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Abstract Spark, an in-memory big-data processing framework is popular to use for real-time
processing workload. Spark can store all intermediate data in the cluster memory so that Spark
can minimize I/O access. However, when the resident memory of workload is larger that the
physical memory amount of the cluster, the total performance can drop dramatically. In this paper,
we analyse the factors of bottleneck on PageRank Application that needs many memory through
experiment, and cluster the Spark with Tachyon File System for using memory to solve the factor

of bottleneck and then we improve the performance about 18%.
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Table 1 Information of flatMap Stage3 in
Worker node
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