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Abstract  In tasks of unsupervised learning, the generative model is one of the most critical
techniques. The generative model consists of probability density estimation and sampling, which
can learn data distribution by looking at existing samples and generate new samples that obey the
same distribution as the original samples. For complex distributions in a high dimensional space,
density estimation and sample generation are often hard to realize. Since high-dimensional random
vectors are generally difficult to model directly, it is necessary to simplify the model with some
condition independence hypothesis. Even given a complex distribution that has been modeled,
there is a lack of effective sampling methods. With the rapid development of deep neural network

technology, the generative model has made great progress. In the past few years, there has been
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a drastic growth of research in Generative Adversarial Network (GAN) which can model an
unknown distribution in an indirect way and can avoid statistical and computational challenges.
At the same time, generative adversarial networks are the latest and most successful technology
among generative models. Especially in terms of image generation, compared with other generation
models, generative adversarial networks can not only avoid complicated calculations, but also
generate better quality images. Therefore, this paper will make a summary and analysis of generative
adversarial networks and its applications in image generation. Firstly, from the theoretical
aspect, the basic idea and working mechanism of generative adversarial networks are explained in
detail; How to design the loss function of generative adversarial networks based on F-divergence
or integral probability metric is introduced, and its advantages and disadvantages are summarized;
From the two aspects of convolutional neural network structure and auto-encoder neural network
structure, the model structure commonly used in generating adversarial networks is summarized;
At the same time, the problems and corresponding solutions in the process of training generative
adversarial networks are analyzed from both theoretical and practical perspectives; Secondly,
based on the direct method and the integration method as the classification criteria, current methods
of generating images based on generating adversarial networks are summarized, and the basic
ideas of these methods are explained in details. Then, from the three aspects of image generation
based on mutual information, image generation based on attention mechanism, and image generation
based on a single image, the method of directly generating images based on random noise vectors is
summarized. The current methods of generating images based on image translation are explained
in details from the aspects of supervised and unsupervised methods. Later, from a qualitative and
quantitative point of view, the existing methods used to evaluate the quality and diversity of
generated images based on generative adversarial networks are analyzed, and contrasted. Finally,
the application of generative adversarial networks in the field of small samples, data category
imbalance, target detection and tracking, image attribute editing, and medical images processing
is introduced in details. And some problems in theory and practice of generative adversarial networks
and image generation are analyzed; The development trend of generative adversarial networks and
the development trend of image generation are summarized and prospected.
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Improved GAN 6. 86

KR YF, Inception Score Jg I e i 4 A= B
TYAS PR AR PR R AL (9 J7 95 > R AR 5 A2 B
Vel 40 SR AT Do B R AR AL A 2R Y B R B

Z AR B A T T [ — 2 ) o A AT ) o s £ o
I 2 AT 2200,

(2) Fréchet Inception Distance

Fréchet Inception Distance™™ (FID) fit) 3 7 B
HZ ] Inception W 4% /Y 45 BUREAE J2 4 S — A R AE
BRI @ I H AL o8 BORE FLS KRG 20 A P, A A iR
P o3 A PR WA 22 7t T BE HILAS B X RE A0 T
BT 2 TE R A B (8 e, g P17 22505 S0,

FE T S fE B AR B EME T fE RT LA 3 2R (55) |
P 850 75 Z 18] 1Y) Fréchet I B & 114
FID(X.G) = [l po —p |15+
Tr(2+2—2(22)7) (55)
FID J & 7 =X AR A S — 20y . % 0F
YrAE R/ o 27 A ARG P 4% 2 3 L S R A
A PR R BB A, FID R0 A= B R % 0 B 22 TR A
AR5 9 B0 DG 5 12 B i O S P 5 T L 0 M S
AN AR R T L AT LS I 2K P AR =R TR Y ()
B UNZE S5 TR, 35T ImageNET #4542 fil CIFAR-10
B O — e B A BE R AR FID R PR e iE 17
THL R Gl Ay Hr AL, W LA & B BigGAN-DEEP
LT A A= 1l PG 1 T D 22 R 7 T # 2 e 4 1.

