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R IVRA R E X

B BREISEFEINESHREFI—MER, NARX—ER, WEE
R TR R . ST RENSRBREZM, Hp—Ms
K28R 5y FIRIRALFNAE B L A AE

B FFERAEFEZRBGARGENEGEZHN—L MR, Bl: 2
MUBTEFPRTEz, BESp(z|0)HITEIR. BIREHABNIY
T ExBESRRT S, LA g,
> f5lan: HREEASLIERE, BTN REHITE,

B RN ZEN(x, 2)HITER, AEKEFHERDTfp(z|x)
EARTINRR T S zp0iE8Y, H.

p(x,z) px|z)p(2)

p(x) p(x)

GRS, FRA1EALURIBER SR 7 (1, 2) RAFE RN T =X,

p(z|x) =



R IVRA R E X

B R, RSN T =AM EKE EERRY

BN AT SR FZRI R R WENIKS WA
AZRIR A :

p(x,z) = p(x|2)p(2)

X m FIABERNB, Mz2RTE, NEERRN.
TRESEEBRT—TUREX, HiTHNEE
xSRREE AR RENEXSH.

o7, SRTEZ /9B EEEE.
Z
Q B XNTXPMERE, p(2) REERE) « p(x]2)
(x BT zBY SFHFHBEER) Kp(z|x) BREENRE) =



R IVRA R E X

Q , BATRER ok SR, X EMTFARE X .
L p@2)\ plx|2)ERETHMNEExSRTEZRY

KB 7 fp(x, 2).

L R E A A M T it TR . BARUE
&: FRETEzANFTREBRERERSz~p(2),
X UL 2 & x Y SRR R AFx; ~p (x| 2) o



R IVRA R E X

B BT REMAENEZRANERGES, —LiBHEHE%kEE
NHIFTRE ARSI, XEF, RABRBHKERE:
T o7 B miEgs (VAE) S X4 B 4% (GAN) .

B 5E5HI% RIEEPixel CNNHHEE, VAESGANE iFith 1%
TUHNTExSRTEZNRER, BERERBETEITT,
HRTEEB/IZHARMEGIGA: nonlinear ICAF X FRT =R
HEAR).

B 58804 fi#E R Boltzmann Machinesttt, VAESGANA
EESEFEMND /R RERITE.
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R E R IVRE N E X

O AfiTATgE=E]l: ATAZMRERINER? A2 5%
AR EY 2 gE R E R M A gt B BURRI I R &
B R BT BE R T

> Biftbi, EEGHNAS, XEREFHREMNNZRHEEZHN
Elf%, BERFNWEFPHFARDER,



R E R TVRE I E X

O Bk, AIRERNREARZIRE, EFaE:

B AR URERNNZFRE R — DX AR T RIEMFIESLHER
RoMEREAEE NWIERFMIN . SHMRS M2 —
MREZREE, EAERFMIIESURER ZRINH.

B A VRB AT LUE A B Bk B9 ¥R (missing data)sk %k, HE
B AR FO BRI TFON . — DEREEIRINGRBI TR 4
= 5] (Semi-supervised learning). & AR EERHEE XS
HIFR E SR SRHI TN T sE SR LL TR R . FME
FIRFERARENIEFERBRIESIEEAHE gD, £/
NARA, 455 2GANT LU MBS S RINEHEZHTF (GAN
RATFHEEZEINGF, RINMNSEEEMNRASRNE .



FHEMNRERE N

B ARENIRE, BIZIGAN, FEHlas= AT Z & (multi-
modal) i tH a7 . BRZES, —MHMINAIEEXT N %~ IETHAY
WM, §—7MaESEAESTN.
> ASREY AR SR

Ground Truth MSE Adversarial

(Lotter et al. 2016)



FRERNRE

UHYE N

B ERER A DAL S M N A BIE5E S ST RL) .

> flan: FERNRE BT RIEIAERIE®E Y], EHEEER

HEMRES

True data :

>0-0-0-0-0 '
0000

Real World

______________

(Lantao et al. 2017)

WA K agentfRiZBIA] &
RS EHET. XHEFELEBIRITHEAR

4

EAT RN, NTE S BIRK
SIERSEFRATIR .

