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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
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model has made great progress. In the past few years, there has been 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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Frp Gy A2 B B0 H R R X o (0 BB e 6 5
HARIE Y, TGy BATAH S AR St 148531 25D, FID,,
T A N 1 G2 75 8 T AH LR 38

Dy |
Gy, it

f Y-X }: ﬁi
x v_ i
REY

GX—)Y y gii

B 10 fEFR R R L
X T Gy ATDy AL S RS 0 10 2% (145 5% R K 1 (33)
XHR:
Lean(Gxy, Dy) = Eypypiai, [10gDy ()]
+Ex~paarao) [108[1 — Dy (Gxy(x))]] (33)
1117 EH Gy 1D ZHL RSP0 78 0 286 PR 457 2K R BT AR 7R
W (34) 2
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(B e | ERE G

(s i ik z)

(a) ACGANDTI [ 2% 4t

E
— —)

((%mmo. ] [ %w=mo, )

(A B are )

| Aids G l

A

b 2)

EEErTn

_______________________________________________________________

(b) D2G ANy o] £ 45 #)

11 Bl X BT 2%

Lean(Gyx, Dx) = Ex~pgaea [109Dx (1)]
+Ey~pdam(y) [log(l - DX(GYX (}/)))] (34‘)

[FII, FEIZAAY 5 A0 2R i MU L iR
ZERSEILY, BARTRR — MRS X 3] 57— M
Y, B LE R Y SR I X R 15
X, MAXAXMZER 1 SWEERIRZE, RdkE
UIR: X = Gy (%) = Gyx(Gxy (%)) = X; iZEMIRE
FsEE X (35) KPR
Lcyc(nyr ny) = Ex~pdam(x) [l x — Gyx(Gxy (x)) ll1]

+Ey~pdam(y)[|| ¥ — Gxy(Gyx(3) ll1] (35)
B 2K R = i ok bR £ 4H A ke >k mT LLTR 2 Cycle-
GAN ik, n (36) :Ufis:
L(Gyy, Gy Dy Dy) = Lean(Gxy, Dy) +

LGAN (GYX: DX) + /‘chyc(ny' ny) (36)
£ (36) b, AR— NS, HARNALLRE
Loy AENZRITFE TR BN BT R 22 )

Hir it 37 =
Gyy, Gyx = arg min max L(Gyy, Gy, Dy, Dy) (37)

Gxy,Gyx Dy,Dx

Dual-GANBMBR ] 1 B B AR R A AT, HAR
RIZAH SR ] T A1 Cycle-GAN —HERIS5 ), {HEH H
PR EH R (38) s B/ ek ikl
FE N ZRI A2 b die /)y e it 2k R BE A E I R A0 i
TR P2V 2K v AT — 5 B AL
LTARGET(GX,Yv DY) =Eypuatacy) [(Dy(y) — 1?] +

Ex~pdata<x) [Dy (Gxy (x))z] (38)

Dual-GAN 7 Il 5 55 3 4 ) 25 Z 50 1 i A A
YA AR AR R MR, T ELE 22 F 31 DR A2 R i
AR B, A S ZERLT Unrolled GANISIF) I 255K
W, IX PRI LE— 8 AR BE bR DGR A = Tt 1)
7] 7