&5 EEIERFID TEGEREYHIRER

BIEIE S Y FID
WGAN-GP 29. 30
WGAN-GP+TTUR 24. 80
RSGAN-GP 25. 60

CIFAR-10
SN-GANS 21.70
DIST-GAN 17.61
Auto-GAN 12.42
Projection Discriminator 27.62
; NET SAGAN 18. 65
E%g;us S3 GAN 7.70
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BigGAN-DEEP 7.40

(3) Mode Score
Mode Score™™ 1] DL F Jif & Inception score ]
— e A e O B
MS (P.) = eFe—p, KLGu 10 2y =KLy (o) | Py 0]

(56)
E$pmwaﬁmﬂxMR%Eiﬁ%ﬁﬁ$ﬁ

AW G bR %53 A s 5 IS AR B /& Mode Score AJ
PLE I KLy () ([ par Cy ™)) I 6 FLS2 50408 43 A P,
A BB oA P, 2Z (B AR R L. i A
BT IS —M iR bs . NI K22 T IS A
BB — S A7 B HE Sl A A T AR S SO I Hh K B 1%



364 it "

Hl

Y,
&

i 2021 4F

PEA 8 b o A3 5 BOZPE Al % J5 15 W T8 A R =X
7 15t 1 ) R

(4) 1~ J5 3 418 BURE A 465 560

TERUREAS K 56w, 1- S5 30 208 40 24 25 4 ik 1 25 0%
FPI A 4340 S 15 58 A AR ] 5 25 78 P AEAC AR L 43 0l 2
PR AR S, ~ Py FIAE B FEAS B2 S, ~ Py
I BB HEALE S, 2RI N IEREA A AL S, &
TR E R AR AR BEF IE R AR AR T LAY 2R — A
1- 5t 884y 26 4% . ELAT AT 1- e i 4B 40 25 2% Y
B 1LOO) MEmf . HER R & — D git & YA
(18 50 A 0 R ) B A I L T A i 4 1 0 A —
B Z 1 R (E N O 0. 55 2 AR AR
RN WER S A Pl W5 SR o A Pt B
1 HERR R P E N %N T 0. 55 RZ W% KT 0. 5.

PN 7 A S b AR — W T O
AR AR DA A B M AR B A 4 S, R
— ANREAS I HL AT DUOKS B T 2R A — N REAR
B 30 S, i B — D REARTE S, P A — B
h 0 B AL AR BT LA LOO HERf 6 A N 05 J7 I F
SYEBO LR AEEN R HEZTER
B L-NN 328 RN 50 4 AN T AR IR 1 U1 25
I H RAHRADTEP LN E S

A2 15t T R0t ST, B S RGO A ol A5 Y
F2 B I SRS A B AR s T IS A A Y
B A DA A A i i s s 53 S, PR
@R S N R o I = S NI L o
BARE) LOO MR 2. 1M A BAE A i 0] T 2R 48 51 D
St A 2 e | T 3 A X — i S R A ) 28 1 Y 2R
BCREAS AL S TR I 25 3 308 R 1) LOO HERf . BT LA
1~ 5 3 & BURE A A 56 19 DAy 7 2CAE PR IE AT DAAR 47 b
S ) L 5 R [ 8 AT AR G s S A8 = T 1Y
5] R, I HAZ 5 1A AR i T AR
6.3 WEEHENG

(D R FR WAL T EEA R RS R T
A R AR R TEAT 2R 1 3 5 AT 288 B PEAR 7 ik
SR AEAT AR S 5T RIS T kA 5 S 3
PR H EE AT W — AR AR E A R
FE S B B A 1R SCH A RE TS

(2) AN [m) B PFAL 5 3 A T AN [6] i B A0, By LA
G A C WA 55 0 5 -5 4T 45 AH DT BC 4 PEA5 7 20 AH 24
L.

(3) HETA AL 77 R THEA R =0,
REZHIA 1) 7 kAR e B 5 N8 PRAG 1 A 56

PERIUEIT A B (9 15 8 2. (EOR AR D E AR
Jo L T 23 22 A0 0 T T M o 2] AR A AR O A
FHAE - FHARASOEAS DAl 38 75 55 52 T WA R 9 520
PR A PG A i . BT LS 22 DL R A Sk B
B AEA/INT B e R ad il 35 6 %) Bk YA PEAl 7
A — AR A AL

R 6 TMEIRENLILE
s

AL T R

TG kA I B 0o 0L A
5 15t A9 [R) R X
e sh L B 8O K fE

A LLAR B 3t 7% B 5T
M 2 AR 2 Y

Inception score
Mode Score

ESS JHF 1 ImageNET 22

P NIE €/
Fréchet Inception I3 7 . 1 b b Joi MBEANBUAY 2 4L 5
Distance (FID) %y il fuky ook W2 i 9 FIS fi
) . S H A2 5 S B 5

