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Recommendation Algorithm Based on Coclus Joint Clustering and
Non-negative Matrix Factorization

WANG Zehua,KE Xinsheng
( School of Economics and Management, Beijing Jiaotong Uniyersity , Beijing 100044 , China)

[ Abstract] Most of the current recommendation systems have many defects, such as low recommendation accuracy,
being subject to sparsity and poor stability,so we propose a recommendation algorithm based on Coclus joint clustering
and non-negative matrix decomposition. Firstly, through Coclus joint clustering, we use the graph modularity
maximization to divide row and column of the scoring matrix into“g’classes respectively, forming g x g low rank scoring
submatrices through row and column transformation. Then'we perform matrix decomposition on each low rank scoring
submatrix and fill in the missing values to improve the recommendation quality. In the matrix decomposition stage, we
adopt an improved non-negative matrix decomposition algorithm, introducing L1 and L2 norms respectively to improve
the feature value selecting ability and prevent the over-fitting of model. Finally, we use the iterative algorithm of
coordinate descent method to update the parameters. Experimental results show that compared with the baseline
algorithm , the proposed algorithm has higher\recommendation accuracy and better stability.

[ Key words] non-negative matrix<factorization; joint clustering; recommendation systems; coordinate axis descent
method ; modularity
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