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Abstract: Fine — tuned learning, one of the important ways to increase the quality of solution of local search algorithm, is an approxira-
tion leaming method. A fine — tuned operator is used to create a series of different granularity search spaces in which most traps haven’t
been smoothed, so the influence of the traps is reduced. In this paper, a clustering algorithm framework CAT - L (Clustering Algorithm
based on Fine — tuned Learning), stimulated by fine ~ tuned learning, is proposed. Simultaneously, a ncise smoothing fine - tuned opera-
tor, which adapts to deal with clustering problem, is designed. Compared the quality of classical FCM and FCM ~ CAT - L through exper-

iments, the results show that fine — tuned learning is very effective for increasing the quality of cluster.
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