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A review on deep adversarial visual generation

Tan Mingkui“ , Xu Shoukai, Zhang Shuhai, Chen Qi
School of Software Engineering, South China University of Technology, Guangzhou 510000, China

Abstract; Deep visual generation has aimed to create synthetic photo-realistic visual contents (such as images and videos)
that could fool or please human perceptions according to some specific requirements. In fact, many human activities belong
to the field of visual generation, e. g. , advertisement making, house designing and film making. However, these tasks nor-
mally can only be done by experts with professional skills gained through long-term training and the help of professional soft-
ware such as Adobe Photoshop. Besides, it may also take a very long time to produce photo-realistic contents since the
process can be very tedious and cumbersome. Thus, how to make these processes automated is a very important yet non-
trivial problem. Nowadays, deep visual generation has become a significant research direction in computer vision and
machine learning, and has been applied in many tasks, such as automatic content generation, beautification, rendering and
data augmentation. Thanks to the current deep generative methods can be categorized into two groups: variational auto-en-
coder (VAE) based methods and generative adversarial networks ( GANs) based methods. Based on encoder-decoder
architecture, VAE methods first map input data into a latent distribution, and then minimize the distance between the latent
distribution and some prior distribution, e. g. , Gaussian distribution. A well-trained VAE model could be used in the tasks

of dimensionality reduction and image generation. However, an inevitable gap between the latent distribution and prior dis-

Y5 B #1:2021-04-07 ;18 [E] B #3:2021-07-16 ; FED 2= B #3:2021-07-23
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Supported by : National Natural Science Foundation of China (62072190)
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tribution would make the generated images/videos blurred. Unlike the VAE model, GAN has learned a mapping between
input and output distributions to synthesize sharper images/videos. A GAN model has contained two major modules. A gen-
erator has aimed to generate the fake data and a discriminator has distinguished whether a sample is fake or not. To produce
plausible fake data, the generator has been matched the distribution of real data and synthesized fake data that would fulfill
the requirements of reality and diversity. The optimization problem of learning the generator and discriminator has been for-
mulated into a two-player minimax game. During the training, the two modules have been optimized alternately using sto-
chastic gradient methods. At the end of the training, the generator and discriminator have been supposed to reach a Nash
Equilibria of the minimax game. Due to the development of GAN model, more deep visual generation applications and tasks
have occurred based on GAN model. The six typical tasks for deep visual generation have been presented as follows: 1)
Image generation from noises: it is the earliest task of deep visual generation in which GAN model seeks to generate an
image (e. g. , face image) from random noises. 2) Image generation from images: it tries to transform a given image into a
new one (e. g , from black-and-white image to color image). This task can be applied to applications like style transfer
and image reconstruction. 3) Image generation from texts: it is a very natural task just like that humans describe the con-
tent of a painting and then the painters draw the corresponding images based on the texts. 4) Video generation from images
it aims to turn a static image into a dynamic video, which can be used in time-lapse photography, making animated videos
from pictures, etc. 5) Video generation from videos: it is mainly used for video style transfer, video super-resolution and
so on. 6) Video generation from texts; it is more difficult than image generation from texts since it needs the generated vid-
eos focusing on both semantical alignments with text and consistency among video frames. The challenges in deep visual
generation have been analyzed and discussed. First, rather than 2D data, we should try to generate high-quality 3D data,
which contains more information and details. Second, we could pay more attention to video generation instead of only image
generation. Third, we could conduct some researches on controllable deep visual generation methods, which are more prac-
tical in real-world applications. Finally, we could try to expand the style transfer methods from two domains to multiple
domains. In this review, we have summarized very recent works on deep adversarial visual generation through a systematic
investigation. The review has mainly included an introduction of deep visual generation background, typical generation mod-
els, an overview of mainstream deep visual generation tasks and related algorithms. The deep adversarial visual generation
research has been conducted further.

Key words: deep learning; visual generation; generative adversarial networks ( GANs) ; image generation; video genera-

tion; 3D-depth image generation; style transfer; controllable generation

Vol.26,No. 12,Dec. 2021

0 3

[l

TREE L E A RSB U A — A 2
FEIT ) AL 55 S MR 5 B A (BEALIE S SO
VMR RIS ) A 15 20 A A DL E A 141 4R i
WA, AT LS BN P AR AW 04 A A S Al T e AT
IEFEERAE . DUE AR BT 55 18 SE PR A I RO ANBA AR,
IRZ G5 (A AR 2 B PP R JE b i A nl, A
ARFHEATLM R TAEE RS, XRS5
H, FAR A i B 4 5 il 1 b JEL A 37 5
ROR A G R 2 A\ s 2 B R, TR
P A L AR LR AT A B R A Y g
BRI R, LR R PN T 55 3l E T A
HATRIEPE AR REAINE . TR ILSEAE AR AELSE

Wit BG/BE  EARBER B R A ERZE
SR BARESEAE Z B A (Von-
drick 45,2018 i B 1542 (Wan 55,2020) \ A
PRZEZESALTT ( Wandt Fl Rosenhahn ,2019) | Zh{& 4
H: 1% (Chen %5 ,2020e) | i 135 71 ( Dong 5% ,2020) |
HEAUBL 52 (Weng 4%, 2019) ()7 & A2 W ( Zhu 5%,
2017) %, MeAh, VR EE LG AR B R 7E B2 9T RS 4
ramsl b G 2 CEZWEN, 7T DU T BT EHE
M)A i ( Frid-Adar 5%, 2018 ) . 43 % ( Zhang 5,
2018) \Hif4 ( Chen 55,2018 ) Kl ( Baumgartner 5%,
2018) \ %M (Wang 55,2018a) | HL#fE (Fan 55 ,2018)
17825 (Ren 55,2018 ) 55, H 1 V& B L5828 BB
ARE PR MR 55 T Bk, IR BOSER 2, M
WEGE AR B R, TR B Lo AR i 480 248 & e E AR
SRR 2= 2 AT D5 1) 22— o %k B SR 5k



$26%F /55128 /2021 F12 B

BERE, T8, KBS, K/ RENRREERSER

HER A4 X 2019—2020 47 AH 5 Sk i # it
5000 f .

