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e We propose Deep AutoAugment (DeepAA), a fully automated data
augmentation search method that finds a multi-layer data augmentation

transformation?,, , which serves as the
Table 1: Top-1 test accuracy on CIFAR-10/100 for Wide-ResNet-28-10 and Shake-Shake-2x96d. The results of

augmentation policy. DeepAA are averaged over four independent runs with different initializations. The 95% confidence interval is

policy from scratch.

e U denotes the gradient of the validation batch denoted by +.
g A £ A sampled from the true data distribution. Baseline AA Fast AA Faster AA DADA RA UA TA(RA) TA(Wide) DeepAA
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Policy y Policy ¥ w7 Table 2: Top-1 test accuracy (%) on ImageNet for ResNet-50 and ResNet-200. The results of DeepAA are
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P = po, (n|P1, -+, Pr_1) while the dimension of policy at layer k still remains constant N. (a) Operation distribution at each layer for CIFAR-10/100 (b) Operation distribution at each layer for ImageNet
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