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An Improverment of Performance for Cascade Correlation Leaming
Algorithm using a Cosine Modulated Gaussian Activation Function

Sang-Wha Lee,  Hae—Sang Song
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Abstract

This paper presents a new class of activation functions for Cascade Correlation learning
algorithm, which herein Wil be caled CosGauss function. This function is a cosine
modulated gaussian function. In contrast to the sigmoidal, hyperbolic tangent and gaussian
functions, more ridges can be obtained by the CosGauss function. Because of the ridges, it
is quickly convergent and improves a pattern recognition speed. Consequently it will be
able to improve a leaming capability. This function was tested with a Cascade Correlation
Network on the two spirals problem and results are compared with those obtained with
other activation functions.
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Fig 1. Pattern dlassification using ridges: (a): with five
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CosGauss function.
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Adlivation functions Epochs Units
CosGauss: Bui).OO(N and

6533 89

T =19
Gaussian 2678 175
Symsigmoid 20863 133
Sigmaid 2351 154
Tarh 18702 129
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Fig 16. Comparison of the number of new produced hidden units using CosGauss- and other activation functions.
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