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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
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temporal graphs. Then, based on different graph learning tasks, it introduces the research on financial risk prediction in four areas,
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

b6 LB 42 AR B A2, TRk &Rl 28 7 & B [N AR 4G T A2k Bk T BRI R, I T ¥ 2 i &Rt
TEE, BIME LR . P EDGH) . P28 BT, SRl oK Re I RN, 25 4 Rd KRS IR T 7 >k 1 BRI Bk
PR A, S mh RS ()40, BRVE R 5 Al SR OB £ RS ) ™ B g b A 4 Bl T 3 1 B R 5 R0 . R < R T A
HER L A S, ATRE < 5 K RGN ERERAEHL (W1 2008 £53€ E IR ETfEHL), 30K 5F 457 10 R R AN R AR vG 7K
SR AR TR AR TR . Db, GRS K AR ST T S Rk XS T AT AT

18235 (1) G AR TIOIATE 72K 22 SR Ge vt WL 27 23 1 7512, B ATk P R R R A 6 1) < Rl s )1 5 e Rl XU 43
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TS SR T Ak AR 100 A, SR TN SRR % vl ] P SR TR i X T b A s A TR R AR R, R
TR R T ) < R T: T0 1) P 44 2 X 265, AT TR BRT DA 7 S S 6 T 0 s BT 00 R S AR P 0 T 48 R 2 T B0 75 1
IR 7 B #2225 (temporal graph neural network, TGNN). Bl 52X BE 1S AR 4 il XU A sk (R R 20 6 &R, (AN
AT SRl AT SR SR 2=, RO (RIS S D 7 P A 1] 8, AF 58 N D3R S0 1099 ssURH 3 B T 18] A AR A Y
B 5 B (temporal graph) (TEASSCH, B 5 BRI B 25 2 25 (R (exchangeable)) SR G S ASEARIF G R, $2 i T —
R P TRT [ <5 o JRG IS8 000 P BF 57 4o 20 X 4%, JFC R 0 5 2050l 12 < R S 44 181 9% R (T BT RRAIE, 42 T IR T 2 SR 1)
TR

ITEER, MZE M 4% (neural network, NN) Fll Bt 22 X 2% (graph neural network, GNN) K&k @ #Esh T 2 M55
BEG, BB 4325 U7 B U0, R () 2 U, ARG 2 U, R BT AR I O, Sk R e g 12070
NS, ORI 1 3 T A B 1 T 35 T 488 1 xR 000 A50 Fr) 32 g 'Y, 4514, Wang 26 N PUANA T 1
2 X 4 0 4 Rl TSR 1 B2, Kurshan 25 A P22 417 6T BTSSR TR VERS I, Rajput 25 A PY$E H B
J7 12 S FE S R ATUOEOR FH 00 197 ZEORR. SR T, OIAE SCTR, 300 A T ) 5 1 48 22 OO0 286 7 5 T, <6 o JR R ) 4tk 4
M. VEHIZRIR. itk AR R 5 T 7 S R RS T A5 8ak Hh 55 37 P et 2 [l e 8 P 48 T 9, 3098 T 1k 4l
UAE BB Bl AN A SR BT 5 77 7).

B, A0 TTER T DLE AT

D) PEERATAT AN, AR 1A R Gubth s 25 16 5 1 ot 0 ) 4% A5 2R 7 <6 RS T 403 () 08, L &5 7 il
P A IS VR P S 2R RN 25 40, AR AR X ek el s A5 2 A ) P S A 7 2L, X T ) < o R Y] £ B ] o
LRI HEAT T VRS 4.

2) ASCHEH T — Pl T 5 [0 2 I 8% 11 el XU FROMIATT 75 ) SRIR HE SR, FEA2 R I 2 ) A 55 28 X AH DG AT 9
HAT T R — MRy, G50 7 2T TR ] 25 ST AT 45 1 RGBS T 7 32 AR 300 SRR AR 25 5 R Ak 3 7 =X

3) ARG T 2T T G b KU T A ST AR A SRR IR . I SRR A AR ) BRI
RO RN T R RENESE 5 AN 5 T A AERBANBRAR, 06T A >R b 438 JRURS: TR0 7 578 7 Wi o T fe 28,

