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Abstract

The Error Back-Propagation(EBP) algorithm is widely applied to train a multi-layer perceptron,
which is a neural network model frequently used to solve complex problems such as pattern
recognition, adaptive control, and global optimization. However, the EBP is basically a gradient
descent method, which may get stuck in a local minimum, leading to failure in finding the globally
optimal solution. Moreover, a multi-layer perceptron suffers from lacking a systematic determination
of the network structure appropriate for a given problem. It is usually the case to determine the
number of hidden nodes by trial and error. In this paper, we propose a new algorithm to efficiently
train a multi-layer perceptron. Our algorithm uses stochastic perturbation in the weight space to
effectively escape from local minima in multi-layer perceptron learning. Stochastic perturbation
probabilistically re-initializes weights associated with hidden nodes to escape a local minimum if the
EBP learning gets stuck to it. Addition of new hidden nodes also can be viewed as a special case
of stochastic perturbation. Using stochastic perturbation we can solve the local minima problem and
the network structure design in a unified way. The results of our experiments with several
benchmark test problems including the parity problem, the two-spirals problem, and the
credit-screening data show that our algorithm is very efficient.
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problem.
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