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Smooth Wasserstein GAN: Initial Empirical Results

Setup: f parametrized by 2-layer NN & conv. computed in closed form

⊛⊛⊛ FID = Fréchet Inception Distance

FID Score

W-GAN baseline ( = 0)

Smooth W-GAN ( = 0.1)
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◮ Limit distribution for
√

nW
(σ)
1 (Pn, P ) in all dimensions

Smooth W-GAN: Generative modeling w/ performance guarantees

◮ Attain competitive performance
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