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Research Progress on Application of Generative Adversarial

Networks in Various Fields
LIU Jian-Wei' XIE Hao-Jie'! LUO Xiong-Lin'

Abstract With the rapid development of deep learning, the field of generative models has also made significant
progress. Generative adversarial network (GAN) is an unsupervised learning method based on the zero-sum game
theory in game theory. GAN has a generator network and a discriminator network and trains through adversarial
learning. In the past two years, GAN has become a hot research direction. GAN has not only achieved good results
in the field of computer vision, but also emerged in natural language processing (NLP) and other fields. This paper
expounds the basic principles of GAN, the training process and the problems existing in traditional GAN, and fur-
ther introduces the principal structure of the GAN variant model proposed by the modification of the loss function,
the change of the network structure and the combination of the two, e.g., conditional GAN (CGAN), Wasserstein-
GAN (WGAN), WGAN-gradient penalty (WGAN-GP), informational GAN (InfoGAN), sequence GAN (SeqGAN),
Pix2Pix, cycle-consistent GAN (CycleGAN) and augmented CycleGAN, and so on. Then in the areas of computer
vision, speech synthetics and analysis and NLP, we review the structure of the principle networks and models, in-
cluding Age-cGAN for face aging, two-pathway GAN (TP-GAN), disentangled representation learning GAN (DR-
GAN), DualGAN, GeneGAN, speech enhancement GAN (SEGAN), gumbel-softmax GAN, and so forth. Then we
also introduce the applications of GAN in the field of medicine, data enhancement,etc, including data augmentation
GAN (DAGAN), medical GAN (MedGAN), unsupervised pixel-level domain adaptation method (PixelDA), and so
on. Finally, the future trends and directions of GAN are prospected.
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Fig.1 The structure of VAE + GAN
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Fig.2  Training process of GAN
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Fig.3  The structure of CGAN
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Fig.4 The structure of DCGAN's generator
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1.2.4 InfoGAN

InfoGAN (Information GAN)™ #£ CGAN ]
il BT 1 AR, SCHR [15] 7E 2016 4 OpenAl
HYIVPNERE A RRBEZ —. InfoGAN ¥ GAN 5
F BHEISHATA LA, InfoGAN @It 5] AR &
Hihi 5 A s 2 1A ) BLAE BAR, AS R R
2] B U B B AT REPERRAE. InfoGAN H$2 A
M7 HEEBMES, £EE0H, XY ZEKMEE
BI(X;Y) TR R LA R X S Rbl A
®YMNEEE.

o p(z,y)
I(X;Y) = ;{ gp(w, y) log 2@y (8)

W 5 ps, o H 208, 4 HAS BT LA

HFEN

I(X;Y)=H(X) - HX|Y) =
H(Y) - H(Y|X) 9)

I AR AR A R B B B R AR A
SEEAR M EEARE BRI BAE XS X
MIRFE. BT GAN WX TS AR & o A it
ITARAT AL TR, 7 InfoGAN Al 2/ LR A o] 15 46
N7 2 R A il ¢ R 5, o AREEE A
(I EE AR SURFE. 2 ¢ 54 R G(z,c) A E
LIFEUZE, A ¢ T Gz, ) Nii% B A AR,
B B o, a0 52 IR EAE B paE, e =5
Z I E R E IR R, BV EAS B80T 0. F HERE

H(X,Y)

K5 HERE

Fig.5  Mutual information map
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Fig.6  The structure of InfoGAN

InfoGAN | H H.A5 B T BOW i N e 75 2 3k
T, XA R E XN EAS B ¢ R AE R
BEATHE .

1.2.5 SeqGAN

SeqGAN (Sequence GAN)! @4 54k 2% ]
(Reinforcement learning, RL) 5 GAN I3k il
HIEEAL S a Ak ) AR b S AR Pl A s R
RL BF 708 Re AR PR B AH B2 F AR, il ik
17 10 77 2R 5 2] a0 SR 1 1 JR R R e S AR
(Markov decision process, MDP)"". RL i 4 42
KER AR, a2 REES S, shfEEE AR
SHFMARRE P AR R . E SHRNE m IR
A7 A B Z VR 2 A et B R AE S ATIRES s, B
PRAE SRS L FEBNAE a0 /EH T3R8, X5 $R U E 34

() [HEmz
SNORIEIRG
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5 R K S0l e, JF LU RSN pe, | B RS FI QS (a=yr.s = Yig) =
T—ARE s, . RL 1 B b2 18 i A Wr 18 2240 40 3k Dy(Y1.4), t=T

S STONER- VL AN

B Yir = (yi, - sy, ,yr) NEBEIE
BFH, g€y, Y at—Mxis 2 MRLE, s 28
BT (g1, ye) FPRESEES . 7E SeqGAN HH K
W& m BAE— AN HSH 0 = H A A Go(ye]Yia—1),
Dy 5N H ¢ 1] ) &5

SeqGAN it 7 fros. £ ORI S BTIRES
si—1 I, I FRFRIERE R (Monte Carlo tree
search, MCTS) 7754 H AR 2 5 R AL B 1
ay ATHNA, FEH Dy X8 —AN 58 8 7 51 34T VF 47
BEX AV 25 AR N K vy WAL 4 Gy, TR B
FERIEX Go AT R HT. B RL 1592, Ik
H—ANAT RUP= AR — AN ARSI () A s 45

-1

B

Y"
G, (yélYl;x—l) SRR R % I___"_,__I
‘ [z |

Vo owgammene |
PRI %

Kl 7 SeqGAN %5#y

Fig.7  The structure of SeqGAN

SeqGAN W H br R EUZ N T A R U7 )
CEAT> N4
J(0) = E[Rrs0,0] = Y Go(yi]s0) x QF’ (s0,1)

Y1 €Y (11)

Hrp Ry BR— 5 BFIILEE, J0) REY]

IR so GRS 0 CA%E TN, PR R

BRI, T QT (s0,y1) AR IR B F E R
. Dy (V) NENEAE R EL N {E

Qgi (a=yr,s=Y1rr-1) = Dy(Y1.T)

SRIMT, Dy (Vi) RBEREXT S BE PP A AT E 40
PRI, 5 E A P DRSS B sh R e 2, & E 2
SR RIE R R ITE ) roll-out SREE G XF AR A
T —t W T8 N (ygrs -+ yr) REREAT A, € X
— N RS RIS REIEN

{Yll:Ty to aylj:\ér} = MC’Gﬁ (Yl:ﬁN)

25 LHTA, SeqGAN (BN 1EME BN

(12)

(13)

N

1

N E :Daﬁ(Yf}T), Yf}T € MCGB(Y1:t§N)7 (14)
n=1

t<T

Horp, ZEC Ry By KITHOLT, REEN SRR
A ZIERN DB R (Y1, - yr) BEAT
A4z, FERE n KSR AT YRS, AN Dy (YY)
AR (] PR 2 f A

IR GAN £ HR1E 5 4L (Natural lan-
guage processing, NLP) #035 [1) 5 F — EL A R,
SeqGAN [ HUFI T GAN 7E NLP i /& —Ff
FAFEW I, FEAENL & 8 1655 B B AU R 448
FIEM.
1.2.6 Pix2Pix

Pix2Pix" ] CGAN sZ8L 1 BB FALSS, D
BB ANE N DGR 2 S — A H s L,
R A EBRE R — N JE v, REIR T 5 A
B JEYE. BT Pix2Pix KA NECR B R, i A
i ZA CGAN #EAT AN A it . Pix2Pix A5 H4
Bl 8 Fiow, K BapL: S 2 5000 B8 o 1 92 B
frm AN, R AR T HL BBy AR
G(z,z). ANHENWIE > 5y 838 2 5 G(x, 2) BT
EUEAE M N7 5. B R L, Pix2Pix Kl
EI% o 18 CGAN FFHI&HE .

WIRTSCATR, GAN Re % 2 > 31 i 4 5008 1) 4

HAREC Ny

R

G (x,z) X

AR

CRRITIN]
ALLIA
(B F TH (I

| | (N
X

K8 Pix2Pix 45t

Fig.8 The structure of Pix2Pix
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fiE, Pix2Pix ff FH 7 CGAN 45 K B %L, 1K M
EUE = FE R HE R
Leoan(G, D) = E, y[log D(z, y)]+
E; .[log(l — D(z,G(z,2)))] (15)

Hodr ) 2 NBEHLE NS ), o A EHE.
Pix2Pix 7 CGAN %t b, v T AR UES A B
B4t R 2 B P ARALEE , 7€ Legan(G, D) BN
T—/N L1 8¢ L2 JuHOE NI, FHodr L1 Ja0E )
AT
L1i(G) =By y o[lly — G(z, 2)|,] (16)

B LA Pix2Pix 02K R % A
G* = argmcgn max Lcgan(G, D) + AL (G)  (17)

Hr N AR S5.

Pix2Pix A4 1 RF i 32 EEAE A A Ik 5 b
Pix2Pix &+ T U-net! /E A4 s, U-net H4w4
AR, BT i E5 % n— i ERMET
NEHE], LV SR ZRE BAEBRS e — i EH
R, R ZHRHEE R, #A)15 0 U-Net /24
B BEPHERE 0 B, XFEHUEFRNE « EH
Fon—i EREGE RN E— B, X EZ [AfE7E
EHAHPIE R, Pix2Pix BN B . EgL
S or N S5 AT ) PR A B L TTRR. Pix2Pix
{ERN—A IR CGAN g5 & M4, N E
G AN, SR AL AR G PR 5 Al
1.2.7  CycleGAN 5 Augmented CycleGAN

1.2.7.1  CycleGAN

CycleGAN (Cycle-consistent GAN)P 244 X}
B GAN 785545 3, CycleGAN fgkt
—RE B R . Horpoa i A 5P
OO PN 5 BE (Microsoft Research Asia,
MSRA) T 2016 442 H B —Fh H T 11 45 818 1) 5k
W2 2 J7 %, F Tl o R TIC R AR VY ) R
fe T I IR, XA AR 3] — AR T R
PEAE 5 B0 2 ST, ) SR A6 A 55 AW ELAT 5%
Z B B R AGHE T X B A BT U1 k.

CycleGAN H— 4G FRIT GAN /484 il
AL GAN #R AR s {G, F Y A5
# {Dx Dy} ARk CycleGAN FHALF T PN BIL OC
ARG X>Y MF:Y - X, Jitl CycleGAN &
4 MR HRFE A 9 PR,

B9, BUE @ ~ paaa(2) s ¥ ~ Paaaly) , 18R X,
Y RN AR RN IR o A, o, G X — Y
)AL [r 457 SR 400 R BRSO

G
s
X Y
\/
-
D, D,

B9 CycleGAN JFH K
Fig.9 Principle of CycleGAN

Lean(G, Dy, X, Y) = Eypya(y) [l0g Dy (y)]+
Expyu(@)[1 = Dy (G(2))]

(18)

Hrh, G 2EREMTY TIIFEA G(z), Dy HIE

FRX T Go) MESEHA Y. A F: Y — X 5§
EERESESEA O

Loan(F, Dx, Y, X) =Eqpy o) log Dx ()] +
Eypuatn[l — Dx (F(2))] (19)

i, PSRBT X FIFEAR F(y), Dx BIE
X F(y) FNESEREAR .

CycleGAN L3N 1 — T4 348 — 040 2% ek £k
Leye(G,F) , Leye(G, F) FE WA B m) 453 25 pR 45 L, T
M F(G(x) —x MG(F(x)) —y B Ly YO H
BLR, gee = ) BIH I F(G(z)) MG(F(x)) Bt
NP
Leye (G, F) = Eqpyu () |1 F(G(2)) — 2| 1]+

Eypoua () IG(F(2)) = yl| 1] (20)

A F BT 3 MR R LA H CycleGAN
L(G,F,Dx,Dy) = Loan(G, Dy, X, Y )+
Laax(F, Dx, Y, X)+ALey (G, F)
(21)
Horp N BT S E, BT B XA 45 0% bR A A6
R — 45 2K eR B AR
B Pix2Pix ] H T BGHH 3 S RS i 4 5%
1145, H'E 5 CycleGAN HIX JHI7E T, Pix2Pix fi{
TR LR [ 5 N L A0 RO E 117 CycleGAN T %f
kRt HiE . ae AT I 5.
1.2.7.2  SFSADFASDF
R CycleGAN A8 WA BT 08 Hh 2 21 458
() LB O 2R, IR A AR P A 7 P DA 3 i 2D %o T
U (1) 75 SRR $E = 5 M A TOAT 55 (i M . H 2
£ CycleGAN H B 15 JiCJ2 38 ) B 555G & LT 2
EVER), 3 HAE %, BT, CycleGAN Foik M
F T 22 %6 22 WLS 1) 2 SUAT 5% A AR RIS (A ] () Bk

3
%
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PR RARLZARE FINE AR, AHE — R — B %
R, 20T Z WL ReE B U b S AN [REZ R] D6 & S
R [22] #2H T—A~ 44 Augmented CycleGAN [1]
B AT DL SR () 22 00 22 LS. AR Bl Oy
A, IRMBEZE 7340 pa(a), BARECN B, TR AEZE 23 A1
pa(b) . REFENLAZ R Z, M Z, M AR i 7 e e 75
A, 73N p(za) 1 p(zp) , FF45 pala) F pa(b) AHE
ST ARV X FEA 2 A 2 70 50102 M p(24) A p(23)
PN B v 20 20 A P RS B, FEA o R b 53531
7& NG ERME AR 73 A1 pa(a) 5 pa(b) HRFETS 2.

Augmented CycleGAN H 4 ANB 5 R 0 2H B
GG A BRI R B Gap : AX Zy — B,Gpa:
BxZy— A, Gap F1Gap WTULEERHANEA X%
PHAE B A B FLUR, AE) 8 T 1 G i 24 Bl S5 R 250
Ea:AxBw Z, MEg : Ax B Z,, iS85 HEHS
T8 3 I L 8 R A ) kS SRS A A — B E EAT AR AL
Gap.Gpa,Ea MEg 73 HHME MM . Aug-
mented CycleGAN [1JJEE1E] 10 Fros.

> Gj: Gy Ep
E,
—E,
e ‘\ /@‘\\ ; y\( @
_ | é
OROEGHNORONG
\\\\\\;‘ ‘‘‘‘‘ ////
A—B i B4 2

K] 10 Augmented CycleGAN J K]

Fig.10  Principle of augmented CycleGAN

Augmented CycleGAN ) HARK) G2 U0 T

1) A—» B

WE 10 B, 34 (a,2) ~ pala)p(zy) —*F
SR, I G A Ea 2 SRR (5, 20)

b= Gag(a,z), 2o = Ea(a,b) (22)
A — BRI RECN
LgAN(GAB,DB) = E [IOgDB(b)]Jr
brpa (b)
E [log(1-Dp(Gag(a,2)))]
adi((a))
zp~p(2zp

(23)

¥ 16 %
L&in(Ba,Gap.Dz,) = E  [llog Dz, +
a~p(zq
E [log(l— Dz (%)) (24)
a~pa(a)
zp~p(2b)
2) B~ A

FIRE, Qi 10 Frzs, M4 H (b, 20) ~pa(b)p(za)
XA, @I Gap M Ep A BREHE XS (@, 2)

a=Gpa(b 24), % = Ep(b,a) (25)
B — A B KRECH
LéAN(GBAvDA) = I];E( ) [logDA(a)] +
a~pgla
E  [log(1-=Da(Gpa(b;2a)))]
b~pa(b)
Za"‘/p(za)
(26)
L&\ (Ep,Gpa,Dz,) = \ E( ) [log Dz,] +
~P(zv
E  [log(1 — Dz, (%))]
b~pa(b)
ZaNp(za)

(27)

3) Augmented CycleGAN IR — 3451 2k B 4L

7E Augmented CycleGAN H M\ Ag—> B[] %
BidfE (A BB - A) &1 —RIEH G, & X
TP — Bk iR AL

a) 7 A — B IT4R, WG — B 2k s Hoh
KT a PR — BRI B LS, N

L4(Gap,Gpa,Ea)= E

Hh, o =Gpad, Za).
A — B R B Bh R T 2 OO — Bk

PRAELLZ N
WG = B g
LZ(Gag, Eg)= E |2 — 2l (29)
a~pg(a)
z2p~p(2p)

Hrp 2y = EB(a,B).
b) # M B — A IT4h, WIAEPE — B 2k ok
IS b HIfE3A — Bk B Ll N
L5.(Gpa,Gap,Eg)= E |0/ =0bll;  (30)

brpa (b)
za~p(za)

H v =Gagl(a, ).

TR — E 5 R BT R T 2 FIAEHS — B
KB LZ: N

Lg(GpasBa)= E |I2'a = zll; (31)

brpa(b)
Za Np(za)
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Hp, 2, = Ea(b,a).
Zi B ATIR, Augmented CycleGAN 352K BR
L= Lgaw(Gap, D) + Lian(Ea, Gap, Dz,)+
71L§,C(GAB7 Gpa,Ea) + ’YQLCZY”C(GAB, Ep)+
Lgan(Gpas Da) + Liin(Ep, Gpa, Dz, )+
73L£C(GBA,GAB,EB)+74LCZYE(GBA,EA)( |
32
Hrb, 1,72, 78, va WIS AL
Augmented CycleGAN PLJG B )77 X2z 2]
2N 2 WS AT . e RN e MR R SRR A5 R IGAE T %
155 A 7E R B B AE 55 h I A AME, Augmented
CycleGAN AT LUA 80l FAE - I B % 21 5.
Kk, CycleGAN 5 Augmented CycleGAN N
GAN GRS AL TIRIF I EOR.
1.2.8 GANiHM&EE%E
HT GAN B IhE 2, S EATRvr Al 7 22
MREE N Ao 56 A6 Bl R BRI o S8R, SRR VAl -+
SFER N IR ] FF H VPG 45 R 2 BN EM
PERIE . Rtk GAN BIVPAEfaAn U A EE. HAl
X GAN lﬁﬁfﬁiﬂ:ﬁﬁﬁi%ﬁ?ﬁstLﬂ“%ﬂiﬁi
M7 Py 5ESLAM G P Z RIFARBIE. GAN 7€
PG TR R
1) Inception ¥-75
i Bl Google M A Inception P25 K PF Ak

Az B B ) Jot & DA S Z AEPER). Inception 143 AJ EA
i 2R H:
IS (P,) = ePerr KL (I}l ()] (33)

HAr, paryle) R BB BB M R4 EFEAR
IR AT G ARG, pas(y) A2 par(y) =
[, pa(ylw) dPy K. Inception 770 AN 2 2|
FESLHR R AT, FOR B N AR R 2 o AR
BEAT PRA .
2) Mode PF4)

AL J7 75N Inception 143 J5 v I Gk iRUAS
T T A8 0k B S A ) B R A R AR AT R A
PPl 2 R

M8 (Py) = exp(Eanr, [K L (pas (yl2)] Ip2s (4)) -
KL<pM<y|x>||pM<y*>>}) (34)

b, FSEMER A par (y*) BRERBIT par (y*) =
[, paa (y|@)d P, THEAT R, @8 5 msk A, 2K (34)
BV Ry S ST R A R AR RRONE 3 70AT F) 22 5

3) ik K¥ME % 5+ (Kernel maximum mean
discrepancy, Kernel MMD)

A AR A% R 2k RIE B R A 5 R
SRR A1 Z TR R ARABLE Y, Hei S0

MMDQ(PH Pg) = Exr,x:NR, [k(xra .T:)—

!
xg,a:gNPg

2k (1, wg) + k(2g, )] (35)

MMD A BRAR, U 78 A W8 2 73 Afi 2 Th) F4 AR B
ST

4) Wasserstein Ffi 5§

=X (4) Fron, Wasserstein fE 58/, P, 5 B
AL

5) Fréchet inception & (Fréchet inception
distance, FID)®!

