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Abstract—There has been a strong demand for algorithms that
can execute machine learning as faster as possible and the speed
of deep learning has accelerated by 30 times only in the past two
years. Distributed deep learning using the large mini-batch is a
key technology to address the demand and is a great challenge as
it is difficult to achieve high scalability on large clusters without
compromising accuracy. In this paper, we introduce optimization
methods which we applied to this challenge. We achieved the
training time of 74.7 seconds using 2,048 GPUs on ABCI cluster
applying these methods. The training throughput is over 1.73
million images/sec and the top-1 validation accuracy is 75.08%.

I. INTRODUCTION

use convolutional layers for 2D and 3D image data. Toffe et
al. [9] introduced the batch normalization technigque, in which
the feature values in hidden layers are normalized to avoid
vanishing gradients. In addition, this technique enables training
of models with a large number of layers, such as ResNet.

Generally. the mini-batch size should be large for distributed
deep learning on large clusters, Goyal et al. [2] proposed the
warm-up technique to keep the validation accuracy with 8,192
mini-batch size. Google [3] and Sony [\‘_2‘,153("-._ thF szargule
mini-batch size which becomes larger aru-a iEved i H‘l}'
parallel processing.
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Batch Processor DL Time Accuracy

Size Library
He et al. [1] 256 Tesla P100 x 8 Caffe 29 hours 75.3 %
Goyal et al. [2] 8,192 Tesla P100 x 256 Caffe2 1 hour 76.3 %
Smith et al. [3] 8,192 — 16,384 full TPU Pod TensorFlow 30 mins 76.1 %
Akiba et al. [4] 32,768 Tesla P100 x 1,024 Chainer 15 mins 74.9 %
Jia et al. [5] 65,536 Tesla P40 x 2,048 TensorFlow 6.6 mins 75.8 %
Ying et al. [6] 65,536 TPU v3 x 1,024 TensorFlow 1.8 mins 75.2 %
Mikami et al. [7] 55,296 Tesla V100 x 3,456 NNL 20m ) E%fgp
This work 81,920 Tesla V100 x 2,048 MXNet 1.2 mins = 75.08%
ImageNet L ResNet-50 B9iJllZkATEIF0 top-1 HIEERE,
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	没有最快，只有更快！富士通74.7秒在ImageNet上训练完ResNe