! Next MC

I G action search D

. ! Reward

! . State

E Train —L Reward

— D

' Reward
T Reward

|

Policy Gradient



R E R TVRE I E X

B REEFEAFFTELIEERNRIEE K.

bicubic SRResNet SRGAN original
~ (21.59dB/0.6423) ~ (23.53dB/0.7832) ~ (21.15dB/0.6868)

(Ledig et al. 2016)

> BRBO¥E: XSMESEFR—MESHEERRFES S HE
EhR. 2FiAEEFERERRNIRE REAAZTEHRER E HMALL
F%ﬁk%l%ﬁgmmuo —MED R EIGR S I N Z ]
m=“#$l% REEZIREME BT EREGHIT L
—A, B XTI BRI BERIHE A M A IR S E B G T EM



FHEMNRERE N

>

Image-to-Image 4% # N A AT LU A 2= Bl 1 4% 5 g i [E]
HAEIR.

Input Ground truth

Labels to Street Scene

&R = mE

Output
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Variational Auto-Encoder

B KRS HHNSHNSRLBFEARSEAUAMGIT(MLE), MLER®E®RX
LRSS R RN SHEITT. BRI, MREREHBESI A
p(x), FAR—XILN P EEILNBN R A Ax,, x5, .o, X0, FRIZEA]
=HEIRITHY, ﬂBZWiﬂUﬁZﬂM%%% :

£=| [pe
i=1

B NMRpx)R— N HESHONES Ty (x), BLAFRNNZHEMEEEF,
FELEAL, B:

0 =argmax | | pg(x;)
2l
" SRR, REHENER

n
0 = arg max Z log pg (x;)

i=1



Variational Auto-Encoder

B NRAmBFERLn, BRNRATLUSRIERGRIRIERR
0 = argmax E[log pg (x;)]
B TFENMWERER, BEBNE—HIMHER, x,, ..., x,}, HEEH
xRfEIR, FAVEMRTE2HARHI T e (1) FATEEREBIRIEER
SH0:

0 = arg méixlogpg (x) = arg méclxlogj pe(x,z)dz

B TESRTESRREKE, BRIVEEAMER TEMEE. A4,
MRFERAEMEENHNIBRHEITKER, RINFEHITUTIHITEDSE:
@ MBS HHIVE O,
@ E#H: iIL0OURFIERSHONMITE, EFi+ DUERIES, HTEQR:

0(6,09) = j P00 (21) log pe (x, 2)dz
® M. RiEQ(6, 00 ) RAIEGS, WL+ LRERASMEHE VBT

AT &g - | |
6+ = arg max Q(B, 9(‘))



Variational Auto-Encoder

B AEEHEMBEEKRBSHWIERTETIZES, BREp (20857, B
&, EFRFHETHRESHTNSHFELRREENSYHSFE, X Ro—
AR LA B Y (intractable) . XELEISQERHHI BN ITE LS TLIALI,

B XE, FNAHR—DEE. RNIRKENEBRE R KA TT(MLE)
KB EFERHN S, BRTENEEUREXE MBI AT EFES)
A EEKRETERME. L, FNTLCKBITFS5—1 “9thILR” ——
KLEE .

> BREABEINDH: pi(x0)5p(x), BINAIURAKLEEREEENES:

p1(x)
p2(x)

KL(p1 () |lp2(x)) = Z p1(x) log

> SR oHHERER, KLEEAR0, SWmITomAER, KLEEXTO0.



Variational Auto-Encoder

B SRMNHFE—NHEESHONHTR I hpe (1) RATRERIRIA R — MRS
P, FATFTLARKLEE RS8O0 TKER
0 = argmin KL(p(x)||ps(x))

B NMRHFERECLLE, XIREREI)=ZHER, KMNALUSE:

. 3 p(x)
6 = ar mlnz: (x)lo
ST L e )

= arg mein[z —p(x) log pg (x) +[z p(x)log ﬁ(x%] e

X

= argmax ) 5(x) logp (x)

(g ez o)) gk filshtsit

B X, FRINIMKLEEXSE T s AUARGITRRIAR . FJLUR&R KA
I =K LEUE B 519 (x) BU4F R 1B A -



Variational Auto-Encoder

B EARNARE, XEBER—T. éiﬁ'ﬁ?ﬂzﬂ]ﬁ REBUMAER {x, ..., x}
HERHxkfmA. FEREEz, WNHEERASE TRUHE TR

p(x,z), BTENFLERBXAIHER, -lH:J:_t_Ilo(Ei'ﬁjj
p(x,z) = p(x)p(z|x) (1)
> EEXEMD(x) BREHEERY, xo, .., X, AEM X TR ST RERITTE
EWMSHENEN, BEERWERN. FERN.

