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Background: Limited data in GAN training causes discrimi-
nator overfitting and training instability.
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Reducing the weight norms of [ improves generalization:
n: dataset size. H/G: D/G sets. Vh €H,

< A. u/v: measures on real/fake
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NICE minimizes the discrepancy between training and test images:

e ~ X1 non-sharfd noises
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aq’: feature size. ®@: expands Z to d’ x d*¥ x d"' then performs element-wise multiplication. B;:
[-th block. C's: Convolution in skip branch. f: feature extractor. & /&: real/fake image. 7: a threshold.

We apply NICE on real & fake images when training G & D.




