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Research on event knowledge fusion from multi-source knowledge graphs
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Abstract: Event—centered dynamic knowledge is crucial for applications such as event prediction.Existing knowledge graphs mainly
focus on entity — centered static knowledge, which can not meet the requirements. This paper proposes a high — quality event
knowledge graph construction method that integrates multi—source knowledge. Firstly,the global event pattern is defined. The label
category is used to extract event knowledge from the source knowledge graphs and temporary event knowledge graphs are construced.
Relation augmentation rules are used to expand the temporary event knowledge graph, the entity alignment Attce model is improved
by using the TransD model for joint embedding learning of multiple temporal event knowledge graphs to improve the efficiency of
entity alignment and conflict discovery. The credibility of the source knowledge graph is calculated by using the completeness of the
event description, which is used as the criterion for conflict processing.The accuracy and validity of the method are verified on real
data sets.
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Fig. 1 Flow chart of event knowledge fusion
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