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Abstract: Deep learning technique has been developing intensively in big data era. However, its capability is still chal-
lenged for the design of network structure and parameter setting. Therefore, it is essential to improve the performance of the
model and optimize the complexity of the model. Machine learning can be segmented into five categories in terms of learn-
ing methods: 1) supervised learning, 2) unsupervised learning, 3) semi-supervised learning, 4) deep learning, and 5)

reinforcement learning. These machine learning techniques are required to be incorporated in. To improve its fitting and
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generalization ability, we select supervised deep learning as a niche to summarize and analyze the optimization methods.
First, the mechanism of optimization is demonstrated and its key elements are illustrated. Then, the optimization problem
is decomposed into three directions in relevant to fitting ability: 1) convergence, 2) convergence speed, and 3) global-
context quality. At the same time, we also summarize and analyze the specific methods and research results of these three
optimization directions. Among them, convergence refers to running the algorithm and converging to a synthesis like a sta-
tionary point. The gradient exploding/vanishing problem is shown that small changes in a multi-layer network may amplify
and stimuli or decline and disappear for each layer. The speed of convergence refers to the ability to assist the model to con-
verge at a faster speed. After the convergence task of the model, the optimization algorithm to accelerate the model conver-
gence should be considered to improve the performance of the model. The global-context quality problem is to ensure that
the model converges to a lower solution (the global minimum). The first two problems are local-oriented and the last one is
global-concerned. The boundary of these three problems is fuzzy, for example, some optimization methods to improve con-
vergence can accelerate the convergence speed of the model as well. After the fitting optimization of the model, it is neces-
sary to consider the large number of parameters in the deep learning model as well, which can cause poor generalization
effect due to overfitting. Regularization can be regarded as an effective method for generalization. To improve the general-
ization ability of the model, current situation of regularization methods are categorized from two aspects: 1) data processing
and 2) model parameters-constrained. Data processing refers to data processing during model training, such as dataset
enhancement, noise injection and adversarial training. These optimization methods can improve the generalization ability
of the model effectively. Model parameters constraints are oriented to parameters-constrained in the network, which can
also improve the generalization ability of the model. We take generative adversarial network (GAN) as the application
background and review the growth of its variant model because it can be as a commonly-used deep learning network. We
analyze the application of relevant optimization methods in GAN domain from two aspects of fitting and generalization abil-
ity. Taking WGAN with gradient penalty (WGAN-GP) as the basic model, we design an experiment on MNIST-10 dataset
to study the applicability of the six algorithms (stochastic gradient method (SGD), momentum SGD, Adagrad, Adadelta,
root mean square propagation (RMSProp) , and Adam) in the context of deep learning based GAN domain. The optimiza-
tion effects are compared and analyzed in relevant to the experimental results of multiple optimization methods on variants
of GAN model, and some GAN-based optimization strategies are required to be clarified further. At present, various optimi-
zation methods have been widely used in deep learning models. Various optimization methods to improve the fitting ability
can improve the performance of the model. Furthermore, these regularized optimization methods are beneficial to alleviate
the problem of model overfitting and improve the robustness of the model. But, there is still a lack of systematic theories
and mechanisms for guidance. In addition, there are still some optimization problems to be further studied. The Lipschitz
limitation of global gradients is not guaranteed in deep neural networks due to the gap between theory and practice. In the
field of GAN, there is still a lack of theoretical breakthroughs to find the stable global optimal solution, that is, the optimal
Nash equilibrium. Moreover, some of the existing optimization methods are empirical and its interpretability is lack of clear
theoretical proof. There are many and complex optimization methods in deep learning. The use of various optimization
methods should be focused on the integrated effect of multiple optimizations. Our critical analysis is potential to provide a
reference for the optimization method selection in the design of deep neural network.
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AR Z AT T AR I SRR 22 A A 22 M e
SGD #1147 2l &2 i # 79 SGD #¢ K (Kingma Fl Ba,
2015)
TRBCAE S ¢ 5 AP BEDLIE £ 55 DL UOTR T
g Ho— W sh B3 m, B 8l B o, FIS 80, T
BN

m,Zﬁ]mt,]+(1—B,)gt <10>
v, =By, +(1-B,)g °g (11)
0L+l = 01 - atvfl& ° m, (12)

