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Abstract; To fully leverage the temporal characteristics of temporal knowledge graph (TKG) data and address the issue of insufficient u-
tilization of temporal information, we propose a reasoning model named TETDM ( Temporal Encoding and Temporal Distribution
Attention—based Reasoning Model ) , which integrates long—term and short—term historical information to capture the impact of different
historical event patterns on inference targets. Specifically,the model incorporates the frequency of entities or relations over an extended
historical period as a long—term constraint for inference. Furthermore, it encodes short—term historical information using a temporal -
aware encoder and a temporal distribution attention mechanism to deeply explore the temporal characteristics of TKG data. The temporal—
aware encoder accurately captures the influence of temporal information on entities and relations, generating temporal feature—enriched
representations of entities and relations. The temporal distribution attention mechanism, instead of merely learning representations of
repeated facts, models the attention of each repeated fact within different subgraphs to learn the variable distribution of historical repetitive
events. By encoding the influence of temporal features on entities and relations , as well as the contribution of historical information across
different timestamps,the model produces more precise temporal embeddings of entities and relations, thereby enhancing its reasoning ca-
pability. Experimental results on ICEWS14 , ICEWS05-15,ICEWSI18,and GDELT datasets further demonstrate that both the temporal
encoding module and the temporal distribution attention module proposed by TETDM can improve the reasoning performance of the model.
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