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Link Prediction Model on Temporal Knowledge Graph Based on Bidirectionally Aggregating
Neighborhoods and Global Aware

TANG Shaosai, SHEN Derong, KOU Yue and NIE Tiezheng

School of Computer Science and Engineering, Northeastern University, Shenyang 110167, China
Abstract Temporal knowledge graphs(TKG) have great potential of application in many fields,such as recommender systems,
search engine and natural language processing,but the incompleteness of TKG limites its application, so it is important to study
link prediction model on TKG. Most existing methods focus on TKG completion and can’t predict future facts. This paper propo-
ses a link prediction model on TKG, which is based on bidirectionally aggregating neighborhoods and global aware. On the one
hand, the proposed model independently aggregates entity’s recently active and positive behavior and models their temporal evo-
lution by recurrent neural network (RNN). On the other hand, it captures the chronic behavior patterns of entities by global
aware module. Experimental results on four benchmark datasets show that our proposed method can improve the performance of

forecasting future facts.

Keywords Temporal knowledge graph,Link prediction, Recurrent neural network
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Fig. 2 Overall structure of the proposed model
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Table 2 Results of link prediction on ICEWS18 and ICEWS05-15

ICEWSI18-filtered

ICEWS05-15-filtered

Model MRR HIT@1 HIT@3 HIT@10 MRR HIT@1 HIT@3 HIT@10
TransE 12.24 5.84 12. 81 25.10 22.55 13.05 25.61 42.05
DistMult 10. 98 4.52 10. 33 21.25 28.73 19. 33 27.67 42,42
ComplEx 21.01 11. 87 23.47 39.87 31.69 21.44 35.74 52.04
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Table 3 Results of link prediction on WIKI and YAGO
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Table 4 Results of module’s ablation study

ICEWSI18-filtered

MRR HIT@1 HIT@3 HIT@10
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Fig. 3 Experimental results of parameter sensitivity
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