AL 1A T T ERE 428, 55 2 AR YRR (A5 2 A [R AR 7 2, H B 3 T Aot 28 ) 4 A R g
W43 AL 3 A5 FE TR LM 4% (recurrent neural network, RNN) [, FEFH L M4 (convolutional
neural network, CNN) ) F13% T-F 2 /341 (attention mechanism) H777%. 25 3 WV ELHN R Hr T 0 5 B4
LEAATYLE 4 TR Rl IR T 7 4003 ) 2 FH , /B9 I S 5 XU T, 3 249 IRV T, 3 vE =2 B AU T, LA T
BB RE B R TR, 75 A GRS KRS T -3 (4 7 VRIS, A ST B TR 1 181 2% ST 4 5 ix e ik HEAT 7 oAk
(R4 53 R8RS e AT R e AR Ty AN L T R B AT 1 G B 4 TR AR SR EE 1IN A 2 I 2% AE 4 R
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NNV 3E— R 5T SO IR, 0% S S B (1S J2 T Ak g B 205 J5, B 42 T e g k1] ) B f 255 T ik [A) k 1)
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1R, A R G A R A8 SCIRE MR R 4 Rl A D8 3 T S T ) P DA R A A R B O Y SRk I
FERAE; A, B T PR RIS RO A A AR T %o e S AR A o KA 1 I B AR A A T A, RIS A T s . 3
R, RO S PR T S BRI F s AN SR 7 BT, B B S 56 K 22 R A Wikipedia (http://snap.stanford.
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AT, 554 il XU TR A0 P (R R A5 SR 22 e AT o R I ) a3 8 B PR3 AT e i XU TR0 (1 7 7.
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251 TF) 14 255 TR SC24% S Bk O R ABE, B F 7 R0 PRl i N BV 8 LB 45 B X 4% (graph convolutional network,
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3.1 RBRiEaEE XBE T

JE A A R f& 18 AR R R AL T AN SR £ 535 31, BR8P 3 2 To ik TRORE T AR R 2R R s i, 3 AR 2R 5k
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% ik B Bk H TIUIN 28 R B8 0 B A 110 e i B, B A AT DA B A 2 ) RS S B P FHE R AL,
[RI G, T S0 Fo0I0 5 i 5 IR Tt S5 S5 AH 5K

o5 PR SR s TN ASE FH 45 0 5 07 v RS 7% ) S 3 B B AR Y (autoregressive integrated moving average
model, ARIMA)!"VRI )™ X | VA 2 11 57 75 =45 B (general autoregressive conditional heteroskedasticity model,
GARCH)!" 4% i 4F sk, £ T 3 4L (support vector machine, SVM)!'™! | FEHL AR MK (random forest)!' " 2541 g2
SIITERFE T KAE T2 P4 (long short-term memory, LSTM)Y, [ #5435 7T (gated recurrent unit, GRU)V*1%%
IRIBE S ) D7)z F T2 T RS A% e B0 1R XGRS 2 7. e S F 38 38 T — AN R AR AR, YO & SO SR 2 )2
A MEAROST I, (BB B T RS B AR A T I R U7, E AR B AR 1 £ 52 B 5 2 MR A% A R
W ABE IR RGN, S [ 55 2 TR A E M DA A AR 250808 S Bt SR I B AR B R, LR B8 T A — A7k, RIS . ke
O, AR O RAEE . XG4 B AT A B EOHHME B R EH KIS ERE. A, REME A S
I 1] 7 51 50, 14 JFG T ) A AR A AR 1R T A G g v R T B S R R e 2 PR 48 5 AN &

LR IR, S FH IR e P o 445 ) 4 00 S A1 7 5 DA T RO 2 S S 15 0% XUy, il A SR IR T e R A, R AR ) 32 2
PIZ. TG BT I e Bl o 28 0 45 (1) J Vo 3 o i T I S A s (DT 3 R, 44 M A XU TR0 i 80 A5 0y ] o1 A 25
R B B 2%, BA 4R,

31 RN

X TT VN W SR A 3 XS RO AT 55 S B 25 T IR A I e R R 73 55 20 R 55, b 5 sl R Al 52, 7l A
Fr M AL EN a H y AT 55 BN A 0 oo shia s, Ky = 1 RN L&, y=0RRK
MR EE . BAkH, y 1€ AT RRN:

