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Abgtract : Support vector machines (SVM) and fuzzy inference system (FIS) are motivated by statistical learning
theorem (. T) and cognizing theorem respectively. Under some restrictions, the functional equivalence between
SVM and rule-based FISis proposed. Based on the learning mechanism of SVM , the algorithm of designing a rule-
based FIS, Mercer binary FIS(MBFIS) , is presented. The MBFIS agorithm has the good generalization ability and
can avoid the" curse of dimenson” , and has the transparent inference ability. Experimenta results based on a few
Benchmark data sets show that the MBFIS algorithm has better classfication performance.
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