I Iy 0 5 5
5 X133 B
B TR BOR

1-J5e 30T 4 BURE A A B

7 BEBERBNEA

e T A ORI 0 2% 50 R B SO RE T H AT
] RUAE BT 201 WA A AR T L AE S B AR P A
BEE PSR AR B 1 o A TR AN o AR
B 22 (B 2R 3 B8 I B A T T R 4 1Y
P8 A B AT A R FH B AR 22 2 R A T i 40k

(1) /NFEAR (] 7

2 H AT AR A TR BE 2 > 1 R R BUAR KR
JE L AHORET R A Bt B AT D R L (HE R Z
PRI H ELUA FE R 1 KO R 58 BT 55 - 0 2 AR
TEAR 7 M 58 WA 55 » il 15 00 A0 3 4R AR 2 14 Kbl =l
e G W 2~ 19 A 7 6 oK 52 ). H A EL W
(475 1 R AR C A B 80 b T L AR A2 e 26 T 3 F
AR T5 1 K B O 22 1) Kt (FUR X R O 1 %
A SE P 3 B T AR T GAN B R AR T
TR RS — [ R — AR G 19 S . o i BT R
S 7 AT DL AR BT S R O A — B AR 24
AR IEARTE AT — Y7 T IR A R IR AR AR SRR
Sy A AR BE AT 55 1) K i S+ DT 5 ) 1 5 A5 TR 2 o)
ORI H .

(2) B 25 A - 1

BRI AS -5 45 1) 0 4R TP 45 A SR B A
ABCREA R KA 225, AT AT X X — ) e R
(975 35 & BEALRAE » 1205 35 M RICHIG 9 38t 24 oA fi o
X — )L BEALRAE S I3 Ry FORAE AN KA, EoRAE
J7 848 A B REAS i BEAT BB R A A 3 i 114



24 R0 445 A B BT 1 205 BCHL A [T 45 A8 Al HR Y B T 0 9 23 3 365

FEAS TR SRAE T3 45 22 N 2 B REAS v B AL 38 4% D
AR FEE IF A D B R A AE SR 1 U 2R B s
R HRE AR FORAEM T . ORI BB 4R
Wy SO B — S A I R R R R 2 —
At A 5 TR SRAE A B SR e AN R R T
Bt AR 2 B 7 SRR R — ARy T A T R R
Az LK) T3 15 R ik 1R 50 4R 28 S A - A D T DLk A
R ST AT TR D 1 B

(3) 7y B

T EMG A BURE % LUK 23 B R R i AL R
S i HE AT T AN {5 B 2 PR R B4R SRGAN
SR FH L 4% 2 k) s 1) 2B A AL T 2 5 BN 45 4
FaE 1187 45 T3 45 R AP s T AR 110 3 B 3R I R Y 40
PR eRE R T XML R AN IR A TR R F I MSE
PR AR 2R A AR 2K L O ELIZEE RS A] LA B
Jor e AR B 1 B4R

(4 H A A 0 R0 R 855 v 1 1

5% 4 TR A ST R 43 B 58 Sl vb i 1 L 7E
H AR AT 55 b 6 — i R vh /4 /0 B bs 847 4 D
28 23 18 B H AR X GO AR BE R RS o0, R Li
S5 SR AR A3 3 10 N ) AR B A 1 R G B R
FR R AAA S DT B2 3 400 4% %) R 10 300 P 5 A A 7 v
S EE R 3 BT S BB 3 < X 0 ER 4 AR A3 X BT
FR A HIAE T2 5 A 0 0 28 1 A7 X BN 25 158 15 2E A
PO £ AT A2 A IR 0 B 30 R RUBE 1 B b 5 177 J%
43 B AVE TR B P A A R ORUEE H bR X 4 AT 55 02 A
FH. Wang 88 N 5 38 20 6 0 09 2% 25 Bl iy 45 1
FHARIASTE 0 & R A ok Y11 254G 00 o 2%, AT 22 7 A
N 1) 2% 14 P RE

H T T AR O T I 2% Ak P AR A T D DR AR I
15 B 20T U AE. R, Orest 28 AP 32 4 Deblur-
GAN k52 9% iz 3l R 1) LR k. EGR BOR 2 1
WAL 55 A H B B Y — ) b s RO R AR
AR T s 3 T BUW BT, B AR R ER T AR AL
(132 2l 5 B BRI 5. 17 5L T DeblurGAN (1% 2 48
107 125 ) Ay Ak BRASOR ) it 4 T — AR 4 1 iR AR
[F) o 2 £ BORTE 190 4 58 R 19 A2 L BE ) . VGAN ¢
P 1 2 A AT T A B AT AT DL H bR B R AT
ST 21 iE 3 fE A