B ETR, EENp(x,2)BEITEM. BRI, RIMEBR—THEKSH
RoOMq(x, 2) KiBiEp(x, 2), BABANATLURKLBERTEETRES:

KL(p(x, 2)lq(x, 2)) = j j p(x,7) log E %dzdx @)

B KIHEERNNEEBERFR, EARNGSERDT o mERIaEsF, UKL
A . BO)RXKAQRN, EMNA:



Variational Auto-Encoder

p(x)p(z|x)
q(x,z)

p(x)p(z|x) 4
q(x,z)

KL(p(x, 2)]1q(x, 2)) = j e j p(zx) log dz] dx

— Exopcol | () log 2] 3)

O (B)Etﬁ_‘.m—ui&_ﬁﬁ'f{
e eenNatem) = Brpe [f p(z1x)log p(x) dz] + Ex-piol j p(z|x) logsgazc,lg
p(z|x)

q(x,z)

dz)]

= Ex-p(o[log ﬁ(x)[f p(ZIx)d%] + Exepiol f p(z|x) log dz)]

1
- (z]x)
=[IEx~ﬁ(x) [logp(x)]]+ Ex~p(x) [j p(z|x) log Z()Zc,z)

B=E2C

dz)] (4)




Variational Auto-Encoder

BRI, FATATIAS

p(z|x)
q(x,z)

£ = KL )]1q( 2) — € = Exopeo| j p(z1) log 5. 4]

R/MUKLEERFNTHRNMML. ATHEIERRE, B11q(x,2)E
Mq(x|z)q(z), TRHA:

3 p(z|x)
£ = Beepn | a0 log T o)
= B gl [ Pl logatelds + [ et togE = da

= Ex-po Br-piziol - loga (x12)] + KL lla@)] - (5)
v
Hite Bt




Variational Auto-Encoder

L= Ey 500 [Ezpzix)[—logq(x|z)] + KL(p(z|x)||q(2))]
B BRAITHABRR, FHONMBEERBEGIE q(x|2) M q(2) F5 L &N,
B, ATHEXRHE, HIMBREz~NO, D), IRENSZTESSH, X
MEERT q(2).

B RfE, pNEREDEMIN)ESTH, HINMESHERKRRE,
XN RE” , R THENZHIE

1
p(z|x) = exp(—5

B Hi, xZMEMERWA, MEMNRMEL()EHFEC (x). XERHEZ
& mEEE] 72U EncodertI{ER . LHABIKLEE X —IRNA] LA B HkK:

d
1
KL @ONa@) =5 ) (o0 + ofo () — logagy () — 1)
k=1



Variational Auto-Encoder

L=ExpEzepziy[—logq(x|2)] + KL(p(z|x)||q(2))]
B NMERMTERBREIBTq(x|2) T, IToHEERE, RIEXEL TR
KIEFR: BB HHIESTH.
> HEANPHEIMEZE—NZERT:

_\p, e=1
p(g)_{l_p,é.:o

B EBFSHREARAT x 2—1NZ il ERE/ER, tEan: MNIST,
XFERT, ?ﬂiﬁ]ﬁﬁ?ﬂﬂfélﬂéﬁp(z);&%%%&p, INTIEEESIF

q(x|z) = 1_[ (mk) (Z))x(k) (1 ~ P (Z))l_x(k)

k=1
B XBEARAR S

D

—logq(x|2) =[z l_x(k) log piy(2) — (1 — xxy) 108(1 — P (Z))ﬂ XK

k=1

B XBp)RieR T 2 DecoderBIEH




Variational Auto-Encoder

L= Ex~p(x) []Ez~p(Z|X)[ logq(x|2)] + KL(p(z|xX)|lq(2))]
RERIEST®, Spex)RE, REx, 2K THE:
1|x = p@ 2)

exp (— =
£=1 \/ Zna(zk) (2) 2] o(2)

q(x|z) =

XE, HEMNEHNMARZ, i'ﬂ“'cl:'umu(z)'ﬁaz(z) ﬂzm

1 —
—logq(x|z) == a a(l;gZ) —log 2T + — 2 log a(k)(z)

BEBLAT, RNSBEERFEA—INEH?, XEER:
1
— logq(x|2)~— lx — u(2)|I?

