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Abstract

In order to improve the several problems of the general backpropagation, we propose a method

using a fuzzy logic system for automatic tuning of the activation function gain in the
backpropagation. First, we researched that the changing of the gain of sigmoid function is
equivalent to changing the learning rate, the weights, and the biases. The inputs of the fuzzy logic
system were the sensitivity of error respect to the last layer and the mean sensitivity of error
respect to the hidden layer, and the output was the gain of the sigmoid function. In order to verify

the effectiveness of the proposed method, we performed simulations on the parity problem, function

approximation, and

pattern recognition. The results show that the proposed method has

considerably improved the performance compared to the general backpropagation.
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