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ABSTRACT

In this paper we present an application of the leaming automaton approach to allow the
sigmoidal nonlinearity to be more flexible in order to adopt itself to the undelying problem. By
interconnection of automata to the feedforward neural networks, we apply the leaming
automaton scheme for adjusting the parameters of sigmoidal functicns based on the observation
of random response of the neural networks. Simulation results show that flexible sigmoidal
function by using the learning automata approach enhances the ability of neural net learning

algorithm.
1. INTRODUCTION

Artificial neural networks as non-linear model free adaptive dynamic systems offer a
practical approach for real problems that sequentially computational devices (serial processors
such as digital computers) can not solve. For these problems there are no computational
algorithms, or if there is one, the algorithmic solution is too slow. Neural networks with their
inherent parallelism need not to be explicitly programmed with any algorithm which would solve
the problem; instead they will learn to solve the problem at hand. In fact, they learn data

transformation. Although this remarkable capability of multi-layer feedforward neural networks
made them very popular, they suffer from some drawbacks such as need for training data set and
training period. The latter is the major drawback which is directly related to the speed of




convergence of the training algorithms. This becomes a limiting factor specially for the real
problems which require high degree of matching accuracy.

The standard on-line backward error propagation is the most useful leaming algorithm for
multi-layer feedforward neural networks. Since the backpropagation learning algorithm [1] was
first popularized, there has been considerable research on methods to accelerate the convergence
of the algorithm. This research falls roughly into two categories. The first category involves the
development of ad hoc techniques (e.g., [2]-[5]). These techniques include such ideas as varying
the learning rate, using momentum and re-scaling variables. Another category of research has
focused on standard numerical optimization techniques such as conjugate gradient or quasi-
Newton methods.(e.g.. [6]-[8]).

The computation of the sensitivity for each neuron of the multilayer feedforward net
requires that the derivative of the activation function associated with that neuron exists. For this
to be so, the activation function has to be continuous. A popular example of differentiable
nonlinear function which is commonly used in MLP nets is sigmoidal type functions. In all of the
methods mentioned above, it was assumed that the sigmoidal nonlinearity and the saturation
limits are inflexible; it means that the coefficient of the exponent of the exponential term and the
scaling factor are fixed.

Knowing that the sigmoidal type functions. such as log-sigmoid and hyperbolic tangent,
are commonly used as activation functions in MLP nets. one may consider their coefficients to
determine the steep of function's linearity. By doing so. we gain much flexibility in order to move
the net inputs of the sigmoidal functions near to their active regions where the associated
gradients are not very close to zero. This makes the BP algorithm not be trapped to some points
in the network parameters space where the BP algorithm would effectively stop, even though 1t 18
not close to a local minimum point.

As mentioned earlier, one problem in convergence of standard BP algorithm occurs
because of the shape of the sigmoid function. The derivative of the sigmoid becomes very small
out on the tails. This will cause the gradient of the error function to be small if the sigmoid is
shifted far outside the active region of the input to the function. Therefore, we want the center of
each sigmoid to be inside the active region of the input function. In addition, for the same reason,
we do not want the slope of the sigmoids to be too high. We want each sigmoide to be
approximately linear over some subset of the active region of the net input. By considering the
coefficients of sigmoidal type functions as variables, we may be able to enhance the range of
linearity of the sigmoidal function while it is needed.
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Theory of Leaming Automaton (LA) has made significant progress in the last
decades and has attracted considerable interest due to their potential applicability in many
different real-time engineering problems[8]. The main idea behind the learning automaton
approach is to provide a general framework for the design of large stochastic distributed
systems. Games of automta deals with the behavior of a collection of automata operating in a
random environment. Any game of automata consists of more than one automata and results in
some outcome depends on the behavior of these automata. Since, in general. each automata as a
different performance criterion, the outcome is valued differently by each automata. The extent to
which the automata can communicate with one another, the information available to each
automata, the causal relations between the actions of the automata and the outcome of the game
along with any binding agreements that the automata can enter into, all determines the rules of
the game.

