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Abstract

Backpropagation (BP) alporithm is a systematic method
for training multilayer neural networks. Despite of the
many successfisl applications of backpropagation, it has
many drawbacks. For complex problems it may require a
long time to train the nerworks, and it may not train ar all,
Long traiming time can be the result of the non-optimal pa-
rameters, I is net easy to choose appropriate value af the
paramelers for a particalar problem, In this paper, by in-
terconnection of fixed structure learning antomara (FSLA)
to the feedforward neural nenworks, we apply learning au-
tomata scheme for adjusting these parameters based on the
observation af random response of neural networks. The
miain motivation in using learning autontala as an adapta-
tion algorithm (5 to use its capability of global eptimiza-
tion when dealing with multi-modal surface. The feasibil-
ity af proposed method is shown through simulations on
three learning problems: exclusive-or, encoding problem,
and digit recognition. The simulation results show that the
adaptation af these parameters using this method nat anly
increases the convergence rate of learning but it increases
the likelihood of escaping from the local minima.

Keywords: Neural Network, Backpropagation, Learn-
ing Aulomata, Momentum Factor, Steepness Parametcr

1 Introduction

Error backpropagation training algorithm (BP} which is
an iterative gradient descent algorithm is a simple way (o
train multilayer fecdforward neural networks [12]. The
backpropagation algorithm is based on the gradient descent
rule:

Auwje(n) = -a—a-i + g x Awgeln — 1) (1)
Fwje

where w;y, is the weight on the connection outgoing from
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the unit j and enlering the unit &, a, e, and n are learning
rale, momentumm factor, and time index, respectively. In the
BP framework o and g are constant and £ 15 defined as:

1 potlern eulputa

E(n) =5 Y Y (B Oyl ()

=l gl

Where Ty ; and Oy ; are desired and actual outputs for
pattern g at output node § and the index p varies on the train-
ing set, In the BP algarithm framework, each computational
unit compule the same activation function. The computa-
tion of the sensitivity for each neuron requires the deriva-
tive of activation function, therefore this function must be
continuows. The activation function is normally a sigmoid

function chosen between the two funciions f(z) = l-h_—‘_,—

and f(z) = :;—:::— The steepress parameter A determines
the active region (regien in which the derivative of sigmoid
function is not very small) of activation function. As the
sleepness parameter decreases from positive infinily 1o zer
the sigmoid function changes from a unit step function to
constant value 0.5,

Several rescarchers have investigated the effect of adap-
tation of momentum factor and steepness parameter on the
performance of BP algorithm. In [7] the steepness of ev-
ery neuran is adjusted such that the average distance of the
two closest data points from the dividing hyper-plane is al-
tained and in [ 13] the stecpness of every neuron is adjusted
by gradient descent algorithm. In [6] the momentum factor
is adjusted in order 1o cancel the introduced noise (which is
as the result of misadjustment of momentum factor) and to
retain the speed up as well as convergence. In [3] the mo-
mentum factor is considered as a function of gradient and in
[5] the error function is divided to five regions and in every
region the momentum factor and learning rate are adjusted
differently. In [14] the mean square error {MSE) is consid-
ered as a function of learning rate and momentum factor and
these parameters are adjusted o minimize the MSE.

Often the mean-square error surfaces for backpropaga-
tion algorithm are multi-modal. The learning automata is



known to have well established mathematical foundation
and global optimization capability [11]. This latter capa-
bility of lcaming automata can be used fruitfully to search
a multi-modal mean-square error surface. Variable strue-
ture learning automata (VSLA) have been used to find the
appropriate value for different parameters of BF learning
algorithm including learning rate [2] , steepness parame-
ter [8], and momentum factor [9] [1]. In this paper, we
present the application of the fixed structure learning au-
tomata (FSLA) for appropriate selection of the momentum
factor and stecpness parameter of BP algorithm in order to
achieve higher rate of convergence and also increase the
probability of escaping from the local minima. The fea-
sibility of proposed method is shown through simulations
on three learning problems: exclusive-or, encoding prob-
lem, and digit recognition. These problem are chosen be-
cause they posses different surfaces and collectively present
an envircnment that is suitable o determine the effect of
proposed method. Simulation on these problems show that
the adaptation of momentum factor and steepness parameter
using this method not only increases the convergence rate
but it increases the likelihood of bypassing the local min-
ima. Also simulations show that FSLA approach for adap-
tation of BP parameters performs much better than VSLA
approach reported in [9] [E].