2.3 ZRREE#A

AR N T AR A I R R R ) R
AT AR A TR A 258 i AL S5 8 Sy i e /DM LT A
BB AR, QAT S R 2 4 ey B/ ME (B A5 0F
— WS MFERIERE RY PR R (0, F(9))
(D RSSO , WFA L Bl 52 (landscape ) o
AATHEA S A DA I S AR

b S A ST, RS AR R BT 34>
EiRR o DR/ R A e Y ey iV o B
HPE” U REE o 48 TR AN Js A /ME RT3
I TUFTCH R () B AR A T 42 , AR AR (035 38
7 (Draxler 55 , 2018 ; Garipov 55 ,2018) . 2) Z 5%
1% (lottery ticket hypothesis, LTH ) (Frankle Fll Carbin,
2019) . BFFEN D& BTN K I 265 64T BT AL , T4k 7k
TR 28 2 YN ALER , DO 30K 82 5 DA ) 46 ik
AAH o LTH B AAZ O SR AR I — A2 B L) b A5
Y2 H R 1 78 0 28 T JRCAS: AR K ) 4% 356 A 45 4 7y
fit. LTHEEA R Z AT HTAERE R
B o 3) 8 AT a4 2k oR B IR A5 % pR RO
AHEL, 76 H 58 0 iih 2 1 AR (B 5 DU AE 25 8 K, i
FE B il 4 ) 2 7= AR B R 1 2200 o Dinh A
(2017) I\ o] X 65 ) 1l 48 10047 5B 28k, il AR
Fi, NS B 57EF Hoih 4 FASRIARCR , ikl 4
Fim o

K4 FEHSHABIAL

Fig. 4 Reparameterize sharp curve

3 fRfizibee

R TR AT A AR AR R U iR 25 A BT
PETHEAIERE . (AR ALY H A 7E T3 s
RIAEMNAE b Az AR IR S B T2
B e K, 45 5 R B4 T2 B8Oz A R e 2= .
AU, B AR (872 A AR A 2 P A T R el G
SHAER 53 o

ENAREA SRIE A IZ AR T, R IR i )
G AR E EE MR IR — AT 2B
A B ST SRR AN T T AT 43T
3.1 HIETALEE
3,101 BRdEms

b UG TR A X B A R R A R A
R 1k A A T2 A R 7 T R I £ (5
P FINGRBERL e SCbrad # b, T 8e 4 A7
Pric A B 5t o TR, AT R FH 0 3 5 (data agu-
mentation, DA ) 77 ¥ 75 £ 46 4 b L T8 B 88 LA
HE— AR TR AR . ke M T A
SRIE S AT (Yu s ,2018; Wei 1 Zou,2019) (i35 iR
51 (Hinton % ,2012; Ko 28, 2015) 1 H A% iR 51 (Zoph
£,2020) SE4U

FE S BRI R, AR 2 15 SR AT 7 AR e A0
WA K Fn 4 AR AT 4 S W DA RN
B DA, A W DA RS BT 5 AR b A A B F
FTHRAE (WFRBAAEA DA) , 7 WA E L5 JL ] AR 46 |
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P AR RN S AR B 55, LA IR FT 45 B 2 FEA
FHEAF= H B804 (9 2 FE A DA (Chawla 55 ,2002) o 1]
JC B B DA J5 k7 AR Ol B BT B AL R
PR BAIE o A AR g e g R BEHLAE S Je g o A
— BT REAS 2 BN BT ) 4% (generative adversarial
networks , GAN) (Goodfellow 55 , 2020) 5t v FH T 1%
%o A, Cubuk 55 A (2018) # H #Y AutoAugment 2
A DB g 25 2], 7 A — B S S AT 55 1)
DA SEM& , LA K BE AN A8 2R i 8] 1) 250 JE R Fast Auto-
Augmen‘[(Limf;":f,2019)o

