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Real-time Personalized Micro-blog Recommendation System

LIU Hui-ting CHENG Lei GUO Xiao-xue ZHAO Peng

(School of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract At present,many social networking services do not fully consider the personalized needs of users,and it is
difficult to guarantee the real-time services because social networking services need to deal with massive amounts of da-
ta. A micro-blog recommendation model called RPMPS based on LDA topic model and KL divergence was proposed to
respond to users’ personalized request in micro-blog recommendation in real time and improve the efficiency and quality
of recommendation. RPMPS model not only uses the document-topic probability distribution matrix to get the similarity
between the topic of user information and the topic of candidate micro-blog,but also obtains the similarity between the
content of user information and the content of candidate micro-blog by utilizing the document-word to count the proba-
bility of the word frequency . At last, the real-time personalized micro-blog recommendation system based on RPMPS
model is constructed, and micro-blog is filtered during the course of data processing to shorten the system response
time. Experimental results on real-world datasets demonstrate that the system can meet the real-time personalized de-
mands of users.
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Fig. 1 Basic architecture of micro-blog recommendation system
based on RPMPS model
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Fig. 2 RPMPS recommendation model
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Table 3 Accuracy and recall
i 48 AR R A EF
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Fig. 3 Impact of A value on accuracy
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Table 4 Recommendation diversity
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