H57% 459 MR OE T Ak Kk ¥ o W Vol.57 No.9
202549 A JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Sep. 2025

b4 B ) 2 SR R 3T 17 HE 3R B R e 42 T 45

&R k2 AR Rep
(1. RERFE A AL 5E B TR, K 300072;2. KK R EALH, K 300072;
3. RE RS TS E S TR, K 300072)

B OE: ARAIAANFEETEI T ERUT QL N EEMBERGHE Ry FA, R T — M 846 24 0 £ it
1738 58 B J7 B A0 2 W % (time-constrained walk fused memory enhanced temporal graph neural network, TWMTGN) , & %, A X &
TR R M A R A B R £ SRl R JF P R OB R LR SR P S K OB ok R R i T AR AE B A B R ILR
S EFURANIAHSET ;XA METEARA B BT HEREE ZEEHEAX R RERAS BN &
RENRWRANEN ;G , HEGTEREGENTEXERERNERERALE S-S HEFEZENBEEXHK, £F
EHEE LW ERERLN I RFALRBRATEEBETUESHRR, EERERD HEAREEKEFMAKESH
SRR, TR W a1 2 SO T P AR W S MR, W R E L RHE R E R B TR AR R R,
KW BT F %k IR RER G HRER

hESES: TPIS3 XERERERE: A XEHS: 0367 —6234(2025)09 - 0029 - 10

Time-constrained walk fused memory enhanced temporal
graph neural network

JIN Zhigang' , ZHANG Hao', SU Renjun’, ZHAO Xiaofang’

(1. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China;
2. Publicity Department, Tianjin University, Tianjin 300072, China;
3. School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300072, China)

Abstract; To address the challenges faced by existing temporal graph representation learning methods in fully
exploiting structural features and dependencies of the network, a time-constrained walk fused memory enhanced
temporal graph neural network ( TWMTGN ) is proposed. Firstly, a specific type of temporal constraint walk
sequence is constructed for the interaction node, and the memory module is used to capture the long-term
dependence of the network. The walk sequence features are fused into the memory of interaction node, which is
dynamically updated upon the occurance of events. Secondly, a feature attenuation layer is designed according to
the node type and time interval to model short-term dependencies, which improves the model’s ability to identify
key historical interaction nodes. Finally, the aggregated historical interaction features of the target node are fed into
a causal convolutional network to further uncover the potential association between them. Experimental results on
real datasets show that the proposed network can improve the performance of temporal link prediction tasks while
maintaining relatively low complexity. Parameters such as the length and frequency of time-constrained walks
affect the mode’ s performance. The proposed time-constrained walk sequences can effectively capture the
structural features of the network, while the node memory and feature attenuation layers help to capture the
network dependencies.
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Fig.2  Aggregate the historical interaction features for target node
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Tab.3 Comparative experimental results for temporal link prediction tasks %
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