Therefore,

C I -G -V
-|—|S| =~ |n BT (VREST ) +TREF @

GL EXT -G (VTH -

Frequency is reciprocal of mtersplke interval and hencgiign by

f:%cm ext - GL (Vrest - V)
G, lexr = GL (Vi -

TREF (8)
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Figure 1. Circuit diagram of an integrate-and-fimuron model
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Figure 2. Response of an integrate-and-fire neurodei

2.3. Spiking Neuron Models

A spiking neuron is represented by voltage acrtsséll membrane and a threshold
(Gerstner and Kistler, 2002). The status of a neusaletermined by integration of its excitatory
and inhibitory post synaptic potentials (PSP). Wiisnmembrane potential reaches a certain
threshold, the neuron generates a spike which apggated to other neurons. The synapse is
responsible for transforming the spike into a PSBypical shape of a PSP is shown in Figure 3.
A spike takes certain time, called synaptic detayteach the post synaptic neuron. We assume
that a neuron has n number of immediate predecessatied pre-synaptic neurons and receives a
set of spikes with firing time§_ i = 1, 2, ..n. At most one spike is generated by each neuron
during the simulation interval (the presentatioraofinput pattern), and fires when internal state
variable reaches a threshold. Dynamics of the nialestate variable(t) is determined by the
impinging spikes, whose impact is described bygpike-response functiogt) weighted by the
synaptic efficacy or weight; (Bohte et. al. 2000).

X(t) = _n w, elt-t) ©)

w; is positive for excitatory synapse and negative ifgribitory synapse. The spike-
response functio®t t;), which is referred as PSP, models how the arri¥a single spike
changes the membrane potential of the target neasoa function of time-since-impact. The
height of PSP is modulated by synaptic weighto obtain the effective PSP at the target neuron
due to a spike from neuranThe commonly used spike response function is gimeijBohte et.
al. 2000) and can be expressed by equation 10.

t

t o
dU:Fef (10)
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As extension of this model, we can consider syoaj#iayd associated with each input.

Moreover, time-constantcan be considered different for different inputsug
n

xt)=  welt-t - d)

i=1

. g (12)
= A e an)
i=1 t
Thus, the state variable at a specified time instattis
n
X = [& +bt)e ] 12)
i=1
Where
=W -4
b = ﬂ
| t_i
t,- d
Ci - 1_ 0 i
l
d, =1+ 0
t.

I
These two neuron model presents the biophysicaigghenon in terms of mathematical
equations. In our previous work (Yadav et. al.,®20®e have used interspike interval relationship
(equation 7) of integrate and fire neuron modeltfa learning purpose. In our present work we
mainly concentrate on the timing of spikes in Spgkineuron model in order to derive an
aggregation function for the learning of a neuretiwork. The details of the proposed model are
explained in following sections.

3. THE PROPOSED MULTIPLICATIVE SPIKING NEURON MODEL

Inspired from the relationship between timingsrafdming spiked; and state variabhe
(equations 11 and 12) for spiking neuron modellofeihg aggregation function is assumed
instead of the weighted sum of a conventional neunaltiplicative like operation is considered:

Y , " (e +dix

Xnet = O (al + bi Xi) € |=1(C' o (13)

i=1

where, n is number of inputsx; is analogous to the input spike timeand X is
analogous to the state varialslat a specified time It is to be noted that parametaish;, ¢ and
d have been used to represent the constant valuedepend upor; d, w, and the specified time
t at which value of the state variable is to be waked.

