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Recommendation algorithm of BPAM based on matrix completion
SHI Jiarong, MA Wenhua

(School of Science, Xi’an University of Architecture and Technology, Xi'an 710055, China)

Abstract; Inspired by the remarkable success of deep learning, researchers have attempted to introduce Deep Neural Networks
(DNN) into recommendation systems to learn user preferences for items. However, sparse scoring data is prone to overfitting, and
high computational complexity and storage costs are usually required in DNN. In order to solve these problems, a recommendation
algorithm, MC-BPAM, is proposed by fusing Matrix Completion ( MC) and Back Propagation neural network with Attention
Mechanism (BPAM). Firstly, the unknown elements of the original user—item scoring matrix are filled in by the low-rank matrix
completion model. Then, the Back Propagation ( BP) neural network is used to learn the complex relationship between the target
user and its neighbors according to the completed matrix. In addition, an attention mechanism has been incorporated to capture the
global impact of each user on all nearest target users. Finally, experiments are carried out on the three real datasets of ml-1la,
filmtrust and A-Digital-Music, and the Root Mean Squared Error (RMSE) of MC—-BPAM reaches 0. 269 5~0. 574 7, and the
Mean Absolute Error ( MAE) reaches 0. 180 4 ~0. 345 9, which decrease by at least 54. 59% and 47. 94% respectively compared
with the BPAM model. The MC-BPAM algorithm significantly improves the performance of recommendation systems.
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Table 1 Basic information about the recommendation system datasets

Bl s R T E 5 PO R/ %% PPAIE
ml-la 610 9 724 100 836 98. 30 [0, 5]
filmtrust 1 508 2 071 35 497 98. 86 [0, 5]
A-Digital -Music 1 000 4 796 11 677 99.90 [0, 5]
e 45 R G, 9 R 75 03 9% (Root S 0T
Mean Squared Error, RMSE) F1F-3426 % 1% 2% ( Mean RVISE = J<;,]) o, (10)
Absolute Error, MAE) > i T Jl 45 84 76 i 1K 46 1 Q.|
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Table 2 Comparison of RMSE values for different models

LAY ml-la filmrust ~ A—Digital-Music
PMF 1.152 1 1.139 2 2.156 0
DMF 1.190 8 1.211 6 2.262 4
DeepCF 1.846 1 1.648 2 2.0913
BroadCF 0.816 5 0.919 2 0.727 8
BPAM 0.968 3 0.856 3 1.120 6
MC-BPAM 0.405 8 0.269 5 0.5747

®3 TEREH MAE ELILE
Table 3 Comparison of MAE values for different models

FELAY ml-la filmtrust  A—Digital-Music
PMF 0.802 7 0.915 8 1.485 6
DMF 1.049 5 1.169 2 1.942 1
DeepCF 1.658 7 1.528 3 1.867 2
BroadCF 0.516 2 0.605 6 0.3522
BPAM 0.766 4 0.676 4 0.8253
MC-BPAM 0.2119 0.180 4 0.3459
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