FID 5 feife B — ML EL ¢, HHRBE o(B) AN
P(Py) N ibENL A &, JFE RN s iR &
G (Pr) Ml p(Py) HISME AT ZE 1t 5 FID:

FID(Pr?Pg) =g — :ug” +

r(Cy + Cy — 2(CiCy) %) (36)

b, e, Co Mlpg , Cy 2339 ¢(Pr) Fp(Py) 1
A7 ZE5E K. FID BRI, Py AR ORI RE A
HAR, IEA PARIE 2 R4
6) 1-5 T4 J5 4% (1-nearest neighbor classi-

fier, 1-NN)=

KA 1-NN 750 K48 #EAT WAl il il i —
(Leave-one-out, LOO) #ERiZ K V-l P, 5 P 1%
FRREE. R Sy ~ PT,Sy ~ P4l oK B AR
HOp AT P APy BIFEAS, FF HAEARAS RO 5%, B
|Se| = S, APl 5E 4= ILEER, LOO HER N
50%.

TESCHER [27) HXT BLE 6 FF GAN VR4 7 vkt 47
TAFE RN, 564

£ R Kernel MMD F1 1-
NN 3 2R 28170 FI A6 77 B H P A RCR 7 AR 5 B
A ERE.

FrUbZ Ak, 2 GAN N FHAEAN R SIS, 23K L
ANF PPl BRUE, BIan: WE(E{ERELL (peak signal to
noise ratio, PSNR). £ #AHLE (structural simil-
arity, SSIM). “F¥J £ % & WLIF 4 (mean opinion
score, MOS) %%,

1.3 INEEDHR

AT EENET GAN MHEER GAN 2 fh
PLA GAN M35 7. GAN A8 (K28 4k = 55y
N3 R

1) & GAN I 2R 2 8505 361 2 oR Bk 47
et ;

2) W AR R4 M 4 N 7E GAN | 3R
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S 46 1

ERTEANLE S

3) 4 Hi A AT RA TR AR,

BRI, BB R B AR AT — AN R AR K
i, CGAN, WGAN, WGAN-GP A} InfoGAN
J&T % 1 M2k, DCGAN J& T 55 2 Mpasfl: Aug-
mented CycleGAN, CycleGAN, Pix2PixGAN H
SeqGAN J& T4 3 i, R4 DL b 3 A Y (AR
b, 4115 GAN RLFH (838K K46 56 . AMUEE T 1R
BIE. 75 & NLP SUs R 2 g, e 558 74
AR 2 (Rl kA A Re k. 38 10 7 AT AR
ABEARY )4t B[]

F 1  GAN BRI F

Table 1  Variant of GAN model
Ay AL
2014 FAFERI PG (CGAN)M
2015 EERA R BT EE (DCGAN)
2017 Wasserstein-GAN (WGAN)!™
2017 AR EES T (WGAN-GP)!M
2016 fE B AN EE (InfoGAN)!
2017 7B A RS PLR 4 (SeqGAN)!
2017 ETCCGANHIEIR 2 E B EIFE A (Pix2Pix)™
2017 PR AP (CycleGAN)2
2018 SEIRIEFAE TP LS (Augmented CycleGAN)®

2  GAN 7B S A N F

GAN 7E BB YUK B /& GAN A% B
iR E 2R, £, Wk GAN £
BRI R HEAT B 45 FE AT ILE: AR
BEAR A BB A BGE HER MEB R 2
MU B A A BB XURS FA SO 31 B 1R 26 Rl
B SCERAE AR E B TE.

ABEBOR A 5 BG4 B

NGB AR — AN TSRS R
G BT RFAE SR B AT IR A R . 7E GAN [
FAHR I — AN B s DL L B 1) 9 P 4Tk
2.1.1 EHTF CGAN W ARREIRE R

KT CGAN 78 NG 77 TH] () )87 FH A 70 8 22
FEHIER CGAN SRA g 1 gt 5N G 1 mT fe
FERIE T AT e 3 5 2R s 1 2R R R HERR i N
Ji6: S Y AR R N B 5, AR RS BRI R
i BENL RGB M. HLUR, 5 28t 2 5] FE A
LR 4 DL IX 7 N G BN S . B AR Rk
W) IEMR R 2 () AN G CR TR i 31
a5 BeJa, 0 #8 AR 1 B E B IE (TR REAE, LA

2.1

[X 53 K 2B i A AR TR ARl PR A R0 B s AT I
1% BEAh, FIR B E R 2 S A4S Bk TR E G+
) ey ) ). SEEGIERE 7E Wild a4 E 4%
PEAR J2 AT LA SR HE B 42 1) A B g 0 A He ) B ATIE
SRS BRI NGB M, SEILA G & Ik vl 5 1k
546, Age-cGAN FIFEFIH CGAN #E4T A
BG4 2, Age-cGAN REMS A2 B ) 2 AN AS [F]
R, HEEE T R EREEE. fEN ] Age-cGAN
B, 75 B8 — A M AT TS AR R H AR AR I N 2%

PEE R, AL WA 11 Bk
5125 U 5 4 PIRE AR Ny,
HRALBAE L, A ol IR,

’f’hﬁﬁ@{% Yo ﬁzﬁi%’é’ﬂ Yo ﬁ—:ﬁk%ﬁ
l': (G) I (G)
N LR Ay, !

T z, z*
{1 o 20 1
ﬂ B ks

A fift,
Bl AR Sy,
it e 3 Pl
B2k e

HERERS: 60

'\ 604 I A IEI R
xmrge(

-

H/ G)

K 11 Age-cGAN JREEK
Fig.11  Principle of Age-cGAN

7B CGAN W27 AT B I 25, 4
Age-cGAN UIZRTERUG , $hAT LA AN Bk #EAT
JEhE Ak

1) S5 EFRS yo , MNTHES IR =, $ 3R AR
A 2 IR 11 5 1 B R, AR BUR AT Re R
WIGATH 8 ) A TR OR 2 = G (2%, o) -

2) 4 72 FRR A B yhrger , L V2 BN
AEUE, Gl 11 R EE 2 2B R TR, AR gl SR TH T
IZSH% Ttarget = G(Z*; ytarget) .

Age-cGAN ffiH 7 DCGAN 4 Bl 4% A ) 51
A RA G Horh < By R KR R A BARAL TV,
REBS/E B @ AR P R IR S 5 2. “S iR
R B m) S AU 7 I8 — AN B % 00 B oy 19K
WA N2 FR RN Fz 1 S 4 AT 800, I
B THE FR(x) M1 FR(7) 2 (AR IGEE &, f/Mb
2R BRI T B R RCR

2 = argmin | FR(z) ~ FR(),,

(37)

AT R RA R R, AMUE R T A
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M IE FH T H At T O R A 2

fE R AR A, BT CGAN AR R 1)
B L AR 40 GAN B A SR 10 500 B9,
M Age-cGAN 1Kk H OpenFace {4 (FTH 079
KA SR THE—NAN) X “ShORE R &t
JPEBAT TV, L RAA IR R VAR E
FR (“OpenFace” face recognition) 741, FR 74
S 82.9%.

FKAUT Age-GAN, Li 55 §2H 7 —Filt T CGAN
{18 1) FH 4 J A0 J 308 AR A AR s LA A 8 5 T R
GAN 157 (Global and local consistent age GAN,
GLCA-GAN). GLCA-GAN H 3043 41 ik:

1) J8 I 4 R I 8% 25 =) B8 T 50 45 A - 5540, %
NI A A =ELR

2) 3 AN CHEIFB Y Bk 3 N R 2 Tl S AT
FHIE 4 HE HL, B FEAS0 S 88 TR FR AL I 4B A AR AL

itz Ab, di a5 o) B 22 18 R (68 S
N T 8 AR 0T B 1) A= s T 8 AR 2 T Y 22
F) PR ER TS A e MG O X 3 1 DR 43 4
IR B A DR ARF 400 2 bR E5ORT A 08 DR 47407 2K pR B DU S
U M ORKF B 415 S AN B B AN 5] 45 08 5 B 1 HE 1 12k,
Ty A R G 35 401 5 R BOR DR A7 T 50 i N 1R 48

N

212 ZBEBSAREGER

Z LA NG G AR e A — I Ak 15 AR
B 5E 4 B IR TN R, ATk Oy A% 1. A5
W R A ARG IE GAN: J8 P Ak kAR it
A7 F T B A R SUER A A o0 e I 28 N B A
LAY R 27 AT 2B PR 470 00 2%

1) XU AR A ORI 2

XA A AT PN 45 (Two-pathway GAN,
TP-GAN)P ¥ GAN M H T A IE, N ER
IR — G A8 A 1 v i T OE TN K AR
AR, TP-GAN K42 H 32 N0 WA ik A7 40 B & ot
PR R & B, Nl DU &5 s ik g 1T K
MER S 2, XN SR ATAE N TP-GAN H1
2R R (Global pathway). Hk, N EXZE
B oh B A0 BEAT RP AR S T, il A AT B A ) — A
PG r R 30 AN [] DX AR AR A S B, IX AN R T AT AR
9 TP-GAN F1 512 (Local pathway). fEA
R, NI T E A A FRHIEE 2 X EA —
Bk, DIt TP-GANMEH 2 2% R 121K CNN 2%
> BN BRI R R AR AR, 5 42 R B8 A2 1) CNN 52 2]
BB )4 RRHE.

WK 12 fis, TP-GAN F A= fl 2% 8 i 4 =) %
A2 R0 = S B A IR XUt CNIN ZE AR 2 B 4 G, (FH

SR 0 8, BABAEL A WD B AR
D, 73BN Gy, Gos } R {Gyy , G}, Fer g Al
I3 T A JR) G A B AR AN R B SC B R AT, W] 12
EEFERIYFR. AR RERAET, Gog (%0 H
(bottleneck) 2, Mz HIAE XG5 R BREL L ooy
KSEM RS, Ip NEESLIERIEG, T Ip ZAE
AFZEETHIANEEE, F5 2 NAFLE A
i EE WS RS G A . o {Ie, Ip)} € Wox Hx
C, C NEIthIEIE.

JRy R A%
BIRMA

g——
. B
@ (CNN)

&R
EIRfL

A
(CNN)

12 TP-GAN £ plis & # J 2 15
Fig.12  Principle of TP-GAN's generator

FEH 12 B R AR M 2 ) O T BB AR
H 4 JRy A JR) B B A2 B B SEBLARE R &, B R
4 7% R R R AR X B R AR K B AL S R — N S AR
fIE 5K 5 B A AR R 22 1) 23 R (0 B AR A 5K & AR
] B R 2 R AR I R K BRI AE 2, 77—
ANEE BT RIE K R, R R BUE R ERR,
DA A s 24 (0 B . 8IS Go, (2806 R
3E) 5 Dy, ((HZH0p RiE) FATZ B INZR, fLtbbh
AR NARK ] A

min max (E;r.p(;r) log Do, (17)+
Op (e]

Erroprrylog(1 — Do, (G (I7)))) (38)

TP-GAN [P 457 R EL Ly BHULR LB 534
a) BERAK R

1 w H
Lpixcl = m Z Z ‘prr)zd - Iit,y’ (39)

rz=1y=1

o, 1ot = G, (17) AT IR,
b) X FRA K BRI H

1 & &
Lsym:%XHZZ

z=1y=1

red d
Igﬂl - II[:Ir/e—(x—l),y (40)

c) XFPUR R AL

N
1
Logv = N ngl - 10g D9D (GGG (I’IILD)) (41)
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d) S PRFEF K K%L (Identity preserving loss)

2 1 WwW,; H; )
o= YU,

rz=1y=1
F(G(Ipred))i

m’y
Forp, Wi A0 HARGR IS RS A 4E 4.
o) KR
Lsyn = Lpixel + )\1 Lsym + )\2Ladv + )\SLip + )\4Ltv (43)

Horh, Lo PRI R R AT AR ) 1 ML, (5
R R BT

TP-GAN il it 5 MU BR UL L, A
Lyn B 172K B ECRIAL N 28 2800 . 3T
BA N AN I g4 (17,10}, TP-GAN
DAL I

(42)

N
A 1 .
0 = argmin ; { Lon(Goo (1), 1)+

aLcross—entropy (Ggg E (ITIL:,)’ yn) }

Hrb, o RS HL

TP-GAN 7E# KA A LA Va8 5
FHUEAEE R, W K2 H NS I+,
AR IR BEAE £60° 12 3530 BBl 9 A p ki 5. (2
TP-GAN B8 M EE K1) A B ik 5 E i S I B A
IR, i 13 B,

ra
.
kb B4

13 TP-GAN S5 %CRE
Fig.13  Experiment results of TP-GAN

2) RN 7 21 A O N 4%

TR RHT 7 2] A BN BT M 2% (Disentangled
representation learning GAN, DR-GAN)P 54p)
T TP-GAN, & GANTE N K % IR 45 _F 1 3.
DR-GAN fy#%.0 AR K GAN M5 4 RoR AT
ghGr, PTLAMHI S E 0 0 28 A St 40 A
R EUEIE e A S A R (ID) MY ¢ . iR
RIGINT — AL ¢ My A BB R A R 25 B\
WS XA gL B4R, DR-GAN A4 i ds

(44)

W MR L3RG ¢ FIBEALIE 75 ) & 2 fENHN,
H bro2& A2 B 5 T LA S 400 25 (1 B A AR R S 4 1) B
PR M. DR-GAN A] P2 ] —ANRAB A SR
IR (e )MHAN AR B 3 320K (ID), KX T SEM LA
A NI (Pose-invariant face recognition,
PIFR) H#5/2& BLAR LAY,

DR-GAN A #

a) HE G N DR-GAN

B, BN AERE Y = {ya,yp} FIEIAE
B o, ys RES, v, RELE. BEBHAN DR-
GAN [ H W EZHHA:

i) %> PIFR RSN B ER;

i) A RCEAMEF 0 yq, HAHES ¢ &
J AR 8 A FES AR B 2

RGN DR-GAN M4 14 iR,
Gene 7RG A, H T IREUE A EAFE. Gaee 2
A RS AR, T ER R R — A
B ZAES CNN: D= [D4 Dr]. DT 5
oy, JENd 1128 Dr I TFRENIK, JLNr K
&= G(z,c,z) FaAE M BEIUE. LA, HO SR AE B #s
ERENZ Gl Va]

max Vb(D,G) =

Ee ympa(a,y) {log ng (z)+log Dy, (m)} +
E [log(DRa 1 (G(,¢,2)))]  (45)

z,y~pa(z,y),
Zpz (z)achc (C)

max Ve(D, Q) =

Eoynpaey). [10g<D§d (G (21, @0, Z)))+

zrpz(2),e~vpe(c)

log (th (G (z,c, z)))]

Hrp, DA DY & DT A DP RS i NITE.

(46)

..............

A
(D)

..............

Kl 14 DR-GAN ZfE (HEIR)
Fig.14  The structure of DR-GAN (single image)

b) £ K& %A\ DR-GAN
G5 N DR-GAN 23l i &b B8 /N N
& o RILHE 3 X 35 BRI AT e %, 1 2 BIE
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N DR-GAN @i Z MBI R ENTIAN (21,22, -,
x,) I EZ M S 0EE. 7£2 &GN DR-
GAN AR, 15 FI7R, Gene fEFA
IR PR RS ) R, FIFE TR BT EE R w .
Z B G5 DR-GAN HO27E A4 il ds bl 7 — oAy
1, SFZA Gene W AT RS

sz‘f(xi)
i=1
2w
i=1

f(xlax%”' ,{an): (47)

=
=
5

2

BE

Kl 15 DR-GAN A4 IE (ZEIR)
Fig.15  The structure of DR-GAN's generator
(mutiple image)

o5 B E AR XA 2 E 2 WA, B
DS AR E A ERPNTE- ES R S PN Bt o 1= I CTN 21
FELE AR MIBUR R ECH FTANFL, W R B
max Ve(D,G) =

n

Z |:E zi,yi~pa(T,y), [IOg(DZd(G(xi’ ¢ Z)))+

i=1 L 2z~pz(2),c~pe(c)

log(Dgt (G(wza & Z)))]:| +

Eﬂ?ivyipd(rvy)y [log(Dzd(G(zla' ©t 5, Tn, G, Z)))+
zrep2(2),cvpe(c)
log(D;)t(G(xl’ s, Ty, G, Z))):| (48)

Hr, ZEGHIN DR-GAN 12 = G(z1, -+ , 2, ¢, 2)
o RS s B 5. DR-GAN 7E Multi-PIE, CFP
FTIB-A B 2 F#RAS T ANHE I G 1R 531 1 B
1 IR PIANE R ) S a6 L b 78 K )
Y5, TP-GAN EA Lt DR-GAN 5 3 ) Sz 56 250 51,
¥ DR-GAN [ Rank-1 HAIFIRE T 5% ~ 10%,
HE A A KA LR T TH (> 60°) ¥ EAF
FT ONN PLEFET LDA (Latent dirichlet allocation)
J7HE E I Rank-1 iH 513,
2.1.3 BEBRLEEER
PLSE SO A R B 2, — N SERE A S B

HOR YN Z AR AR I SORARAE, SR AE R A 1%
Fh SCHR AT R8T 1 S

2 [0 AR R BTN 2% (Spatial GAN, SGAN)EY
e FPEET GAN [SFE A R SGAN itk
B N Ve i A s BB ) S R B A 5 R 5K
=, 7 — N ERIE S8R A AT S 4

SGAN fgsFuE 16 Fros, A2 pliasisid DCGAN
HFIROP RS E R — A2 (R e S [ 5 Z € RPm>d
oy RGB B X e R>wx3 b [ film A%
[ YEH, d N EEE. 228 A N AE B E R X
BOEN L EUR T TAETEAN T2 X7 . SGAN
(1) B AR B

min max V(D,G) =
G D

I m

LS S g, o llog(l — Day (G2

lm
A

I m

1
m Z Z Ex/ () [108 Dy (X7)]
A

(49)
He, e 1,08 p e [1,m] AL B AR

G (2) HEB X

b

16 SGAN &5k 5 H ]
Fig.16  The structure of SGAN

KEH AT GAN 15885 IR3) 1 S8
AT, SGAN B fSAE T

1) REMS A il e o B 1 S0 A

2) fai SO G UG RN B R m Rl
PR

3) A LR G b PR R T R LA

4) REMEAE B AR GO Rl G 2 AN TR R 1)
e/

Rtz Ah, AR T KRR TR 3 (1) B R B A et
P2 (Markovian GAN, MGAN)®! fig ik 7 IR B
MR P R TS A P ), MG AN T i il il
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T B DR 1) S AR 4t AT TH A, TS 2 Je BT
FLLAE A A B ) BRIE B MGAN R84/
R RBFRBEH I G RHIE, A2 BT = 4 B 1)
FEAEA AN A & I is T VGG19 Al
RELU REEHAR, Re8H AL EHR S0 6 L.
MGAN TEX EUR AT sC 8 A o T, BAH Tex-
ture network® A [&] [1) & BiH .

