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@ Expand Z to R? space via (random) transformation Q%)Z

=—> Generative model: Qy(-) := [ra, Qg?l)z(-|z) dPz(2)

Latent Space Target Space

GANs [Goodfellow et al'14]: Adversarial training for implicit Qy
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Generative Adversarial Networks
NVIDIA’s ProGAN 2.0 [Karras et al'19]
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Wasserstein GAN [Arjovsky et al'17]
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Comments:

@ Operational Meaning: Minimize work of transporting P to )

@ Robustness to Supp. Mismatch: W (P, Q) < oo, YP,Q € P;(R%)
o Metric: (Pl(Rd),W1> is metric space (metrizes weak convergence)
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Theorem (Dudley’69)
Ford > 3 and P1(R%) S P < Leb(R%): EW,(P,, P)=<n"

@ Implication: Too slow given dimensionality of real-world data

® Question: Can we find a new W;j-like distance that alleviates CoD?
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Comments:
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where Ggf) is a tight centered Gaussian process in > (Lip; (R%)) with

E[GY(£)GE(9)] = Covelf * 90,9 %00), ¥F,g,€ Lipy(RY)

Comments:
o Limit distribution shows n~2 rate is sharp
@ Wy limit dist. known only for d =1 (W1 (P, P) = ||F, — F[11(w))

° Wgo) has a stable limit (characterized) in all d!
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[ZG-Kato’20]: E[én —0*] = n~z (in fact, /n(6, — 6*) converges in dist.)

Computation: How to compute Wga) (P,Q)?
o Naive: sup Ef(X+Z2)-Ef(Y+Z) & MC sampling for Z
feLipy

o Advanced: sup E(fx*xp,)(X)—E(f*xps;)(Y) & implement ‘'
feLipy
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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

FID Score
=== \W-GAN baseline (¢ = 0)
== Smooth W-GAN (g = 0.1)
30
26 |
22 -
18 |

0 40M 80M 120M  160M samples

@® FID = Fréchet Inception Distance
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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

WGAN-div [Wu et al'2018]: FID = 16.0
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» Empirical approximation is slow n~4

@ Smooth Wg”): Convolve distributions w/ Gaussian kernel
» Inherits metric structure of Wy & duality
» Well-behaved function of smoothing parameter & recovers W in limit
> Fast n~2 empirical convergence in all dimensions
> Limit distribution for \/ﬁwga)(Pn,P) in all dimensions

@ Smooth W-GAN: Next-generation systems rooted in theory
P Attain competitive performance
» Consume fewer resources

> Backed up by (useful) generalization guarantees

Thank youl!
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Entropic Optimal Transport

Definition (Entropic OT)
For € > 0 and ¢(z, y): 6)(P Q):= inf )E,rc(X, Y)+ el (X;Y)

X yEH(
where I.(X;Y) £ Dk (7xy|P ® Q) is the mutual information

Pros:
@ Regularizer favors weakly-dependent coupling
° Sge)(P, Q) is strongly convex optimization problem

o Two-sample statistical efficiency (for certain costs):

Theorem (Genevay et al’19)
For C* and Lipschitz cost c, and compactly supported P,Q € P(R?):

E[SY) (P, @n) = S (P,Q)| S ¢ (1+ g ) 72
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Definition (Entropic OT)

Fore>0and c(z,y): S(P,Q):i= inf E.e(X,Y)+ el (X;Y)
ﬂ'x’yeH(P,Q)

where I.(X;Y) £ Dk (7xy|P ® Q) is the mutual information

Cons (Specializing to distance cost):

o ¢(z,y) = ||z — y|| does not fall under the theorem’s framework
o SY) is not a metric on P;(R?) for any € > 0 (nor Sinkhorn loss)

@ Dual form includes two potentials and regularizer:

wX)Fv(V) [ X =Y
€

SP(P,Q): sup Epgg |u(X)+v(Y)—ee €

u,veC(R?)
— No direct correspondence to minimax GAN formulation
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