(5) MG 1 9 5

PG Ja 1 G % i 3 3 X e 99 245 2 ) — AN WL
WS AR A R 1 D RE L T LA H A5 AR
o P A B T 08 B R s 1 I RE . TeG AN 42 i
WAL AE PSS W i Ay EFE, b ECpAE
FH 2R — i PR AR e S i — A B ) i Z, 10 E B4R

Jerp ] — AR PR AR B 1y e g R A O
PR By, R A i Z s s, —
R A A B R S B T AUG AN ST 7E R
B D PG A 3 A 5 1 [ I 2 TG T A ) B B
ZANJE N A U AR R TR B K R R L A T
2t B 45 PR B e SR A A LAY R A O AR A Y
205 5 T 8 P TS A 2 75 oA S B T S Je A 1Y i A T 0K
L V] {5 Jos A 2 0 149 7 0 A PR AR i R AP S DA e — 28
I8 IR A R R 2 A AR G Y P T S

(6) PR 2 R U b 1 1

TE S “2 U 1h T3 BE AR O 2 0 AR HE i — 2
4 10 5 T A 0K e S ) 2 2 AT O — i A R i
P T5 8 AR L TR 0 2 o I I e 1 A5 i e R UK
Pt FE L E R E R HAT. T E RN
25 1) 25 WP 5 1 1) T B R DR AR A A R T T 80
BRZE » S B A (R HE BRI ok 4R 16 3 LR
G R Fof vy o A A SR TR b W DA feE T IR AR
A9 1) 7 0% S S MR P AR5 A 2 R L 0 2 T ) e R 9
B3 A ) R, I LA il ey o 1 PR AR AR I — 2t =
MR R T B A 2B AR G B
F R E T HE T AR A o i ) AT LA A i 6
TR FNGE A RAE Y UG 2 (8] 2 57— > W dp, 5 B
by R AR IR R

8 REMEZE

A RS BT A5 A g — Bl A A B, LB &2
BE T AR Z2 AT 55+ » 45 1) A8 R 2B T 1]
AP R A SCE e AR HLIL L H bR ek 4 A 1Y
L5 R 2R GAN A7 1 149 [a] A8LLL K W X6 55 s 45 £
JEXS GAN #4717 — DR i i, Hok, A G IR
FLEE M L 19 73 2605 X2 T GAN i[85 28
JH TR REAT T — A0 R AR5 MR A ) 2 X
AN [ Oxt T4 A AT T TR A M A3 I HLx & 4%
A B R AR T A 8. deJE AR SO H AR
X A B P B R AT T DA 9 75 3 T R A 3
o #r.

W A R, BT L T A X T R 2ok
M B AR R D7 3k AR AT 2014 4R 2 R B9 GAN,
AR A At 3 B A R AR LR LT I AR A A
o) st A 28 X 45 A (A K R RORY BETT L A A )
S R AR E M LA R G 5 A 5t

R AR X L6 SO I AR TR AR SR T — RS
R AR A 533 1) ST R R i VT A A i e v —
AT E IR [] L AR T I S A v o A S R 45 A e 4R



366 it <A

Hl

Y,
&

i 2021 4F

SUE RS 2 S WG 'S E e T W DO B
— ], AR T R i e A8 A H A ek R AR
2507 2 AF o 23 I — [R) R T B — ) A A i
R 0 ANV A Rt 26 318 B X 3 — 5] 30 A F 5
A TR — 2P 1 R

BT A BN T 190 265 oF Ak 1] B A R R B R RE
ARCHE JEE b 3 J2 (O T i 22 I 4% 56 K 19 480 5 RE 7.
JIt LA A= B 85 B 0 22 R 9 B IR L 5 o 22 1 44 o
WIS B BRI R R B TR E B B 1 PR
T HT DU 2R I8 10 1 M 22 0 465 1) 45 4 B TE A
16 A 2 I 24 45 g 0F A SRS TR P B 1 52 ). i R
X 52 Bk 1] BELHE AT P90 UG 9 52 B AT 5 A REAS 2 W 72
(9 2CR . DRI 0 B A 2 ) 245 SR AN — S i e
U AR AR 3 — ] R ik T it 22 O 5% 40 g 48 2R 4R A G ol
22 2% 2 AT R — AR G 1 A PR T B 1% i d
HE L= E il R A L SO R E R
MG AE GG PR RE R AR T 4R B — A i HE AL