Fritbz 4k, BigGANET 18 B BRI Er 7 NK
PN, AR B B B 0B A TS SeEl J aE E
BigGAN ¥ 1S 7 #2166 70 (B SLE 1 1S
Sr¥0N 233 43), 78 FID feks b, tHs28l 7Kg
. BigGAN JIIZ5id #2480 F 1 K By Bt 0RE AR
£ (2 048), i HAE BB I PERE KRS T, SChid
KT W R T AR RS I v, DA RO
A A R ) Al A ) AR E T AR I T v, (H 2 Big-
GAN HIHIER =R &

ElfgiE o PR

K 73 P % HOR (Super-resolution) &8 M
LI (R 3 7 5 PR B 57 Al T 7 £ 1 4
BIE I HAR . XA LE & % PR BRI R
AR S U A L B (A

HE T HER T E o NP E: A N EAR ) HE
REMGEE W m A HREG; 55— DRI
PR E R 2 PR BB (Single image su-
per-resolution, SISR). £ GAN M A, SR FE &
BT HRIRAR D PR T

JEVR FE A AR 28 X 4 1 MG 73 7 22 I 1)
A BORG FE 5 T DT TS T BRI ARA
REf O 25 BB 2 1 R MR TR IS, 4an ] O 15 R I S
TRAET ). R, XS AL G o 3R 7 ik i AR A
(3 TS0 0 0] 2, i e T PRAR R 53 B e A mont Bt
/4% (Super resolution GAN, SRGAN) F|H 2
B R ZE AR N RS, F VGG M2 1y H)
ales, I HARR] T AR RSO GE T ST ROR.

SRGAN Ky Hbrae: gh—ANAE % G, f
HeRe s 45 € 1% NS5 #F % (Low resolution,
LR) B &2 # % (High resolution, HR) 4.
NTIEFXA BB, @t — 5B G PR H
RIPRRB ISR | W — AT B Z M 2% Gy,
1’!5%7%}552%%, Gec El/‘]%%ﬁ Oc = {leL;blzL} EEQ/I\
L 20 FE 0 24 (1) AU Al B AH R, 6 T — N4 2 1)
WGEE IR ¢ RIWXHHXC =1 .. N, &5 IR
KRG S B R4 TLR € RWXAXC | JEefs, o
SRE NI s TR B B A
B IR R RAEE . PR AR A R AL ]
N

2.2

N
) 1
Oc = argmin — ; PR (Gog (1), 1) (50)

i AT LA 2] SRGAN (1845 2% s 30

min max EIHRNP“MH(IHR) [log Dy, (IHR)]+
0c 6p

EILR~pg(ILR) [log(l - DGD (Gec (ILR))] (51)

SRGAN MQH s /e T 5 B G A L1
ISR, FRE R BV BN K. SRGAN
PRI 5 B o HE A S 3R | DA B0 43 I AL
H Ak

1) BUE N 4K iR 3L

SR _ ~ (7HR .
Noors = 7,1, 2o 2 (050
2
i, (Gog (I')zy) (52)

Hoh, ¢ N VGG19 MRS i MKtk 22
W ER 5 B RS RIS A . W, R0 H, ; R
VGG &R ST 1%, TR R
RFAE B S (R 18 R R AE N AR (T AN 2 i
Je i BRI AR R BRI AT 5 4 AR AE
01 (Gog (IR, FIFYERFAE ¢y 5 (IR, FRFF—E
2) X R
N
I8 =Y —log Dy, (Gog (I'N))

n=1

(53)

FEIX AN BT 2R bR Hr, FH A0k HR R B 46 I oK 1)
112K B #Y log[1 — Do, (Go, (I'R))], KL T GAN
(LRI 257 3.

LR LA B B AR R 2R E Bk, SRGAN 7
PG R 73 7% e AR T A R RCR . & 17 B
N, ZEAN R R R = R RV A 380 1) PR R o

WO T
= YA SRGAN
B 17 SRGAN 2330 R

Fig.17  Experiment result of SRGAN
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ZERL AR SRGAN 15 31 i) FGGER 7y #2845
. HA K SRGAN DL KSR [38] 42 HI ) SR-
ResNet, 5iT40KFf (Nearest neighbor, NN) DA &
M= IRARAR VR AT LU OX A2 H BUAAAE Y 4 Pt
BEEE W 1), b SRGAN 5 SRResNet #f
iz, 78 PSNR. SSIM Ml MOS f6#x F#5AA T
5345

CycleGAN J& — MRS 2 SR A BOnt 1) 8 3
I MR X s 31 55— AN BRI Y R A A
JEBL AR Al GAN BB Horbt) CycleGAN HI9 Ji&
c-CycleGANPY F15 I X 2| Y )it 52 31 J&@ P 4%
1 Z sz, 27 DA B0 IE 9 2% 42 B N KRR ALE 1)
BIEN Z, c-CycleGAN JPVELEORTE A G 8 4>
HEA 7 TR B A A R

FHAN, A WGAN-GP 5 HAth GAN ##Y 78
DCGAN, ResNet LL & MLP (Multi-layer per-
ceptron) BT SLIGM 45 K] WGAN Xf SISR
HAH .

23 BEBRERSZUAEGKRERK

1) EgE )5

FESEBR R Y, BURH S B UK, B2
—EERHHL R R R ERZ B BOR. BIR BRI
R A I 5 R R R IR ISy, R AR T
B OAREE, REEEG SR

— ok, BT Zm BT ER, NS
e G SR A B S MG SR ) B D7 ki i e A
() G S R 45 RIS N E. R, SOk [41] $2
H TR GAN BEHATIE LRGBS 7%, SChF
H GAN M &% I35k B ABUE SN B R ST R R
5 R A Sein g R GAN £
BEE ERAH R

Demir & $2 HH ) PGGAN (Patch-global
GAN) ¥4 R4 A i 2% (Global GAN, G-
GAN) ! ) ) 38 FLAE Pix2Pix B RS o ) 3
Markovian 77 9% B b T 2E OO HT M 2% (Patch
GAN) 19240 51 25 32 AT 4G BN — AN 37 10 40 00 25
PGGANAE A3 W B — > ResNet M2, S5
25 RELW], PGGANS HETEG R 5 TEMLL, 4
VG LE T S AL 2 A IR . PGGAN
HAWHRT CNNAI GAN # CE (Context en-
coders) BRI BEALH) L1 A1 L2 12K, DA RCSE &Y
PSNR 1 SSIM 43 %¢.

2) Z A ER AL

Z A EHR A R N ERAN N A B A B 2 A
FMTEUR. 24E 255k I i, BR i X A4 4k

(1) 3D #iA B, B4 W] il veix A I 4= 1 2D
KI5 2 3D BUE AT 508 ? O 7 SE X /ME
%, SCHR [45]) $R 4 7 — P 0 UG A o2, e 4
BT AESHEEM GAN %, N VariGAN.
VariGANSLALE DO 2040 1) 77 2048 i H Fr B
1P, AR o HE N N R R B AR A (1)
wn, TR ) AT R I AR L 2 0 A R
KR 28 2 5, Wb A2 i it 22 W0 A REL B BEUR E 47 8 4>
HEZEHRAE, AR R IR 4R =Em I A

VariGAN 7£ MVC F1 DeepFashion ## % I
HAAH %M VAE (Conditional VAE, cVAE)! L),
S CGANFE &= f IS A1 SSIM 4344

2.4 [EligiEik

P45 2 6 AT 7 40 i R ok PR ) XU 3R AT 3%
e, BG I XA A2 — AT o i R . X AR
RS, REEAT R A H A [ 1 AN [R] AL YR 42 i (1)
AR AHSRTETH AR, BRI XU A i b 3t A
— R R BT 2 E PR R R B N T Ry
fE. FIT LR G XA B8 B AT DUE I 22 2 48 ke 12
W PG ELTHD AT 66 2 10— S 5 XRS5 S0 1Y) S5 35 1)
TIESRIREN.

1) DualGAN SEIUIE H 38 7 G AR 4 e

R T % 3 R B 4.1 CGAN il
A3 TARKHERE (E 2T 5 K AR An i (1) A
BT N bR A B 5, XA L CGAN 28
AR . 52 HARAE S 8P R 2E 2 R K
FIFHAHE 2% ST Dual GANW KR S 7 % 38, 4%
A . Dual GAN XAE A R A ic 0 s, ki pe b
CGAN A B ir G St . 55— J71H, T
FEFIE AR 21T %, DualGAN b CGAN %
AR 5.

W 18 Fios, B U MV 4 BN E br
1, 2, 2 RS R 1 S e U I Y5k
AR G BB EAME V , 53 Ga(u,2). EHH
PRIk VA BB Do X G a(u, 2) BEATHI, SR )G
fifi A R 3% G K Gau, 2) Bl YR U, H
Gp(Galu,2),2") VENu FEMEA. FHFH, HEs
W EMEE v e V BEAES G F BN U ,
MAF 2 Gp(v,2') , RIEHEHAE K Ga B Gp(v, 2')
e HEsIR v, B Ga(Gp(v,2), )R veV
(P E A RRAS. A Da F o FERIEFEAR. Ga(y, 2)
YERNAREARBEAT IS, FFE Dp B u NIEFEAR,
Gp(v, 2") NIFEAR. A a8 Ga F1 G BEALIL R4
B AR RE A B H DL K 2AE B2 1 ) B B Da Rl D, I
H M E K (|Ga(GE(v,2),2) —v|| F
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= . %ﬁ?jﬁﬁ'&
ﬂ;g TETEY WJ 1 (G (v,2), 2]
smEs | Gy (v,2) G G4 (G3(v,2),2) /
_ g v
u G, (u,z} L F5) 5 A
D
i@aﬁ%é—%g] 15128 B I d 4
16s (a2 2970l | 6, (6,0, < z
U (2 E) Vg (A
K 18 DualGAN 45ty
Fig.18  The structure of DualGAN

|GB(Ga(u, 2),2") —ull.

DualGAN H Tt Z br2 ) 2515 5., A
G S 3 U R A I CGAN Uf. At LG X b 5t 1
AR 27 ST B R, 2 RS B I N BV m s
BABEGFRER. BRIk Z 4, DualGAN Xt b 1440
1) GAN B8 BG40 UR R s i 7+

2) BUEH B0 R B e

%7 DualGAN 4, GeneGANU 0] F T ¥
B G A B0 B 9 o — IR B I — X &
T AR RAE B A B X, BRI A8 7R 5 — 1@
NI B b sl A8k, 75 2R EEC B AT
WZE. GeneGAN [FAIHT S7E T, B X AP
B IR AE AT RIS B, X R AiE g 0 a3k AT B8
HE, AR R, GeneGAN A] PLfSE FH AN Al
X B R 5 B AR RS B 2 ST AR 5% B A5 A
K 19 Fios.

.............................................

" Dl4, ES=XiEN
@u o= DB
- @B DI & P
B
il o D |5 [ - -
_________ WA ]
T AEFE]
K 19 GeneGAN JllZxid e
Fig.19  Training process of GeneGAN

GeneGAN H) AR JRHZ: w56, WaiEkE G4
BN RAFAE ) . B, B0 BRI B
s PR DA AR B SR B A AR Bl DL s
BB 5 23 2R BB 0 S SRR 3 o A6
GAFIETR 5 P gmbthas, AR AT DU &7 SRpAE A
GAFAE A= 2 EE B D 28 . dmit— AR RY 48 AH 249 T
GAN A s, ARG SEAT B & M E i, 5

RLAT MR (A &) #EAT H).

Wk 19 pros, KA gt A, u, B, e LLCH
FREE AR EUR 2 a0, 5w, T4y, Trgo HH LT IS PR AL
(A,u) = Encoder(zay), (B,e)= Encoder(zpo)

x40 = Decoder(A,0), xpy = Decoder(B,u)
'y, = Decoder(A,u),  x'py = Decoder(B,0)
(54)
Horp ) BB 2 po AL e AE, DIFITR .40 AR
BRT o KAEME B RIZR, JF Bl L2 4t
It 2 po KX G P AL EHIE . HIE LS GAN
3 0 s 5 A, T A RS PR 98 % e R AT 4 0>
R
a) FRfE GAN FRBREL Loan , Ho & A A
B EL SR,
Lgax = ~Eznp_,[log D(2.0, 2)]
Lgan = ~EenryllogD(epun,2)]  (55)

Horfr, Poo, Pro 20 AR BAT R RN BB 0 A AT
Xt BTG BT A IR 20 A

b) BRI R BRI Licconsiract » "B HITE T2 R AL
— R GRS RS 2 )5 A SRR R A\ RS

A
Lre&nstruct = ||.’L'Au - ‘rfAqu
ngcoonstruct = ”xBO - 1JBO||1 (56)

o) NEBURRE Lo, BT R GASHFAL & o &

T, Bk Lo W T VIR AL 5 15 SRR 9 70 B A%
JZ, BNmASARAE e B —JE4L.

Lo = |elly (57)

d) AT DA T A0 2% PR B Lparatielogram » 36 17E B
BB s g N T ARG SR AR, Kt —
AT PR 2 BRI

Lparatelogram = [|Tau + B0 — ZA0 — TBu||; (58)

GeneGAN & 2 & g A HRFAE, A2 T
ARG SACE & B A 3, 2 — ANt 1 [ (5 e
B Oy LA AR pE 3 HE B 2 AR R SOE T
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A fil A5, 1 Style-GAN R85 A 75 4 BER 1

3) 45 GAN (Structure-GAN) FIXHE GAN
(Style-GAN) H M 2% S>-GAN

A 23 it 1) i 1) AR A BT 92 2R EEAG H  A
bl BB PR 2 S5 RRI RS . S KB 1 2 g
SEAARIR) 3D g K45 RS TR 7E 25 A4 P il b EAT 1
LA . S-GAN &4 TR EEFER, Hit,
S-GANM A GAN P28 4 R, — 42 Struc-
ture-GAN, 55—~ Style-GAN.

RGB B4 X = (X1, -, Xy) L5 RGB Xt
IS B TR ZR G B C = (Cy, -, Cr) , WA s
DATFRRFEN Z = (1, -+ 2a) B Z = (B0, -, 20r).
HIEARLEUNPE 20 Fn. Structure-GAN M 2 1%
FEA B — > i VA S MG 1 (Surface normal maps);
T Style-GAN ¥ i i vA 260G B 5 5 — A B m & 2
VENENIFEE R — 2D EIZ.

a) Structure-GAN

Structure-GAN A il 28 B 10 JZ 4% 4H K.
MEESERT 100 4 2 1NN SEAERR—A 9 x 9 x 64
(1) 3D Herh ) FEHEAT SO R A Rk o THT VR 2R 0 .
A EHE IR DCGAN it &0 —4k, HERZEZ
J& 1) ReLU ¥, 7E5 /5 — 2, B Tanh g, #
W 6 )2 Mg AR, KGN, f A
Hg, AZECT TN A N TRV 2 G P A B A
ARHI. ¥ DCGAN ) LeakyReLU {F A #E i
K. AHRANTE SR AL AR T — 1k

b) Style-GAN

Style-GAN /&% K H Kinect ] RGB E %
AH T VR 2R B, I DASRTHIVA 26 o 2% 1 AR 1 15 1)
GAN. a8 N CGAN. 24445 2y i T i 26
B, A 2B Jl s R0 0 31 2% PR B n i N . 388 o ol T v
LA R ) 5 1) B s N AN AT AR A= il L B
SR T LS T LI T A A R PR A 5 o T Y 2 G A
VLRC. TEMZRAnEsET, R R H R RSN RGBEIE
T AR R B i THTVE 2R VR R IEAR]. AN B T ¥R 28 o 2 L

128 x 128 x 3 E 4.

Style-GAN P42 ias 14 A 128 x 128 x 3 ifi
VARG AT 100 4 2, &6 EA10 & B AR
SERE, SRIG LR 32 x 32 x 192 KR AE WL
FoRF X NMEFE S B 7 E SRR ERZ, fird
& 128 x 128 x 3 ) RGB K&, 7215 28 ik #
KH T 5 Structure-GAN A SRALLZE R, {H 2 315
5 1 A N A T V2 e U PR TR (128 x 128 % 6) )
HE. Style-GAN (1) 7 253 R0 AR B 40 2K B 8007 TR

L(D(C;, X;), 1)+

M
Y L(D(Ci,G(Cy, 2)),0)  (59)

Hr, Liy*,y) = — [ylog(y*) + (1 — y) log(1 — y*)].

WL ST 2% Structure-GAN Fl Style-
GAN ZJG, B rE M IHBEA NG EAN]. 768
TAFE R B Structure-GAN BBV 2 A= 1k, - H.
FF el Style-GAN AR E%. S>-GAN AE R
KR BA m ket 7 H 5 DUER) DCGAN, GAN
HH LU R % A= pl B 1 R

A TE R BT B X R OC R S 4
ST M B IME S e A — e WXER). X
R [50] $EH T — AT 0 B T IR R B AL 1)
GAN (Deep attention GAN, DA-GAN). DA-
GAN BEHETE = B 25 M A0 I B 23 18] HR o 20 0 ok 5
MNEA PIFEAR BT 5 0 il NI ES261). DA-
GAN HA—w il JEnT 72 N 75 HoAth 4,
P anE s 3 ik SR I LSRR AE. 7E DA-GANS-
VHN-MNIST ##is 45 FdE AT 1938 H & B S50 R B

A T 2
Structure-GAN '
AR [T s \ S
Structure-GAN|__| PRI
G '
A Style-GAN .
Y5 W 7 43 A = EmE [ |
1]
A
5] 7 oy Afi
K20 S:-GAN 45

Fig. 20

The structure of S~GAN



2518 H 3

¥ i

46 %

DA-GAN 5 UNIT (Unsupervised image-to-im-
age translation)™ AH bt B A B &y ) HERR 2.

AR R E G % AL

SCAH R B EUE R A B, B et B #EAT NN
I SCAFE IR, Wik GAN A2 Bl H STAHE R X B 1) 1]
B R STA R R A e — AR, P AR S5 R
B2 AR R BT AR R, & 3Bk
B G R R EAR R R AR X AR R AR M R
PG A R SRR . A, SUARRE IR 21 B AE B
S i), BRGSO B Y ) R
XS RN SCA R AR & B . T AR A GAN
PR RS AS A I 3] PG AR B ) R R AR e PR e %

EUZ 2 SCA GAN (Text to image GAN)PY 5%
3|7 CGAN f1 DCGAN )5 k&, g5taani&l 21 fiow.

