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Abstract

The neural networks are a famous model to learn
the nonlinear function or nonlinear system. The main
point of neural network is that the difference actual
output from desired output is used to update weights.
Usually, the gradient descent method is used for the
learning process. On training process, if learning rate
is too large, neural networks hardly guarantee
convergence of neural networks. On the other hand,
if learning rate is too small, the training spends
much time. Therefore, one major problem in use of
neural networks are to decrease the learning time
while neural networks are guaranteed convergence.

In this paper, we suggest the model of fuzzy
logic to neural networks to calibrate learning rate.
This method is to tune learning rate dynamically
according to error and demonstrates the optimization

of training.
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