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Study on the recommendations of multi-modal and
multi-level resources in social media
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Image Computing ( Northeastern University) , Ministry of Education, Shenyang 110819, China)

Abstract: The multi-modal and multi-level information resources and user communities based on various relation-
ships in social media provide a broader space for recommenders to analyze and select the resources, but at the same
time more problems and challenges develop. In this paper, the relationships between users and resources, and the
characteristics of resource recommendations in current social media are analyzed. Related work is surveyed from so-
cial media resource recommendations as well as its corresponding support techniques, which can be summarized as
follows: more complex relationships among users formed by changes of user roles, multi-modal social media re-
source expressions, and social media resource recommendations that satisfy the requirements of multi-level users.
Finally, further research directions in multi-modal and multi-level resource recommendations are proposed.
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Fig.1 Multi-modal and multi-level resource in social media for recommendation
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Fig.2 Characteristics and related work of social media resources recommendation
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