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Problem formulation for training Wasserstein GANs (WGAN):
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But, training GANs is not easy.

e Highly unstable training.

e Lack of theory about the existence of saddle points.

WGAN with mixed strategy ¢
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ENTROPIC MD FOR MIX-STRATEGY WGAN
Initial distribution pq, v, learning rate n given

L X clPg [fw (X)]

fort=1,2,...,7T do
Vi1 = MDn(Vta —GT,Ut)
per1 = MDy(pe, —g + Guy)

_ 1 T — 1 T
return i = 7 . and v =5 ) . | 1.

> Update v
> Update p

Main Theorem (informal)
Assmue —G* 1y and —g + Gvy are bounded and smooth.

1. If we have access to deterministic values of —G* iy and —g+ G,
then Entropic MD achieves O(T~'/2) - NE in T iterations with
proper learning rate.
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. If we have access to unbiased stochastic values with bounded

variance of —G* u; and —g + Gy, then Entropic MD achieves
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Four steps to make the algorithm implementable.

L.

Using the property of Shannon entropy, the property measure ot
1y and v; can be expressed in terms of the history.

exp{(t — 1)g — G3L7] vs}dw _exp{GT 371 ps}hdy
[ exp{GT 3"1_1 ps}dp
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. We use unbiased empirical average to estimate expectation over

{3, and {v;}1 | if we can sample from them.

. For distributions of density function e~"d,, we can use Stochastic

Gradient Langevin Dynamics (SGLD) to obtain samples.

Zit] = Zt — ”y@h(zt) + \/2v€e&y

v, € and & are step size, thermal noise and (Gaussian noise.

. To avoid memory overflow because of storing model samples in

O(T_l/ %) - NE in expectation in T iterations with proper learn-
ing rate.

X oo [fw(X)], GU(W) = Eguy xp, [fw(X)] and

- , ) each iteration, we summary each distribution only by its mean.
WGAN with mixed strategy can be reformulated
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This is exactly an infinite dimensional two-player game. We name our method Mirror-GAN and compare it with other method to train GANS.

. Iterations 25 Mixed Gaussians Iterations LSUN Bedroom
How to find Mixed NE? > Entropic Mirror Descent (MD)
SGD Adam Mirror Descent RMSProp Mirror Descent
Start with a two-player game with finite actions
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?Although we use WGAN here as example, our methods can be applied to other
GANs as well.




