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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
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(1) TR FRAET: B P BRI RIRN G(g1. 80, - 81) » T 80 = (VL AL X)) (1 <t < T) IR ER ¢ NI RIS ) B PRIE,

V, NG ¢ B ID B 1 SRR, A, R R R 25 B R HR AR BE R, X, 2 2T 0] 25 1 B o 4 s (R RS AR 4
e T B G G A ARG SRS v, B F B S0 AT 5 1 H DR AR R H Y v e v, AT 5
5. T T AR AR A A P ke SR SRR TN, 9 7 R VE P 4 SRR VE AE 5 AU, W TEAS &9 U3 (R e R A6 8 X
B TR SAT- 55, 15 P R A Bl 0 AR 5 e i 1) 40 2R ) R

(2) W AEEATES: G T E G(g1,82, .. -8r) » AT 20 o 4 R S 41 250 007 JXUS: 2508 T v 3 1 2 JR 20
B A5 A AU TR 4 R0 U ) L Ak, B0 B2 5 AU IR 4 ] VAT 45 B T e P R s S T e 4
R, TIO SAAT RUAE A SRFEA B 20 B 2 B 2R XU AR G (14 8 PEAEL AT 55, LU ZE AR 48 A8 3 XU TR g 491, 152
7, € RV ROREI R ¢ 1 N g 1005, 2% 10 80T DUR 2 5A WITE a7 21 ¢ B SE N i sl BUE 5. 45 I 751 X =
(21,2s,...,2,} , T7 FURFIA] 50 [B1 US4 45 78 7 S 00 B2 1 2 Atk Jo0300 1 0 A S A el 2 NI 0 4, B 50000 /7 51
Y = {21,200 Zesn ) S H RN TR EETRIN AT 2080 B, FRATRIALTRE. LTS H > 18, BI N2 25 [\ S TR0

(3) W RALS: N T G(g1.82. .0 8r) » TE 1IN X g, = (VL E) (1 <t <T) . W FEH &AL e, € E, , ST
LTI B, FAR A AR 2T S PE 2 BREK f(er ) A PP OMERTRIA !, IO L, S e ) XU D
9 fle!) REHEAHE IR R (v, et ) A E KR HRRE PR o) WEBME, ¥ @& T BRER R F R 88 H
SRR, AT BB ¥ 575 45 0 A IE T LK 5 3 PP 5 &4 IR, o0 A g i 1) — 2 ] .

(4) BEVETNALSS: 28 €T B G(g, 80, g7) FIEIHARBERIIAES E = {(u,v,y)) 1<t <T), Hy=1F
WA w F v ZIAFAEI, y = 0 RN EANZ A ASTEAE . CASE T4 7 B P24 1) XU DU 72 A 81, L m (18 7 Fr 42 4
AR BT B B B TN 45, B bR A T AN A B 2 IR B AETE AR B D0 R, R R R B ¢ R IR
A5 NS S P T it i

(5) HEATRIAT 55+ T ZEULAARISE, 54550772006 1 S AN A% 78 B XSG T 00 A A5 g =4 et 43 288 i il [ 4 ) A
], BEAT 55 B AR 2 S — AN B 2SI B HE AL BR AL 1 = F(XY), HorP X7 N SCEEAE ¢ A58 5 H A RO A% 2dis . il
FXO, ¥ — R TG 3 — MR FIER. B ZE 00HE R B, T LAERS 20 ¢+ 1 A0 00 TR DR S 2 v, XU R ).
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3.1 RBRiEaEE XBE T

JE A FA R S 8 AR R R AE T AN SR £ 535 31, BR8P 3 2 To ik TRORE T AR R 2R R s i, g AR 2R 5
B A f L RO AT #2528 a0/ (R VT B L. AR Hh A X A 0 ) T SR AN A% T R T R AE — 5 B U ol 57 (10 45 2 XU,
OO A S A% Tk B Bk HH TIUIN 28 R 68 0 B L 110 S i B, B A T DA B A 2 ) RS S B P FHE R AL,
[RI b, J S0 Fo0) 5 i 52 IR TG Tt S5 S5 AH 5K

