ETEAEM TR ANIRFBIEIRERE

HEF R TR TH EER

(R 7RV TAER 25 B2 2T Fe ol VR /RIE 150001)

(shenguowei@hrbeu.edu.cn)

Large-scale Heterogeneous Data Co-clustering based on Nonnegative
Matrix Factorization

Shen Guowei, Yang Wu, Wang Wei , Yu Miao, and Dong Guozhong
(Research Center of Information Security, Harbin Engineering University, Harbin 150001)

Abstract Heterogeneous information network contains multi-class entities and relations. 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-stage co-clustering algorithm FNMTF-CM based on correlation matrix
decomposition. First, the correlation matrix is built with the correlation relationship of smaller class entities and
decomposed into indicating matrix based on symmetric nonnegative matrix factorization. Correlation matrix has higher
dense degree and smaller size comparing with the original relationship matrix. Second, the indicating matrix can be used as
the input directly, so the heterogeneous relational matrix tri-factorization is very fast. Experiments on 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.

Key words Heterogeneous network; co-clustering; nonnegative matrix factorization; large-scale data; correlation matrix
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Table 1 Heterogeneous relational Dataset
R 1 AR R R 4R

Title  Weibo DBLP1 DBLP2

# of entity 1 2630 8023 10184 10184
# of entity 2 1420 374 7529 4590
# of clusters 9 7 4 4

#ofsparse degree  0.4%  0.92%  0.81%  0.03%
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Table 2 The Result on Title Dataset
& 2Title Hda e FIxS g 3

Purity NMI ARI

SS-NMF 0.4321 0.2164 0.1079

FNMTF 0.3909 0.2128 0.1093

FNMTF_CM 05419 0.3722 0.2326

Table3 The Result on Weibo Dataset
& 3 Weibo %5 ExS ELgs R

Purity NMI ARI

SS-NMF 0.5457 05512  0.4522

FNMTF 0.6011  0.6201  0.4637

FNMTF_CM  0.7951 0.8062 0.7144

e 4E DBLP1 fl DBLP2 |, SS-NMF
SVER NMI AR P A SCRR B S, R TE AL
#i4E DBLP2 |, SS-NMF 5% ARI fE this
TASCEVE. @i Arer A, DBLP2 £ 4
SR, ZEIRETIRASERE AR
o DIk, ASCHEIATE AL ER A S 5 A B A

it — 0 it
Table 4 The Result on DBLP1 Dataset
% 4 DBLP1 ##n4E Lixt b2 R

Purity NMI ARI

SS-NMF 0.6000 0.3890 0.2008

FNMTF 0.4933 0.1784 0.0575

FNMTF_CM  0.6200 0.3613 0.2232
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Table 5 The Result on DBLP2 Dataset
% 5 DBLP2 ¥4 Fixs bl

Purity NMI ARI

SS-NMF 0.4533  0.1987  0.0999

FNMTF 0.4400 0.1587 0.0429

FNMTF_CM  0.4667 0.1700 0.0528
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