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Research on Movie Recommendation Algorithm Combining Review and Rating Matrix
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Abstract:In the field of movie recommendation, focusing on the problems that the movie review information was underutilized in tra-
ditional movie recommendation which not led to high recommendation accuracy,a movie recommendation algorithm combining movie
review and rating matrix was proposed. Firstly, the bidirectional gated recurrent unit neural network based on self-attention mechanism
was used to model the high-quality movie reviews, extract the features from them, and construct the feature matrix of movie review. At
the same time, the latent factor model was used to decompose the rating matrix to get the potential interest matrix of users and the po-
tential feature matrix of movie. At last,improved DeepFM was used to combine the feature matrix of movie review and the potential
feature matrix of movie. Through the above process, the movie comprehensive score was calculated and the movie recommendation list
was formed. The experimental results show that compared with some other recommendation algorithms, the average increase in AUC,
F-score and RMSE is about 7.37% ,9.32% and 8.23% ,and the highest increase is 11.60% ,15.22% and 12.79% .
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Table 3 Experimental environment
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Fig.4 Experimental result under different number of movies
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Table 4 Performance improvement ratio 1 compared
with other algorithms
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Table 5 Performance improvement ratio 2 compared
with other algorithms

Maximum Maximum Maximum
- - - Algorithm improvement improvement improvement
. . Maximum . Maximum . Maximum ratio of AUC  ratio of F-Score  ratio of RMSE
Algorithm improvement improvement improvement
ratio of AUC  ratio of F-Score  ratio of RMSE A-BiLSTM 4.03 5.54 5.92
A-BILSTM 5.31 5.66 4.66 A-GRU 6.25 6.03 6.55
A-GRU 5.62 5.10 5.02 DeepCoNN 6.88 11.48 10.18
DeepCoNN 8.49 8.43 8.30 DeepFM 9.57 11.18 10.76
DeepFM 10.48 10.77 9.22 LFEM 10.77 15.22 12.7
LFM 11.60 12.47 10.64
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Fig.5 Experimental result under different number of reviews
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Table 6 Performance improvement ratio 3 compared
with other algorithms

Maximum Maximum Maximum
Algorithm improvement improvement improvement
ratio of AUC  ratio of F-Score  ratio of RMSE
A-BiLSTM 3.68 5.90 5.12
A-GRU 5.16 6.67 5.53
DeepCoNN 5.26 10.34 8.42
DeepFM 8.35 11.18 9.07
LFM 9.09 13.88 11.24
5 & i

2 3CHR H— B B A IR IR SCAR IR 0 4R R R
L ARRENRRRIHE A S ERE RS REM
WM 2. B ET B ER LR A R TEE R BT &
R RPPIRSCARRREAT AR, R 2 v RV IR AR IE AR , R
TR BCHERY LEM X R P P25 SR REREAT 20 , 19 HH RO TR TR AR
EFE M. HEd Bt Ry DeepFM K H 5 oy B2 PRI 4R AE 45 [
AREREESES, B REESIR, DABIEEN EHR. X
B RRY, ASCHR YR B R BUS B RO 1
BOR. B THREFRERE TRERE, A SCRREEET X
RETRIRICA P IR AT, DL L R R A A 2
BRI HE—BRE.
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