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Probabilistic matrix factorization algorithm based on
specific user constraints

Hao Yumeng,Ma Wenming', Wang Bing
(School of Computer and Control Engineering, Yantai University, Yantai, 264005, China)

Abstract: In recent years, the practical value of recommender system is getting higher and higher. A good recommendation
algorithm can provide a good experience effect for users. However, with the continuous growth of information technology , the
problem of information overload has become more and more prominent. The formation of living habits for users is to be lazy
about rating items. How to provide good recommendation algorithm to these specific user groups and to improve the
recommendation quality has become a hot issue now. In order to improve recommender system and solve rating sparse
problem of specific user groups, a constrained Bayesian probability matrix factorization algorithm is proposed. This algorithm
introduces a potential similarity constraint matrix to affect user eigenvectors for specific sparse rating users. We combine
Maximum A Posteriori (MAP) and Markov Chain Monte Carlo (MCMC) for Probabilistic Matrix Factorization (PMF),
automatically adjusting the regularization parameters. Finally, test evaluation and comparison experiments are conducted on
the Moviel.ens dataset. The experimental results show that the proposed algorithm can improve prediction performance and
perform well for specific users with sparse ratings.

Key words: recommendation system, data sparseness, constraint matrix, probabilistic matrix factorization, collaborative
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Table 2 Statistic information of MovieLens datasets
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Table 3 The RMSE and MAE of BPMF and CBPMF in different dimensions on MovieLens-1M dataset

Dataset Metrics Method 10D 30D 50D 70D 100D
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Fig. 5 The RMSE of BPMF and CBPMF on Movie -
Lens-1M dataset
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1M dataset
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