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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 users rating
data. However, there are serious data sparsity in users 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 a K dimensional 0-1 vector unit. Meanwhile,
the training process of R_CRBM model also uses rated/unrated information. Moreover, the
nearest trusted relationships are applied to the R_CRBM model in the recommended process. The
experimental results from Baidu and Epinions datasets show that the R_ CRBM model and the
nearest trusted relationships help to improve the prediction accuracy of the recommendation system.
Finally, due to a common platform is very difficult to train R_CRBM model in big data. Therefore,
a parallelization scheme based on Spark is also proposed in this paper. The experimental result
shows that the parallelization method for R_CRBM is a good solution for this problem.
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filtering algorithm or recommender system. Data sparsity
will lead to the low prediction accuracy of collaborative

filtering algorithms, which will seriously reduce the user
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experience. In recent years, with the popularity of social
network, social network relationship is becoming more and
more important in people’s daily life. Friends’ opinion or
view in social network tends to influence our decision.
Therefore, the use of social relationship in social network can
solve the problem of data sparsity.

Nowadays, deep learning has made significant break-
through in many fields. Restricted Boltzmann machine model
occupies a central position in the field of deep learning, which
can be used to solve the recommendation problem. In current
research, Restricted Boltzmann machine model for Collabora-
tive filtering only uses users rating data. However, there are
serious data sparseness problem in wuser rating data.
Therefore, a Real-Valued Conditional Restricted Boltzmann
Machine model (R_CRBM) is proposed in this paper. In
R_CRBM model rating data does not need to be converted to
a K dimensional 0-1vector unit. Meanwhile, the model training
process uses rated/unrated information. Moreover, we also
proposed a method R _ CRBM _ NTFMT which combines

Real-Valued Conditional Restricted Boltzmann Machine model

with Nearest Trusted Friends Based on MoleTrust in social
network information. The experimental results on Baidu and
Epinions datasets show that the R_CRBM model and
R_CRBM_NTFMT algorithm help to improve the prediction
accuracy of the recommendation system, the R_CRBM model
and R_CRBM_NTFMT algorithm are good solutions to solve
the problem of data sparsity. Moreover, the experimental
results show that the train data more sparse the prediction
accuracy of R_CRBM_NTFMT algorithm is much better
than RBM and S_RBM model. Finally, due to a common
platform is very difficult to train R_CRBM model in big data.
Therefore, a parallelization scheme based on Spark is
proposed in this paper, the experimental result show that the
parallelization method for R_CRBM_NTFMT algorithm has
good scalability.
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