ARSI R B FE R T A B 28 B T AR 5
B AR SEAT RE IR R B4, N T PR 4 ) TR
FE e AR S AR H 4w 1S £8 ( variational auto-
encoder, VAE ) 5 4= i XF 410 W 4% ( generative adver-
sarial networks, GANs) & XF % B Xt 40 58 4E 1
() ML AT 55 HEATRE S 5 B4, A4 DA A B A
B ONEMRAE LR I SCA A= B R DA B 5 A
DN 71 S NN O N S U I
ST G T H AR R PR A B Y G B )
KA, I L5 | H T8 B X0 50 0o A il i oK ok &
SRR

1 REMREERBER

TR BE LB A5 B B 2 A S TT R LS 1 4K
Hir , HOCHEAE T4 1 2 A A B 80 ) A A A 4
FEAR Sy [ G i 28 A A BT M 4%
1.1 THBEHBER

B0 H 4482 Kingma Fl1 Welling (2014 ) F£F
il as (encoder) RIS 28 ( decoder ) 4544 $i Hi By —
il MR A6 A A RY A&l 1 TR, FE e A
WAL R, VAE Sefl A sh a5 255 54 B i 5
HCIEE B (latent variable ) , H- B 1% 28 B 45 A IEZS
A3, B A S AR e IR 22 . SR )5 MIEZS
G PR FEIE i S a2 G, e B At
T VAE i HI 28 SUIR AT Ry 550G 40 2% pRESC, (75 4
PR 5 R h B I AT B AH AT DL PRAIE B A A A
Tt 5 8 KL( Kullback-Leibler ) i {515 4 ) 25 14
A S AT BB 4 I 45 28 A3 A (RIEZS 404 ) o VAE
32 I T B B A R0 B A R ( Zha 45, 20204
Zhu %5 ,2020b) 45 J5 1, A YRt o S .
SR, VAE 38 5 P R 4508 40 BI04 PR 4 2 1) Pl ik

ESJiE
T AERFAE L) B

i ) i
K1 VAE s8R B A
Fig.1  Overview of VAE

G3A b A R DR 2 S8 VAE A2 iU R
AN TE I, BRI
L2 AR

AHECAS 53 H B 25 100 55, A2 BORHE 9 25 ( Good -
fellow 55,2014 ) fiff FH it 25 9] 2 2 2] g A Rt 43 A
A i) A s 30, 22 S A BT M= NNl o R = Y S SR
W, BT o GAN B AR A Y AS ST figp ke —
A3 VE R [A] 85 ( distribution matching problem) , #&
RO A Bdls 2R 475 >, AR5 DL IS © A $odls o A
(I3 A8 ARME BRI ) A RE Ty, 2R T A AT &
FIbR oA B R BT, AnT&l 2 Btz , GAN A6 7
H AR ((generator ) F1H) 5| #% ( discriminator ) #4 1%,
Az s PR AR 1D i s (fake data) | 3450 % Ok
DX Pl 3 K AN L SR (real data) o S 234
AW LRE T RAIRE T, GAN A XTI ZE Iy
SAEEATR AL . B4 00 A Ut 7T LA 5 540 531 g O
Ak, 171 B iR ) 0 D R AR A A g Ak, — A 1A
T2 A s B8 A U R R A Bl | B R 5 LS
(reality) 5 ZFEVE (diversity ) BB . Hod, B0
T A2 A BRI R A BN 2 A TE o LA
ZREPERE A U BE 7 5 I B AN 58 42— 3 |/
REAE A= OB B , 75 DU AH ] 6% 504k XHAT: 55 B0 AT AT
il

BB ?Q
raml, A L

,(2) HSEH HIREED — I

ARG

ThiEEIRG(R)

K2 GAN JFHUR A
Fig.2  Overview of GAN

T4 A UK BT 0 4 MR A1 s AR 7S 2 A i R
fia o AR RS T DL Al 2 UGS A A = ] |
) — D p, (z), A 1A T & f— > e 5 bR 2
A B I, DAAERAE 2 8] Bl BIL R A I 75 20 08 A A
B A i, AR S BE R A s DT 2 2 ] e 55 3]
e AE S (], 78 o 2 2 () B X6 I et 2 W A 5 T
A RIS, SRS 1 B8 0 Az o B 4%
J5hf GAN fEAE—SE e . A MR IE M A IR, £
FEPEA I 5 2B = A 35 (mode collapse ) , ME L fif

2753



2754

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.26,No. 12,Dec. 2021

Fa23 18] (latent space ) FRAE S 204 ] 225
2 HEXNRARERESZSRIHE

Jil GAN A= iy A R Z2 b, 1 HLAX G A
M A IR, 7R A R R BR 1, % bk
[R]85, Gui 558 A (2020 ) X A= BXF B 09 45 42 H T ele itk
FE, GAN EJEDIFWME 3 FiR, X TA/E—J
AN TR] £ B et A RO A | 48 v A5 A B 1Y)

i, fff GAN REAEA: BUELSE AR FIAT #2005
— 77 T $ IS T 2 A R Y AR RO N 4 il
GAN BEfESE B 2 (e A AT 55, 7 R I3t A4 i
R AR . AHEE T VAE, GAN FO FH 38 R 1% | 10
TEFRIE T, AR SCE BN GAN ML T 4504