EARIE T 8 A5 SR 10 T B ) PR R e A Y

AU s i E ) S, (R AT Pix-to-pix 4%
A W G L 4B R i EBOE 2 A i B
JRUE IS SEURAIE B TR TS O 1 G N [ E
P AT AAE BT LR I MR, (R TR S PR i
TEFAREH T ARG, MEG A
JUFTEEHR I A, 12 R SOR AR IR 2 . TE5L
4 ) UG AS B0 1 B 2 A TR JRUAS (14 17 O
T, HEMBRLRKET & i)k
(2)  FETHBh R B H 4
ZJ7 e BT AE GAN LAY 54 1) B 2 ) A 48
HZ N Lii, I HAE B Ar R Eh 38 s B 2
PRI A2 v AR s A5 R o = R0 1 AR R R 2
FEME. 72 ACGANITIH, ] 11 (a) , %5 AMY
ACH AR N BB SR B T AR OB (1 20 A i 2 R
E T B S B oA, i ELIE 25 N B A 28 3 A
—ANTRI o S5 2 2 H SR 2R 40 A R bR 2 M
I3, [P(S|1X), P(C|X)] = D(X); MR K H
WRERECH AR — o e Rk L, 5—
R RIR R L, W (39) F1 (400 X FR:
Ls = E[logP(S = real | Xyeq))] +
E[logP(S = fake | Xrae)] (39)
Lc = E[logP(C = c|Xrea)] +
E[logP(= c | Xrake)] (40)
AR B8 HH B X e qr T X p e 73 90 2R 78 L SE B A
AR IR REA, 11 CRINFEAR B AIRREE s TE1%
B, D I HbR 2R KL + Le, T G B HARZ
BRMLe — Lgs BT IXFEMISENE, 12BN AT
DARE A R UG R, T R Re s A GAN 1)
W&o
D2GANISL, & 11 (b) , HkruE GAN ANE Y
&, D2GANWSLEE 42 ey R Ae) s AR L R e by, 1488
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v

domain
Ladv

1
1
1
1
1
1
1
1
| goprentEq(a2)&
!
1
1
1
1
1

Kl 12 ik

RS 8, XA SR 2 5 — AR
ARBEATIRAMICR S, Horh— NS St S
AR E A, T 5 — NS, A
TR ) A A [ I S S 0 2% . B BT R,
At D2GAN A= i vT LALE B 46 Hicdis o0 A5 FHAE A
HHE A 2 TRV KL USRI  KL B R e L
T A R0 ) e i =X I P 1) R AR ) b R
Hon (41 R
min max J(G,D1,D;) = a X Ex.p, ., [logD; (x)] +

Eypz)[—10gD1(G(2))] + Ex~pyqp,[=D2 (O] +

B X Ezwp(z)[logD,(G(2))] (41)

% H bR R EH D () F1D (G (2)) 37 %5 591 88 43 1) H
BN E SRR A R 4, S
o, BIVHUE G2 (0,1], @S HI H AP, 28—
ANEFRE GAN HIYIZR,  HH T PN S0 25 o H 40
FEIEM, D1 (G(2))F1D, (x) Al fE 22543 tlog Dy (x) Fl
logD,(G(2))IRK, FZ I RERZm % I It ErE, A
T SO IRIZAN ], 7] AR e, BRI - 55 AN H At
FEdE] KL S A KL SO R i szm . S5hx
#E GAN —Ff, A BT HTiI gkt D2GAN
om0

gr b, BT SRR T VR A R AR B
F2 T 3 38 o 9 29 45 7 1) T e B AR AR E 2 I
AR S TTVE RS . AR T I T mT LA A
JR MR, AR AR 25 (1 5 78 S o R AR R
W, R IR T7 ¥k AT AT 208 A = A 3t (1) 1)
.

(3)  BETRHE 7 25 1 B e 4

FETCH B S 2, BUABRZ XS Bont il 2k
BB, B DA 708 A T4 Hh ol i R A 20 B B0 ok
S AN TR UG e e, RRIE 7 B I B A AR
e E R [a] ol R B S B I 2000 7 2], ARG
¥ BRI & VA N AT R A ok AR il G R