2.5

Pl fut
iie Y o0 [RBER] = [BF | [EE B .
pats |5 g [ 1260

P BRI L —————— FIH o ——

K 21 Text to image GAN 54

Fig.21  The structure of text to image GAN

A AR B SR SO PR AL o BEAT S i T 5
P 2 BT B IAE N B AR N 2 (N, B IR AE A A
EYEE, AR REIR & . AEF AR, AR R R
GRE B 43R e 5 IR SCA K i () BEAT A
B, FRREAT BRI A . XA B R — b 1 F T
AR GAN & R FEE I ZEIE, Text to image
GAN BERGIG N S0k & BN E B S 518
KR, AR 7 3OS O A, IR PR Y T AL 4
fi GAN (Learning with manifold interpolation,
GAN-INT). FCAC/EH GAN H5] 28 (Matching-
aware discriminator, GAN-CLS) DA J% J #% XUk %
e A s,

1) GAN-INT

GAN-INT & I 5 ST A G i 3347 fi] B0 4 L
AN BE 7™ A2 K B ) SCAS i ph T 38 I V2 B2 X 4% 2
SR HPRAE R s B AT A, Hm)ih e, 24— X
KGA ARG, XX SRR T 0 E, A
8 5 R E 2 E B T E U I I, S48 X
AR A A BE W RE T AR, (R XA AE DS
A B 2 REPEIE AT A IARIC A, R
FEAE A AL 3G I — B AR T3

Euv typnllog(l — D(G(z, Bt + (1 A)2)))] (61)

Horb, 2 2 RS A HRAEAF B, 5 RSSO IR

ANty Mty Z (B BEAT 4 A

H T Htfe o 4B A2 D i, A 28 0T I
XTI R AR BEAT N . H2, 0 28 RE % 5 2
B &1 1T M 5 SCAAHILAL.

2) GAN-CLS

ALt GAN X HE 0T BEAT YIZRIT, 400 25 1)
BN P ELS R B AN S DTS ) SCA; P&
AR EBFMER R SCAR. 5% GAN AF, GAN-
CLS 0 7 28 = Fhdi N 52 UG AT =21 S
A XAEH | 25 e 8 S BEARTA I A5 B 45 2E A

3) J B K e 4 1) A R 2%

IR SCAR GRS o(t) 43R EHUE N (BanAE T8
RAZE), Wy 7 A4 e R R, AR 2
A IR WS S AN A p A U R

R ZREF 1 GAN, AATTATRE A 200 A f) ]
B RE L O R T SUARHR I N 2. N Tk F|X
AN, BT LRI ZR— > 2 R0 28k S s 2 il e AR
Kz Gz, 0(t)) BURE] 2 L. AFH & 17k
KN ZrE o 2%

Lyyie = By .ono) 12 — S(Glz, 0(0)))]5

o, S XA G i 2 X 25 A FH I 3R 1 A s
MBS aF, WA EBR 2« 250K ¢ Kk
a7y AT

s+ S(x), &+ G(s,(1))
Horp, & AR, s 2T

¥t GAN-INT 5 GAN-CLS J7 i 1745 & 1
Ji%:N GAN-INT-CLS. 78304 A 3 BG4 1l
S84, GAN-INT-CLS Al GAN-INT LtA%E4E GAN
LA R LT

GAWWN (Generative adversarial what-
where network)?* B8 X X} G {47 B L AT
i, BIZE 7 S H i, Ul B AR R A A s B 4
HXRAZ. GAWWN 5 GAN-INT-CLS AL A
A S A BB A RCR.

BRIk 4b, #i% E—47 DA-GAN J5ik i+
AR A B BB A SO RE, ¥ KB DA-GAN 5
GAWWNAI GAN-INT #Lt, BA7H im0 1S 734

227 TS5 xR REAT SO i, T LB AR
J AR 2 UG 0 s vl i, R PEIAGSR AR e STA.
a3 E -1k GAN (Recurrent topic-transition
GAN, RTT-GAN) ™ Ge 18 i #E 38 7 008 SCIX I
ARG 5 A0, RIG 2 CE s S5 Bk
&, e RN T UG S i AT 55

E&IE X5
G Lo B SEBLALES B 302 F1F R0 & b

(62)

(63)

2.6
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M ZE. BMBAE LAy E e AT FIPLR AL BE H A o
THEGHEMBHEE . EHNESH RS (Frxil
SRR TEAHLR (B ) DA% % 3R
WANHTRELESEREMNEH. BERHTZ
BRAL, BBE 0 EH R R iR EG R R
TR X AN [F AT 73 A B 43 .

Luc 059 55—k GAN R 2 EE 7y E .
B 22 fios. AMESETF CNN )4 S
B RS T AR, A 2 — AR 4 00 0 0 25
TP 2% RN RGO, — R EIR S 5%
e —RIBEMGER S EIg R, Bl —1
HAE: T ARRAWH N 1AL 0 AR HIW
BINAZEE 2 g D). SEIRLE R XA HTiE I
S5 AT LR = N B 4 (Standford 15 58U
M PASCAL VOC 2012 $d48) L Bl Zr e Fn 5
HEER b PR T v At 22

1
L7 (5 1R
gt D

- B Hl] () N0
g | BRI
:

1. ¢ m—
Kl 22 GAN R T BUGE L 5#

GAN applied to image semantic segmentation

Fig. 22

Fritz 4b, Souly 250 4 GAN % FfE 5 T2
B ST R AE U BRI R, RN
A BB R R BR 10 R Bt S B T R
SR EIG 7 BT S

Liang S&°7 $& 1 — AN EE Az BOR 470 W9 2%
(Contrast-GAN) FI1EE1E 2 EUZ 15 SCHEAE (K
BEUR R0 Rl o — AR ), Hdh A 2 T EGaE
A EIR.

Contrast-GAN %2 3| CycleGAN W& &, ¥
CycleGAN H A — B0 K PR 2L ( Leye ) B HN
X EEXT g 2k e L (Adversarial contrasting loss).
FEAS O B BB IR Loy #1525 Contrast-GAN
5 CycleGAN H EL B A S 47 HBIFERCR.

2.7 RElgEE

K& B sl e 4R o0 8 B B HET B 34 )
AR, AN BRI, 0 RO — 2 R S R AT
P RVE G, fE AT DU 5T 8 P SRR B R AR AR B
MBAA L), W ROREAF. Liu 580 $2 Al
CGAN SRR B 2 BB B & i (H 3 @) 1)
L. SO RRIZ E B SO H B X (Auto-painter)
BB BE i HORAS [F] BB B I RE S 2 1) H 5 T 1Y

K&, T B mT AR F P i 75 AT €
€ z A ANFE, y 2 Hir (BOm-RiEE
B), G(x,z) A MAAE R EG, CGAN fAE
NEEA . Auto-painter B4 A 2S5 2K R B
B DL JULANES 73 2H
Lg = EmdialaEw)), [log(1 — D(z,G(=, 2)))] (64)
Hrr, 2 i s,
AN, I\ Ly YEHOE WAL TR £ A A b (145
EX(IPN
L, = Em,prdzlagw,y), lly — G(z,2)ll,]  (65)
Hrp, L, FoRAEMEBE BELE v Z AR R KT
ZE5.
bR T E BB ERIUL, B IIZN VGG
FRIEI G S5 B & SURFIEB R R L, N
FRAEZS (A A Lo VOAUAE 2, y LA SR e 75 F Bk
AMEE AT L .
Ly = Ex,y~pdzla§x,y), (s (y) — ¢;(G(z, 2)),]  (66)
2~ Paaa(2
Hrr, ¢; 2 1E ImageNet FIREE F WS UIZRM 16
2 VGG M (VGG16) I j 280 s i .
N T G A R B AR S B AR
BRECTIR NN T AR AR BRE Ly . Ly 7T AR
A2 R R AR B, R A IR
i R S

Ly = \/(yi-i-l,j — i)+ (iger —vig)”  (67)

ML EgER BEIRR BARRECN
L=w,Lyp+wsLy+wgla + wyLy (68)

i 23 s, XFE3)E K (Auto-painter) HY
55 FARASE R 2 8] ) 22 R BCR AT EEEL. Auto-paint-
er 3 F WL 7 20 H AR I B 5 Pix2Pix
TiEA BRI B AR B, BUAS T S SR, Y
Auto-painter [J3H 78 R B E H.

Koo R H DCGAN >R4b 28 H 1 5 11 H 3)
FE . BR ONN REMEE R BURFAE, JFitAT
Podi g . HR 8 CNN #ET | 3% (R, i T
A BT PR A AR G TR BRItk AL,
Sudrez & 2 H T K H DCGAN ARl 2140 &
(Near infrared, NIR) BUZ 7772,

2.8 GAN HEMHENMRTNHA

2.8.1  HSRFHM
VR P 5 SR AT TN A3 A 2 R S 4 B Rl 5,
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(8

¥R 46 %

Pix2Pix EEIEES

K 23

1 2 R AR

Experiment result of auto-painter

Fig.23

Ban: ¢ H— NS EUE, AR — B Vondrick
SO0 IR O GAN R T A AU AR R RN A AT
W, S BR b2 oo B AT Wt 000 . 25 o A0 ) Hi
4 M0, A RS 2 AR A R — ot a0 s 4 A
AR —miEG R R NS HEIE.

J4h, Vondrick 2512 FH 3D HAIH 2 W 45 1F
A AR R K B I TG A 25 AR A A I 2k
GAN, MG 3R] LA AR 51) i AR 7R

K BIE B E A
e, [
e
| mxzsminne |
/ \
[RRBUERS G| [ FoRUiL R G,
* O
L+1 O """" Fzﬂ \;:‘ .......
! { 5 { I
Ut o, | [WERE Q|
I
- \% T,
Fr+1 O

Liang S $2 t — /M XE123) GAN (Dual
motion GAN) A 8 b 45 57 >J L] 2 i) 456 2R ok
LTSI 5 ARSI AR ZR IR — B, AR T B AR
R R ERT . WHREE) GAN L EPIA
AR SRR A IR 14 £ P AR AN U AT P ) 1) 2%
AV SNBSS HLN AL, 11542 BB s Fin H
SRR b A A S LA R AR L AR
ARSRMGTRIA I 2 1] B 45 S

XHIEE) GAN gk E 24 Fios. &Iz 3)
GAN BT 5 v = {L,--- L} E AR, @T
R A AR R T, AR AR AL B T 5 O
TR 7 Ty . ASEFLRFH (A7 00 1 1 AR 2%
#4775 (Fusing operation) #1E.

XHBIZZ GAN WA s B 5 N84 2 Rk
MRIBF MDA (B) , ARRMUAE LS (Gr) , AR
A (Gr) , T8 (Qror ) MY (Flow-
warping) JZ (Qr_1).

XEIZE) GAN H ) ) &8 i ik ) 28 (D)
MR AN (Dp) . BAKT S, E 5 Jais 56 Rl
BRI RS 2. SR)E G M G X 2 S BLo3 i Tl
DA Ty FUARRIE Frr - T RECREHH 1y
IR Dy IFEPE LA R I F T,y Z BRI g THERAS
FIFAGTE S Qo r MKW Dp BIFEFE TR E . U,
ARG 5T & IR, B Fypy 3K Dp HOFEEE LA
Jil I, 5 Fyy vHEAR BIRRAG THS Qo 7P ER
ARTEM L1 BB Dy HIFEFE HUE .

XHEZ B &
i: EL/ it HAR
A § A
ENTESTE
° oli| R R W
o .
I;+1 [_/H I1+1 F1+l Fﬁl FH]

E
P
.

.....................................

K 24 Dual motion GAN %5#4

Fig.24

The structure of dual motion GAN
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gi Lk, WBIZEs GAN HE H bR & 0
L= min max Lyap(E,G,Gr, Qi r)+

E.G1,GFr, Dr,DF
QI%F

ACGan(Gr, Gry DI)ALGAN(Gr, G, D, Ql—%g)

XHEIZE GAN (94 o GAN E7C i B LT
TR $0 1 48 B0, W23z 3h g h 227 )
RS (A B B AN E P, T X 0470 54 73 45 A0 A2 B
AR B A IR S A LA B N AR AR . R
AT TN | A FREIU A0 A M AR 7 5 3] KB sk
B9 UE B 7 2B E 2 4 i A0 PN 2 2] A K.
2.8.2 MEEEMEHN

PR 55 25 P FHOIU i 415 T N SIS IR 5 ) A A
IR ERIZ S, B o BRI NSRRI E,
P2 2 B GAN (Visual saliency prediction
with GAN, SalGAN)“ I GAN SZHLAL G i &
PEFRI.

SalGAN H [ A il 1811 26 AR v A 2 — A A 45
ZRHE, JFG v G Bk 85 3 20 60 365 /N REALE ISR DR /0N 1) B
K2, TR s F8 A ] LR 2 SRS A8
FAUE B A H 18 5 3N B 70 P A IR i A2
AL A S B VGG-16 54 AH T, A
W 5 i VA 2 AT A e 2 A s F A D 45 1) 8
o 5 4 i 45 F) S5 R A TR), AELJE RO HE S, O HLts
WEH LR EESR. FRE, Eira R EP A
FELAE ReLU UG K%, I HilSIMBAA S TE (sig-
moid) FFZMERT 1 x 1 B DL A B 2 WL

SalGAN 5% i 6 4> 3 x 3 KIBRZ &
AL 3 MALER 3 NS ERZARR. T
HBRZEEH ReLU Bof s %y, A% RZ A tanh
WS R (ARG S TR RUE R %Y.

SalGAN N 28451 % bR Ul 2 T 70 KA X
Ji5451 2K PR £ (Binary cross entropy, BCE). 3k H BCE
VBN A5 R BREON WA A A B RS VI 2R R kS
BT BIFMACR, ITE SALICONA MIT300 #i#
e EBUAS 7 TR TERE.

Fernando S5 2 7 — Mol ) 2 2 1Ak 1
BAREAZ3E 5% CGAN (Memory augmented condi-
tional GAN, MC-GAN), Z# A FIF CGAN [)iG
SRR D), FEGE SRR G AN (EAK) BTN
B S 5 A 5 A 50 R 3 e A2 AR R a5 (32 2
TR HEIZ M4 (Long short-term memory,
LSTM) 5EM). MC-GAN AMYUHE/R T GAN 148
[ U8, T HAk 5 1R AT 5 bR M AR
HENVE JRUEW] 1l 1 SR 2 R R FE o0 PR A

£ B
28.3 BEBREES

FEEHREREIEMERGE (A7) N L%
FE (AR J7iERISE A . Volkhonskiy 55
BT —MET DCGAN 5% 5 GAN (Steg-
anographic GAN S-GAN).

A R T UM 7 o AR S B R R
F 0 S R B il G 2 1 s R AT 40 25, 5
— AN 2% S 0 ) G 2 1 A B R 11 il 2% Y
B HBARG A 25 Fis.

[SSAEISS /N

Stego (G (2))

IS5 D

H % Sj

K 25 S-GAN &i#)

Fig.25  The structure of S-GAN

Kl 25 1, x RESCEME, 2 NS, G(2) A
A A B8 AR A, WS S(2) R = & A B
R, KAk RN
L = a(Byrpy(x) [log D(z)]+
Enprie(2)[108(1 = D(G(2)))])+
(1 = @)E.p, () [log S(Stego(G(2)))+
log(1 — S(G(2)))] (70)

Hrr, Stego(w) Tk — L Fam i Sk N B 548«
FE R, o ABHTSE, FXTIXAS B br R 50T
W /INBR K *R ming max p maxg . SEIG 45 R, S-
GAN IR B 1% 5 ot as, FETH T %5 M
H, 8 GAN FFRE 7 — AN 4387 0 5 4.
2.8.4 3D EER
3D BHE A — B2 — AT EEH A RHE

PERER L. anfr A 2D B A i 3D EG 2 — A HE
. %% DCGAN 5 VAE-GAN fJJ8 &k, 3D-
GAN S IFH T — A4 IHESE ) Jlid GAN 2
2] 2D EE ) 3D EEMmT, BRI FHTE 3D A plif
T 1 S AR R A A X 8% MO 5 2 (1] A i = 4 &)
5. ERRES I NAZ N 4 x 4 x A FEEIEN 2 1) 5 AME
MeEEREHARN, FELP RN THE = — M
ReLU Z, RulIA T Sigmoid JZ. FI5esHA L5
AR AR AR TR, BR T AR T Leaky ReLU TA
j& ReLU JZ. 3D-GAN K HAxe& %M

L-3D — GAN = log D(z) 4+ log(1 — D(G(z))) (71)

Horb, 2 J& 64 x 64 x 64 A H ) 3 4ESL RN 5,
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46 %

¥ i

2 ~ p(z) & BEALRAE R 75 43 A R RE A

MR ¥ VAE-GAN [ B AE hn A Herd
3D-VAE-GAN N 7 — Nasb G g 2% E |
Bk 2D BE o E A AR R R R R E 2
I, 3D-VAE-GAN =M 4k R HmIDes B,
f#AD 5% (3D-GAN L i s) A M 4e. B 5
AN A2 E . 3D-VAE-GAN 145 26 s £
N LR AP NEE e

1) KL B R BR AL Ly,

Lxi = Dxi(q(z|y)lp(2)) (72)

Horr, 2 72k H 3D MIEERIFEA, y & HX R
2D B8, q(z|y) R R 2 P3040, L BIAE
FH 2 B 2 Bl 45 1100 % HH 901
2) HAREEKEREL Liccon
Lrecon = [|G(E(y)) — 2l (73)

B AL EW AR RS Lap.gan , AT LA
83| 3SD-VAE-GAN [ H Frfi 2 5

L = L3p.gan + o1 Lk + a2 Liecon

Forhr, oy F o BT 2L

3D-VAE-GAN 5 AlexNet Al T-L network #H
by 2R R R B . 3D-GAN TfEAH [ 3D EG A&
BRI IS T AR R, v GAN 1£ 3D E&R
QTR B A T AR R DT RR.

SCHR [68] F T AL RIS (Visual object
networks, VON) F|H A4 i) 3D Fom (AN HE
RIE: TEAR, MLAAIScE) k& 3D &, VON &
Jc AR ) AR IS A

1) HT 3D-GAN fAAEA A 1ot 1 0] /B, 94
A R 2 DA Z A, NN T WGAN-
GP Hf] Wasserstein B 5, 5 3D-GAN #4745 &

(74)

A B 3D AR,

2) fEKFEM B (Viewpoint) FI/EH T, A
3D FARTE Xt R 2.5D H P (B4 AR L ).

3) it 454 CycleGAN, A 2.5D HEURINE
F S, AR RGE L U

VON AL A] DA e b e de 3t 1) 2D R & Rk
JriERIE A EAE, 1 BT LS £ 3D A, 4
SRR A B G B A TR, SIS G S0P
TR 25 (8] v () 2R PR A A LA R AN [ (5% G RIA 5 4rb
MAFH:. VON 5§ DCGAN. WGAN-GP Ll K LSGAN
7E ShapeNet 44 A KM FID {8, PLRE
) IS 43 %K.

