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Abstract Restricted Boltzmann Machine (RBM) for Collaborative filtering has become one of the
significant researches. Currently, RBM model for Collaborative filtering only use user rating
data.However, there are serious data sparseness problem in user rating data. As the Internet
continues to penetrate on people's lives, social networks have become an indispensable part of life,
friends trust relationships in social network can help alleviate the problem of sparse rating data
and improve the performance of the recommendation system. Therefore, a Real-Valued
Conditional Restricted Boltzmann Machine(R_CRBM) model is proposed in this paper.In the
R_CRBM model, rating data does not need to be converted to vector data unit and rated/unrated
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information is applied to the model training process. Moreover, nearest trusted relationships are
applied to the R_CRBM model in recommended process. The experimental results on Baidu and
Epinions datasets show that the R_CRBM model and nearest trusted relationships help to improve
the prediction accuracy of the recommendation system.

Keywords RBM; R_CRBM; Social Network; Trust Relationships
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