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Text Classification Method Based on Bidirectional Attention and Gated Graph Convolutional
Networks

ZHENG Cheng'* ,MEI Liang"?,ZHAO Yiyan' and ZHANG Suhang'
1 School of Computer Science and Technology, Anhui University, Hefei 230601, China

2 Key Laboratory of Intelligent Computing and Signal Processing, Ministry of Education, Hefei 230601, China

Abstract Existing text classification models based on graph convolutional networks usually simply fuse the neighborhood infor-
mation of different orders through the adjacency matrix to update the representation of node in graph,resulting in insufficientrep-
resentation of the word sense information of the nodes. In addition, the model based on conventional attention mechanism only
provides a positive weighted representation of the word embedding.ignoring the impact of words that produce negative effects on
the final classification. To overcome the above problems.a model based on bidirectional attention mechanism and gated graph con-
volutional networks is proposed in the paper. Firstly,the model uses the gated graph convolutional networks to selectively fuse
the multi-order neighborhood information of nodes in the graph,retaining the information of previous orders,to enrich the feature
representation of nodes in graph. Secondly.the model learns the influence of different words on text classification results by the
bidirectional attention mechanism, giving positive weights to words with positive effects on the classification and negative weights
to words with negative effects to weaken their influence in the vector representation,to improve the model’s ability to distinguish
nodes with different properties in the document. Finally, the maximum pooling and average pooling are used to fuse the word rep-
resentation in text to get the document representation for the final classification, where the average pooling can make each word
play a role in generating a graph-level representation of the document and the maximum pooling can make the important words
play a greater role in document embedding. Extensive experiments on four benchmark datasets show that the proposed model sig-
nificantly outperforms the baseline model.

Keywords Text classification, Graph convolutional networks, Attention mechanism, Text representation, Deep learning, Natural

language processing
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Fig. 1 Overall architecture of model based on bidirectional attention and gated graph convolutional networks
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Table 1 Datasets overview
Dataset Doc Train Test Class
Ohsumed 7400 3357 1043 23
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R8 7674 5485 2189 8
R52 9100 6532 2568 52
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Table 2 Test accuracy of various models on datasets(mean=
standard deviation)
(€ YU

Model Ohsumed MR R8 R52
CNN-non-static  58.444+1.06 77.7540.72 95.71+0.52 87.59+0.48
Bi-LSTM 49.2741.07 77.68+0.86 96.3140.33 90.5440.91

PTE 53.58£0.29 70.23£0.36 96.6940.13 90.7140.14
fastText 57.70£0.49 75.14£0.20 96.1340.21 92.8140.09
SWEM 63.12+£0.55 76.65+0.63 95.3240.26 92.9440.24
TextGCN 68.36+£0.56 76.74+0.20 97.0740.10 93.5640.18
TextLevel GNN = 69.40+0. 60 — 97.80+£0.20 94.60=0. 30
DHTG 68.80£0.33 77.21+£0.11 97.3340.06 93.9340.10

S?GC 68.50£0.10 76.70£0.10 97.4040.10 94.50=0.20

T-VGAE 70.022£0.14 78.05+£0.11 97.6640.09 95.0040.12
Our Model 71.12%0.38 79.65%0.31 97.84%0.12 95.42%0.14
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Table 3 Consumption of GPU memory and run time

Dataset Model Memory/MB Time/s
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Fig. 5 Influence of size of sliding window on experimental results
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networks on experimental results
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Table 4 Results of ablation studies

Model Ohsumed MR R8 R52
w/o a 70.31 79. 26 97. 24 95.03
w/o Bi-Att 70. 82 79.09 97.13 95.19
Original 71.12 79.65 97.84 95. 42

TE < R B s R A
N TSR] R A B 4% Rl 2 W AR 8 AR R B AT Rt
A SCRE B R 26 A2 A 5 B BRI AT — 2 AN T 3
FEHE I o A REFEHD B 22 B0 B 00 05 B A0 A i A5 B A



A A R TR0 R T LA R D 4 P A B 4% p SO G 2R 0T v

227

WAL . R 4 R LLE B, S filE i 3 458 0 1 10 A A
TETEBARE L E MR L., HEERFE, RAR PR
[Fi] By 139 4B 388 A 2B % o5 28 43 28 F AR FE RN AS TR) 2 2
T 3 AT 4 R EAT T B G A L DUIAS BEAR 4 Hb Al 2K T A i 4R 3
155 g T ﬁl]%*ﬂﬂ?’lﬂ’]Lh%ﬁﬁ’?aL 75 ERER AL A