1, ifx > x
y—{ 0, otherwise M

Horb, x, RRZES A e RN RS 10, Deng 55 A 1 7 T 1 M5 S35 45 SR A8 TN 1) S R 9 Bl B A5 A 1) 2%
KDTCN, W1 5 7, WARGTFIAC IR ) SCA b il B F = e A R B, 28K AR BT AR, 5 4%
A HFEAF I TCN AR (&l 3) #EAT 702K, 207 30k AR KB O S AF it 51N B 1 R 3 — 0 K155
th, S T A T 0 1 A B R AN R AN T 25 AN T AR 1) L

Knowledge-driven event embedding TCN
Event - . = = 1
Y YT Y YT DRI T T Y Y I T ) Residual block (k.d) N
embeddings =& ['/‘ 29 LX) ---‘V- Output ORI Lo S S P
! ' ! T T Sofimax Dropout -
I R PR -
H @ @ ) i ® @| Skips S EE—
Knowledge ] — P Weight normalization
base ]
Dilated causal convolution {37 convolution
% 9 1 | (alternative)
Xl Dropout i v
& : L & | Entity d=4 [
e LIPS | linking ~ ReLU
Eventtuplesi (BB - BL® - [BO8] /) £ £ Hidden i
LB Ey E, | 1 a2 + Weight normalization
g 1 + 'OpenIE e 1
I I f | P / |Hidden Dilated causal convolution
p % g p p | d=1 1
News corpus é é i 6 57 OInput [
, N, N, N, N: ;j T #
| 1 Napone 1] 'I Multi-channel concatenation | () ) (0 6
Price values PPing Price vector Input

Kl 5 KDTCN ZE#)~ &K

AT, _F i T M LA RS S 3 2 0 e K A 2 R P A (1) AR P AR SR A . D, W 45 L)
PN S [ FARL, 250 R e 8 9 S NS ORI TR AR 2L B2, 55 1 /SR 2 e P T A P S VO i
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TG S A B, AR5 SR struc2vec! VA X RERE (RS [ A R 55 A 2 1] SRR S5 A (4 AN, SRR 4R 1A
S (collective influence, CI) ﬁ/i[“o]{ﬁuiblffﬁl’%lﬂ’]ﬂ PR 55 2 MBS T R 4 O TR AR B, O T 5R
I SE 18] B g5 RS B AP I TP B I 25 %, SR Ty R I 9 RNIN KA e AN 8] B 1) s i S A% i s =X
HR AR AP R oA ) /. 28 )5, R B ) 2 A I S IR R QR 5 4. F )i, R FH 7S B i B A T 22 1 R
TN, TRIUAH RS SR H () Bk A b e 34

W 2 N T ) 3 5 i DX 40 AR TR G S 00 1 S ke o B S A A A T 1 2 . ke, BTN
PR TR TR B A 4. B0, Tian 25N R I TIRATER A1SIS RN 4% HAD-GNN,
HE S MRS A [ I 22 )77 s M ke 2 1) (AR LA P AL 3 T PR RS TS 1) B 2 I S B B, A0 &0 i o AR | T 1) A
T Sz Bh 7 [m) TR ) 2 s S e sh 1, B 4328445, 2) FH - S AN IO 45 ) B /R b i S2 B sh 1, B[l U9 4
% %8 J5, HAD-GNN X 4 15 28 - 00 35 2 A AT i) 255 S AR FE. Horp V&1 B J1gnid 8 FH 25 F LSTM MR /7
VR JJJE AT s G = L SR At SR A ZE 3 B v 73 s R A 4D R 0 R 23 (R RRALE, T AR DA AR 8 1 T AR 471 53
HH S ZE A Sl A N [ 4k 2 ) T &5

DL T iR AE A g I, R M S 43R SRS 0 A 83 ) S5 SO AR R R I S SR MR B R R B B, IAER R
SREAS KB (0 v R, L 5N RO A0 2o 4 Pt e DA S e 28 ) () 6 R R BhAS 224k, ik, Xiang 25 A\ O H T 1 i A
907 A TN 1T By P S A T A 8 X 8 A Y . 54 3 1 25 T e Rt 119 9% R B ik N bRy MY SR R AN TR, 1A T
JeFET B S I s i s 5 U A (R 56 RBORAS BRI SR, 1T N 75 BT 0 AT R R B i SCAR
SRJE, ARYE A DR R b 25 J0 3R B B B 2 W) 22 () 1E [ 1) (R e > BRIE) SR A () (R OR HE<BRME) BI9R R, WD H 4
SEA . B, R Transformer #E4T I 22 (I AN A% 4 0, FHTR Y BEBD P R R IHLEI SR AR B IE. SRR
A5 2., I P 53 4 PR T ML) BB BT R S 0 s A IE R IE. I, B I SRR I8 N 43 R 28 AT B 2N A% Fa 3 A8 B))
(=t =5