The rest of the paper is organized as follows: The learn-
ing automata is introduced in section 2. Section 3 presents
the proposed method. Simulation results and discussion are
given in section 4. Section 5 concludes the paper.

2 Learning Automata

Learning automata can be classified into two main fam-
ilies, fixed and variable structure learning automata [11].
Examples of the FSLA iype which we use in this paper
are the Tsetline, Krinsky, and Krylov automata. A fixed
siructure automata is quintuple < o, ¢, 3, F,G > where
a = (or,..,0) is the set of actions, ¢ = (¢, ..., ¢) is
the set of states, § = 0, 1 is the set of inputs where § = 1
represents a penalty and 8 = Qareward, F : ¢ x § — ¢ is
transition map and & : ¢ — a is the output map. F and G
may be stochastic,

The selected action serves as the input to the environ-
ment which in turn emits a stochastic response J(n) at the
time n. #(n) is an element of § = 0, 1 and is the feedback
response of the environment to the automata. The environ-
ment penalize (i.e. F(n) = 1) the automata with the penalty
probability ;, which is the action dependent. On the basis
of the response 3(n), the state of the automata is ¢{n) is up-
dated and a new action chosen at (n+1). Note that the ¢; are
unknown initially and it is desired that as a result of the in-
leraction between the automata and the environment arrives
at the action which presents it with the minimum penalty

response in an expected sense,

Variable structure learning automata is represented by
sextuple < 3. ¢, &, PG, T >, where # a set of inputs ac-
tions, ¢ is a set of internal states, « a set of outputs, P de-
notes the state probability vector governing the choice of
the state at each stage k, G is the output mapping, and T is
learning algorithm. The learning algorithm is a recurrence
relation and is used 1o modify the state probability vector, It
is evident that the crucial factor affecting the performance
of the variable structure learning automata, is learning algo-
rithm for updating the action probabilities. Various learning
algorithms have been reported in the literature [10]. Let oy
be the action chosen at time k as a sample realization from
distribution p(k).

The linear reward-penalty algorithm (Lg_g) is one of
the earliest schemes. In this scheme the recurrence equation
for updating p is defined as

pilk)+ 8 % (1=pi(k}) ol i=j
pilk+1) = 3

(1—8) = py(k) if t#5
if 3(k) = 0 and
pi(k) x (1 -] if i=j3
pilk+1) = “ o (4]
2 H{l=Tmipilk] W ]

if (k) = 1. The parameters § and - represent siep
lengths. They determines the amount of increase (de-
creases) of the action probabilities.

3 The Proposed Method

In our proposed method, we use the fixed-struciure leamn-
ing automata for adjusting the momentum factor and steep-
ness parameter. The interconnection of learning automata
and neural network is shown in figure 1. The neural network
is the environment for the learning automata. The learning
automata according to the amount of the error received from
neural network adjusts the values of parameters of the back-
propagation algorithm. The actions of the automara corre-
spond to the values of the momentum factor (or steepness
parameter) and input to the automata is some function of the
error in the output of neural network.

At the beginning of each epoch of BP algorithm, the
learning automata selects one of its action (in the fixed
structure learning automata action is selected by the means
of output function G, and in variable structure learning au-
tomata, the action is selecied by a sample realization of
probability vector p). The value of selected action is used in
BP algorithm for that epoch, The response of the environ-
ment which is given to the learning automata is a function
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Figure 1. Automata-neural network connec-
tion

of the mean square error as explained below. In the kih
epoch, the average of mean square ermor in past W epoch is
computed by equation 5. We call W the window size.

