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formation asymmetry, and data silos, which have prevented data from fully realizing its value. To address these

challenges, various generative models have been actively adopted by financial institutions to synthesize highly real-

istic data, thereby breaking down data barriers and monopolies, and shaping the future trend of the financial indus-

try. Among these models, Generative Adversarial Networks (GANs) have emerged as particularly popular, demon-

strating impressive performance across various fields and showing great potential in generating financial tabular

data, financial time series, and detecting financial fraud. The advantages of the GAN model compared with other

generative models in the financial field were analyzed. The GAN models that have been applied to the financial

field since Generative Adversarial Networks were proposed in 2014 were presented, and the principles of each

model were introduced. The application practice of the GAN model in generating financial tabular data, generating

financial time series, and financial fraud detection, as well as other financial data fields, was explored. Finally, the

challenges and development direction of GANs for the future were discussed, taking into account the actual situa-

tion in China.

Keywords: generative adversarial networks, fintech, data security

0 5|5

SR X A TACIE . A AT R A
i, HAEE R R ERUREOE . X IR T
REFEARAT . TRES . UEFFESRNL AR 255
SRR, T — BUR R DL SRS R
Bl BB R, W2 PRI A A
B

R EIR R, REMAR 72 MESR, W
7 W2 () 22 A 5 R AR VR AR R I R AR
B, Hor, (AN RS E R4 a2 4k R
T R 2% A ] B VR R, (AR NIRRT
5 2 438 ABFE 56 MK AR E 0,
(de N RFEAEA NG BARIEY WEZK Z 1
AR AN NME B HI RN ARl A S E
AT, TR OCEOE 1) v U A = B
P, A AR 2 A N B BB N &R
ATV B 2 A VR BRI R A . B A STk
AR A N SR B, SRl 75 AR Hs 2R 4
TR 2 A R B

B A B AL R T BE AR K, Bds 3R HY
AL ARG R AN, 51k T BdE (G BEAXTR
LET P10 M | o R 1 S (N D0 1 5 N
WK, fiis RS SRR AR Y B E B 4
RSO BOR AR R L3R ] B RCA T RE . ol T B 2
G, A WL BT R GG E s, PRt RT DAk
Bl . LEAEM. M ESEE SR T
W, IREES 2] TR DUR B 2 et RefE, DA
I B e v ) < R AR U SR A

FRAEAE SRl B BT T SR 2, BB
e RIL O R iR BRI Bt R Al ORI, U HE T DAAE
EIREIR I CII & TN 1S (A O TN N ERYIS
AR AP Al o AU A BEAL E Ao VR ML A
W BRSNS ARz RTP

SR A R EEACD IR S T
Xf AR I AT S B AR A S OB T
P, i 1R .

1 HEXE=R

1.1 £RhATEFS

A G R AR G RN RE, Foyixi
IERR B AR ML AR R R F R SR, Z4ER
X} xR B PP I FE R B, REEATE IS4
BEAL, (EZE =Mk AR R AR & LA E S
THRFIE, X SRR RO R AIE 5l

FEAE S S WK BT 30 70 B W Se itk
FEHSRE . BARTERHAT &R 0 i, AFH
G A A 21280 R R I GE T HRRAE, (H2
X &Rl SRS R, — LSRR IE S TE
HANFRGAERI T h R S B, 17 HeR;
fE (RIRHAESESD) B sh S @B R 2K
HIEMN.

SAEBEMTIHFEE LW T . OLEA
AT B = B A DG R R A R R 2
Ab, B TIUH R IR NEIE AR, @R
Iy YSEE A A AL S B R i RAE R
RRAE, I R R AR B IR M i 1 T IE S
A BIRE IR . OWshERI KR 1



s 2 1 A

10 %

——————————————————————————

: O gmpULE L @ Bk : L @ R
i 1 e &3 | |
| B | LHHE | » ARIES
[led[e] -~ [o]] i i [[E][G] ~ 6] i RHIE
it 2 o=
A T T AT
@ R TRE RS ;
gy ]
oA
— EE=
I
B R £ A A B

Figure 1 Basic steps in financial data synthesis
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Figure 12 Evaluation flows for ML utility of classification task
£3 FRBRAARIES KONBSIMAMGIHENELE (5 M RRE LRFHE)
Table 3 Difference of ML utility and statistical similarity for classification
between original and synthetic data (averaged on five datasets)
g BLas ) B 2 72 G ARILRE 2 72
L it]
Accuracy F1-57%1 AUC Avg ISD Avg WD Diff. Corr
CTAB-GAN+ 5.23% 0.090 0.041 0.039 484 2.03
CTAB-GAN 8.90% 0.107 0.094 0.062 1197 2.09
CTGAN 21.51% 0.274 0.253 0.070 1769 2.73
TableGAN 11.40% 0.130 0.169 0.080 2117 2.30
F4 FRBENEREERANNEZEIGANGITEUECE (E2M 8RS LBFEHE)
Table 4 Difference of ML utility and statistical similarity for regression
between original and synthetic data (averaged on two datasets)
s BLEs 5 IR 2 %= Gl %
A
MAPE EVS R Avg JSD Avg WD Diff. Corr.
CTAB-GAN+ 0.04 0.03 0.04 0.040 856 0.65
CTAB-GAN 0.06 0.05 0.06 0.119 3396 1.23
CTGAN 0.87 0.59 0.71 0.139 3030 2.60
TableGAN 0.34 0.43 0.48 0.317 2366 2.26