SR, 3 5 ik 2 S R P R 22 18] 0 ek o B A e A SR AN A B e . B, 2 7 B T I (hypergraph) $2
T X 8 T R — 28 50 % 22 1 3 [F] A sl ik 34 TET 5 v B IR R UABIL (hyperedge) P LLIERE S AN B, — 414
WEMZ AN M2 BEA R R (high-order relation). &% 44 48 9 P 5 ZR AR 77 7060 B K &2 75 1) 1) 83, Sawhney
2t \ 902 pewot B B S AT AL R 96 R HEAT R, JR T IR A S AR 2 R 4R A A STHGCN S S B I Z247 4% 1) I
B S R AE AR T A R AT ML A 22 2 (Rl B o &R AR &, Wl 6 Fw, STHGCN & Je R AR B AIAT ML A5 B A
G I S I, R I I P g AT A 1) RS R LR B 65 B, AR5, 25T GRU {8 FH 138 I [8) 5 AR oK 2% 2 IR 22
REAE BRI (RIS AGARFAIE. B3, K 11428 (1 o) i) e [T A AN 2 (8 R 5 FRAE B S — A ) 2l R A AR, R 5 2 Tl R A
RAEAS BAAN BT [ A AS SR BB S R ERIA . 55, 4 B2 I SR AR IR N 73 KRR AT e A i 34
J—U}AE/JF R ZETI.
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! \1 @ | e, MToAI0IoIolo ' convolution X
] \s 010J010111011 ' network !
i N < |OJ0J01O]101010 'y S e
i ' > Hypergraph ¢, [5TT0T10]010 : Y .
i ] ¢ ! creation H i i
1 oy So= S i
o I v h— ML :
i 1 Hyperedge: Computer software hyperedge: transportation hyperedge: healthcare | 1§, 7
il S E“Eiu_S‘fY_"ld_“S"y _______ by oS aDgwn
: ! P L] : |r é L Y e ® \I | L sy Neural
Feature @: ! : : : : |
extraction B ! 1 o ! g o !
Stock W 1 e : . & ' i ® ; |1 Movement prediction
AR T T * ! . - o W ® ' | through STHGCN

* Price information encoder

B 6 IasiEERML%E STHGCN [

Bt STHGCN I it~ S of 45 A 7] B0 8 320 1) i R, Cuii 2 N UV BREHE T — ol i) o Bﬁf@%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, Ko A AT . R E B R, G AU IX o T ARG S E B
312 figiEA

I SE AR A B R [ R 2 A A B S L ) T T D A D i B P 9 s P [V TN il R AL H A2
TR P rp 5 S A TR — AN ] S B T — e TR N I A

B0, Hou &5 N I T —ANE T B 22 5 B IR FE TR A B 25 BRI R N 4%, 3% T4 B S6 3 28 4y 11 i 2%
(variational auto-encoder, VAE) XA 5] 2 [i] B2 580 0¢ 3 1) [ 4R A 2 I S i) 17 8. AR5, F BRI AR I 25 il LSTM 42 %
B —ANGe— 1B AN TR PN 4%, 43 1) e P A e FE o (1 B D) R 2 (B RS S, AT T T A AN A R ZE ¢
FAS SR 3 Rl SL 0. Pillay 258 N U PR R GRS T 3 Rl SeE (i 23 B 2R 1 28 7 9k, IS T B4/ A o 00 45
) BA A AN TR AN 22 35 B AR T, & I GraphWaveNet™ 78 22 35 Tl 47 T StemGNNEAI MTGNNPY, 7 MTGNN
FE RSB B S, A0 8 3.1.1 53R BH Tian 2NV AR IR AT LLEAT B3R 2 00 22 25 1] 0 3000
313 HAFIE