In this paper we present an application of the leaming automaton approach to
allow the sigmoidal nonlinearity to be more flexible in order to adopt itself to the underlying
problem. This has been done for the following two different cases:

Case 1. In this case. by interconnection of automata to the feedforward neural
network, we apply the leaming automaton scheme for adjusting the parameters of sigmoidal
functions . The parameter adaptation is accomplished based on the observation of random
response of the neural networks.

Case II. In case I. we only considered a single automata to adjust the flexible coefficients
of the sigmidal functions of neurons. Whereas, in this case we use a collection of automata to
simualtaneously adjust both the leaming rate and flexible coefficient of sigmidal nonlinearites in
order to increase the rate of convergence of neural net leaming algorithm.

In order to show the strength of our approach. some simulations have been done. The
results of simulations are very promising indicating that the flexible sigmoidal function by using
the learning automata approach enhances the ability of neural net leaming algorithm. The paper
is organized as follows. Section 2 briefly presents the basic backpropagation algorithm. The
learning automaton is then introduced in section 3. Section 4 introduces the theory of game
of automata. Section 5 presents simulation results and discussions. Section 6 concludes the

paper.
2. BACKPROPAGATION ALGORITHM

Given the multilayer feedforward network, such as the three-layer network of Figure 1
with the basic building block diagrammed in Figure 2 and assuming that the nonlinear functions
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in figure 1 are of sigmoidal shape functions either log-sigmoid or hyperbolic tangent which are

respectively represented by the following two functions:
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where ci” (k) is the steepness coefficient of the sigmoid nonlinear function of neuron i in layer
* 141 at time k that determines the range of linearity of the sigmoidal function for a fixed nf+f, for
an M layer network the system equations become [9]

Forward Equations::
a_ﬂ{k] =E(q). g=1.2,..Q
al +1 (k)= (W (k)ad () + B+ Lyl * I(k)),
1=0,1, ..., M-1
a(k)=aM (k).
Backward Equations:

sM = -FM@M) (1, -a(k,p(q)))
. T
s'(k) = F'@") (W) s (k).
Adjustment Equations:
Aw! (k) = -o(k) si(k) af’ (k),
Ab (k) = -o(k) 5; (k).
where o(x) is the leaming rate at time instant k, 5/ (k) denotes the sensitivity of the performance

index to changes in the net input of unit i in layer I at sampling time k, and

fl@ly 0
0 f!(ngj S 0 f}
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Figure 1. Three-Layer Feedforward Network
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Figure 2. Basic Network Computing Element

The overall learning algorithm now proceeds as follows: first, propagate the input forward
using forward equations: next, propagate the sensitivities back using backward equations; and
finally, update the weights and offsets using adjustment equations.

Knowing that the sigmoidal type functions, such as log-sigmoid and hyperbolic tangent,
are commonly used as activation functions in MLP nets, we may consider their coefficients
which determine the steep of function linearity. By doing so, we gain much flexibility in order to
move the net inputs of the sigmoidal functions near to their active, better to say, linear regions
where the associated gradients are not very close to zero. This makes the BP algorithm not be
trapped to some points in the network parameters space where the BP algorithm would
effectively stop, even though it is not close to a local minimum point.
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3. LEARNING AUTOMATA (LA)

This section introduces the basic idea of leaming automata. The theory of learning
automata is concerned with the analysis and synthesis of fixed or variable structure automata in a
random environment. In this section we briefly describe the variable structure LA. For more
information including fixed structure LA one may refer to [8].

- Variable structure automata is represented by the sextuple < X,¢,0.,P.G.T>, where x is the input
set, ¢ is the set of states of the automata, « is the action set, p(k) is the state probability vector
governing the choice of the state at each stage k, and G is the output mapping. In this paper G is
taken to be deterministic and one-to-one (i.e., the number of actions is equal to that of states and
they are regarded to be synonymous). The learning algorithm, which is a recurrence relation, is
denoted by T and it is used to modify the state probability vector, that is, it generates p(k+1) from

p(k).
The environment in which the automata operate is represented by triple <a, x, D=>. The
environment has random response characteristics. It's input is a(k). a(k) € {@t,,at,...... 0,

and it's output belongs to the set X. In a P-model which is our interest X(k) € {0,1} and the
environment is characterized by the success probability vector D =(d,.d,.,...,d,;) .with

; =Prob|X(k) = ljo(k) = o, ]
If the d;° don't depend on k. the environment is said to be stationary. otherwise it is non-
stationary. If E1,E2.....En are stationary environments which can themselves be considered as
states of a Markov process, we will have the Markovian switching Environment. If the d, (k )~
vary periodically with time. the environment is called periodic environment.