W
MSEw(k) = % 3" MSE(k-m) (5)
m=]1

where MSE(n) and MSEw (k) denote mean square
error in nth epoch, and average mean square error in the
past W epoch, respectively. The M SE(k) compared with
MSEyw (k) and automata receives penalty from the envi-
ronment if MSEw (k) — MSE(k) is less than a threshold
and reccives reward otherwise. Now the response of the
environment (input to the leamning automata} can be formu-
lated as follows,

0 if MSEw(n)—-MS5ER) <T
Pnji= { i i MSE-.;FI:nJ} _ .-'Ld’S'E[rE] > ©

At the beginning of the first epoch the action of the learn-
ing automata is selected randomly from the set of allowable
actions.

The algorithms given later in this paper are backpropaga-
tion algorithm in which the learning automata is responsible
for the adaptation of the BP parameters. In this algorithm at
cach ileration one input of the training set is presented to the
neural networks, then the networks response is computed
and the weights are corrected. The weights correction is ap-
plied at the end of cach cpoch, The amount of the correction
is proportional to the BF parameters, Using the learning au-
temata 2s a adaptation technigue, the search for oplimum
values for the BP paramelers is carried oul in probability
space rather than parameter space, and therefore this gives
the algorithm the ability to locate the global optimum.

The simulations are carried out for two algorithms for
adaptation of momentum factor and steepness paramerer.
In the first algorithm a single learning automata is respon-
sible for determination of the BP parameter for the whole
network, whereas in the sccond algorithm a separate learn-
ing automata has been used for each layer(hidden and out-
put Jayers), Simulation results show that by using sepa-
rate learning automata for each layer of the network not
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only the parfarmance of the network improves over the case
where we use a single automata, but it increases the likeli-
hood of bypassing the local minima. These two algorithms
have been tested on several problems and the results are pre-
sented in the section 4.

Simultaneous adaptation of momentum factor and
steepness parameter: The rate of convergence and the sta-
bility of the training algorithm can be improved if both mo-
mentum factor and steepness parameter are adapted simul-
taneously, Two algorithms used for simultaneous adapta-
tion of momentum factor and steepness parameter. In the
first algorithm the network uses one automata to adjust the
momentumn factor and another automata to adjust the steep-
ness parameter. Both automata work simultaneously to ad-
Just the momentum factor and steepness parameter. In the
second algorithm the network uses two pairs of automata,
the first pair of automata (one for each layer) is responsi-
ble for adjusting the steepness parameter, and the second
pair {one for each layer) is responsible for adjusting the mo-
mentum factor. These four automata work simultaneously
to adapt steepness parameter and momentum factor. These
two algorithms have been tested on several problems and
the results are presented in the section IV,

4 Simulation

In order to evaluate the performance of the propased
method simulations are carried out on three learning prob-
lems: exclusive-or, encoding problem, and digit recogni-
tion. The results are compared with results obtained from
standard BF and varable structure learning automala based
algorithm reported in [9][8][1] These problems are chosen
because they have different error surfaces and collectively
present an environment that is suitable to determine the ef-
fect of proposed method. Actions of the learning automata
in these simulations are selected in interval [0, 1] with equat
distance. That is, the vafue of the ith action of learning au-
tomata with K actions is chosen to be 5. For the sake of
convenience in presentation, we use automata (K, N) to re-
fer to the fixed structure learning automata, automata with
K actions and memory depth of N. For all simulations re-
ported in this paper, the same values of BP parameters are
used for all experimentation of different algorithms, except
for parameters which are being adapted by the algorithm.
1- XOR: The network architecture used for solving this
problem consist of 2 input units, 2 hidden units, and 1 out-
put unit [12]. Figure 3 shows the effectiveness of using
FSLA and V5LA on the adaptation of momentum factor
and figure 3 shows the effectiveness of FSLA and VSLA
on the adaptation of sieepness parameter. For automata in
figure 2 the threshold of 0.001 and window size of | and for
figure 3 the threshold of 0.0001 and window size of [ are
chosen. For linear reward-penalty automata the reward and



penalty coefficients are (0L00 and 0.0001, respectively.
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Figure 3, Adaptation of steepness parameter

