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Review on Temporal Graph Neural Networks for Financial Risk Prediction

SONG Ling-Yun, MA Zhuo-Yuan, LI Zhan-Huai, SHANG Xue-Qun
(School of Computer Science and Technology, Northwestern Polytechnic University, Xi’an 710072, China)

Abstract: Financial risk prediction plays an important role in financial market regulation and financial investment, and has become a
research hotspot in artificial intelligence and financial technology in recent years. Due to the complex investment, supply and other
relationships among financial event entities, existing research on financial risk prediction often employs various static and dynamic graph
structures to model the relationship among financial entities. Meanwhile, convolutional graph neural networks and other methods are
adopted to embed relevant graph structure information into the feature representation of financial entities, which enables the representation
of both semantic and structural information related to financial risks. However, previous reviews of financial risk prediction only focus on
studies based on static graph structures, but ignore the characteristics that the relationship among entities in financial events will change
dynamically over time, which reduces the accuracy of risk prediction results. With the development of temporal graph neural networks,
increasingly more studies have begun to pay attention to financial risk prediction based on dynamic graph structures, and a systematic and
comprehensive review of these studies will help learners foster a complete understanding of financial risk prediction research. According to
different methods to extract temporal information from dynamic graphs, this study first reviews three different neural network models for

temporal graphs. Then, based on different graph learning tasks, it introduces the research on financial risk prediction in four areas,
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including stock price trend risk prediction, loan default risk prediction, fraud transaction risk prediction, and money laundering and tax
evasion risk prediction. Finally, the difficulties and challenges facing the existing temporal graph neural network models in financial risk
prediction are summarized, and potential directions for future research are prospected.

Key words: temporal graph neural network (TGNN); financial risk prediction; stock price trend risk; loan default risk; transaction fraud

risk; money laundering and tax evasion risk
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eI T EIER G G A ARG I RIS Vi, B B S AT 5 1 B DR AR R A v e V, AT 5
5. T TR AR A A Pk SR SRR TN, 985 7 R VE P 4 S R R VE AE 5 AU, W TEAS &9 U3 (R e R A A X
B TR AT 55, 5 P R A By R 5 i 1) 4 2 ) R

(2) BT A T E G(g1, 82, .- 8r) » AT 20 o 4 R S 41 250 007 JXUSS: 25018 T v 3 1 2 JR 20
B A5 A AU TR 4 R0 ) . Ak, B0 B 5 AU IR 4 (] VAT 45 B T P R s S T e 4
R, TIO SAAT RUAE A SR B 20 B 2 /B 20 R XU AR 26 (14 8 PEABL AT 55, LU ZE AR 48 728 3 XU TR g 91, 152
z, € RV ROREIZ 1 (9 N g 1005, 1200 80T DUR 2 5A WTE AT 20 ¢ B 2N i sl BUE 5. 45 e i 751 X =
(21,20, ..., 2} , V5 R IA) 7 50 (B0 VAT 45 2 15 7 50 W0 8% (¥ 2 Atk b 0000 4 A 0 A e A Bk 2 AN 21 4, B T30 /7 5
Y = {21, Zias e Zvn ) o H RN TR ZETRIN AT 2080 5, FRATRIALT. LTS H > 18, BI N 2 25 15 TR0

(3) I RAES: 4N P G(g1. 820 80) » TE LI Z g, = (VL E) (1 <t <T) . X T B RN e € E,, ITERK
LTI B, AR A ST ST S P73 R AL f(e! ) . WISPFIME RN ef, B TEE, S v PR XU D
91 flet ) FREF AR TER R (v, el ) 5 i XS 200 5 PE Ay (e ) VOB B, Hm T BB K 2 9 15 0 SO
P, AT B 0 R 45 0 A0 TE K, TG T- I e BT Bk 2 XSS Tt g A% Dy 1) — 43 28 1) R

(4) BEEETNAE S A7 G(g1. 80, ... 8r) I B FRBERIAE S E = {u, v, )} (1<t <T), Hhy=1%
WA w Ry ZIAFAEI, y = 0 RN EANZ A ASTEAEID. CASE T4 B B P24 1) XU T DU 72 A 8], L w18 7 Fr 42 4
A ERAS AT B B B TN 45, B bR A T AN A B 2 IR B AETE AR B D0 R, R R RS ¢ R IR
A5\ S S P TR0 it i

