2021-04-08 10:18:30
https://kns.cnki.net/kems/detail/37.1389.N.20210407.1345.004.html

( )2021 5 56 5 E-mail: xblxb@ sdu.edu.cn
Journal of Shandong University ( Natural Science) Vol.56 No.5 2021 http: //Ixbwk.njournal.sdu.edu.cn
© Tel: +86-531-88366917
:1671-9352(2021) 05-0057-09 DOI: 10.6040/j.issn.1671-9352.1.2020.060
%
( 400054)

TextGCN
F, 1.91%.

1 TP391 tA

MEDUI

) 2021 56(5) : 57-65.

Short text classification based on semi-supervised graph neural network

ZHANG Bin-yan ZHU XiaoHei" XIAO Zhao-hui

HUANG Xian-ying WU Jie

( College of Computer Science and Engineering Chongqing University of Technology Chongqing 400054 China)

Abstract: This paper proposes to introduce the global structural relationship between terms and terms and between terms and docu-

ments in the process of short text modeling to enhance the representation of short text. Due to the lack of labeled training data exist—

such as TextGCN

ing global structural relationship modeling methods

cannot learn high-quality terms and document global struc—

ture representations. Therefore we further propose to adopt the idea of semi-supervised learning to solve the problem of insufficient

training data. On the benchmark dataset MEDUI we compare with the existing related models. The experimental results show that

the method proposed in this paper improves the ¥, index by 1.91% compared with the best benchmark model.
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Table 2 Test results of different models on three indicators (P R F)) %
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LR 0.67 0.73 0.57 0.80 0.61 0.76 0.70 0.71 0.70
SVM 0.76 0.80 0.69 0.85 0.72 0.82 0.78 0.78 0.78
W2V+CNN 0.85 0.81 0.74 0.90 0.79 0.85 0.83 0.83 0.83
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EV-CNN 0.91 0.86 0.79 0.95 0.84 0.90 0.88 0.88 0.88
UA-LSTM 0.92 0.91 0.88 0.94 0.90 0.92 0.91 0.91 0.91
HAN 88.97 96.55 97.78 83.69 93.16 89.65 92.22 91.77 91.67
NPA 90.22 96.53 93.81 85.13 93.81 90.43 92.84 92.5 92.41
BSGNN 93.73 95.28 96.76 90.98 95.22 93.07 94 .38 94 .34 94.32
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Table 3 Test results of different components on three indicators (P R F)) %
P 90.62 95.17 92.52
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I 93.39 90.34 92.12
P 93.17 91.59 92.51
Base+S* R 94.04 90.39 92.52
L 93.60 90.99 92.51
P 93.73 95.28 94.38
BSGNN R 96.76 90.98 94.34
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