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Improved LFM-SGD collaborative filtering recommendation algorithm
based on implicit data

LI Zhihao, LI Rengang, JIANG Xiaofei

(School of big data and information engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] When the traditional collaborative filtering recommendation algorithm makes personalized recommendation to target
users, due to the sparseness of explicit data such as user evaluation data and item attributes, the accuracy and quality of the
recommended items are relatively poor. This paper improves the collaborative filtering recommendation algorithm based on the latent
factor model combined with the stochastic gradient descent algorithm. First of all, in the implicit data of the user’s behavior of the
item, the LFM algorithm combined with the idea of matrix decomposition is used to process the data;Secondly, the SGD algorithm
is used to iteratively solve the minimum value of the loss function. Based on the predicted rating matrix, recommend items that the
target user is interested in and has not touched before. The experiment in this paper uses the ml-latest—small data set for verification.
The results show that the index coverage, recall and accuracy of the SGD algorithm fused with LFM are 0.761% ,1.131% and
3.175% higher than UserCF, and 0.154% ,1.388% ,3.898% higher than ItemCF. The improved algorithm has achieved certain results
in alleviating data sparsity and improving recommendation accuracy.
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