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Abstract

Generative adversarial networks (GANs) are very successful at learning to sample from a specified
distribution of a given dataset, especially when the amount of data in a given dataset is much larg-
er than its dimensions. Classical generative adversarial networks struggle when data is limited,
while strategies such as output regularization, data augmentation, using pre-trained models, and
pruning have been shown to bring improvements. However, these methods are often limited by
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specific settings. For example, pre-trained models are limited by the type of data. In contrast, the
regularization method proposed in this paper enhances the existing generative adversarial net-
work by optimizing the difference between the discriminator between the real image and the gra-
dient norm of the generated sample, and has strong compatibility applicable to most existing ge-
nerative adversarial networks. Training outcomes were significantly improved when data were
limited.
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1. 318

A i R 9 2% (Generative adversarial network, fii#k GANs) [ lan Goodfellow [1]%5 A2 5, Bk
2B EAR G T A AL BRI BN R R, HAE B S A 2] [3] [4]. ERUMG R
[5]. EBAESE[61 5 T BRI RI . XL I 5182 T AATX GANSs 72 B FH (196080, M E 1
S [7 R AT SR N7 [8] 3] M5 L 45 [ 91 AN IR w5 [10]. GANS (1) AR AR B AR i 1 K 780 B s 4 1 ]
Yo

FESE B, 8 w8 B 4 AR = A BB SO XA L BUE GANS L RE S35 RIS,
BlanAdi F StyleGAN i s 42 B i, A 200611 FFHQ (1024*1024 73 #1#%) B &5 21K FID BN
18.6, ffH 10%1 FFHQ (1024*1024 43 # %) M4 42 IS 75 211 FID {4 25.6 (FID i /NERLF), VERERD R
T N TRV GAN TERE R BRI R, S iR 7R MSRES, B TR AL 1] BT R [12] R4
PG 9R[13]. SR, REHEE 7R, KUEHIR WA K. R ORFF A AL, IR 8 i) 4 FH &%
Rl SR FREITZRIG, DI rmeite, SAmXEE IR . HoR g amnr LY
sRgE R, HETEEAL, HEREER(LE 3). ENLZE MR BIEEE 80755, Tseng 558 A [14]
B B AR R 73X A 7%, 200 0 501 25 ek 30 S A P T 5 A el PR 22 T ) B

FEASCH, FRATHETT T —FloB (0 IR A 7 V2K 38 9 A BR20E 1) GANs Il 2.

2. HHXI1E

AR BT 4S . AR T V2 GAN ARk A e I 2ot Pt m E s SR B & . BN = AT
. 1) BFIE T AR KRS 2) WIbHEREM[15]. 3) &FH—fbiiAR[16]. Bribz MBI T
— BB ROR R A B AR AR [ LT IR U S [18]

GANSs [FIERL, IERMEHE ARGz TRl gy, Kb i A RRENHZ WGAN. WGAN i
MY BSE AR AT B AT ) Wasserstein FEES, %551 %% (Discriminator, D) 1E U154 1-Lipschitz, il 7E
S SR AN AR B 2 TR T AR, TR ST S B AT T AN BE SUBE AL . Roth 55 A\ [19] 8% il %7 28 76
FLSEHRANAE REE E BRI BONE . BRI LTSN, 2RI ER I T — Rl BRI [20], AUERE T
& GANs & I IE AL J7 % [21] -

HHEA LRI GAN YGRS E B, CRigl 17— gk m A A REIE )21 GANs 1)
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VERE. BN WL TR A AR5, Jiang &5 N [22] 46 F A2 BB 1 ot BLSE X i “ 35 ™
ot NIUAE FCSRSE] ERE AT 39598 . Chen 48 A[231FI A BT e M 2% SRR itk R . A FH VIR A th it —
IAEETTE, S A AR EE S DLEE B e B Ao 2 R W SR S e AT 2k, SR A FRUI 2k H Fn e
o AXTTESRETNENARZAAE T, FEBEE MRz Bt i 0 - 252 25 18
SHEAE S 0 s B ROBR LA, 5 A R R A 2 S L B VR 3 2 I AR (LA 2). HAZ AR
T 5 246 K 22 50 GANSs ez m] [ i fi T