INGES SR

A EENET GAN 78 EG A I N
A48 T AE NN 5 B AR BSOS A Age-
cGAN Fl GLCA-GAN; £ 2 %345 NI #% IE B
A7 TP-GAN, DRGAN; 7E KIG 8B4 v
AL SGAN, MGAN M BigGAN; 7 14 #
Sy N AR AL SRGAN Fl c-CycleGAN; 7
K& Z IR 5 2 0BG A S R R PG-
GAN fl VariGAN; 7E FG #4505 F HR AL Du-
alGAN, GeneGAN, S2-GAN Al DA-GAN; £ A
TR B R A N Y Text to image
GAN, GAWWN Al RTT-GAN; 7£ E&iE /&)
N T RER: BT GAN BE X FE AU Con-
trast-GAN; fEEMEE AN F T Auto-
painter; 7EALAT TN 4538 5 H H 87 Dual mo-
tion GAN; 753 & 25 M 00 87 A v (R A2 - Sal-
GAN il MC-GAN; 78 BB % 5 N B AL S-
GAN; 7£ 3D BB A o H i B8 3D-GAN A
VON. 3 2 ik 1 AT R AN RIS 1) 43 R 15 L.

2.9

#* 2 GAN fEEB SRR H
Table 2 GAN's application in the field of computer vision
WA Fny
- . N 1 Ao - : o T . : p "
G B R HET CGAN [ ABRAERE Age Cﬁéﬂ\#fﬁéﬁ 211\;:1;\71‘[ I, TP-GANP!, DR-GAN®, SGANF,
I 55 ok SRGAN™, c-CycleGAN®
&SRS 240 4 BB AR R BT GAN WiB L EBEE AN PGGAN™, VariGAN!M
P15 5% 4 DualGAN!", GeneGAN™ S-GAN" DA-GANF
SCAAA B G A A Text to image GAN™, GAWWN?® RTT-GAN™
B 58 Lo E FHEFGANKIE LA FER . Contrast-GANP
&=yl Auto-painter™, DCGAN H T B &% (b

LA
WA 5 3 P T
Egxs
3D EIBAR

FETGANKI T i BHE A B AL, FIF 3D-CNN 7E 4 g9 GAN®, Dual motion GAN®

SalGAN™, MC-GAN
S-GAN®™
3D-GAN", VON™
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TERTTHIN A, 72 N BRI WGAN,
CGAN, CycleGAN 1 DCGAN ZA5 A4y H LA
B | FEAE W 4 45 1) LA R 5 K R B BRI 57 12256 T
AT . I GAN AUAE & F B EE A K
J AR AT B SRR IR RE 0, 3BT — L3 A AL AT T
WS 3D B A BT M A T AR AR B BTk

ARG T IR 2 2T AN ) JEAR i B P A A
il 4, R X A2 AR AT 1S = A SO AR G A
bl A5 AR 5 o0t e AR HEAT A8 o) R A B 2 2]
JEAR S T AR AT BB 40 55 IIX 8 T T AN M
A, GAN 7 BG4k O 4 B EIR N, 1M
ANASAS 2 57 B A 186 00 570 00 A 14 9 8% 45 g A Je B 46
GAN s,

3 GANEIEE5 NLP SuspIN

3.1 GAN 7B ESSAI R A

TETR & U, VR 5 o) R B, GAN E1E &
QUL LR WG T — & R, AT MNEE £
W, B R BAFAE R, 1 IR A i GAN 3R 4T
en.

311 IEHIEE

FENFRI A = FIA TS A B v W 75 A] DA 50k A
THEA A%, R EE S RGeS L —1
AA PR ITSS, B %5 (Speech enhancement)
FEMRRIZA 1) R A R 2 — . 1B R 1R 4
T R N R P 5 L B T PRV AT R R o B, A
PR 7 FH SR 412 v M P PR 5 T PR RS ) 315 O

GAN TETHE NI AU A plE 1 R EHAR
T BRI, TR R B EIR. X
LELETH AL S A b R T R, R S T
GAN 7ETE & Ab PR N H]_E HIHT 5T, Pascual 55
P55 GAN (Speech enhancement GAN,
SEGAN) MH T &HEE AN . /£ SEGAN 2
BT, GAN [ oA N H T AT AR 35 5 AE A 38 98 AT 55
SEGAN & 0 HIHESE FH T4 Bt & 45 5 [ 28— Fb
Jiik. g CGANFIR A e/ Z sk F B GAN
17 2% eR 2019 B I i /D — 3 GAN (Least squares
GAN, LSGAN)™ FAEH] L1 6 B0 i 1 4 1,
SEGAN ) 71| 28 F1 A= B #5451 2K 2R 2553 70 N

. 1
minVisaan (D) = 5 Eanpp(e oo [(D(, 7c) = 1)°]+

Esenpun(eo), [D(G (2, 20))%] (75)

2D (2)

T2
1
2

. 1
minVisaan(G) = 5 E oo mpya(ee), [D(G (2, 7)) = 1]+
2Pz (z)

MIG(z,7) — x|y (76)

Hi, =Gz, x.) NENIES, v. HAEFIEY, 2
9 NIEZS 73 A R (R B AL 75

SEGAN FZAf rify:

1) 3t 7 —Mpudih S g 5a 7. TR
BT ZR R R R, 28 T IEIF AR 2%
(Recurrent neural network, RNN) H [ Hiz & |
Je AT DL B 4 4 B 00 A i B 0 07, AR ET
THREURHIE, AN 75 B0 R 46 25 i o B i

2) MAS[EDS 135 2 FIAS [R] ST e s v 2 =) G
A A A — RO A L =24, ifRET
SEGAN F18 ¥ 1 9 5 4 AN 25 0 i v iy Hiz Ak e
VALG1 S

I LE SRR, SEGAN AMUATAT, 1 HI&ml LA
VBN BT ITVERA B8R J7% (SEGAN 7] A R0
RAEGNIEP TTIE).

Kbz 4h, % 5] SEGAN [¥)J5 &, Michelsantid
SR Pix2Pix MURESE T 5% S04 g 5 M2 1515
AT P T R B AR O 2R
3.1.2 BERER

A R A REHR IR — e B X
Al H e, B AR AU B I TR AR R, 7R
WA . FLR, 5 ORI 2 A AR, itk
) HAT S5 ) QTR . AN BE R AT B R H) 3)
AR, (SR, EATT 2 BE 2 B IR () 3 1M AH
AR AT R 2. MuseGAN (Multi-track se-
quential GAN)™ FER 5 2 81U 51 2 IR AL ORI
ZZ0), 4G T iEH GAN Hl ONN A=l 5 0 S
TR T — LB BT TT ), K E R R B R
AN AR R AN E Y, ARG IR E AT A,
HTHE 2.

3.1.3  EEIRF

H 38 & 179 (Automatic speech recognition,
ASR) IETEZ#IENNTIATE S, e & fE. 7
BLIE & BT B e B A5 3 5 28 ASR HOR I SCHF.
BIRAE GAN ) 8B U 7 1 i B A B /b R 2
XA SRS e AR KX AN T7 7] ) K R H xR

Sriram £F ¥4 GAN B HIAE 15 7 R 0 s, 2
T A8 g 2w H B A AT R IAESE, JFd
1o SEESAIE W IZAME S P A JC 75 AL BRI L T, $2TH
TCFETE S A PERE. Shinohara 5 5] N T X%
AR 552 IR, 8 R v 5 TR 0T T 2 1) e

SCHR [75] BEAT T iEE AR RS GAN &
BRI B B (1 ey, @i X WGAN H AR s F0k 4T
ok, LAG RCR 88 31 R T 31 S 3 AU .
PZBAL 2 e B A ) 7 VRS H bR B AR B AR
Wi, EEEAEDRN ARG T IRE T 22K
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i) 8. 42 Seq2Seq # AL oY RNN gmfid 23 A1 RNN fifthd

FEAEE R HIEE — N3 EE . BE
AT 7= A B P i A 204 NAG Mk, AN R BT 1 &
(0T B, T HIE AT H AR 115 & AR . Gao &6
$E A GAN #4735 &4 (Voice GAN, Voice-
GAN). SEIGR B, A A] L A R A N B IR
PG B FE A, B2 5e i A & B 78 A 5 M 00 (1)
A

Ui iE NI IUE (Speaker verification, SV) @i X}
TE B HVRE BRI, 4 W 3 01 2 5 Ul 1l AT
Ding %57 2 T 245 5% = Ju 4 A2 BUR 1 W 4%
(Multitasking triplet GAN, MTGAN). MT-
GAN HH—/EA FMHEE K GAN, — A T 52
FRAE A gt 25 A S — A3 KA R, TR = FE Ak
PR (B /MEZEBE S, [ S RAGRIAIEERY) 54
JSONT 70 00 288 R 22 AT 55 2 2] )30 AT 4 6 T Ui 1l N Beik
{£5%, WG T ARERSHE. MTGAN 5F]H soft-
max FREAY, o) B 77V DL AR FH = Bk 5 48 1) 45
RUAE L B A AL S5 452 3 (Equal error rate,
EER) F15E & I HERA 2.

FE ASR St b e B ) — B & R AR 2 A
{51 245 (Mel freqency cepstral coefficients, MFCC).
SCHR [78] FARIHFEZ GAN (residual GAN) 2% (1)
M FE ST A REANL BN 5 AR i — AN S A BE AL
. LI RMAA AL Z GAN PR & R A
R R E S A,

3.2 GAN 7 NLP $utgia R F

HARE 5 4 # (Natural language processing,
NLP) 7& N T8 Ge R H T8 & S8 8 73 % #H, H
TERU T b B iz F HARE & . BARTE S A2
fRibd N “E NRIES. BRES ERASK T
BEHARRAARES. ARESHEE RS A
SRIE E A AT ENLRE P 5 T A B g% 5
Goodfellow? I\ GAN R I& H T 2 B0 1 2k
F, R T B A, AR AV, 15 GAN 7£ NLP
U — B CVA B VAE 1. WGANFI Se-
qGAN [, eDhf GAN BT NLP S

AN GAN 18 3 SR TE 5 A3 AU N 4y
UL UK X iE A PP AL 5 A e AR RS OB Y
FAE 7 i SCAR Gy S5 1 ORI s 23 AT
321 FHERRAITEESERK

1) X IE B VAL

7E NLP S0, xf w5 8 3 vl 475 48 g — A EL
Pk iR, 32 GAN B2 B H 78 BHE S 5 %,
Kannan 5™ g | — /S0Pl Pl A plcds H

SR, HAEE S —A RNN, H 15— gmidgs
A=A K. KRR A BOS HL 7, 7]
DAYk ok N SR VPAl (R 75 3K, [R5 B 4 0ok AR AT
AT PEAR .

2) X IEAAY AE

Li SFFRE HU I 5 0 J g B T I 18 o0 i
) R T X PR A ST . HE, GAN Al
NLP RAEAH B Rl &, Li 55275 | SeqGAN, FJH 5
B2 2] (RL) SRAEE GAN 7E NLP H i Fi 10 4 55
Li 582 i B ek, AR st FH 02 Seq2Seq 14
H RNN Zmfid 25 f1 RNN f@Ag 2% 20 . Hm 482 —
AR, BXTE T VIR AN, s — R
25K Wi N2 WL 2 A R PRI 2 N AR B X
XA TT L S 45 R o BN A B R 1 P R iR
T, AR H X T N TA BT 55 2% H s 751 i
oA 22 HEOR, H2 SRS 2 A .
3.2.2 HERBEHERFT

M H AN S B BHER, GAN BARRE. %
GAN I H T B B A8 By o8 & —AME 1S 1Y
FETCPEREFC ) . fE AR PR SeqGAN Flt A % AE
S B R A ) — AR S R S

Kusner 58 5 746 GAN g8 ] T 45 B2 B
B, #&H 7HT Gumbel-softmax 4347 /% H
) GAN (Gumbel-softmax GAN), i#iL \ Gum-
bel-softmax 734 H R AFAF B P IAEAS, R A48
K AT B BCEE Ab 38 B 2 s 2 I 2% (LSTM)
A oAz R o AR ) 28 34T B OB 7 81 AR . Gum-
bel-softmax 73 1fi /& X} Z # 1k, softmax f) 2 Wi/ A
HESHENT. 263 softmax JZ & 75 B AT & 3T one-hot
KA

y = one_hot(argmax (h; + g;)) (77)

Hrr g, MR Gumbel ARSI NI S, by ~ h,
i=1,---,d, hd4EfEPLA&E. HEKX (77) 74
AN B 1) (argmax ASATHESY). RIE A R 20
Kext y BATEL. B Gumbel-softmax 4347 1%
HETHE N

= soft max (1>
y= 7(h+g)

Hrp 72— REESE. L (78) MR /A&
i Al h 52, FROA Gumbel-softmax 434, 7] LA
i (78) RINZRESHEE L1 GAN, I —LEAH X}
BRI FFUG, SR Sa eI xR TRDR HZ T T B 21 22

Gumbel-softmax GAN 7E 4= 5% 25 #8514
R P RE AL R I, GAN X Ak B B EOR B B

(78)



12 34 RS S A O 7T 100 44 15 45 AU T e 4k 2525

HAMNE.
3.2.3 WiBEF#H

TEESTE FALSS R AR AT BUE TR XX
G — MR BRSO IR, H AT, XOE T
SR R R B R S A BMENEBGES,
{H/& Zhang 255 2 7 = Fh GAN FE 7Y S E G
LA AT S5, HEEUS T RIFRUR.

1) B [a) A 4 A 1Y

REHAES 2 NAERAN R E > My, » )k
M pe FRHIMEZ I3, y I p, TR IRE R 73 A7
FHAE R 28 SRACR WG f(2) , 1 f(2) BAIE Ty . HH
AASAE RN kAR, HMARRT fz) By,
XFEFLIE R T — A4, anlE 26(a) Fros. ¥
s SRR G e RIxd | H 538 R —
SrRAE, B — B2 (PFR AE T PR 48 0 455K
X 5 A BEAT S 50, I B LA R bR 2 28
k.

(a) HA AT (b) XA FATRM () X470 H S s

(a) One way (b) Bidirectional (c) Adversarial

transformation transformation auto-encoding
model model model

Bl 26 WEFH GAN 451

Fig.26  The structure of bilingual lexicon GAN

P ) e AR TR (10 ) 1) R T A S PRI 2K BR A
Lp =—log D(y) — log(1 — D(Gx)) (79)

Lg = —log D(Gx) (80)

B i e A TR T A A ) I R A R AR )
%5, G SHEE R AN R ROR, T8 G #AT
SHAEAAL, LA AR 1R 128 4% 1)

2) L[] e fip A

B B R T ) IR A S AL R T S R R A
i, MRS 2. O TR X S BRSSO, £E L
PR Al EX N T S A G AR IR RN 4

) 5 0 H bR il 5 22 1805 10 GRS RS H bR I8 = 2 1]
B A 5 RN 2 T IR T — S X e 4
FAL W 26(b) Araw.
LN A2 i R 451 2% bR BN
L = —log D1(Gz) — log Dy (Gy) (81)

3) Xt A gAY
5 — Pl A 1E S TR T 3R 5N A 4
B, AL GRS [ R O 1A R EL AR 17 R A
26(c) . Horh P AR SZ AR BURE 5 B R 451 R R AR
Lg = —cos(z, GTGx) (82)

R G NIESEHERE, L MR/ M. Bt
I L 15725 UK AR
Lg = —log D(Gz) — Acos(z, GTGz)  (83)

KH, AR MPUEZH. N = 0 Rz IR E
DR B 1) AR AR AR T B DR AR A R T R A B AT B
R IEAS 2R

FED PEGESEIR T T, LA HY A = B 1 A HL
57 AR R ST, RY GAN 72X 7 #40E
HEA —EH RN, ENRESR T, 5 TM
(Translation matrix)® 1 TA (Isometric alignment)®™
T3 HEAT HOAL, =R R B % 1R AT 5 s B T 7
324 XATESEM

1) SCARSK

AR E T HARE S PR — AN EE
X. Liu &P 32 2145 2] (Multi-task learning,
MTL) k% > SAE S 2 [ 3L = 2 NAF 2 54T
%5 ZIAIANAR RHAIE. 32 0 3t 241 557 ST HEZE
RARUEIL ZRFAE A 8] R B & HZAEF AREE.
Liu 888 78 16 MANF 8930 A7 BAT 55 EdEAT 152
6, HAIESE T PR IR A R

2) CARAE R

Press %50 $2 4 WGAN N H T 3CAAE B8t
dok, AR H AR T A RS e A R R ) 4 48 4
RNN. WJ#RI, A ple s Al e S Be AR iy A7 25 4% 1 Bl
BL- B 41, L2 B A 40 0 4% 1 340 0l B8 0 B4 v
A RS R 2R T B T AR B A T DA AR B A
S BYHI SCA A1) ) ) 25 R0 2R s 22 TA) AR X A A
HAEHA BT S SCAR A 3G ' 2% 2] ) Press %5
IR FE AR UER T GAN 72 SCAC A B A R AT AT 1.

SCHR [88] St T E#EZ HEYE GAN (Diversity
promoting GAN, DP-GAN) H T A SCA A
BT A T AE R AT HL <RI iR R A i)
DP-GAN 2% 1 SeqGAN H {3 Jily J% A J8 5 s 5
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WroTik, X EESURE TR ME, X Rl SOA
95T AR NE, AT s Jah A s AR R A HAR B
B SCA. DP-GAN H I AR R A0 ) 75 253 35 % H
LSTM £5#4.

DP-GAN 7 Yelp. Amazon Pl } Dialogue %}
PidE F 5&SHA MLE LA SeqGAN BLALAH EEHL
15 T AR TERESRTT
325 BROW

1B J 0 A XORRE S 23 T B B 20 AT, =Xt “9f
T BEAR AT I M, ELFE TR R R AR BT TR %
F A TEIE T B TC I R TB] DRI B RS B P 2 145
S

B M, Chen P 2 T —ANEEF
GAN FRFAEA AL HEZE, TR XS PR FE 1 35 I 4%
(Adversarial deep averaging network, ADAN),
M TEVEER R R EH, 25— DR 2 N
FAETE R 28 R IIAELE. ADAN & BeX 15 81T 45
K, BRI RIER AT — 03, XA
R (T SCHIZ S/ TR S 26 1 AR G 2 ) 1 50
PESCAHEAT 3 M, DARA E 2 SO KRS 3 B A B 07
TR . ADAN BN 27 Fos.

ADAN &AM SR AT R 2. J 4%
R AN 1) BERINT A o 2 S Ry
fIE 7% [A] (R B & Re AR SR B3 F; 2) 1 45 08 R E R IR
F(x) T, TS bR 15 & 2548 P; 3) 1B & id
A Q, Q UFE I — MR E S B, HRfERRAT
H x 2Rk B IRIEGE 2 B AR, BE

Py*=P(F(z)|x € SOURCE)

PS=P(F(x)|z € TARGET) (84)

. T F (x)

English — -

—_ O 0O ©

PSR ON Q Q Q

. O 1O O

X = = =
AR B A

K 27

Fig. 27

i LRk, ADAN 228 HAr2 Il 25 F A&
SOURCEF TARGET Ft IR M IIAE 2 /3 A1 )R ] g
e, DA 2100 5 ANRRHE, DURE 5 4F Hb S 5 1
=M.

