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Abstract

In the real world, there is a plethora of network graph information, where the dynamism and
complexity of interactions among entities in social networks have made dynamic graph link pre-
diction a more challenging task. Traditional methods based on graph neural networks for dynamic
links often focus only on local features of the graph due to over-smoothing, making it difficult to

SCEF| KL T U A A 2 W0 2% BER TN ], AR 475 5L, 2024, 13(3): 2611-2622.
DOI: 10.12677/mos.2024.133238


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.133238
https://doi.org/10.12677/mos.2024.133238
https://www.hanspub.org/

XA

acquire comprehensive information about entities in the graph. Additionally, we observe that the
connectivity proximity in social networks is advantageous for future link prediction. To address
these challenges, we propose a bi-layer temporal model. Firstly, we extract subgraphs for each
snapshot and abstract the subgraph set of each snapshot into a temporal sequence. Then, we de-
sign a global temporal graph neural network to extract the global information of the graph and
generate snapshot representations. Secondly, we input the snapshot representations of each
timestamp into an LSTM to further extract temporal information and design a novel loss function
to train graph embeddings with connectivity proximity. Finally, the graph embeddings with tem-
poral information are utilized for link prediction. We conduct extensive experiments on five social
network datasets, and the results demonstrate that our model outperforms other state-of-the-art
baseline models.
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ARS8 (R IR N T A HEFE M o i R LIE A, ZEEE TRERE e I BOR v, 5 N i I 4y it PR 3
TNFE B[S AN B AT FEAE B [6] K 2% S I o AR, FEFREAM T IR AR R BN AE 0], I BB Tt R Y 6 R
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f& deepWalk [3]F1 node2vec [7]. BEMLATE J7 M B TR BT s AR5 5, (HURA4E T 2 251045 2 8],
I B AT s AT BE LUK SR AR E £ [9], PR LA 2@ TS A 4. Bk vk R BN A TS
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K = T0 G B AE Jte 3 S5 R &5 Fh PR )7 A . DynGEM  [12] \HIAG A0 TF 4R IE A5 B0 1T
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JEIK GCN AR AR 2 i #E4745 4. BT, GCRN (Graph Convolutional recurrent Network) [18]45 &
BRI 22 2% AL, 72 ISR R R BI NTBI A N 48 22, AE1SAS R ik 008 £ I 1) I ) e 1)
BEATM5 EA RN SE 3T, ATl e P IE () ALl FE . AddGraph [19]45 & 7 VR R ALl A 1) 8 1 B A
WR2%, VR T AL SRS 5 s (4R S B AT IR, SR ) 8 I I TA] B8N ) GCN SRR A 401 i 5 B 1
Fef T 5% 1) BRI 25 A AN (8] 7 1) 45080, nT Re o vk 78 43 R FH B A R i 485545 S . EvolveGCN [20]38
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Figure 1. Problem statement
1. (el A

NT R UL BB, ASCHEH T XUZ I A (BI-GTGNN), XUZ 28 T B 2 I DA P ig 2 i
o T B EI L4 R I e #0229 2% (Global Temporal Graph Neural Network, GTGNN). 51%4; El#4
PEgZERANE], EATRE SN A EE R REEN, s MR IGh R 77K, s 4 /e
A AR IR 1) RN R o 10— 2020 i DR R ) PR R N B N PR 2 T 2 4 SR PR R B P45 6L R4k,
ALV T 40K SRR DRI HEAT IR P A AR AT BN DAERIFORIBCHEIT P o 3 24 P R N FH T B o
KSR TTRRE AT

1) R T XUZE P A, EZ R AR i R 5 7 R R RS S, PRI Z AR PR [a] 1)
R4S 2.

2) LGB ML QARG ALE, ML R G B . AR Y GTGNN B AR 2 4
AULRERRER, TR £ & MR AL .

3) Wit T HTBII R bR BOKE DR AT IR - A AR BT RN, AT i v Tl 4 2

4) 1EHA BN M A B FiEAT KRS, WEI TR A 2.

