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Anti-money Laundering Detection Method for Asset Management Based on Temporal Graph
Neural Networks

XU Xin',ZHU Hongbin* ,CHEN Jie* , LI Qingwen’ ,ZHANG Xiaorong' and LYU Zhihui’
1 School of Computing and Artificial Intelligence,Shanghai Lixin University of Accounting and Finance,Shanghai 201209, China
2 College of Computer Science and Artificial Intelligence, Fudan University,Shanghai 200433, China

3 School of Information Management and Engineering,Shanghai University of Finance and Economics,Shanghai 200433, China

Abstract The asset management industry,characterized by high-frequency and flexible financial operations,has become a prima-
ry target for money laundering activities. However, the sparsity of transaction structures,the complexity of implicit fund transfer
paths between accounts,and the non-uniform characteristics of transaction behaviors pose significant challenges for traditional
graph modeling methods based on explicit relationships. To address these issues, this paper proposes an Anti-money Laundering
Detection Framework for Asset Management based on Temporal Graph Neural Networks(AM-GAML). By integrating temporal
models with graph neural networks,the proposed framework constructs a joint temporal-structural embedding representation and
designs a graph generation mechanism based on implicit interaction relationships. This enables the framework to effectively cap-
ture weakly correlated features in transaction records and uncover complex transaction behavior patterns between users. Experi-
mental results on a real-world transaction dataset demonstrate that AM-GAML significantly outperforms several advanced ap-
proaches in terms of accuracy, recall. Fl-score,and AUPRC. The framework excels particularly in minority class detection and
generalization ability. The proposed method provides an efficient and reliable solution for anti-money laundering detection in the
asset management industry and offers valuable support for risk prevention and control research in complex financial scenarios.
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%2 fiyl,

*® 2 FHEFIR

Table 2 Features list

xE HEAE
i 18] 4 CONF_YEAR,CONF_MONTH,CONF_DAY
N CUST_TYPE, BUSI_CODE, FUND_CODE, CONF _
R 515 R

AMTS

NET_CODE, COUNTY _PROV, COUNTY _CITY,
COUNTY_DIST, TELL_PREFIX, GENDER, AGE.,
RISK_LEV

5D_TOTAL,ACTIVE

ERIKPFER

A 3R A

R A8 Al A X WE R AT Ry 1 B 1 8 SR B 4 v v R Ik
B 17 2% (3% 337 A L IEW F 4 82. 8% (3 1619 4,
B e i 260 43 A 22 5 . oAb N B i R E A NK T
MUK % P R 4% 7 L4330 o 63.1%6,26. 8% 11 10. 1% . 1k
TR A AU K P RN R BUORE AR
it 2 B R G G HRAT O RRAE Y SR I, Oy S S T [
T 25 06 2% 119 2 R e A ) 7 vk A AL T AT A P e S EE

TERE AV S5 By B F B0 4 BB 4= 353 19 L) Sl 4 A o 4
4 B IEE CMRAE . A RIERE RN TE R W) % 7 B R T 12 kg
J1 550 43 5 B R R AR P AL I 43 2 R AR SR I, LA R 25 4
Wi A h g PSRRI AR A S A o A . BOR AR Ay A gk 3
%1,

3 BRSNS
Table 3 Datasets split
& - d I % # x5 &K
Il % % train 781 151 630 22767
%3 & val 586 93 493 14775
IR test 589 93 496 16530

4.2 LWiIgE
4.2.1 SEIRBE
AW TERL 4 4 3 NVIDIA GeForce RTX 4090 &<
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% %% L 58 Wi, MR 55 4 8 /E & 4 & Ubuntu 20. 04 LTS
(64 f37)  BLARERAE (F IR B L B AN % 4 Frdil .

KA LRIABIRE

Table 4 Experimental environment

7 H BE
4 28 K 4 X NVIDIA GeForce RTX 4090
BIEZRL Ubuntu 20. 04 LTS(64 1)
CUDA & CUDA Toolkit 12. 0,cuDNN 8. 9. 2
Python J{ & Python 3. 10

4.2.2 AHEE

5 AN AT BRI 5 S BT B G 32 5 )T 5 4L
T (V9 SF e A AR BIRSE 78 1) 3 P TR) ) A RO, L e GNIN
RS ) 5K e T

#5 SHHE

Table 5 Parameters configuration
H 4 1
1 b 28 Adam
e N fa 5% 2 4 64
(LSTM) % 100
He4k FE K /N 64
R 28 A AL SVM
) e # 1 % # (RBF)
P 25 A R W e 07
K 5
[ 2 4 £ 128
B s g & 4
GATv2Conv % k 3t & 4

