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Research on Collaﬁborati\\ie Deep Learning Recommendation Algorithm

FENG Chu-Ying, SiTU Guo-Qiang, NI Wei-Long

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: For the problem that when the user score is not enough, the recommender system significantly reduces the data
sparse recommendation performance, a Collaborative In Deep Learning algorithm (CIDL) is proposed. The algorithm
firstly conducts the deep learning on a large amount of data, and then performs collaborative filtering on the rating
(feedback) matrix to arrive at a recommendation item for the user. This study uses real movie data to test and to compare
it with the other four excellent algorithms. It is proved that CIDL can effectively solve the u}pr(;'blem of reduced
performance due to data sparseness and improve the accuracy of the recommendagion. .
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