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HDAS . heterogeneous dynamic affinity scheduling in Hadoop +
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Abstract

Aiming at the problem that the existing programming frameworks for heterogeneous clusters focus on utilizing
heterogeneous resources in clusters while ignoring the delay of the working time caused by the contention of shared
resources, this study proposed and implemented the heterogeneous dynamic affinity scheduling ( HDAS) algorithm
based on the Hadoop + and the heterogeneity model, which dynamically calculates the real-time resource affinity of
each available task according to the corresponding strategy of each resource and dispatches the most appropriate task
launch in the system within a reasonable time to minimize the shared resource contention among simultaneously run-
ning tasks to improve the overall throughput of the system. The experimental result showed an average 21. 9x overall
speedup of the HDAS compared to the Hadoop implementation on 25 hybrid workloads, while the original heteroge-
neous model based scheduling strategy in Hadoop only obtained 17.9x speedup. And it showed obvious improve-
ment on the hybrid workloads consisting of the tasks with more diverse resource requirements, and 21 of the 25
workloads presented the task delay of less than 1.06x in average.

Key words: MapReduce, heterogeneous, Hadoop + , affinity, scheduling
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