(5) HEATRAT 55+ T ZEULIARIIZ, 545500772006 1 S AN A% 78 B XSG T 00 a8 A5 g =4 et 43 288 o i [ 4 1) A
[, AR 250 B An 22 2 — AN REER R 2 R P! = f(XY, Horb X R N SCREEAE « 32 5 B A I A& Hiis . il
FXN B — R BEEBUR B — N R, ISR s, WICTERT Z1 7+ 1 AR TR EE 05 S 2d i e, JRURS B /).
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3.1 RBRiEaEE XBE T

JE A a4 R S 8 AR R R AL T AN SR £ 535 31y, BICER T 8 P 3 2 To ik TIORE BT AR R 2R R s i, g AR 2R 5
B AL s L RO AT 7 2 A8 a0 (R VT BB L. AR Hh A X A 0 ) i SR AN A% T R T R AE — 5 S U ol 577 (10 453 2 XU,
OO A S A% Tk B Bk HH TIUIN 28 R B8 0 B A 110 S i B, B A T DA B A 2 ) RS S B P FHE R AL,
[RI b, T S0 FoT0 5 i 52 IR Tt S5 S5 AH 5K

55 PR SR R TN ASE FH 45 0 5 07 v RS 7% )13 B [ AR Y (autoregressive integrated moving average
model, ARIMA)!" VRIS | VA 2% 11 57 75 =45 B (general autoregressive conditional heteroskedasticity model,
GARCH)!" 4% i 4F sk, £ T 3 4L (support vector machine, SVM)!'™! | BEHL AR A (random forest)!' 254 g2
SIITERFE T KA WEZ P4 (long short-term memory, LSTM)VY, [ #5435 ¥ 7T (gated recurrent unit, GRU)!*1%%
TRIE S ) D5 )3z P T2 T RS A% e 0 1R XGRS 2 7. b S A 38 38 T — AN AR AR, YO & SO SR 2 )2
A AT, (BB B T RS B MR A T I R U7, H AR A AR A 2 52 B 5 2 MDA A% A R
W ABZ ARG, A [ 55 (R E M DA AR 250808 S B SR I B 2R B R, LR B8 T A — A7k, RIS . Jie
O, AR O RAEE B X i B A B AR B B0 E B R EH S B/, ok, REME A
SN E] 5 2 AR, HEAR FC I RV A R A A AR B B, A G g AT T s TR 1 B 2 W 2% 7 RN S .

LR IR, SR FH IR e P 44 ) 4 0 S A1y 7 35 DA T RO 2 G S 15 0% XUy, il A SR IR e R, R AR ) 32 2
2. TG BT I e Bl o 28 0 45 (1) J Yok 3 o i T IR S A s (0BT 3 R, 444 M A XU T i 80 A5 Ay ] P 1 A4 25
T R B B 2%, BA 4R,

31 RN

X TT VN W SR F A XS RO AT 55 T B9 25 T IR A IS e BRL R 3 55 20 R 55, b 5 s R A w52, Tl A
B AN AL B y %A 55 F BN BN 1) o R BN, Kby = 1 RN ETHESR, y=0FXRK
MR EE . BAkH, y BE AT RRA:

1, ifx > x
y—{ 0, otherwise M

Horb, x, RoRZEG A e RN RS G130, Deng 55 A 1 7 I 16 R S35 5 SR AR TN 1) S R R Bl B 25 A 10 2%
KDTCN, W& 5 7w, WARGRIAC IR ) SCA b b B F = S 4 R B, 28K AR R R N, 5 4%
A HFEAF JE I N TCN B (&l 3) #EAT 702K, 207 30k R RS O S AF it 51N B 1 ISR 5 1 — 0 R 155
th, S T A T 0 1 A B R AR AN R AN T S5 AN T AR 1) L

Knowledge-driven event embedding TCN
Event - . = = 1
DOOESOS| - TII]) 1 Residual block (k,d) .
embeddings - = & - LL Ll ! \V Ll Output R L o AR - LT
! ' ! N B e Sofimax Dropout G
s .
% X | Skips — bk
Knowledge | D8] >p Weight normalization
base 1
Dilated causal convolution {37 convolution
B T 1 | (alternative)
X Dropout - ¥
- b 4 ® | Entity d=4 T
e .. [ | linking Lt ReLU
Event tuples: ({3 () e [BO8: /) £ £/ Hidden T
LB Ey E, | 1 a2 + Weight normalization
g 1 + 'OpenIE . 1
I I ! | e / |Hidden Dilated causal convolution
p P p % p | d=1 ¥
News corpus é é = 56 & nput .
N, N N, A N: ;j S -
I Mapping. 0 © @] Multi-channel concatenation | & 0
Price values PPing Price vector Input

