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Tensor decomposition based clustering method for

heterogeneous information in networks
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National University of Defense Technology, Changsha 410073, China)

Abstract; A tensor decomposition based clustering method was proposed for heterogeneous information in networks. This clustering method can

cluster multiple types of objects and rich semantic relationships simultaneously. The multi-types of information objects in networks were modeled as

a high-dimensional tensor, and the rich semantic relationships among different types of objects were modeled as elements in the tensor. Based on an

effective tensor decomposition method, the multi-types of objects were partitioned into different clusters simultaneously. The experimental results on

both synthetic datasets and real-world dataset show that the proposed clustering method can deal with the heterogeneous information in networks

well, and can outperform the state-of-the-art clustering algorithms.
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20(C) 658.4  629.3 669. 8
JAEFE] 2840.9 22047 1852.7  2253.1

5B BT w45 ] R A B a) Ay e
NetClus 76 AC 1 NMI | £ ¥ & 22, H ik 3|
71.86% A 55.03% ,{H & NetClus 5 —>H 2
P FLRT AR RS (] B A5 280 3 26 X6 52 i)
T HEE . PathSelClus 78 AC 1 NMI _FFE AL T
NetClus, &t A — L A, 52 3 T PathSim,
PathSelClus ] LR B 5 9> A [R] S B X R 22 [1]
AIAHALEE o PathSelClus 7z 47 A] b Y Bt &
B UfH , {HJE: PathSelClus (45 5™ FAK 481 T 0 %
TR EFEA P 4 E A1

4 e

AR T —FhFE T 5K i 70 M 1 190 288 S 4
BRIk 1EZITET , M5 B P i —
Tl G2 TR Ay i 8 — N RE , R IR I 265 4%
BN TR RICR . WAL, BT KRR Y
PO 2% S Ay i L R 288 07 12 T LR I 24 v A ] 2R 7 £
XGRSO R — A5k SR T ok & 7y
fift, — YR i A R B R X R RN A T 2R
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