3012 MEEIEA

FE I S5 1 T) 6T Ao 28 ) 28 306 47 I8 75 142 A (noiise
injection , NI) , A >4 T4 — N RAM 07 0 3] 1% 22 Ry
b v R E Rz AR ERE . TEMR S TE A R R
TR R RIS 3t /N R I 75 0] I 28 T L-F- I A 52
T3t AR I 7 25 (A5 ~F WS ek B A A2 15 5 A
Mo WA EATT AT LR 6 F

D)X i AECHE N I 25 s %o A A B840 i A Bt
PR RS DLt — 25 32 A Y A9 fdoH M o Vincent 28 A
(2008 ) £ 4 Mk F 2 it ahs 0T i A0 N, $i2 i 40
ARy B

2) N BEEZE NI B e s 7 A B s 2 b (T2 2
ANHIAEJZ DA, — I o AR R AR
TE A SRS, A L TRT PR 2 50, T AR A5 T A Y L
Ao Chu A5 A (2021) $ H — Bl Bl R ZE 422 NT, 78
FEARUS IV SN S TE 8 RSO0 T il ek BR % 452 )2
AP RE R R ()R

3) XA NI, A M P 1 A BIACE opy, FE SR AR
JE B AT LSRN b i B AL SE AT RO R —Fh A
RO IE WAL TE T . Burton AT Mpitsos (1992) iE B 7EAYL
L SEHT IR I A0 7 A MR P 1 /N T R 2
AT RASEE SR 22 2] % . Hanson(1990) 4t —~i
I AR R X AR T 22 1 BB LR R0, B2 v Tk
&

4) X B HE NI LR B v 7 AN 7 U B3 1
JEMN )BT, Neelakantan 55 A (2015) & Bl 2 B A
BEATLAS JEE T I3 P TR Aol 28 IO 2% I AR g S0 e 7
IV 90 G RTARE WU Sl B Bu R 3 piE BiLE Y
RS AR I AR AY IR K o Zhuo 55 A
(2019) & 1 —Fh TR B2 Bl 28 0 28 A AR O A TE BEAL
6 BE T BRIV T 45 ) ' 57 CNN, JF IR 27 2
20 T O A2 A R LR AE AR DL AR 24

{URg NS

5) XoF P BRI N 0 R RSO T 48 e i 22 K
2R XA B FRIBBE ), TE AN 75 ] A phe At A A1 ] el
Gulcehre 55 A (2016) fi i —Fi 72 30 bR BAY 1R A
O3 TE MR 5 2 ) W P UL R I bR, T Ak DR ARG
ATV 33 R T R HCA 7 S 0 ) 2 4 [ I i
Bl {2 68 T ek R R 2K R N 2 e 4
(g

6) XIAR%E NL, B0 Bdla 4l v iR 48 HEAT NI
Xie 25 A (2016) W 42 72X Ll Zr s e ik A Qi FE v
R B0 0 s 2 B AL B B ER AR 2 o Vaswani 55 A
(2017) W 7E KL o B 198 45008k, 18 JH b 26~ 33 7 BLEU
(bilingual evaluation understudy ) [ 3R 155 /NMEAE &
R
3.1.3 Xk

BB, W58 N G130 $ th — 28] ] B 1) ] 4E A
NI R IE AT 125, B3 B A2 oy 2R DR A
Ao FRJETE 2014 4F, Szegedy % A (2014) 42 HH X147t
FEAS, IFH8 Hh RIS A ) 2 B e I 2R 4R A 6] 7
B DARRIARAY  HR 20 [l — A X PURE A AR DR
B DNN HATHE B AR AE AT A B . 5158
89 NTAS[R] , B A A 2 368 5 ) Ay A B T A — 28 A
TR EEE ) AR IR 7 RS SR A W R R e R
AT R 25