BT b R 475 SR A AR 22 ) A ) 24 PR A
I FR) 6+ i o R 1 R A TR ) A R . AR
B A U5 18 B 3 ] i R R 6 A AT D i — A
HAT L IF HAT & GAN WSO i 80y o0 B 15 A7 e 2
S PR PR A B B S R S TR TR
AMBM AL Z FLHU X GAN A A i (54 5
MR A HANEBA — M — 1 GE M T
JIv A AR 1 75 3 D AE S P AR o S REAR R 52 B
SR R 14 I RUR B 5 — > BRGSO 5L 9F B H
AT AE 1R X A B AR 2 A VAl 14 T7 50 R A — %E 1Y
Jey B o i it I A RS AR T 3 M TR T
SORHEBAR 0 - U0 SO BT R AT V038 1038 » X A T g R
ANGE 2 4R T I BEOK L DR ] s ST A O 0 A
T GAN fift 4% A2 s g AL A e 2 T 3 2B 4L i1 4n
A0 X A TR A I A 1 s 06 AT PR A B
FHTE ] 3 28 ) AR AT 15 BF 58 35 0110k — 22 F 2.

B N TR RER AR I A, Z RS G =~ —4
W R e J A B ol At A e B SR A AR L BT
B ST A R S — S RO — R AT BT
7). i T A MR T A AR A B AT
LR 52 B o Rl A 25 1 500 i AR M 25 3R AR Y L T
A AR A B AR A S A5 3 I L R AT 2 A
GAN I B o7 o) 2 0 4 il 1] 5 A il e — 4>
A A BB 55 10

TE I 28 9 2% 22 4 4 IR T 2R K 2 AT ARR 1Y
AL IO JEE i 222 ) 265 i RO ) J38 R vy o (LS
2 BB AR A 5y B 0l MR WL R A A i
BRI Pl T A 28 190 255 i 2 AR e A LA 2 My

il 1R 1R 0 2 B R T X — B Rl X Lt [
I o A% JBE i 22 00 45 ) X P o o R 22 R — R
W Y BLGE. L. T M SR R 2% BT I A9 RE T
AT RLE i PR A B AR BN HURE A L i T X AR A
RN ik 19 245+ A W7 3t 412 iy % 2 o 420 190 0% ) 5 R L 8
FVEREA SR AR T B LUK B A2 T T 32 0 1)
BB — AR T ORI E N RS R T 1.

2 % x #

[1] Dayan P. Helmholtz machines and wake-sleep learning.

Handbook of Brain Theory and Neural Network. Cambridge,

USA: MIT Press, 2000

[2] Kingma, Diederik P, Max W. Auto-encoding variational

bayes. arXiv preprint arXiv:1312. 6114, 2013

Hinton G E. Deep belief networks. Scholarpedia, 2009, 4(5) .

5947

Salakhutdinov R, Mnih A, Hinton G. Restricted Boltzmann

machines for collaborative filtering//Proceedings of the 24th

International Conference on Machine Learning. New York,

USA, 2007. 791-798

Salakhutdinov R, Hinton G. Deep Boltzmann machines//
Proceedings of the 12th International Conference on Artificial
Intelligence and Statistics (AISTATS). Clearwater, USA,
2009: 448-455

[6] Oord, van den A, Kalchbrenner N, Kavukcuoglu K. Pixel

recurrent neural networks., arXiv preprint arXiv: 1601. 06759,

2016

[7] Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative

adversarial nets//Proceedings of the Advances in Neural

Information Processing Systems. Montrél, Canada, 2014

2672-2680

Goodfellow, Tan. NIPS 2016 tutorial: Generative adversarial

networks. arXiv preprint arXiv:1701. 00160, 2017

Creswell A, White T, Dumoulin V,

(8]

9] et al. Generative
adversarial networks: An overview. IEEE Signal Processing
Magazine, 2018, 35(1): 53-65

[10] Kurach K, et al. The GAN landscape: Losses, architectures,

regularization, and normalization. arXiv preprint arXiv:
1807. 04720, 2018

[11]

Lin Yi-Lun., Dai Xing-Yuan, Li Li, et al. The new frontier

of Al research: Generative adversarial networks. Acta
Automatica Sinica, 2018, 44(5): 775-792(in Chinese)

Mg e, BR IR, 22 0%, N LB M mpiansk : 4 Mk
XM . A SibzEdl, 2018, 44(5): 775-792)

[12] Zamorski M, Zdobylak A, Zie ba M, et al. Generative
adversarial networks: Recent developments//Proceedings of
the International Conference on Artificial Intelligence and
Soft Computing. Cham, USA, 2019.: 248-258

[13] TIsola P, ZhuJ Y, Zhou T, et al. Image-to-image translation

with conditional adversarial networks//Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition.

