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Review of Text Classification Methods Based on Graph Convolutional Network

TAN Ying-ying, WANG Jun-li and ZHANG Chao-bo

Key Laboratory of Embedded System and Service Computing(Tongji University) , Ministry of Education, Shanghai 201804, China

Abstract Text classification is a common task in natural language processing,in which there are a lot of research and progress
based on machine learning and deep learning. However, these traditional methods can only process Euclidean spatial data,and can-
not express the semantic information of the document effectively. To break the traditional learning mode, many recent studies
start to use graphs to represent complicated relationships among entities in the document,and explore graph convolutional neural
network for text representation. This paper reviews the text classification methods based on graph convolutional network. Firstly,
the background and principle of graph convolutional network are summarized. Then, text classification methods based on graph
convolutional network are described in detail according to different types of graph-based networks. Meanwhile, it analyzes the limi-
tation of graph convolutional network in the depth of networks,and introduces the latest developments of deep networks in text
classification. Finally, the classification performance of models involved in this paper is compared through some experiments,and

the challenges and future research direction in this field are discussed.

Keywords Text classification,Graph convolutional network,Graph attention network, Over-smoothing, Non-Euclidean space
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n-grams F R0k AR AE SR I, SR T A% 45 1Y R AE B2 X
T kA AEAR 22 Wi e — IERALE R E T A G B R 2 NS
B T e AW 0 e e TR

AR T WL 2= IR 5 S LA TR B 5 09 M
2R AT DL A B2 ) B IR AR R R L T T34 Re 1R
TR, HH AR A % B 4 M 4% (Convolutional Neural
Networks, CNNs)™! | 7F B #t 28 B 2% (Recurrent Neural Net-
works, RNNs)HT 28 - il 411, TextCNN A5 B0 o 7 /A] 7 2%
S SCA 43 24T 55 4 % D5 B ) - A D | 22 A1) 1 A Y
FRAESERE  IT R AR R /N B AT — L B S
3 4o i A 2 B MR AR AR R BB SRR . T Zhang
AETIE R T AR B CNN 254, B T 0l 0 A9 4 28 5%
B Liu S S0HT RNN AL SCAR G326 BRI . Tex-
tRNN 5 CNN Al TextRNN #8404 F ol — B ) )5
IS BN R B2 S SUR I RFE & 78 . HAN (Hierar-
chical Attention Networks) #5 B0 7 TextRNN A% B fi) 3 fil
ST b= Wi k[ R o 1 T R GG ' N (U @ N =3/ & e
SEAE L IF 43 3 45 T R [R) B 1 T 0L, ML B A AS () R B 1Y
FIKFETT .

SR » WL 2% > T4 B0 1 #8245 1 b B I UL B 75 4%
Pk BN P AR R A T IR A3 R A B B R R R

RURE ST R DU Py R RSO S A U 2 1R B B R A
Wi, ABGME M 45 a1 CNN S8 5 3 28 8090 78 i AL R
HV B AN AR PR A CHh AR BN 0 JRy B AR AR (S B . X T SUAR X
il RROL AT B8 T 7 o A% 4 07 U6 2 S B SO BUH T AL R
F 1] 0 B ) A T B A ) A ) R B R
L5 AT LN 2 A2 A R 16 25 0 1 58l 3 o BRI T f &
W 2% 2R IKBE T, JUH R & B A1 ik 45 M 0 SCAR . AR X R
35T . & B4’ 4% (Graph Convolutional Networks,
GON' Ty LS E T SCAR 7 KRG ) 2 k. BB M
2 0 2% L)L OB 23R 7R Sos [T AT DUAR B 2% 38 i SoA
oA TG ER ) R 5 R, I LR 4% R A% R 1T A a] A o
KRB RRMEGE., E4ER, KERMHZE S50
PR N (&1 45 B 28 W 4% o B T SCA A3 84T 55, DAL R R Sc A
HITE LKA,
BRHWMOA —~LgR X HmEH N HEREEHME N
2T SCAR Sy ST AT BT R T H E R k2D % i
SEEMEER . NI AR SCREE IR0 Tk 5 BRI &
P 2% 6 SCA A BT 55 0 & S A 3, Il 2 5256 43 BT b A
TEMM2EvERR. Fri R R irik i AR EE A
TR AP S, HoAE SRR {5 B3R 1 B A dE R R4
By B FR R R A L B R 7 5 DA AN B

