i - L R T P

New Classes of Learning Automata Based Scheme for Adaptation of
Backpropagation Algorithm Parameters

M. R. Meybodi Hamid Beigy

i Computer Engineering Department

Amirkabir University of Technology
Tehran, Iran

i Email : Beigy@ce.aku.ac.ir

| ABSTRACT: One popular leaming algorithm for feedforward neural networks is the backpropagation (BP) algorithm
which includes parameters, learning rate (v), momentum factor (o) and stespness parameter (A). The appropriate
selections of these parameters have large effect on the convergence of the algorithm. Many techniques that adaptively
adjust these parameters have been developed to increase speed of convergence. In this paper. we shall present several
classes of learning automata (LA) based solutions to the problem of adaptation of BP algorithm parameters. By
interconnection of LA 1o the feedforward neural networks, we use LA base scheme for adjusting the parameters n, o,
and A based on the observation of random response of the neural nerworks. One of the important aspects of proposed
schemes is its ability to escape from local minima with high possibility during the training period. The feasibility of
I proposed methods are shown through the simulations on several problems.

I. INTRODUCTION

BP algorithm is a systematic method for training multilayer neural networks [Rumelhart 1986]. Despite the many
successful applications of BP, it has many drawbacks. For complex problems it may require a long time to train the
networks, and it may not train at all. Long training time can be the result of the non-optimum values for the parameters
of the training algorithm. It is not easy to choose appropriate values for these parameters for a particular problem. The
parameters are usually determined by trial and error and using the past experiences. For example, if the learning rare is
too small, convergence can be very slow, if too large, paralysis and continuos instability can result. Moreover the best
value at the beginning of uaining may not be so good later. Thus several researches have suggested algorithms for
automatically adjusting the parameters of training algorithm as training proceeds.
Arabshahi et al. [Arabshahi 1992] proposed an BP algorithm in which the learning rate is adapted. They proposed that
the learning rate to be adjusted using a fuzzy logic control system. Kandil et al. [Kandil 1993] used optimum, time-
varying learning rate for multi-layer neural metwork by linearizing the neural network around weight vector at cach
iteration. Parlos et al. [Parlos 1994] proposed an accelerated learning algorithm for supervised training of multi-layer
neural networks named adaptive BP algorithm. In their proposed algorithm the leamning rate is a function of the error
and the error gradient. Darken and Moody [Sarkar 1995], Solmon [Sarkar 1995], Fallside and Chan [Sarkar 1995] has
proposed other schemes for adaptation of learning rate. Sperduti and Starita [Sperduti 1993] proposed an BP algorithm
in which the steepness parameter is adapted using gradient descent algorithm. Several LA based procedures have been
also developed [Menhaj 1994][Menhaj 1996)[Menhaj 1996][Menhaj 1997](Beigy 1997][Beigy 1998). In these
methods variable structure learning automata (VSLA) or fixed structure learning automata (FSLA) have been used to
find the appropriate values of parameters for the BP algorithm. In these schemes either a separate LA is associated to
- each layer of the network or a single LA is associated to the whole network to adapt the appropriate parameters. It is
: shown that the learning rate adapted in such a way not only increases the rate of convergence of the network but it
£ . bypasses the local minimum in most cases.
s In this paper, we propose two new classes of LA based schemes for adaptation of appropriate learning rate or steepness
parameters for BP algorithms. Unlike the existing LA based schemes, in these schemes one LA is assigned to every link
or every neuron in the network for determining the parameters for that link or neuron. The simulation results show the
feasibility of the proposed method and its superiority to the existing LA based schemes. The proposed schemes have two
important aspects: higher speed of convergence and a high probability of escaping from the local minima. In order to
evaluate the performance of proposed schemes simulations are carried out on four learning problems: digit recognition
: [Sperduti 1993], encoding [Rumelhart 1986], odd parity[Rumelhart 1986], and symmetry problems [Rumelhart 1986)
and the results are compared with results obtained from standard BP. These problems are chosen because they posses
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different error surfaces and collectively present an environment that is suitable to determine the effect of proposed

method.