Hawaii, USA, 2017 1125-1134



24

R0 445 A B BT 1 205 BCHL A [T 45 A8 Al HR Y B T 0 9 23 3 367

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

Zhu ] Y. Park T, Isola P, et al. Unpaired image-to-image

translation using cycle-consistent adversarial networks//
Proceedings of the IEEE International

Computer Vision. Venice, Italy, 2017 2223-2232

Conference on

Kim T, Cha M, Kim H, et al. Learning to discover cross-
domain relations with generative adversarial networks//
Proceedings of the 34th International Conference on Machine
Learning. Sydney, Australia, 2017. 1857-1865

Nguyen T, Le T, Vu H, et al. Dual discriminator generative
adversarial nets//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
2670-2680

Odena A, Olah C, Shlens J. Conditional image synthesis
with auxiliary classifier GANs//Proceedings of the 34th
International Conference on Machine Learning. Sydney,
Australia, 2017 2642-2651

Ledig C, Theis L, Huszar F, et al. Photo-realistic single
image super-resolution using a generative adversarial network
//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu, USA, 2017 4681-4690
Donahue C,

et al. Semantically decomposing the latent

spaces of generative adversarial networks. arXiv preprint
arXiv:1705. 07904, 2017

Yin Wei-Dong, et al. Semi-latent GAN: Learning to generate
and modify facial images from attributes. arXiv preprint
arXiv: 1704. 02166, 2017

Tran L, Yin X, Liu X. Representation learning by rotating
your faces. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2018, 41(12): 3007-3021

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

He Z, Zuo W, Kan M, et al. AttGAN: Facial attribute
editing by only changing what you want. IEEE Transactions
on Image Processing, 2019, 28(11) . 5464-5478

Ehsani K, Mottaghi R, Farhadi A. SeGAN: Segmenting and
generating the invisible//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Salt Lake
City, USA, 2018: 6144-6153

LiJ, Liang X, Wei Y, et al. Perceptual generative adversarial
networks for small object detection//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu, USA, 2017 1222-1230

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

Tulyakov S, Liu M Y, Yang X, et al. MocoGAN: Decom-
posing motion and content for video generation//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Salt Lake City, USA, 2018 1526-1535

LiY, Liu S, Yang J. et al. Generative face completion//

Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition. Hawaii, USA, 2017 3911-3919

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

Ma L, Jia X, Sun Q, et al. Pose guided person image generation
//Proceedings of the Advances in Neural Information Processing
Systems. Long Beach, USA, 2017. 406-416

Mao X, Li Q, Xie H, et al.

adversarial networks//Proceedings of the IEEE International

Least squares generative

Conference on Computer Vision. Venice, Italy, 2017 2794-2802
Arjovsky M, Soumith C, Léon B. Wasserstein GAN. arXiv
preprint arXiv:1701. 07875, 2017

Gulrajani I, Ahmed F, Arjovsky M, et al. Improved training
of wasserstein GANs//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
5767-5777

Li Y, Swersky K, Zemel R. Generative moment matching
networks//Proceedings of the International Conference on
Machine Learning. Lille, France, 2015. 1718-1727

Li CL, Chang W C, Cheng Y, et al. MMD GAN: Towards
deeper understanding of moment matching network//Proceedings
of the Advances in Neural Information Processing Systems.
Long Beach, USA, 2017 2203-2213

Nowozin S, Cseke B, Tomioka R. F-GAN: Training generative
neural samplers using variational divergence minimization//
Proceedings of the Advances in Neural Information Processing
Systems. Barcelona, Spain, 2016 271-279

Sriperumbudur B K, et al. On integral probability metrics,
¢-divergences and binary classification. arXiv preprint arXiv:
0901. 2698, 2009

Xu Qian-Tong, et al. An empirical study on evaluation
metrics of generative adversarial networks. arXiv preprint
arXiv:1806. 07755, 2018