T3 AN R T S B I i T AL B 2 43 KR Y 5
%‘fﬂ‘”%&%ijj‘?’rﬂﬂs)iqﬂ%JXX@E%ﬁ%ﬁﬁﬁﬁﬂﬁii,%ﬁ,
HAbFB A ORFEAAE , SR 4 P AT LA L 58 M i
B A5 A A B e R 5 i R ML A R R Y 3R R 2%
X ZR B B R R )RR R SCAS ook 43 2 A T ARG
BRG], DT ) 55 7™ A 1 5 i L 45 B 25 50 KN AR AE R, 7
BRI 30 A7 5 A 1 2%
4.9 X)Zl'ﬂii%jjﬁf?ﬂﬂ%*ﬁ

R T ik — 25 W R B T AR L AR SCE BT MR B
Pt 46 vh B L T E R TR N L R A AT T AT A, n
B 7 iR Fodh 5 — 5 O 3 38 1 5 A S A L 5 8 Sk LT
FER oA sy 1 1 AL, ¥ S AL, T LLE
6f I 3 308 9 7 B B ROR BE AR 4 U S not 73X A4S X 43 2
7= A A7 175 R (Y BR8N 18] 3 S ML A D 2% 45 not” —
A2 5% 458 1 £ T A, AT TS DA FE — AR B )
S,

it

. m!
is
weird

wonderful  FREE 0
and

not 0
necessarily
for

=
kids 1
F7 AT AR CRL T RO R D

Fig. 7 Attention visualization

BERIE  RSCIR T — P T XA T R AL AT

U 26 B SCAS T ALY . 28 R o S g SO A o AL G
IkﬁﬂﬂI‘H"Elglf}%}ﬂlm%Xﬂ‘%[ﬁﬁéﬁbﬁﬁﬁi&ﬁﬁﬁ%%%ﬂm
SR 8RB 3 3 7 LA S A TR e o B 3 T A TR B AR
HLARMERT R RSN T RAN DL, 764414
WERCHR AR b B O SE e R WY A S5 IR WL I T R R B L H
AT T AR SO Y 5 2R S 43 T SCA o SR A R T HAE R R
KB TAE 225 BT A SN ERENR A A i) — 28 N TE S8 ¢
fiE 45 L ok S g BB A PERE

% X o

[1] WANG Q.GARRITY G M, TIEDJE ] M,et al. Naive Bayesian-
Classifier for Rapid Assignment of rRNA Sequences into the
New Bacterial Taxonomy[ J]. Applied and Environ-mental Mi-
crobiology,2007.,73(16) :5261-5267.

[2] FORMAN G. BNS Feature Scaling: An Improved Representa-
tion over TF-IDF for SVM Text Classification[ C] // Proceedings
of the 17th ACM Conference on Informationand Knowledge
Management. New York: ACM,2008:263-270.

[3] TAN S. An Effective Refinement Strategy for KNN Text Clas-
sifier[ J]. Expert Systems with Applications, 2006, 30 (2) : 290-
298.

(4]

L6]

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

KIPF T N,WELLING M. Semi-Supervised Classification with
Graph Convolutional Networks[ C] // International Conference
on Learning Representation. On Line:ICLR,2017:101-112.
LUONG M T,PHAM H,MANNING C D. Effective Approa-
ches to Attention-Based Neural Machine Translation[]]. Pro-
ceeding of the 2015 Conference on Empirical Methods in Natural
Language Processing,2015,28(2) :1412-1421.

KIM Y. Convolutional Neural Networks for Sentence Classifica-
tion[ C // Empirical Method in Natural Language Processing.
Stroudsburg: ACL,2014:1746-1751.

ZHANG X,ZHAO J, LECUN Y. Character-level convolutional
networksfor text classification[ C] // Conference and Workshop
on Neural Information Processing Systems. Montreal: NIPS,
2015:649-657.

GRAVES A,JAITLY N, MOHAMED A. Hybrid Speech Rec-
ognition with Deep Bi-Directional LSTM[C] // 2013 IEEE
Workshop on Automatic Speech Recognition and Understan-
ding. New York:IEEE,2013:273-278.

CHEN K J,LIU H. Chinese Text Classification Method Based
on Improved BIGRU-CNN[]J]. Computer Engineering. 2022,
48(5):59-66,73.

LIU P, QIU X, CHEN X, et al. Multi-Timescale Long Short-
Term Memory Neural Network for Modelling Sentences and
Documents[ C] // Proceedings of the 2015 Conference on Empiri-
cal Methods in Natural Language Processing. Stroudsburg:
ACL,2015:2326-2335.

