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d space via (random) transformation Q

(θ)
X|Z

=⇒ Generative model: Qθ(·) :=
∫

Rd0 Q
(θ)
X|Z(·|z) dPZ(z)

GANs [Goodfellow et al’14]: Adversarial training for implicit Qθ
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Generative Adversarial Networks
NVIDIA’s ProGAN 2.0 [Karras et al’19]
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θ
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(
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)

⊛⊛⊛ Both perspectives coincide if δ = 1-Wasserstein distance

⊛⊛⊛ Wasserstein GAN [Arjovsky et al’17]
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Comments:

Operational Meaning: Minimize work of transporting P to Q

Robustness to Supp. Mismatch: W1(P, Q) < ∞, ∀P, Q ∈ P1(Rd)

Metric:
(

P1(Rd), W1

)

is metric space (metrizes weak convergence)
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Computation: How to compute W
(σ)
1 (P, Q)?

Naive: sup
f∈Lip1

Ef(X+Z) − Ef(Y +Z) & MC sampling for Z
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f∈Lip1

E(f ∗ϕσ)(X)−E(f ∗ϕσ)(Y ) & implement ‘∗’
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[Katsman-Kim-ZG-Greenewald’20]

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

⊛⊛⊛ FID = Fréchet Inception Distance

FID Score

W-GAN baseline ( = 0)
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Smooth Wasserstein GAN: Initial Empirical Results
[Katsman-Kim-ZG-Greenewald’20]

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

17/18

WGAN-div [Wu et al’2018]: FID = 16.0
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◮ W-GAN produces SOTA synthetic samples

◮ Empirical approximation is slow n−

1

d

Smooth W
(σ)
1

: Convolve distributions w/ Gaussian kernel

◮ Inherits metric structure of W1 & duality

◮ Well-behaved function of smoothing parameter & recovers W1 in limit

◮ Fast n−
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2 empirical convergence in all dimensions

◮ Limit distribution for
√

nW
(σ)
1 (Pn, P ) in all dimensions

Smooth W-GAN: Next-generation systems rooted in theory

◮ Attain competitive performance

◮ Consume fewer resources

◮ Backed up by (useful) generalization guarantees

Thank you!
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Entropic Optimal Transport

Pros:

Regularizer favors weakly-dependent coupling

S
(ǫ)
c (P, Q) is strongly convex optimization problem

Two-sample statistical efficiency (for certain costs):

Theorem (Genevay et al’19)

For C∞ and Lipschitz cost c, and compactly supported P, Q ∈ P(Rd):

E

∣
∣
∣S

(ǫ)
c

(
Pn, Qn

) − S
(ǫ)
c

(
P, Q

)
∣
∣
∣ . e

c
ǫ

(

1 + 1
ǫ⌊d/2⌋

)

n− 1
2
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=⇒ No direct correspondence to minimax GAN formulation
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