T2, XTI T FHAFAEAIMSERL R E ! u(z)mAE T DecoderdI{E
Fﬁo



Variational Auto-Encoder

B I, IEFRNEBRLEVAERMILBR:

L = Eypn)[Ez~pzix)[—10gq(x|2)] + KL(p(z|x)||q(2))]

B FREZKRMART:

>

SMRFESHAMAEIN, p(z|x)LE|EncoderfI{ER, RBTKLEUE JFEncoder
MIHBIRRREAR AR ENZ TIES S ;

SN TFHFSHMBIE—IN, q(x|z)iE)DecoderfI{ER. T _{EHIE(GILA:

MNIST), FATATLAXtDecoder Fsigmoid B #UEGE, AR X E{ERIRL S

W, XMNTqx|2)REZF9FH; M T—EIE, FAAMSE{EAiLE
B, XXMNTqx|z2)AEERENZTIESTf;

FIE5ER G, DecoderfimINTAERRRE, EREIEMRENMNFESZ TTIERS
SRR ESERTE2, Bifi\Decoder, FLATUUBEIERELRT .



Variational Auto-Encoder

B ETR—$, BNNAE—TEIEFERR. FRIUERNBRENMRERN

HEIEIE:
@O HIEOBIEMEETIE: WNEHERMAEncoderFRIBEL() ERFE%(x), FF

@

TESAKLEERIloss. BRKBHEL)SRFECO)RESERTE
z~N(u(x),0%(x)). B®igigzifi NDecoderS &Mz, F1E M FEHEEMSE
S R H T B E A loss,

REMN R EMEIEEIZ: FE28losskEfEE, FHiBEHE TFEEHEncoder5
Decoderf & &% .

B {BE, 7EEncoder5DecoderZ [BIEFIMN (u(x), o2 (x)) PRIEFEL—1 zBV3R1E
2N SH. XS REDecodert#% E 5 2 F A% NEncoderd, SHW
VNG TS EH T



Variational Auto-Encoder

B FIRNGEHT—MREREE, B FZ=: reparameterization trick, FR{11X
BIMMEAZESHIIT. HXREE, ERROEBER:

> MN@u),o?(x)FRE—1z, HETMUNO,DFRE— e, RiFILz =
ux) +exa(x).

N(0,I) N(u,c%)

& U+ eXo

B TR, BAEANu), o? () REFZER T MNO,DHFRE, REEZS
RERSEEENER. XIFE—K, “KE° XMRERTIHASSHET
BT, WARKNERESS, EEEMEEIINET .



Variational Auto-Encoder

B VAERIERIRBIGINT .

pu(x)
X |——> Encoder/

&)

Decoder|—>




Variational Auto-Encoder

B ST AfREESTHIRL, REXEERRBHELIFRERE, B

HL AR, KBHERBUTRS:
© Bk, BARMNERENE—17H, MAZREE—TEY. BAZDH, W

FHE3—HnEX. FEF, Z2EKINERSITE, NEREXRE. E)L

BERZDiERE.

How, FRERNAHEERIST, MHARNTRAR? TEESENKL
S0 P R B )
e

KLE@IIa0) = | pG) log P
BEEREEANMXESp(x) = 0Miqg(x) = 0OBIE, BAKLEEMEF KT . MFIE
AT, FESBEEENEE, EL ARG EE, 85T
WARTRE, QBRI —B, BARPREE(x) = 0iq(x) = 0
XiE, EUKLMEAIES A, EIGTAET “BHHN BIAES, &
BT ST, B TGAN, BITEES, BT RaKLAEMNEET
B [ 5T 2 A LUE A ST



Variational Auto-Encoder

O VAEHIAKREZMTA?

> PFRARUARGHIEE, REIIZGIE. VAEE TEEEncoderts X
B (BRET) AfRRZEPHREEz, ARBIREREMSERKERY
(X FEEGMN AR X IEHRKE ) BT EzEREIMERY . X
HRIIZI RS @ AVAuto-Encoder2IE B HHIMR, M—RAREIETVAE
ZTIERTRZEENKLEELR.

>  HBFHAuUto-Encoder, —MIIIZEFHIAUto-Encoder, MR EEWBE TSR
HIBR =S [BI3KAE, SAfG1EaDecodergVii N, FANIFLER] T —NERIRE,
BERZEAuUto-Encoderfyf == B 2 E 2 H AR AR, FHNTEFITH
. VAENIXFRZE)E TKLEEZAR, FREELEHENSZ TirEEX
S, XFERTEIMRFLZER R, HEMSRIR(I8VERER,

> FRLL, MINZiERE, VAER ZF2% 8% 245k AYAuto-Encoder.



CANZEZILHMNEMERR %, IFERREIREEFAZEDAE KET 6 X
AMERI I AIER : ERESUBETIEE (—RAMNS D HEEESD
) AN, WMEEREIE, FRISEoPHERBIEMESRIE. ElE
FEBEESHHE, A, EEREESEEOHESRIESEREE.

