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Abstract

Generalization of the Recurrent Cascade
Correlation Algorithm and Morse Signal
Experiments using new Activation Functions

Lee, Sang-Wha* < Song, Hae-Sang*

Recurrent-Cascade-Correlation(RCC) is a supervised learning algorithm that automatically determines
the size and topology of the network. RCC adds new hidden neurons one by one and creates a multi-layer
structure in which each hidden layer has only one neuron. By second order RCC, new hidden neurons are
added to only one hidden layer. These created neurons are not connected to each other. We present a
generalization of the RCC Architecture by combining the standard RCC Architecture and the second order
RCC Architecture. Whenever a hidden neuron has to be added, the new RCC learning algorithm
automatically determines whether the network topology grows vertically or horizontally. This new algorithm
using sigmoid, tanh and new activation functions was tested with the morse-benchmark-problem. Therefore
we recognized that the number of hidden neurons was decreased by the experiments of the RCC network
generalization which used the activation functions.

Key words : RCC, Second order RCC, sigmoid, tahh, new activation function

* School of Computer, Information and Communication, Seowon University
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