2. B
ARFSE TR BRI PR, SR P2 87 BRI AR R Z I 7. 5 B2 2 4 R
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Figure 2. Bi-layer temporal framework structure
E 2. WERFIEZRLEH

21 EX

X S EEEA G(t)=(V.E) s AV = (v vy v, I n A S, E = (B, e E Y
R O TS . ST Bt — R UBUE (G, G, .G, ) KA, G AR IEIZERT A 21 t f
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Figure 3. Example of subgraph extraction process
3. FERELIERA
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ERI
H () =0'£|5 2AD ZH('W')] @

=z

Vi

X RMONEIERERE, A= A+l FR A EIFIOAEAENE, | RBRERE, D BXAMENE, HTR
=2 A WA AR, o) RARIEIRRA, H Fm B0 A
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Figure 4. GTGNN structure
] 4. GTGNN £#y

BT I RNN S 2 LA LIRSS 77, (LR B S L 3R K 81043 85 LR T — AN
W S SCR A, ERIHGIN 1752 2 FE S5 R ELMERE A fE . AR T I PSR 4577 T RN 4,
g RNN ARHT R AN TP A 5 IR R e . AT — NI Pt — L A 3 815 24 R0 A0 ¢
Bl PR A, IR RO e, AT LB UK 81 15 IR I 1 2

IR A RB) (6) (IR s s paes g, FIT XTI XM BULGME 2L 25 1, LS O V2,
SECRI IR 1 24 A BT — I T 25 T N2 I TR T — R0 24 0 2L e A 5 B 47 24
MR

I =Wr'(/urOXn+(1_/ur)®Xn4) (5)
K, :Wk'(ﬂkoxnjL(l_#k)OXnil) ©)
Vn =Wv'(lquXn+(l_luv)Oxn4) (7)

BE— BB — AN BT IR N O BAERS, R A 2R A H B A WA B RATRE)Z
N FERIES . AT

op, = diag (u)-k! -v, + 3" "diag (w)""" -k -v, (8)

o Y diag (w)" kT v ITRLAR R B R RBR N, wR U RFA TGS R S AR

IS H, GRS token, RiAlE 2T token HI2L . XA B TR EE N SGTE 2T token. J3— N ELE

RIS EUE w, AR () Py R BRI (5] e g e B o Dy 1 ERoRT T T A I 37 Je 3 ) B e s 14T
W, TEK wRORIEQ, 1YL, HEU w AR E I A 2(9).

w = exp(—exp(w)) 9)

HI T T AELHESRI K] -v,, > DRIGAEANI 38 AT DAL EAT VT 05 A NI PPl ) 2 i A K(10)

DOI: 10.12677/mos.2024.133238 2616 e RSE TR


https://doi.org/10.12677/mos.2024.133238

HIA

0, =(SiLU (r,) @ op, )W,, (10)
IR AT PALL RNN a3 T R, A (1) (12):

op, =5, +diag(u)-k; -v, (11)

s, =diag(w)-s_, +k; -V, (12)

Horbs AT AP RZIRES, s A E—IFERERREIRES, s NEMFE. HARSG 7 BA N FE 8%
1 0={0,,0,,--,0,} -

SERON T B PREA T R TAE A, 3N RHEREDS TRIMRAR ST RS, Wai13),
HITE R — e B IE R 5 R G . T TR, W E— 2%l H 57 EER BRI
B BEATRRAE AR BT B A IR AR

H=Y0 (13)

23. RBERFF
P AR — PRI GTGNN HEAT P IR AEFRL S « A5 BAEAS PRI AT SRR FE AR & {H) Hy, o HL ) o
SRJEREIZ AT RURFIEAE FEAE N SN2 LSTM A2 o gt n] AR B BAT PRI I 3545 2 BB 1 e
AN ERFER R . B AR A ST
C, =LSTM(GTGNN'(A,X),C,,) (14)
Hor C AFHERE, A NG AR, X NG E’J*ﬁﬁ%ﬁ%ﬁﬁio A GTGNN X LSTM Hot/= A A

RN, LSTM T iE N — A [HEVZ IR 2 M5 B TR EAERE C,,C,, -+, C A2 t MR B 2%
AN

2.4, MK FHH

FEGIF 0 BA MR 1 E B EGE M T EER TN AR . O 1 7ESh A B h IR FFERR I HIE M, AT
G HT T ) GCNs RAIH h R )4 A E N i S RN« BRI ZR B U7 30, SRR A T -

L =i2% (15)
= Z:( )—Iog {1—G[D(m,hu):|}_Q- Z‘z )—Iog{o-[D(wvm)]} (16)
Din ) = i(h\/i —h,)° (17)

i=1

$0o§ Dy, ) FORIKSRBE, o RHASEIE, N (U) 215 u 755 KBEHLIEh b F Bt e e, P
ROASER, Q RMFFHIE. SR AMESH, WAL B R, 1R AR L
o R A SRS AT R 7% . TR 27 31 J5 0705 2% 0 DAZE 3 s B o (R W O A

3. XRHE RS 5
3.1. BIBESITEEIEIR
S E R T AR B EAEE . BN K FR KR — A AEE RN UCH KHE
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Autonomous systems [ —/MEfE 4% AS; 3k H Facebook /A 7 ff] Facebook ¥#i4E; —/N3k H 2R A 7 (1)
HL P ISR IE R X 2% Enron All—/Nk [ HERR S #2034 Math overflow [ P42 B 4% Math. 7F 32k 4% A
AEREE. BIREEENTE L.