A EE TR 3 NJT T :
1) ARSCHE 7B AR, R R R R A, G 2 AR, ARSI L
AT S RA

2) MERGETRIIENI, 43R0 EGE TR E . A RS X T B R AT W R, 1R
Mol w2 e B SR B AR R R S S 2 A4S . ASCH IR I L AN ISR AS

3. Bk
3.1. HE R XL R

A BT 285 (GANS) B — 4= il 2% (Generator, G)F1— A% 51 %% (Discriminator, D)ZHER, ‘EATAH H 5T
Gro AR G(2;6) S HL 6 TR B AN K — SRR IR AE A p(z) (9040w 70 A0) I AL 35 A e 4
BRIy 35 2), A BT — AN AR . 55188 D(X) BIZRIX 0 S HUE X, ~ ¢ 58
X =G(2;0) o LERUA 550 38 2 ] R R AT DA E P AN 451 2K bR R R

Le =E, [’G (_D(G (z 9)))] '
Lo =Ey gy fe (-D(X) ]+, | 6 (D(G(2:0))) |

X T A B A o HURR AL, B A K BB BTN L 0 g (t) = 1 (t) = log (1+exp(t)) B &
i (1) =t,55 (t)=max(0,1+t) .
3.2. Ot

Karras 55 Al Tseng 55 ATE S50 b R I A A 2 B B A i IHR I T IR, U8R T — e 1l
i, BEALGEU . BRI, 4{E ] 100%. 20%. 10%ff] Flickr FaceHQ (FFHQ)XHE 54> il ki)l 5
DCGAN, 7Effi ] 10%E%# 20% K85 S 0 et K 30 FID {H (B i) 2= 2L 1) EF

ASCNA,  Hd D B AR R R B BTG RS BB TR 5, 5 BOeR AUA 4AE R iR A At Ak
A B B T R e 8 SRR R IAE AN A (R 5 5 L), A S sl 5 & s, e
125 B8 B REE T M ZEEAAE B ZE R . BRI, ol BN =38 AR B AT B 2 (i
KOLE 1),

3.3. IEMLA=ZE

FERAR A R, W IRIRRTTiEAA =Fh: B 7e, SRS SGEE, IRINIETH. X =Rk
ARSI W STAR B T P B ) ehcdt s ELOR B AE T 7T DA SE 2 (050, B s o I D 50 Fl A AL e —
T $%

N T AR /INFEA T HRESRBUCE N & B4R T, RE RIS R R M7, ACSCER Aok
MM T5 o BB R I B 22 (R Rk O
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Figure 1. Gradient norm difference
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Figure 2. Gradient extraction flowchart
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BIREE: TR — P LI, 7F 256 x 256 23 #FR T, WA T s A, 100 Bk BT
BB AN B S RO A . 7E 1024 x 1024 4338 F, IR T Flickr FaceHQ (FFHQ). ‘At WikiArt 12
AR, Unsplash [¥]F SR 50U . Pokemon. Zig M. Skf fl 3. X S48 5 70 55 B A A R RHE
PG 5l BUREEMUZ AR EG . 720 F 8 CIFAR-100 #i4E .

B CIFAR-100 %44 4h, A7 EAf ] 256*256 L5 1024*1024 1X N FeR 48 . HLR IR
BAH—FJLA L) ERRXHF PR B R 5. 2) A 256*256 {1y 5a 50 Aot S s e 2 (1)
BB B AR, ARG S PR 0 B R YIRS T DG Rk b v SR . 3) 1024%1024 3 R FR AR
T EURE AL R, R A i RE 71 B KB 50 (BUSR B 5 R R R

PR FEbR: 1) FRATRA Fréchet dCUf#E 25 (FID)K B SR A BRI T &, FID &EALAE g
FL IR I oA 2 [ (R BE g o /T 1000 7k A s SE CR 2 803 A 100 7k EMR), FeAiTik G AE & 5000
KK, FETEA RGBS A FID (FID H8RE R R G mRElE). 2) 4 1S
(inception score)fE, 1S fE AT DA IR AL A= i UG 1 2 = AP 308 5 2 REVE R B AR BE (IS D8R = B0 T ) o

4.2. RI%

TEAZSEI I A ARR MR =AM 1) FJeiEI(SOTA) A&7 StyleGAN2, 2) BIGGAN
P, 3) WGAN A7, 7F 35 B ) =AML o fil i E U300 AR HEAT X b . BT ROASE R 143248 100,000 7%,
LR KN A 16.

