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Abstract: Some characters of Data stream make that static mining method can’t meet the requirements of nowadays mining ap—
plication.Many new techniques and methods on frequent pattern mining in data stream have been proposed.In this paper,we give
an overview of these algorithms.Firstly,the concept and characters of data stream are introduced.Then related research work about
data streams are introduced at home and abroad.The characters of mining frequent pattern in data stream are analyzed,and the
common techniques and the representative algorithms of mining are listed.At last,future directions in data stream mining research
are discussed.
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