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Exploiting Elasticity in Tensor Ranks for

Experiments:

Elasticities in depth, width, kernel size and .
resolution have been explored in
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PERFORMANCE COMPARISON ON IMAGENET

elasticity dimension along the input-output
channels, dynamically and globally

searching for the reduced tensor ranks

Model Rank Selection Top-1 Acc. (%) Top-5 Acc. (%) #Parameters

Effect of regularizer on singular values of the parameters
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Performances of ResNet18

] o Base 69.76 89.08 11.69M
during training. ResNetl8  VBME 67.20 87 88 . on ImageNet
NRMF 67.27 87.7 6.81M
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