In view of evidence in support of the presence aitiplicative-like operations in the
nervous system (Koch and Poggio, 1992), multiplicabdf net inputs to the activation function is
considered. Instead of time of spike in the postagyic neuron, we considered the spiking
probability y till a specified time t as outpytis a nonlinear function of,.;and should have the
following properties:

It is a monotonically increasing function as probgbof spike is increased for
increasingnet

It is almost zero for low values &fe.as there is negligible probability of spike if
XnetiS Small. This is true even if threshold varialiii¢ taken into account.
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It is almost unity for high values af; as spike is almost certain for large values
of X, This is also true even if threshold variabilisytaken into account.
Assumption of constant threshold would lead to ecid case of this function. In that
case, the probability of spike would either be zero@ne. Incorporation of threshold variability in
our model is achieved by assuming this functiothassigmoid function. Thus

y= 1 (14)
1+¢ Xnet

3.1. Biological Significance of MSN

The MSN model is inspired from the fact that théuat shape of action potential does
not contain any neuronal information. It is theitigmof spikes that matters. A substantial body of
evidence supports the presence of multiplicatike-lbperations in nervous system (Koch and
Poggio, 1992). Physiological and behavioral datangfly suggest that the optomotor response of
insects to moving stimuli is mediated by a corietalike operation (Koch, 1999). Another
instance of a multiplication-like operation in thervous system is the modulation of receptive
field location of neurons in the posterior pariatattex by the eye and head positions of monkey
(Koch, 1999). Multiplication operation is used fggregation of inputs to the artificial neuron in
many research papers including (Yadav et. al., 003 this work, we incorporate this
multiplication operation while aggregating inpubstiie activation function.

3.1. Development of the Training Algorithm
A simple steepest descent method is applied tonnizei the following error function:

1 )
==(y-t
5 (y-t) (15)

where,t is target (not time) ang is actual output of neuroe.is function of parameters
ab, g andd, i =1, 2, ...n Therefore, the parameter update rule (weight tgpdale) can be
expressed in terms of following equations:

a™ =a™ - h% (16)
blnew — b|0|d _ h% (17)
¢ =c™ - h‘l.lT]_ce (18)
dinew = diOId _ h%-[Te (19)

Fori =1, 2, 3, ...n Partial derivatives of e with respect to paramsde b ¢ andd, i =
1, 2, ...ncan be given by following equations:

Te X
— =(t- 1- __“net
7 (t- y)y@- vy) bx (20)
Te XX

- t_ 1_ net’
. (t- y)yl y)—aH b (21)
—1}15 =(t- y)YL- V)X (22)
T8 - y)yl- y)xex (23)

1d,
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4. |ILLUSTRATIVE EXAMPLES
4.1. Classification Problems
4.1.1 XOR Problem:

The XOR problem, as compared with other logic op@na (NAND, NOR, AND and
OR), is probably one of the best and most usedimeenlly separable pattern associator and
consequently provides one of the most common exasnpf artificial neural systems for input
remapping. We compared the performance of multiike spiking neuron (MSN) with that of
multilayer perceptron (MLP). For this purpose, veasidered an MLP with 3 hidden units. Figure
4 shows the training curves for MLP and MSN. Itliear that the proposed model takes only 52
iterations while MLP takes 523 iterations for tiagnto achieve an MSE of order of 0.0001. Table
| exhibits the comparison between MLP and MSN it of the deviation of actual outputs from
corresponding targets. It can be seen here thgigtfermance of MSN is almost same as that of
MLP. It means that a single MSN is capable to |e4OR relationship 10 times faster than an
MLP with 3 hidden units. Table 2 shows the comparisf training and testing performance with

MLP and MSN

for XOR-problem.
14
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Figure 4. Training curves with MLP and MSN for XOReplem. Training with MSN is

significantly faster than that with MLP. For samean square error (MSE), MLP takes 10 times

more number of epochs than MSN.
Table 1. Outputs of MSN and MLP for XOR problem

Input Target Output with MLP Output with MSN
having 4 units having one unit
00 0 0.0001 0.0141
01 1 0.9890 0.9926
10 1 0.9922 0.9858
11 0 0.0204 0.0005
Table 2. Comparison of training and testing perfornance for XOR problems
S. No. Parameter MLP MSN
1 Training Goal, in terms of MSE 0.00015 0.00015
2 Iterations Needed 523 52
3 Training Time in seconds 0.54 0.12
4 Testing Time in seconds 0.01 0.04
5 MSE for Testing Data 0.0001495 0.0001139
6 Correlation Coefficient 0.99989 0.99994
7 Percentage Misclassification 0% 0%
8 Number of Parameters 11 8
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4.1.2 Three-bit parity Problem:

The 3-input XOR has been a very popular benchmiasgsification problem among the
researchers of ANN. The problem deals with the rmappf 3-bit wide binary numbers into its
parity. If the input pattern consists the odd nurali# 10s then the parity is 1, otherwise 0. This i
a difficult problem because the patterns that dmeecin the sample space, i.e. the numbers that
differ in only one bit, require their classes todiferent. For comparison of the performance with
MSN and MLP in case of three-bit Parity Problem, emnsidered MLP with 5 hidden units.
Figure 5 shows training curves with conventionaltiayer perceptron and the proposed single
MSN model while training the artificial neural sgsis for three-biParity Problem It is found
that the proposed model takes only 25 iterationsoaspared to 1823 iterations taken by MLP for
training to achieve an MSE of the order of 0.00Ddble 3 exhibits the comparison between MLP
and MSN in terms of the deviation of actual outpfrtam corresponding targets. It can be
observed that the performance of MSN is similarMbP but MSN is capable to learn this
relationship almost 30 times faster than that isecaf an MLP with 5 hidden neurons. Table 4

shows the comparison of training and testing reswuith MLP and MSN while solving thiaree-
bit Parity problem
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Figure 5. Training curves with MLP and MSN for téseit parity problem. Training with MSN is
significantly faster than that with MLP. For samean square error (MSE), MLP takes 70 times
more number of epochs than MSN.

Table 3. Outputs of MSN an MLP for three bit paptpblem

Input Target Output with MLP having 5 unit OutputiwMSN
having one unit
000 0 0.0450 0.0377
001 1 0.9992 0.9899
010 1 0.9956 0.9895
011 0 0.0024 0.0067
100 1 1.0000 0.9856
101 0 0.0322 0.0164
110 0 0.0002 0.0064
111 1 0.9984 0.9658
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Table 4. Comparison Of Training And Testing Pearfance For 3-Bit Parity Problem

S. No. Parameter MLP MSN

1 Training Goal, in terms of MSE 0.0004 0.0004

2 Iterations Needed 1823 25

3 Training Time in seconds 1.65 0.17

4 Testing Time in seconds 0.07 0.05

5 MSE for Testing Data 0.0004 0.0004

6 Correlation Coefficient 0.9996 0.9997

7 Percentage Misclassification 0% 0%

8 Number of Parameters 22 12

4.1.3 Iris data:

This classic data of Anderson and Fisher pertairssfour-input, three class classification
problem. The first four columns indicate petal aegal widths and lengths of various iris flowers,
and the fifth column indicates the appropriate <l#Setosa, Versicolor, and Virginia). For
comparison of performance with MSN and MLP in cak&is data problem, we considered MLP
with 5 hidden units. Figure 6 shows the comparigbtraining curves of conventional multilayer
perceptron and the proposed single MSN model. ¢dar that the proposed model achieves an
MSE of 0.005 in 500 iterations while MLP achievesMSE of 0.01 in same number of iterations.
It is observed that the performance of MSN is alnsasne as compared with MLP but MSN with
less number of parameters is capable to learmelasionship faster than an MLP having 5 hidden
neurons. Moreover, we found less number of misifladspoints with the proposed model. Table
5 shows the comparison of training and testinggrerince with MLP and MSN while solving the
Iris data problem.

