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Fig 1. Visualization of the final proposed variational
scaling model for each dataset and ResNet
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Table 1. Model accuracy after the proposed variational

scaling is applied

Datasets Variational ResNet-32 ResNet-56
Scaling Accuracy[%)] | Accuracy[%]
CIFAR-10 Baseline 87.81 88.39
Proposal 88.87 89.37
Improvement 1.06 0.98
CIFAR-100 Baseline 62.19 63.56
Proposal 63.21 64.64
Improvement 1.02 1.08
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