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MemLoop: A Programming Framework Using In-Memory Cache for Iterative Application
LIAN Wen-Bo'?, WANG Mei-Ling'?%, TAO Qiu-Ming?, ZHAO Chen’

!(Institute of Software, Chinese‘Academy of Sciences, Beijing 100190, China)

*(University of Chinese Academy of Science, Beijing 100190, China)

Abstract: The iterative computation is an important big data analysis application. While implementing iterative
computation on the distributed computation framework MapReduce, the iterative program will be divided into more than
one jobs which run in the order defined by the dependencies between jobs, which lead to many interactions between the
program and distributed file system(DFS) that will affect the program’s execution time. Caching these interaction-related
data will reduce the time of interactions between the program and DFS and hence improve the overall performance of
application. Considering that large amount of memory in cluster nodes is unused at most time, this paper proposes a
programming framework called MemLoop using memory cache for iterative application. This__systém sufficiently uses
the free memory in the cluster’s nodes to cache data by implementing the mémory caching management from three
models: job submit API, task scheduling algorithm, cache management. The cached data is classified into two categories:
inter-iteration resident data and intra-iteration dependent data. We compare this framework with previous related
framework. The result shows that MemLoop can improve the performance of iterative program.

Key words: job dependency; in-memory cache; iterative program; inter-iteration resident data; intra-iteration dependent data
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return;
end if
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schedule(part, node);
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