Fltt, APMMZEXNPHDS, ERPHEHEEXH, RERIMZSHH
TS, BRBELESSHE, AR LIEREEFRIRHIE.



Generative Adversarial Networks

B RzARENRR, xAESSHEE, ERMERFIAIMERTIASARAGFDR
7w, HPDAREE—1TZ0EK:R, BLARARXERT, GANRMRLE
FRATASAE:

mGin mSXV(D, G) = Ex—p,n00l0gD(x)] + E,pinllog(1l — D(G(z)))]

1(real)
B3 0 |— ogaw
1(real)

C )
G ——  Discriminator training

Generator training




Generative Adversarial Networks

mGin mSXV(D' G) = Ex—p,q00108D(x)] + Eyopinllog(1l — D(G(z)))]

B HAE—IRAD () FRFIB R ESER AN, B (6(2)) WER
S 4 R AR HOH B

> FIRSRDHBERESE AU AN, tHElmalhMERIERREESSHIES
MRy,

> HEpESRCHBRER M TAN, Rl E CERBIBHEWRF A5 7
REELHIES.

BT MRAR N (Max-Min)tEZE, BRI 5 R) HLALGFID RIILR
R EMERINME SFI RN L, ERIZ|AENashi =



Generative Adversarial Networks

B 5VAEARE, GANBILERSIIGIERETEZENEE, MAFE
PR E z WHERT. {BSEPR EREUR A ST FTGANRIULIL BARTL AT A& 3N -
et “BEET XNohmEEN&EIM.

B EEEMRFRCHSH, MUEMDNSHEE. Sp () AEXBIED,
Py () RERBTFESM. MILBIRAIUAEA:

mgle(D, G) =Exp 0llogD(x)] + Exepy(x) [log(1 — D(x))]

~ [ 5108 D) + () log(1 - D)) dx (1)

B SORETFDOMSHHF0, TREEID ()L BRMMENA:

pr(x)

D) = ) ¥ pa

(2)



Generative Adversarial Networks

D*(x) = pr(x)

Cpr(x) +pg(x) (2)

B QABIASKMAARENRIEN, FE—MREYUNER. Sp.(0)Sp, ()
T2 EER, WD (x)18X0.5, EREFIAFE T EBEX T ELHTED
SRR

B EEFAZFEDNBSH, MUEMCHSHE. LB :

mGjn V(D,G) = Eyp (x)[logD(x)] + IEx~pg(x) [log(l - D(x))] (3)

B FAEEMFRSENREXKAQ)K, A

pr(x) pg(x)
() + 0, (0 T rpe@ 108 )

[Ex~pr(x) log (4)



Generative Adversarial Networks

pr(x) pg(x)
pr(x) + pg(x) " IEXNpg(x) log pr(x) + pg(x)

IEx"’pr(x) log (4)

B AR THEEFIH:

| 0.5 X p,(x) TE | 0.5 X pg(x)
w505 X (0 ) +pg () P9 505 X (0, (1) + pg ()

E

pr(x) pg(x)

= ]E - 10 + ]E ~ 10
PO X (0 () +pg () P9 B 05 X (p, (1) + 2y ()

— 2log?2

pr(x) + Pg (x)
2

pr(x) + Pg (x)
2

= KL(p,(x)|| ) + KL(pg(x)|| ) — 2log?2

= 2JS(pr(xX)||pg(x)) — 2log 2 (5)



Generative Adversarial Networks

7E IR o A HS BB A
p(x)

= TR

JS
O G - ik R

Z
0 AC TR
2]S(pr () |Ipg(x)) — 2log 2 (5)

B ALER, BEERENILET, FIRRDSFHRERMFIRIED . F
XA OE B —EFRERT, EREFCHlossA] LUEINFEN T &/ MMLESL S
T E5EREEE M ST ZBIHY)S (Jensen — Shannon)EE . HFEi=2Ut: GAN
HERBETEFRPNENELTR L, MFNTHEMEoHERMIL.



Generative Adversarial Networks

B NMNIINZRNEESR, FRSEDER—1NZ7KE0ER, B—RIDRIEF
BAEBED X T ESHIBSERBEREEES (B): JomipEiE ER B ™
MIRZE) , EREREMMEIEEX] 7 ERMERTRIAF . MeaIEHNKE
ILE R BIE R R NESSHIE, AMESHTRYE sEE E A RIA
ASESHE. BEEXEARNIEET, ERBUES PRI ESIHIE,
N RAGRBESDIRHERX 7, URSHELERUESESSHIE.

