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Recommendation Algorithm of KNN-ALS Model
Based on Spark Platform

20U Xiaobo, WANG Jiabin, ZHAN Min

(Engineering Institude, Huaqgiao University, Quanzhou 362021, China)

Abstract; Taking into account the memory computing advantage of Spark framework in iterative computa-
tion, the KNN-ALS model of recommendation algorithm based on Spark is proposed in this paper. The matrix
factorization algorithm only considers the implicit information but ignores the similarity information, the model
adds the similarity information into the rating prediction and then use the method of alternating least squares to
optimize the model. From the experiments on the MovielLens dataset, the algorithm can improve the processing
efficiency of the collaborative filtering algorithm in large data set, and also got a regular parameter of speedup
in parallel processing. Furthermore, the proposed model have better accuracy than other methods.
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Fig. 1 Parallelization of proposed algorithm flow chart
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Fig. 5 Comparison of algorithms

before and after improvement
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