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Figure 1 The architecture of the semi-supervised sentiment classification method towards QA text based on network representation
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Table 1 The performance of different methods in question-answering text sentiment classification task

(The unlabeled samples were 200 000)

DIRES P R F1 Acc
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different sizes of unlabeled samples

5 &g

ASSCHE T — T L T 0 45 378 19 2 MBS RS SO O 2607 05 . BRI B e — A AR TERE AR
F8 ) - 15) [ 2 SCAR -] [ 2 175 SRR 255 - ) I 2% R R A T AR A ) ] - ) 68 2% | SCAR -] R 2% R ) S 4 R 2% 5 AR
3 1) 25 SCAHE A R A R SCAR -] 19 285 3 g [ A SCAS - ) O 245 760 257 5 SCAS -] [ 245, 98 I R S 20 B BILAG 56
TR T IR IR A 2 21X A SR W0 4 I K A 0 A a) 1) B T 00 2 DR C R 4%, S 25 SRR T AR SR HY Y
7 ¥ BEAE AT AU 1o TR) 25 SOA S TR I SE R 1R B

TE T — D058 TAE b, FRAT 22 308 T8 AR TE R AR FIOR A i AR AR 25 ) 45 31 A 1] 11 5 A~ M 158 2 o0
KT LEIATRE G P CARTE R & BEAS B =2 A9 )L

S 3

[1] SHEN C L, SUN CL, WANG J J, et al. Sentiment classification towards question-answering with hierarchical matching network
[ C]//Proceedings of the Conference on Empirical Methods in Natural Language Processing. Brussels, 2018: 3654—3663

[2] 4, &flom, ok, & TREESRMSORE RS [I]. THENRE, 2008, 35(4) : 132-134.
LID, CAO FY, CAO Y D, et al. Text sentiment classification based on phrase patterns[ J]. Computer science, 2008, 35

(4): 132-134.
(3] HHREFR], RERE L. op SO 001 35 1% RS BE M 1) 1 20 P58 [T ]. (R PHURE 4 BE 2= 4 ( A 2R FF 2% k) ,2009,22(2) ;307 -
309.

TIAN S L, XIONG D L. Research on emotion attitude orientation classification of Chinese web page author[ J]. Journal of Xin-
yang normal university (natural science edition) , 2009,22(2) :307-309.

(4] MM, s, B0k, 5. BT SCOMM A AR ISR K7 R pE gt [T ). IHE AR, 2010, 37(6) : 261-264.
WEN B, HE T T, LUO L, et al. Text sentiment classification research based on semantic comprehension[ J]. Computer sci-
ence, 2010, 37(6) : 261-264.

(5] Deda, &4, BFEE. SETEE R0 UM B 2807k )], TFENL LR, 2012, 38(13): 156-158.
PANG L, LI S S, ZHOU G D. Sentiment classification method of Chinese micro-blog based on emotional knowledge[ J]. Com-



58

MK F PR (EF R 552 %

[6]
(7]

[8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(1.

puter engineering, 2012, 38(13); 156—158.

HARRIS Z S. Distributional structure [J]. Word, 1954, 10(2/3) . 146-162.

MIKOLOV T, SUTSKEVER I, CHEN K, et al. Distributed representations of words and phrases and their compositionality[ C ] //
Proceedings of the 26th International Conference on Neural Information Processing Systems. Lake Tahoe, 2013 3111-3119.
PR, ZEIAL, AR, BT A SC R B AR [T ], POCfE B A, 2017, 31(3) : 25-31.

JIANG Z C, LI L S, HUANG D G. Word representation based on word relations[ J]. Journal of Chinese information processing,
2017, 31(3): 25-31.

XIS . T B S A3 A7 ) 1) i 2 o) e OB [ D] bt EREBE RS, 2016.

LIU X L. Word vector learning with its application for sentiment analysis[ D]. Beijing: University of Chinese Academy of Sci-
ence, 2016.

RIBFRE, B, PR b, . Jop A AR (1], TR LR, 2018, 44(2) : 233-237.

WU X K, YANG X G, CHEN Y Y, et al. Topic combined word vector model[ J]. Computer engineering, 2018, 44(2) . 233-
237.

NIU F, RECHT B, RE C, et al. HOGWILD! : a lock-free approach to parallelizing stochastic gradient descent [ J]. Advances
in neural information processing systems, 2011, 24, 693-701.

TANG J, QU M, WANG M, et al. LINE: large-scale information network embedding [ C]//Proceedings of the 24th Internation-
al Conference on World Wide Web. Florence, 2015: 1067-1077.

MIKOLOV T, CHEN K, CORRADO G, et al. Efficient estimation of word representations in vector space [ EB/OL]. (2014-
02-10) [2019-01-05]. http: //arxiv. org/pdf/1301. 3781. pdf.

HADY M F A, SCHWENKER F. Semi-supervised learning[ C]//Proceedings of the 20th International Conference on Neural In-
formation Processing. Daegu, 2013:215-239.

XU W, SUN H, DENG C, et al. Variational autoencoder for semi-supervised text classification [ C]//Proceedings of the 31th
Association for the Advancement of Artificial Intelligence Conference on Artificial Intelligence. San Francisco, 2017 3358 -
3364.

XU, tfd, ZEAF 0. T AR A g A g 1) A7 6 (ol 05~ A B U I 77 36 [0 ] IR R =2 e (B2 AR , 2019, 51(2) -
47-51.

LIU H, XU J, LI S S. A semi-supervised domain adaptation method of sentiment regression on variational autoencoder[ J].

Journal of Zhengzhou university ( natural science edition) , 2019, 51(2) . 47-51.

A Semi-supervised Sentiment Classification Method Towards
Question-answering Text Based on Network Representation

CHEN Xiao', LEE Sophia®, LIU Huan', LI Shoushan'
School of Computer Science and Technology, Soochow University, Suzhou 215000, China; 2. Depariment of

Chinese & Bilingual Studies, Faculty of Humanities, Hong Kong Polytechnic University, Hong Kong 999077, China)

Abstract; A semi-supervised sentiment classification method towards question-answering text based on
network representation was proposed. And the performance of semi-supervised sentiment classification of
question-answering text was improved by constructing joint learning of heterogeneous network. A hetero-
geneous network was firstly constructed by analyzing labeled and unlabeled samples, which was composed
of word-word network, question and answering document-word network, and sentiment-word network.
Secondly, the heterogeneous network was used to learn word embedding. Finally, the word embedding
was applied to the currently best-performing hierarchical matching network. Empirical results showed that
the proposed method had certain advantages in processing the sentiment classification task on question-an-
swering text.

Key words: sentiment classification; semi-supervised; network representation; question-answering text
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