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Deep Learning Recommendation Algorithm Based on Reviews and Item Descriptions
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Abstract Reviews contain rich user and item information, which helps to alleviate the problem of data sparsity. However, the
existing recommendation model based on reviews is not sufficient and effective enough to mine the review texts.and most of them
ignore the migration of user interest over time and the item description documents containing the item attribute, which makes the
recommendation result not accurate enough. In this paper,a deep semantic mining based recommendation model (DSMR) is pro-
posed. By mining the semantic information of review texts and item description documents in depth,user characteristics and item
attributes can be extracted more accurately,so as to realize more accurate recommendation. Firstly.the BERT pre-training model
is used to process the comment text and item description document,and the user characteristics and item attributes are excavated
deeply.which effectively alleviated the problems of data sparse and item cold start. Then,the forward LSTM is used to pay atten-
tion to the change of user preferences over time,and more accurate recommendations are obtained. Finally,in the model training
stage,the experimental data are randomly selected from 1 to 5 points at 1:1:1:1:1 to ensure the same amount of data for each
score value,so as to make the results more accurate and the model more robust. Experiments on four commonly used Amazon
open datasets show that the root mean square error (RMSE) of DSMR is at least 11. 95% lower than the two classical recom-
mendation models based only on rating data, and it is better than the three new recommendation models based only on review
text,and 5. 1% lower than the optimal model.
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Table 1 Statistics of datasets
KR il LK i i #
Movies_and_TV 123960 50052 1679533
Toys_and_Games 19412 11924 167597
Kindle_Store 68223 61935 982619
Videos_Games 24303 10672 231780
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Table 2 Performance comparison without data equal

control(RMSE)

Movies_ Toys_and_ Kindle_ VlideosEOS_
and_TV Games Store Games
MF 1.522 1.379 1.286 1.503
PMF 1.276 1.158 1.102 1.311
DeepCoNN 1.193 1.044 1.025 1.231
NARRE 1. 147 1.008 0.976 1.192
DER 1.106 0.983 0.942 1.145
review-DSMR 1.098 0.977 0.913 1.115
DSMR 1.073 0.935 0.884 1.097

£ 3 BE %= B HIPEREXS L (RMSE)

Table 3 Performance comparison with data equalization

control(RMSE)

VlideosEOS_ Movies_ Toys_and_ Kindle_
Games and_TV Games Store
MF 1. 357 1.239 1.208 1.415
PMF 1.122 1.026 0.974 1. 206
DeePCoNN 1.107 0.993 0.955 1. 154
NARRE 1.075 0.974 0.937 1. 141
DER 1. 049 0.954 0.902 1.109
review-DSMR 1. 035 0.921 0.874 1.083
DSMR 1.017 0.897 0.839 1. 058

T TSRS R W, AT R 2 R 3 AR T
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HlrdE e 2 S IRk R 3 SR E M IE B R Bk (LB O,
5 {8 5 SC A4S 5 T B9 4 H (L Movies_and_TV R i),
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