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Abstract With the development of big data applications, the size of multi-type relational data sampled from nonlinear
manifolds is getting larger. The data geometric structure is more complicated,and the heterogeneous relational data are
becoming extremely sparse. As a result, data mining becomes more difficult and less accurate. In order to solve this
problem, this paper proposed a manifold nonnegative matrix tri-factorization (MNMTF) approach for multi-type rela-
tional data co-clustering. First of all.the correlation matrix is constructed with the natural relationship or content rele-
vance of smaller-scale entities and it is decomposed into indicating matrix. The indicating matrix is used as the input of
nonnegative matrix tri-factorization. Then, the manifold regularization is added on the basis of fast nonnegative matrix
tri-factorization(FNMTF) to simultaneously cluster data inter-type relationships and intra-type relationships.improving

the accuracy of clustering. Experiments show that the accuracy and performance of MNMTF algorithm are superior to

the traditional co-clustering algorithms based on nonnegative matrix factorization.
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Table 2 Test dataset
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Table 3 Experimental results of each algorithm on Webkb5
S NMI ARI Purity
FNMTF 0.1238 0.0545 0.4322
FNMTF-CM 0.1459 0.0660 0.4523
MNMTF 0.1655 0.0642 0.4658
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Table 4 Experimental results of each algorithm on TCC

5ok NMI ARI Purity
FNMTF 0.0615 0.0128 0.2654
FNMTF-CM 0.1144 0.0175 0.3407
MNMTF 0.1713 0.0165 0.3781
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