WAL GAN 7R T B M SOURCE
M TARGET iR NHIREZE 73 41 ) Jensen-Shan-
non %, {H/2& Jensen-Shannon P 2 /& AN % 42 bR
B, VRS, AReIRIF AT 2k, BT Wasser-
stein FA 25 R HUONIESE ] UH), ADAN & # /ML
e 5 PE 2 (A1) Wasserstein [ 25

W (P, P =
< E [g(f(:v’))]>
Fla)~oPye
(85)

Hr, B (5 KE) # R #1421 Lipschitz
WEON 1 IR g A BN TIEROHE WP,
PEY G S0 4% Q 1E 30 (85) MR %L g,
M ADAN #J HAr2rEx (85) 1 F-4k Lo Sk Ahiih
W (Pge, PEY. N T id5 % Q N Lipschitz B4,
W Q MBS HEW TS — A ERTEE N, & Q
H 0, Z50ik, Widsr 4 Q M E ARk EL J, %A

l9(f ()] =

fa)~Pg

sup
lgll, <1

Jq(ﬁf)fmaX< E [QF(x))-

0y \ F(z)~Pie

E [QF (w’))}> (86)

F(a[:')NP;T‘gL

B, Q 2 2 PRSI i ) 5 vy 70 AL

AN H RIS AR 7 4L
Very positive
O O P () Positive
Q softmax Neutral
: : Negative

Q Q Very negative
Q O " English (+o0)
OF—OF—2®
Q Q 3 (o)

R 2 S

ADAN %5

The structure of ADAN
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To(05) =min B [L(P(F@))] (87

Jp = rgin Jp(0f) + XJg(6y) (88)
s

XtF 0, ZEAL TG RO 2R P, AR SE)
A XK Ly (9, y) VT IR 4% P I H FReR 3L
PRIt ADAN H—> 32 BERF 2 N T 10 i AR B
LN T — 2 WGAN g gl FrANFE E 1 7 7.
ADAN TEIF [ 3& B 2% 2] HLAS B PE A5 SE a0 b, K0
SR FEE 3 M 4% (Deep averaging network,
DAN)™,

3.2.6  HlEENE

PLEB 2 NLP s b i) — > 22 H A Bk
VAR SS, BRI AR RS 5 R AT HSh B
B L ) HARTE B AT SESNLEEIEA L,
AN A5 FI 1% (Neural machine translation,
NMT)® 3% AL 45 HLaS B 2 e I 21 7 — A
W

FE AR e B4 B PR U, SCHR [92] 32 21 Se-
qGAN ) &K GAN BT NMT H, $2H T BR-
CSGAN (BLEU reinforced conditional sequence
GAN), Hrp ¥h0 T —5 BLEU & 245 2% pR Z0f
AR AT DR AL I 5.

BRitbz Ah, SCHR (93] Feth 18 A QUET TR Multi-
CSGAN-NMT (Muti-conditional sequence GAN
for neural machine translation), Z 8 A R FH £
AN AR R ) 25 5 BRATL 5 B RE, JRX AN A s
BER — MG B BRI T A s 2 I3 BA%
i, AT SETHR R ROR .

A4, AR CNN 1EJ9 450 4% NMT #3
YE A N E$) Adversarial-NMT RO 3¢ BA LY
48 NMT R B 4 R 1 R5OR.

SCHR [95) N T iR GAN #E NMT £ 55 )l 25
AFase @, 2 7 BGAN-NMT (Bidirectional
GAN for neural machine translation), %54 & —
AN P 28 AT M T A s A TR A D 3 ) i 1) 7
V2, AR 0 e 08 SE A b L SR AN R RS ), AT
AR IA TS ) . 120 R & 2P GAN
W2%, —AFF NMT LS5 8 GAN Bk — Ml
GAN W%, H Al GAN W25 1A pl as A ) 2%
NPAT NMT AE55 1 GAN 28 1) 340 1) 2% R AR Bl 2.

FEAZAII A, DU AR e o XA TR o 1 A
B T A (Bilingual evaluation understudy, BLEU),
FE DL SN PR (0 SE 36 v 5 4% G U5 I L
BGAN-NMT il Muti-CSGAN-NMT #24G H4f

3.3 INESHH

AT EENG T GAN 7EiEZ A NLP 4l 1
L. B R TEE U, AR T TE T G g N
IR SEGAN; 7585 5K -5 AL RO F Hh s 2
MuseGAN; 7E1EE R M H B8 J5T WGAN
£ ASR HIN ], VoiceGAN, MTGAN, Resid-
ual GAN £,

GAN TEEHF MMM HIEAEEE £ &, F
EARFET CGAN MYREARZEM), Z44E BB AT
FERIRITETE 5 B il 5 SR A 7 TH B A AT s

76 NLP 8, /40 7 26X il i 2 Al 5 4
BN AR BE T Seq2Seq 5 RL Y GAN #5
T 70 AR RGBS R R T Gumbel-soft-
max GAN; 7EXUE T B8 A (A8 B GAN
FERY XA GAN BB H gt GAN #7578
ARG 3 KR H B DP-GAN, #T
WGAN 5 RNN () GAN FERL; 2235 RS 20 B B o
IR ADAN; TEHLAS B3R H A B BR-
CSGAN, Multi-CSGAN-NMT, BGAN-NMT A
Adversarial-NMT.

GAN 546 M 42 o 2R304, (H7E NLP
o ER T AR RS R A A 15 AR A ) S A A
AT 1R FE VIR 38 281 v 850, TR A )11 2 7 2 A i
550 A A5 BUR A2 RT. A GAN A REXT
SERI P IAT . B SeqGAN $2H /5, N
GAN 7E NLP S3k 1t & e 32 it 17 30 1. Ko
NLP 438 GAN #82&%H LSTM AR A 12125
AEM) RNN #& M4 B fRIESAT X Bl Zhit, REf%
R 2 hid it ¥ BNER. R3ILATA
AN SR I 43 2R L.

4  GAN fEH SR~ A

AXCENHAT GAN 7TEEE. 155 M NLP
SR FR oy RLRT. AR R GAN £E H H A
FAh S R . Bt o MRS AT B R
/G R RN E17E S AR NGB IV ENIVSE o 612N
TRAPSFGURAT GAN F R I #EAT 41,

4.1 ARETSAHT

FETH SRR, N A28 35 At T 2 il 1]
EILEEARAG I N A AN 8 20 AL L T 1) RASOR
N TR, AMERERSM T O e N E ST
RGN

Merel S5 % I8 94024 2] (RL) J7 kAT
LM, AR 27 A AL DL i i id T
IR Zh AT 0. P R A ot p i B AR 5 e
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#* 3  GAN{EIEH S5 NLP GU i3]
Table 3 GAN's application in the field of speech and NLP
EaS TR
155 R SEGAN®, J&F Pix2Pix Y519 fis R
B IRAE R MuseGAN™
N BT GAN MBS PN T 2 AT 55 X 42 SO BB S OB ™ WGAN H TiE & ™, VoiceGANT™,
BTN MTGAN™, Residual GAN™
o TEAR R (VPG 5 AR HT SeqGAN IXHEPAGEBIAL™, FET SeqGAN NS 15 AR A L)
A IR LT A Gumbel-softmax GANF
X BT GAN [0 PRl
ARG REHER T PLEAT 45 5 SRR JeF WGAN [ 3CA A AR 7, DP-GAN®
B AT ADAN®
LS B BR-CSGANPY, Multi-CSGAN-NMT®, Adversarial-NMT"), BGAN-NMT
SIMEE &, AE R B8ORS 4 )iE H. Chou %57 H) with GAN), i PR 28 0 25 75 25 Rl IE 3 BEAE 1 [R] B

A AR AE 9 NARZS S Al vH 4%, FI 88 5 4 e ds
AHFE S5, FI R BT FI AT 55, e gh K&
WY, Frif i) GAN BB e R T AR5 Ak 7t
TOUI ) HER P

SCHR (98] $& T — Pl i v IR B R AT Sk
BEVERIITE, (AR TREZEE S5 kTiEsh
[ 5¢ &, BRIE I 51 AXA] LSTM (Bidirection-
al long-short term memory, BLSTM) ] CGAN,
MEEAT G AT RFE PO EEANE B v BUE AN ks
FEG. LR, 558085 I B4 (Dy-
namic Bayesian network, DBN) fl BLSTM #H Lt
HA IR RE.

EER N E R Rl

TEB A 2 s, BEE A NG R EEENH
an e, B b R A B O — S IR R
TR, LS SIS T R AR . STk [99]
P 7 —Fh T GAN PREEARIS A pli#s MalGAN
KA B B A X P B R AR, SRIRaE R, %
B R A RO ST B SRS, MalGAN it
FHA RIS F B, (RdHE B2 M pine /it e

RSP SRIEER

IO €/TE rtl

XoF KBRS AT hRiE & — AN 143 & B ELARR (1)
R, AR AR TR K BRI 5 A B AR,
B LA A i A 2 10038 L1 S 00 & — /MR
AMER TAE. W& BREERMRE KR, fEAT
ARG I GRRARTS T G A B, (H 2 N T Ak
EIE 5 B S EBUR oA 2 AP AR 2 57, A TR IR 2
WP RE.

SCHR [100] HEIN T 2T GAN 7 B0 I &

ZFJHESE (Simulated + Unsupervised learning

4.2

4.3

RN T AR EE P RIARERE R BRI %K
Az BN ZRAE AR N U AR AT 55 #0H HK 2
EAE, AT CAHIRA A2 S SR N T A G
P5. STk [101] #2H T RenderGAN (Render generative
adversarial network) HE4¢, RenderGAN%; 4 3D
BORA GAN HEZRAE B BriE AR ic BIHA.

2) i dfad o

s aE i E 7 (Data augmentation).
B GREEREAR A 2 2l 2 I — R H i b, B
F W5 (A B A, AR B B A
e, BB 92— AR TV DU Hs
18 9 I A ] B OGS PR AT e e . BRI | AT Y
S #AE.

HH BT 3 A 7 5 A Bl 1 5 05 5K, SCHR [102]
Pt T — AN G R A N B 4% (Data aug-
mentation GAN, DAGAN). il X Hlgr 456
WGAN 5 CGANR: > s i B R Al (1) 75 75 72
— A g R T %, Kb, DAGAN i T
U-net 5 ResNet 145 513 2 1 2% UResNet 1E N
AR EE, IR R K T DenseNet 4510 556
W], DAGANREWS LA G Al 3 5 7 1408 BAR
.

44 YENH

GAN MUAETHEHLA . 157 A NLP SUskA
B i, FEYER 2 A A AE SR . de Oliveira
SELESCHR [104] HE UK LS 2 ) R AR o S
= RERL T FE B A SRR 2 (A T TR R,
FHT ) GAN HEZL N H T Wi B CRER 5 &
AU EAEH I RE BT 2D RoR) HIAE R, 1X T
TAERNIE— PR GAN TEY)EE =400k b ) 8 FH 32
7 A, R GAN A 7E AR T B 2 UG
A R S B SE 0S4 R ASADL I A
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4.5 [EFdum

GAN 7E P 22 00 it 5 208 4R e B i
e, 000 e G R ARG AR B8 (Compressed sens-
ing magnetic resonance imaging, CS-MRI) LA & HR
JE P IR I JBE A8 73 . B b2 Ak, BN HT T
FiFEIL% (Electronic health record, EHR) £# I-.

SCHR [105] $#2H RefineGAN (Refine generat-
ive adversarial network), ¥ H F T~ ST PR I 1 A
{1 CS-MRI H &, JFHIEW] T %7 A AL IS AT I B AN
BRI ARILIC T H AT H et CS-MRI 759

BRI Ah, BT 200 LR RESE R R (Multi
contrast magnetic resonance imaging, Multi-con-
trast MRI) BRI LSRG 2 215 B, (HE%
3 1 I [ PR 1 3 BOCVE SRR S X LU BE S5 AR T
) MRI E&, B0 5 Le50 B A MRT R AT BE
WS ORI ARG LT, 7 E il AT R
(RIXF L BE MRT G 5 R 3R A5 SR (K B4R,
T HE 2 W SR SOk [106]) FRAI A CGAN AR
Z X HE MRT BMR. SEIUE M %07 i 5 B 77 ik
HEERA — .

EHR #a {2t 1 =t pg et . H dh T
L EHR AR AR FRAL AT, BT AN & &
ff) EHR A4 2 RA 4 Z 1. Choi ST @ i Kt
VAE il GAN #4542 T MedGAN (Medical
generative adversarial network), H T E = 4E £
PR A, KA L RER M, MedGAN A ATH
THEREICK (EHR) BA RAFHIN I RCR.

R X R 1L 657 7 ) ) PR MR T P A 040 A
JEI ) AN T A 0 B (R B T A A — L
A Son SEMY R T — AR5k, il GAN A2k
T RO B I 1], REAS 2 H AL W6 A2 77 LUBE
IiE T2 sk, HAER M EdE4E (DRIVE Al STARE)
AR T R IR RE.

SCHER [109] A WGAN 41 %A AE i 28 A il
X LS LT ARBEAT 5 B, T4 & BUE R 3N ik
M U AR B T I CT 1 1& 52 (Cardiac
CT angiography, CCTA).

4.6 PRFARIP

GAN 7T ARy — s B A2 AT i i iy 3
B, ANITEATT AT ASE HAH BB 480 T BL. Hitaj <51
A GAN 13— R 7 B, 7838 A B 7] 5 > By
W2 B 55 4 vhond Fof P (8 B AT 2230,
AR FEFA. 8 GAN VB, B “H
R, NP RS SR 2 AU N AR B T 7 1.

4.7 BEEBENFISE
K GAN GINIER 22, 2IERE 52 ) H AT

13RI FE T [F) 22— Forp ) 3 3 o =) ) 4R
MR AEIT RS 2 > v WEIORT BRI 254k 20 A AN TR,
AW EAES A, T GAN S5 14 1) 70 B e
M 2% (Unsupervised pixel-level domain adapta-
tion method, PixelDA )™ SRfif e oo i B ek 1 1
)RR, A TTEAT A R, T HAETE
E k=g A= Bri VESBXB775 =R N EE WY N
2145

Zhang S 7F SCHR [113] 42 H T3 F GAN
SER RPN 4 SEIL T I N Oy R AR S AR
B AR PR35 1 3 N 2% ) 1n) fE . Sankaranarayanan
SEU M GAN S5k 52 1S H AR A ik
NFRAEZS [A), JFAE TG B B o 8 2 = ) L A
TRERRCR.

4.8 BB

H 3072 O U N T BRI 78 e AT I B
Mz —. BahiZRE R EH N R ZE AT N1 H
2R id 22 4 Al . Ghosh 250 ] GAN Xt 2 3§37
FHHT N, FEEAIT A Road rash b i)ll 2Rk A
DA 25 B 37 55 FUI PR R 14 . Samtama, 519 F) F
VAE Fl GAN SEIN A SR #6150 Pl

4.9 INESRH

AW FENPT GAN £ HAj KA EL K
A TSR IGR R A28 T 18 NS As T 8L
R BF RL 5 GAN fy#% 5] X\ BLSTM
(1) CGAN RS 75 0 2 JA A I 9 FH e (o) A 28 -
MalGAN; 75208 52 bR 105 H s 186 5 87 FH s 2
T GAN i B E % S HESE ) RenderGAN,
DAGAN; 7EPEE N FH A AL K GAN BT 5
RERL T B 27 vt 5 AR IR 28 Bl 78 = 257 Ak B
IR RefineGAN, #F CGAN A i Multi-
contrast MRI EE M, MedGAN, %T GAN
A AR R I B, 3T WG AN A et IR 3 ik afi
EERHT CCTA; fERFARY N R JE
T GAN BB T B AR & e A 1 R 7R3 E & B
2 STATUSN FH AR AR Y : PixelDA, T GAN 242
IR 5 B AR A i N 23 [RVRRAE ; 75 1 2025 3
FI R AR AL T GAN R 25 337 5 1l DA e 3 1
VAE 5 GAN A KBS BTN, 32 4 I8 7 AT
AR () 43 2815 D

T S A, A G A BB B AR RO T, R
A B G A NFEAR IE S 5 BIAH B AU N A, B
AARERE. GAN B H A R 5 e H i
it EALAsk, N HE S BRI HE
NS, W GAN TEER 24, B 3072 B ATk 1) S Bk .
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4 GAN TEH AU ) S H
Table 4 GAN's application in other fields
LES TR
NIRLE AT T RL 5 GAN M5 H00, 5T GAN RS MR, 5T 0 LSTM #9 CGAN Hie
AR MalGANY
Bl i S B g o T GAN 0 HCH B 2 I HERE, RenderGAN™", DAGAN!”
Wy I T GAN (15 BT EE FUR A pl s o)
i RefineGAN!'", J&F CGAN HJZ XS HLEE MRI BUR AL A Ad 0, Med(iAN“””, FT GAN A0 o0 0 5 MG A A R 0,
#T WGAN [ CCTA il
KA bRy HET GAN R P {5 B Bt
BRE R ] U PixelDAM, JET GAN [f95 FER 5K IE5 1, JET GAN 9388 ) A 10 N RAE 22 [ B2
EEIEE BT GAN 23035 SR T VAE 5 GAN [R50 FiisE gL me

5 RBERRKEHSRE

51 K&

kY= =]

%F GAN MELB T 70 RS2 Br B A E,
AN GAN TE AR AR 15 35 4008 NLP A it
ITTRELGR. KLEENHET GAN FIEEARE B
KEANGT7, FERH T GAN T =K
Zrod FEAEUSC SR A3 15t DA B VA RTAE  PRE UA S
R RIEX =K, AT 9 B ER GAN
AR CGAN, DCGAN, WGAN, WGAN-GP,
InfoGAN, SeqGAN, Pix2Pix, CycleGAN, Aug-
mented CycleGAN, FEI4IX 9 Flt GAN AR FpAsi A4 i
177035 FEE Ly =25 31k oh Bl ool 7Y
GAN. 2% 251 st 4 GAN DL A | 3 3 T A 1Y
GAN.

TER G RN AU, FE 58 13 8N H, TEAK
WS B AERNHFNHET Age-GAN Fl
GLCA-GAN; fEZ2 XS N IERHSBNHET
TP-GAN #1 DRGAN; 7E EUG S A v F A28
T SGAN. MGAN F1 BigGAN. 7€ KRG 5 HE M
HAFN4 T SRGAN FIEET 2415 B c-CycleG-
AN; EEBGE RS Z 0 M BB ERNH RN T
PGGAN 1 VariGAN; 7EEG BN H R A AT
T X5 21 ) Dual GAN. GeneGAN. S>-GAN
A DA-GAN; 7ESCAR A 2 G A 5w F A28
7 Text to image GAN. GAWWN Fl RTT-GAN;
76 EMRAE U BN R A T 2T GAN 193E Loy
FFE Contrast-GAN; fEEGE BN HTNA T
Auto-painter; 7EMUAT T ATk 87 FH R A28 7 Dual
motion GAN; 7EAW b & 2 M T N H P A4 T
SalGAN f1 MC-GAN; fEEIGESRHF N T
S-GAN; 7£ 3D BB A HFN4H T 3D-GAN
F1 VON.

TG &5 NLP MU, 258 9 BRH,
EAE SN P H T SEGAN; £ K5 &4
R RN A T MuseGAN; 7815 5 1R 5 B
N T HT WGAN ) ASR H iR i, Voice-
GAN.MTGAN L} Residual GAN 25; 7E X545
R PP Al 5 A S A T 2 F Seq2Seq 5
RL [ GANMERY: 75 A= gl B B 3 51 B FH A28 7
Gumbel-softmax GAN; fEXEF MM AN T
B GAN BRI GAN MR DL GG E 9wt
GAN B 75 CARE RS 9 R AR A4H T DP-
GAN, LK FHETF WGAN 5 RNN K GAN 7S 7F
EE AR T ADAN; 7EHL2S B3 8
N7 BR-CSGAN. Multi-CSGAN-NMT. Ad-
versarial- NMT #1 BGAN-NMT.