MNIH V,HEES N,GRAVS A. Recurrent Models of Visual At-
tention[ C] // Advances in Neural Information Processing Sys-
tems. Cambridge: MIT Press,2014:2204-2212.

BAHDANAU D,CHO K,BENGIO Y. Neural Machine Transla-
tion by Jointly Learning to Align and Translate[ ] ]. Computer
Science,2014,15(3) :152-161.

ZHOU P,SHI W,TIAN J,et al. Attention-Based Bidirectional
Long Short-term Memory Networks for Relation Classification
[C]// Proceedings of the 54th Annual Meeting of the Associa-
tion for Computational Linguistics. Stroudsburg: ACL, 2016
207-212.

YANG Z,YANG D,DYER C,et al. Hierarchical Attention Net-
works for Document Classification[ C]// Proceedings of the 2016
Conference of the North American Chapter of the Association
for Computational Linguistics. Washington: NAACL, 2016
1480-1489.

DING C H,XIA H B, LIU Y. Short Text Classification Model
Combining Knowledge Graph and Attention Mechanism [ ] ].
Computer Engineering,2021,47(1) :94-100.

PENG H,LIJ,HE Y.et al. Large-Scale Hierarchical Text Clas-
sification with Recursively Regularized Deep Graph-CNN [C]//
Proceedings of the 2018 World Wide Web Conference. New
York: ACM,2018:1063-1072.

YAO L,MAO C,LUO Y.Graph Convolutional Network for
Text Classification[ C] // Proceedings of the AAAI Conference
on Artificial Intelligence. Menlo Park: AAAT,2019.7370-7377.
HUANG L,MA D, LI S,et al. Text Level Graph Neural Net-



228

Com puter Science I HEMLF2:  Vol. 50,No. 1,]Jan. 2023

work for Text Classification [C]// Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language Processing.
Stroudsburg: ACL,2019:2216-2225.

GILMER J,SCHOENHOLZS,RILEY P F,et al. Neural Mes-
sage Passing for Quantum Chemistry[ C]// International Confer-
ence on Machine Learning. New York: ACM,2017:1263-1272.
YUAN Z Y,GAO S,CAO J,et al. Method for Few-Shot Short
Text Classification Based on Heterogeneous Graph Convolu-
tional Network[ J]. Computer Engineering,2021,47(12) ;87-94.
PENNINGTON J, SOCHER R, MANNIG C D. Glove: Global
Vector for Word Representation [ C] // Proceedings of the 2014
Conference on Empirical Methods in Natural Language Proces-
sing. Stroudsburg: ACL,2014:1532-1543.

CER D, YANG Y, KONG S Y, et al. Universal Sentence En-
coder[ C] // Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing: System Demonstra-
tions, Stroudsburg: ACL,2018.:1422-1433.

TANG J].QU M,MEI Q.Pte:Predictive Text Embedding
throughLarge-Scale Heterogene-ous Text Network[ CJ // Pro-
ceedings of the ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York: ACM,2015:
1165-1174.

JOULIN A,GRAVE E,BOJANOWKI P, et al. Bag of Tricks for
Efficient Text Classification [C]// Proceedings of the 15th Con-
ference of the European Chapter of the Association for Compu-
tational Linguistics. Stroudsburg: ACL,2017:427-431.

SHEN D,WANG G,WANG W,et al.Baseline Needs More

Love:On Simple Word-Embedding based Models and Associated
Pooling Mechanisms[ C] // Proceedings of the 16th Conference of
the European Chapter of the Association for Computational Lin-
guistics. Stroudsburg: ACL,2018:440-450.

WANG Z,WANG C,ZHANG H,et al. Learning Dynamic Hie-
rarchical Topic Graph with Graph Convolutional Network for
Document Classification[ C]// International Conference on Arti-
ficial Intelligence and Statistics. BOSTON: JMLR, 2020 3959-
3969.

ZHU H,KONIUSZ P. Simple Spectral Graph Convolution[ C]//
International Conference on Learning Representation. On Line:
ICLR,2021:151-163.

XIE Q,HUANG J,DU P,et al.Inductive Topic Variational
Graph Auto-Encoder for Text Classification[C] // Proceeding of
the 2021 Conference of the North American Chapter of the As-
sociation for Computational Linguistics. Washington: NAACL,
2021:4218-4227.

KINGMA D, BA J. Adam: A Method for Stochastic Optimiza-
tion[J 7. Computer Science,2014,8(2) :4123-4131.

ZHENG Cheng. born in 1964, Ph.D, as-
sociate professor. His main research in-
terests include data mining and text

analysis,natural language processing.

(TR - i 28