4.3 FMIERR

T8 B 7748 B 37 5 T O S RS T A 55 v L R e R BT A
i OB 52 2 T 40 A AN B B B0 R, A A T T A A A
BE - BRIEA 2 (Accuracy) Sb » A% SCif H 5 ¢ HE A R 7R U 2> $
ZECUME B BE % P AR B, A e, SR A [T 4 (Recall)
A et AT R B R ST P BRI RE T . TEAS RS T A
SE SCOR AR TE A R A o R SR % P Bk o T A LS VR R
Bl P BB L, 7 (] AR A 0 R 3R A Y O i /D
HE 4G It T 22 L9077 70 A TR R R BE 2 1

(7] sk 255 280 5 4% C BRSO IE 6 7 7 8 % ol 3B 7 Oy T R
IS ) 2l R A e Y38 B AR L AR SCR ] Fl-score 119 47
IR . %G bR i P BR §15 Precision (U 2y ¥ £
BRI PR SEER R PR R Y LD 5 A 14 Recall (ELSE
BB A P T Bl IE AR AR B LE ) SR A A 7 7 TR i R B
BB T I R R A B AR R . TR

_ 2X Precision X Recall
Fl-score= Precision + Recall (16

WE AN, g 3k — 2D PP AN S R TE S8 ) AR 8 AN 35 4 O% 11 R RS Ik
BRI BE & P I ARSI 1 BB A< SCSR T AUPRC (Area Under the
Precision-Recall Curve) /E N 3¢ 8 ¥8 #5. £ 4 1 AUROC
(Area Under the Receiver Operating Characteristic Curve) ffif
AR X 0 IE SR A B RE T AR B 0. 5~1.0(1. 0
FRFEAAKIF, 0.5 R I FEALIMD . SK10, 72 ™ & 2 5
AEERELLT , AUROC 2 # Ku AREARGER % 7)) &
S DATIT v A 45 28 0 O R R B 25 P R SEBR A i RE D . AH 2
T AUPRC B i G 7 450 20 % v 4% e 58 % P g U0 R .

M2 72N Rl B T 45 6 I B T RS i % 5 8 BRI P, AU-
PRC 1543 5, 136 WA A5 2 8 0% 76 OR35S IR IR 42 1 [F] B & 3008
ZURERIREE A 5 1 2 A 4 T VAR & P EL B U 3 1 A
P BB B2 3T BE ML I K -

2 FRr iR, AR i Al Accuracy, Recall, Fl-score #l AU-
PRC 1E R EZIT M 78 55 I 24~ 2 B 4 T IT- Al A5 2 78 )2 ok %
AT 55 v (1 PR BE .

4.4 HEAEHER

BT AT VAL T EE 0 AM-GAML KE 28 78 %% 77 4 AT
b S A T AT 55 v 7 SO AR BT 5 43 00 R LR O I AR
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LSTM AR J5 55 fiE T 82 48 B & 7 52 5 07 5046 0 e A
GraphSAGE,GAT, HGT,R-GCN, MAGNN 18 [ J§ 44 35 5 %%
P b P -FE A 1) S PR RN R AR 40 ) e 2
BEBEZSHT R ISR E AT S K5

SVM™ . 28 B 1y Z 4y FBE A L 3E T /R AR 25 0 AL RRAE
B3 B4R 55 .
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GraphSAGE™ , 3 F 48[ J& KA 5 R 1iE 24 HL I i B # £4
W 2%, S KT RIS Pl 430408 1 v A R R =

GAT™ BRI M4 85I A A ERE AL, sh &
AR SACE IR AR R AR

HGTPY . 3 T Transformer %2 ¥ f 5 44 [ 4 25 (0 45 #5
AL, 51T SRS 3 JER Y A R AL S LS 1
AR,

R-GCNF 56 2 (&R 5 B 4%, 3 F 56 2R 28 (10 A A 46
fe3 A AN ARS TN S (T

MAGNNT 56 58 B 12 (1) 55 A4 8] i 8 1) 4%, 38 3o 19 050
PR 5 T B AR U 1 22 T R AL L SR TS R AT,

4.5 EWERSH

4.5.1 ZBER
6 B T A R RYAE S Bk SR A AT 55 P Mg .
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Table 6 Experimental results

