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Temporal Knowledge Graph Completion Based on Historical
Summary Enhancement
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School of Computer Science (National Pilot Software Engineering School), Beijing University of Posts and Telecommunications, Beijing 100876,
China

Abstract: Temporal knowledge graph completion aims to predict future missing entity links based on historical observed
facts. To overcome the issues of remote information truncation and redundant noise, a method named Historical Sum-
mary Enhancement (HSE) was proposed. In this method, entity global historical behavior representations were first ex-
tracted through a relation graph neural network. Subsequently, compact historical summaries were constructed to con-
dense cross-temporal historical information. Finally, the historical summaries and current query representations were
adaptively combined via a gated fusion mechanism for link prediction. Better results were achieved by the proposed
method on the ICEWS14 and ICEWSI18 datasets, with the MRR and Hits@10 on ICEWS14 reaching 47.41% and
71.00%, respectively. This effectively improves the performance of temporal knowledge graph completion.
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