Kl 5 KDTCN ZE#)~ &K

AT, _F i T M LA RS S 2 0 e K A 2R T A (1) AR P AR A . D, W 45 1)
PN 5 [ FHARL, 20 R e 8 9 SNSRI TR AR 2L Rz, 55 1 /AL 2 A P T A P Sk VO i
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TG S A B, AR5 SR struc2vec! VA > REWE (RS [ A ) 55 A 2 1) SRR G5 A (R4 AN, SRR 4R 1A
S (collective influence, CI) ﬁ/i[”(”{wibﬂf%@ﬂ’] IR, 55 2 AMBEHUR TR A M4 (RIS R, HOh TR
I SE 18] B g RS B AP TP B I 25 0%, SRR T R I 9 RNIN KA e AN 8] B 18] s i S A% i s =X
HR AR AP R S8 ) R, 28 )5, R EE 0 2 R I SR IR R QIR 5 4. F )i, R FH A B i B A R 22 1 Rl
TN, TRIUAH RS SR H () Bk kA b e 34

W 2 N T ) 3 5 i DX 40 AN TR A S 00 1 S ke o B S A s A T 1 2 . ke, BTN
PR T E TR B A L. 0, Tian 2N R I TIRATER 1SS RN 4% HAD-GNN,
HE S MR HE A [ I 22 177 s M ke 2 1) (PR AR LA P A 3 T PR PP S B 1) B 2 I S B B, A0 &0 i o AN B T 1) A
T Sz Bh 7 [m) TR ) 2 v s S e sh 1, B 4328445, 2) FH T S AN IO 45 ) B2 /R b i S2 B sh 1, B[Rl )94
%S85, HAD-GNN K FH i 25 - A5 25 A AL EAT I 2345 RAL B, o JRAVE R )9l 4548 F 56 T LSTM Il /7
VR JJJE AT s G 2 L SR At SR A ZE 3 B v 73 s R A 4D 0 R 2 (R RRAEE, 1T A D AR 8 1 T AR 471 53
HH S ZE A Sl A N [ 4k 2 ) T &5 S

DL T iR AE A g I, R M S 43R SRS 0 83 ) S5 SO A R I S SR R R BT R R B B, AER R
SREEAS KB (4 v R, L 5N B A0 2o A Pt e DA S e 28 ) ) 5 BRI Bh A 224k, ik, Xiang 28 A\ PO H T 1 i A
907 A TN 1T By S A T A 8 X 8 A Y . 54 3 1 5 T e Rt 1) % R B ik N bRy MY R R AN TR, 1A T
ST H M ZE 7 sh i 5 U P A BAR 5% R BORAS BUAR AR R, T AS 75 BEAT A M A AT e R B 3 [ SOAS.
SRJE, ARHE A DR R oh 25 J0 3R B B 8 2 W) 22 1) 1E [ 1) (R e > BRIE) SRR A () (R R HE<BRME) IR R, WD H a
SEA . B, R Transformer BE4T 22 1B 0 A% G 0, FH TR I BEBS P R R IHLEI SR AR B IE. SRR
A5 2., I P 53 4 PR R JI ML) BB BT IR ST S A IE R IE. I, B I SIS N A3 R 28 AT B 2N A% Fa 3 A8 B))
I R A .

SR, 3 5 k2 S R P R 2 18] 0 e o B A e A SN A B e . B R, 2 7 S T (hypergraph) $2
T 0T 8 T R — 28 50 B 22 4 G [R] A5 sl ik 34 TET v B IR R ABIL (hyperedge) P LLIERE S AN &, — 414
WEMZ AT M BEA M R (high-order relation). &5 44 48 9 P 2 R A 777260 B K & 75 1) 1) 83, Sawhney
At \ 02 pewot LR T AT AL F] 96 R AT R, SR TN A S A 2 R 4R A A STHGCN SR S B I Z2 47 4% (1) I
B A R AE R T A FAT ML A 22 2 (Rl s B o & AR &, Wl 6 Fw, STHGCN & Je iR AR LA AT ML A5 B A
S I SR I, R I I P R AT A 1) RS R LR B E)ME B, AR5, 25T GRU {8 H 1% 05 8] 5 AR ok 2% 2 IR 22
REAE BRI (A1 AGARFAIE. B, K 11428 (1) o) i) e [T A AN 2 (8 B 5 FRAE B S — A ) 2l R A AR, R 5 2 AT R A
RAEAS BAAN S [ A AS SR BB S R ERIA . 5, 4 B2 I SRR R IR N 73 AR AT e A i 34
J—U}AE/JF AR

