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Knowledge-enhanced graph convolutional neural
networks for text classification

WANG Ting, ZHU Xiao-fei, TANG Gu
(College of Computer Science and Engineering, Chongqing University of Technology, Chongging 400054, China)

Abstract: A new knowledge-enhanced graph convolutional neural network (KEGCN) classification model was
proposed aiming at the problem of text classification. In the KEGCN model, firstly a text graph containing word
nodes, document nodes, and external entity nodes was constructed on the entire text set. Different similarity
calculation methods were used between different types of nodes. After the text graph was constructed, it was input
into the two-layer graph convolutional network to learn the representation of the node and classified. The KEGCN
model introduced external knowledge to compose the graph, and captured the long-distance discontinuous global
semantic information, and was the first work to introduce knowledge information into the graph convolution network
for classification tasks. Text classification experiments were conducted on four large-scale real data sets, 20NG,
OHSUMED, R52 and RS, and results showed that the classification accuracy of the KEGCN network model was
better than that of all baseline models. Results show that integrating knowledge information into the graph
convolutional neural network is conducive to learning more accurate text representations and improving the accuracy
of text classification.
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Fig.1 Illustration of construction of KEGCN
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Tab.l Sentiment analysis dataset statistics

i VIR SCRIE IS SRS S5 e Bl PR
20NG 11314 7532 20 26607 221.26
OHSUMED 3357 4043 23 9075 135.82
R52 6532 2568 52 7476 69.82
RS 5485 2189 8 6440 6572

1) 20Newsgroups. 20NG W 4E T 18846 /3 [
SCRY, 5] 43 SR 20 A AN [R] 3280 R A AR AL I
SR P AT 11314 A SCRY, MK AE P 3 AT 7532 4
SRS RS SCRY A 44K B2 R 221.26 /A

2) OHSUMED. U, & 348566 > 3C#4. A HF5E 1Y
TAEAUAN G BAR 28 SCAR 73 25, I Utk 5 B 2 25 5
SCRY, B S FR 7400 S SCRYS, Hoh il 2R A 3357 4
SCRY, MR 4043 AS3CRY.

3)R52 FlIR8. R8 A5 8 M2, Horp il A
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] LSTM, i FH I £ 4g- (1) 3] ] 224 M % AL 3) fast-
Text: {A] 5L /5 80 SCAS 73 25 053k, # 10] ) & 1) °F- 1
B4 A B 4 A a8 h #4753 25. 4) SWEM: fij H 11 1r]
R AREAY 5 1] ] 5 7E A7 i AL B A . 5) Text-GCN:
W SCA e B T, ol R A R 45 2% 2T T DU
HT R CBRLTA] L SCRY ) Y REAE 0] i R 7K. 6) HETE-
GOCN:: 3l o8 SR A AR A B 36 LS 32 ) T
A
33 SEIEEMITHIER

XEF A R B, 8800 T U Sk AR R
AR BB BUZ iR A K/NBE R 150, % H K/
WM 20, IRIEZL, # Adam 14k 2505 Y 27 ) K%
JE 4 0.02, dropout i E 4 0.5, L2 it K& &4 0. K
T HEAT T 1 b A, A 5 e B R 5 A [ 1 2
B X0 905 I e v ] e A R S 2 A A
K 300 4k 9 Glove 1) A 26

JIt R B A 48 A5 R 1E B % (Acc). Ace N
AU LE B )R AR B AR SO A L
34 XWER

FE 4 AN TFECEE B LR AT 8 41 S5 DL B IE
KEGCN #5701 , 2% B8 9 P e X Lb 25
2 fros. B, BRI Dy L4 8. T LLE
i, KEGCN [ £ B, B 50 T A S AL
R A5 512 50 45 S AN X A B T TR ) Oy vl A T L
b 24 78 45578 | 36 B X SCA HEAT R TR R SO
IYHAT 5. Hodh, KEGCN 78 20NG $ 4 4 [ r9 3L
REETHR W R, 5 UAE R BRI R A L, 2
=T 1.68%. AW BRI R BEAAEFEE A LT



326 # pa X ¥ ¥ B TFm) % 56 %
®2 KEGCNREFEANBIFEE LR SR ETHHEILL
Tab.2 Comparison of classification accuracy of KEGCN model on four datasets
Acc
i)
20NG OHSUMED R52 R8
CNN-rand 0.7693+0.006 1 0.4387+0.0100 0.8537+0.0047 0.9402+0.0057
CNN-non-static 0.8215+0.0052 0.5844+0.0106 0.8759+0.004 8 0.9571+0.0052
LSTM(pretrain) 0.7543+0.0172 0.5110+0.0150 0.904 8+0.008 6 0.9609+0.0019
Bi-LSTM 0.7318+0.0185 0.4927+0.0107 0.9054+0.009 1 0.963 1+0.003 3
fastText 0.793 8+0.003 0 0.5770+0.0049 0.928 1+£0.0009 0.9613+0.002 1
SWEM 0.8516+0.0029 0.6312+0.0055 0.9294+0.0024 0.9532+0.0026
Text-GCN 0.8634+0.0009 0.683 6+0.005 6 0.9356+0.001 8 0.9707+0.005 1
HETE-GCN 0.8715+0.0015 0.6811+0.0070 0.9435+0.002 5 0.9724+0.0010
KEGCN 0.8822+0.004 5 0.6971+£0.0059 0.9451+0.0018 0.9741+0.0025
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Fig.2 Comparison of loss and accuracy of four models on OHSUMED and R52 datasets
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Fig.3 Comparison of ablation experiment results
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