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¢ = g Dkw(q(z|x, ¢)|p(z]x,0))

= arg min log p(x|6) — ELBO(q,x|0, ¢)
¢

= argmax ELBO(y,x|0, ¢).
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MinMax Game

»Minimax Game
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Anime Face Generation
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Anime Face Generation
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Anime Face Generation
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b £-divergences Dr(P|[Q)

Name D¢ (P||Q) Generator f(u) T*(z)
Kullback-Leibler [ p(x)log % dx ulogu 1+ log z g
Reverse KL [ q(z log o) 4z —logu —g%;%
Pearson x? | —Q(:”L(i)(gj)) dx (u—1)2 2(% —1)
i 2 T T
Squared Hellinger ( —/q(z) ) (Vu—1) ( ggx) —1)- %
Jensen-Shannon : /' p( 10g p(g’ f;)(x + q(:c) log st)(ﬂé)(_ﬂ dx —(u+1)log 2% +ulogu  log ;(,—f%%;)
GAN [ p(x)log #(?m + q(x) log W(q)(m) dz —log(4) wulogu — (u+1)log(u+1) log #%
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F(0,w) = Exnp [Tw(2)] = Ezngo [f7 (Te(2))]

>f-divergences
Name Output activation g dom; - Conjugate f*(t) (1)
Kullback-Leibler (KL) v R exp(t — 1) 1
Reverse KL — exp(—v) R_ —1 — log(—t) —1
Pearson x> v R 4+t 0
Squared Hellinger 1 — exp(—v) < 1 g 0
Jensen-Shannon log(2) — log(1 + exp(—v)) t <log(2) —log(2—exp(t)) O
GAN —log(1 + exp(—v)) R_ —log(1l —exp(t)) —log(2)
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This formulais highly intractable

EMD(P,.,P) = inf Z”.I‘ —yly(z,y) inf E.

yEII( Py, Pp) yEII( Py, Pg ) y”

JJ]""}" L
Kantorovich-Rubinstein Duality

EI\"ID(P,», Pg) = Sup IE;L-Nprf(:L‘) = ]Exwpef(:l:).
I flle<a

1-Lipschitz Constraint
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Wasserstein GAN
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batch normalization

constant number ofilters at every layer




DCGAN L.SGAN Original Improved

WGAN WGAN
G: CNN, D: CN N




WGAN

WGAN

G: MLP, D: CNN
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Conditional GAN
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InfoGAN
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(No clear meani

gular GAN
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InfoGAN (Digit type)
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Jeff Donahue, Philipp Krahenbuhl, Trevor Darrell,
. “Adversarial Feature Learning”, ICLR, 2017
BIGAN

----------------------------------------------------------------- Vincent Dumoulin; Ishmael-Belghazi,-Ben Poole, Olivier -

Mastropietro, Alex Lamb, Martin Arjovsky, Aaron Courville,
“Adversarially Learned Inference”, ICLR, 2017
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