TRAToft 0308 5 o A/ A 5 T 24 1 4 2 AT 55 2 Tt 5z Sl A 3, BA SR — A4 st 1B VA 95 >R ot sz 5%
FLARA G, 52 TE32 P e 1 TR0 R0 55K (R P 22, 3 ] i 5 S ZE H R 48 SR IR AR. (R, Feng 25 N (P2t % pE G
5 [ e B AR B RO R B AR R e ST AR HE R PR R 2, BB T — Rl T I (] 5 FH (temporal graph convolution)
X 465 14D J5 22 25 i S0 B4 T 54, 424 RSR (relational stock ranking). 21 7 B, & Jef 4 KO ZE 0 7 24 ks
JF AR X, SINE] LSTM W28, DU IR 7 FIAH S I3 ST RN R S BR N E, . BEJS, ¥ E, 15 NI (8] B A AR I 2%,
2N 24 T S A A P AR R AR, R S BRI SR B s b i R . RS, SR B B IR R MR A HE A
TRIAT45, RSR £ F 7 — A5 1 s [V 453 SR 0 kol 44 BN 452 2% 1 B Ak R 4, SRARAL LA 24

l(f"”,?’”l) 3 ?H]”’M||2+“ZZO Z:/:Omax(07_(?l{+l _;\.;+1)(r;+1 _r;ﬂ)) )
o o ®  Runkingcors S, e B B SR, o BT
GREER G reccioi ST A5 A 95 24 1ML, 7L

A5y W R I SRSl AR A 0 U R, SR I SRR
it 2 2[R AR AR R HE 44 M
N T AR ERAN ] e 532 ) 55 2 50 FE I I 1) ¢ A AR A S )

Relational i, Ying 25 A\ (045t b THIHE 3 (195 RS HES S5 RSR
cmbedding layer BT T B0, R0 T — R T ) 1 P 2 7 70

4% (time-aware graph relational attention network,
TRAN). 156, TRAN FEFHERAT VA3 K45 BRI 520
---------------- ZRE, 53T T3 S I e B R SR SR R SR A
J3 SRR AN SR T s 85, TRAN @i I sk A0 e ik
f L cmbecting layer OB 5 P 30 A5 2 HL R SRIUR S ) 2556 R g
LsTm| [LsT™M| - [LSTM] KU R, 2T BT T (IS R 77, TRAN FIFIE
B RS T A G 2T R E . Bk, 5 s
Sequential inputs HIBAN FIF B AR S ¢ RIS R BT RN
AAPL GOOGL FB e; =P (W], [h}; WpZ,] +by) 3
K7 RSR AT Forh, v BOE R, Z, R IR S IR SR SRR
SRR, by RoRBER RS PSP BRI E, Wy « W, RN LR SHOERE, T2 BBAE, by R i
B B Ak, B s A jFESE ¢ R R AN O¢ Ry B AIBUE R THE AT 40
g e ()
D P (@ ()

@
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o) () = ujg (Wae +b,) ®)
o, o (j) TR j IRHERTIREE 5 O BENE, N, TRAREE s (RIARIK, ¢ NIGEERAL, uf - W, A b, A E2E T
SH e AR, A — R B GON TR F AT 3245 2 [ 52 1S ), TRAN AR 6 28 7 2 0o 5095 0 R A HE 2%
. Ll XTI EE s , o B PR P A AR IR T SR B K, RIS ¢ K6 RAHIERR a2
EHARWT:

m
- h!/ 6
a jezl\;degree(j) i ©

Hrlr, degree(j) AT m jIBERL, W 25— AR, 555, FI A BEAR R H R ISR P SR AE R T fe
AR 4.

DA b k42 T30 5 9AN 0 i S T ) g O 3R, A 17 R S 2 T [ e i O 2R . T R o JE B 22 A9 i
Ky e B, Bk n] LR mUTB RS I @ X R, O T @ SR 3L F A3 s, 5T B HE2 51 R T
TIZAET M. Sawhney 5 A P H T AT 2 HE 4 I 23 1 P 78 9 45 STHAN-SR, H A ] Hawkes i F2 Y1 3
THT LSTM $REUN I [1VE R 77, 15 B 7 I S AFE. 285, STHAN-SR Fi I F 8 146 R0k i 5248 1 10 2 |) 4544
5 RN B ST SRR R IR rp . 5 R B B 1A (K Bh A5 AH ST, Sawhney %5 O H I A5t 10 B 25 it 52 6 P 9
%% (time evolving dynamic stock hypergraph network, TEDHGN), PAR A1 U077 5, @ M 3 T4l 38. AF]
KAMBEBNZASH R IE, 2% ) IR 2 A FL R R .
3.4 ARTIRLS