IEWAEE SR  ZERE R Zhad B R A I ke
A IE WA T VAR XTI, T 7 20 4l 52 i dha
P2V A [RI I, 1 — 20 SR TS T J5) B 4 5
FEEEME . Madry 55 A (2018) 42 Hi 1) PGD (projected
gradient descent) J5 i , i 12 22 YR 3% A M 451 2K pR RS
TR MEAR BB A ST o AEAE HEAT T ) A 19 755
I, PGD 2530 Y 45 Uk 1) 2 0005 B2 g AR JE , T
SO TR RS R, 5 & DU TR T e, 7
TEHBEACRARAY [ . 51X F A [R)&, Shafahi 85 A
(2019) $2 i FreeAT (free adversarial training) F 4K
TR BRI, (7] 25 BB P R RS, AR5
SN 2R 3~301% . Zhang %5 A (2019a) F] | DNN
1 45 #4 LA 2 PMP (pontryagin’ s maximum principle) ,
AR SR 1 )2 A9 6 182 Ok 58 2 8089 YOPO (you
only propagate once) /7% . FreelB (free large-batch)
(Zhang 5§ ,2019a) B FRZ 20 (1) S 50006 B2 i A BB B,
LR R T SR, BRI B THTRRCR E
HE SO Aff SR 20
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ILEEK,
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3.2 1REVSHRE
3.2.1 SHEEIET
SHGUEERT IE LR R BT A S5
{14 SRR ) IO, e 3 PR T ASE A8 1) 27 > g g I HE i
PIE BT RENE . LAY A dE L, IEWIAL (L, IE AL
Elastic-Net 1E 0k ( Zou il Hastie , 2005 ) F1 L, 1E 4k,
DL, ENAE . 76 4E 4 2k s U in b L, E )
I, A Lo AR AR 1451 2 pR KR, 38 0 L, 1E A6 1Y
12k PRERE SO

A .
L=LO+EZ(W’) (13)
Ly = min F(6) (14)

A, n A YNZRREA A A D9 IE AL ZR 40, W7 AL
FRERE ,j = 1, -, Lo AU/ IE DU AR A T/ A
TR0 EE T DI A AR A48 2 pREC 5 T A BRI 2 7R I
U P PR S, ASCERC R o W U 2588 T 0.

EARE R RIS, L, (E WIS 22 J052 0 o 3l
RN AR AR ST AN X R

2)L IEWIAE o A AR A 5K R B L, e N B L,
TEJUAR T, 51 5% PR RSCAT E 5 SCA

A ,
L=LO+;Z|WJ| (15)

L, 1E WALAEAE R B W2 KT 0 i il /2 H
N OIS T3 R W, B A W A T O SR e A
RIS 2RI o — A OL T, 23 B O ) 34 L, 1 0
A, PR HAE TR 5, AT 7 AL AE

3) Elastic-Net 1E W fk . Elastic-Net 1E W 1k 25 &
LOEWAEFD L, TE4E, BIFE L, 1E Ak iy Bt o |
Ly IEDAETI, 451 2K pR Em] 5 K

A oA _
L=L0+7'Z]Wf‘+2—;Z(WJ)2 (16)

A L ERAE R AL L IENE R R

i 7] L, Elastic-Net 1IE {45 & T L, 1E W4k
AR L, IENE L RSB PR

4) Ly IENAE o Lo TEIUAR T 20 0 2 KR FR 1
YERL IR BN A R 2z ) e TR H B9 . NBEIE B L,
TE T AL TT TSR A 5 A (Natarajan , 1995) , {H L, {540
FIPE AL K fi# S — 1> NP (non-deterministic polynomial )
HEN] 2L
3.2.2 VENAR TR

