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Typical GAN training ... gets stuck
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MH-GAN helps you reach the star
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MH-GAN helps you reach the star
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MH recovers the true data distribution

“Mixture of Gaussians” dataset [1]
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MH recovers the true data distribution

“Mixture of Gaussians” dataset [1]
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MH recovers the true data distribution

“Mixture of Gaussians” dataset [1]

Data GAN DRS

- ¥ & ® I T DR \ g D Y

PO S A S $ro g mnch . d . EER R P
R ul L 3 . . S

Dropped modes!

* » # * L S

L A ey ! I |
GAN DRS

[1] Azadi et al. ICLR 2019.



MH recovers the true data distribution

“Mixture of Gaussians” dataset [1]
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Motivation for Metropolis-Hastings

e Use MCMC independence sampler. sample p from G
e Given a perfect D and imperfect G, still obtain exact samples from true data distribution!
e Avoid densities in MCMC, just need density ratios:

-------- - - [ ¢ D(x) = pp(x)
GANi i i pD<X) + pG(X)
Z I\/Ietopolis—Hastingj __’x pD(X> — D<X)

Selector pG(X> 1 L D(X)




Metropolis-Hastings as a
post-processing step for generators
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MH recovers the correct score distribution
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MH recovers the correct score distribution
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Also... sample images



Progressive GAN
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PGAN + DRS

Progressive GAN
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MH recovers the true data distribution
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