Radford A, Luke M, Soumith C. Unsupervised representation
learning with deep convolutional generative adversarial networks.
arXiv preprint arXiv:1511. 06434, 2015

Im D J, et al. Generating images with recurrent adversarial
net-works. arXiv preprint arXiv:1602. 05110, 2016
Makhzani A, et al. Adversarial autoencoders. arXiv preprint
arXiv:1511. 05644, 2015

Larsen A B L, et al. Autoencoding beyond pixels using a
learned similarity metric. arXiv preprint arXiv:1512. 09300,
2015

Donahue J, Philipp K, Trevor D. Adversarial feature learning.
arXiv preprint arXiv: 1605. 09782, 2016

Zhao Jun-Bo., Michael M., Yann Le-Cun. Energy-based

generative adversarial network. arXiv preprint arXiv:
1609. 03126, 2016
Kodali N, et al. How to train your DRAGAN. arXiv

preprint arXiv:1705-07215, 2017

Lin Z, Khetan A, Fanti G, et al. PacGAN: The power of
two samples in generative adversarial networks//Proceedings
of the Advances in Neural Information Processing Systems.
Montréal, Canada, 2018: 1498-1507

Choi Y, Choi M, Kim M, et al. StarGAN: Unified generative
adversarial networks for multi-domain image-to-image trans-
lation//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA,

2018, 8789-8797



368

it "

i 2021 4F

[47]

[48]

[49]

[50]

[51]

[55]

[59]

[60]

[61]

[62]

Mirza M, Simon Osindero. Conditional generative adversarial
nets. arXiv preprint arXiv:1411. 1784, 2014
Xian W, Sangkloy P, Agrawal V, et al. TextureGAN:
Controlling deep image synthesis with texture patches//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA, 2018 8456-8465
Song L., Lu Z, He R, et al. Geometry guided adversarial
facial expression synthesis//Proceedings of the 26th ACM
Korea,

International Conference on Multimedia. Seoul,

2018: 627-635

Zhu ] Y, Zhang R, Pathak D, et al. Toward multimodal
image-to-image translation//Proceedings of the Advances in
Neural Information Processing Systems. Long Beach, USA,
2017 465-476

Dekel T, et al. Smart, sparse contours to represent and edit
images. arXiv preprint arXiv;1712. 08232, 2017

Park T, Liu M Y, Wang T C, et al. Semantic image synthesis
with spatially-adaptive normalization//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Long
Beach, USA, 2019. 2337-2346

Yoo D, Kim N, Park S, et al. Pixel-level domain transfer//
Proceedings of the
Vision. Amsterdam, Netherlands: Springer, 2016: 517-532

European Conference on Computer

Metz L, et al. Unrolled generative adversarial networks.
arXiv preprint arXiv:1611. 02163, 2016

Salimans T. Goodfellow I. Zaremba W, et al. Improved
techniques for training GANs//Proceedings of the Advances
in Neural Information Processing Systems. Barcelona,
Spain, 2016.: 2234-2242

Chen X, Duan Y, Houthooft R, et al. InfoGAN; Interpretable
representation learning by information maximizing generative
adversarial nets//Proceedings of the Advances in Neural
Information Processing Systems. Barcelona, Spain, 2016:
2172-2180

Qi Guo-Jun. Loss-sensitive generative adversarial networks
on lipschitz densities. arXiv preprint arXiv: 1701. 06264,
2017

Taigman Y, Adam P, Lior W. Unsupervised cross-domain
image generation. arXiv preprint arXiv:1611. 02200, 2016
Liu M Y, Breuel T, Kautz J. Unsupervised image-to-image
translation networks//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
700-708

Zhang Han, et al. Self-attention generative adversarial
networks. arXiv preprint arXiv:1805. 08318, 2018

Zhang H, Xu T. Li H, et al. StackGAN: Text to photo-
realistic image synthesis with stacked generative adversarial
networks//Proceedings of the IEEE International Conference

on Computer Vision. Venice, Italy, 2017 5907-5915
Denton E L, Chintala S, Fergus R. Deep generative image
models using a laplacian pyramid of adversarial networks//

Proceedings of the Advances in Neural Information Processing

Systems. Montréal, Canada, 2015; 1486-1494

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[76]

Yi Z, Zhang H, Tan P, et al. DualGAN: Unsupervised dual
learning for image-to-image translation//Proceedings of the
IEEE International Conference on Computer Vision. Venice,
Ttaly, 2017 2849-2857