Table 1. Dataset information

FLBERER

Datasets Nodes Edges Dinax Snapshots
ucCl 1899 59835 198 7
AS 6828 1,947,704 1458 100
Math 24,740 323,357 231 77
Facebook 60,730 607,487 203 27
Enron 87,036 530,284 1150 38

PEAL HEFR AL £ 2 #h 28 T T A7 (Area Under The Curve, AUC), ROC HiiZk(Receiver Operating Characte-
ristic curve) N7 I TIAA A& AUC. DAy s £ (1 B B TIOAT 55 /& — 40 281018, 1fif AUC AL s rE TE v 26
AN 187 RO R AN BURR, DRI 2 S TV A 5 o 23 AT 45 O M i

3.2. SECERBYFNLHELETS

XT Lt baseline 70 NERES B T IEFIZNAS BT, BRI IEES: GCN [13]. GAT [4]F1 GIN [16], ZhA
K& J5 %1% #% DynGEM [12]. Dyngraph2vec [22]. GCRN [18]#1 EvolveGCN [20]. H:H' Dyngraph2vec A =
FhAsAA, 43 5)52E dynAE. dynRNN i1 dynAERNN.

XT3 T 54 GCN 77725, £ GCN.GAT.GIN.GCRN Al EvolveGCN F{# [l T 2 )2 . %t T DynGEM,
¥ o BN 107, BN 10, », WA 107, 5, %8 107%, XFTF dynAE. dynRNN 1 dynAERNN, # g A 5,
FEEN 3, 1, N0, y, N107° SHFARSCHTEE #7575 Bi-GTGNN, 4 7 AFXf b, AR RFFI /2 GTGNN.
AL H F Adam [23], %21 EE N 0.001. N T ELLE:, BTl 7k N e AR B N 128,

BE— RINNASE, BERTIARYE AT DK t RS B, TR — A2 K t+ 1 R —
Fil. AT HEFRCHILEE, ASCNE G HEEHLRAEAAE N IEREAS, MARIERE T O i A2 A7 R
Ao ANERH[TIR 7, A AR A8 =T s R [ BT Hadamard 32 55 DA SO R Ak 1) &
WE—~ 245 [ (Logistic Regression, LR)7r 2848 K X 3 IERIGFUAFEA . B i Bk N 5 1L ER R R
PR B B FOHT IR DA YT SR ON, T RT A h &S BUR A T VE# S & 1 g 52 RS B DAAE Jl 24 w7 A [ 3 ) 75
RN o

3.3. XLLSCIRZER

W 2 s, SESesh R A IR T2 AUC 72380, “-7 R GPU WAEA L . skl RERTH
SETNEBANERAR T & ET7 %, BUOAE I B J7 AR Eh & S BAEAE kG . B 745 2
2B 25 I BE TR 2 AN AT BB o BN TTIE T, Bi-GTGNN TEREME T H B T57%, X% Y] Bi-GTGNN
AT UA R 4 R PR A M A5 0, AT A B9 i 3o A B T T B e T R 2R . e B A RN T 53R
Bl AL /2 EvolveGCN, XZFEINESIA T EIEAHLE],  BETEHRAE 24 i i 220 ) B e s A b 53745 iR
Ao IXAEAFRIY BE S T L il S S 25 IR A I TR AR, TR R T RN

DOI: 10.12677/mo0s.2024.133238 2618 jé

m

S


https://doi.org/10.12677/mos.2024.133238

XA

Table 2. Comparative experimental results
2. MR

Method ucCl AS Math Facebook Enron
GCN 0.7792 0.7835 0.7986 0.6942 0.7879
GAT 0.7668 0.7906 0.8351 0.6991 0.8344
GIN 0.8366 0.8571 0.8681 0.7415 0.8453

DynGEM 0.9032 0.9372 0.9025 0.8019 0.8926
dynAE 0.9189 0.9404 0.9178 - -
dynRNN 0.8927 0.9107 - - -
dynAERNN 0.9008 0.9139 - - -

GCRN 0.8579 0.8648 0.8217 0.7262 0.8807

EvolveGCN 0.9102 0.9227 0.9034 0.8056 0.9025
Bi-GTGNN 0.9214 0.9436 0.9279 0.8591 0.9307

3.4. jHRASCLE

TH AL SIS AR SETE 5 AT 2 K 45 EdEAT, Baseline #iAL{# Ff GCN. GAT. GIN. 7EZRiHIN L
S, X FIX =4 baseline HI45AE 5 O 7 IR PRI AZ BT 3RO, SRS AT RERE TN . TEVH Rl
e, FEAS AR T SRR, BN SRR Z I T 20 A OB R, R R R A (15), &R
HEATBERS TR . S AL R N GCN++. GAT++A1 GIN++. JHe4h, AN T GTGNN 525,
I H NI 5 R4 PR Z 1 GCN #HIF.