505 PR SR s TN A FH 45 0 5 07 v RS 7% )3 B[R] AR Y (autoregressive integrated moving average
model, ARIMA)!"VRI )™ X | V9 2 11 5 75 =45 B (general autoregressive conditional heteroskedasticity model,
GARCH)!" 4% i 4F 3k, £ T 3 4L (support vector machine, SVM)!'™! | FEHLZR A (random forest)!' " 254 g2
SIOTERFE T KA WEZ 4 (long short-term memory, LSTM)Y, [ #5435 ¥ 7T (gated recurrent unit, GRU)V*1%%
TRBE S ) D7)z F T2 T RS A% e B0 1R XGRS 2 7. b S 38 38 T — AN RS, YOS SR SR 2 )2
A EAROT G, (BB B T RS B MR A T I R U, E AR A AR A £ 2 B 5 2 MR A% A R
W ABZ IR RGN, A [ 55 2 TR A E M DAY AR 250808 S B SR I B 2R B R, LR B8 T A — A7k, RIS . ke
O, AR O RAEE B, X i B A B A n B EOCEHE B R EH S B/, ok, REME A
SN E] 5 B AR, SO FC I RV AR At AR B B, A G g AT T s TR 1 B 2 W 2% 7 RN S .

LR IR, SR FH IR P o 44 ) 4 0 S A1 7 5 DA T R0 2 G S 15 % XUy, il A SR IR e R i, R AR 1) 32 2
P2 TG BT I e Bl o 28 0 45 (1) J Vo 3 o 5 T IR S A s (O I 3 R, 44 M A XU TR0 i 80 A5 oy ] P 1 i 35
T BB TR 2%, BA 4R,

31 RN

X ETT VN W SR A 3 XS RO AT 55 T B9 25 T IR A I e R 3 55 20 R 55, Hoh 5 sl 3 m A w52, 7l A
Fr M A E a H y AT S B A 0 e shia sy, Ky = 1 RN L&, y=0RRK
MR B BAkH, y BE AT RRA:

1, it x> x
y—{ 0, otherwise M

Horbr, x, RoRZEG At RN RS 10, Deng 55 A 1 7 I 16 f S35 45 SR A0 TN 1) S R 9 Bl B 25 A 1) 2%
KDTCN, W& 5 7, WARSGTFIAC IR ) SCA b b B F = o A R B, 2R K AR BB R R, 5 4%
A HFEAF JE I N TON A (&l 3) #EAT 702K, 207 30k AR KB O S AF it 51N B 1 ISR 5 1 — 0 K155
th, S T A T 0 1 A B R AR AN R AN TR 25 SRS 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 R 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
B Ey E, | 1 a2 + Weight normalization
g 1 + 'OpenIE e 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 HE LA RS S 3 2 0 e PR A 2 R P A (1) AR P AR AR . s, W 45 1)
PN 5 () FARL, 20 R e ) 9 S NSRRI TR AR 2L B2, 55 1 /AL 2 e P T A P S VO



Rk 5 E@@ A ek RIS TN 69 it 5 B AP 2 W &zt 3905

TG S A B, AR5 SR struc2vec! ™V > REAE (RS [ A R 55 A 2 1] SRIBR G5 A (4 AN, SRR 4R 1A
M (collective influence, CI) ﬁ/i[“o]{ﬁuiblffﬁl’%lﬂ’]ﬂ PR, 55 2 MR T R 4 O TR AR B, Lo TR
I SE 18] B g5 RS B AP TP B I 25 0%, SRR T R I 9 RNIN KA e AN 5] B 18] i S A% i s =X
HR AR AP R S ) /. 28 )5, R B 0 2 R I SR IR (R QIR 45 4. Fe i, R FH A B i B A 228 1 Rl
TN, TRIUAH RS SR H () Bk A b e 34

