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Abstract Heterogeneous information network contains multi-typed entities and interactive relations.
Some co-clustering algorithms have been proposed to mine underlying structure of different entities.
However, with the increase of data scale, the scale of different class entities are growing unbalanced,
and heterogeneous relational data are becoming extremely sparse. In order to solve this problem, we
propose a two steps co-clustering algorithm FNMTF-CM based on correlation matrix decomposition.
In the first step, the correlation matrix is built with the correlation relationship of smaller-typed
entities and decomposed into indicating matrix of smaller-typed entity based on symmetric nonnegative
matrix factorization. Correlation matrix has higher dense degree and smaller size compared with the
original heterogeneous relationship matrix, so our algorithm can process large-scale heterogeneous
data and maintain a high precision. After that, the indicating matrix of smaller-typed can be used as
the input directly, so the heterogeneous relational matrix tri-factorization is very fast. Experiments on
artificial and real-world heterogeneous data sets show that the accuracy and performance of FNMTF-
CM algorithm are superior to the traditional co-clustering algorithms based on nonnegative matrix

factorization.
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Fig. 2 The results of algorithms on the different clustering number K (N=200,Error=12%).
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Fig. 3 The results of algorithms on the different data scale N (K=5,Error=12%).
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Fig. 4 The results of algorithms on the different clustering difficulty (N=200,K=5).
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Table 2 The Result on Title Dataset
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Algorithms Purity NMI ARI
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Table 3 The Result on Weibo Dataset
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Fig. 5 The results of algorithms on different clustering number K when running on Title.
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