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Design and Application of Compensatory Fuzzy Neural Network Based
on Adaptive Learning Rate Method

WANG Ji-feng, JIANG Yu-lian
(Institute of Automation, Chongqing University of Post &Telecommunications, Chongqing 400065, China)

Abstract: To overcome the disadvantages of general networks such as slow convergence speed and being unable to com-
bine with the expert knowledge etc, the authors introduces compensatory fuzzy neural cells, integrate the powerful knowl-
edge expressiveness of fuzzy system and the excellent self-learning of neural network, and present a novel Compensatory
Fuzzy Neural Network (CFNN) based on Adaptive Learning Rate Method which changes the learning rate using Adaptive
Leamning Rate Method in dynamic way. Finally this method is applied to the actual case. The result proves that it not
only can adjust parameters properly on line, but also can optimize relevant fuzzy reasoning in dynamic way, fasten train-
ing rate.

Key words: neural network; compensatory fuzzy neural network( CFNN) ; adaptive learning rate method ; fuzzy logic
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