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Abstract:Aiming to solve the CF's (Collaborative Filtering) computing ¢fficiency problem in big data processing,the
paper proposes parallel ASUCF(Average Similarity of User-Item Collaborative Filtering) algorithm.It applies the MapReduce
parallel-programming model in Hadoop platform,which improves the CF's computational efficiency in big data processing
on a single PC.Combined with Mahout,the parallelization of ASUCF is achieved.The paper designs speedup experiments on

different data sets.The experiment results prove that the parallel algorithm brings out better computing performance in big

data processing.
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