ARG HREE ARG BIHIES B,  FIRSED: RAUDELESSHIE
%k%i&ﬁﬁﬁﬂtﬁiﬁ%%ﬁ%;—jﬁﬁ%ﬁﬁﬁﬁ§%ﬁ$o

pr(x) BRI

[ )

.. ..

LI L I LN

. . ( ) . . .

S e . x LI e [0
oen e LI o[ e
. Y . . .
. L-.!_ ',

D (x) EAEONC Ny

-~

Iy
o oe g
v v
v [

/Y NN




Generative Adversarial Networks

—FHiniR L AVAN RGANTE M 48 454y 218 d L% B 2RI % A EAFRY
% RERAH(MLP)SEIR, AMEESHEREX, IGKMBEIEN, £k
MEARERBEISAE, TERENRERNBIEEMS.

512 64
1024 : \ .Ji
_ al 8 = 3 ' _":"
100z J Y | s
‘ H = == 5 - e '-:'-'f—{ﬁ , | Stide2
L A .
Code Project and Stride 2 ; 2. | Stride 2
reshape Deconv 1
Deconv 2 B,
Deconv 3
Deconv 4
(Radford et al. 2016) Image

EFIRNER L RIIBRMSIAR TERRE A, FMERESERT i
22 2%(DCGAN), DCGANZE BN R B m RIBiIL ERVAEREM, (BHEHEX
HI B A IR E B A IGANYIZ R E R AEE T SZ BRI 4R 454 .
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GANRI R FF

B ERTVAEEN AFZESHBIESIN AN SR, GANNE L R E A h
HCVEIABT TEZHNNANS. —HENEEZEAIGANE B E%
mwwmimmE%ﬁE%WMﬁﬁ%o%—ﬁﬁ,Eﬁ—¢$%§%m
[REA !

B A TREBEFEMIEAXMES, TRNBEGESHERAOIT.

B Shliael




GANRI R FF

®m GANRYFIRISR A ABEF—1T 2o Res: KRESSBIET L “B” 5%, %
ERBIEITE “R” frE. Ba, XTB R FENEXENE—
SATRIG?

- real((H5 ) ?

G > D
T fake({&$)?

Ledig, Christian, et al. "Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial
Network."IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017.



GANRI R FF

O EGREDHR
> ERME—E R RS ERE AR RERE R

Generator Network B residual blocks

A
" k3n64s1  k3n64s1 ' k3n64s1

kong4st

k3n256s1 k9n_351

oN
>
—
]
=
=
S
=
G
]
X
a

IF BB i 3 P
IF BB 3 P

skip connection

Ledig, Christian, et al. "Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial
Network."IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017.



GANRI R FF

> FIRIME—— L IE RN S ESSRS T HRE R ZE X 5]
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O FEEGAN

k + 1457 K[E1E
BESHEKE)
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G |— ERBEEFRE) —

L= Lsupervised + Lunsupervised

mDin ['supervised = _]E(x,y)~pdata(x,y) 10g pmodel()’lx»y <k+ 1)

mc?x Ingn Lunsupervised= ~Ex~pgqea(x) logl1 — Pmoaert(y = k + 1]x)] — IEx~pg l0g Pmoder(y = k + 1[x)

Salimans, Tim, et al. “Improved techniques for training gans.” Advances in Neural Information Processing
Systems(NIPS). 2016.
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O EHRMARRE (image caption)

> EEHI #ﬁiﬁ%ﬁi‘iﬂ”ulﬁ'uE’J’E’l\ﬂﬁg 5ilZx& I ground truth5e
e—¥, SHERE R ELTRE— (WE—KE R EEA Y
NGk )_UI‘%EI’J*_\/I EEZXTFHEUNERRAEH TS —H0RE) .

Baseline: a man riding skis down a snow covered slope

Shetty, Rakshith, et al. "Speaking the same language: Matching machine to human captions by adversarial
training." IEEE International Conference on Computer Vision (ICCV). 2017.