B o 2 A7 [75]
SRR

P B EHA
DRITUSIE R 2 tH LT 73 B K7~ (Disentangled
representation) [ 77 v R Al 8 e e, T ] 11 o s
TN BRI B AT B s — A2 A A
KA, F AR e E R s A
Y b 7 M2 i I B N BB B P S R A
FRIE. @il 12 Frosizsi B i A K 5 AN A HH ]
BEIAFEEBX, v 258w S i g b 2%k 43 il
SRR R P 1 P9 A 28 = 2, 28 = ESRIR
HHiE2E = BS, 28 = ES; SRR ACHPi I FER 10 IR 4 45
i, ¥ (ES, ESF(ER, EQVEANEMARG,, G, 1%
N ABUE A AR B 53 o, v, BT e A R
EUL, FRH g d PR BN AR iEzS = ES, 28 = EF
MUBMERFEZE = ES, 28 = ES, SRIGRTH— R
PR PR R PR AIE s 15 21 1 AR AIE ) AR
A AR Gy, Gy HIHRIN , 25 s T Y A2 X, Y S 25
B 2 1 EEAGORIZ AR 2R o N ) B  — B
BIX=X', Y=Y'5 H TR 25— 804 E
BN ER RS — AN G B RR A G
ok, ZBAET AR T — AR X ER— B
W, N THATRAH, FHSR (42) K
£5¢(G,, Gy, ES, ES, ES, ER)
= Exy[ll Gx(Ey(v), EZ (W) —x Iy
+ Gy (E£(w), Eg(v)) — y 11](42)
Hru = G (Ey(v), EZ (W), v = G, (Ef(w), Ey (v))
A s A AT LA SEEAS [F) 35k L5 ) S P Ss 4, T
HE B LT — M B G PN 25 A5 AAE A e P AR Ak A
HRGI G, X —2nT Dol i (43) ks
L7 = By [Il G (ES(x), EZ(x)) — X Il +

16y (E5Q).E§)) =Y Il (43)
HTANFEE A E R N EE BN E R, A
DA Z AN AT XA/ FEIXFERRTIE T, BN
iSRG — E M SN ILE, RIER A
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NAT—B, IR PIE RS RN A SR TS,
I FLIR IRk P 25 % ) 5 D JE 51 A 93 AS 9 A AT
BB T2, X — B AREETE B RSt
(44) PRI R IR SCHL
L3y (E, E5, D°)
=EA%MgD%EH@)+%bﬂ1—D%EK@D]
+Ey[5 logD® (E5(y)) +31og(1 — DE(ES(N]  (44)
9T LEMR I GEREAT BENL SRR, 7T LA 7E H AR
BRI KL B 29 SRR LS e e 1
W8I — AN eI AT s 1L S Uy
(45) Rz
Lyt = E[Dg, ((Z) IN(O,D))]  (45)
9T S PRGN A B ] ) TS0 B, A
ST LE AR BRI N s B 345 2k clerent
TR SEIL o 40 S NFRE—A v i S5 98 23 A P BEALR AT
— AN B z A R R 1 B, 0 A5 F (46)
REERE.
7' = EZ(G(EX(x),2)), z' = Ej(Gy(Ey(¥),2)) (46)
ShRAE GAN —KE, ZBLEA A R
3 BGR E T SR (30 451 R T L dgmain s iy
DAZE TR )45 20 bR 5 Tl ) T i ok 38 LA 3R 452
Jou LyENIARIR XTI — XTI P ) 2455
RN A e VA S A R FOIR R (47) SR

L= min max[ASqarentLoqntent 4 precprec 4 pgeLse

G,E¢,E2 D,D¢
domain rdomain latent rlatent
+)\adv [’adv + 7\1 Ll + }‘KLLKL] (4'7)

HA RS, AkEhlE—Dn EEZ . BT
DA I 3 b 7 v R S L MG S R e e, R S R
Z ) (R3S AR R () Z2 700 RN, 1207 ¥ SIS T ) 280 R
ARG, RN T IZEds E RS, SRR
TR T BB d . R H ARk 2 iR
X AFNZRs MBI B Z A IR K K
I, T 7V UG e — AR I %
(4 ZIREUG Z 8 4
ZHITP IR IR, K2 AR R AE AN (AT i
BB . W RAREAE 2 AN [ AH B, g
TERF AN Z (B A SR — XU, SRR
SRR, 1T B ISR FIFERT . S T
PRIX — 7 B, Star-GANDMOM F — AN AE Bl a5 Rk S I,
Z B AH B A% 3. S5hnvE GAN ARIFIf2, Star-GAN
FH G H bR AR NN, N B
e AR IR IR RN e VAR R A A
AR 2 AN AL AT SR, D T T A= R
GATFERIER, 23T ACGANI, DAACL®, {Zfk

