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Abstract MapReduce parallel programming model simplifies the complexity of parallel programming. Through calling a
convenient interface and runtime support libraries. MapReduce parallel programming model makes large scale parallel
computing tasks automatically execute concurrently without caring about the underlying implementation details, thus it
can exert significant computing power in the large-scale low performance cluster, which is cost saving as well, This pa-

per reviewed the research of MapReduce parallel programming model at home and abroad, analysed the strengths and

weaknesses of current research achievements,and prospected the future trend for the MapReduce.
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