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Text Classification Based on Weakened Graph Convolutional Networks

HUANG Yujiao' , CHEN Mingkai' ,ZHENG Yuan',FAN Xinggang' , XIAO Jie* and LONG Haixia®
1 Zhijiang College of Zhejiang University of Technology,Shaoxing,Zhejiang 312030, China

2 College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310000, China
Abstract Text classification is a classic problem in the field of natural language processing. The traditional text classification
model needs to extract features manually, the classification accuracy is not high,and it is difficult to deal with non-European spa-
tial data. In order to solve the above problems and further improve the accuracy of text classification,the W-GCN model is pro-
posed. This model is improved on the basis of the Text-GCN model,and a new weakened structure model is established to replace
the text-GCN model. The dropout operation of neurons,and by weakening the weight,accurately control the weakening strength,
and on the basis of retaining the dropout to a certain extent to prevent overfitting,it avoids the loss of features caused by directly
discarding neurons,thus improving the accuracy of model classification. . Compared with the Text-GCN model, the W-GCN model
based on the weakened graph convolutional network improves the accuracy by 0. 38% on the R8 dataset and 0. 62% on the R52

dataset. The experimental results prove that the model Improve and weaken the effectiveness of the structure.

Keywords Graph convolutional neural networks, Text classification, Construction method of text map. Weakened structure,
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2.3.1 Document-Word # R & # &

Document-Word Z [0] (AL T #) # i2 F§ T TF-IDF (Term
Frequency-Inverse Document Frequency)™'™ % — 318 77 i, H
i TF FoRIa M4, IDF 38R 30 ) SCRf i e, R BMET
A 2R — A~ BAR] BT TE — e SORY P B R AR L (B 7E
by SRS L IR AR R AL IS 4 FRATT RS LLOA S i R B i
A ARG 19 X 53 B8 77, 1T LASR S SCRY A B A RpAE , DA #E 4T
SCAGY . TF FlIDF # BAR 3 R s

. _ 71,,J
tf,.J—T"M (5)
k
o |D]
df,=log ——— (6
idfi=log 17 e
TF-IDF =tf,, X idf, (7)

Ho s | DI 3R 7R 8088 8 v 1) SCRY B8 g, R R SIA) § AR SCRY
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d; | R AL ¢ W SCRY B

2.3.2 Word-Word #9 i & #3&

Word-Word Z [A] (AL K i PMI(Pointwise Mutual In-
formation) TH8 2, /] BLHE & , PMI Bt /2 76 — & 19 X 3
PR A 1) [F] A o B0 00 3 X3 A LA R /N Fl 3 Bl 1T (wiin-
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Table 1 Configuration table
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Table 2 Data set overview statistics

Dateset Doces Training  Test  Words Classes
R8 7674 5485 2189 7688 8
R52 9100 6532 2568 8892 52
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3.3 ELBIFMIBIR
AR S o, AR P40 b o A R G 43 S R R o T A
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Table 3 Super parameters setting

(16)

Accuracy=

Dateset R8 R52
max_epoch 400 1000
Dropout 0.5 0.5

Ir 0.02 0.02
early_stopping 50 1000
nhid 200 200
Weaken_weight 0.3 0.3

3.5 XWHER
MHERIT . W-GCN 72 B A~ 080 58 1 A ok o 2%, AR SO
RS Ml R52 B4 b0 AT T 5 W8, Z 535 5 LR
P ST 289 43 28 o 10 SR RN A v 25 B 3T S 45 SRS W-GON 7 R8
RS2 Bl EavdEwi e, BRI E ARk 4 prdl,
£4 W-GON RyHER R
Table 4 Accuracy of W-GCN

R52 RS
0.9400 0.9753
0.9408 0.9740
0.9424 0.9735
0.9435 0.9740
0.9424 0.9758
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Table 5 W-GCN Test comparison

Model R8 R52

TF-IDF+ LR 0.9374%0.0000 0.8695-0.0000
CNN-rand-'™ 0.94020.0057 0,8537-£0.0047
CNN-non-statict!8] 0.957140.0052 0.8759740.004 8
LSTMM6! 0.93680.0082 0.8554-0.0113
LSTM-(pretrai) 18] 0.9609+0.0019 0.904840.0086
Bi-LSTMI!7! 0.9631-0.0033 0.9054-0.0091

0

0.914740.0011

0.925740.0022

0.935640.0018
0.9418+0.00125

Text-RCNNH7 .9553-0.0015
Grap-CNN-CH7J 1966 9+0.0012

Text-GCN 0.970740.0010
0.9745-+0.0008

W-GCN
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Table 6 Comparison of ablation

Model R8 R52
Text-GCN (D) 0.970740.0010 0.935640.0018
Text-GCN(RD) 0.967640.0046 0.900440.0076

Text-GCN(rO +R@ ) 0.974540.0008 0.9418+£0.00125
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BOR
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