The rest of the paper is organized as follows: Section II briefly presents the basic BP algorithm and LA. Application of
LA for adaptation of learning rate, momentum factor, and steepness parameter is given in section [II. Section [V
presents the proposed LA based schemes. The simulation results are given in section V. Section V1 concludes the paper,

I1. BACKPROPAGATION ALGORITHM AND LEARNING AUTOMATA

Backpropagation Algerithin: BP training algorithm which is an iterative gradient descent algorithm is a simple way to
train multilayer feedforward neural networks [Rumelhart 1986]. The BP algorithm is based on the gradient descent rule:

AWin) = nG(n)+acAW(n-1) (1)
where W is the weight vector, n is the iteration number, 7 is learning rate, o is momentum factor, and G is gradient of
error function which is givenby G(n) = =VE(n) . where E is the sum of squared error given by:
Zparterns # outputs
1
E(n) =-£ Z z IT:-.-"DF-J]E (2)
=l =1

Where T_; and O, ; are desired and actual outpu's for pattern p at output node j. One of the major problems encountered
during implementation of the BP learning rule is proper choice and update of the leaming rate 1 to allow convergence,
while keeping the numnber required iterations at a reasonable number. One of main reasons for investigating the
possibility of the adaptive leaming rate rule is the desire to reduce the sensitivity of the learning on the learning rate,
without adding more funing parameters.

The activation function of every unit is normally a sigmoid function chosen between 1/1+exp(-Anet) and tanh (Anet) .
The coefficient of the exponent of the exponential term determines the steep of linearity of that function and is often set
to a constant value. We gain much flexibility, if we move the net inputs of the sigmoidal functions near to their active
regions, where the associated gradient are not very close to zero. This makes the BP algorithm not be trapped to some
points in the petwork parameters space where the BP algorithm would effectively stop, even though it is not close to a
local minima point. This will cause the gradient of the error fimction to be small if the sigmoidal is shifted far cutside
the active region of the input 10 the input of function. Therefore, it is better to center each sigmoid to be inside the active

region of the sigmoidal funcrion.

Learning Automata: LA can be classified into two main families, fixed and vanable structure leaming automata
[Narendra 1989][Meybodi 1982][Meybodi 1984)[Meyhodi 1987). Examples of the FSLA type that we used in this
paper are Tsetline, Krinsky, TsetlineG, and Krylov automata. An FSLA is quintuple { o, ¢, B,F, G} where:
Na=(a,..., ay) is the set of actions that it must choose from.

)@ =(P,..., ¢, is the set of states.

3) p = {0, 1} is the ser of inputs where “1” represents a penalty and *0" a reward.

4) F : @ P> is a map called the transition map. It defines the transition of the state of the LA on receiving an input.
5) G : ®— a is the output map and determines the action taken by the automaton if it is in state @.,

The selected action serves as the input to the environment which in turn emits a stochastic response B(n) at the time .
B(n) is an element of B={0, 1}and is the feedback response of the environment to the LA. The environment penalize
(i.e., B(n)=1) the LA with the penalty c,, which is the action dependent. On the basis of the response (n), the state of the
LA ®@(n) is updated and a new action chosen at the time (n+1). Note that the {¢;} are unknown initially and it is desired
that as a result of interaction with the environment the LA arrives at the action which presents it with the minimum
penalty response in an expected sense, If the probability of the transition from one state to another state and probabilities
of correspondence of action and state are fixed, the automaton is said FSLA and otherwise the automaton is said VSLA