FA, XF GAN 78 oA S B A b R R 3R AT
THREL, FEA N 8 K, TE NRL A, TR H H A
HTET RLYES GAN A PS5 N BLSTM
1) CGAN B, 76 % S AR M B R A48 T
MalGAN; 7558 & bric 5 5 s B FH R A48 T
T GAN B BTG E % S HEZE RenderGAN,
LK DAGAN; TEYEEN FH 40 7% GAN B A
T 1 B RL T A B 2 A I AR I A A T R A
NHFAET RefineGAN, T CGAN A%
Multi-contrast MRI F% I#EH MedGAN, # T
GAN ZE AL BB I B, DA RIS F WG AN 2B it
AR B) Bk L B R T CCTA; 78 B AL R4 B Ay
W7 ET GAN MIEF B U s 24 PEee; 7RI
HIEMNZNMHP AN T PixelDA, PLRET
GAN 222385 H AR B A RN 25 [AVRFAIE ; 7
HahZ N R AT 3T GAN 72 5037 5
DL IET VAE 5 GAN [ SR B 1 T

ARBEEERE
GAN 7E 35U A (10 B EAS T NS 1) 1

5.2



12 34 IR AR O 7 90 208 76 - AU FH F 7 13t 2531

b, (/2 GAN ARG GAN FI#ZE 4 451,
PLE GAN FI SR IAFAEAE AT T 1 i) /8, GAN
1F 5% 2 BRATUSE G S b FOR KN NIE 4R, I8 W 21
BARR MR FN AR, GAN A 5 AR, GAN f 4
G EER, DL GAN SRR S0, 28R
e B R IR TE: GAN 7 8% 552 s A3 1) 7 FH 38
B )8, AR GAN A BB B D) S| 255
IR . DUR A SRS — S SRR 1 ) .

1) GAN 547453 — L ] 7, i ST AT 21,
A AR A ) ) g USSR T DA R I
AR5 . R WGAN 86 B e 1l Zi A
FsE MBI T — it g, (HIX A2 Bl 2
fiE P IR 1 A BT DABR HE T I GAN B B8 1
REER, BN GEIET R T ER TN TR —.
# GAN NENSGHEIGRING T EL TR, &%
i GAN 51 1 58 4 (R A 7R i AR

2) GAN BRHE S H 0 BUKR, BRGES
Al 2GR SR P A AR R IR, 24 0 s A 7R LA
K5 A LG, R EE T/ER L HEES
H, WHAT A 52 — AN I8 A o N FH AT A 7 1) 5
ot GAN 75 B R AR AR ORI 1) f 2 — . S8l B shi
E GAN B 48 2E 1), F I SR80 A1 24 51 B bR R 4L
H 3l 5 > B A 1) AT S5 KR 1) GAN W 4% 45 44
FIVBETL [ 38 2 B0 (B 1SR 1A ) .

3) WA LLESR], RZ 5 GAN 454 14E
RS, 40 VAE 5 GAN #4745, FI R 5k
2211 SeqGAN, H5EFIIE ML 4541 DCGAN
S XIS, AN 5EE T GAN, 1 HAE X
BB R | R O B P DA A R R Y
GAN HHTaL S AT, AMUGER = GAN Hig5e &2
g, B4 N Fh 2R 4.

4) WA GAN A2 A BR . SCARIE S B
B 2R AMER BTN ) BT R 2 2 i 3
A ARAE R, BRI GAN KI5 B A5 K30 A
56 R, i KEAS R, RN EEE T
gEH, FE YN ZR A B A AR 22 A M5 40 A 1)1 S a0
8 IR B EAR R =R A5 B HLAS &, $EEL
AN [ e 7 2 A R R IR 2R s, 13 BN [ JZ R IR AE R
R FENZR H br s BUE B Qb 5] NS [F U 40
BR) AR HRAT LR TR A iR A 2 R
BIG. SCARIE .

5) HL#& 2= 1 BEASICA I A 2 B B AT T4 1
ZACRE ). BTG IRE S I Iz ARE ), DAY
A i 25— 7 ZE U SR 00 s R, BRAS Eig e
T 17 R £ f 2 ST, 2 R 2B Joxt Bt 99 2% 22 T LA

T RIS LR, AT 3 IE A 7 AE O BT X 44 7E I
JE 5 3] Hp ) R S A (A5 S G

6) GAN TETHENLAL U 18, {1 GAN
(¥ UG A FERE 338 o oot R RE, TR ELRE I
G5B 243 GAN HA T €5 28 58 32 1 AR
HOR, Bt BigGAN A LA liE 5 K B (HX 2
—HEXTIS, FEA B ST E AR %, B
RS T2, X 7 280 GAN M2 2k, 2
Y FE I 2o R AR I T B, R A 50 it 3R A7 AR R A
A, 3R v T O LR A B B 2 2SI (A]. i DA
GAN HIUIZRIEAT ik 58 Jon v 2kt 5 B 44 18t e 2
ITaiE R AR KR I —.

7) 1€ NLP %, T GAN N3 T 43 55 4
BT B B SCARKR, S GAN T8I A4S R AT A
SR R AR WA RZRFFHIRA, #1140 Se-
qGANMIHEH 1S GAN 7E NLP 4138 45 22 3k 15 Hl
WEESUEAIH NMT 5 GAN #4745 & 11 848,
APk GAN Fe 0 RAEAER. FTLAWEFE GAN 7€ NLP
AR e A R R .

8) Bifi 5 AR A PR IEUR i, B 111V B B F il R
T2 W RE K R BE M 5 BT IR ALEE A
H 32 3240, GAN 1E [ 302 34Tk AT g K1 K1
WAh &, GAN TEIX LU B IS A AR 2, ]
e GAN (1 AR LR il SR i@ FIAE B A AR 3 Hh B W
s, SRR BN 18 S Bh TR B E
1 A9 26 g v R S 3% 35, A0l s GAN i it
UL, LR AR E K THLIA B O A B
PO RE R RGBT S GAN FIRGHAL, B
PUX 2 GAN MR 2 —.

9) GAN 45 RNN, LSTM %5xH5 B B A id
1ZRETI I 26 EAT 4, B T DL 530K — Se 5
FAC LM, i, #1812 M % (Dynamic
memory networks, DMN)M7, F= 2l K B 1017 9 4%

118

(Active long term memory networks, A-LTM)!
5 GAN #7454 Witk GAN fENZRIT, X £ 1
FEEA I, (FHAEEZTHER, 3271 GAN
7E NLP U BOR.

10) B GAN KBk 22 i 5 FH 78 A 5] 1 5
S, DA 5 N B AL Gibl s 5 S ot Feds,
FOAR A M G I UG VIR B R P R AN SIS B A BE
290 PR GAN 25 Fi (0458 1Y Ko AH LA Foqr. 451 4,
Kurach &M 78 SZBR A oot %4~ GAN ALY iR 47
B, 08 7 GAN R TR E s 4R I8 % B AH Y.
FBHAE B, DLACHE WL FEBE GAN A s 2 1)
A H M ) RN 5 22 S PR R R 2R A X TR AT



2532 =l 3

¥ i

46 %

53] Goodfellow 25— AT FLI AL N L 1) [H].
MTEAEL RS S ST PR GAN B, s Gtk
Re S UL 455 5] 7 k. XN 75 B AR FUEK . AN
HHEH GAN 5%, Kk, GAN 78 SZFx i) 5
BVl o2& ARk Ty T 2 —.

11) #AELE GAN B f) B 7E IE A 10 5 1A
RIE, 5 RIFIPE R0 GAN 28 Fp R k47
PEAL . BT DLRR BLER AN [ S A3 A A 3k ) R A
b, ARSI RIPEAS RS XAEA BERfE: GAN BA
RGNS WaE R

12) HAl GAN U #E 51 H T2 bl ds 5 > fil
NLE G R, T LA F=4isk s, &
P L. GAN S8R ] DLA - Tk gt A2 3ok 2 ik
RAERME, GAN 0] DURSRME AR, X1 Tolk
A 3 VR 1 2 R EER R 2 ¥ R4, GAN &
SRTT DUFH SR 418 i AR 3ok R i i 2k R U L, DA
5L AR i FE A E

MEL E R S5 T LA Y, GAN f R 450 ik
KRRz, FE A R A R E 2R, R
BATVR P PR R RN S 45 O IWF RN &, N LS )
GAN W 7R $2 k4l . RAF GAN 7455 il /A Bk
i, (HRAA TN, BEE GAN HASHTTT KRN AR
FAAIIEE 30, GAN H5 2 o A& ok N T8 R4
RS T HR.

References

1 Silver D, Huang A J, Maddison C J, Guez A, Sifre L, van den
Driessche G, et al. Mastering the game of Go with deep neural
networks and tree search. Nature, 2016, 529(7587): 484-489

2 Goodfellow I J, Pouget-Abadie J, Mirza M, Xu B, Warde-Far-
ley D, Ozair S, et al. Generative adversarial networks. Ad-
vances in Neural Information Processing Systems, 2014, 3:
2672-2680

3 Wang Kun-Feng, Gou Chao, Duan Yan-Jie, Lin Yi-Lun, Zheng
Xin-Hu, Wang Fei-Yue. Generative adversarial networks: The
state of the art and beyond. Acta Automatica Sinica, 2017,
43(3): 321-332
(FEHpg, A, BUHaAs, MRakie, A0, £ RER. AR S g
GAN it Fiit e 5. B3k A4k, 2017, 43(3): 321-332)

4 Kingma D P, Welling M. Auto-encoding variational Bayes. arX-
iv: 1312.6114v10, 2013.

5 Ratliff L J, Burden S A, Sastry S S. Characterization and com-
putation of local Nash equilibria in continuous games. In: Pro-
ceedings of the 51st Annual Allerton Conference on Communic-
ation, Control, and Computing. Monticello, IL, USA: IEEE,
2013. 917-924

6 Larsen A B L, S\onderby S K, Larochelle H, Winther O. Au-
toencoding beyond pixels using a learned similarity metric. In:
Proceedings of the 33rd International Conference on Interna-
tional Conference on Machine Learning. New York City, USA:

10

11

12

13

14

15

16

17

18

19

20

ACM, 2016. 1558—1566

Radford A, Metz L, Chintala S. Unsupervised representation
learning with deep convolutional generative adversarial net-
works. In: Proceedings of the 4th International Conference on

Learning Representations. San Juan, Puerto Rico, 2015.

Salimans T, Goodfellow I J, Zaremba W, Cheung V, Radford A,
Chen X. Improved techniques for training GANs. In: Proceed-
ings of the 2016 Advances in Neural Information Processing Sys-
tems. Barcelona, Spain, 2016. 2226—2234

Arjovsky M, Bottou L. Towards principled methods for train-
ing generative adversarial networks. arXiv: 1701.04862v1, 2017.

Mirza M, Osindero S. Conditional generative adversarial nets.
arXiv: 1411.1784, 2014.

Krizhevsky A, Sutskever I, Hinton G E. ImagEnet classification
with deep convolutional neural networks. In: Proceedings of the
2012 Advances in Neural Information Processing Systems. Lake
Tahoe, Nevada, USA: Curran Associates Inc., 2012. 1106-1114

Arjovsky M, Chintala S, Bottou L. Wasserstein GAN. arXiv:
1701.07875v3, 2017.

Tieleman T, Hinton G. Lecture 6.5-rmsprop: Divide the gradi-
ent by a running average of its recent magnitude. COURSERA:
Neural Networks for Machine Learning, 2012, 4: 26—31

Gulrajani I, Ahmed F, Arjovsky M, Dumoulin V, Courville A C.
Improved training of Wasserstein GANs. In: Proceedings of the
2017 Advances in Neural Information Processing Systems. Long
Beach, CA, USA: Curran Associates, Inc., 2017. 57675777

Chen X, Duan Y, Houthooft R, Schulman J, Sutskever I, Ab-
beel P. InfoGAN: Interpretable representation learning by in-
formation maximizing generative adversarial nets. In: Proceed-
ings of the 2016 Advances in Neural Information Processing Sys-
tems 29: Annual Conference on Neural Information Processing
Systems 2016. Barcelona, Spain: Curran Associates Inc., 2016.
2172-2180

Yu L T, Zhang W N, Wang J, Yu Y. SeqGAN: Sequence gener-
ative adversarial nets with policy gradient. In: Proceedings of
the 31st AAAT Conference on Artificial Intelligence. San Fran-
cisco, California, USA: AAAI, 2017. 2852—2858

Liu Quan, Zhai Jian-Wei, Zhang Zong-Zhang, Zhong Shan,
Zhou Qian, Zhang Peng, et al. A survey on deep reinforcement
learning. Chinese Journal of Computers, 2018, 41(1): 1-27

(R4, B, oA, B, A, S, . R IR ST SRR
THENL2AAR, 2018, 41(1): 1-27)

Isola P, Zhu J Y, Zhou T H, Efros A A. Image-to-image transla-
tion with conditional adversarial networks. In: Proceedings of
the 2017 IEEE Conference on Computer Vision and Pattern Re-
cognition (CVPR). Honolulu, HI, USA: IEEE, 2017. 5967-5976

Ronneberger O, Fischer P, Brox T. U-net: Convolutional net-
works for biomedical image segmentation. In: Proceedings of the
18th International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: Springer,
2015. 234—241

Zhu J Y, Park T, Isola P, Efros A A. Unpaired image-to-image
translation using cycle-consistent adversarial networks. In: Pro-
ceedings of the 2017 IEEE International Conference on Com-
puter Vision (ICCV). Venice, Italy: IEEE, 2017. 2242-2251


https://doi.org/10.1038/nature16961
https://doi.org/10.11897/SP.J.1016.2019.00001
https://doi.org/10.1038/nature16961
https://doi.org/10.11897/SP.J.1016.2019.00001

12 3

IR AR O 7 90 208 76 - AU FH F 7 13t

2533

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

He D, Xia Y C, Qin T, Wang L W, Yu N H, Liu T Y, et al.
Dual learning for machine translation. In: Proceedings of the
30th International Conference on Neural Information Processing
Systems. Barcelona, Spain: ACM, 2016. 820—828

Almahairi A, Rajeswar S, Sordoni A, Bachman P, Courville A
C. Augmented CycleGAN: Learning many-to-many mappings
from unpaired data. In: Proceedings of the 35th International
Conference on Machine Learning. Stockholm, Sweden: PMLR,
2018. 195-204

Che T, Li Y R, Jacob A P, Bengio Y, Li W J. Mode regular-
ized generative adversarial networks. arXiv: 1612.02136, 2016.

Gretton A, Borgwardt K M, Rasch M J, Schélkopf B, Smola A
J. A kernel method for the two-sample-problem. In: Proceedings
of the 2007 Advances in Neural Information Processing Systems.
Vancouver, Canada: MIT Press, 2007. 513—520

Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S.
GANSs trained by a two time-scale update rule converge to a loc-
al Nash equilibrium. In: Proceedings of the 2017 Advances in
Neural Information Processing Systems. Long Beach, CA, USA,
2017. 66266637

Lopez-Paz D, Oquab M. Revisiting classifier two-sample tests.
arXiv: 1610.06545, 2016.

Xu Q T, Huang G, Yuan Y, Guo C, Sun Y, Wu F, et al. An
empirical study on evaluation metrics of generative adversarial
networks. arXiv: 1806.07755, 2018.

Gauthier J. Conditional generative adversarial nets for convolu-
tional face generation. In: Proceedings of the 2014 Class Project
for Stanford CS231N: Convolutional Neural Networks for Visual
Recognition. 2014. 2

Antipov G, Baccouche M, Dugelay J L. Face aging with condi-
tional generative adversarial networks. In: Proceedings of the
2017 IEEE International Conference on Image Processing
(ICIP). Beijing, China: IEEE, 2017. 2089-2093

LiP P,HuY B, Li Q, He R, Sun Z N. Global and local consist-
ent age generative adversarial networks. In: Proceedings of the
24th International Conference on Pattern Recognition. Beijing,
China: IEEE, 2018. 1073-1078

Huang R, Zhang S, Li T Y, He R. Beyond face rotation: Global
and local perception GAN for photorealistic and identity pre-
serving frontal view synthesis. In: Proceedings of the 2017 IEEE
International Conference on Computer Vision (ICCV). Venice,
Italy: IEEE, 2017. 2458—2467

Johnson J, Alahi A, Li F F. Perceptual losses for real-time style
transfer and super-resolution. In: Proceedings of the 14th
European Conference on Computer Vision. Amsterdam, the
Netherlands: Springer, 2016. 694-711

Tran L, Yin X, Liu X M. Disentangled representation learning
GAN for pose-invariant face recognition. In: Proceedings of the
2017 IEEE Conference on Computer Vision and Pattern Recog-
nition. Honolulu, HI, USA: IEEE, 2017. 1283-1292

Jetchev N, Bergmann U, Vollgraf R. Texture synthesis with spa-
tial generative adversarial networks. arXiv: 1611.08207, 2016.

Li C, Wand M. Precomputed real-time texture synthesis with
markovian generative adversarial networks. In: Proceedings of
the 14th European Conference on Computer Vision. Amsterdam,
the Netherlands: Springer, 2016. 702-716

36

37

38

39

40

41

42

43

44

45

46

47

48

49

Ulyanov D, Lebedev V, Vedaldi A, Lempitsky V. Texture net-
works: Feed-forward synthesis of textures and stylized images.
In: Proceedings of the 33rd International Conference on Ma-
chine Learning. New York City, USA: ACM, 2016. 1349-1357

Brock A, Donahue J, Simonyan K. Large scale GAN training for
high fidelity natural image synthesis. arXiv: 1809.11096, 2018.

Ledig C, Theis L, Huszar F, Caballero J, Cunningham A,
Acosta A, et al. Photo-realistic single image super-resolution us-
ing a generative adversarial network. In: Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Honolulu, USA: IEEE, 2017. 105-114

LuY Y, Tai Y W, Tang C K. Attribute-guided face generation
using conditional CycleGAN. arXiv: 1705.09966, 2017.

Chen Z M, Tong Y G. Face super-resolution through wasser-
stein GANs. arXiv: 1705.02438v1, 2017.

Yeh R A, Chen C, Lim T Y, Schwing A G, Hasegawa-Johnson
M, Do M N. Semantic image inpainting with deep generative
models. In: Proceedings of the 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Honolulu, HI,
USA: IEEE, 2017. 6882—6890

Demir U, Unal G. Patch-based image Inpainting with generat-
ive adversarial networks. arXiv: 1803.07422, 2018.

Tizuka S, Simo-Serra E, Ishikawa H. Globally and locally consist-
ent image completion. ACM Transactions on Graphics, 2017,
36(4): Article No. 107

Pathak D, Krihenbiihl P, Donahue J, Darrell T, Efros A A.
Context encoders: Feature learning by inpainting. In: Proceed-
ings of the 2016 IEEE Conference on Computer Vision and Pat-
tern Recognition. Las Vegas, NV, USA: IEEE, 2016. 2536—2544

Zhao B, Wu X, Cheng Z Q, Liu H, Jie Z Q, Feng J S. Multi-
view image generation from a single-view. arXiv: 1704.04886,
2017.

