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ResNet-18 ~ Wide-ResNet-28-10 Shake-ResNet ResNet-18 ~ Wide-ResNet-28-10  Shake-ResNet
Mixup?? 96.55 96.89 96.50 79.33 82.28 79.20
CutMixP" 96.58 96.87 96.45 79.53 82.60 79.32
Cutout!"” 96.01 96.92 96.96 78.04 81.56 79.47
GridMask®" 96.38 97.23 96.91 75.15 80.32 79.14
AdvMask®? 96.32 96.93 96.90 78.38 80.56 79.88
RandomErasing™”’ 95.69 96.92 96.46 75.95 80.50 78.89
AutoAugment™”! 96.07 97.01 97.21 79.56 82.89 82.27
Fast AutoAugment®” 95.89 96.77 96.42 79.10 82.69 81.33
RandAugment!*” 96.37 96.88 97.01 78.33 82.90 80.02
TrivialAugment*" 96.20 97.11 97.27 78.70 82.70 82.10
KeepAugment'*” 96.10 97.30 97.35 80.26 82.01 82.49
SelectAugment™! 96.18 97.33 97.38 81.89 83.37 85.17
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