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Matrix Transformation and Factorization Based on Graph Partitioning by Vertex Separator for
Recommendation

HE Yi-chen' ,MAO Yi-jun' ,XIE Xian-fen* and GU Wan-rong'

1 School of Mathematics and Information,South China Agricultural University, Guangzhou 510642, China
2 School of Economy,Jinan University,Guangzhou 510632, China

Abstract Model-based collaborative filtering algorithms usually express user’s preferences and item’s attributes by latent fac-
tors through matrix factorization, but the traditional matrix factorization algorithm is difficult to deal with the serious data sparsi-
ty and data variability problems in the recommendation system. To solve the above problem.,a matrix factorization algorithm
based on bordered block diagonal matrix is proposed. Firstly, the original sparse matrix is transformed into bordered block diago-
nal matrix by a graph partitioning algorithm based on community discovery, which merges users with the same preference and
items with similar characteristics into the same diagonal block,and then splices the diagonal blocks and the bordered into several
sub-diagonal matrices which have higher densities. The experimental results show that,by decomposing the sub-diagonal matrices
in parallel can not only improve the precision of prediction,but also improve the interpretability of the recommendation results. At
the same time,each sub-diagonal matrix can be decomposed independently and in parallel, which can improve the efficiency of the
algorithm.

Keywords Community discovery,Matrix factorization.Collaborative filtering, Recommendation system
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Table 2 Information of four diagonal blocks
Xy X> X3 Xy
Users 1559 1264 1413 1851
Ttems 2440 2766 3091 3590
Ratings 181975 163176 227915 361832
Density 0.0478 0.0467 0.0522 0.0545
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Table 3 Computational time of all algorithm on different dataset

Algorithm Movielens-1m Book-crossing
SVD 17.6s 23.4s
NMF 43.3s 76.5s

SVD++ 27. 4 min 1.05h
PMF 18.42s 22.5s

BBD-MF 12.5s 20.7s
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