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Deep Belief Networks Considering WeMaps’ Recommendation Factors
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2 School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China

Abstract: Objectives: In the cold start phase of the WeMaps’ recommendation system, traditional deep be-
lief networks have low efficiency in mining fine-grained information, resulting in a decrease in recommenda-
tion accuracy. Therefore, we propose a deep belief network (DBN) considering WeMaps’ recommendation
factors (DBRFact). The structured information of clustering and rich semantic information in the deep belief
networks are used to adress the problem of low recommendation accuracy during the cold start. In addition,
the implicit semantic interaction information between the users and the WeMaps 1s mined to implement cus-
tomized recommendations. Methods: First, a density—based spatial clustering of application with noise clus-
tering algorithm is employed to cluster the historical samples of the users and the WeMaps. Second, the
core points (i.e., recommendation factors), boundary points, and outliers are selected, and the recommen-
dation factors are constructed into different visual and hidden layers. Finally, the visual neurons of the re-
stricted Boltzmann machine are replaced with Gaussian units. A deep belief network is used to fine—tune the
input data from low level to high level to improve the recommendation accuracy. Results: The accuracies
on the food maps, driving maps, tour maps, and school maps datasets are 0.775 32, 0.768 18, 0.775 18
and 0.774 64, respectively, and the root mean square errors are 0.190 78, 0.194 76, 0.190 33 and 0.190

92, respectively. Conclusions: The experimental results have showed that the proposed algorithm can accu-
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rately recommend the interested WeMaps’ information for users.

Key words: WeMaps; recommendation system; DBN; recommendation factors; eigenvalue
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