RS SR 30 1 By 284, RIRTIIA A E&
fd; Wt/ U, S SR AU A Wi A\ B8
AR 2 B IR, i B e R 25 AR
%%%ﬁ, D: x - {Dsrc(x)v Dcls(x)}; 7’3?1@?%93)3&
I EMBANE T B ENR, 2B AR I (48) =
BIZNSEIR AP
Lagy = Ey [logDsrc ()]
+]Exlc[log(1 — Dgye (G(x, c))] (48)
Hh G (x, o) Rn A A T N BB Fl H FRI8ibR
Frc BRI G . Ry 1R SN R B4 a1 1
B KB HFRE ¢, 2B H R B g in 1
—NMESRIRI JF B RN T BB
(R348 43R A SR L5 A R IR o A R L5 3%
PR B3 A E SO
Los = Ex,c’[_lOgDcls(Cllx)] (49)
Lis = Exe[~logDas(c|6(x,0))]  (50)
Ferb D ps (¢! |x) 27 %2 ) i A H R 3 25 R E 23R
Ao R BRIMELY» 2088 KR L BRI 2K
BRI R A s AR R d M LE g, A5 AE
(1 BG4 253 B Ardic. BT UIZREEA 2 B i
B, DRI LA FH G A — BE A0 2R Lo SR ORIIEAE
R G AN B N A LR — k.
Liec =Ey ol x = G(G(x,0),c) 1] (51)
T AR A A AR AN ) 1 H A BR AT DA S R
LIRS
Lp = —Lagv + AasLas (52)
Lo = Laay + AasLis + ArecLree  (53)
ForAt, Ao P A g 42 80 0 2457 S A B AL 433 2K B 2
PERESHG 2R N e PR b B AR B
HIRCR -

K 2 UG e R, m] DA R — X — [
B AR T Y AR BRI ZR RO A BRI s FH R
20t PR i 4 (AR Y, ] DR HAth 50k 1) e
RIS (2 A RE ST, AT AT DLAE B35 5 B s )
BB, RN H J %t EE LT

6 EREGREEMSHEMRETE

1E BT TE R, AR G o kAT A B
(R AT = 2 M MRV Al A B VRS P AN 7 T ik
17 EMERIPAE — REAG T G NTHG: E
BV /7754 Inception score. Fréhet Inception
Distance. Mode Score % 777%; & MVl 77 20K
FEIX— /N E et ie .
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BEERE

FORGAN 2B TURZML 12014
(5] ———
SRR R 2015
#| Lapcan ﬁ*ﬁﬁﬁﬁﬁwﬁﬁm.
DCGAN B EFHZ ML
l BEGAN ﬁﬁﬁ%ﬁE%ﬂ%m.
PROGAN R MK EH
" SAGAN BEyER N ERBE R
S £ HBERAEXEUL
| BIGGAN  ERHIMLE, FABatch

v

6.1 FEMITH

7 1 T B S S N IR R B SR AT R . — i)
M0V AW T S U A A g AR B BT &
AR ASRFIM EUR I EAR,  FF Hgh e i A LR
FE, BERIEST 0 a8 Rt — A& TR r.
FESCE A T AR WA 2R, A AN B
HERA—EU, FHUE A A — A8 AR
s PSR B AE VP Al — B AL X 40 1 0L S R
I, FEARHE FEHARE IS0 T AT DU TAR IR R, H2
TEEAEFERR ST, X E T fe 2 S EUR
. Wk 13 iR, MAr#E GAN 2L BIGGAN 15
R4k, LS BB A Rk, BIUERA
RS AL AR BEAN TR AR AN BT G s[RI, AR
S PR P 18 B EEBRRBR G, 22 FEE R BT
6.2 EEWE

(1) Inception score

Inception scorel™® (1S) & — P FI M2 43 A7 R xef
A R EUG BT VA B 51 o TR — AN TS 7R
ImageNet 254 F 2R Inception V3 4%, SR )5
PUAE R B x AR %N, IF B p(ylx): Wik
— @A R A B BT, TR REZE 4041 p(y|x)
R ARG, O AR 23 e i DU =y 1 BLAR BE R
BUER o BIFE—2 . e A ) BB R i A 27
P, Bla 3 Aip(y) = [ p(ylx = G(2))dzBii% A
IR B BT IXFER 2 E, 1S Tl (54) X
Kert 5