Zoat ZAE R I B E SRS
E 4 Jros ST 55 G045 AR5 Az il 15 AR
Az MG NSO A 1 PR B DN SR IR AT AR
WA B ARATURT DA SCAR A AR

Few-shot
video2video

,

DCGAN

{ cYCleGAN et PGGAN et bigGAN fmmmef styleGAN2 o

original

BEGAN

hinge loss

GAN

K

based GAN

improved
GAN

WGAN

WGAN-GP }

SinGAN

|GAN-CLS )_| stackGAN |_( AttnGAN |_| mirrorGAN |_| ManiGAN =

2017

starGAN starGAN-v2 |->
2018 2019 2020

K3 GAN K
Fig.3 A road map of GANs

2014 2015 2016
7 [ 1%
g — K%
2D—3D
This bird is red

YA and brown in

color, with a

stubby beak

[EHE— A

TS5

St W Kite surfing
) on the sea

Kl 4 XTISEE BT 55 0 26

Fig.4 Task classifications for adversarial visual generation

2.1 MREERE®
N A B PR AG SE TR B X A v A e L B

AAE55, Al LA F s 35 | sl im A al A A A AR
& Huarc A 1R £ & M 5 ¥ (Brock 45,2019, Gao



$26%F /55128 /2021 F12 B

BERE, T8, KBS, K/ RENRREERSER

%,2020; Deng %5, 2020 ; Kaneko #1 Harada, 2020;
Karras %§,2020)

1 T A SR B9 A2 R BT 2% ( Vanilla GAN)
(Goodfellow 45,2014 ) ¥t LLIl 5k, H A& & 74 2%, DC-
GAN(deep convolutional GAN) ( Radford 45,2016 ) ¥
GBRMEL S CGAN MHEE G BT T — A5 1 ™
ZRIAHY i GAN 1EZ 81 40 T BERS 2 I k. (HZ,
YOI SE 2 GAN VIR AT g X — ME,
EEXT I [A) #81, WGAN ( Wasserstein GAN) ( Arjovsky
45,2017 ffi il Wasserstein I 25 i &5 A2 UG 5 B
SRR o3 AT R B 2 B BE 8 TR B M A i A=
AR BT, WOAN AU R T GAN Yl Zhid 72
ARG T, A AN 152 IR 37 A i tie 0 1) i 1 V1 2
FRIE T H— s R A e 1 R A 433 )i, A i)
FURE R 2. AR WGAN RESEE GAN Yl
G E HIR 22 RS TE Y | S 804 1
HEAREERZ, TJ&, WGAN-GP (improved training
of WGAN) (Gulrajani %5 2017 ) 45 H — ik B2 7 571 3K
W&, s WGAN (Il Zr s ks e, HLAE % A= il vy o
HEIR, B, Karras 55 A (2018) $2 i PGGAN
(progressive GAN) , JH: St O AR 7 1F X s 184 on A=
L g R S31) 85 ) RIS, S B [ ) 24 e 4 ool 22 el 1)
ERASRY M A2 Al DT 27 ) B A0 A I RRAE . X
A7 BT LA 55 GAN A IR BE | SLRB IS (I 25
PEFERANRRE , AT 4R AR SR Y B, RN
I, FIFH ImageNet 3% 2852 2804 A5 1 23 k1115475
e XERE, eI AN ), I s 5 TR Big-
GAN( Brock %,2019 ) i i3 )i /b A= B8 B Ay 225K
F A5 R A O 5L B RN 2 R 2 (R 1 P-4, $2 TR
B GAN VIl ik B2 B AR RTS8 7, B 23k 3 2 v
PG AR B ) H Y o (LR 3XRE A 0 28473 SR AR wfe
Ab BT A B G A AT ISR AR B AU, A1t , Zhang
N (2019) 48 13 A F 3 2 7 A2 B BT 45 ( self-
attention GAN, SAGAN ) , I 1 & J1#LHl 5] A GAN,
AT DAAR G Hb & PG o (R AR OC 2R, AT B8 4 b Ak
PRAE B R A0 B R AT, P T RS BT i

WEAb, Ay BG4 1 A 8 PR A5CRE 2 AR AIE, Style-
GAN ( Karras 45,2019 ) #& i 3 F XUA& (19 4= B8 4%
(style-based generator) , 1 1373 MG 2B )2 5 A K2
il 2 B LSS AR, KR4 T T GAN By A2 Jie il 42
P, R B EE T T8 GAN #E 47 9058 A= B A9 AT i B
PEo T S T — Ak 5 i g 20 A 2R 2 & 3L

Linear
—'l ResBlock |«

[ ResBlock J

ResBlock |«

kIR

(a) LR L5

(b) ResBlockZ#x

K5 BigGAN 4= Rl M 454544 ( Brock 47 ,2019)
Fig.5 The architecture of BigGAN( Brock et al. , 2019)

( (a)network architecture; (b)ResBlock architecture )