N+ 3 fi7n, GCN. GAT Al GIN & HRIGZI 7 J5, 765 ML FHA 7 —@ s, XUl B Rig
JER P RAR . Horf, 7E AS BRAE SRR AHROR, X2 AS BT IR ERZ, Bt
PRIB A 545 B AR % = 5 /0, 1 GCN. GAT Al GIN # Ikl sR B e . InANRIB RS, EA]
HORT LA AT I AR B R . AN, A AR AS) AR RS, S AT U RN BA s R
PE, AT HE— D4R m T e .

Table 3. Ablation experiment results
3. HRASLIREER

Method ucCl AS Math Facebook Enron
GCN 0.7792 0.7835 0.7986 0.6942 0.7879
GCN++ 0.8204 0.8357 0.8341 0.7312 0.8134
GAT 0.7668 0.7906 0.8351 0.6991 0.8344
GAT++ 0.8079 0.8311 0.8653 0.7251 0.8570
GIN 0.8366 0.8571 0.8681 0.7415 0.8453
GIN++ 0.8615 0.8762 0.8807 0.7849 0.8701
GTGNN 0.8535 0.8763 0.8719 0.7963 0.8832
Bi-GTGNN 0.9214 0.9436 0.9279 0.8591 0.9307
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GCN. GAT F1 GIN fIt£AE59 T GTGNN, X UiAH GTGNN f#kk 1T HEER S RE AL B IR $1I 3 75 0%
4R s BB . tbAh, GCN++. GAT++#1 GIN++PERE S5 T Bi-GTGNN, P NEI{# GCN. GAT
1 GIN e TR A5 2, H TP e PR 7 6 Jze PR 257 A, B AR BRI SRR S BA
JE, R TR 1 BeE LABE T

35. FHTHSH

7E GTGNN A — M PR, ASCAE 3.2.2 5 LA 1AM TR B I THE ATV, AT 04T
JRFL DL R SRIG 45 R

T S H L) RININ AR A I 1) 308 7 75 2458 A b — A I )l o ) B 2 4 LR 9 24 T2 SN R
REPRFFEAT AT UM 5. 76 GTGNN HH R 736 43 Wi 5K (10), AN TE)3E 38 1% B r Fop, tHEAS
Her Z2Eai. AR (8), op, NI REE Kk, v, 52 50 FTE R REE ) k. v iFESH, AT
AH ke v ECHE. BIAREZEM TR TR DLEHRAS, A AT USSR 475

1E ¥ 4E Facebook 1 Enron EXtEE T GCN. GAT. GIN. Bi-GTGNN F1 Bi-GTGNN-R Il Z:4% > epoch
P2 it E], o Bi-GTGNN-R 2 {f A RNN ##t GTGNN A i i, e siie i B 55 b seis
HAF. & 5 BizR, Bi-GTGNN-R HITHHE B KT T GTGNN —f%, Uil GTGNN HifIf47 i 52
AR . GAT MVIZRET a5, il TH T, IIZR AR & GCN. X ZF N GAT fERKGN
R A RHER SRR R SN TR AL AP SRR 251 7 Bl — N T 22 S R R 3L o, (615
A Fi 0 A SN R A BN o FARSR UG, GAT HUEEAN T s R 2 1H 55 AR & 5 R AN E B ) R AL
XA RS B BB S B AR AR 4, 1 LeakyReLU BRi%f. 1M H., GAT % KA £ kit L,
BIER — B I TR 2 AT SR8, BRI ETE IR, PUIERERKRILRE S, I 2R )
TE KT Bi-GTGNN. M2, GCN 5 Rk R ] 167 B, T Al FH 55 260 A A0 A1 B2 5 B R T B AT J5 15 A1)
I35, T 3K LA 2 [ G ), N0 S BAN ) 2 0 B o DRLIG, GCN BRI HRE AR 3E T iy, )1 I ) 5
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Figure 5. Training time results
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