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On the Configuration of initial weight value for the Adaptive

back propagation neural network

Bong-Wha, Hong*

Abstract

This paper presents an adaptive back propagation algorithm that update the learning parameter
by the generated error, adaptively and configuration of the range for the initial connecting weight
according to the different maximum target value from minimum target value.

This algorithm is expected to escaping from the local minimum and make the best environment
for the convergence. On the simulation tested this algorithm on three learning pattern. The first
was 3-parity problem learning, the second was 7X5 dot alphabetic font learning and the third was
handwritten primitive strokes learning. In three examples, the probability of becoming trapped in
local minimum was reduce. Furthermore, in the alphabetic font and handwritten primitive strokes
learning, the neural network enhanced to learning efficient about 27%~57.2% for the standard back
propagation(SBP). '

* Semyung Univ. Dept. of Computer Aided Mathematical Information Science, processor