StyleGAN 2 il Y 1145 H BLBESCRFFAE D52, X I,
StyleGAN2 ( Karras %5 ,2020) $ Hi L it g5 58 . vieask
A g T IE— Tk IR R R B SRR DR 3 5
PAREYNZRAER , IR UE Zrad R b AN 2328 R 48 A 4
S5k ZOT NIRRT T A R R B IR
2.2 NEBREMESL

TG A= b G 2 TR B X e it A Jl— A
By ), HAAT S5 A0 45 WA L% | G R A (5
SR S5 (Huang 45,2018 ; Choi 45,2020 ; Kim 4§,
2020a) ,

XTI IEREAT 55, 40 A2 0 5F A AR 2
W HEHR A, K T S s v AR XA 3 X6 5 I FEAS X
R PX — MERE | CycleGAN ( Zhu 45,2017 ) 38 3 3
RIS GAN BB S BLAE BOAT MO B 17 00 T 4 &1
BB B AR, 207 eI 2R Kk i
R AR R AE i A BT AN SR LR N
FRVCIC . SR, %076 0 N4 o TR R A i &2
P XA % . F X2 )8, MUNIT ( multimodal unsu-
pervised image-to-image translation ) ( Huang %5 ,2018)
P — RS UG 2 R SR HE 2R e 1R 5 s
[ P At ol N 2 ) 55 XU 2 [ 3l 2ot i A A [] XL
M Gt 55 N 2 G 5 20 5 8 A5 AT RHR L
DL A AN [ ) 22 450 2 A Y PR, DA SR P ] 4
WA TR N SRS St . REZBRBATH I71%
TEN R R T 2 i 1 PR H AR S di |, 7R AR
JE R BRI Tk 2 07 vk Al O R ki R] A

FUNIT ( few-shot unsupervised image-to-image transla-
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tion)) ( Liu %5 ,2019a) 4 Hi DR AT 5B A9 16115 21 P
TR T e XTI 25 N 2% 55— A 387 375 1Y) I 2% AH
G54, LASSEUM D BORE AR AR iU ) H Y
B2 RTINS I v AR it i) N TR I, ik 28
PRI R B B . O itk n]
Wang 55 A (2020¢ ) 2 4 P P ) O AR 28 0472
WiBk=2 ] | G 38— BUPE 29 0 (ceycle consistency
constraint ) RA HIARARICEHE A9 E 2, IE XA 25
P TR A AL, DA S B B A R IE AT 55

TEPMGAE T 55 v, R 2 A o it Jy g3 i o
VR S A ke A 15 U 2R UGS AR TR i 453X
R IZRAR W22 I B Ak i, LA — T
JENE E & 19 K 1%, SinGAN (learning a generative
model from a single natural image) ( Shaham %% ,2019)
FURSE 7ok SRR 42— Fh AR AR Y A sy AR
FH— 1 FAR A EUSR 2% 2 AN TR RUBE By UG e ] 1) G
£ Z R I B8 s 6 B, e
13308 B i H 2B R

ﬁ NS ESEA y\—}
| B
P \ :

N

I <

= : D\—l

B A |
B— 2]
Xy

K6 SinGAN Z JUBEXHHL°% 2 A5 ( Shaham 45,2019
Fig. 6 Multi-scale pipeline for SinGAN( Shaham et al. , 2019)

AR A B BT 4% (super-resolution GAN
SRGAN) (Ledig % 2017 ) J&—Fird 5 8L % 4 e
HOR SR Fh 5 kA BG40 19 4k 337 AT A A
A INAE R R i . it — 0 i v B0
PRI TR, Wang % A (2018d) XF SRGAN #F17 2
I ESRGAN (enhanced super-resolution GAN)
Jrik . ESRGAN 2% B B A7 #it 4 15 — 6 J= LAk 2 £
5, IR L AGHT I HAT B v 2 1) % 22 BRIt AR Al
i, RS P 930 37 T ) AR i F e 8 SR R 45 2K ( per-
ceptual loss) o 1% 7 L REME AL il T 38 5 H H AR 19 &
B, HHTRZ B G Iy B30T 1518 2l i
/I 73 B GG 73 B 3 P40 ) ) 3% B o
Tl X AEAE S BoA: Uy BSOS ek B4R

AR R R, f5 9 45 11 i PULSE ( self-supervised photo
upsampling via latent space exploration of generative
models ) 755 ( Menon 45,2020) f# F B W B2~ >
VA 1 i o3 R R A )R DR R ISR AR 73 R 1K
18, I Y i 24 v 37 R e T3 IR i 48 2% 2 [ R afy £
f 1 PRR LS BB T S R IR SRR |
2.3 M\XFEME®R

SCAS A il 45 e — R A A BIE S5, R
NGRS FHTE 50— 1 1 4 A 2 R AT i 1 AR
SCAREAm AR A S, BT, %07 E AL
25 TAE (Qiao % ,2019 ; Cha 25,2019 ; Li %% ,2020a;
Plumerault 45,2020 ; Mathew %% ,2020) ,

Mao &5 A (2017 ) $2 t — Bl BE 45 K — BE i ik
SUA EAEFHOR BB 1977 3% , 2T DCGAN (Radford
55,2016 ) [ ) 31) g %0 &0 15 Ain L S AR ARG 1% 7 SC
AR , ol 531l g 2 > B SO 5 45 B DE 4 0 7
KF IS ARE R T7 ¥ 7 Az I B SCAR DA R ST
AR BCAS JE 7] R e 24 S0 P SCAR A 1 S 1
1£55 o W SOARFRAE 3 i B AR XS 2145 55 53 B
KAEIMG, J i, StackGAN ( Zhang 45,2017 ) 2% JH]—
ol 20 3 1 AR SRR 5 i SO A i 1 15 1) B AR 52 IR
S RIS R G R EA T A IE T SIS 2 401
T AR S o B R, (EE: X 07 VR ™ FE A
WA A R 0 B, HL AR Y R 5 SO Y R
PERESS o O figk DR 6 (), Zha 25 N (2019) 2 1
DM-GAN ( dynamic memory GAN) , %11 T —A~8h 4
TR H ( dynamic memory module ) 345542 AL EIG
FR G A8 BAR] A 2 P RS AR G b DL T SCAH 348

