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7% 1: ImageNet, ResNet-50 D FICE T 28y F9 4 X EPOR F o SEHORR

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%
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