ZREE ST S AR pR BRI AFE T I LA
ik B IE WAL H Y, B A BRI R 3R R O KKT

(Karush-Kuhn-Tucker) 2 T F1 245 9 H A5 bR B 1) 22 35
KZ A FFL, i AT EE) X Lagrange PRECH
L=1L,+a0(0) (17)
Kep,o=(W', - W) RITASHES . 200)S
FHuEIETT ;o € [0, o) FRARFE HIAERSTW/E FH /MY
HESHL, B KKT 3+, o R R ARSI R R B Sy . Rtk =
B AET] SR AT A E A — A X, 4 L,
IENAL 2 B 2R A —A L BRIX Sk
ER, DS I 2 A0 AN3E T r A 150, 8
A — i ik 2B ok SR A SR Oy ik, BIE
AR RREEAET . O AR A SRR Y
BLfih b, 3 — 20 BRI S ECE IR T TN T A A
HKIENAL BV L = L, + «(Q(0) - k), Hedk AT
AR o« HHL
YER LIRSS A R S B R T
e im R ) e OB 2, AT e AR BE T R L iR
Wk B B 300 (0) < k KI5 5 .l FAE
TR N2 BT, A5 1 1) 2 ) 3 5 175 e A B U R
BN B I S 0 T 2 e A Ak
T T B A 2 A R S TR OB i 3
TG B . A, b 24 A AR A R b B 24 AR IX s
AR AR Y, A 280k A it 2 PR AR 17 0, 28 T R R
R YN U
3.2.3 TN
PRI RO 19 2 7S ) 3 115 - A R TR L, i
He 7 AR A A A 5 R iR A9 7S ) 7] & ( Donoho,
1995) ., Candes %5 A (2006) % P4 Ff B )& A1 L, {550
(AR IR R, BRI Y SRATE 4 B RIS 5 0 o 32 e A2
— R R RN RFE IS A5 5 7] LUE o fe/IMb L ik
KWK o Donoho (2006 ) ¥ 3 A4~ 1 i I 244 “hy i 4 Jek
1, B A HES) Candes 25 A (2011) 48 H G R 591 ) 4
B 53T -
5 SHAET T AR W i 2 s & il o Ak
il DNN 3075 .50 LABR i BEol )2 i R i P Y, o2 —
PRI S BAEST ik o 5 L B WAL 2L, s i %6
715 V) 2 R o] B 2= A e b T e A T 0, H B 2 Ay
SR INFR B . nTIA A X 2 pR BN i — S B
FORFETII, 5% R HE X
L=1L,+a(Q(h)),h=W'X (18)
Aorh, XA B B, h 2 B S50 e L RN
S5 R O 1 R T A, VA 8 i )
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ARG R R L R 3 o L O DR B
5 L WM G D5k 2 (h) = )[R |:2)
KL(Kullback-Leible ) BUE RIAH AR5

Hinton F1 Salakhutdinov (2006) & i B i i3 #%
(AutoEncoder) , RIVRE £ 45 4 A i A 31 G i 285 rh 45 5
8 REAE P06 A D 85 o, 15 B i o 5 DR A A
Z 1) {152 22 R Ry TR 1R 22 3 A i 2 s A ST DR
e e I AR A SR, E A A IR 2E )N
Ng(2011)7E [ Ji i #% A4 Fefll_ 380 L, 154k , ¥4 2
iR H g i 4% (sparse AutoEncoder) . 4], Vincent
25 N (2008) 7E F gt h 2 (4 B ils 151 AN ZR%iE NI,
FAJ M H iS4 (denoising AutoEncoder) o
3.2.4 ZHE

AT 55 Z (8] JE 5 A RIS, Gn 2 A AR AL 8 43
A3 VR ] ) AR A 25 18] D0 T A A AR 2 2 AR AL
s C NGRS BUE A RN EL S H ) S e
FRAE AL D7 AR S EE . S E R RS 0
(A EE S EEATAEST ) L, IEWIAEAH B, S 800 &
TR BB R S AR S8 S8R E IR
TE LN

Q=|w-w'| (19)
A, W E YNGR R S50, W2 o AR R Y
ZH

R IR 2 808 ik R S Rk D
SRIE FLLE SR S SR S HO S , 2 1T CNN FITE R
PR [, CNN 24 b 32 22 5 2k 45 AR 1Y 25 () 4k
PR = SR, A PP 28 I 245 11 S 0 S ) 2 R
— R H I R ATIN R b B, S
PR A BE Y FEASER RE A TR AL 4 R IF 4712
b, JEH G Z2 00 RS B (5 B X ey s
A L3k G H 2 2] (Goodfellow 55, 2016) .

