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Abstract ; The data fusion between social network and knowledge graph has important application value for knowledge graph construction

and social network analysis, and the alignment of social account and knowledge graph entity is the key to the fusion of two kinds of data.

better alignment.

In view of the alignment of social account and knowledge graph entity, combining the structure characteristics of social network and
into a knowledge graph subgraph during the target entity selection stage,uses graph embedding features to select the core entity set in the

0

knowledge graph,we put forward a social account entity alignment method based on the embedded characteristics of the graph,so as to

find the correct corresponding entity in the knowledge graph given the social account. This method maps the social relationship subgraph

i

subgraph , constructs the feature vector according to the core entity set,and choose the multi—layer perceptual machine as the classifier to

B
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determine the target entity corresponding to the social account. Experimental validation is performed by the entity alignment data set
based on Twitter and Wikidata. By comparing with the baseline method, the experiment shows that the proposed method can achieve

Key words : social network ;knowledge graph;data fusion;graph embedding features ;entity alignment
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