W 25 N OO ) 3 5 1A DX 40 AR TR A S 00 1 S A ke o G S A A T 1 2 . ke, BTN
PR T T RS B A L. 0, Tian 25N R I TIRATE R A1 RN 4% HAD-GNN,
HE S M HE A [ I 22 )77 s M ke 2 1) (P AR LA P AL 3 T PR RS TS ) B 2 I S B B, A0 &0 i o AN | T 1) A
T Sz Bh 7 [m) T ) 2 s S e sh 1, B 432445, 2) FH - S AN 4% IO 45 ) B2 /R b i S2 B sh 1, B[l 4%
% %8 )5, HAD-GNN X 4 15 28 - 00 35 2 A 34T i) 255 S AR B, Horp VR&1E B 1 mig 88 FH 2L F LSTM Il /7
YRR JJJE AT s G 2 L) SR At SR A ZE 3 B v 73 s R A 4D K 0 R 23 (R RRALE, 1T A D AR 88 1 T AR 471 53
HH S B Sl A N [ 4k 2 ) T &5 S

DL T iR AE A g I, R MR S 43R SRS 0 83 [ S5 SO A R B I S SR MR B R R B B, RER R
SREAS KB (0 v R, L 5N B A0 2o A Pt e DA S e 28 ) ) 5 R I Bh A 224k, ik, Xiang 28 A\ PO H T 1 i A
90 A TN 1T B S A T A 28 X 8 A Y . 54 3 1 5 T e PR s 1) 5% R B ik N bRy R R R AN TR, 1A T
ST H MR ZE 7 sh i 5 U P A BAR 5% R BORAT BUAR AR RE, T AN 75 TR S M A AT SR e R B 3 [ SOAS.
SRJE, ARYE A DR R o 25 J0 2R B B 8 2 W) 22 1) 1E [ 1) (R e BRIE) SR A () (R G HE<BRME) BIOR R, WD H 4
SEA . B, FIA Transformer BE47 22 (1) A0 A% G 0, FH R I BEBS P R R IHLEI SR AR B IE. SRR
A5 2., I P S 4 R R JI ML) B8 BT I B2 9 S A IE R IE. I, B I SRR I8 N A3 R 28 AT B ZE AN A% Fa 3 AR B))
[ R A3 T

SR, _Ed 5 i 150 R ) P e 5 V) ) Jone 5% R A B S A s ) (1. BV, VR 2 01 90 3 T8 8] (hypergraph) 42
T 0T 8 T R — 28 50 % 22 1 3 [R] A8 sl ik 34 FET 5 v, B IR R UABIL (hyperedge) P LLIERE S AN /&, — 4814
WEMZ T M2 BEA R R (high-order relation). &% 44 48 9 P 2 ZR A 77 7260 B K &2 75 1) 1) 83, Sawhney
At \ 902 pe oot BB R T AT AL R 6 R HEAT R, JR T IR A M S A 2 R 4R A A STHGCN S S B I Z2 470 4% 1) I
) AR R AE FH T A FAT ML AR 22 2 (Rl s B o &R AR &, Wl 6 T, STHGCN & Je iR AR B A AT ML A5 B A
G I S I, R I I P g AT A () RS R LR B E)5 B, 2R, 25T GRU {48 H T30 8] 5 AR ok 2% 2 IR 22
REAE BRI (A1 AGARFAIE. B3, K 11428 1 e i) e 11 A AN 2 [ 8 R 5 FRUAE B S — A i) 2l R A AR, R S 2 Tl R A
RAEAS BAAN S [ A AS S RN BB S R ERIA . 55, o B2 I SRR R IR N 43 AR AT e A i 34
J—U}AE/JF R ZETI.