W, BT —FEFAESE, ZHELL R A K AT
{2 (long short-term memory, LSTM) E4F13% 1
2 M 2% (convolutional neural networks, CNN)
BEAT XU DI ZRoR 0 S A T 58 5 o AR Y DL
5o HASEBE I A TE AT R BN, G TR

2% B < b PR I TR R HE R EOR 70Hr, AR Sl
BV ) AT S F SR T A . AR UL T SE
bR 5y B A Gk, IR B 73 X I ZREE AN
DU EE AR T 30K o WA 2R 0 o 40 000 42 e
SN KESCI S REW], GAN-FD ] DAY 2 d2
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3.2.2 MAS-GAN

MAS-GAN (multi-agent simulations GAN)[3!
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Figure 14  The structure of cGAN
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Figure 13  Self-attention module



3

RS L P 8 AE SR TP R <167+

cGAN P2 AE IR BT ISR, 08K 5t &9
DASRAR B 2 25 5 . TE SRS BAR A T, /T
SCHE B I CTGANPY R FE A8 Bl 2% 145 15 4 Bh 4 531
a5, LB AR BASE 2 A 5 1) 1) R

5251 3% (EXFE) L, cGANTT
DL AR 2 RN SRR RS, B X K
FAMFERE ), DUECNER R N — R E 4
PE, X AE H A RAEROR R ok st .
33 HERAMMNERTFIRAAEER

Pt 4 A PRSI 2 o R 2 (1 R A o R
VAREES &9 EF vy 11 N (AR YRt B 2 o N G B
A 2GR R B Ak, B 7R
DA FHUAC 2 22 T 48 281 5 11 A 48T
3.3.1 CorrGAN

CorrGANDPVZ B A2 pli sk %5 77 Ui 2 3R AT £k
TH IR 48 56 11 A G R R 2R . i 5 B R AR T
DCGAN 22 (F), DCGANIO3I [ A Bl g 45 1) 1 1
15 7R o AR R B8 — AN AR s Hh B FH A A
2 M 4% 1) GAN. 5 5k 1) GAN A, DCGAN
(PIZER A — S B M I AR Ak, I o w3 1 43
BRI FZGBONTTRE. EIETINT X H AR
B R RAEZ RIS . REFBEIR N B %
B e A A2 e A A ) A0 ) e A
DCGANf PL NI EZER %1, ODCGAN
BRI ZERRE TEMNBINE, HEE
FRE: T AE AR RIIBE . @ %528 F1 A4 ple g i
ftEIA—1k, SGE 7 AE RO R SRR AR
R E . @A B AT A JZ #BAE A ReLU 0
WA % 28 ] Tanh, 1705 552 10 TG 2 E04d F

Stride 2 16

LeakyReLU ##if. LeakyReLU 3G 7] LA R 1k
IR 288 75 A2 A DS i) 2 4 AOE S ) AN AR A o

TESEBR &R H Y, CorrGAN HEZE R LLH
MAAE T FEms KU DAl DL S A% 55 20 & 0l
e Bk, HFANREAFERETFHERT,
I FH AR 1) 82 117 37 o) 2 A B DA T S Re R i [l
M B G AR ORIt ERE, AHK
WEFEN LA T — Ak, DA AATTRE RS X 7
FLSEHE AN S B A DGR R . S5 R EoR, B
ITAE PR R A2 0 AR X 201
3.4 HERAXTHMNLE R TR EFSIE R
3.41 WGAN-GP

WGANI®671 (Wasserstein GAN) 2 T —
AR R £, {4 H Wasserstein FE B {E N iR 45
GAN #7 K B B A, B 3k T KL MIS B
). Wasserstein 0 25 /& H >R B & AN 0 A 2
RS T, ERAEEES (BHD HMER
— MRS I 5 — R AT RN RE
ik, B — RS Am W7 25—
oy AR RN AR, BRI, AR N Barth
Mover 55

XM SUR P T 53 A8 U0 R AE GAN
Hh R AR RIS PRV 2R RS 2 it ) I o 3 1 0
N, N AR e LA AR PR AR A, e
W S 2 p AR, A AR AR I R R AR,
M aE 22 3] ik #E o T AE 438 B W-Loss B8 5L,
SN ER TR, Forh R E PR BOE
PR ELHLAR 1 sigmoid BTG R, B H AN 2 4k PR
FEOR L Z I8, TR AtHZEZ L, 415 iR

CONV 2

Bl 15 DCGAN /LR g4 1
Figure 15 Generator Structure of DCGAN
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Figure 16 LSTM-GAN model
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Figure 17 Framework of Huatai Securities uses cGAN to forecast multi-asset covariance matrices
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Table 5 Daily frequency series of SSE Composite Index:
comparison of evaluation indicators of various generation methods

PR it ISR ]| GAN Bootstrap GARCH
A I 10 B AR G R AU ME 0.11 0.11 0.10 0.10
J& a3 Aii WEFEZR A o 422 4.52 4.26 4.60
MRS EPREEnE S EX Y 0.16 0.32 0.58 0.17
FLAF RO T OB AH % R B -7.02 -4.56 -0.05 0.02
LR BV EPS SRR NP -0.02 -0.03 0.00 0.00
T AR FRYE 70 I s KRB ARl 2 2% 4.00 7.45 226 0.89
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Table 6 Comparison of evaluation indicators of
various generation methods
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