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PierCN N [van der Oord et al. 2016]
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PierCN N [van der Oord et al. 2016]
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2019: BigGAN

Brock et al., 2019
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[R8: FEMN)IGHFEAD T PRIFFENE, EXTDHhAMERESMERREZR, BRI,
BRGE: W—MEBRNSMRE, NS5 H, RE, FI—FGHSERENGEA D

it AR
Q. Bt A AREEE PHIER

PIXNEZRATRET? N

A: FERRILR Generator
FREERE Network
‘ )
N LIRS | 7 |

lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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Minimax BFRERZEL:

min max | Eyep,,,, 10g Doy () + Eenpiz) l0g(1 — Do, (G, (2)]

0, d

ZETThL:

1. Gradient ascent on discriminator

I%ix [IEmdim log Dy, () + E,p(z) log(1 — Dy, (G, (z)))]

2. Gradient descent on generator

I%in ]Ezwp(z) log(l — ng (Ggg (Z)))

lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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IEGAN: BN

Minimax BFREREL:
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1. Gradient ascent on discriminator
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HHATERB
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Minimax B#REREL:
min max | Eyep,,,, 10g Doy () + Eenpiz) l0g(1 — Do, (G, (2)]

0, d

ZETThL:

1. Gradient ascent on discriminator

I%ix [IEmdim log Dy, () + E,p(z) log(1 — Dy, (G, (z)))]

2. Instead: Gradient ascent on generator, different objective

néax IEsz(z) log(Ded (Geg (z)))
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lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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IRAMZA AT

© BEEEDT Paaa(x) (TLSTERFRIGETR.)
.« BANEEBBEH—13% Pc(x;0) , HEASE 0 FRE
- BiR: HESE 6 (18 Pe(x;0) 5 Paara(x) 18I
— b P;(x; 0) NEEMBEIRE, 6 NRTSHHDHARERE ST Z5HEM
M Paqra(x) REREAR {x', 2, ..., x™}
T Pg(x'; 0) FPRAEXEREARRILIA

m
L= npg(xi; 0)
i=1

B RAMIARETT, BeAlTRTLAKER 6°
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BRI = RIMEKLEIE

m m
0* = arg meaxl_[PG(xi; 9) = arg max log HPG(xi; 0)
i=1 i=1

m

= argmax ) 10gPs(x';0) | M Paata() SRE (2,2, o\ 2™
i=1

~ arg max ExpyypqllogPs(x; 0)]

=arg meaxf Paata(x)logPg (x; 0)dx _f Paata(x)10gPgqeq (x)dx

X X

=arg mein KL(PagtallPs) WNEIEN—NER P(;?
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F=4E28 (Generator)

x: EfR(SHEE)
- FIRRERESIITETERS 6, NEMHEN T — M EED T P

TR F
G* = arg min Div(Pg, Page) DIVAT 87
Div =RP; 5 Pyqrq BIBUE

2020/6/2 JERBBEEAF T BN F R S5

##lsE (Discriminator)

G"=arg min Div(P¢, Piata)
BRARHIE Pg F Paqra 570, (BE, STLUSEICIIRIRIFEGE.

A g )

FRBP 0o BIHES
%ajﬁaﬁrt%?[[—» s R
RE P, BIHESF
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Discriminator
G*=arg ngn Div(Pg, Pyqatq)

*  SRREE Pyyq BIREAR Using the example objective

* . SEREE P, BIRER fun'!c’Flon is gxactly the' s'ame as
training a binary classifier.