______ —.'—r"'* Spatial- temporal
Sector+ mdustry hypergraph e Y

| o . 3 ¢ o
: . 5 . ¥ sy |
! \1 @ | e, MToAI0IoIol0 ' convolution X
] \s 010J010111011 ' network !
i N < |OI0J01O101010 'y S e
i ' > Hypergraph ¢, [5FTT0T10]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

K6 asiiEERML%E STHGCN [

Bttt STHGCN it~ S tof 45 A 7] B T 2 320 1) i R, Cuii 2 N UV BREHE T — ol i) ok B’JE@%@/{ 7'J|_J
% 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 I R 2 A A B S L ) T T D A S i B P 9 s P [V TN il R AL H A2
TR P Hp 5 S A TR — AN ] S B T — TR N I A
40, Hou %5 N I H T — AN I 0 7 B AOVR FE TR A i 2 B M R N 4%, 12 TR o S it 28 43 [ 4 i) o8
(variational auto-encoder, VAE) %2 5] 2 [i] B8 0¢ 3 1) [ 4R A 2 I S i) 17 8. AR5, F BRI AR I 245 il LSTM 42 %
Bl —NGE— 1 AN TR P 45, 43 T $ek B P T G S Bk o % ek ) 0 23 (R AR AE A 6, 3B AT T o000 e S35 A0 s R S
AR S EA P FLL. Pillay 2 N UREATRIEGEL 17 3 iR ek (e 2 B 28 W9 4 T 32k, IS P P s 44 90 43458
) BA A AN TR A 22 35 B AR T, & I GraphWaveNet™ 78 22 35 Tl 47 T StemGNNEAI MTGNNPY, 7 MTGNN
FE RGN B S, A0 8 3.1.1 53R B H Tian 2N V) TAEIR AT LLEAT B3R 2 00 22 25 1] 0 F000.
313 HAFIE
TRAToft 0308 5 o A/ A 35 T 24 1 4 2 AT 55 2 Tt 5z S5l A 5, BRAR SR — A4 st TB VA 95 >R ot sz 5%
FLARA G, 52 TE32 P e 1 TR0 R0 55K (R R 22, 3 ] i 5 S ZE 5 R 48 SR U AR (R, Feng 25 N (P12t % FE G
5 [ e B AR HME RO R B AR R e ST AR HE R PR TR 2, BB T — Bl T (] 45 #H (temporal graph convolution)
X 465 1) J3 22 2 A i F0 B 44 T 54, 444 RSR (relational stock ranking). 21 7 B, B 2o KO ZE 0 7 S ks
JPEVEHE X, SINE] LSTM W28, DU IR 7 FIAH S I 232 ST BN R S BR N E, . BEJS, ¥ E, 15 NI (] B2 AR I 2%,
T 24 T S A A L AR R AR, R S B ORI SR B g b i R . RS, SR B B TR IR R MR A HE A
TR, RSR B T — NS5 A T a5 [ A4 RN et HE 44 B4 2 16 H bR B30, SR AR T S 44
1) = rad Zfo max (0,— (' = 7)1+ = 1)) @)
(T) Ranking scores Hop, U R e RO BB AITONAE, o A TN
) @B Prediction layer RIS H B8R B MR G UK [ i/Mb, TR HE
A5 BRI B ZE0AC 3 e Ao B R/, SR R ER IR
2R [F] A HE4 T
N T ARRAN [ JBE 5 D) O AR it B I ) R AR AR 4K ) )
Relational B, Ying 26 N MG 1T HE B 26 R EEHEA HE RSR
embedding fayer HAT T B0, SRt T — R LN B R
%% (time-aware graph relational attention network,
TRAN). H%%, TRAN & FHER-470 3 28405 B A 22D
-------------- ZE, 53T T3 S B e B R SR SR SR EL A
D3 SRR AN SR @ At AR5, TRAN @i I sk A e ik
i f emg:ggg‘;ﬂ ver I S B M ) Bh A8 58 B IR R IO SE A R I 285G FRVE =
[LsTv| [LsT] - [LsTM] BUE R, 2 TR S I RIER 1, TRAN AU
RS TR G T R E R, Bk, 5 s
Sequential inputs HIBAN FIF B AR S ¢ RIS KB RN
AAPL GOOGL FB e; =P (W], [h}; WpZ,]+by) 3
K7 RSR A For, w2 WOE R, Z, R IR S IR SR AR AL
SRR, by RoRBER RS P S BRI AR R, Wy o W, RN EERR N SHOERE, T2 BBAE, by Ko li
B B Ak, B s B jFESE ¢ R R AN O¢ Ry B AIBUE R THE AT 40 :
g__ exp(@ ()
D P (@ ()

