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Overfitting Reduction of Intelligence Web Search based on

Enforcement Learning
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Abstract Recent days intellectual systems using reinforcement learning are being researched at various fields of
game and web searching applications. A good training models are called to be fitted with trainning data and
also classified with new records accurately. A overfitted model with training data may possibly bring the
unfavored fallacy of hasty generalization. But it would be unavoidable in actual world. The entropy and
mutation model are suggested to reduce the overfitting problems on this paper. It explains variation of entropy
and artificial development of entropy in datamining, which can tell development of mutation to survive in nature
world. Periodical generation of maximum entropy are introduced in this paper to reduce overfitting. Maximum
entropy model can be considered as a periodical generalization in intensified process of intellectual web
searching.
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