In the P-model, the random variable X(k) takes only two values X(k)=1. known as the success
input with probability d,(k) and X(k)=0 known as the penalty input with probability
c,(k)=1-d, (k).

Figure 3 represents a feedback connection of an automata and an environment. The
environment models the system that communicates with the automata and supplied it with
information. In the context of neural networks the random environment represents the realization
of an optimization function to be minimized. at each time. The automata collects data from the
environment and process it in order to achieve the desired performance.

The actions of the automata form the inputs to the environment and the responses of the
environment in turns are the inputs to the automata. In automata the probability distribution is
adjusted using an adjusted mechanism to reach the desired goal. This is the heat of the automata.
The automata take one of a set of actions based on a set of corresponding probabilities and the
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envircnment responds to the automata by indicating success or failure. The automata then adjust
its behavior based on this feedback by altering the set of probabilities. This is repeated until
optimal performance of the automata is achieved.

— | Environment
o(k)

X(k)

Automata -———

Figure 3. Automata and Environment

It is evident from the description of the LA that the crucial factor affecting the
performance is the learning algorithm for updating the action probabilities. Various learning
algorithms have been reported in the literature[11-14]. The Linear Reward-Inaction (LR-I)
scheme is one of the earliest schemes. Let O, be the action chosen at time k as a sample

realization from distribution p(k). In an (LR-]) scheme the recurrence equation for updating p is
defined as:
For X(k)=1,

pi(k+1)= Fi(k)"'e(l = Pi{k})f

pj(k"'l]:pj{k}_apj(k}r J#1i,
and for X(k)=0,

p;(k+1)=p,(k).
The parameter 0 is called step length: it determines the amount of increase (decrease) of the
action probabilities, i.e., the probability p. (k) is increased (decreased) if the action €, (Dt ; ] is
performed and it results in a favorable response (X(k)=1). The probabilities are not changed if
failure occurs. In an (LR.p) scheme the recurrence equation for updating p is defined as:
For X(k)=0.

pi(k+1)=p;(k)+6(1-p,;(k)),

p;(k+1)=p,;(k)-0p,(k), j#i.

and for X(k)=1,
pi(k+1) =(1 “"l')F'j(k}

pi(k+1)=p;(k)+y(1-p;(k)), i#]
The parameters ¥ and O represent step lengths; they determine the amount of increase (decrease)
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of the action probabilities. i.e.. the probability p;(k) is decreased at stage k+1 if the action ; is
performed and it results in a favorable response (X(k)=1) and increased by an amount

proportional to (l =35 [k}] for an unfavorable response.

4. GAME OF AUTOMATA

Any game of automata consists of more than one automata and results in some outcome
which depends on the behavior of these automata. The extent to which the automata can
communicate with each other, the information available to each automata. the relation between
the actions of the automata and the outcomes of the game along with any binding agreements that
the automata can enter into. all determine the rules of the game. The complexity of the game can
be classified in various ways depending on the number of players, the performance criteria (zero-
sum or nonzero-sum) and the nature of communication used (cooperative or non-cooperative).

In this paper a cooperative game of two leaming automata is used to find the best values
for parameters (¢, leamning rate, and ¥ . momentum factor. Two automata A] and A2 involving

in a cooperative game have the action sets

{ail, i= 1,2,.,.,5‘1} and {o:f, j= 1,2....,r3}‘
respectively. The game can be represented by an {1‘1 x rg} payoff matrix D whose (i.j)-th
element djj, represents the probability of success when the action pair (ail, orf ) is chosen.