AR A BT 4% B 40 22, AtinGAN ( attentional
GAN) (Xu 45,2018) 5| AT HLE , il S SCANH
TR PR S R] , BEOSTE MR A A ) 5~ DX I AE SRS 2
AR IR SR, H T SCA RSB ) 2R AU
BT A T BILR O AN BE R TR 4 SR i A — 2K
P, PRI, MirrorGAN ( Qiao %5 ,2019) SeAR ¥ SCA Az i
FUG , PR USRS SO, -5 iR SCA R 70
FE , DT B G M R SCAR 5 PR 1] B — B

Al G 1 5 4 s SO s T RR A —EUE:
NSCAS Az i P58 38 4775 Y [3] 8, ManiGAN ( text-
guided image manipulation GAN) ( Li % ,2020a) i &l
fifk iz 1) R, it SO BT AR /Y A7 5 4 G 1A
(affine combination module, ACM) , LLl& R 4FAE
5 SCARRHE I T 40 5 2 IE AR AY (defail cornection
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module, DCM ) 324 1EAVCED & 1, [l sf b4 1 - 2

o ManiGAN FERIZEAG AN 7 Ao,

— ACM

ACM ACM

LTIV

;.F,,

IENIEAR

7 ManiGAN FERIZERY (Li 45 ,2020a)
Fig.7 The architecture of ManiGAN(Li et al. , 2020a)

2.4 NEBREMM

PG A B ARATT Fi5  5 25 TR 728 B 3l 2
A, ELATT DARITE A N £5 52 | D RIS T A R A1 5y v 45
f£5% ., g m IR T F Z 058 TAE (Shen 4,
2019; Kim %%, 2020b; Otberdout %, 2020 ; Zhao 5%,
2020 ; Maximov 5%,2020)

PRIZ DT AERE AT B R 55 HA AR R PR,
rhiz SR Y R I I I TR 4 B 4R 5 1 sl
FERU, RfEIGXAN )8, Balakrishnan %5 A (2019) 42
B — R Xz s S Y X 28 S 1 el T —A>
AR AT 55 AN 2 1, SR S B 22
2h2p S A IR BB AL LLAE BUMERR IO 15 5. 2k
AL [ B IR E AT NE BRSSO K,
ALK &2 MNIST ( Mixed National Institute of Stand-
ards and Technology ) BT HECF M BETr 1],

A AR | — A o i) 72 G ] R IR
158, 2805 16 B 225 O 43t 1 31 8 b AR
AR B AR S5 A R B AL SUAE B
S o3 RME, EFATIX AN A R, Time-lapse J5
¥ (Nam 55,2019 ) i 28 fiff 1] 22 Wi & 10 25 10 9 2%
2] AN RO RRAR AL 5 I [R] 2Z 1] B A DG JF 5
NI B RAE Sy 4 o A2 i, AT s B 150 FH 225 43T
AR TR — B P SEUR AR S — A A
15 B SE AR, S5 B AE I B RO,

NG AR AR HE S T LA RGN &
J&. Dong 55 A (2019) £ ) —Fh i 45 57228 46 19 £F i
XFHT W 2% ( flow-navigated warping GAN, FW-GAN) ,

AR B TR — IR A IR — IR Ik G LA
— U6 AR 22 e o) i Bl AR, FW-
GAN 2 i — B i ik A 151 #% (flow-embedding dis-
criminator) , RV 3 £ 76 %6 51 25 5O A R 3 A
R R I 23 -3 [) ) {6l FH 8 12— SO 43 2k o
(‘parsing constraint loss) Y A 45 ¥4 24 o i — Fp iz =X
B RAITEAN R AN ) i ke T AR a1 . %
BEAY I R0 22 fife PR AN AA LS4 ] B0 ™ Ei i )
B, BRIKZ AN, Zhao 55 A (2020) £ H — 45 2 41
2 A N — B I RS Y Ty vk, fR T i AR fef
MBIy, HERHG F 5 %k B
X B T R BB LR R
2.5 MARSTAE BT

NI A LA 3 A 355 AT A XU e 46 i
FE I 0 38 R 55 TAE ( Wang %5 ,2018b, ¢ ; Chan 4,
2019; Xu %, 2019; Yang 4§, 2020; Maximov 5%,
2020) ,

R B A8 L5 A AT 55 5 A S AT 3L
PRAT 4 Ry BT LS SR R A 1B 2 ol A0 A AR X
PRUETT 5 W) — 2k, B X 18] 8, Wang 55 A
(2018b) 4 HH —Fp 3 T X470 2% > HE SR A A5 A A
1 Vid2 Vid (video-to-video synthesis ) , 5 fif 5 Wi 1 '
s BAE ML, XF pix2pixHD ( pixel to pixel high
definition) (Wang 4§ ,2018¢) #E47 2tk , F 1 A Al i
DUH R BT A, (R 3 SE R AR A A AL A7 7R
BRI = S AL A RE A R A5 )@, B % i 1a)
1, Few-shot Vid2Vid ( Wang 5 ,2019¢) #& i — Ffi 5k
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T/NFEAZE ST LA A IAE SR, ANl 8 B, fEAE
BN RRATE RS 8 P 7 AL B A R DX 8
DLAE A b ok 8 DL i 45 B . R A IR L Vid2 Vid
(R 7 3 T L SIS B[] P 1 B P — S0Pk (RO g
WER I By — Bk, g X — R R Mallya
N (2020) 5IA T —AHT Y Vid2Vid HEZL AT LAFE
Ve e A A ORI A 2 A R A I, %
AL R T A A B B S T LA A R AR
AR A B A AT RE