2-Encoding Problem: In this problem a set of orthogo-
nal input patterns arc mapped to a sct of orthogonal output
patterns through a small set of hidden units [12]. The net-
work architecture used for solving this problem consist of
B input units, 3 hidden units, and 8 output units. Figures 4
and 5 show the effectiveness of using FSLA and ¥5LA on
the adaptation of momentum factor and steepness parame-
ter respectively. For automata in thesc figures the threshold
of 0,01 and window size of 1 are chosen, For linear reward-
penally automata the reward and penalty coefficients are
0.001 and 0.0001, respectively.
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Figure 4, Adaptation of momentum factor
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Figure 5. Adaptation of steepness parameter

and white dot as shown in figure 6 [13]. The network must
learn to distinguish these classes. For this problem a net-
work consists of 64 input units which are connected to &
hidden units which are connected to 10 output units is used.
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Figure 6. The training set of neural network

Figures 7 and 8 show the effectivensss of using FSLA
and V5LA on the adaptation of momentum facior and steep-
ness parameter, respectively, For automata in these figures
the threshold of 0.01 and window size of | are chosen, For
linear reward-penally automata the reward and penalty co-
efficients are 0.001 and 0.0001, respectively.
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Figure 7. Adaptation of momentum factor

The results obtained when a single lcarning automata is
assigned 1o the whole network for adjusting the momentum
factor are presented intable 1. For all automata in this simu-
lation the theeshold of 0.01 and windew size of 1 is chosen,
The error of standard BP afier 5000 epoch is 0.1675668 .

Table 2 shows the results obtained when a single learn-
ing automata assigned 1o whale network for adjusting the
steepness parameter, For all automata in this simulation the
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Figure 8. Adaptation of steepness parameter
for digit problem

Table 1. Simulation results for digit problem

———
Learmning Final Mean Epoch Tor
Automala Squane Error | Error Goal = 001 l
[ Tsetline (4,43 | D.0059E5E 1789
TsetlineG (2,43 | Q.00%G8S0 ]
Krinsky (2, 4 000918 L]
Krylov (2,4 ) 0. 0Faaz 70

threshold of 0.01 and window size of & is chosen. The error
of BP with constant momentum factor after 5000 epoch is
01017534 .

Table 2. Simulation results for digit problem

H Leaming Final Mean Epoch for

Auiomala Square Emror | Error Goal = 0.01
Tsetline (4, 4} (.009555 4560
TsetlineG (2, 4) | Q0014451 2556

| Erinsky (2. 4) 00074391 | 2886

| Krvlov i 4} [ 0.0099975 | 4003

Table 3 shows the performance of the network when dif-
ferent automata are assigned to different layers 1o adapt the
momentum factor. Each automata is responsible for adapta-
tion of momentum factor for its assigned layer. For all au-
tomata in this simulation the threshold of 0.01 and window
size of 1 is chosen. The error of BP with constant momen-
tum factor after 5000 epoch is 0. 1673668,

Table £ shows the results of experiments in which one
automata is used by each layer of the network to adjust
the steapness parameter of that layer. For all automata in
this simulation the threshold of 0.01 and window size of 6
is chosen. The crror of standard BP after 5000 epoch is
01017534,

Remark 1: The simulations given in figures 9 through
I6compare the proposed method with conjugate-gradient
method, Baba's method, and adaptive steepness method.