______ _.__ J‘
Sectort mdustry hypergraph ] ‘|—+, Spatial- temporal

1
: i ™ gn 1Sy 8584 850 Sy by hypergraph E !
| \{ . O i [ R 6] 51 1 ] '} | convolution ||
d \i ojojolofajoll | network |
i AN - [0]01010]01010 R s,
: 1 = Hypcrg_raph ey [ol1lol1l0]0l0 i y !
] ] ¢ ! creation H i :
1 oy So= 8 i
et A . 115 i
: , Hyperedge: Computer software hyperedge: transportation hyperedge: healthcare : : ; !
RN ER— , industry industry R . b @ngn
e ‘o ® \ e ® Yoot sw Neural
i | | | i !
Feature @u | ] i § 1
Stocks |' extraction : I : : ; : : : " e :
” R I I @ I i ® . |1 Movement prediction ,
% K e S . o B ® ' /| through STHGCN

* Price information encoder

K6 IasiEERML% STHGCN [

Bttt STHGCN it~ St tof 45 A 7] B0 T 2 320 1) i R, Cuii 2 N UV BREHE T — ol i) o Bﬁi@%ﬁ& 7'J|_J
2 HGTAN, H[FB 58 75 (intra-hyperedge) ##Hi2[H (inter-hyperedge) A1 K[ (interhypergraph) iX 3 2
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B, R A AN [F T 5 R AR P B B, G R X 43 T AN R S5 A E R
3.1.2 A
SR M B TR [ e 20 A A B R 1 ) T T DA A S i SR I e PR v S R [ S TR ) L B AL E A

?Jﬁ\{ﬂ“gqjﬂ“%ﬂﬁﬁ?f? ANB] ) S ECE T — B A1 P BN A

B4, Hou 5 N OO 7 — AN F I 2 7 B AOVR FE TR A i 25 A R I 2%, 12 T4 B S it 48 43 ) 4 i o
(variational auto-encoder, VAE) XA 7] 2 [B] B8R ¢ ZR R B 4R SR AL 2 ik 221 77 1S AR5, I SIS R 28 A LSTM 4E AR
B AN — 0B AN T P 4%, 53 T e B T A S et R e (0 B ) 0 25 [RVRFAE A5 R, JEAT 7 T000 5 S A0 A AR A ZE A
RAE SR P 258 Pillay 25 N VPP AL T 3 Rl Seidt (i 23 B 42 1 4 5 3%, IS T IR0/ 44 T 4
) BELA AN TR AN 22 35 B A T, & B GraphWaveNet™ 78 22 35 Tl 47 T StemGNNEAI MTGNNPY, 77 MTGNN
TEHOG TR 3. A SCES 3.1.1 TR FIA) Tian 25 A O TAEZR AT LAEAT 195 R 19 22 25 3 3 TR 0.

3.1.3 HE&yE
TUAT HIF 7308 5 F A e 34 T 244 55 45 ﬁ%‘é&%ﬂ%?ﬁiﬂ JIE S R B B S — AN AR VAT 55 SR TN e 5
BARMN S, (ERTC iR A T e BRI ok i B2, 3X 7T B S 2 e 5 SRk AR. (R, Feng 25 A V454 2% pE I

SE (Rl H AR A LR B8 1A X HE4 Wjﬂ:lﬁ, e 7 —Fh L i (8] G A (temporal graph convolution)
WX 6% 14D 5 22 5 R e S0 HE 4 T 5 ¥, 444 RSR (relational stock ranking). W1 7 B, B 2o 68 OS2 00 7 240 ks
JEAVEE X, SINE] LSTM M5, LA IRF 5IAH S I 22 S RN R IR N E, . BEJS, 5 E, 15 NI (8] B A AR R 4%,
2N 24 T S A A L AR R AR, R F IS S BRI S B i gh (R . IS, SR B B IR R MR A HEA
TRMAESS, RSR A T —ANEEE T AEEHR %*DESZXTﬁF%HZ%DTJ KK H AR R, SRR A AT S5