;_H] , r1+l

“



RikE & @64 RIS TN 64 0 5 B Ab 4 W 44314 3907

o) () = ujg (Wae! +b,) )
Hrr, o () R jIRAERT IR s BT, N, R s WA, ¢ NBOEREL, o « W, F b, REEZF M
Z R AR RE. K GON R AY (1 41 48240 [ 2 ] 52 1 /), TRAN AJ R F 9% R34 58 0B B 0 RIFIE R
k. FLR, T RS s, AR B BT A AR IR T AR AR R AR, 1B 5E ¢ RIVKRFHERTR a0 . BB
BRANXWT:
a= EN] dearee ™ ©)
Hrlr, degree(j) AT m jIBERL, W R )5 — AR, 555, FI A EEAR R H R ISR P SR e R T fe
AR 4.
DA b k42 T30 5 9AN 50 i S T ) g O 3R, AL 17 TR S 2 T [ v i 0% 2R L T oo JE B 22 AN 719 i
By ey B, Bk n] LR mUT B R G I E X R, O T @ SR 3k [ A S 5, BT B 1 HE2 51 R T
TIZHET M. Sawhney %5 A P H T T 2 HE 4 I 23 1 P 58 9 45 STHAN-SR, H A Hawkes i F2 Y1 3
THT LSTM $REUN [1VE R 77, 15 B P I S HRRE. 285, STHAN-SR Fi7I F 8 146 R0k i 5248 1 1 25 B) 4544
5 RIS ST SRR R IR rh . 5 RS B B 2 1A (K Bh &S A SCHE, Sawhney % O H I )5t 0 2 75 i 52 b P 9
%% (time evolving dynamic stock hypergraph network, TEDHGN), PAR A1 077 5, @ M 3 47l 38. AF]
KA ESNZSH R IE, 2% ) R R R FL R R .
3.4 ARTIRLS
2 WAFMESS A, FEEAEE T 55 3.1 19 A 3 XU Tl 38 5 R 3 S0 = B F i B kIR . I 345 B Ak
77 AR FR.
T2 AR B R TR 7 1 e A

5552 179 Ay LAETP S I 2545 2 Ak 2 5 5 B A R
st ) [81] JBe S 7 S A R B, 3 I SRR A T R R R O R IR B FE N IR AR
Peng AT 2019 4yt st [R5 KL, TONAEBERY 1 ¥R KDTCN
o v - n H struc2vec’# 2] 45 MY RFAE, PIBTBXRNN
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 TR i s ST AFAE AT SAFE HAD-GNN

e 300 Fr BB
s o ——
e Xiang% A 2022 i%ﬁ%@iﬁéﬁ%ﬁﬂﬁgg %k ;ﬂtgg;g’ﬁgggﬁggﬁﬁ;% B reaN
Sawhney A5 2020 Eggoﬂ%ﬁﬁﬁﬂmosmﬁ%-ﬁ gﬁggfgﬁﬂxwl‘ﬂ%ﬁ,ﬁ% R STHGEN
B . FTSEISE Top 40 03I 112 RS8R0 0 11521 o Gr?}}‘gmm
temGNN
Sawhney?$ A* 2022 4132, ik e FIA SRR AR PO By VBT JE B WAL, e o

