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Where ￼ , ￼ , ￼ , ￼λCE = 0.8 λGN = 1.2 ϵ = 4/255 σ = 0.224

Definition of loss-input gradients

Adversarial Training is SOTA  
but expensive (minimax)

We get >90% of the performance  
at 60% of the cost  

via gradient regularisation on ImageNet
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Key ingredients for large scale:  
smooth activation & adaptive optimisers
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