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2 ResNet-50

He [6] 256 Tesla P100 × 8 Caffe 29 hours 75.3%

Goyal [2] 8,192 Tesla P100 × 256 Caffe2 1 hour 76.3%

Smith [18] 8,192 → 16,384 full TPU Pod TensorFlow 30 mins 76.1%

[10] 32,768 Tesla P100 × 1,024 Chainer 15 mins 74.9%

Jia [11] 65,536 Tesla P40 × 2,048 TensorFlow 6.6 mins 75.8%

Ying [4] 65,536 TPU v3 × 1,024 TensorFlow 1.8 mins 75.2%

[9] 55,296 Tesla V100 × 3,456 NNL 2.0 mins 75.29%

81,920 Tesla V100 × 2,048 MXNet 1.2 mins 75.08%
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