7k Accuracy Precision Recall Fl-score AUPRC
SVM 0.9219 0.8730 0.5914 0.7051 0.7529
GBDT 0.8506 0.5177 0.7849 0.6239 0.7768
XGBoost 0.8421 0. 5000 0.8817 0.6381 0.8197
LSTM 0.9253 0.9093 0.7940 0.8374 0.7825
GraphSAGE 0.9542 0.7895 0.9146 0.8475 0.8749
GAT 0.9253 0.7639 0.6707 0.7143 0.7204
HGT 0.9161 0.7231 0.6512 0.6838 0.7008
R-GCN 0.9379 0.7222 0.9000 0.8013 0.8151
MAGNN 0.9273 0.8893 0.5464 0.6766 0.6710
AM-GAML 0.9610 0.9168 0.9419 0.9287 0.9351

A LLE B AM-GAML B RIZE i A 35 b B R B @,
HE 5 & 7E Recall (0. 941 9), Fl-score (0. 928 7) fl AUPRC
(0.9351) Jy I, f 35 40 5 T Ho A B A, B8 2 ) LA
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SVM A4 #E R R 155 (0. 921 9) , /2 Recall fifi (0. 591 4) , F I
X B ke BE % P R 0 RE I A R A A B T TR 5
GBDT #1 XGBoost SR 1E Recall 5 fr I WA i, {H Preci-
sion 43> 0. 5177 Al 0. 5000, H Fl-score fl AUPRC 3 #5
BIAb T BAR K 3 BT B 7E 1 57 15 501 e B i BE 25 7 1 E
P T AATEAR 2 .

WX LSTM Fl AM-GAML £ % i ¥ 8, al DL i —
UL GBS A 0 R Ve AR AR S i M, — O,
Kl g5t 254 T TR B ST AR BT O . AR T LSTM £
#, AM-GAML 1) Recall B\ 0. 7940 & F+ % 0. 9419, 8K T
18. 63 % 47K T %k ¥k 4k ke 5€ & 7 1Y 8 75 90 [l 5 Fl-score $2 7
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B R
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Fig. 2 Trends of evaluation metrics across training epochs
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BUAE % 7 W 25 3 v i B A/ ELIX 3 B A B i DA 220 i 7 7 Uk
BATH. HBEZ T AM-GAML 7E L £ il [ 3k — B4R 7+ T &
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AT, 388 0 AR IR ASE Y 220 0 2% P 58 B AR 3R L A BRUAR K L B AR X
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4.5.3  BEHRME Y H

DR R A K 19O 43 4
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Table 7 Model performance comparison under different K values
K {# Acc Precision Recall Fl-score AUPRC
3 0.9559 0.9060 0.9359 0.9200 0.9034
4 0.9609 0.9215 0.9346 0.9276 0.9435
5 0.9604 0.9216 0.9313 0.9263 0.9149
6 0.9593 0.9187 0.9306 0.9243 0.9200
7 0.9632 0.9183 0.9505 0.9334 0.9409
8 0.9674 0.9276 0.9553 0.9407 0.9460
9 0.9666 0.9241 0.9583 0.9398 0.9333
10 0.9643 0.9196 0.9541 0.9356 0.9287

JNF 7 LA LY K=8 I, 45 5 (% 45 0046 I 35 s 34 3k
B e R 3 WA s e I 45 ) B 0% A sk T 52 5 = Ak 22 1) ) 7%
FEATROREE, Y KA — BB R A M e 2 80T R 3,
XA AR B T I KA I BT JEoR MRS 1, s 2
I FRIRRE ) Z B, T2 K EB/NE B2 i F e
A U A RN AR A2 4 R BOST R L BE A T B,

HE—#5% 6 XA LU LB, e K (B AY 3 8 ) AR
b, AM-GAML BRI FE R [R) S 8015 5 T 1 48 K35 43 48 bi 453 4
PIOL T A2 R . {51, Rl 7 R B PE BB AR X AR K =3
il K=6 B}, AM-GAML I CHEF8 R A5 B W O T SL R4,
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Fig.5 Impact of parameter K on AM-GAML performance
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Fig. 6 Impact of parameter L on AM-GAML performance
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Table 8 Runtime analysis of AM-GAML under different K values

, 4 4 W% T
K&  #% fa SO
it A /s B 1] /s FE 3R /ms
3 11736 1.5674 1.7581
4 15648 1.5784 1.7665
5 19560 1.8465 1.7660
6 23472 1.8524 1.7708
30.43 _
7 27384 1.8565 1.7611
8 31296 1.8604 1.7719
9 35208 1.8637 1.7731
10 39120 1.8689 1.7832
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