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Joint Inter-word and Inter-sentence Multi-relationship Modeling for Review-based
Recommendation Algorithm

DENG Ceyu', LI Duantengchuan'* ,HU Yiren’ , WANG Xiaoguang' and LI Zhifei’
1 School of Information Management, Wuhan University, Wuhan 430072, China
2 School of Computer Science, Wuhan University, Wuhan 430072, China

3 School of Computer and Information Engineering, Hubei University, Wuhan 430062, China

Abstract Reviews,a prevalent form of auxiliary information, directly reflect user preferences and item characteristics,extensively
utilized by researchers to enhance the predictive accuracy of recommendation algorithms. However,the current review recommen-
dation algorithm still has shortcomings, which are mainly reflected in the fact that the existing model ignores the modeling of
multi-granularity feature extraction of review text and the relational interactive learning of user preferences and item attributes,a
pair of heterogeneous features. This oversight leads to insufficient extraction of review information,compromising model accura-
cy. Thus,joint inter-word and inter-sentence multi-relationship modeling for review-based recommendation algorithm(MR4R) is
introduced in the study. Firstly, multi-relational modeling strategy is adopted to analyze inter-word and inter-sentence relation-
ships in review texts to extract layered feature information, thereby enriching the model’s grasp of user preferences and refining
item attribute representations. The fusion and prediction layer is designed to optimize the correlation mining process between user
preferences and item attributes,and the score prediction is carried out by high order nonlinear calculation. The proposed model is
compared with seven current mainstream recommendation algorithms on four distinct datasets. The results demonstrate that the
recommendation algorithm, which incorporates multi-relational modeling between words and sentences,effectively extracts infor-
mation embedded in reviews, significantly enhancing average recommendation accuracy and exhibiting superior performance.
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Automobile 2928 1835 20473 7.0 349 99.62
Music Instrument 1429 900 10261 7.2 362 99. 20
Instant Video 690 903 8685 12.6 479 98.61
Toys and Games 921 871 18637 20.2 917 97.68
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Fig. 2 Cumulative distribution function plots of 4 datasets
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Table 2 Parameter details of models

HEEMA R & 3 &
PMF REAEE 4 20,30,40
ConvMF H£ZH o KD 50,100,200
DeepCoNN A 4 20,50,80
NARRE AR 4 16.32,64
MPCN EERig & 1.2.5
CARL AR E 4 E 15,25,50
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Table 3 Comparison results of different models on four datasets

Automobile

Methods

Music Instr.

Instant Video

Toys & Games

RMSE MAE RMSE MAE RMSE MAE RMSE MAE

PMF 3.1213  2.4787  3.6544  2.8871  3.7286  2.7313  3.7880  3.0181
ConvMF 0.9010  0.5336  0.8709  0.5145 1.0039 0.7135 0.8081 0.6145
DeepCoNN  0.9036  0.5587  0.8650  0.5521  0.9884  0.7098  0.8046  0.6214
NARRE 0.9264  0.5559  0.8855  0.5584 1.0007  0.7044  0.8027  0.6116
MPCN 0.9204  0.5511  0.8647  0.5393  1.0005  0.7123  0.8179  0.6330
CARL 0.9423  0.5386  0.9292  0.5786  1.0154  0.7275  0.8204  0.6248
DAML 0.9702  0.5788  0.9098  0.5303  1.0082  0.7373  0.8123  0.6109
MR4R 0.8665  0.5063  0.8465  0.4913  0.9370  0.6421  0.7783  0.5987
Aavg/ % 3.83 .12 2.10 4.51 5. 20 8. 84 3.04 2. 00
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F 4 MRAR J & ARG 5T L 25 5

Table 4 Comparison results of MR4R and its variants

) Automobile Music Instruments Instant Video Toys & Games Aavg /%
i RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
w/o TimeRela 0.9340 0.5269 0.8846 0.5174 0.9341 0.6699 0.7930 0.6042 3.43 3.45
w/o LoSp 0.9588 0.5401 0.8847 0.5167 0.9863 0.6915 0.7942 0.6077 5.40 1.99
w/o MHA 0.9453 0.5376 0.9198 0.5387 0.9824 0.6838 0.7933 0.6084 5. 84 5.49
w/o AFM 0.8897 0.5682 0.9030 0.5794 0.9421 0.6738 0.7910 0.6098 2.77 7.93
MR4R 0.8665 0.5063 0.8465 0.4913  0.9370 0.6432 0.7783  0.5987 -
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Table 5 Examples of weight parameters of local sparse attention mechanism
5 il lo o, sp@3 B
1 +-«1 watch it whenever I want agreat laugh! 0.6703 0.6784 1 0.3332
2 -+ it”s not that hard to follow and it’s exciting:-+ 1.0000 0.7284 1 0.3722
3 Great movie if you are into the Roman rule of Time--+ 0.6703 0.5296 0 0
4 +-+it would be a good series to watch-++ 0.4493 0.6432 0 0
5 -=-] am so excited that I can’t wait to watch it more! 0.3011 0.6912 1 0.2947
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