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Research on Memory Management and Cache Replacement Policies in Spark

MENG Hong-taoc YU Song-ping LIU Fang XIAO Nong
(School of Computer, National University of Defense Technology,Changsha 410072, China)

Abstract Spark is a big data processing framework based on Map-Reduce. Spark can make full use of cluster memory,
thus accelerating data processing. Spark divides memory into Shuffle Memory, Storage Memory and Unroll Memory ac-
cording to their functions. These different memory zones have different characteristics, The features of Shuffle Memory
and Storage Memory were tested and analyzed. RDD (Resilient Distributed Datasets) is the most important abstract in
spark, which can cache in cluster memory. When the cluster memory is insufficient, Spark must select some RDD parti-
tions to discard to make room for the new ones. A new cache replacement policies called DWRP (Distributed Weight
Replacement Policy) was proposed. DWRP can compute the weight of every RDD partition based on the time of store in

memory, size and frequency of use,and then select possible RDD partition to discard based on distribution features, The
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performance of different cache replacement policies was tested and analyzed at last.

Keywords Big data, Spark memory management, RDD cache, Cache replacement policies
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