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Toward the design of next-generation systems that enable high-speed execution of large-scale learning,
we have been conducting research and development of methods for effective use of accelerators,
optimization of communication in large-scale parallel execution, and efficiency improvement of storage
1/0, etc. We evaluated and verified these methods in TSUBAME. In particular, the number of inodes
was reduced to 1/1000 by reading images directly from tar files during training.
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