For our application dij = prob(e1 = T] when Al chooses value of ail for the parameter

o and value of t:.*:j2 for parameter of ¥, where e, is the error at time t and T is a threshold which

is properly defined.

be the action probability vectors of the two automata at stage n. Each automata operates
independently and in a total ignorance of the other automata. Both automata receive identical
payoff as the results of the game (selection of specific values of & and ¥ ) at stage n. The goal of
the game is to find the best values for & and ¥ in order to increase the likelihood of achieving
global minima as much as possible. Each automata uses a leaming algorithm of variable structure
type for its choice resulting in the selection of an action at each play of the game. In matrix D, djj
is called the local minimum if it is simultaneously the minimum of the i-th row and the J-th
column. The global minimum is the minimum of all local minimum.

Studies have shown that under stationary environment (when matrix D is time
independent) the convergence is to one of the local minima with probability of arbitrary close to
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one. In order to achieve global optimality with with probability of arbitrary close to one, the
pavoff matrix D must have a unigue equilibrium point or restriction on the type of information
availabie to the autamata must be relaxed. In fact, if actions chosen by the automata are made
known to other automata, estimaton algorithms can be applied and automata will converge the
global minimum.

The payoff matrix for a two cooperative automata game operating in a neural net
environment is ime dependent and can be modeled as

D(t) = f(W(t-1),p(t-1).q(t-1)).
where D(t)is the payoff matrix at time t. W(t-1), P(t-1), and g(t-1) are the neural network
adjustable parameters, the action probability vector for automata A] and the action probability for
automata A2, respectively.

The theory of two automata operating under such a complex time varying environment is
under development by the authors. But simulation results have shown that the use of such a game
helps the neural net to adaptively find good values for parameters @ and ¥ in order to increase

the probability of escaping the local minima.

5. SIMULATION RESULTS

The (LA+ NN) scheme, as described in the previous section, was tested on a function
approximation problem illustrated in Figure 4. A 1-5-1 network, with a hidden laver of sigmoid
nonlinearities and a linear output layer, was trained to approximate this sinusoidal function.

Irﬁ'

—l S Se—

-1 0 1
Figure 4. Function Approximation

The training set consisted of 20 input/output pairs, where the input values were scattered in the
interval [-1.1]; and the network was trained until the sum of squares of the errors was less that the
error goal of 0.033. Figure 5 displays the training curve for the standard BP with a=.01. After
5005 epochs the training took 13536475 flops with the sum of squared error of 0.0329.

Figure 6 shows the leaming curve for the case in which variable leaming rate BP has been
applied to the same network. As we can see that after 2338 epochs the network could reach the



error goal with total flops of 6331427, Figure 7 shows the response of the network when we
applied LA for adaptive selection of the sigmoidal coefficients of neurons. Here the standard BP
scheme has been used with fixed step size of «=0.01. As seen, the overall (LA+NN)-scheme
performance is excellent. In this case, after 543 epochs the training took 2403100 flops with the
total sum of squared error of .032.

Figure 8 represents the learning curve for the case in which we applied the cooperative
game of automata scheme for adjustment of both leamning rate, o, and the neuron's flexibility
coefficients. In this case, the training took 681369 flops for 152 epochs with the sum of squared
error of 0.0176. Figure 9 shows the case in which the sigmoidal coefficients are updated
iteratively. Here, the network with standard BP scheme reaches the error goal after 2371 epochs

with total 15880977 flops.

5. CONCLUSION

In this study another application of the learmning automaton approach into the neural
networks has been presented. This approach allows the sigmoidal nonlinearity to be more
flexible in order to adopt itself to the underlying problem. By interconnection of automata to
the feedforward neural networks, we apply the leaming automaton scheme for adjusting
the parameters of sigmoidal functions based on the observation of random response of the
neural networks. Simulation results show that flexible sigmoidal function by using the leaming
automata approach enhances the ability of neural net leaming algorithm.
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Figure 5. Leaming Curve for 5td. BF, a=0.01.
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Figure 9. The Sigmoidal Coefficients are updated Iteratively
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