1 ARSCHR B BE TR BURE AL Y SCAR 3 267 1

Table 1  Graph convolutional network models for text classification in this paper

F 4 #A 4 B A (]
2017 GCN ICLR 5l X 4 2 [22]
2017 GraphSage NeurlPS Bl XA % [23]
2018 GAT ICLR 3l X 4 % [24]
2018 FastGCN ICLR 5l X % [25]
2018 JKNet ICML 3l X 4 % [26]
2019 SGC ICML Bl gk EME AT [27]
2019 Textgen AAAI EFEHE RSN [28]
2019 hConv-gPool-Net WWW ES- TN T [29]
2019 APPNP ICLR EE [30]
2019 Text-level GCN EMNLP ER P S [31]
2019 HGAT EMNLP EX NP [32]
2019 TD-GAT EMNLP R oA -
2020 TensorGCN AAAIL ES N [33]
2020 ReGNN AAAIL E- TN

2020 DropEdge ICLR 3l X 4 % [34]
2020 GresNet arXiv Bl X 4 % [35]
2020 PairNorm ICLR gl X4 % [36]
2020 TG-Transformer EMNLP ER K EROM -
2020 D-GCN COLING R AT [37]
2020 HyperGAT EMNLP E- O N B [38]
2020 TextING ACL F kAT [39]
2020 G-ATT ACL =T [40]
2020 GRAND NeurIPS El [41]
2020 DGN NeurIPS 3l X % [42]
2020 GCNII ICML 5l U A % [43]
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T 32 T e S Xk — LA DG A R HE AT AR A LE 5 6 TR
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Bldh 2 W 4% CNN, CNN HF J& # # 8 fAUE 4L 2 5K
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E R WA R e s U
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Hof, 20 =X g IR AR s A = A+ 1 A IR AR 4
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ral Network, GGNN)PY | & 25 i [ 2% ( Graph Transformer
Network, GTN) P 4¢

Vel 35 R 2 R 61 42 3 0 0 8% 11 = S I A T X S A I
T DU S s TR 09 AR & 4B R SUE B B T
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A S5 . SR, b3 W 45 AR 7E 20 Bk 4 B 9 #4740 8
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B A 92 BT R AL 3 L 1% R 2 A AR R A TR R AR
XERE IR M %K Z RO R EAE B Tk i K 1 Bk
#C R o2 R E B . 3 Transformer W5 & - K 728 4 (4 25 41
HERLHT T PR B b i 1o 2 0 A T A R — e 4 i T A
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X—[A, 2 BE5IF E Tk 4 Bl 4 0 3 2 25 R OR
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2 4 RNEI G T 2 R A

Table 2 Main differences and advantages of four graph-based

networks

HA AN RS AR it %

. Graph-based —_— b o "

GCN CNN T 46 38 4F K & 6] o B

. Graph-based BEHER MBS TENGET R
GAT Attention v TR H WA
GGNN Graph-based AR IRFI G R, IR HF M
”‘ RNN AL AR

. Graph-based PRV . . N v
GTN N REAREREIKEFRH KR

Transformer

3 ETESRHXAFERE

AN T UG SCAS S Al RS 45 1 1 5008 R 0 4% e v
Z WL 1Y R BE 1 32 B BRI, i GCN AR A4 Kz FLAR {4 1 ) 30
W K HES) T A SRIE T A BRGS0 R SOAR 4y 2R 4T
%o AT FH AR B AR TR 2 TR 43 S I 3% 5] A FR B 48 ) 4%
TESCAR 3 24T 55 v 1 R R S BGH
3.1 BEERNE

Textgen IS 1 YR 6] 4 B 26 1 T SCAR 43 2R 4T
55, AR BN BRI SCASF R g 4T A S A TR R A A
TG 1a] A s 5T 1#] [ B2 o da) i AR SCAS A . FE IR R
TA] 9 A5 T ) 56 R Bk R R R4S B AU s B AR Bk
(Pointwise Mutual Information, PMD ™ {515 5], i 3¢ A
55487 5 ] AL E X TE-IDF 5550, F T 34 838 78 3¢

A B TR A L R A AR S A 1 B F PMI A
HE .

