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Integrated Neighborhood analysis Contrastive loss (IntNaCl)

Linnact(Lxact (g, M, N), o, Lrobust (97, w)) := Lxac1(g*, M, N)

o Lropust (G, W)
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3. The probability induced by
representation network are all
equal to 1

Higher standard accuracy, and
more robust to adversaries.
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Better standard, transfer, and adversarial performance. We train the representation network
on CIFAR100 and test on both CIFAR10 and CIFAR100.
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