(Am r/+l +azl . . Omax _ AHI Az+1)( +1 r;+1)) )
Horp, P F0 R R SAERTRIE, o 9 FEPIAS RIS R I ERE R LM, PRI 1S
I3 WA 5 SO0 2R 40 %6 B K /S, S i B WA i 6 2 1) AR R HE 4 I
N T RS [ I ZEA) 5% 20 B B I 18] R AR AR AL I 1R, Ying 25 N O b TR B 0 9 R HEAL B RSR 2
AT 7 ook, R 7 —Fh I T [A] R0 Y B ok RIE B JI 4% (time-aware graph relational attention network, TRAN). B
%, TRAN FETHRER-AT V53 3805 BA I FE 00 2R 1, 43 ) A7 52 IR A 1 270 5 S48 SRS v S U 1 7 2 AR AGE
AR 2 JEm M 285, TRAN I8 7 s A R AE R0 B 52 D P 9 3 75 58 T SR SR HU 552 B AR A A8 O¢ Ry TRV, |,
BT T 2 R EE R R T, TRAN FF B A5 RS 55050 3 AH DG 5247 s (AR AE R 0E. Bk, BESE s B AN AN
JRVELE S ¢ REIE A2 H R ] Rom A

1+] 1+1
L

s =P (W], [h)s WZ,] + by) 3)

Hp, v REUERE, Z, %TMHQW#”LI%EP%EXE’JEXW P, by LR BEE RS 5 S PR S e B RFAE, Wy
W, FoREERRNSEOELE, TR EERE, b, FonimE. B, B s A j RS ¢ RN TR EREIOG R IER I
ENORA R AW SR
= 2@ () @
D, SXP(@ (1)
a; (j) = ul¢(W.e] +b,) ®)
Forbr, @ (j) R j HIRHEXS 52 s AR, N IR s BIARIR, o B0 AL, uf - W, Fl b, JE 725 21
SRR AR RE. F1— B GON A5 Y f 4 420 B 2 [ 72 AN [R], TRAN W] A 5% 22 7 i U AL SE T 50 RARAE R
ik, B, TR s, R IR R b T A AR SR S RHE SR A AR, 1535 ¢ RAC RFFIER R a) . &N
BE AT

- Z degree (j) ©®
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Horhr, degree (j) NIRRT j IVEERL, W 55— RaiUIRES. B, R BB AR i RS2 7 S5 A e T30 e
AR .

@) (@] Ranking scores

Prediction layer

Relational
embedding layer

Sequential
embedding layer

Sequential inputs

AAPL GOOGL FB
Bl 7 RSR KA E

PA_E AR 44 TN 7R AN SRV BT 18] ) Fons 5% 2%, AL 17 IBESRE 2 18] A % A T 7R 30 B0 o i 3 22 A1 g A
Kl e a1, T BAROR T ST R AR S TR b R 2R 9 1R B SR S [ AR sha 3, Jk Tk B R 44 51 3R T
TIZHET M. Sawhney 2 A P H T T 22 HE 4 I 23 48 PR 2 9 46 STHAN-SR, H A Hawkes if F2 V3
T T LSTM $REUMIN ()34 55 7, 49 B 7 B S2AFAE. S8 )5, STHAN-SR 751 FH i [ 5 R0 i 56 1 1) 2 ) 254
BN BB A SRR R . 5 S B R 22 2 IR (R B A5 AR Ok, Sawhney 25 PO HH I ) 35 33 20 245 5 S0 P 1)
#% (time evolving dynamic stock hypergraph network, TEDHGN), PAR (A1) 7 50, @il M @ k1739, A
KA EEB SN A, 2 S IR 2 18] 3L R B a3
3.1.4 ATEG

JG S 2 NASFESS AL, TR EE 15 3.1 715 A 5 IR T 348 73§ 30 SC & B FH OB R s I 28
BAbH 77 A 44 7.
3.2 GIRIEL XS T

PRI L AR A DY A B B NBCE FERLE 1R B KT S BUE 20T . AL 3 T G tHERT AR &7 2 1
SECR LTI 7 AR ¥ BT W 2947 A B AL, BLEAS FARRAE [ & A8, AR, /Aol i SRk i % A
BT 8 G100 55 R0, 2 2 B R AL B 2PRAS (K2 . b gh, A (145 A RRAIE 9 23 B B[] % A2 AR 4.
DK, BRAT HF FETF A0 R IS 7 B 22 X 2%, DA T DR 1 45 25 il ok R ) Sh &S 1 o 2 STAH SR IR IS PP RS R RFALE. A
P27 ST (55 4R B2 25 18, B 1A D7 120 g Dk e 440 DU T i Rt e AR A SR Pl o )1 40 2 343 R AN
FEPMAES, BARA 4.
321 FRPR