K13 R EB R A,

REME

DL SRR AT 2% B A5 A e
IS = exp(Ex-6» Px(p(y¥) Il p(¥)) (54)

FAPRER R E B, D it R AL
] KL #%; Lucic 25 N5 H Inception score X
AR I S 5% 73 A7 A PR 25 1) B B U R A UK
B BT AN A EBES N RPER— R E
AR I 1) BEAG sh o] AR 21 =i 1) 1S 48, PRI 7 v T
i 03 A AR = vt 14D 1) A 5 L 1S W] AR IR A=
B¢ B IR Jo B FH 22 A 2 TR B 5 BEOR K, T LA E
fliFRFRAE S BN FH e )2 R H

W 4 Frox, 3T ImageNET HE4F CIFAR-
10 FH4e, HE EPEL4E4R Inception Score X 24
R A B B UG B o B A 2 AR R AT T e BB
AILLR I BigGAN AR 2 4 i P g fee i AR, (H
Rl R R, VAR AR A E A VR S
ImageNET % 48 72 7 BRI R E ks
SRSRIE,  Inception Score & R fh7 B A A TR
AMARRFAE A RRFAE I 773 ANMRRHIEFE 2B BT ]
BN, PR BRI A U BUR B
R, BIEARATTJE T R — 280, AT ARy R ) 1
ISR ROZA Z .

(2) Fre&het Inception Distance

Fré&het Inception Distancel®I(FID) ) & A< 8 48 &
H Inception 2% (1) FRARFIE 2 A S —NMRFAE BR 2L
@, I H FRE B K 5 S8l 23 A B A AR BB
I3 A5 Py RN 22 T AL AR B . XA AT A
THE 2 T T AT A B e, g TS 72X, Mg o B
TIXEE R, A EE R FE ] Ladid (55) i
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PIAN S AT Z RN Fréehet PR B9 ORTH5
FID(X,G) = px — Hg "%+ Tr(¥x + Zg

1
—2(2xXg)?) (55)
FID 5875 sUH) AR AR W e — 2, 0¥

WrABARERR /N, A B G S R
A R R B . FID AR R G A 5 B ]
ARG AR %R 7 SIS T HT i
FEAS AR, 1 HL AT LIS I 2 N AR X 5t 1)
] @, 4N 5 A, 55T ImageNET ¥ 42 F1 CIFAR-
10 ¥ g, X — L UG A s AL AE FID T 1 e
ITTI R @B A be A, mTRAK I BigGAN-
DEEP A5 AU 7E AF s G (1) o 5 R0 22 1 7y T 8 o A
.
(3) Mode Score

Mode ScorelBUn] LA [l & Inception score f{]—4
HUERRAS,  Hop s SO R
MS(P,) = o Ex-pg KL(Pu (Y [X)IpM ) ~KL(pr3lIPM )]

(56)

Hpu (™) = [, o 1) dP 52 HSHE 73 A rp
AHIDGARE AR 5 1S ASF )52, Mode Score 1]
LB KL (py () | g (™)) 0 EL 5 50408 43 A7 B AT
A EE 3 AT Py Z T AR AR . | Tz A
TS B—MoPh4ads, PILHAEZE 1 IS 1 A 6t
B2, — LB PR A AT RS B B I 1

bR, B BB %7 T A 2
R D

(4)  1-BLE AR A KOS

FEXUREA KOS, 1-F50I0E A0 25 K Bl (8 1
WA AT R 52 A e B MREASE, A
USRS, ~ PRI W B R AR S ~ P,
I FLASREASES, A MR IERE A, TTREASES, 4
BRI N SR A . T IEUREAE, AT
A LREARSN KIS, I ELATLIEFE 1 RmAn A
IR L(LOOYER o ILHERN A NGEi it 2ht
RBHCR S 05 KI5, I LA SR 42 10 40 A 2
I, R 1 AR N 05 ML
S BB S P I B B SEHUR D AR,
LR M RN T 05: 2 (AT 05.

