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Text Classification Based on Invariant Graph Convolutional Neural Networks

HUANG Rui' and XU Ji*

1 College of Computer Science and Technology,Guizhou University,Guiyang 550025, China
2 State Key Laboratory of Public Big Data,Guizhou University,Guiyang 550025, China
Abstract Text classification is a basic and important task in natural language processing,and graph neural networks have been
applied to this task in recent years. However,the graph representation learning using graph neural networks can not well satisfy
the generalization learning of new words in the task involving text classification. It is generally assumed that training and testing
data come from the same distribution,which is often invalid in reality. To overcome these problems,this paper puts forward the
Invariant-GCN, which is used for text categorization by GCN reported. First,to build a single figure for each document,use GCN
to learn fine-grained word representation according to its local structure,which can effectivelygenerate embeddings for words not
seen in the new document and then merge the word nodes as document embeddings. And then extract the maximum limit retained
within the same class information expectations subgraph,use the graph to study is not affected by the distribution change. Final-
ly,the text classification is completed by graph classification method. In four benchmark datasets,the the Invariant-GCN is com-
pared with five classification methods,and the experimental results show that it has a good effect of text categorization.

Keywords Text classification, Graph convolutional neural network,Casual learning, Text graph construction
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Table 1 Experiment configurations
52 0h B4R FIFEE
BERA Linux

GPU NVIDIA RTX 3090
HHEEE Python 3.9

RE¥IER PyTorch,PyTorch Geometric

4.2 HiE&E

MR J& — A~ BB P8 B0 45 L 1% 8008 42 % s S 1 4 oA
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R52 43 HJE AL & 8 AN 52 A2 5] (1438 ) SCA ) Reuters
MBI, BURESHE Bk 2 Fral, Kb Prop. NW

FE R AE L OB IR Y L A
# 2 BIREGHE R

Table 2 Statistics of datasets
Dataset # Training % Test # Classes  Prop. NW/ %
MR 7108 3554 2 30.07
Ohsumed 3357 4043 23 8. 46
R8 5485 2189 2568 2. 60
R52 6532 8 52 2.64

4.3 HEZEZX
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TextRNN ; 3% 3 19 4 28 I 2% 14 B2 A, 1% 458 8 0 1) f U
— A BRBCARSAE N AR TR,

fastText: — AP Y SCA 4> 2 05 vk AL AT 3 M)
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Iy ZEMER AN 3 A, R AR o R A BHE & IR
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Table 3 Classification accuracy comparison of different methods

Model MR Ohsumed R8 R52
TextCNNED 77,7540.72  58.44+1.06 95.71+0.52 87.59+0.48
TextRNNC12D 77.6840.86 49.2741.07 96.3140.33 90.54-0.91
fastText[18) 75.1440.20 57.70+0.49 96.1340.21 92.81+0.09

SWEMM!  76.6540.63 63.124:0.55 95.3240.26 92.94-£0.24
TextGCNI4) 76, 7440.20 68.36+0.56 97.3740.13 93.56+0.18
ours 78.61£0.15 69.83+0.51 97.07%0.10 94.17£0.20

13 3 T LAt 56 T 141 00 2% it 452 284 1] Ik L G il 2 A
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