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GAN: BOIRERRY D —2

Generative Adversarial Nets. (Goodfellow et al. NIPS2014)
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2014
(Goodfellow et al)

2017
(Karas et al ProgressiveGAN)

2018

Karas et al StyleGAN
(Goodfellow, ICLR2019&Y)) ( Y 6 )



State-of-the-Art

Cycle-GAN (zhu et al 1ICCV2017)

https://www.youtube.com/watch?v=9reHvktowLY



https://www.youtube.com/watch?v=9reHvktowLY
https://www.youtube.com/watch?v=9reHvktowLY

« Everybody Dance Now (Chan et al 2018)

YouTube: Everybody Dance Now.
https://youtu.be/PCBTZh41Ris



https://youtu.be/PCBTZh41Ris.
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Graphical model
Mixture model
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. f-divergence @ W > ¥ | EREn
> f-GAN (Nowozin et al NIPS2016) ‘ w > T
« Wasserstein 0 Bff
- Wasserstein-GAN mui/n d(Pp, P,)

(Arjovsky et al ICLR2017)
* MMD(A—=FRILK)
- MMD-GAN 85— DI
(Li et al NIPS2017; Binkowski et al ICLR2018)
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GAN : B FE

- DTDEEEE : Jensen-Shannon divergence
JS(op,pw) = KL(I?D”(PD + Pw)/z)

+KL(pw||(wp + Pw)/2)
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D(x): DNN

— Logistic loss D(x) = —F2Y) sz

pp: T—4 (B) OEERE
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2 > alERE(CETT

log D(Y)| — Ex—f, (2 [log(1 — D(X))] + const.
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DNN

Generated by http://www.whichfaceisreal.com/ (StyleGAN)
by Jevin West and Carl Bergstrom, U. Washington
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http://www.whichfaceisreal.com/
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Edmond de Belamy (Oblivious) Cycle GAN (zhu et al 2017)

by Preferred Networks
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Beyesifin

Junl
0

—, 37 = p(yle)n(e)

n(6): FEahEZX (prior)
p(y|6): LE (likelihood)
y: &Rl —4

Thomas Bayes (1701-1761)
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p(y|8)m(6)
[p(y|6)m(8)do

q(0ly) =

ANiEldE [ EDETEITDM? ]
« B> TV >/J : Markov Chain Monte Carlo (MCMC), Sequential MC /HiFE, ...
« ITLIETE : Laplaceif i, ZHRAX, etc

> GANICKBY>TUOHEESD |

(Tran et al NIPS 2017; Yang et al NeurIPS2018)
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» EIFFDDLEER
p(6,y) = p(y|6)m(6) Myt 1,6
q(6,y) = q@»)p»), p(») = | p(y|O)m(6)d6 ‘p(yw) o 9)

|-IJUI

[ p(0,y) =q(0,y) 25([F q6ly) (F351

H> 1)/ S GANFYEE
p(0,y): 0; ~m(6)do, 7
~ p(y16:)dy - L)

q(6,y): 6;=fu(viz), DNNERETIL - EMETIIZED
~ po(2)dz (FIDRIRE) $L Y
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s DHDEWNZE EDBRIDMN?

1. KL-divergence (Yang et al NeurIPS2018)

[ 4ty 010822215
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v )EEE?“—Q

2. Z3Bayesh S5 MEH (Tran et al NIPS 2017)
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’Zz“‘ﬁ/\/l’xc‘: L/_CODJ u/l Hierarchical Implicit Models and

Likelihood-Free Variational Inference (Tran, Ranganath, Blei, NIPS2017)

- Z97Bayes | SRIERDODBNIENTFE

logp(y) = | p(y|0)7(0)dO
> —KL(q(01y)||m(8)) + E ;9| [log p(y|6)]

Evidence lower bound

(ELBO)
q(0|y) (MEREDDM. FSHRIL < q0ly) =p@|y)

[ ELBORBACT D ¢ [Cdko TEEHELAFNT S }

)0 S A N7
- ELBO = fq(@ly)logzg 9§d9+logp(y) > ARETILOENREL !
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*x REBEMTETILOLERBEIETEAREE (c.f Autoregressive flow, Glow)

° logzgz’i ; DHETE > Logistic¥IBl(CKDBIEE (5 GANDR!IHE)

aned gkl R

max Eyy.0) [log a(r(Y, 0))] — Eq.0) [log (1 — O'(T'(Y, 8)))] o(t) =

DR _10,P0.0)
rOpt(y! 9) log Q(y; 9)

Logistic loss
ru(y, 9)>
r(y,0) ZDNNTHER I D Generator Discriminator

fw(z) > y,0

1+et

Z5rBayes = GAN
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Z\-1 X EGAN r(y,6)

- Z53Bayes + FELERTETIL /p q

» Discriminator: O X5« w 7%I5l B
max E, gy-plloga(r(y, 0))] a(r(y,0))

oo ~E(3,8)~q [log (1 -7 (T()’: é)))]

rDIE :p T+, q T-HEF

 Generator: Z7Bayes (max ELBO)

ma gy )r(y*, 6)do
oM, Ja@lyIr(y,6)




* GAN (HxDirbD)

» Discriminator: O> X5« w245 p q

max Ex.pllog D(X)] — Ex~qllog(1 — D(X))] _

D(x)

D(x)ODfE: p T1,q T O0HEF

« Generator: Discriminatord05 X% 21EH'BRIEJZY

| - ~D(X
q:)rfglfl%z)mgx Ex pllog D(X)] — Ex~q[log(1 — D(X))]

D(x) = 1 DOEE CHEZRANEF




\F{Bayesish (ABC) (CaIFBHE

Lotka-Volterra Predator-Prey Simulator (FEZm50 A1)

See Tran et al NIPS2017



https://papers.nips.cc/paper/7136-hierarchical-implicit-models-and-likelihood-free-variational-inference
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SEalL—4—
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etc

« IERRIZRFRFEFTIL
« TIH-FT—HRE. ZLDT—HIFRY
« HMM/BSZERIEST )L Z B X Jo R R 5IEZAT
- NEDOTO>Z TV b HEXRFEI>E1—FTa0 >
(FBAF - SRR, J77JILTUX A #80, 8K, SE)
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- XDETHE=0/MMVWEFT)LA
s =D AZ FTOAHLICIFIME
« KDKUVEEE. BIENZER] ?
- OJZEK vs BEERKZEBIX S5SNI 3N ?

(5%) FBEH  CycleGANDEAEI :
Tesla V100 GPU 81EIT 1:EfE

« FBPSHAF =X ENALIRE
o MESRPEF T IADIEAR
o S{EEEZE EFlat minima®E%R?

(Fukumizu et al 2019, in preparation)
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