GANEY R

> SIAGANTERHINIZ, EFIRIMEE CFINARSE R ZEHEKR.
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a cross country skier
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Ours: a skier 1s making a turn
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Ours: a skier is headed down a
steep slope

Ours

Base
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a bus that has pulled into the
side of the street

a bus is parked at the side of the
road

a white bus is parked near a
curb with people walking by
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side in a old museum

an airplane show where people
stand around

a line of planes parked at an air-
port show

* a bus is parked on the side of
the road

* a bus that is parked in the
street

a bus is parked in the street next
to a bus

a group of people standing
around a plane
a group of people standing
around a plane
a group of people standing
around a plane
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Li, Jianan, et al. "Perceptual generative adversarial networks for small object detection.”IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2017.
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Y Adversarial loss: minmax L(D, G) 2 EF ~pgar;, 108 D(FY)

G
+Epnp, (5, ) l0g(1 = D(E. + G(E| 1)),

-

residual learning
> Hep, FARKREYENFHE, FEANMNREYEEHE, FIfANMNREY
I A SFIE IR USRS B 1Y% B 4R R HHIE .
v perceptual loss: Lg;s p = Leis(p, 9) + 1[g > 1] Lioe(rg, ™)

> HA, Lo AN 3eaYloss, Lo AN X8 H 4R FJbounding-box
ARt Hloss, 1[g = 1]FRTEFRITERIossARIRBRRAR, gFkE
AR, MERM=g =0,
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Labels to Street Scene Labels to Facade BW to Color

input oupu( input output
Day to Night ___ Edges to Photo

input output input output

Isola, Phillip, et al. "Image-to-image translation with conditional adversarial networks."|[EEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2017.



Zhu, Jun Yan, et al. "Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks."
International Conference on Computer Vision (ICCV), 2017.

Wang, Ting-Chun, et al. "High-resolution image synthesis and semantic manipulation with conditional gans."
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018.



Paired Unpaired

(a) house cats — big cats (b) big cats — house cats

SRR LG R

Zhu, Jun Yan, et al. "Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks."
International Conference on Computer Vision (ICCV), 2017.

Wang, Ting-Chun, et al. "High-resolution image synthesis and semantic manipulation with conditional gans."
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018.



GANRI R FF

0-18 19-29 30-39 40-49 50-59 60+

O AlEM4EHR

- A | A
: _ .
e > - - -
= . - A=
. : - 4 > S W 3 %
I - |
m [j :
by i i | T
man man woman
. a v A " ;

with glasses without glasses without glasses Face Ag | ng

woman with glasses

! -’

Inpur Bangs Blond Hair Eyeglasses

Radford, et al. "Unsupervised representation learning with deep convolutional generative adversarial

networks." arXiv, 2016.
Antipov, et al. "Face aging with conditional generative adversarial networks." IEEE International Conference

on Image Processing (ICIP), 2017.
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This bird 1s completely red with black wings and pointy beak —
this small blue bird has a short pointy beak and brown on its wings

Zhang, Han, et al. "Stackgan: Text to photo-realistic image synthesis with stacked generative adversarial
networks."IEEE International Conference on Computer Vision (ICCV). 2017.
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Luc, Pauline, et al. "Semantic Segmentation using Adversarial Networks.". Neural Information Processing
Systems (NIPS), 2012.
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{5 result

{5 result Adversarial result

Adversarial result [, result

Mathieu, Michael, Camille Couprie, and Yann LeCun. “Deep multi-scale video prediction beyond mean
square error.” arXiv, 2015.
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raindrop removed

Qian, Rui, et al. "Attentive generative adversarial network for raindrop removal from a single image." IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), 2018.
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O GANRIERES:
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Wasserstein Auto-Encoders

B EENTVAERS B AR R E VAEE BAEMB R . UL BRI

I8
MSE GANE =
Dwag(Px,Pg):= inf Ep E el X, G(Z A-D , P
wak(Px, Pag) ol o P ozx) c(X,G(Z))] + 7z(Qz, Pz)
(a) VAE (b) WAE
Z
B[ X)
VAE reconstruction Tﬂ AE reconstruction

Tolstikhin, Ilya, et al. "Wasserstein auto-encoders." International Conference on Learning Representations
(ICLR). 2018.
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Wasserstein GAN

B RNEFEMSRRE, GANBIMKBFRENTRIMERSTHEE
PR B SEUE . WGANXRIENIEIA T /SHEMHUESHHEIHK
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GATREMNEE. M TFRMFIRZED, GANFNTMIL:

V(D*,G) = 2JS(P,||P,) — 2log2

fake || Real

EHENEES

v
v (D*,G) 3C =

0

Arjovsky, Martin, Soumith Chintala, and Léon Bottou. "Wasserstein gan." International Conference on

Learning Representations (ICLR). 2017.




