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¥ 1. WideResNet 28-10 ol 4] CIFAR-10, 100 HAE A% Blal (%)

baseline RICAP Mixup RIMix Ver RIMixHor
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CIFAR-100 18.503 +0.35 16.917 £0.39 17.300 +£0.21 16.487 +0.12 17.433 +0.13
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