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Survey on Deep Learning Based Popularity Prediction

CAO Qi'*, SHEN Huawei'*, GAO Jinhua', CHENG Xueqi'
(1.CAS Key Laboratory of Network Data Science and Technology, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190, China;
2. University of Chinese Academy of Sciences, Beijing 101408, China)

Abstract: Popularity prediction over online social networks plays an important role in various applications, e.g., rec-
ommendation, advertising, and information retrieval. Recently, the rapid development of deep learning and the a-
vailability of information diffusion data provide a solid foundation for deep learning based popularity prediction re-
search. Existing surveys of popularity prediction mainly focus on traditional popularity prediction methods. To sys-
tematically summarize the deep learning based popularity prediction methods, this paper reviews existing popularity

prediction methods based on deep learning, categorizes the recent deep learning based popularity prediction research

into deep representation based and deep fusion based methods, and discusses the future researches.
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FEAR AL, DT E 5 1 e RABSRIE ALY il s A A
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