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A Layer-by-Layer Learning Algorithm using Correlation
Coefficient for Multilayer Perceptrons
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Abstract

Ergezinger's method, one of the layer-by-layer algorithms used for multilyer perceptrons, consists of an
output node and can make premature saturations in the output’s weight because of using linear least squared
method in the output layer. These saturations are obstacles to learning time and covergence. Therefore, this
paper expands Ergezinger’'s method to be able to use an output vector instead of an output node and introduces
a learning rate to improve learning time and convergence. The learning rate is a variable rate that reflects the
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correlation coefficient between new weight and previous weight while updating hidden’s weight. To compare the

proposed method with Ergezinger’s method, we tested iris recognition and nonlinear approximation. It was found

that the proposed method showed better results than Ergezinger’s method in learning convergence. In the CPU

time considering correlation coefficient computation, the proposed method saved about 352 time than the

previous method.
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Fig. 1. Structure of MultiLayer Perceptrons
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1. Initialize weights and parameters
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Compute MSE using eq. (2.1)
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viria = v (1 +ef ) Ay
6. Recompute MSE™™ with (W) and (Vtrial)

7. If MSE™™ < MSE then

update the hidden-input weight
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MSE = MSE™
p=pepf, 0<pg<1
go to step 9
8. else
p=pey y>1
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9. Test for completion
If not satisfied with ending condition,
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