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Performance evaluation of Out-of-Core training
for large-scale neural network models
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Abstract: Neural network models of deep learning have been expanded and it can be difficult to fit them in GPU memory. To
realize training of such large model, there is an Out-of-Core training which locates only necessary data for each layer on GPU and
swap out data of other layers to CPU. The Out-of-Core training incurs additional overhead of the CPU-GPU communication, but
we can realize training of the very large network model. We ported and implemented the Out-of-Core training to Chainer version
3 and also implemented multi-GPU Out-of-Core training. In this paper, we evaluated execution time of the Out-of-Core training
by using enlarged existing models such as GoogLeNet and ResNet and enlarged imageNet dataset. We confirmed we can run 2 to

6 times larger batch size by using the Out-of-Core training with up to about 80% overhead.
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4.3.2 CPU-GPU /N> FigD %R
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