* * * train
Example Objective Function for D 1
V(G,D) = Ex-py,,, [10gD ()] + Ex-p[log(1 — D(x))]

sigmoid &

(G is fixed)
Wk D* = arglmax V(D, G)| | BANLIEFHBFREEN TR
[Goodfellow, et al., NIPS, 2014] b IMYISEIE

2020/6/2 JERBBEEAF T BN F R S5

Discriminator
G*=arg mGin Div(Pg, Paqta)
S R Paaea HOREA il
sl ERER Py SERAOREAR D* =arg max V(D,G)

% * " Il
BUE/N DR
(X EBITRREER L)

* 3l
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max V(G, D) V = Expyy,110gD(x)]
b +Eyp,[log(1 - D())]
- 87 G, NN BERERREA RS E&M LY D*
V = Expy,,,1l0gD(x)] + ExNPG[log(l — D(x))]

= f Piata(x)logD(x) dx+f PG(x)log(l—D(x)) dx

X X

= j [Paata () logD (x) + P;(x)log(1 — D(x))] dx

¥ {Big D(x) ATLABYHAEEL
. AT x, BAK TR AGERMHIBISE D*

Paata()logD(x) + P (x)log(1 — D(x))

2020/6/2 JERBBEEAF T BN F R S5

max V(G,D)

V = ExepyoeallogD ()]

. ooy = AR EEITRFBISE D*
1T x, B RIS BAA0HIZISE D +Eyp. [l09(1 ~ D))

Paata(x)logD (x) + P (x)log(1 — D(x))

a D b D
o KENE{E D*, EEEHEAM: (D) = alog(D) + blog(1 — D)
df(D) 1
d_D_aXB+bx1—DX(_1)_O
1 1 —D*) — *
AX—=bx ax(1-D*)=bxD
D~ 1-D* a—aD*=bD* a=(a+b)D*
a Pdata(x)
D* = - 0< D*(x) =
a+b Paata(®) + Po(0) <1
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max V(G,D)
Paata) V'= ExpauallogD (0]
maxV(G,D) =V(GD) DY) =5 e ) +Ex~pg[log(1 = D(x))]
Pgata(x) P (x)
= Fr-Paata ll"g Poma() £ oG e [log Paata(*) + P (%)
. (x)
_ Epdata X 1
= f Pdata(x)log Pdata(x) +P(;(X) dx +2l09§ —2log?2
X 2 1
2 Pg(x)
+f Pe()log Pgaeq(x) + Pg(x) ax

P

2

2020/6/2 JERBBEEAF T BN F R S5

max V(G,D)

ISD(P | @) = 3D(P || M) + D@ || M)

_ . X _ Pyatq(x)
ml?XV(G'D) =V(GDy D) = Pygata(x) + Pg(x) M = %(P+ Q)
Pdata(x) d
X
(Pdata(x) + Pg (x))/z

Pg (x)
+xf ol ea) + P2

Pyaca + P Pyaca + P
= —2log2 + KL <Pdata||%) +KL <PG||%>

= —2log?2 +f Piata(®)log

X

= —2l0g2 + 2JSD(Pyqatq||P;) Jensen-Shannon divergence
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G = argmin mDaXV(G,D)_

max V (D, G) BRAATIEFHIBIRER
D )

b*=arg B T MLISEE

V(Gy,D) V(G,,D) V(G5 ,D)

P61 '—5 Pdata E{Jjﬁt&g

2020/6/2 JERBBEEAF T BN F R S5

[Goodfellow, et al., NIPS, 2014]

G* = arg mGjn mDaX V(G,D)

RAWAEFRIBIRE

D* = arg mDaX V(D; G) éﬁ%{ﬁ?ﬁd\{{ﬁﬁiﬁ

AR SRS IR

. BRI
| steps EmEmss o E3RsmIER O
step 2: EIREHIRISE D, BHLEAMEE G

2020/6/2 BB AF T BB SHE
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Algorithm

G*=arg rnGin max V(G,D)
L(G)

« BRAMURKEREL L(G) FFRERMH G
O; « 6; —ndL(G)/06; @ 6 defines G

f0) =m0 @) LD dfeo/ax
x NS fi(x) B
f1 (.X') f3 (X) jCE/{JﬁB_ |
: : oo X
dfi(x)/dx df,(x)/dx df;(x)/dx
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Algorithm

:G = arg minimax V (G, D)/

. 45 Gy B
- S D; EB V(G D) At | (ERBELFE
V(Go,D§) A Paara(x) 5 Pey(x) USIUE

. 0g « 65 —1V(G,D;)/6, ™My Obtain G, BAVSHER)