Table 5. Comparison of training and testing pen@nce for Iris data set

S. No. Parameter MLP MSN
1 Training Goal, in terms of MSE 0.01 0.005
2 Iterations Needed 500 500
3 Training Time in seconds 0.68 0.31
4 Testing Time in seconds 0.04 0.04
5 MSE for Testing Data 0.0155 0.0059
6 Correlation Coefficient 0.9977 0.9969
7 Percentage Misclassification 6 % 4%
8 Number of Parameters 22 16

4.2. Function Approximation Problems
4.2.1 Internet Traffic Data:

Short term internet traffic data was supplied bylH@finet Ltd. (a leading Indian ISP).
This data represents weekly internet traffic (inp&b with a 30-minute average. Four
measurementg(t 1), y(t 2),y(t 4) andy(t 8) were used to predigit). For comparison of
the performance with MSN and MLP with Internet TiafData, we considered MLP with 6
hidden neurons. Figure 7 shows the comparison o Mhd MSN for Internet Traffic Data. It is
found that the proposed model exhibits faster ingion this data. Figure 8 shows the comparison
between MLP and MSN in terms of the deviation duatoutputs from corresponding targets.
200 data samples were used for training and resheofdata were used for testing. It can be
observed that the performance of MSN for trainirdadis similar as that of MLP while its
performance is better for testing data. Table 6wshthe comparison of training and testing
performance with MLP and MSN for the Internet Tiafbata.
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Table 6. Comparison of training and testing periance for Internet traffic data

S. No. Parameter MLP MSN
1 Training Goal, in terms of MSE 0.005 0.002
2 Iterations Needed 500 500
3 Training Time in seconds 0.78 0.22
4 Testing Time in seconds 0.08 0.06
5 MSE for Testing Data 0.0074 0.0033
6 Correlation Coefficient 0.9974 0.9996
7 Number of Parameters 22 16
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4.2.2 Electroencephalogram Data:

Electroencephalogram (EEG) data used here was téiken website of Colostate
university. Presence of randomness and chaos (Mishr al., 2004) in this data makes it
interesting for neural network related researchthla problem, four measurememntd 1), y(t
2), y(t 4) andy(t 8) were used to predict y(t). Figure 9 shows the ammpn of MSE versus
number of epochs curves with conventional multitayerceptron and the proposed single MSN
model while training the artificial neural systefos EEG data. It is clear that the proposed model
exhibits faster training. Figure 10 shows the conspa between MLP and MSN in terms of the
deviation of actual outputs from corresponding éésg100 samples were used for training. It can
be seen that the performance of MSN for trainingvelt as testing data is much better than that of
MLP. It means that a single MSN is capable to lghim relationship faster than that in case of an
MLP with 6 hidden neurons and its performance ansas well as unseen data is significantly
better. Table 7 shows the comparison of trainindg #asting performance with MLP and MSN
while applying for the EEG Data.
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Table 7. Comparison of training and testing peniance for EEG data

S. No. Parameter MLP MSN
1 Training Goal, in terms of MSE 0.013 0.010
2 Iterations Needed 750 750
3 Training Time in seconds 0.83 0.50
4 Testing Time in seconds 0.07 0.05
5 MSE for Testing Data 0.0703 0.0034
6 Correlation Coefficient 0.9948 0.9978
7 Number of Parameters 32 16

5. CONCLUSIONS

A spiking neuron based learning technique is deedo The proposed model
incorporates multiplicative aggregation at dendrded threshold variability in biological neurons.
The training and testing results with different tiemark and real-life problems are discussed. It is
found that the proposed artificial neural systenthvd single neuron is capable of performing
classification and function approximation tasksedficiently as a multilayer perceptron with
several neurons. Moreover, in some cases its legqnsi even better than that of a multilayer
perceptron. It is also observed that training teme testing time in case of IFN are significantly
less as compared with MLP. It is also observed tifaitiing and testing times in case of MSN are
significantly less as compared with MLP. Howevée proposed model cannot be used for multi-
output functional mappings. Future research is irequfor analytical investigation of its
capability as ainiversal function-approximator
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