Few-shot Vid2Vid |
PO AR \ )/

\

| il ||
N oo

KA1 B IE% FEAN B

N\

7
y s

iy R AR
i

[%18  Few-shot Vid2Vid #ATA: BUHESE (Wang 55 ,2019¢)
Fig.8 The architecture of Few-shot Vid2Vid
(Wang et al. , 2019¢)

e Ah WA 52 TT LA T30 1 22 J A3 G 4 A0
WAL 5, B B9S2 A A © A B9 N 2 b
B 25 92T, Kim 95N (2019b ) 4 H — Bl iR
JEE 22 1) 2% ) PROER B S AL T vk | B T i A —T
M E A | B EWCRAR BT 4 19 (5 5, T AR R
DX, [l 3 a8 57— R U PR o 5t 5 — A I e
R, (it DR AF I 1] A — Bk, %07 L BB S AR A
SR | SE R A, K L BRI 5 [ 4 55
L RERS IS R AL OR

FERUATRAS SERS J7 [6], Chan 55 A (2019) 42 11—
AR ) P2 7% 2 E AR AL AL,
ST PG 25 1 A iy A0 2 A TR SR
W LB IATHIRIEAL , 5 BT — > R Gk > MR
WAL 3 H AR AW R RIS, T A il — B H
B N AR [ AE Sh AR B BT LA, A ANt X
LR A ST AL 55 b TSR AR M 57
YRR AR ke 22 1w A A2 ) R sh A, HLIZAT:
G AR LS Sk DA SR S AR D BRI . i,
Yang % A\ (2020) #2 H! Trans-MoMo #E &1 | j3% J&—Fh G
W B B9 A B 1 H 2 W 2% (\motion retargeting net-

work ) , TIFIFH 2 AESCHE AR EL AR TOAR T 1 0 25 45
e v 2 v H N 2 | TS Gt 2B SRS VERLART
2.6 MIXALERAIN

NS A AR 2 TR E R A B A ) B
Tyl Z—  HAT 55 5 I SCAR A iR 2R, A SCAR
A AR — A TR PR AR, 7 290 2 LR JLAN IR
BOR 1) B BOUAR GRS L —F;2) AT
A SR SCRY B3R 5 AR e Jag i X (an A4 ) o
803 AT (8] JE BT, BEXS BIREOR, 2T
J&T % 2 A W98 T AE (Gupta %5, 2018 ; Lin %5,
2018 ; Balaji 5% ,2019a,b; Chen %,2020a)

Mittal 55 A (2017 ) fiz 5 42 3 ) FH SCA AR Al
Wil VAE 5 TR LSS & R Q1 i iy
5, LU B, Sync-DRAW ( synchronized deep re-
current attentive writer) FJ DAAG %027 > MAT A B 25 {5
B B, Marwah 55 A\ (2017 ) $2 5 —Fh A glmT 25 K
JEETE UL 0 45 45514y | RE 8 4 ek A AT, 36
REHEAT o 25 IXURS B4t

AR Li 25N (2018 ) 38 it Y 25— A S AR U
25 N B v LT T S DA e S 3
TA T S 5 AR BOCTP R S AE B W I IT &
T TN TF R TEL A A B A E DL AC Y SCAS 3
RUITTE R (4 5 12 AR IO 88 . 24 IORE SR AE 1
) 2 e A\ SCASAR 2 B T R, A= 8 i 00 40 1 HL 22
FEfe, B, XL VAE Hl GAN A5 3k Al
B2 AR AR Bl 1T i R AN AR E LA B X LA
WSk, S, Lin 55 A (2019b ) 42 ) — > 5 A
X 27 ) J57 85 (eross-modal dual learning) , i 15
X AEy 2 2T BILAR ] g 22 ~J /) = R 22 1] F) L 1v) e
SBF, AT A2 S B LS BRI, I BE A 5 AH L A SCAS il
IRE R ) — Bk

Xy TR AR R SE AT, R R RE
I3 Z AR A AR S, A SRR B — 2
PERY BT HEHE BRI REAR G M gl T, Ay fif R G S ] S
Deng %5 A (2019) #& H — A~ N & W18 21 46 B GAN
(introspective recurrent convolutional GAN ) , % %% 7l
A s R T T B — TR AE R, B R T A
PAT Y I T 32 537 ] i) A1) 4] 5L A% & (mutual infor-
mation ) e B B TH SC—B0PE AR A i i 44t
B350 IO SCAR 22 8] 14 18 SR B AN W7 b i AT X LG, DA
A A B A A3 EL A S 4 A P98 B it Chen 55 A
(2020a) FEM T IR T —A> BRI b 5 A2 O
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K 28458 BoGAN ( bottom-up GAN) , {1 9 Fir 7%, %t
AR SCAS AU ) 55 AR SRy R DX 3 2 ) R AT 1

