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Abstract:Representation learning in knowledge graph aims to explore the complex semantic relationship between

entities and their relations with a low-dimensional,dense vectors representation method,which is of great significance in the

fields of knowledge question and answer and information retrieval. However,most of the existing knowledge representation

methods ignore the time factor and cannot express the dynamic knowledge of the application over time.For this problem,this

paper proposes a knowledge representation method based on entity time sensitivity. This method integrates the time

information into different types of the entity vector representation with different degrees,and then performs semantic mining

between entities and their relationships.Experimental results show that this entity time sensitivity based representation

method can obviously improve the temporal knowledge completion and prediction task performance of the knowledge graph.
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Fig.1 Knowledge representation method based on entity
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Tab.2 Evaluation results on entity—linked prediction
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Tab.4 Evaluation results on relation—linked prediction
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Tab.3 Evaluation results on entity—linked prediction
from Wikidatal2K
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Tab.5 The accuracy of triple classification(%)

Bim e YAGO11K Wikidatal2K
TransE 68.80 80.86
TransH 70.43 83.04
TransR 69.19 81.30
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6 #Eit(Conclusion)
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