TR I AR s (AR AIE
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3.2 BEEREL XS TR

TEHIE LR AR TR I A B BN N TERLE WIER PYIE 3K 5 BURE 21T . AL G038 T Guit- W fpLas 2= > 16
YR LT 7 A B R O W L9047 AR BT, HAE PR B AR, SR, A/ Al R SRR L1 2 AN
BT G0 55RO, 84 52 BAH I 1) B 2PIRAS B2 . Bhah, Al (V45 FRFAE th 2 Bl I 8] R A2 A5 4k
BRI, A B 50 Ga R P BT 3 BRI 2 P 2%, IS T (5 D SR 55 5P O R I B A T v 2% ) RE DR OB T R R REAE . A
P2 ST AT 45 0 BE 25 18, IS V0 D7 V38 1 Dk ot 240 JXURG: 0 1 8 A A A S et e R 0 r 40 25 340 R
BTNAT %%, BB .
321 RSk

WG T BT B RS B A - HRAT (8 DR A B PR, s i R 3 3 240 R i B A Sy L Al 1 e
[ 0 2RAT 45 O T IR B R PP R OG R A5 MORRAE, BT RN LRI T — RV T3S 5 B W 7 B2 4.
51311, Cheng 25 N R A6 1 T —ANShA LA TINMES DDPF, FAE — it 1) 3 (U HE 28 o [RsRH 7 58847 5
B AN SRR AE AR R 2 3T Al BB A B H ki, W& 8 FioR, S N BB 58 vh @ IRFBLEEAT NEF,
WEAE— RYIPERAFIE: S, FIE. RE, GRIUATES RIS, 2o s/ AE 2 5 ) & 11
W £ F54E. DDPF 5 s MV AEAS RN () 3 09 Q R G RFAEREAT 3322, DU B il 24w it ] ) B kAT A AR AR 1Y)
ZE10 75 (M SRR AIE. B, T B 5 TR A R 7 132 N 1195 LSTM, LA 3] Al 7 — BB IR] 4 (R B3R AT S R AE AR
(IR FPAREAE . B, %A B ) 7 10 PR i b Bk AR AAE 1 I SURA Az P B K3 240 (¥ U T . Cheng 25 N\ 7B J5 42 H1
) TDEP &5#4) 5 2 AR, ZE AN T BRI 07vE  He 25 SR B4R LR 45 1) BEURRAE ) A T~ A O sk i 24 1) L, SR
14 LSTM A5 247F Ab 3 B B0 7 TR R BLANE, W75 2218 F B0 2 0 48 D7 1R T e FE AR 96 R HEAT 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 Xy

K8 DDPF MR AAELL
FIRFR ARG LA 3 ANBhbk: 1) A DR e 8] (8] B A . 2) B P 8045 AR 1P 2 AR K AR, (1
KN 2B SR A . 3) BISE MR 455 AR [ —HEZL N (28 & D fd vk B3R 19 8, Wang %5 AN VR H T —FhE
T-2h 72545 F P A Ta) Jgk g P4 22 ) 2% (temporal-aware graph neural network, TemGNN) SR Tl A P (45 XU, 2%
W45 Bef% B G N HL R A F P A5 XU AR DG IS R 32 IR A A & B4R U, TemGNN HERA £ 2



Rk Z 5 @ e & e RIS T 69 0t 5 B AP 2 W 424 3909

JRHENHL (multilayer perceptron) 2% > {5 FH XU AR G IR AS H F HRAE. 2R )5, TemGNN ) H B A RRER G BB (1) )
1 G A 2 SR 4 0 o PR IR, e 55 6 T P B TR) RN S M REAE SR 22 5 L P UARHIE R IA. 5 DA GON R LR G
W B A48 R A5 BN, TemGNN R BT o 1) 24 57 8 7 152 B S50 B[R]0 PN G40 J 45 2 ARAR K5 mm, T R 7= =
L u BB AR R 08 1 2 ST AT T U R