A woman is

ARl i

slicing cucumber
with knife

Bi-LSTM

SO TR A SRR A58 i ] ) 22 A 15 50 S5 R A1 ot
A — B, LARUERUAIZE BT

AR AR

HE A HE ARG
E%ﬂ‘fﬁ FLUAIETR ]

K9 BoGAN MZEAELE ( Chen 55 ,2020a)
Fig.9 The architecture of BoGAN( Chen et al. , 2020a)

3 REXNMMARERRFKES

TREE X B A i & e 24, ELAE 2 A4 5K
UV R IO 38 5 R SEBR AR, % 17 % B %
PUOLBE A AR SR T I 1 22 DR, RSk UL, TR B X
PULGE A I foe RSB AE A 1 ) AR B A TG v
5 E TR i B — 2, Bk, 12,
PUAE K Z2 T B X e o A= % 7 1 HUBB 2B Al 2D 1A
18,11 2D EIMGOME LA 58 45 S B 5 3D AL FLR 7
PRATAE AT 55 T sk [) 248 B A B 0 N AT /D g i R
ik, SR M i A B A A B = A5 8, MG SOARSE
FRUR VR XU BE A M L mT 425 ot A 8 P 45 00
I, A B R A B AT K, I S R — S ] BT
% s IeJm  UREE XTI SE AR S T WA B ST 55
A e 4t b S B A 38k 22 [ B T % , 2 3T A% 1Y
RORAR 2%,

TR EE XU B8 A R AR R ke Sl 2 X
Pk R e AR A R HRTAE BRI AN R
SRR FE LD A U LS TR R A i 2D
PRI FHYE
3.1 3EREEGER

SRR 3D 19,3 4ETREE RIS IC SERe % 5 m
TSIl e B St B S BEIERAZ 2D e A

TSN T 3k G i T 1 22 TR Y 552 B bz v 52 38 BR A
WA 3D AR ALas A7~ RSB i xRAT
BT A, 3 AETREE MG AR ) S B ) RIULE T
T AN 2D PR B SCAS S5 B0 80 rh A 2l IR AR BT
HEAT LSRR Y 3 e,

PUAf 5 I S B 3 TR P R A i — b
Dy, Himad © A W — A A ORI H AR LA
HTZ A EUR A LLEAT 3 @B, DVS (deep
view synthesis) (Liu 55,2021 ) £ XF 0 /A & B PG &
DC PO XE 2 | AE B4 5 a2 1 [ 0 4 1 1 s L
HUEAWMIAT B, T4 A A SRR
s BT A H R LA R

Wu ¢ A (2020a) 52 8L T ML 2D 15145 5 H
3 YEGRPE EUG T IS T ARGF A ZCR AU f ] — i 5
R P PRI A5 i G e 1 7 M B A SR 2B il v B i 1) 3 4
YRR R, %07 kR T X AR R, R 2 A
encoder-decoder [ £ K — Wi 41 7K FUR 23 it R IR JEE
JCREFL A A5 AR G IE gy R 3 dEik
LAY PIFu ( pixel-aligned implicit function) ( Saito
4§,2019,2020 ) Hh— W A1 10 3 3 P AREEA T o R
3 YEd A, NYAnTs ol LLARAS moR e 5, %O
P T v B S I R A0 22 SRS R BB BRI o)
PR EUGR L VR TR A B A 2R 5 B 55 43 B
R VR R BOE 22 40 1 5 B 52 B R R Ak D
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Normal GAN ( Wang % ,2020a ) 5238 T A28~ RGB-D
PG, B 3 4 AR, %07 5 G & (nor-
mal mapping ) 2 W 14 X T 2 2T HEZL ) X R0 IR 1
PEATAT RG2S MR -4 W B LA 4077 74 )5 4 ]
WEEEIR . fe R 454 AL RS BLIE B9 RGB-D i
B BTE TR 9 A 3 HEREAL

Mildenhall ¢ A (2020) # i —-> MLP ( multilayer
perceptron ) X 2% NeRF ( representing scenes as neural
radiance fields for view synthesis ) JF 2 20 272 > F &
3 it XA A I Al e 2 T 2 A
it R B RARBL S B8 RS AT U 5, DR 58 A
J5 T LA MAT: 25 A B8 T % 1 fﬁﬁﬁ%%%rﬂ% Chen
4 N(2020b) £ % 5 R Bl M BOR R A
7% H Jo1 31 0] 781, 35 4 HPGM (‘house plan generative
model ) J53% , i FH &1 45 R J) 00 % 2% ( graph con-
ditioned layout prediction network , GC-LPN) #4755 J&
Ay, Hl a1 T 5 A O PT N 4% (language con-
ditioned texture GAN, LCT-GAN) A= i{i 55 8] N RS B,
ISR H] 3 TR Y HOR A i 3 4 P R A BY ] ]
10 B,

The building contains
two  bedrooms, one
washroom, one balcony,
one living room. and one
kitchen. Bedroom2 is in
southeast with 10 centi-
ares. Bedroom2 floor is
White Wood Veneer and
wall is Blue Wall Cloth...
Livingroom! is next to
bedrooml. Bedrooml is
adjacent to balcony1.