ITI. LA BASED SCHEMES FOR ADAPTATION OF BP PARAMETERS

In this section, we first, briefly describe previous LA based schemes [Menhaj 1994][Menhaj 1996][Menhaj
1996][Menhaj 1997][Beigy 1997][Beigy 1998] for adaptation of BP parameters and then introduce two new classes of
LA based schemes. In all of the existing schemes, one or more LAs have been associated to the network. The LA (or
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LAs) based onthe observation of the random response of the neural network., adapt one or more of BP parameters. The
interconnection of LA and neural network 15 shown in figure 1. Note that the neural network is the environment for the
LA, The LA according to the amount of the error received from neural network adjusts the parameters of the BP
algorithm. The actions of the LA comespond to the values of the parameters being calculated and input to the LA is
some function of the error in the output of neural network. A function of error between the desired and actual outputs of
network is considered as the response of environment. A window on the past values of the errors are swiped and the
average value of the error in this window computed. If the difference of the average value in the two last steps is less
than the predefined threshold value, the response of the environment is favorable and if this difference of average value
is greater than the threshold value, the response of the environment is unfavorable. Existing LA based procedures for
adaptation of BP parameters can be classified into two groups which we call them group 4 and group B. In group A
schemes, an LA is used for the whole network [Menhaj 1994][Menhaj 1996] whereas in group B schemes, separate LA
one for each layer (hidden and output) are used [Menhaj 1996][Menhaj 1997][Beigy 1997][Beigy 1998]. Each group 4
and B depending on the rype of automata used (fixed or variable structure) can be classified into two subgroups. For the
sake of convenience in presentation, we use the following naming convenrions to refer to different LA based schemes in
class A and class B.

Automata-AV(y): A scheme in class A for adjusting parameter y which uses VSLA Automata,

Automata-AF(y): A scheme in class A for adjusting parameter y which uses FSLA Automata,

Automata -Automata,-BV(y): A scheme in class B for adjusting parameter y which uses VSLA Automata, for hidden
layer and VSLA Automata, for output layer.

Automata-Automata,-BF(y): A scheme in class B for adjusting parameter y which uses FSLA Automata, for hidden
layer and FSLA Automata, for output layer.

The letters F and V in above names denotes FSLA and VSLA |, respectively. For all the LA based schemes reported, it is
shown through simulation that the use of LA for adaptation of BP leamning algonithm parameters increases the rate of
convergence by a large amount. Figure 2 borrowed from [Beigy 1998], compares the effectiveness of different LA based
schemes in class A for adaptation of learning rate for the digit recognition problem. In this simulation the threshold of
0.01 and window size of 1 is chosen. For linear reward-penalty automata the reward and penalty coefficient 0.001 and
0.0001 are chosen. It is reported that FSLA based schemes have performance much higher than the VSLA based
schemes [Meybodi 1998). Also simulation studies have shown that by using LA based scheme for adaptation of learning
rate or momenmum {actor we can compute a new point that is closer to the optimum than the point computed by BP
algorithm which uses a fixed predetermined leamning rate or momentum factor [Beigy 1997][Menhaj 1997] .
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Figure 2: Performance of different class A based schemes
a: Standard BP  b: Tsetline(4,4}-AF (T]) ¢ Krinsky(2,4)}-AF (T])
d: Krylov(2 4FAF (T]) & Lgp-AV (T])

Figure 1: The interconnection of leaming automara and neural network

IV. NEW CLASSES OF SCHEMES FOR ADAPTATION OF BP PARAMETERS

In this section we propose two new classes of LA based schemes called class C and D. In a class C scheme one
automata is associated to each link of the network to adjust the parameter for that link and in a class D scheme one
automata is associated to each neuron of the network to adjust the parameter for that neuron. Group C and D schemes
may be referred to as the local parameter adaptation methods. We use Automata-CV(y) and Automata-CF(y) to refer
to the schemes in class C and Automata-DV(y) and Automata-DF(y) to refer to the schemes in class D.

We use class C schemes for adaptation of learning rate and class D schemes for adaptation of steepness parameter. In
class C and D schemes, the automata receives favorable response from the environment if the algebraic signof
derivative in two consecutive iterations is the same and receives unfavorable response if the algebraic sign of the
derivative in two consecutive iterations alternates. The following algorithms describe class € and class D schemes.
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