R TT VR L T B3 0 Al -ARAT (5 BT 1 A4 15 PR, K ol 10y B i 40 IR i A A A Ay T o Al
R R AESS . O T AR E R I R RIOG RS FRHAE, B SN BB T — RPN T B DR R I B e
W %% 1l Cheng %5 NS5 e th T —AN3h A5 40 TUAE 28 DDPF, F7E— A i 21 5 (¥ HE 42 o [5 B F A 7 983K



12 RAFF AR SR g K o e il

A

N F RIS 7 GE AR OR PR 2 2] Al R Zh S SRR AE. B, an el 8 Jirow, i N I 7 a0 AR 5T
NFH, EHEEE— RIVEHRE: M. PR RS, G AR TN [E) §HH ORI 2%, R ok £ 2
IR 5] 7 11 A6 ) 26 45 41E. DDPF 8 S A AE AN [R] I 18] & 11 1K) O Al GRFAEEAT 3432, LAOR B il 2 1B (1) 79 6%
AT I FIAE LR 00 45 (1) 25 18] G5 KRR AE . B , R 3 45 5 IRV & R AR 5138 N 1145 LSTM, B2 3] A Ml AE — B (]
P BT R AT A FIAELOR B I PP R ALE . 5, A4 IR TA) B 11 PAY A oMb B R A0k F I AR A 1 D% R i 440 F IR F300).
Cheng % \ Ui J5 452t ) TDEP 4544 15 2 AR, 78 BEAS FRBE IR . 03 05 78 05 S %5 B 348 7 000 4% () PR AGE 7T LA P
TREBGTICE L) [, SR 1145 LSTM A5 2 78 A 2 P Mol 5 Tl R DA, e 7 22 P PRl o 4 o 4% 75 9 x4 £
KA AT AL

A

o4l

R2 AN AR S T 5 R

fE55 932K 188 FEhr H I 205 B AL FE 7 2 R 2 FK
st ) [81] JB 223 AR B, D SCA A R T SR P e R AR S S RN R A
Peng®¥ AT 200 st S 10fE B, TONAESIN 20 KDTCN
. TN T M struc2vecs? > 45 K HFAE, BT BLRNN
WuZE N 2022 PER300 4 B H B %;EE;}?Y;;?%E N ! Price graphs

F5 500, YR 30018 K F EASX

TianZ A7 2022 TRATER 1m0 a5 ST S ERTYE 54HE  HAD-GNN

3001 F A
W A 3 [ 71 1 /K SO0 T 2RI T [ I e
g ) 90) oK R S A IR \ = JH TransformerE 17 [y S 1% i %, 487
XiangZs N 2022 392(2%&5%’]52;&%,11@%@1 S g 0 25 2 B 2 T THGNN
e 1 5] ¥R SOOME 11 24 A1 GICSHR B AT 1198 I e 26 A SR LIRS B4, 48 P 3 L
SawhneyZE A™ 2020 W SR 25 (TR E STHGCN
e 1 09 AP 1 1 I BOH, 1 AT 2y PR B o e AR 5 2, 4 A 31
AT 22 R SR R 1 = T R P B ) 5 HOTAN
) 165] 20104EFRAE I IR 10045 & 15 587K MR G VAR 545 B 11 PH 29 1k 25 e) [ 45
Mo AT 2020 e st Fi, B FIGON-LSTMAL R 547 ST-Trader
RV ELE o . . e . GraphWaveNet
ey (113] FTSE/JSE Top 40%8 #0843 I ¥ H B 2 B o 0 I 24 A 28 368 B2 2 o) 4 ) &5
Pillay AT 2021y e HIRII VS MTGNN
temGNN
e 1109 8K B . AR ATl 5 R S S N, A 78 S L il
Feng AT 2019 s s & e N T T
e 168 e 1 o A 1, R 0 O R FETRININER A8 240 e 51015 8,
. Ying AT 2020wk b R e A % B GNNJT RIS 15 2, TRAN
' . DL B, A TR 2R 53 5 BT SR F LSTMA Hawkes it 72 4b B B 7 45 5.,
Sawhney 3P AT 2021 st i e RLE R HLR R A A LB 2 [ STHAN-SR
Sawhney%5 AP 2022 AR, ghilnik vE AA IR R JHE S ) TIER I J 6 B GRHUR T SAE, TEDHGN

