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Abstract;: The recommendation system is able to help users actively find personalized items that
meet their preferences and recommend them to users. The matrix factorization method is a
classic method in the recommendation system. In order to solve the problem of poor perform-
ance of matrix factorization due to sparse data in matrix factorization of recommendation sys-
tems, a method of improving matrix factorization is proposed. Firstly, the matrix factorization
is improved, and then the potential additional information of the item itself is merged on the
basis of the improved matrix factorization. Finally, the similarity between items is introduced
for calculation, thereby improving the accuracy of the recommendation algorithm. The experi-
mental results show that the improved method is significantly better than the existing matrix
factorization recommendation model, and has significant application value.
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MovielLens 100k ,Moviel.ens 1M Netflix . Moviel.ens
, 1D, 1D »MovielLens 100k  Moviel.ens IM  GroupLens
» Netflix Netflix , 990
1499 49 933 , 20 o 3
, 1 o
1
Moviel.ens 100k 943 1682 100 000 106. 045 59.453
MovieLens 1M 6 040 3 900 1 000 209 165. 598 256. 464
Netflix 990 1499 49 933 50. 437 33. 311
0%,
30%. MSE.RMSE  MAE . (basic MF) .
(non-negative MF)  SVD-++ , o
s s 100 107°
a B . 3 RMSE )
MovielLens 100k,a 0.003 RMSE »  0.007 RMSE ; MovielLens IM,a  0.001
RMSE s 0.008 RMSE ; Netflix,a 0. 003 RMSE »f  0.007 RMSE
o , , 70  RMSE .
) 20 .
. 20 2 . 2 )
., MSE.RMSE MAE , Netflix MSE
MSE 14.31%., . MovieLens 100k SVD+ +
0.9%., MovieLens 1M SVD++ 6.24%, Netflix SVD—+ +
7.81%.
2
Moviel.ens 100k Moviel.ens 1M Netflix
MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE
basic MF 1.075 1.036 0.799 0. 802 0. 895 0.722 1. 067 1.033 0.799
non-negative MF 1. 036 1.028 0. 790 0.782 0. 884 0.701 0.996 0.998 0.782
SVD—++ 0.998 0.993 0. 785 0.761 0. 872 0.698 0.982 0.991 0.773
0. 969 0. 984 0.778 0.735 0. 857 0. 657 0. 859 0.927 0.717
(3.00%) (0.91%) (0.90%) (3.50%) (1.75%) (6.24%) (14.31%) (6.90%) (7.81%)
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