3.2.5 RWE]

BEAE B BRI T8 M A5 B A R R K 2K
PR BB N 25 Ty AR R G 2T Aac B9 AR B
Fto XTI SR E B R HLZE S ROCA M ER B R
Fric £ , Fc - Shahshahani #1 Landgrebe (1994)
FHIAR AR RIS TR ST o 2 W B o S s AR A
LA FIBR S AR A HAT AR RL B Ectls 23 A, i m] A1)
AR e B RS B A o] S iz ke )y .

B A ST — R A T B 2 ) A B
A Z a2 05 2 KA D AE T B I A R R bR ic A

ARENIE] B bR R ECS . BT EEA WA E
TE I 75

1) fii 55z /ME (Grandvalet Al Bengio, 2004) o i 7]
A 05 2 AN 2 T ) D) 2 P V9 A 84
MR E SRR . Pk, 7e 2 W2 ) v Sl i e
AN RLXT AR AR IC B i T 25 2R (i s 28 ) B H
Hea AR 177 ALVERE (Lee, 2013) .

2)— R EN, B SR L A
Z NS AR I B AR A T A R R —
MY . Laine fil Aila (2017) & Tarvainen 1 Valpola
(2017) 3 HL L, 1E WAk 35— ECrE 1E W 1T, Miyato
25 N (2019) F1 Sohn % A (2020) W1 36 B KL #i B ok
A W N | BT St B e R Bl WU L
75 1 Fil & 1 (Berthelot %5 , 2019a, 2019b ; Xie %5,
2020) .

4 GANHHRLGE

GAN T A by — i L 780 1) % 135 2 > B R4S 5 1
2T OBEEE 45,2020) o SAEGEIREE 7 5] A6 Z Ak
TE T, H bR 2 2% 2] B SR 4340 Ji A i LAY B
FEAS . GANBEEY A B 25 (G) FH 50 I 28 (D) 41
B, GIE WS (2) kA UBAEAS 1 D 3 ) T
RFEA X 3 1 ok , 8 A8 1A AR P R I kA .
{H GAN (YN 25t BRAF AR PR AR , £ 22 HE Lipschitz
BR i AR T 4 (2018) o

1) Lipschitz BR il . Arjovsky 2§ A (2017)iE#] D
49 1 b BRI BAR R B2 3l JE Lipschitz B2 2222 2 419
K

2)BE R HHE LA (Yoshida il Miyato,2017) . 4
AT AR W 75 0 A BCAR AL AR A AR S BN 2 2% W 1Y)
0L

LR R R R A TRl R 4L e T S
ZALRE ST R, WF9E 2 e o R A A AR T 2
TFF 538 N GAN A58 i A8 (AR A
4.1 WEBEH
4.1.1 stk

#v D (%) H bR eR B BB B2 /2 Lipschitz PR, 4
BEMBESx, e Ry, e Ryij= 1, n, fFE—TK
T4 T 01 Lipschitz £ K 2 LU %, /)
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D(xl) - D(x,)
||D||UI,=’

=K (20)

