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Social network cross-media searching and mining based on user intention

CUI Wangqiu, DU Junping, ZHOU Nan, LIANG Meiyu

(Beijing Key Laboratory of Intelligent Telecommunication Software and Multimedia, Beijing University of Posts and Telecommunic-
ations, Beijing 100876, China)

Abstract: With the popularity of online social networks, users not only have higher requirements for speed and real-time
performance of information acquisition but also increased demand for personalized and accurate searching. To improve
the quality of the search engine and accuracy of the result list, it is necessary to deeply mine the search intentions of the
users. This paper summarizes the current situation in precise cross-media searching and mining based on user search in-
tentions. We focus on multi-modal information perceptions based on an online social network knowledge graph, deep
semantic learning and analysis of cross-media data for user search intention matching, and precise online social network
searching and mining based on users’ search intentions. Finally, future research problems and possible challenges are

discussed.
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Fig.1 The searching framework based on user intentions
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