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FE X% (100 words F2E) Deep learning requires many computing resources so that distributed
processing with HPC systems is widely used. Since the amount of datasets used for distributed deep
learning is expected to increase in the future, I/O performance will become much more important in
HPC systems. However, the I/O performance of distributed deep learning has not been well
investigated. In this study, we test the performance of distributed deep learning with TensorFlow
and some representative CNNs on TSUBAMES3.0 while varying some parameters such as training
dataset sizes. Our experimental results do not show that data transfer from the file system to a
compute node is a bottleneck in distributed deep learning even in case of using large datasets.
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