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Abstract: A pproporiate paraneters are very crucial to support vector machines (SYM ) learning results and
generalization ability. The selection problem of SYM parameters is considered as a compound optim ization problem.

Then objective function of optimization problam is set and amutative scale chaosoptimization algorithm is enployed
to search optimal objective function Chaos optimization algorithm is global search method and it need not to
consider SYM dimensionality and complexity. Smulations show that the proposed method is an effective gpproach
for paraneter selection and the good performance for function goproximation is obtained
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