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We developed a MapReduce framework for GPU-based heterogeneous clusters as an instance
of a future large—scale new platform with heterogeneous many core processors for big data

applications.

We confirmed performance scalability and overhead of our MapReduce

framework by running MapReduce—-based graph processing applications using 256 nodes 768

GPUs of the TSUBAME2.0 supercomputer.

Our results lead the foundation of software

technology for next—generation extreme big data processing.
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