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(On the enhancement of the learning efficiency of the
adaptive back propagation neural network using the

generating and adding the hidden layer node)
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Abstract

This paper presents an adaptive back propagation algorithm that its able to enhancement for the
learning efficiency with updating the learning parameter and varies the number of hidden layer node
by the generated error, adaptively. This algorithm is expected to escaping from the local minimum
and make the best environment for the convergence of the back propagation neural network. On
the simulation tested this algorithm on three learning pattern. One was exclusive-OR learning and
the another was 3-parity problem and 7x5 dot alphabetic font learning. In result that the probability
of becoming trapped in local minimum was reduce. Furthermore, the neural network enhanced to
learning efficient about 17.6% ~64.7% for the existed back propagation.
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