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Optimal Design of CMAC network Using Evolution Strategies
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Abstracts : This paper presents the optimization technique for design of a CMAC network by using an
evolution strategies(ES). The proposed technique is designed to find the optimal parameters of a CMAC
network, which can minimize the learning error between the desired output and the CMAC network’s
as well as the number of memory used in the CMAC network. Computer simulations demonstrate the

effectiveness of the proposed design method.
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