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Previous studies have developed methods to reduce the number of inodes to 1/1000 by reading images
directly from tar files during training, and to reduce memory consumption inversely proportional to
nodes by introducing parameter distribution, recalculation, and offloading mechanisms. In this
assignment, we conducted pre-training of a very large vision transformer, which is possible only by
using these techniques. However, the image data required for such pre-training is on the scale of
JFT-300M/3B, and these data sets are not publicly available. Therefore, in this proposal, pre-training
was conducted using artificial images such as Visual Atom and Newton Fractal. As a result, we
achieved a pre-training performance exceeding ImageNet-21k by pre-training with artificial images.
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