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Abstract With the popularity of social networks,such as Facebook, Twitter and Microblog, friend recommendation sys-
tems have gradually become an important part of social networks. Friend recommendation systems effectively expand
the scale of user’s social circle and improve user’s social experience by actively recommending new potential friends for
users,thus receiving widespread attention. However, how to personalize the user’s needs and recommend realfriends to
users has been one of the difficulties for personalized friend recommendation. This paper presented a social networking
friend recommendation method based on users’ latent features, called SNFRLF. SNFRLF first leverages latent factor

model to mine users’ latent features.and then calculates the similarity between users by means of users’ latent fea-

tures. Finally, the similarity is introduced into the random walk model to get a recommended list. The experimental re-

sults show that the proposed method significantly outperforms the existing friend recommendation methods.
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Fig. 3 Example of decomposition of user rating matrix
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