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Text Classification Method Based on Multi Graph Convolution and Hierarchical Pooling

WEI Ziang. PENG Jian, HUANG Feihu and JU Shenggen
College of Computer Science,Sichuan University, Chengdu 610041, China

Abstract Text classification,as a critical task in natural language processing,aims to assign labels to input documents. The Co-
occurrence relationship between words offers key perspectives on text characteristics and vocabulary distribution, while word em-
beddings supply rich semantic information,influencing global vocabulary interaction and potential semantic relationships. Previous
research has struggled to adequately incorporate both aspects or has disproportionately emphasized one over the other. To address
this issue,a novel method is proposed in this paper that adaptively fuses these two types of information,aiming to strike a balance
that can improve model performance while considering both structural relationships and embedded information. The method be-
gins by constructing text data into text co-occurrence graphs and text embedding graphs,reflecting the context structure and se-
mantic embedding information respectively. Graph convolution is then utilized to enhance node embeddings. In the graph pooling
layer,node embeddings are fused and nodes of higher importance are identified by employing a hierarchical pooling model, learning
document level representations layer by layer. Furthermore, we introduce a gated fusion module to adaptively fuse the embeddings
of the two graphs. The proposed approach is validated with extensive experiments on five publicly available text classification
datasets,and the experimental results show the superior performance of the HTGNN model in text classification tasks.

Keywords Text classification, Graph neural network.Graph representation learning,Graph classification, Attention mechanism
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Table 1 Description of datasets
Dataset Training Test Classes Average Length
R8 5485 2189 8 65.72
R52 6532 2568 52 69. 82
Ohsumed 3357 4043 23 135.82
20NG 11314 7532 20 221.26
MR 7108 3554 2 20. 39
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Table 2 Comparison of experimental results

Model Ohsumed MR R8 R52 20NG
CNN 58. 44 77.75 85.71 87.59 82.15
LSTM 51.10 77.33 96. 09 90. 48 75.43
fastText 57.70 75. 14 96.13 92.81 79. 38
SWEM 63.12 76. 65 95.32 92.94 85.16
TextGCN 68. 36 76.74 97.07 93.56 86. 34
TextLevel GNN 69.40 — 97. 80 84. 60 —
TensorGCN 70.11 77.91 98. 04 95.05 87.74
HTGNN 71.55 82.84 98.12 96. 37 87.91
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SRR LY A SOOI AE 5 AN BOHE 4 LIS T Ak
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R RT3 GCN A fy 3 1 B i 12 4% 24 >
BT B A R  T SCORTES A AR R HUOR B B Ak Ty
5 RER RO IR AP A5 B A et R 25 Rt Tl A 2
3], Wi B LFCConv 3+ 77 4% 5 T M X 347 #4717 4%,
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o,
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4.4.1 Variance2Token & A & E

ST AT b 5 U B b Ak 2 9 3 R ) A B Variance2-
Token(V2T) FEMITRI g VE ] 44 V2T 435084k Jy 3 Fh Z i
T B F %k, 83 Token2Token ( T2T )™,
Source2 Token(S2T)) , Master2 Token(M2T)P | 3k 3 Jif
B EE IR V2T BB AL T H A& ) XUEW T V2T J
T RERRRE AN
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% 3 Variance2Token 4 24t P T80 38 7 5 T LA G o T Al R 0 A T ) A RO G R
Table 3 Validity of Variance2Token N § -
Y %5 TR Ry o v B Lo
Model Ohsumed MR RS R52 20NG Table 5 Comparison of different graph construction methods
HTGNN-T2T 70. 90 82.28  97.22  95.49  87.31
HTGNN-S2T 71.07 81.02  97.47  95.79  87.23 Model Ohsumed MR R8 R52  20NG
HTGNN-M2T  71.22 81.48  97.71  96.13  87.49 HTGNN-A, 70.47 80.98  97.85 9477 86.42
HTONN V2T 71 55 8281 9812 9637 8791 HTGNN-A, 70. 11 81.53  97.80  95.18  87.63
HTGNN-A,, 70.52 80.83  97.80  94.74  86.85
HTGNN 71.55 82.84  98.12  96.37  87.91
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4.4.2 LFCConv # A
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Table 4 Comparison of different scoring functions based on graph

convolution
Model Ohsumed MR R8 R52 20NG
HTGNN-GCN 70.94 81.24 97.68 95.79 87.06
HTGNN-GAT 71.22 81.47 97.47 96.13 87.40
HTGNN-GraphSAGE 71.08 81.63 97.71 95. 74 87.2
HTGNN-LFCConv 71.55 82. 84 98.12 96. 37 87.91
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Table 6 Comparison of different pooling ratios

Pool Ratio Ohsumed MR R8 R52 20NG
0.25 70.96 82.36 97.45 95.23 86.79
0.50 71.55 82.84 98.12 96. 37 87.91
0.75 71.20 82.65 98.20 96. 46 87.63
1.00 70.59 81.90 97.54 95.73 87.27
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