x; — xj‘

H T, 24 3R 7 2ok 3K 3 /2 Lipschitz FR
EH B . 55 1Rk 2 Arjovsky 5 A (2017) H %
i o A B A B S RO S TR) S B N L
Lipschitz PRl o SR T2 07 7 2 (8 154 28 I 45 o il AL
SRR A0 E T30 A, (R I> i F(E Y
Bt J&— e . A, Gulrajani 55 A (2017) #2 H4
S 2 M5k 0 B AT AT AT LA B HRR A T
A3 ) A B R BRI — 2 YO LN o (X T KA HR(E
5 47 7E 4+ 1, Gulrajani 25 A (2017) Fl Kodali %% A
(2017) 1A A KAE 1 B 1, Bl 2 1-Lipschitz B2 il 5 1M
— #B 4 W 5% & WA R K (B W B0 (Mescheder 55
2018 ; Zhou %, 2019;Thanh—Tung% ,2019) , Wu 28 A
(2018) s I\ Ay KB 1 B O, B 2% 388 3k 450 = 2 10 4 B
Lipschitz BR ] i — Uik , I %07 A BN AR AR 5
& T M R Wasserstein B85 2> 25 Petzka 25 A
(2018) W] 5577 M iAol K < 1 RIAT . 25 3 Rl ik 2 Xt
Do 28 v (1 g SR e L T T — R BOR . BT IR 2R
BLE IR —A A C T GAN AR (R v it

— A4k (Miyato % , 2018 ; Kurach 55, 2019) JZ2 14 —1k
(Miyato %% , 2018; Kurach %5, 2019) | A & I — fk
(Miyato % ,2018) \ SZ I —1k (Karras %5, 2019) Fll 5%
43 —14k (Miyato % , 2018 ; Zhang %, 2019b) . Chen
AN (2019) 2 T4t I — 4642 H Self-Modulation X fi
WA IR — 1k, AN LASNRRAE B R 264 AL LA AR B 69
B AR 2

GAN 19 728 {4 155 21 38 ¥ 7E CIFAR-10 (Canadian
Institutes for Advanced Research) (Krizhevsky ,2009) .
STL-10 (self—taught learning) (Coates % ,2011) . Ima-
geNet (Deng 55 , 2009) | CelebA (large-scale Celeb-
Faces attributes) (Liu 55 , 2015) A & LSUN (large-
scale scene understanding) %) bedroom (Yu % , 2015)
Bt 4 LA U 2 Ak, JF LA 1S (inception score )
(Salimans %5 , 2016) il FID (Fréchet inception dis-
tance) (Heusel %, 2017)/E R i a6 b5 . Horr, IS
o 2 W AR I PR AS 3 I HL LA 2 RE 1, FID Ml i 2E
JREAS 3 A 5 FLSEREAR 3 A 2Z 0] Y 22 1, R U 35t
WA R A IS B . 3R 1 MR 2905 JB R N T
{4 & Lipschitz BRI A9 2% U5 AL I A7 IX 5Bl 46 1
AIISZE R LA R FID 4528

®1 BRUFTEEARHFEELWISER

Table 1 IS results of each optimization method on different datasets

Ik CIFAR-10 STL-10 ImageNet CelebA LSUN
R BY Arjovsky 5£ A (2017) 6.41+0.11(-) - 7.57+0.10(-) - -
K—1(Gulrajani % ,2017) 6.68+0.06 8.42+0.13 12.17+0.09 2.80£0.08 4.72+0.11
K—1(Kodali %% ,2017) 6.11x0.05 - - - -
K—0(Wu%,2018) - - - - -
T AT K—0(Mescheder%,2018) 6.45+0.12(-) - 17.18+0.06(~) - -
K—0(Zhou%:,2019) 8.03+0.03 - 8.67+0.04 - -
K—0(Thanh-Tung % ,2019) 11.42+0.09(-) - - - -
K<1(Petzka %5 ,2018) 7.99+0.12 - - - -
HEH—4k (Miyato 55 ,2018) 6.27+0.10 - - - -
JZUA—1k (Miyato %5, 2018) 7.19+0.12 7.610.12 - - -
4 2y L A T —1k (Miyato %, 2018) 6.84+0.07 7.16+0.10 - - -
H—fe 1 —1k (Miyato %5, 2018) 7.58+0.12 8.79+0.14 11.29+0.12 3.26£0.16  4.3220.17
2594 —1k (Zhang %5, 2019b) - - 12.5220.03(-) - -
H A #l 3 —1k (Chen %,2019) 7.71%0.59 - 11.52+0.07 2.92+0.13  5.28+0.18

T+ =" RRR SR P ICHEE (=) 7 7m0 IO S SCHR OB , Z(EL b AS SO SCRRARI 7331
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Table 2 FID results of each optimization method on different datasets

