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In general, small-sized neural networks, even though they show good generalization performance, tend to fail to leamn
the training data within a given error bound, whereas large-sized ones learn the training data easily but yield poor
generalization. Therefore, a way of achieving good generalization is to find the smallest network that can learn the data,
called the optimal-sized neural network. This paper proposes a new scheme for network pruning with ‘impact factor
which is defined as a multiplication of the variance of a neuron output and the square of its outgoing weight. Simulation
results of function approximation problems show that the proposed method is effective in regression.
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Table 1. The overall procedure of the pruning algorithm
using tmpact Factor for a two-layer neural ne
work with one output neuron.
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Table 2.The overall procedure of the pruning algorithm

using Impact Factor for a three—layer neural

network with one output neuron.
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