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Performance Testing and Analysis among Different MapReduce Runtime Systems
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Abstract With the development of cloud computing technology, several implementations which adopt MapReduce mo-
del, e. g. , Hadoop, Phoenix and twister, have been developed. Hadoop has high scalability and stability, thus is suitable
for handling large-scale off-line applications. The primary advantage of Phoenix, which is especially appropriate for data-
intensive tasks,is its processing speed. T'wister,a lightweight iterative runtime system,is designed for iterative applica-
tions. Different applications produce different levels of performance on different MapReduce runtime systems. By testing

various applications using the aforementioned runtime systems, the experimental comparison and performance analysis

were presented, providing the basis for the selection of parallel programming models for big data processing.
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