Gan Z, Chen L, Wang W, et al. Triangle generative
adversarial networks//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
5247-5256

Anoosheh A, Agustsson E, Timofte R, et al. ComboGAN:
Unrestrained scalability for image domain translation//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition Workshops. Salt Lake City, USA,
2018: 783-790

Royer A,

et al. XGAN: Unsupervised image-to-image

translation for many-to-many mappings.

arXiv: 1711. 05139, 2017

arXiv preprint

Wang X, Gupta A. Generative image modeling using style
and structure adversarial networks//Proceedings of the European
Conference on Computer Vision. Cham, Netherlands: Springer,
2016 318-335

Yang Jian-Wei, et al. LR-GAN; Layered recursive generative
adversarial net-works for image generation.

arXiv: 1703. 01560, 2017

arXiv preprint
Huang X, Li Y. Poursaced O, et al. Stacked generative
adversarial networks//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Hawaii, USA,
2017 5077-5086

Reed S, et al. Generative adversarial text to image synthesis.
arXiv preprint arXiv:1605. 05396, 2016

Perarnau G, et al. Invertible conditional GANs for image
editing. arXiv preprint arXiv:1611. 06355, 2016

Shaham T R, Dekel T, Michaeli T. SinGAN: Learning a
generative model from a single natural image//Proceedings
of the IEEE International Conference on Computer Vision.
Seoul, Korea, 2019: 4570-4580

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

Wang Ting-Chun, Liu Ming-Yu, Zhu Jun-Yan, et al. High-
resolution image synthesis and semantic manipulation with
conditional GANs//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition Workshops. Salt
Lake City, USA, 2018. 8798-8807

Lee HY, Tseng H Y, Huang J B, et al. Diverse image-to-
image translation via disentangled representations//Proceedings
of the European Conference on Computer Vision (ECCV).
Munich, Germany, 2018 35-51

Bousmalis K, Silberman N, Dohan D, et al. Unsupervised
pixel-level domain adaptation with generative adversarial
networks//Proceedings of the IEEE Conference on Computer
vision and Pattern Recognition. Hawaii, USA, 2017 3722-
3731



24 R0 445 A B BT 1 205 BCHL A [T 45 A8 Al HR Y B T 0 9 23 3 369

[77] Wang Zheng-Wei, Qi She, Tomas E W. Generative adversarial
networks: A survey and taxonomy. arXiv preprint arXiv:
1906. 01529, 2019

[78] Barratt S, Rishi S. A note on the inception score. arXiv
preprint arXiv: 1801. 01973, 2018

[79] Lucic M, Kurach K, Michalski M, et al. Are GANs created
equal? A large-scale study//Proceedings of the Advances in
Neural Information Processing Systems. Montréal, Canada,
2018 700-709

[80] Heusel M, Ramsauer H, Unterthiner T, et al. GANs
trained by a two time-scale update rule converge to a local
Nash equilibrium//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
6626-6637

[81] Che Tong, et al. Mode regularized generative adversarial
networks. arXiv preprint arXiv:1612. 02136, 2016

[82] LiJ. Liang X, Wei Y, et al. Perceptual generative adversarial

CHEN Fo-Ji. M. S. His research

interests include image generation,

machine learning, pattern recognition,

visual measurement.

ZHU Feng, Ph.D., professor, Ph. D. supervisor. His
research interests include robot vision, visual measurement,
visual detection, infrared image simulation, and 3-D object

recognition,

Background

Deep learning-based methods have achieved excellent
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of image generation based on generative adversarial networks
for researchers who want to work on this field, it is necessary
to carry out an investigation into the basic theory, model
architecture, objective function, and some related tricks. In
this paper, how the generative adversarial networks work
and how to construct a model are introduced firstly. And
then methods about images generation are discussed in details;
At the same time, the fundamental theory and existing
problems of current methods are discussed. A summary and
analysis of methods which are used to do evaluation of genera-
ted images generated by generative adversarial networks is
done. Finally, in theory, the existing problems and challenges
are discussed; Meanwhile, some tricks that are employed to
improve the performance of generative adversarial networks in
practical applications are introduced and summarized. In practi-
cal application, doing images set augmentation which based
on generative adversarial networks and guided by prior
knowledge is a promising research direction. Meantime, it is
hoped that images generation with generative adversarial

networks can be applied to a wider range of areas.