R SRR I (A R AR

FIRFE ARG LA 3 ANBkik: 1) - DR s 8] (8] B A . 2) F P BSR4 AR K T AR, (1
KN 2B TR A . 3) BISE MR 45 AR [ —HEZL N (28 & M v B3R 19, Wang %5 N VR H T —FhE
T-2h 72545 F B i 1) gk PR 4 22 ) 2% (temporal-aware graph neural network, TemGNN) SR T A P (45 XU, 2%
W &5 et B G N LR A F P (S XU AR G IS R 32 . IR = AK AR & B4R U, TemGNN HERHA £ 2
JRAIHL (multilayer perceptron) 2% >J {5 R AH DG K1 #5845 F FVRRAE. S8 )5, TemGNN Rl B G 150k BIAG ARS H ) 3
T 4 0 25 S g 10 A A I DU Sl R4 0 3 1T BT ) R S5 AR SR = 8 P RARHIE SR A 5 DUAE GON iR B R R A
W B] A 4R R A5 BN, TemGNN BB o 1) 24 i 3 7 1 52 B S B[R]0 PN L 4R J 45 2 ARAR s mm, T R 7= =
L u BB URFAE 2R 08 1) 2 I AT T U A

by = Z Z a(u,v,)h, 7

t'€Previ (1) veNy (1)
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HH, Preve (r) R Z T EITRIBAIZ BT K ANEIRBEIIEE S, N, () 275 5l u TER 2t AR R T AL, a(u,,v,) 2
ANTEIES 2B TT RIRIE R R EL by, ST R FERT R ¢ (S NHRE. S, SR P B S U S5 R AE ,, FOAT R SRR
HiE Dy, SREEHTT A u N — 200 PR

b = ReLU(Wgkx (R, Il By)) ®)
Ho, || R EPHERRAE, Won AR TTIIZRIIBLEFERE, K42 AN IXFE 1 B TR HGEEAT B, T )2 R R R 4
SIRERL. B 3 40, SRR TR W et = 70 1) LSTM B & SR U3 25 B b (K AR A5 .

| Sigmoid(1) |
| ReLU(128) |
T Prediction
- net
| User features u | Representation rep |
)
Attention
()
[ ReLU |
hs Gated LSTM
s ___ A . A A
&1 9 & 9> 83 qs 84 94 Embeddings
G | O G| O Gy | O G, | O Input
L - = J - - sequence
T T T \‘_l_/
X X, X X,

'8 DDPF [ BIHE 42 &
EARIAT 5 12 Re 5 i PR R AE AN A 1825 3N HEAT DA R &, (BB A A 183 22 ML S S (T SRR 5 e T 25
{147 ) 8 2 341 20 43 A 6. AR T, SRR b 5 A& S8 B SR (0 TR Bl i MR BIEEARSE, B B, MBS E K FE R 5
ST EL/N. ST % R P X 8] B AR, TemGNN HE— 35 58 ST 807 (10 1) B8 B2 8 336 3t Bk 4

1
g = Tog(e+0) )
Forh, 6, Bt 2] ¢ BT 0 B 1] (5] 5. 56T ) % S 9 P BT IR 8 0 L, D P AR AE 3Rk 25 ) W g o 37 s SO
h=>" (2(6,) o' (t)h) (10)

Hrf, g(6,) REBAE, o (1) 2ZH— iR REL h ANEEZR S are 725 0 PR, 1 B 72 11
— R 7, I I 1) B I = AL X S AZ Ak, B JE, XU R4 AT A AT 45
322 W%

TR s KU (AR RAT 2 SEGE L F AR 1 5 KR, DERIE S VRS 47 B 2% BHR R X 284500 B %
ST, T PR 0 28 ) BRI 240 1 Y B BR AR B [N, X TV AR G BE (1) R 1 BT R A
W DR 3 240 IR P TS0 i S A P e PR e 3 D 288 B R, 61 %ot A e XU VP 43 BF 92 45 4, Cheng 25 A VIR 2
PR T A A% I )R 2 A Y B SR I > B TRACER A% Y U 128 77 15k, L) Y IS ) 338 25 A L k) A it
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