Table 3. Simulation results for digit problem

Hidden Layer | Cutpat Layer Final W]
Aulomata Automata Error Error = 0.0

| Tselline (4.4) | Tseline (4,4} | 0.0099%64 o
Taetlne (4, 4} | Krinsky (2,4 | 00089071 | 2407
Tsetline (4, 4) | Koyloviz, 4) e 774
Tsetline {4, 4) | TsetlineG(2, 4) [ 00099897 [55]
Krinsky(2, 4 Trethne (4, 4) | 00099577 112
Krinsky(2, 41 | Krinsky(2, 4) [T (L]
Krinsky(2, 4) Krylav(2. 4) 0 Ee9as TED
Krinsky(Z, 4) TsetlineGiL, 4) | (LODSHSE [FH]
Krylov(2, 4} Tsethoe (4, 4) | (LODSSE59 [EE]
Krylovi2, 43 Krinsky(2, 4) | D.0099850 417 ]
KryloviZ. 4} Krylow(Z, 4 TR BAL i
Krylovi2. 4} TsethineGiL, 4) | G.O0FSHEDE B4 I
TretlineGi2, 4) | Taesline (3, 4 | 00099ERT | 113
TsellineG(2, 4y | Krnsky(Z, 3) 0.0095524 w01
TseilineGiZ, 4) | Krylov(Z, 41 0,009 54 | 635
TeethineGi2, 4) | Tsethineli2, 4 | 00099970 205

Figures 9 through 12 compare the performance of
conjugate-gradient method with the proposed scheme when
momentum factor or steepness parameter are adapted for
encoding and digit recognition problems. For these simula-
tions the threshold of 0.01 and window size of | are used.
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Figure 9. Adaptation of momentum factor for
encoding problem

Figures 13 and 14 compares the performance of Babas
method [1] with the proposed scheme for encoding and
digit recognition problems, when the momentum factor is
adapred. For this simulation the threshold of 0.01 and win-
dow size of | are used, The parameters of Babas methed are
the same as parameters used in their work [1]. As shown in
figures 13 and 14 the proposed scheme exhibits higher per-
formance than Babas method.

Careful inspection of Babas algorithm reveals the fact
that this algorithm is a special case of our proposed algo-
rithm when window size is | and threshold value is 0. The
propused algorithm is superior to Babas scheme because
1} The Babas algorithm does not use the advantages of the



Table 4. Simulation results for digit problem )

[ Hidden Layer Output Layer Final | Epach for
Aulomai Aulomata Errar Erroe = 0.01
T Tsetline (4, 4} | Tsetline (3, 4) | 00099448 2969
Teetling (4, 4) | Krinsky (2,41 | 0008643 2477
Teethng (4, 4) | Erylov(l, &) 00014180 3656
Taealine {4, 47 | TsethoeG(Z, &) | 0.00%B581 4945
| Frinsky(z, 41 | Tsetlne (4, 4) | 09047 5000
Krinsky(2, 4) | Krnsky2, 41 | 0.1082491 S000
Krinsky(2, &) | Krylov(Z, 9) D.O00666] 3430
Frinsky(2, 4) | TaelineGiZ, 47 | 0.1110588 5000
Frylov(Z, 4 Tietline (4, 4y | D.O0B7339 2317
Krylovi2, 4 Krnsky(d, 4) [ 0.009701% 1726
Fryloviz, 41 Krylav(z, 4) 0796143 5000
Krylow(2, 4) Teetline(2, 4) | O.0020425 3583
TsetlneGi2, 41 | Tsclhne (4, 4) | O.K9ELST 1384
Tethneli(2, 4) | Knnsky(z, 41 | 00097729 1355
TrethneG{(2, 4) | Frvlovi2, 4) D.O095585 4715
TeethnelHZ, &) | TselincG(z, 4] | D.00988 46 3530
i —— Sisrderd B"
i CogugaEE Gradant
L ——  Tgares g ap
1]
E 5
3
i
Lot i 0 0 30 W0 En MO Ru @i @0 0
Hpan

Figure 10. Adaptation of momentum factor for
digit problem

window size and threshold value, 2) Babas scheme uses hi-
erarchical automata which makes the algorithm more com-
plicated and time consuming. 3} Babas method is proposed
for adaptation of momentum factor only.