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

'€Prevg (1) veNy (1)

Horr, Preve (n) ARER Z1 ¢ B EMRIE A Z AT K ARG, N, () 275 5w ZE 2 ¢ (AR ST AL a(u,v,) 2
ANTAIS 20 BTSRRI E R ) R EL by, ST v TERT R ¢ (R NRRAE. S5, T P 3 S 0 55 RRAE ,, 4R JE T AURE
TiE Ry, RFEHNT AL u B — 2 K H P RHE:

b = ReLU (Wgkx (R, Il By)) ®)
Horh, || AR A B HHERRAE, Wonn FARFT SRR EFERE, K42 N IXFE 1) B BUSEREEAT S, T2 )= R B R 4
SRR B 3 40, SR T B W et = 70 1) LSTM B & SR 3 25 B b (A SR A5 .

BRIV TR X I 7 BIFE BRI TR) 5 (0 BN AT IR &, (R I R B [0V 5 D LS 5 AT SR R et ) 22

{10 ) B A2 250 53 43 A 1. SR T, SERR b B AN S8 B SR (0 TR BRE 3 R BIEANSE . B B, MIBRICR I AR 5
SERARRISZ M, T 25 R R XA AN FUU 4, TemGNN #E— 2558 ST 407 1D 8] g 50 18 126 6k 2R 2

1
g(6) = M )

Set, 6, %0 ¢ EBUE 9 606155, 350 B Sk O 107 B hUE, P (A 4 2 T 5 S
h=)"" (2(6,):0 () h) (10)

Holr, g(8,) RS, o (1) R IH—ILTEREATAHE R b R0 24 0 128 0 P PR A, i LU T 2 i
7, I B R R AT LR A T L. S, TR RS R4S TR IT 5 R4 S TIAT 55
322 W

AT AR KU KB AT 49 R OB L0 S B 5 K R, S 20 T S 0 4 5 2 O AEL (R0 240005 B
AT, WA 4 o 1 Sk i 4 e Y AR AT AL B BRI, R0V M e () 7 L K 4 FE,
4% s 240 DA £ T ) R0 L S ] 30 ) 5324 0 A 1% i XU V50 BT 90142 £1, Cheng 5 A 7135
SR T i 4 I ) ) R 3T 405 TRACER [0 e X\ §F 2 73k, JFLR PR INF A 2 0 WL i
VAV 28 I 24, W FES DR A7 S i HE T e A () B 2. TRACER 5 56 MR B8 K 0 S AR R 90 40 i e Y,
SR P WL 27 =1 4 1) AP S 3 24 S S B 0 2 02, TRACER AT 47 2005 B2 1A 5 B, M vl T 4 '
HOR TS R R 0 AR T4 i . SAJ5, 3L 3\ GRU I F73 2 /7 2 RN 5515 ., TRACER WS4 115
7 g T T H A Sl ) SR A .

BRI T SR TS5 B, {EL L3 TR 200 T 3R G iR OB 9. itk Cheng 28 AU MIEE 1 0% 1
SELIR IO 24 P15 S 240 172 10 ZA G R (0 AL B0, B T 48 1 AN 5 2D 4 04T 28 5 i R e
ff) TSt iConReg. & 9 Jii 77, iConReg ¥ 4 I BE Ak 44 I (K1 RO Sedt 2 Bk MR BT AT 1T R 0 15 it SAJ5,
T 4 D A R 17 5425 S it DR 25 52 1, 5 ComRegs 701 A 2 1 Lo 20 PO 45 4 £ v
FIBE K 0 2% O TE KR 13 BT K R GE S35, SRR, 44 T ORI . A e AT B AE B T B J R\
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