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Abstract

In this paper, we propose pre-arrangement based task scheduling scheme to reduce MapReduce
job processing time. If a task and data to be processed do not locate in same node, the data should
be transmitted to node where the task is allocated on. In that case, a job processing time increases
owing to data transmission time. To avoid that case, we schedule tasks into two steps. In the first
step, tasks are sorted in the order of high data locality. In the second step, tasks are exchanged

to improve their data localities based on a location information of data. In performance evaluation,
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we compare the proposed method based Hadoop with a default Hadoop on a small Hadoop -cluster
i term of the job processing time and the number of tasks sorted to node without data to be

processed by them. The result shows that the proposed method lowers job processing time by
around 18%. Also, we confirm that the number of tasks allocated to node without data to be

processed by them decreases by around 25%.
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