Figures 15 and 16 compare the performance of Adap-

tive steepness {ASBP) [13]and proposed scheme for encod-
ing and digit recognition problems, respectively. For these
simulations the threshold of 0.01 and window size of | are
chosen.
Simulation Results for simultaneous adaptation: In an-
other experiment whose resulis are given in table 5, two au-
tomata of the same kind are used to adapt momentum factor
and steepness parameter simultancously. As it can be seen
in this table, best result is for the case when two Krinsky au-
tomata are used for adaptation of both steepness parameter
and momenium factor. For these experiments the threshold
of 0.01 and window size of 3 are chosen, The error of BP
after 5000 epoch is 0.0976520,

Table 6 shows the effects of association of different au-
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Figure 11. Adaptation of steepness parameter
for encoding problem
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Figure 12. Adaptation of steepness parameter
for digit problem

tomata to different layers of the network for adjusting the
momentum factor and steepness parameter simultaneously,
A same pair of automnata are used for adjusting both steep-
ness parameter and momentem factor. It can be seen that the
best pair of avtomata which gives the highest rate of con-
vergence is Krylov for hidden layer and Tsetline for output
layer. Mote that this pair of sutomata is used for adaptation
of momentum factor as well as steepness parameter. For
all automata in this experiments the threshold of 0.01 and
window size of 3 are chosen. The error of BP with corstant
momentum facter after 5000 epoch is 0.0876520.

Eemark 4: In this remark, we examine the ability of the
proposed algorithm to escape from local minima, For this
propose, we chose a problem in which local minima are
oceurred frequently [4]. The wraining set of this problem is
given in the table 7.

The network which is used has two input nodes x and y,
two hidden units, and one cutput unit. In this problem, if
hidden units produce the lines @ and b the local minima has
been occurred and if hidden units produce the lines ¢ and
d the global minima cccurred [4]. Figure 17 shows these
configurations.

In each simulation, we chose same initial points for
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Figure 13. Adaptation of mementum factor for
encoding problem
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Figure 14. Adaptation of momentum factor for
digit problem

both BP {with constant momentum) and proposed algorithm
when used to adapt the steepness parameter. Simulations
have been carried oul for 20 runs, Each run uses a random
initial point near the local minima. In these simulations, the
BP stuck at local minima for all 20 runs whercas the pro-
posed algorithm escapes from local minima far 13 runs and
stuck al local minima for 7 runs after 10000 epoch,

5 Conclusions

In this paper, we applied the fixed structure learning au-
tomata for adjusting the parameters of the BP algorithms
based on the observation of the random response of neural
network., We have demonstrated through simulations that
the use of fixed structure learning automata for adaptation of
momentum factor and steepness parameter of BP algorithm
increase the rale of convergence by a large amount. By us-
ing fixed structure learning automata in BP algorithm it is
possible Lo compule a new point that is closer to the opli-
mum than the point computed by BP algorithm. In all prots-
lems we have studied so far, the convergence of BF which
uses fined structure learning automata or variable structure
lcarning automata for adaptation of momentum factor o
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Figure 15. Adaptation of steepness parameter
for encoding problem
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Figure 16. Adaptation of steepness parameter
for digit problem

stecpness parameter have been higher than the standard BR.
Simulation results also indicate that speed of convergence
can be improved if both momentum factor and steepness pa-
rameter are adapted simultancously. It should be mentioned
that for almost all the experiments we have conducted the
FSLA approach has perfarmed better than VSLA approach
when used for adaptation of steepness parameter and mao-
mentum factor. The result of this paper can be generalized
1o be applied 1o the multi-laver newral networks.
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Table 5. Simultaneous adaptation for digit
problem

Learning “Final Mcan | Epoch far
Aulomain Square Error | Ermor

[ Tsethine (4,4) [ 0.00927R4 | 807
TscthineG (2,41 | 0099826 | 082

Krinsky (2, 4) | 00084366 | 4%

Krylov (2.4 ) 00058485 55

Table 6. Simultaneous adaptation for digit
problem

Hidden Layer Crutput Layer Error Epoch
Auloimain __A‘Emmm

Tsutline (4, 4) | Tacline (4, 4) | 00098906 | 1822
Tsethne (4, 4) | Krinsky (2, 4] | 00099240 | (124
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Tseiline (4, 4) | TselineDi2, 4) | 00099214 g4
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Krinsky(2. 4) | Knnskyiz. 4r | 00090366 366
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