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[ Abstract] Based on the analysis of the key technologies of Spark,such as flexible distributed data set and Spark task
scheduling, it is concluded that time of [/O in data processing has a great effect on the computing performance of Spark.
Aiming at this problem, this paper studies the run mode of Spark consolidating files that can reduce the number of cache
files and improve the I/O efficiency of Spark to some extent, but it still has the disadvantage of high memory cost.
Further more, the paper proposes an improved process of Spark Shuffle which designs a mode that every Mapper only
generates one cache file,and every Mapper’ s bucket shares the same memory buffer, thus these improve 1/0 efficiency
and reduce the memory overhead. Simulation results show that,compared with the default mode of Spark,the I/O time of
a wide dependent process is shortened by 42.9% ,which improves the memory utilization and the efficiency of the Spark
platform.
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