2 WAFEAESS A, FEEEE T 55 3.1 TR A 35 XU T 38 5 R 3 S0 = B F i B0 kIR . I 345 B Ak
77 AR A FR.

2 A RS TN T 1 e £

1F553% w3 FEhy EEP 3 PSP Gty T 44 R
sz ) [81] 5 ZZ 17 S A b 5 B, T SCA RS T R TR S A R B ) S i N 3RS
Deng® AT 2019 Ty wisss S[R3 K, TONAETERY 40l SDTCN
e ) 6] - - A H struc2vec’ > 45 MIHRFAE, PR BXRNN
Wus A 2022 PER300/8 5 R H AN Kb TR A Price graphs

¥R 500, YR 300F0 K F] T ASX

TianZ A7 2022 VRTS8 ST FAEAT S SAFE. HAD-GNN

e 300 Fr BBy
s o ——
e Xiang% A 2022 i%ﬁ%@iﬁéﬁ%ﬁﬂﬁgg %k ?;gj;g’zgggggﬁﬁg% B reaN
Sawhney A5 2020 Eggoﬂ%ﬁﬁﬁﬂmosmﬁ%-ﬁ gﬁggfg%ﬂwl‘ﬂ%ﬁ,ﬁ% R sTHGEN
B . FTSEASE Top 40 2004 ILIEL B2 B8RO 0 11521 o Gr?}}‘gmm
temGNN
Sawhney?$ A" 2022 4132, AIiik e FIA SRR AR P By VBT TE BB WAL, o o

JHHR I AR I (A AL
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3.2 BEEREL XS TR

TEHIE LR AR TR I A B BN N TERLE WIER PYIE 3K 5 BURE 24T . AL G038 T Guit- W L as 2= > 16
YR L TN 7 A B B O W L9047 AR BT, HUAE FRAE B AR, SR, /N Al R SRk L1 2 AN
BT G0 55RO, 84 52 BAH B 1) B 20IR A B2 . Bhah, Al (V45 FRFAE th 2 Bl I 8] R A2 A5 4k
BRI, B B 58 GA R P BT 17 IR 2 P 2%, IS T (5 D SR 55 5P ¢ 2 K B A 1] P 2% ) RE DR OB T R R REAE . A
P2 ST AT 45 0 BE 25 18, B W D V38 1 D3t 240 JXURG: 0 1 8 A S A S et e R P 0 A 40 28 340 R
BTNAT %, BB .
321 RSk

W7 BT B RS B A - HRAT 1 DR A BRI PR, s i R 3 3 240 XU i A A Sy B v Al 1 R
[0 0 SRAT 45 O T AR B IR PP R OG R A5 MIRRAE, BT RN LR T — R T S B W 7 B & W 4.
51811, Cheng 25 N R A6 1 T —ANShA LA TIMMHES DDPF, FoAE — it 1) 3 (AR 28 oh [ s T 588RAT 5
B AN e SRR AR R 2 3T Ak IS A B H ki, W& 8 FioR, S A\ BB 58 vh @ IRFBLEFAT NEF,
WEAE— RYIGERAFIE: S, FIE. RE, GRIUATE RIS, 2o s/ AE 2 5 ) & 1
W £ F54E. DDPF 1 S M AEAS RN () 5 109 Q R G RFAEREAT 332, AR B il 24w it 8] ) YR AT A R R AR 1Y)
S0 75 (M MR AIE. B, B 5 TR A R AE 7 132 N1 195 LSTM, LA 3] Al 7 — BB IR] 4 (R B3R AT S FAE AR
(TR FPAREAE . B, %A B TA) 2 10 PR il Bk AR AAE P BRI A - B K3 240 (¥ XU T . Cheng %5 N\ 7B J5 42 H1
) TDEP 45445 2 AR, TEMCAN T BRS80S 5 i B4R LR 45 1) BEURFAE ) A T A O3 sk i 24 1) L, AR
142 LSTM A58 7F 4b 3 BB 7 TR BLANME, W75 22128 F B0 2 0 4 D7 1R T e FE AR 96 R IEAT AL

| Sigmoid(1) |
[ ReLU(128) ]
Prediction
. net
| User features u | Representation rep |
Attention
net
Gated LSTM
A _____1 S N S
& | 4 & 92 & | 9 84| 44 Embeddings
G | O G | O G | O Gy | Oy Input
L - = J - - sequence
T T T \‘_l_/
X X2 X3 X4

