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Node Resource Parameter Optimization Strategy for Hadoop

ZENG Wanlin, CHEN Xingshu,LUO Yonggang
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[ Abstract] For solving the problem of node resources optimization in Hadoop platform, this paper proposes a
MapReduce parameter optimization strategy. When a new job is submitted, it first gets feature value of resource
utilization, and then calculates the relative distance with the jobs in the signature database. At last, it selects the
configuration of the job with the minimum relative distance as the optimal configuration. If the configuration is not found,
it gets optimal configuration by the way of iteration and then updates the feature database. Experimental results show that
the proposed strategy can effectively improve the efficiency of job execution and reduce the execution time compared with
the default parameter configuration.
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