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Abstract: Aiming at the problems of the single result of recommending similar users and insufficient understanding of
user interests and behavior information for single social network platforms, a User Recommendation method of Cross-Platform
based on Knowledge graph and Restart random walk (URCP-KR) was proposed. First, in the similar subgraphs segmented
and matched by the target platform graph and the auxiliary platform graph, an improved multi-layer Recurrent Neural
Network (RNN) was used to predict the candidate user entities. And the similar users were selected by comprehensive use of
the similarity of topological structure features and user portrait similarity. Then, the relationship information of similar users
in the auxiliary platform graph was used to complete the target platform graph. Finally, the probabilities of the users in the
target platform graph walking to each user in the community were calculated, so that the interest similarity between users was
obtained to realize the user recommendation. Experimental results show that the proposed method has higher
recommendation precision and diversity than Collaborative Filtering (CF) algorithm, User Recommendation algorithm based
on Cross-Platform online social network (URCP) and User Recommendation algorithm based on Multi-developer Community
(UR-MC) with the recommendation precision up to 95. 31% and the recommendation coverage up to 88. 42%.
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Fig. 1 Schematic diagram of social network knowledge graph
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Fig. 2 Overall framework of the proposed method
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