PR T AR R EAEAE AR L,
LA SR 6 3 R LSS, o
ANBEAR, I ELTT LR B8 0 9 95 P — AR AR
8, SHS, P MREALES, A AN B
0 fMIFHEAR, FTLh LOO MERZAS A 05 JEI 15
sl DR IR~ s, (HRZO7E L%
1NN 458, B0 KB R T BRIk 25, 9
AR RS B E RS2

B 5 A A B, L0 G 1 AR
E ST AER R E R 1T SR A

= 4 TE4EFF Inception score TEI§4 SRR SEIN4E R

EAE/TE S Inception score (IS)

AC-GAN 28.50

Projection Discriminator 36.80

SAGAN 52.52

ImageNET 128*128

S3 GAN 83.10
BigGAN 166.30
BigGAN-DEEP 166.50

AC-GAN 8.25

BEGAN 5.62

Auto-GAN 8.55

BigGAN 9.22

CIFAR-10

DCGAN 6.58

PGGAN 8.80

8.59

Improved GAN 6.86

7 5 EEIEHR FID TEGE SRR LIGER

EVEITE S FID

CIFAR-10 WGAN-GP 29.30
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WGAN-GP+TTUR 24.80

RSGAN-GP 25.60

SN-GANS 21.70

DIST-GAN 17.61

Auto-GAN 12.42

Projection Discriminator 27.62

SAGAN 18.65

ImageNET 128*128 S3 GAN 7.70
BigGAN 9.60

BigGAN-DEEP 7.40

B E AT LA A AR e, e SRS, R
B SRR A JE BRI A AR A, 1R 2 T UK
fiKI7) LOO #ERAR . 1A R A ) T R AL 2> &
PRy, T I AR S — A A0 A R 20 7 A2
FEAGE, Fihe S8EER LOO #EfiZ. AL
1- 5T AR UURE AR 56 PRI VA 77 2UAE ORAIE T AR 4 1
SR E S B FI, 3 R LR G i 5 A% i 5k 1)
@, I HAZ A R TR RCR

6.3 THEFGENG

(D R LRV TR EA R PR SRR T
B, (BRAEH ARERIIZ 5 A AR BIDPAY T 32:
BH A AR 5N IS VEAL O 5 =
BORMEHATRAEMT R — M R A,
R TESEBRRH B R S A g snig.

(2) ANEPIVHAL T 5E A T AR, B AR
B BT Sk B 5 AT 55 AH DU IC B PEAS 5 A 2
HIE,

(3) HATHIVHL 7 R 5 TREACREE &1, K

3 6 GRS
VA e 5 7=
TCATI BT 45 At

. FLMRIFRIE SO RS XS
"ﬁTﬂ“ﬁe WUREMEZR R RAgH T
ode Score PEZ [AfI<EE image-net 2 B LK
B
Frahetnoeption V170> B iR IRANIEAL,
Distance (119 Ve, T EEMCER FIS R
KB ELIF HifH 2 5B S

FIH 4t B
S XL SR
B R

1 BRI AT U A K oy

2RI R IE R BRI 5 NSRRI %
PESRAUER] B 5 A IER I . (2R AR REE BRI

JREE, T2 RN T M o S AR B A B A A
RRAE, TN RASPPAS PP Al 34 78 5 52 WL 3R 52
mi, PR NP A A . BT DAASEE DL b i
KEEG . FEANTR)E, KEER 4 3% LR DY
PG 75 2 — AN R B

7 Ef&E AN

FeF AL O UM 45 KK B U A RE T, HRT]
CAAE R0 TR i AR i ELAE S B R AN 22
RHTE H S FEA K 1 2 300 A, R A 75 2R s
B2 IBCA AR IXEE AT I T X IR 45 1 B
{25 AT AR, F BIAR 22 A AR AN TREARI -