Sohn K, Lee H, Yan X C. Learning structured output represent-
ation using deep conditional generative models. In: Proceedings
of the 2015 Advances in Neural Information Processing Systems.
Montreal, Canada: MIT Press, 2015. 3483-3491

Yi Z L, Zhang H, Tan P, Gong M L. DualGAN: Unsupervised
dual learning for image-to-image translation. In: Proceedings of
the 2017 IEEE International Conference on Computer Vision.
Venice, Italy: IEEE, 2017. 2868—2876

Zhou S C, Xiao T H, Yang Y, Feng D Q, He Q Y, He W R.
GeneGAN: Learning object transfiguration and attribute sub-
space from unpaired data. arXiv: 1705.04932, 2017.

Wang X L, Gupta A. Generative image modeling using style
and structure adversarial networks. In: Proceedings of the 14th
European Conference on Computer Vision. Amsterdam, the
Netherlands: Springer, 2016. 318—-335

Ma S, Fu J L, Chen C W, Mei T. DA-GAN: Instance-level im-
age translation by deep attention generative adversarial net-
works. In: Proceedings of the 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Salt Lake City, UT,
USA: IEEE, 2018. 56575666

Liu M Y, Breuel T, Kautz J. Unsupervised image-to-image
translation networks. In: Proceedings of the 2017 Advances in

Neural Information Processing Systems. Long Beach, CA, USA:



2534 =l 3

S 46 1

53

54

ot
ot

57

58

59

60

61

62

63

64

65

66

Curran Associates Inc., 2017. 700-708

Reed S, Akata Z, Yan X C, Logeswaran L, Schiele B, Lee H.
Generative adversarial text to image synthesis. In: Proceedings
of the 33rd International Conference on Machine Learning. New
York City, USA: ACM, 2016. 1060—1069

Reed S E, Akata Z, Mohan S, Tenka S, Schiele B, Lee H. Learn-
ing what and where to draw. In: Proceedings of the 2016 Ad-
vances in Neural Information Processing Systems. Barcelona,
Spain, 2016. 217225

Liang X D, Hu Z T, Zhang H, Gan C, Xing E P. Recurrent top-
ic-transition GAN for visual paragraph generation. In: Proceed-
ings of the 2017 IEEE International Conference on Computer
Vision (ICCV). Venice, Italy: IEEE, 2017. 3382-3391

Luc P, Couprie C, Chintala S, Verbeek J. Semantic segmenta-
tion using adversarial networks. arXiv: 1611.08408, 2016.

Souly N, Spampinato C, Shah M. Semi and weakly supervised
semantic segmentation using generative adversarial network.
arXiv: 1703.09695v1, 2017.

Liang X D, Zhang H, Xing E P. Generative semantic manipula-
tion with contrasting GAN. arXiv: 1708.00315, 2017.

LiuY F, Qin Z C, Wan T, Luo Z B. Auto-painter: Cartoon im-
age generation from sketch by using conditional Wasserstein
generative adversarial networks. Neurocomputing, 2018, 311:
78-87

Koo S. Automatic colorization with deep convolutional generat-
ive adversarial networks. In: Proceedings of the 2017 IEEE Con-
ference on Computer Vision and Pattern Recognition Work-
shops (CVPRW). Honolulu, USA: IEEE, 2017. 212-217

Sudrez P L, Sappa A D, Vintimilla B X. Infrared image coloriza-
tion based on a triplet DCGAN architecture. In: Proceedings of
the 2017 IEEE Conference on Computer Vision and Pattern Re-
cognition Workshops (CVPRW). Honolulu, USA: IEEE, 2017.
212-217

Vondrick C, Torralba A. Generating the future with adversarial
transformers. In: Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Honolulu,
HI, USA: IEEE, 2017. 2992-3000

Vondrick C, Pirsiavash H, Torralba A. Generating videos with
scene dynamics. In: Proceedings of the 2016 Advances in Neural
Information Processing Systems. Barcelona, Spain, 2016.
613-621

Liang X D, Lee L' S, Dai W, Xing E P. Dual motion GAN for
future-flow embedded video prediction. In: Proceedings of the
2017 IEEE International Conference on Computer Vision (IC-
CV). Venice, Italy: IEEE, 2017. 1762-1770

Pan J T, Ferrer C C, McGuinness K, O'Connor N E, Torres J,
Sayrol E, et al. Salgan: Visual saliency prediction with generat-
ivse adversarial networks. arXiv: 1701.01081, 2017.

Fernando T, Denman S, Sridharan S, Fookes C. Task specific
visual saliency prediction with memory augmented conditional
generative adversarial networks. In: Proceedings of the 2018
IEEE Winter Conference on Applications of Computer Vision
(WACYV). Lake Tahoe, USA: IEEE, 2018. 1539-1548

Volkhonskiy D, Borisenko B, Burnaev E. Generative Adversari-

al Networks for Image Steganography. 2016.

67

68

69

70

71

72

73

74

75

76

T

78

79

80

Wu J J, Zhang C K, Xue T F, Freeman W T, Tenenbaum J B.
Learning a probabilistic latent space of object shapes via 3D
generative-adversarial modeling. In: Proceedings of the 30th In-
ternational Conference on Neural Information Processing Sys-
tems. Barcelona, Spain: ACM, 2016. 82—90

Zhu J Y, Zhang Z T, Zhang C K, Wu J J, Torralba A, Tenen-
baum J B. Visual object networks: Image generation with disen-
tangled 3D representation. In: Proceedings of the 32nd Interna-
tional Conference on Neural Information Processing Systems.
Montréal, Canada: ACM, 2018. 118-129

Pascual S, Bonafonte A, Serra J. SEGAN: Speech enhancement
generative adversarial network. In: Proceedings of the 18th An-
nual Conference of the International Speech Communication As-
sociation. Stockholm, Sweden: ISCA, 2017. 3642—-3646

Mao X D, Li Q, Xie H R, Lau R Y K, Wang Z, Smolley A P.
Least squares generative adversarial networks. In: Proceedings of
the 2017 IEEE International Conference on Computer Vision.
Venice, Italy: IEEE, 2017. 2813-2821

Michelsanti D, Tan Z H. Conditional generative adversarial net-
works for speech enhancement and noise-robust speaker verifica-
tion. In: Proceedings of the 18th Annual Conference of the Inter-
national Speech Communication Association. Stockholm,
Sweden: ISCA, 2017. 2008-2012

Dong H W, Hsiao W Y, Yang L C, Yang Y H. MuseGAN: Sym-
bolic-domain music generation and accompaniment with multi-
track sequential generative adversarial networks. arXiv:
1709.06298v1, 2017.

Sriram A, Jun H, Gaur Y, Satheesh S. Robust speech recogni-
tion using generative adversarial networks. In: Proceedings of
the 2018 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). Calgary, AB, Canada: IEEE,
2018. 5639-5643

Shinohara Y. Adversarial multi-task learning of deep neural net-
works for robust speech recognition. In: Proceedings of the 17th
Annual Conference of the International Speech Communication
Association. San Francisco, CA, USA: ISCA, 2016. 2369—2372

Cai W, Doshi A, Valle R. Attacking speaker recognition with
deep generative models. arXiv: 1801.02384, 2018.

Gao Y, Singh R, Raj B. Voice impersonation using generative
adversarial networks. In: Proceedings of the 2018 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP). Calgary, Canada: IEEE, 2018. 2506—2510

Ding W H, He L. MTGAN: Speaker verification through multi-
tasking triplet generative adversarial networks. In: Proceedings
of the 19th Annual Conference of the International Speech Com-
munication Association. Hyderabad, India: ISCA, 2018. 3633—
3637

Juvela L, Bollepalli B, Wang X, Kameoka H, Airaksinen M,
Yamagishi J, et al. Speech waveform synthesis from MFCC se-
quences with generative adversarial networks. In: Proceedings of
the 2018 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). Calgary, AB, Canada: IEEE,
2018. 5679-5683

Kannan A, Vinyals O. Adversarial evaluation of dialogue mod-
els. arXiv: 1701.08198, 2017.

Sutskever I, Vinyals O, Le Q V. Sequence to sequence learning


https://doi.org/10.1016/j.neucom.2018.05.045
https://doi.org/10.1016/j.neucom.2018.05.045

12 3

IR AR O 7 90 208 76 - AU FH F 7 13t

2535

81

82

83

84

85

86

87

88

89

90

91

92

93

94

with neural networks. In: Proceedings of the 2014 Advances in
Neural Information Processing Systems. Montreal, Quebec,
Canada, 2014. 3104-3112

Li J W, Monroe W, Shi T L, Jean S, Ritter A, Jurafsky D. Ad-
versarial learning for neural dialogue generation. In: Proceed-
ings of the 2017 Conference on Empirical Methods in Natural
Language Processing. Copenhagen, Denmark: Association for
Computational Linguistics, 2017. 2157-2169

Kusner M J, Herndndez-Lobato J M. GANS for sequences of dis-
crete elements with the gumbel-softmax distribution. arXiv:
1611.04051, 2016.

Zhang M, Liu Y, Luan H B, Sun M S. Adversarial training for
unsupervised bilingual lexicon induction. In: Proceedings of the
55th Annual Meeting of the Association for Computational Lin-
guistics. Vancouver, Canada: Association for Computational Lin-
guistics, 2017. 1959-1970

Mikolov T, Le Q V, Sutskever I. Exploiting similarities among

languages for machine translation. arXiv: 1309.4168, 2013.

Zhang Y, Gaddy D, Barzilay R, Jaakkola T. Ten pairs to tag-
multilingual POS tagging via coarse mapping between embed-
dings. In: Proceedings of the 2016 Association for Computation-
al Linguistics. San Diego California, USA: Association for Com-
putational Linguistics, 2016. 13071317

Liu P F, Qiu X P, Huang X J. Adversarial multi-task learning
for text classification. In: Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics. Vancouver,

Canada: Association for Computational Linguistics, 2017. 1-10

Press O, Bar A, Bogin B, Berant J, Wolf L. Language genera-
tion with recurrent generative adversarial networks without pre-
training. arXiv: 1706.01399, 2017.

XuJ J, Ren X C, Lin J Y, Sun X. DP-GAN: Diversity-promot-
ing generative adversarial network for generating informative
and diversified text. arXiv: 1802.01345, 2018.

Chen X L, Sun Y, Athiwaratkun B, Cardie C, Weinberger K.
Adversarial deep averaging networks for cross-lingual sentiment
classification. arXiv: 1606.01614, 2016.

Iyyer M, Manjunatha V, Boyd-Graber J, Daumé III H. Deep un-
ordered composition rivals syntactic methods for text classifica-
tion. In: Proceedings of the 53rd Annual Meeting of the Associ-
ation for Computational Linguistics and the 7th International
Joint Conference on Natural Language Processing of the Asian
Federation of Natural Language Processing. Beijing, China: As-
sociation for Computational Linguistics, 2015. 1681-1691

Bahdanau D, Cho K, Bengio Y. Neural machine translation by
jointly learning to align and translate. arXiv: 1409.0473, 2014.

Yang Z, Chen W, Wang F, Xu B. Improving neural machine
translation with conditional sequence generative adversarial
nets. In: Proceedings of the 2018 Conference of the North Amer-
ican Chapter of the Association for Computational Linguistics:
Human Language Technologies. New Orleans, Louisiana, USA:
Association for Computational Linguistics, 2018. 1346—1355

Yang Z, Chen W, Wang F, Xu B. Generative adversarial train-
ing for neural machine translation. Neurocomputing, 2018, 321:
146-155

Wu L J, Xia Y C, Zhao L, Qin T, Lai J H, Liu T Y. Adversari-

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

al neural machine translation. In: Proceedings of the 10th Asian
Conference on Machine Learning. Beijing, China: PMLR, 2018.
534-549

Zhang Z R, Liu S J, Li M, Chen E H. Bidirectional generative
adversarial networks for neural machine translation. In: Proceed-
ings of the 22nd Conference on Computational Natural Lan-
guage Learning. Brussels, Belgium: Association for Computa-
tional Linguistics, 2018. 190—-199

Merel J, Tassa Y, TB D, Srinivasan S, Lemmon J, Wang Z Y,
et al. Learning human behaviors from motion capture by ad-
versarial imitation. arXiv: 1707.02201, 2017.

Chou C J, Chien J T, Chen H T. Self adversarial training for
human pose estimation. arXiv: 1707.02439, 2017.

Sadoughi N, Busso C. Novel realizations of speech-driven head
movements with generative adversarial networks. In: Proceed-
ings of the 2018 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). Calgary, AB, Canada:
IEEE, 2018. 6169-6173

Hu W W, Tan Y. Generating adversarial malware examples for
black-box attacks based on GAN. arXiv: 1702.05983, 2017.

Shrivastava A, Pfister T, Tuzel O, Susskind J, Wang W D,
Webb R. Learning from simulated and unsupervised images
through adversarial training. In: Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition (CV-
PR). Honolulu, HI, USA: IEEE, 2017. 2242-2251

Sixt L, Wild B, Landgraf T. RenderGAN: Generating realistic
labeled data. Frontiers in Robotics and AI, 2018, 5: 66

Antoniou A, Storkey A, Edwards H. Data augmentation gener-
ative adversarial networks. arXiv: 1711.04340, 2017.

Huang G, Liu Z, Van Der Maaten L, Weinberger K Q. Densely
connected convolutional networks. In: Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Honolulu, HI, USA: IEEE, 2017. 2261-2269

de Oliveira L, Paganini M, Nachman B. Learning particle phys-
ics by example: Location-aware generative adversarial networks
for physics synthesis. Computing and Software for Big Science,
2017, 1(1): 4

Quan T M, Nguyen-Duc T, Jeong W K. Compressed sensing
MRI reconstruction using a generative adversarial network with
a cyclic loss. arXiv: 1709.00753, 2017.

Dar S U H, Yurt M, Karacan L, Erdem A, Erdem E, Cukur T.
Image synthesis in multi-contrast MRI with conditional generat-
ive adversarial networks. IEEE Transactions on Medical Ima-
ging, 2019, 38(10): 2375-2388

Choi E, Biswal S, Malin B, Duke J, Stewart W F, Sun J M.
Generating multi-label discrete patient records using generative
adversarial networks. arXiv: 1703.06490, 2017.

Son J, Park S J, Jung K H. Retinal vessel segmentation in fun-
doscopic images with generative adversarial networks. arXiv:
1706.09318, 2017.

Wolterink J M, Leiner T, Isgum I. Blood vessel geometry syn-
thesis using generative adversarial networks. arXiv: 1804.04381,
2018.


https://doi.org/10.1016/j.neucom.2018.09.006
https://doi.org/10.3389/frobt.2018.00066
https://doi.org/10.1007/s41781-017-0004-6
https://doi.org/10.1109/TMI.2019.2901750
https://doi.org/10.1109/TMI.2019.2901750
https://doi.org/10.1109/TMI.2019.2901750
https://doi.org/10.1016/j.neucom.2018.09.006
https://doi.org/10.3389/frobt.2018.00066
https://doi.org/10.1007/s41781-017-0004-6
https://doi.org/10.1109/TMI.2019.2901750
https://doi.org/10.1109/TMI.2019.2901750
https://doi.org/10.1109/TMI.2019.2901750

2536 H 3

46 %

110 Hitaj B, Ateniese G, Perez-Cruz F. Deep models under the
GAN: Information leakage from collaborative deep learning. In:
Proceedings of the 2017 ACM SIGSAC Conference on Com-
puter and Communications Security. Dallas, TX, USA: ACM,
2017. 603—618

111 Liu Jian-Wei, Sun Zheng-Kang, Luo Xiong-Lin. Review and re-
search development on domain adaptation learning. Acta Auto-
matica Sinica, 2014, 40(8): 1576-1600
(KA, PRIERR, 2 MERE. 3B G R IR R R, H AR,
2014, 40(8): 1576-1600)

112 Bousmalis K, Silberman N, Dohan D, Erhan D, Krishnan D.
Unsupervised pixel-level domain adaptation with generative ad-
versarial networks. In: Proceedings of the 2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR).
Honolulu, HI, USA: IEEE, 2017. 95-104

113 Zhang Y, Barzilay R, Jaakkola T S. Aspect-augmented ad-
versarial networks for domain adaptation. Transactions of the

Association for Computational Linguistics, 2017, 5: 515-528

114 Sankaranarayanan S, Balaji Y, Castillo C D, Chellappa R. Gen-
erate to adapt: Aligning domains using generative adversarial
networks. arXiv: 1704.01705, 2017.

115 Ghosh A, Bhattacharya B, Chowdhury S B R. Sad-GAN: Syn-
thetic autonomous driving using generative adversarial net-
works. arXiv: 1611.08788, 2016.

116 Santana E, Hotz G. Learning a driving simulator. arXiv:
1608.01230, 2016.

117 Furlanello T, Zhao J P, Saxe A M, Itti L, Tjan B S. Active long
term memory networks. arXiv: 1606.02355, 2016.

118 Kumar A, Irsoy O, Ondruska P, Iyyer M, Bradbury J, Gulra-
jani I, et al. Ask me anything: Dynamic memory networks for
natural language processing. In: Proceedings of the 33rd Inter-
national Conference on International Conference on Machine
Learning. New York City, NY, USA: ACM, 2016. 1378-1387

119 Kurach K, Lucic M, Zhai X H, Michalski M, Gelly S. A large-
scale study on regularization and normalization in GANs. arXiv:
1807.04720, 2018.

XEE M, b E AR (b
5 EIREFE . TR TT 1A 9 e
AL, HLERT S, ARG,
O S ¥, ki S vt A
JBEEH . BE-mail: liujwQcup.edu.cn
(LIU Jian-Wei Ph.D., associate

b professor in the Department of
Automation, College of Information Science and Engin-
eering, China University of Petroleum (Beijing). His
research interest covers intelligent information pro-
cessing, machine learning, analysis, prediction, con-
trolling of complicated nonlinear system, and analysis
of the algorithm and the designing. Corresponding au-
thor of this paper.)

AR PEAWRE (L) FR

B 5 TR B LR F A, 32 2EA

FIT 1A AHLE 2.

E-mail: xhj19941116@163.com

(XIE Hao-Jie Master student in

x the Department of Automation,
College of Information Science and

Engineering, China University of Petroleum (Beijing).

His main research interest is machine learning.)

DR WL, P EAMRY (dEw)
PR EEBEFTT R R REIE | AR
ARG T, TN 4 )
E-mail: luoxl@cup.edu.cn

- (LUO Xiong-Lin Ph.D., professor
( ) in the Department of Automation,

A College of Information Science and
Engineering, China University of Petroleum (Beijing).
His research interest covers intelligent control, and
analysis, prediction, controlling of complicated nonlin-
ear system.)


https://doi.org/10.1162/tacl_a_00077
https://doi.org/10.1162/tacl_a_00077
https://doi.org/10.1162/tacl_a_00077
https://doi.org/10.1162/tacl_a_00077