K10 HPGM Jrik: 3 4 BRI A: iR K]
Fig. 10 An example of generated 3D house using HPGM

3.2 SREMIMEK

PRS2 o e sl A5t P EDOW B, &R 15 B
(1) = AR, 2 H A e 3 B B R R, A
A AT LA T SE B 55 A0 AT P PR 43 B %
GRS o AR T SOA i AR S U
YERE T NS AR U R TR S 2 Wi 2
FeAE BARZE L, R, SR i ) B AR Pk BRAR
Ko MEMG B SCAR Az AR 1) S S [n) A dnfar 3
W[ 4 BEAR B, LR RE A% s H LS

Az AN LFN S A 1 L A — T+ o0
PRHME B9 AE 55, 0 R TR X — X B, Wang 55 A
(2020Db) $2& H —Fh s BB 25 A2 AR Y G3 AN ( three-
stream generator-architecture ) , 5 75 4 1 5 4 40 57 44
Pary oA, I Ho o i 22 KOS ) SNULRTZ SR AE LA
SIS —BERLA | RIS —Fh TR B R
B T J8C, MRS T T A LA e

AR 43K (video super-resolution, VSR) ( Liao
85,2017 & 15 DA 53 B 38 21 57 W 40 AR <8 ot v 42 52
T8 LAY R 23 PRSP, VSR G ) 24 i A
B 28 55 AR S WAL AR R 22 18] 9 ' Ui S5 B0 N X 5%
PRI, AN T 1Y O T 23 2 3L
WA A: B 2% Tian %5 A (2020) 42 i TDAN
(temporally-deformable alignment network ) 7572 B UCFF
T 7AF A ( deformable convolution) 5] A VSR, fii Fi 7
AP M 2%, 3 I A 4 i AR 4 Tk 5
SR 5 FH E A 0 245 il 5 % 55 I ORI, 12 7
S DGR T UG 1 B A Jii 4
3.3 BEMAERBI AR AR

FEBLSE S, AR AR GRS B O B R 1k

Zxim QIR 5 Bl BT AR AR AR SR E A G
IVEO VEEAE AR O TP A B R AR 22 )5
BUR=S L IDIRFS B R VNP I B 491 S el i
AL B b e A i R PT A HY | BEE iA
BRI RO . SRR 1R BE AL o A R AR
AR 22 R BB AT BEAILAL v A B, Tork HT T
Xof A J T AR 0 A A S R R AT S5, PR
AP TR LS8 A o3 BAT PR .

StyleGAN REfS A L HL A MR BG4 14 Sk & #
TICCHET R ) BYE B A AR (E s = )
TR RN g R S5 XS H . A
fHRIZ () 181, StyleRig ( Tewari 45 ,2020a) $2 H 3 T
3DMM (3D morphable face model) Fl StyleGAN #J A
o Y 3DMM B0 AT N TS 4 ] i
Bevegm i, 2Bk UL A B 7 IR, T AT
Frit o

R 2 EURFEAGAE B Bl = % U A2 AL R 5 ()
MR SRS 575 ) BEAT M S BRE S,
I Li % A (2020b) 2 H MixNMatch ( mix-and-match
AP RS AT [R] IR 4
R 5 JEREE 7 gt BT TE 25 1), F RS A
it 3 A1 VT JC R 27 ) 8 7 TR G B 8 , 308 o 48 i) X

(temporal alignment)

image generation method ) 5%
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BB - 21 G AR L E B4, PIE (portrait image
embedding) ( Tewari 55 ,2020b) $2H T —Ff H A
BRI A StyleGAN WETEZS [B] 1Y J7 ¥, SRR B
PP R Sk RS A TR A RN 37 S IR ] UL b AT
B B 3 AR NS R A 2 ) 2 (E] WS B GAN Y
TEAS ] B 252 BT 0 NI 2 5002 1] 1 o S 9 B
LT IE BB ] 7 A i v o B AR R A

Men 25 A (2020) 4 Hi — F o8 9 ] 45 19 A 9 181
1§ AR Y (attribute-decomposed GAN) |, @& 11 Fy
N AR AT LA i EAT Bt A e 1 (AR 4
THZEES) I ARG, HZ.o B R A
18 T PR AR S 280 ST S ) i AV A 25 ) | i i e A
e A7 S22 AR N B M 22 8] 52 2 AR ELAE T S %8
AN E R RG], KR4 & T AN R A
JFitik . StyleFlow ( Abdal %5 ,2021) W58 T J@ P 41
SRR AN M ) e A T T, 7 B ] 42
ORI S A28 T L1 1) T A, 8 A ROV 4 s M i 4

ERUG TARGEECR
VAT i A P
REINZIE T Z
I T
YA N IBEGi

SRR IR

FEAi kA PEF-
| % : §
f ,
| ‘

ANt

HbRs

B 11 FETF attribute-decomposed F%) A 45 A= Al 7Y
(Men %§,2020)

Fig. 11  Controllable generative model based on
attribute-decomposed GAN( Men et al. , 2020)

3.4 THERISEIEH

JRHS S e A A ol ) — 4 B AR5 7 1]
(R IARTRE AN v R 2 b (BT R 2 I WP O )
Y e BB E B TR LSS AR BT 5T
VAR 22 UG RS 1) R, L REREAT — 2 18] A4 FL A
Fede, MESEBrp v, 2 Bl e s 2 Fh s v 2
S AR ZORZEAR T WL . eAh, ZHOGER A

AL PR AR T2, WAL 2 ) TR R 2= )
W2 ) RG22 T R IR

H AR £ 38 A= i ME FE, AEGAN ( auto-embed-
ding) ( Guo 55,2019 ) 1 H 3l g i & = > K& N 7E
AR R B, T AR S Bk i — 25 A i 43 B
SRIEMG TR I T o e 19X % 25 5 A 1 LA v g Mg o
AT EE

StarGAN ( Choi 25,2018 ) il 1 5 45 38 F1 5 915 46
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