Wasserstein GAN
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Wasserstein GAN

B fTWassersteinfE BHELUK R, {EEXEH#ITTTR GERFIRERTLLER
SHIMESR) -

W(B,Py) = max Exop,[f ()] = Exop, [f ()]
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|f (1) — F(x2)| < Klxq — x5
> WEER, XMEEREA, fHEEEHEEFH.

m RMALE BEE—THEMLE, B2, ZUARFIEGEFARR?



Wasserstein GAN

B EEFERETNERFERNGZE: BERFINENMESHow, MBI TERE
[—c,c] (weight clipping) , XFEMEEXTRMAERBEERES ST,
AT LA 2 LipschitziE 45,

B R, BENMERREERE: WE—TFIREMNES,, ERFIMTEEH
RN [—c, c]IBIHR N ES:
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WGAN-GP

B WGANEZEMIRS TIRENIZMIRE Y, BELBHRE. EWGANT,
%TﬁffﬂﬂéélﬁléﬁfwzﬂﬁELlpschltz ZELE T T weight clippingdy3@{E, {BsC
prl, Xt 2B,

Weight clipping

: |
—0.02  —0.01 0.00 0.01 0.02
Weights

B weight clipping2 B3 M& M E & b ARSI X8 [—c, c|BBA R, X2
g%gﬁ*jﬂm%% FHT T G, TIPRS]T R MER g as ) 5

Gulrajani, Ishaan, et al. "Improved training of wasserstein gans." Advances in Neural Information Processing
Systems(NIPS). 2017.
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B RXHEERLD, RNEXRELEARENMALZIE LR LipschitzPRE,
AFZEQIVEERMFEAREPRXE,, EEFERER XL REE(]FE
RIXIRLIT T

> BiRKE, EBENRE—STERER, ©85—TIRN0-~-115 2 aIkEHL
W

Xp~Fp, xg~Fy, e~Uniform[0,1]

> SRIETEx, Mx, HIE L _EREAIRERAF

X =¢exr +(1—-¢€)xy
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L = Eyep, [D(X)] = Exep, [D(X)] + ABz-p [(IVzD (R, — 1)]



WGAN-GP

Gradient penalty

—0.50  —025  0.00 025 050
Weights
Unsupervised Supervised

Method Score Method Score

ALI [8] (in [27]) 5.34 £+ .05 SteinGAN [26] 6.35
BEGAN [4] 5.62 DCGAN (with labels, in [26]) 6.58
DCGAN [22] (in [L1]) 6.16 £ .07 Improved GAN [23] 8.09 £+ .07
Improved GAN (-L+HA) [23] 6.86 + .06 AC-GAN [20] 8.25 + .07
EGAN-Ent-VI [7] 7.07 £.10 SGAN-no-joint [11] 8.37 £+ .08
DFM [27] 7.724+£.13 WGAN-GP ResNet (ours) 8.42+ .10
WGAN-GP ResNet (ours) 7.86 + .07 SGAN [11] 8.59 £+ .12

Inception scores on CIFAR-10
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CVAE-GAN
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Jianmin Bao, Dong Chen, Fang Wen, Hougiang Li, Gang Hua. "CVAE-GAN: Fine-Grained Image
Generation through Asymmetric Training." International Conference on Computer Vision (ICCV). 2017.
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CVAE-GAN
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CVAE-GAN
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CVAE-GAN
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CVAE-GAN

(a) Real samples (b) CVAE




CVAE-GAN

O kB RRENRIERLR

B 7ECASIAZIEEZ

Real data CVAE CGAN CVAE-GAN
(ours)
Top-1 acc 99.61% 8.09% 61.97% 97.78%
Inception score 20.85 10.29 15.79 19.03




CVAE-GAN
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CVAE-GAN

O BEREERTR

1) Original images b) Masked images c¢) CVAE-GAN-1 d) CVAE-GAN-5 e) CVAE-GAN-10

Results of iteration 1~10
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CVAE-GAN
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AEGAN
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Jiayu Wang, Wengang Zhou, Jinhui Tang, Zhonggian Fu, Qi Tian, Hougiang Li. "Unregularized Auto-
Encoder with Generative Adversarial Networks for Image Generation." ACM MM. 2018.



AEGAN
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AEGAN
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FID score on CelebA (smaller is better)
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Jianmin Bao, Dong Chen, Fang Wen, Hougiang Li, Gang Hua. "Towards Open-Set Identity Preserving Face
Synthesis." IEEE Conference on Computer Vision and Pattern Recognition (CVPR). 2018.
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