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Batch size | Epoch | Iteration Accuracy
4,096 35 10,948 | 75.1 +£0.09%
8,192 35 5,434 75.2 £ 0.05%
16,384 35 2,737 75.2 £ 0.03%
32,768 45 1,760 75.3 £ 0.13%
65,536 60 1,173 75.0 + 0.09%

131,072 100 978 75.0 = 0.06%




TR 7GR 2 TR 287 9 2 &R (it — =~y FTilHiT

[y
[

i

AL JSPS BHiFE: JP18H03248, JP19J13477 DR %227 b DTH %, AL,
JST. CREST. JPMJCRI9F5 DXEZEZII1-bDTH %, ASEId. FEARBIERILE I
FIFA - HEFZELE O ZIC X % (VTS jh190043-NAHI), RifFEO—E i HPCI & A
T AHAEHEO R X 2 b D TH % (AEE S :hpl90112),

[1] Takuya Akiba, Shuji Suzuki, and Keisuke Fukuda. Extremely large minibatch sgd:
Training resnet-50 on imagenet in 15 minutes. http://arxiv.org/abs/1711.04325, 2017.

[2] Shun-Ichi Amari. Natural gradient works efficiently in learning. Neural computation,
10(2):251-276, 1998.

[3] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. ImageNet: A
Large-Scale Hierarchical Image Database. page 8, 2012.

[4] Priya Goyal, Piotr Dollar, Ross Girshick, Pieter Noordhuis, Lukasz Wesolowski, Aapo
Kyrola, Andrew Tulloch, Yangqing Jia, and Kaiming He. Accurate, large minibatch
sgd: Training imagenet in 1 hour. http://arziv.org/abs/1706.02677, 2017.

[6] W. Hackbusch. A sparse matrix arithmetic based on H-matrices, part I: Introduction
to H-matrices. Computing, 62:89-108, 1999.

[6] Sergey Ioffe and Christian Szegedy. Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift. page 11, 2015.

[7] Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail Smelyanskiy, and
Ping Tak Peter Tang. On large-batch training for deep learning: Generalization gap
and sharp minima. In International Conference on Learning Representations, 2017.

[8] James Martens and Roger Grosse. Optimizing neural networks with kronecker-factored
approximate curvature. In International conference on machine learning, pages 2408—
2417, 2015.

[9] Hiroaki Mikami, Hisahiro Suganuma, Pongsakorn U-chupala, Yoshiki Tanaka, and
Yuichi Kageyama. ImageNet/ResNet-50 Training in 224 Seconds. page 8, 2018.

[10] Chris Ying, Sameer Kumar, Dehao Chen, Tao Wang, and Youlong Cheng. Image
Classification at Supercomputer Scale. arXiv:1811.06992 [cs, stat/, November 2018.

[11] Hongyi Zhang, Moustapha Cisse, Yann N. Dauphin, and David Lopez-Paz. Mixup:
Beyond Empirical Risk Minimization. arXiv:1710.09412 [es, stat], October 2017.



