$as B HE T 2R A M S Vol. 45 No. 7
2018 4E 7 A COMPUTER SCIENCE July 2018

(REEIA¥GERSITENER LHE FF 030600

—Fh B R XA SR MWK R E
=EZ OB FOE OF
(KEEIL AFAHEFR LHE FF 030600)°

OB RSKEREN RSSO RAES IR T EORTRE RBRS T REOREL RELHE PO E
T YTy ik A=A BRS T MG TR IR MG A TS e M % R & TADW, 5 8 947 5F i # T X
Al B T 8 T K 69 0 TR 2 AR ROR 0 W o0 OF RS AT T A ek A T — A X
RuM RELLEMP ARG LMBRIET k. ESNRBREOTRREREN AF LS EEFFHRTRE
e 22 b R 2% F AR T %

KGRI AW, RIEFT S NSEM S M
HEESES TPLSI XEkARIRAD A

DOI 10. 11896/j. issn. 1002-137X. 2018. 07. 006

Network Representation Model Based on Multi-architectures and Text Fusion

LI Jia-yi' ZHAO Yu' WANG L#
(College of Information and Computer, Taiyuan University of Technology,Jinzhong,Shanxi 030600, China)!
(College of Data Science, Taiyuan University of Technology.Jinzhong,Shanxi 030600, China)?
Abstract Network representation obtains the vector representations of nodes by deeply learning network structure,and
mines the potential information on the network, which is an important method of reducing dimension in social compu-
ting. As for TADW ., which is a network representation method based on matrix decomposition and combining text and
structure, this paper first analyzed and discussed the influence of the location of text attributes matrix on network repre-

sentation. Then, it proposed a social network representation method that incorporates relationship structure, interaction

structure and textual attributes. Experimental results on multiple datasets show that the proposed method outperforms

other classical network representation methods in classification tasks.
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Table 2 Classification accuracy on Wiki dataset
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Table 3 Classification accuracy on Cora dataset
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Table 4 Influence of Multi-structures on network representation
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