In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

This method automatically reduces the ’temperature’ when parameters are close to the optima and hence the correlations are small. Towards the end, the step size also can be reduced for precise convergence. The only assumption in the algorithm is that the error measure is a function of the weights and the training set. It makes no assumption about the structure of the network or the actual error measure being used. This allows the use of networks with feedback connections and error measures other than the traditionally used squared error.

SIMULA TION RESULTS

Simulations were done to investigate the effectiveness of Alopex as a learning algorithm. The initial set of experiments compare the number of iterations taken by Alopex and backpropagation on three standard learning tasks.

T able 1 shows the average number of iterations taken by the two algorithms over 100 trials for learning the XOR, parity and encoder problems. We can see that the average number of iterations taken by Alopex is comparable to those taken by backpropagation. Three different error functions were used to study the performance. It may be pointed out that in Alopex all the weights are updated synchronously and hence with a parallel implementation, the computation time taken per updating would be much less than that of backpropagation.

Table 1: Comparison of BP and Alopex with square error measure

Backpropagation Alopex

XOR(2–2–1 network)

Parity(4–4–1 network)

Encode(4–2–4 network)

3,656

595

2,676

478

353

3,092

Alopex has the additional advantage that any error measure could be used for learning. We have used three dif ferent error measures. They are:

(i) the traditional squared error measure, S (t–o)

2

(ii) the square root error, [S (t–o)

2

]

1 / 2 and

(iii) the information theoretic error measure, S t.log(t/o)[7][8]

(t and o denote the target and output vectors, respectively)

T able 2 shows the average number of iterations (over 100 trials) for the three tasks and the number of times the network did not converge after 20,000 trials. For the XOR problem, it can be seen that networks using the information theoretic error measure gets ’stuck’ only on 4% of the trials while those using the traditional squared error measure gets ’stuck’ on 19% of the trials. This is due to the fact that log error measure creates a smoother error surface with fewer local minima. This is illustrated in Figure 1. Figure 1a and 1b show the error surface around the solution point with respect to the weights w3 & w6 and w4 & w5 (see Fig. 2), for square error. Figure 1c and 1d show corresponding surfaces for log error. We can see that the surface for the log error is much smoother than that for the square one.

Table 2: Comparison of experiments with different error measures

XOR, 2–2–1

NETWORK

P ARITY , 4–4–1 NET-

WORK

ENCODE, 4–2–4 NET-

WORK

Error Measure A v . no. of iterations

% of times

’ stuck’

A v . no. of iterations

% of times

’ stuck’

A v . no. of iterations

% of times

’ stuck’

Log

Square

Square root

B.P(Square)

1484

478

1762

3656

4

19

14

15

297

353

332

595

0

0

0

0

2996

3092

31 14

2676

0

1

1

0

In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

ALOPEX ALGORITHM

Alopex is a stochastic parallel algorithm which has been used previously, in different forms[4][5][6], in models of visual perception and for solving combinatorial optimization problems[3][4]. Here, the learning process in a neural network is treated as an optimization problem. The objective is to minimize an error measure E, which is a function of the network weights {w i j } and training inputs. The version of the algorithm which is used in the present studies, as a learning algorithm in neural networks is as follows:

Consider a neuron i with an interconnection strength w i j , from neuron j. The net input to the neuron i n e t i

� � w i j

o u t j

� � i j where out j is the output of neuron j and q i is the threshold of neuron i . q i is updated like a weight during each iteration.