8 DDPF M AAESL
IRFR ARG LA 3 APk 1) F - DR e Ta) (B] B A . 2) B 845 AR 1P 2 AR K AR, (1
KN 2 BB AR . 3) BISE RIS 45 AR [ —HEZL N (28 &, M vk 3R 19 8, Wang %5 AN VR H T —Fhk
T-2h 72545 F B A Ta) Jak g PR 4 Z2 ) 2% (temporal-aware graph neural network, TemGNN) SR T A 7 (45 XU, 2%
W45 et B G N HL R A F P A5 XU AR DG IS R 32 IR ALK A & BAACR 3, TemGNN HERA £ 2
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JRHENHL (multilayer perceptron) % > {5 FH KUK AR G R AS H R, 2R )5, TemGNN ) H B A RR5R B G BB (1) )
1 G A 2 5K 4 0 o PR IR, i i 5 6 T P B TR) RN S M REAE SR 22 & L P UARHIERIA. 5 DA GON BRI LR G
W B A 4R R4S BN, TemGNN BB o 1) 24 5T 8 7 152 B S0 I A) 20 P L 48 J 45 R AR s, T R 7= =
L u BB UAFAE 2R 08 1) 2 ST AT T U A

by = Z Z a(u,vy)h,, %)

'€Prevg (1) veNy (1)

Hor, Preve (n) ARER Z1 ¢ B EMRIE A Z AT K AN RIS, N, () 275 5w ZE 2 ¢ (AR ST AL a(u,v,) 2
ANTAS 20 BTSRRI E R ) R EL by, ST v TERT R ¢ (R NRRAE. S5, T P 3 0 95 RRAE ,, 140 JE T AURE
TiE Ry, RFEHINT AL u F— 2 FH P RHE:

b = ReLU (Wgkx (R, Il By)) ®)
Horh, || AR A B HHERRAE, Wonn FARFT SRR EFERE, K42 DN IXFE 1) BISPUSE R AT B, T2 )= R B R 4
SRR B 3 40, SRR T B W S el = 70 1) LSTM B & $R I8 25 B v (A SRS .

BRI TR X I 7 BIFE BRI TR) 5 (0 B N AT ISR &, (B I [ B T3 5 S LS 5 AT SR R et ) 22

(I TRI B 2 30 ST A0 AT IR SR, SEBR_ AN SR DT SR 1 [ BB 3 MR B A%, B B, RS EUR I FH4ERT R
SRS /IS, AT 25 REAX A X TR B AS FU) 14, TemGNN 3 —25 58 SCT 407 14 [5] B 52 18 28 ek 2R 45

1
g(6) = M )

SEet, 6, %0 ¢ SBUE 601, 30 B SRR 17 B hUE, R (A 4 2 T T S0
h=)"" (2(6,)-0' () h) (10)

Holr, g(8,) RS, o (1) R IH— LB R ATAH BB b R0 24 A 128 0 P PR A, i LU T 2 i
L, i B BRI T L. S, TR RS R4S TR T 5 R4 S TAT 55
322 W

AT AR B KU KRR A7 49 R OB 20 S B 5 K R, S 20 T S 0 4 5 2 O AEL A0 2415005 B
AT, WO 4 o 1 Sk i 40 e Y R AR AT A B BRI, TR0 T M e (B 7 LA KB 4 FE,
4% s 240 DR £ TR i) R0 L S o306 5324 0. 1% i XU V5 BT 90142 11, Cheng 8 A 7138
SR T P4 N ) ) B BT 40 B TRACER [0 5 IR ST 477 125, SR PR I D3 28 0 L i
VAV 22 I 24, W TES B8 47 S P HE W7 e A £ R 2. TRACER 5 56 MRS B8 4K 0 ST PR R 90 46l e Y,
R P WL 27 =1 4w 1) AP S 3 24 S S B 0 2% 12, TRACER AT 49 2006 B2 1A 25 B2, M vl T e
HOR A R R 0BT 4 b . SAJ, 3L 3 A GRU FI 3 2 /1 2 KRN 545 ., TRACER WS4 1155
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.
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exp((1 —2,)- NN (Wy, rept(:,5,:)))
N
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5=1
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