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(School of Information Network Security, People’s Public Security University of China, Beijing 100038, China)

[ Abstract |

their historical interactions. To address the issue of high energy consumption associated with modeling dynamic networks using recurrent

Dynamic graph link prediction aims to predict the formation or disappearance of links between nodes in a graph based on

neural networks at fine-grained temporal graphs, a dynamic graph link prediction model optimized by spiking neural networks was
proposed. By the node memory updater incorporated spiking neural networks and the spiking update process of node memory, the
evolving dynamics of dynamic graphs were learned by graph neural networks and the model achieved link prediction. The results on

three publicly available classic datasets show that the proposed model exhibits improved runtime efficiency while maintaining accuracy,

showcasing favorable performance in dynamic graph link prediction tasks.
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Fig. 1 Framework diagram of DLOS
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Fig. 2 Training workflow diagram of key modules in DLOS
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Table 2 Prediction results of dataset

EAGITE S FELE AP AUC JHI /s
APAN 98. 89 99. 42 9.6
DySAT 98. 88 99.33 37.2
MOOC. TGAT 98.31 98.78 25.0
TGN 99.38 99, 64 10.3
DLOS 99. 41 99. 64 9.0
APAN 96. 96 97.96 19.8
DySAT 98.52 98.39 49.3
Reddit TGAT 99. 62 99. 66 59.7
TGN 99.52 99. 60 19.8
DLOS 99, 67 99,71 17.3
APAN 97.00 97.85 3.7
DySAT 96. 65 96. 90 11.9
Wikipedia TGAT 97.99 98.21 18.8
TGN 99.21 99,51 3.9
DLOS 99. 46 99.29 3.6
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