(1) /DFEAR A

75 H AT A AR AR, SREE A 3T M R AR BUR KRR
EARG T KB AT S i . (BRRE %
B PR 350 H 3 AT 78 A2 OB R SE AT 55 1 ZEORAIE
IREF IS AR5, A6 0 $RAR 22 IR A B 2
FITE B 2 S AR T R e il Al LR F I
TIHERAE O R B, U AR S8 iR AN
ARSI TTERARE 2 (K 8H, (HR XM 5
SRR K . AT GAN [ BB A T i
iR DRIK — P L) — MR ) RE EI ER A
J AT BVE RS FOSe Bl o A — SRR B R, X
IHEARLEHAT AT TS, RERIRGEAREIE N
AL SEAE 55 IO B 2R s TS 24 SRR R 2 5T 2O
I H
(2) HHEIHAT1

s SAATHG 18 0 72 2 4 mh 25 S R
AYEARKIZER . H AT XX — ) PR
HIT5 2R BN LRATE 207 15 NG £ B2 H R R g ok
KT BELRFE S 3N R RAE,  EX
FETT 348 WA B A REAS T 2R AT BE A LRAT SR 3 0
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WREA, T T RAETT 202 N2 HERFEA AL 1%
FAOERAR, BEIFEA DHCEFEAAE 8 K2k
Hmtk. ERWARMH BRI, EXRFER
Hateh & R P2, ZRdR IR &
ARG W0 RFE A SRR A I 2R ER
FR T HHE, BRSBTS AR —FR . 1
FEF BB B T3 PR AR RS AT, el
A3 o BB, AT e o D i Kl .
(3) I HER

BT BB RN LUK e R BB O RN, R
Je i H AT AT A U 0 MR R . SRGAN
SR P 2 22 B 3 0 2R A AN T e B 2%
FEVEE PR 25 ) T R A R R AR KR 0 o o AR TR
PR R EL SR TR LB RSN, LS T BRI
MSE #5125, B RAIEN a5k, I HAZARA ]
AR R AR 4 (1 B R
(4> H bAoA ER i mh i B2

S a1 BB A 2 HE R U R R, AR
HAAS AR5, o BB (/0 B Rm g AT Al
SH BRI A AR GO R PRI E L. I, Li
A N R A WA A3 SR I /N A B e P G 4 2R
IR, AT B2 AR Bl P s A i A e
SN AT T PIAER Gy PR 2 AR FR 7)o
XU IR R 5 A R 28 BEAT X T 2%, i
AR 2% AT DL A R 0 R R R (R H AR s Tk
RIF 7y B4R R A DR A 1l R R RUEE H AR A A
S A7 FHI . Wang 25 A H 388 3o e 470 46 A
A AT B R FEASOR IR I R 45, AT
SRS 2% B TR e o

H 22 T A SRt 7t 0 4 A PR AR 2R B RT B OREF
BB G0 QU R AE o BBk, Orest 45 A 42
DeblurGANBBR SEHL 12 ) & 1 B Rmie . B
BRI S5 e BB — AN, teln: |
BRI R T T ikE s T E R, H be
PR ER A ML 2 B T BUR) BOM SE . i 2E T
DeblurGAN 2 AR 77 122 ) Sy Ak R ASER] 1) Rt fig 41
T MBIFH@AR o (R 3 AR RO R 45 55K Y
"ERAEST, VGAN B2 254 A, i A e AR
BRT AN H AR ERERATE 55 SRS 2 (012305 . .
(5) ERE g

P o 1 St 5 0 X T P 2% 5 20— IR AR
G A URAT A BB I RE, T e B AR A
JEVEAS SR BB IRIERIRES . ICGANEBSIE H
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received a lot of attention. The generative adversarial networks
model an unknown distribution in indirectly way and avoid
computational difficulties. Compared with other methods in
generative models, images generated by generative adversarial
networks are high-quality. Therefore, it is a good idea to do
infrared images augmentation based on images generation with
generative adversarial networks.

To provide a comprehensive and systematic understanding 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
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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 generated images generated by

generative adversarial networks. 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 practical 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.



