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Graph Convolutional Networks with Long-distance Words Dependency in Sentences for Short Text
Classification

ZHANG Hu and BAI Ping

School of Computer and Information Technology,Shanxi University, Taiyuan 030006 ,China

Abstract With the wide application of graph neural network technology in the field of natural language processing, the research
of text classification based on graph neural networks has received more and more attention. Building graph for text is an important
research task in the application of graph neural networks for text classification. Existing methods cannot effectively capture the
dependency of long-distance words in sentences when building graph. Short text classification is a special type of text classifica-
tion task in which the classified text is generally short,so the traditional text representation is usually sparse and lacks rich se-
mantic information. Based on this,in this paper we propose a short text classification method based on graph convolutional neural
networks incorporating long-distance words dependency. Firstly, by using the co-occurrence relationship of words, the contain-
ment relationship between documents and words,and the long-distance words dependency in sentences,a text graph is construc-
ted for the entire text corpus. Then,the text graph is input into the graph convolutional neural networks,and the category label
prediction is made for each document node after 2-layer convolution. The experimental results on the three datasets of online_
shopping_10_cats,summaries of Chinese papers and hotel reviews show that the proposed method achieves better results than the
existing baselines.

Keywords Short text classification, Graph convolutional neural network, Syntactic relationship, Building graph for text, Natural

language processing
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Fig. 1 Overall architecture of SGCN
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Table 2 Summary statistics of OS datasets

Category Train Test Category Train Test
Book 2567 1284 Clothes 4000 2000
Fruits 4000 2000 Hotel 4000 2000

Shampoo 4000 2000 Computer 2662 1330
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PN 4 AT A ORI T A 3 A T4 O U IE £
FREA A 3000 G

2 T B LA R R Y IR TR A g T S BN 3k 3 BT A,
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Table 3 Summary statistics of datasets

Dataset Num-classes Train Test Words
SCP 7 6300 2100 22700
0S 6 21229 10614 93973
HR 2 3000 3000 24063
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Table 4 Experimental parameter setting

Parameter Parameter value
Learning_rate 1x10°°
Dropout 0.5
L2 penalty 0
Sliding window 20
Epochs 200
GCN 2
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Fig. 4 F1 with different GCN layers
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BRI gral R ST Rl s /MBE . LSTM il Bi-LSTM #& Table 5 Model F1 values on SCP and HR datasets
T TE i R T 4 SCAS 1Y) 322 B A R T 288y T A A — AR #e L Al Model SCP AR
CNN 86.94 82.90
TATES B E L RMIHMF CNN, 2, i F ek LSTM 87.78 83.59
S5 5 R 0 B R TR b o i S B AR A 4 A G e
raph- -C .5 .
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- o " . y vz o SGCN 91.75 83.96
15 SCP ERIFRBA 22, HIRATE T HR 8 T 15 &2 2 il
F6 BIEIZE OS HIE4 B F1
Table 6 Model F1 values on OS dataset
Model Book Fruits Shampoo Clothes Computer Hotel Average
CNN 77.04 89. 26 83.96 87.95 77.76 82.38 83.06
LSTM 78.55 89. 85 86. 38 88.12 79.14 82. 39 84.07
Bi-LSTM 79.76 91.16 87.07 89. 44 80. 62 83. 65 85.28
Graph-CNN-C 83.84 83. 80 86. 33 86.33 82.45 84.83 84. 60
Text. GCN 81.06 89.08 92.16 91.16 84.57 86.45 87.41
SGCN 81. 85 89. 24 92.26 91.41 84. 45 86.53 87.62
o 7 OHML IS
91 Table 7 Results of ablation experiments
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89 SCT HR
88 DW 90. 96 80. 40
87 ,,/\ — DW-WC 91.67  83.55
86 DW-WC-LD 91.75 83.96
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Fig.5 Variation trend of results in different datasets
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Fig. 6 F1 with different embedding dimension
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