If neuron i contains a sigmoidal transformation, its output is given as, o u t i

�

1

1 � e x p ( � n e t i

� Q

0

) where Q o is the sigmoid gain. Using the Alopex algorithm, during the n

t h iteration, the weight w i j is updated according to the rule, w i j

( n ) � w i j

( n � 1 ) � � i j

( n ) where d i j (n) will have a small positive or negative step of size d with the following probabilities

*

:

d i j (n) = – d with probability P i j (n)

+ d with probability (1–P i j (n))

The probability P i j (n) is given by the expression:

P i j

( n ) �

1

1 � e x p ( � � i j

( n ) � T ) where D i j (n) is given by the correlation:

� i j

( n ) � � w i j

( n ) . � E ( n )

D w i j (n) and D E(n) are the changes in the weight w i j and the error measure E over the previous two iterations.

i.e

� w i j

( n ) � [ w i j

( n � 1 ) � w i j

( n � 2 ) ] a n d

� E ( n ) � [ E ( n � 1 ) � E ( n � 2 ) ]

In the expression for P i j (n) , T is a positive ’temperature’ that determines the effective randomness in the system. With a non–zero value for T , the algorithm takes biased random walks in the direction of decreasing E . The simulations are started with a large value for the ’temperature’ T . Subsequently, the ’temperature’ is set equal to the average value of the correlation D i j over all weights.

i.e., T = | D |

___________________________________________

* During the first two iterations, the weights are randomly perturbed.

In Proceedings of IJCNN, pp. I926–I931 (IEEE Press, 1992)

LEARNING IN CONNECTIONIST NETWORKS USING THE ALOPEX ALGORITHM

K P Unnikrishnan

*

K P Venugopal

#

* Computer Science Department, GM Research Laboratories, Warren, MI 48090.

# Center for Advanced Marine Systems, Florida Atlantic University, Boca Raton, FL 33431.

Abstract

W e describe the Alopex algorithm as a universal learning algorithm for neural networks. The algorithm is stochastic and it can be used for learning in networks of any topology, including those with feedback. The neurons could contain any transfer function and the learning could involve minimization of any error measure. The efficacy of the algorithm is investigated by applying it on multilayer perceptrons to solve problems such as XOR, parity and encoder . These results are compared with that ones obtained using backpropagation learning algorithm. The scaling properties of Alopex are studied using the encoder problem of different sizes. Taking the specific case of XOR problem, it is shown that a smoother error surface, with fewer local minima could be obtained by using an information theoretic error measure. An appropriate ’annealing’ scheme for the algorithm is described and it is shown that the

Alopex can escape out of the local minima.

INTRODUCTION

Computing the gradient of a global performance measure with respect to the network parameters, using only locally available information, is a desirable feature in connectionist networks. In this case, the training algorithm becomes a separate entity and the interconnection strengths can be updated synchronously. This reduces the overhead on a practical hardware implementation. Also this gives additional flexibility to choose an appropriate performance function depending up on the type of the problem. The popular backpropagation(BP) algorithm developed by Rumelhart et al[1], recursively computes the gradient of the error by propagating it backwards through the layers. Because of the deterministic nature of the algorithm, the network may converge in to a local minimum. Also, the algorithm can minimize only the squared error. For specific classes of problems, a smoother error surface (with fewer local minima) can be obtained by choosing an appropriate error function. Hence an algorithm which uses a fixed error function may not be the best one in all the cases.

In this paper, we describe Alopex[2] as a universal learning algorithm for neural networks. It has the following advantages: (i) any error measure can be used; (ii) the neurons may contain any transfer function; (iii) multilayered networks with feedback can be trained; (iv) all connections in the networks are updated synchronously, allowing efficient parallelization; (v) stochastic nature of the algorithm can be used for overcoming local minima; (vi) the algorithm is easily implementable using analog circuitry. The algorithm uses correlation between changes in individual connection strengths and changes in global error measures for modification of connections. We investigate the efficacy of this algorithm for learning in multilayer perceptrons. Taking the specific case of XOR problem, we show that using an information theoretic error measure[7][8], smoother error surfaces and improved classifications are possible. An appropriate ’cooling schedule’ for overcoming local minima is described and the simulation results are discussed.

Conver gence times for XOR, parity and encoder problems are compared with backpropagation, and scaling properties are investigated using the encoder problem.