Fik CIFAR-10 STL-10 ImageNet CelebA LSUN
&1 Arjovsky 55 A (2017) 42.6(-) - 64.2(-) - 24.6
K—1(Gulrajani %,2017) 40.2(-) 55.1(-) 86.23(-)  30.02(-)  26.8(-)

K—1(Kodali %%,2017) - - - - -

K—0(Wu%,2018) 18.1 - - 21.5 15.9
T PEAE ) K—0(Mescheder%,2018) - - - - -
K—0(Zhou%,2019) 15.64 - 14.9 - -
K—0(Thanh-Tung % ,2019) - - - - -
K<1(Petzka%:,2018) - - - - -
HEVH—1k (Miyato % ,2018) 56.3 - - - -
JZ2IH—1k (Miyato %£,2018) 33.9 75.6 - - -
st Rk AL (Miyato 55, 2018) 34.7 73.4 - - -

t %3 —1k (Miyato ££,2018) 25.5 432 27.62 26.15 17.1
A3 —14k (Zhang %5 ,2019h) - - 18.65 - -

F 8§15 —1L (Chen %, 2019) 26.93 - 78.31 24.5 14.32

T =" 7R R B SCHR TR , © (=) 27 %) N JE SR TSR , i b A SOR| I SCiik Qs 1)

M 1—2 2 8 o LA Y, 72U ZR GAN AR
PRI, XA 88 R4 A8 571 sl 0T g 2 B 1 SR B —
AR SRE W AT LA B fnb i A R A ORI B AT
AV Z AR A T o B B BT A Ak
B RS T AR FE I SEE PR, L A
FEZIA T

Bk T4 D RRR B 2 Lipschitz BRI 28 , A
Y2 [RIFE BB RS E I 25 AR GRS , W36 3 i .

Goodfellow 55 A\ (2020) 75 52 5 v £ 28 91F W] 22 5 10
D 5 B HT—IK G A I 25 5E A GAN, Arjovsky
S5 N(2017) 26 5255 vh s [R R T 2 F ST D Al
Yk 771 o Heusel 55 A (2017) #2 i TTUR (two time-
scale update rule) , 21 G Fl D 827 2] K03k fli A
Mg ) o 8K AT I 2 3 T RSP I
75 15 [F N FH (Karras 25 ,2019) , B T2 80 00 2
A R ilE— 2B RE5E

®3 BAEENEHEEGANETEHRE A A

Table 3 Application of unbalanced training methods in variants of GAN model

AR5k

Tk 4

Pt Z B num T AL VIZR, BB num WD Jim 38T 11K G, S50 070 1k 5

Z 3 B (Goodfellow %5 ,2020) .
num M 1,

2 HHT (Arjovsky 25,2017)

SZIOER A K num R 5 R AT, BRI B SR D R HT 11K G

G A D HIANTR] 27 > A& BEAT I 2 , RV IRF ] RUBE f) 5T RLI (TTUR) | iR

A2 2] FR (Heusel 55 ,2017)

PRSP B 2505 1A S5 (Brock 47, 2019)

R AU EA Wik SN RrS AT ) &
SCHHR S HR 2D JF T 1K G, [ G127 2] FEOh DI —2F A
PRI A S

4.1.2 WRSIGHEE
TSR B R IVE T, Goodfellow 55

A (2020) 7£ B 5 4f GAN B i FH SGD 8 4k . 1

GAN () H 23 i 6 0 D 1925 38 2 98 A 4 IR 245

RPN o PR T i S ) A AL Sk AN i
1T GAN, Unff gl i 19 SGD. - H AT, 38 A6 B /Y
AL A RN 25 GAN B 19 Fe £ 85 , W RMSProp
(Arjovsky % ,2017) Fil Adam (Gulrajani % ,2017) ,{H
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Table 4 Application and optimization effect of different regularization methods in GAN field
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Table 5 Application of different optimization methods in state-of-the-art variants of GAN
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