- J# Dy 15 V (G, D) mAHK
V(G1, D7) /A Paara(x) 5 Pg, (x) RYISEUE
e ;< 0; —noV(G,Dy)/06; - Obtain G,

BNSHER)
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Algorithm " = argminjmaxV/ (G, DY

- SH D; (FB V(G, D) By | ERBEERE
V(Go, Dg) N Paata(x) 5 PGO () HIISHUE

+ 6 « 6 —ndV(G,D;)/36; =M Obtain G, HAVSHEE)

Assume Dy = Dy

AEEH G XS

2020/6/2 JERBBEEAF T BN F R S5

In practice ...

V = Ex pyqiallogD (x)]
- HEEERER G, AMALTE maxV (G, D) +Eypg[log(1 — D(0)]

- Mpdata(x);'%ﬁgﬁ$ {xl’ x?, e, XM
— MERKEE Po(x) FPEREAR {31, %%, ..., 2™}

=AW V= %Z logD(x%) + %Zl log (1 - D(J?i))

D B— 1 "5E ( sigmoid f5iH)
743 1 .2 m 3 H%/J\ﬂ/;

M Paaea(x) FHE {x1,x2, ..., x™} ‘ IEHER Cross-entropy

FIF Po(x) 4EBE (21,72, ..,xm) W) TEER
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Algorithm
tattFIBles D SERER G 1928 0, F1 6, | NBEKRE] hax V(G,D)
TR D )
SRS

— INBT0 Paara(x) FEE m AR {x',x2, ..., 2"}
$S¥U%U - M%gﬁ Pprior(z) %*i m /|\|];Tg}:='c=|$$2]§ {Zl,Zz. ., 2™}

7= D — |FURFAERR =R (31, 22, .., 2™, & = G(2)
== - E&‘ﬁ%ﬂ%ﬂf%%’éﬂl 0a ua%ix{icﬁc |
17 KR - V=23 logD(x") + %M, log (1 - D(%))

* 0q <04 +nVV(64)

SR — [SEBR Porior(2) SRBE m ANBRRER (71,22, .., 27}

=G - |EHERRRSE 0, LIs/IME
B © 7 = Sfdegioddet 131 10g (1- D (6(21))

* Oy <6 — 71‘7‘7(99)

2020/6/2 JERBBEEAF T BN F R S5

Objective Function for Generator
in Real Implementation

V = Bpepmmogebiehi e
\ —log(D(x)

+Ex-p, [log(l — D(x))]
VIEERTAEESIE
B/ GAN (MMGAN)

V= Ex~pG[—log(D(x))] " D(x)
SEFR HISEHR: log(1 = D))\

R B8 P BIHEA x FRICHIERER \
Non-saturating GAN (NSGAN)
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GANEZ

> NEZEETHERERHENX
> RATHENGERFE: PR IROEE, REIDNFHIENI .

> e
- ¥, HEaImIFRERER
b 9=

- RAENZ, EBRRE
- TETEEHASERTEMNME, W o), plz[x)

> U R

- BIFRRAKRY, BIREMINZGGE Wasserstein GAN, LSGANZEZSE, )
- %fGANs (Conditional GANs) , %% GANs AT ZMIESH.

L

22 SO AT

GANRFIFR

1. CS236: Deep Generative Models (Stanford)

2. CS294-158: Deep Unsupervised Learning (Berkeley)

3. Machine Learning( & 75 k2¥):

http://speech.ee.ntu.edu.tw/~tlkagk/courses ML20.html
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https://deepgenerativemodels.github.io/
https://sites.google.com/view/berkeley-cs294-158-sp19/home
http://speech.ee.ntu.edu.tw/~tlkagk/courses_ML20.html
http://speech.ee.ntu.edu.tw/~tlkagk/courses_ML20.html
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SE:E

o FEEFI (%)
o FEIREL (5%)
o  PixelRNN and PixelCNN
o Variational Autoencoders (VAE)

o Generative Adversarial Networks (GAN)
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