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Abstract Recommendation system is playing an increasingly indispensable role in the development of e-commerce,but
the sparsity of user’s rating data for the items in the recommendation system is often an important reason for the low
recommendation accuracy. At present,the recommendation technology is usually used to process the auxiliary informa-
tion to alleviate the sparsity of the user evaluation and improve the accuracy of the prediction score. Text data can be
used to extract the hidden features of the item through related models. In recent years.the deep learning algorithm has
developed rapidly. Therefore, this paper chose a variational autoencoder(VAE), which is a new type of network struc-
ture with powerful feature extraction capabilities. This paper proposed a novel context-aware recommendation model in-
tegrating the unsupervised method VAE into the variable matrix factorization (VAEMEF) in the probability matrix fac-
torization (PMF). Firstly, TD-IDF is used to preprocess the evaluation documents of the item. Then,the VAE is utilized
to capture the context information features of the item. Finally, the probability matrix factorization is used to improve
the accuracy of the prediction score. The experimental results on two real data sets show that this method is superior to
the autoencoder and the probability matrix factorization recommendation methods.
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Fig 3 Variational autoencoder structure
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Table 1 Information for Moviel.ens-1 M and Moviel.ens-10 M dataset

Dataset Users Items Ratings Sparsity/ %
MovielLens-1 M 6040 3544 993482 95. 349
MovielLens-10M 69878 10073 9945875 98.587
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Table 2 Experimental results of models on different datasets

Model MovieLens-1 M MovieLens-10 M
PMF 0.8971 0.8311
CTR 0.8969 0.8275
CDL 0.8879 0.8186
VAEMF 0. 8544 0.8027
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Table 3 Experimental results of models on MovieLens-1 M with

different raito training sets

Model 20% 40% 60% 80%
PMF 1.0168 0.9497 0.9197 0.8971
CTR 1.0124  0.9481  0.9194  0.8969
CDL 1.0044  0.9377  0.9068  0.8879
VAEMF  0.9640 0.9087  0.8743  0.8544
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