I 1 RN EERES, 5 IR T I DI AR AR 5 R N L U T A AR T B A I 4y
RAREEN . MEAE B R — 8 R, IFBCERIEERES, XERMAATIHNSR. E8dEER
JRI, AR 2 BBE SR JEUAR A7 K ek B 2 SR FOBR FEAE, 19 B RORR B 2 BN AR (A Y (1 e
A HONFRE R

Table 1. FID comparison of some datasets at 1024*1024 resolution
= 1.1024*1024 53 2 FR T BIHRER Y FID ELAR

Art Paintings FFHQ Nature Photograph

FHE 10% data 20% data 100% data 10% data 20% data 100% data 10% data 20% data 100% data
WAGN 80.6 61 59.3 36.8 29.6 23.2 78.3 69.2 60.1
WGAN + /1Rt3 423 41.3 39.9 19.1 18.3 16.4 49.3 45.1 41.2
StyleGAN 70.6 50.69 43.1 256 18.6 8.31 75.3 56.3 421
StyleGAN + AR® 48.1 41.32 34.3 16.8 9.41 6.32 53.6 48.6 31.9
BIGGAN 75.6 68.3 50.6 34.1 29.6 15.6 78.6 59.1 47.1
BIGGAN + /lRf 59.1 53.8 30.1 28.3 25.1 9.4 62.1 51.1 32.1

FE BRI SE X LA A B R BRI TS OB . S T 3k — BB S TE N 3 AR IR,
R A FH BE /D (B B (L ) REEAT T AR 38 (W4 2).

I 2 MG R AT, AR MITEUR Sl D s i~ I AR R . AR, (EAudE &
BRI T A FE SRS L 1. Biln, FER 3 SEEs HIBUE 4 =100 o IXAEIUE T E R AN
N BRI % R B DA B I DU SUAN BEAR G (1 B St A FE AR A IR 35, B 22 (107 PRAUE AR (e S A S A e 1
AR H PR T DU ST RT DA UL P A 0 K Bt R RS, S 7R B B/ I 0 T 3R T LA 451 % R £
HHAR) o B A B R R TR B G UL S
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Table 2. FID comparison of a few sample data sets at 256*256 resolution
& 2. 256*256 S ¥E/NHREERY FID LEE

Animal Face - Dog Animal Face - Cat Obama Panda Grumpy-cat
SIPAR 6 389 160 100 100 100
WAGN 61.03 46.07 35.75 34.5 29.34
WGAN + AR? 48.31 35.96 29.44 27.2 24.61
StyleGAN 60.23 45.06 47.14 40.03 26.65
StyleGAN + /1R[3 44.32 33.21 37.26 35.32 23.13
BIGGAN 48.32 34.82 39.26 30.12 25.82
BIGGAN + AR® 36.15 29.13 31.79 21.32 17.32

CIFAR-100 % #s 5 HBkdk 1, N ERE 100 N, BARNMEGE D> /24 3 4, W IS{EE
RNEBERZFEMEIEPR, g RGN E NI 1S {82 A IE I s2m i .

Table 3. FID value and IS value at 64*64 resolution
52 3.64%64 FIHETH FID ES ISE

CIFAR-100
10% data 20% data 100% data
P
FID IS FID IS FID IS

WAGN 49.61 5.98 35.12 7.56 2341 8.12
WGAN + ﬂRf 28.44 6.51 23.41 8.12 17.31 8.71

BIGGAN 75.91 5.42 38.12 8.61 13.82 12.44
BIGGAN + /lRf 31.81 8.05 26.71 9.21 12.61 10.15

5. &g

ARSCHE IR I A T3 A8 — Rk T80 L 2 TR N 2 R BT, 2 E L3 AE T RE VL RO AR A
B OB R Rk s B (IR 20) A Fa B U s A FLRk, IR WL iR REE A AN 2 h B B A 2 T
BURBRIPERE 2 T, JF HAZImE LA ST SR RA . AR ZAAET, AR
FERHTIZIENATTE, B, BT EdEit e s a7t 77 20, 0wt 78 4 R AT 30 2 B il Bk
PR, ASCHASE]— A BAT T3 I A R R
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