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User Similarity Collaborative Filtering Algorithm Based on
KL Divergence

WANG Yong, DENG Jiang-zhou

(Key Laboratory of Electronic Commerce and Logistics , Chongqing University of Posts and Telecommunications , Chongqing 400065 , China)

Abstract; User similarity based collaborative filtering algorithm is one of most widely used technologies.
Most of user similarity algorithms only consider the co-rated items between two users, but ignore other rat-
ings that probably hide valuable information. To evaluate user similarity accurately, a user similarity col-
laborative filtering algorithm based on Kullback - Leibles (KL) divergence was proposed. The proposed
algorithm utilizes both the co-rated items and the influence of other no co-rated items. Since the algorithm
makes full use of all rating information, it improves the accuracy and reliability of user similarity. Experi-
ments show that the proposed algorithm outperforms other user similarities. Moreover, it can still measure
the user similarity effectively, even if no co-rated items exist. Therefore, the presented algorithm solves
the problem of full dependence on co-rated items and gains better flexibility.

Key words: collaborative filtering algorithm; user similarity ; Kullback-Leibles divergence; co-rated in-
formation; data sparseness
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