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seudo Relevance Feedback ( PRF) algorithms,

1, namély\REM, was proposed. Firstly, the first-
ocuménts in¥the pseudo relevant set were re-ranked
intention and the documents of pseudo relevant set and

rankedf doguments of the re-ranking were regarded as the

expansion source to the second-retrieval. The e)§1(' ent; sults sHow that, compared with two classical PRF methods, the
proposed model can improve the performance %al and @btaln more relevant feedback document to the user query
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