PMI(i,j),

L TFIDF; ,

i,j are words, PMI(i,j)=>0
7 is a word,j is a doc
1, i=j
0, otherwise
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P(i,j)
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FCr L Ak X BRI L P G 2 M ¢ A AR PR B A
PGy ) e B R R o om0 epae] R SR HE R,
B 1 TR S A B A S 1 B3] (Word) 1 SC AR (Doc) W 2875
1, Textgen B 33 B 2 GCN 5 BI00T 1 2% 37, R E] A5 45
MR RN RCH U EZ 4 RAES. SE5% %N
TextRNNO A L 1288 87T LA H2 2 42 ) i A5 B B in)
FLH K R AP, TensorGCN RIS 5R 5] AT K 4 1] {0 42 M) 4%

,

)
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HONE: -SRI

(Long Short-Term Memory, LSTM) F1 B {5] [a] %) &) 32 4 #1 . FH
TFRIK AR ] T LG AR BRI 3 FOC R 4
Sk A 3 S BT I HOR A R ORI ) A R AR R
L TR E P R E R RS UL & K ZH R
SHME . SGC B BIDT AR W B B 02 2 8] 09 T
PE B e I ol 2 4% e o 7 B0 0 e AR e, DLUBAD B ALY &
MERMITARITH,

~—(TF-IDF)—
-~ (PMI) -~

R(Doc78)

CRWordz3) >
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R E-URET

XA %H

Bl 1 Textgen 15T [ i A 7R 2 003

Fig.1 Schematic diagram of Textgen %)

SR, B A5 8 349 Sy A1 et Ay el B I, ) 20 T 3
AN BRI A, H, Huang %P T Text-level GCN
BT TR g B — s SCAS g gt — ik oA 1, Ot i 4
ZE YT AR AR A B R RO B B R 2 TR . R Y S Ao O
S AL AL S I A R AL DL SR B A
& . Text-level GCN LRI ] LA 5 b fif 5 &5 N 77 T #E 1Y 7]
L H R RE A B Az Ak RE JT . Ah O T AR R 3
KFRGao F S5 f GON BB CNN —4E 5 L4 T
— PR A 26 FUEAE (hConv) o i B AE AS (L fig P ok 3% R SR A7 BF
W RERR B IE TR R .

and A and
you HEHNEEEERRNERRE you
test testx
e N
of ENNEEEEEERAEN of am
SR BT &R AUER

[l 2 Text-level GCN H 7 fity iy A 5] (58
Fig. 2 Input graph of Text-level GCNI8J
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e AE 55 28,
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Table 3 Summary of methods based on graph convolutional network
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[E 01 S B A AR WS S, ST 51305 K4 55 . A
R A B2 51 ST 4, B i1 0% 2 R 8 30, HURRAE H
) 4% A5 Y AT ) 4R b T T A TRD A 320 % R 2 18 SC TR ) B G
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AT BE Ty 5 R R SR KB T BN Z M E AR,
W 3 Fis 7 GAT BEA b, 22 R 7R LAAT A0 7 A48 8 5
Hj € NRRFEVE A 5 K 1 2 8O H — b Ak 11
AT E s GAT &R LLY §i 99 sl by S ot I H 3 07 4
BOMASR A 52 BUAR FE 1Y AR 15 B A AT SR B B Y Hh ]

W& HAKTEXWT .
h'=0( 2 a;Wh;) (6)
JEN,
o — exp(LeakyReLU(a" [Wh; || Wh;])) 0

v EE exp(LeakyReLU(a' [Wh, | Wh,]))
kE N,

Horfr,oCe )M LeakyRuLUC « ) ¥ 4 335 oR 20, (| 0 DF 22
YE. N ZRR T BAR SRS A Mk, 43 B 378 35 A5 7 25 Rl A
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Table 4 Summary of methods based on graph attention network

A FREA HXREBY A T4
GATLS! X 4 ElNGESA TEAE  FELE
HGATL? XH+HE+ER BRELTKE % A TR K
G-ATTLS] | HEKBFEA EEE B4 %
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Hyper(}ATLGS’ 1] HF+HEA A 4 %

3.3 HEIMEME

PRAT B 52 0K 110 9 1 2 0 8% g ) SCAR 43 284 55
A0 TextING HEHRLIT SR 1] 42 1] 26 BRI 288 i ke SCAR 23 2R AT
55 IR B B SCRS BRI A A A Y B S5 A L TR Ot
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Table 6 Summary statistics of datasets
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Table 7 Comparison of text classification accuracy
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SGC 96.1  93.2 65.9
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TensorGCNL®! 98.0  95.1 70.1
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Table 8 Comparison of text classification accuracy and training time

. T
B A 7 Y EYD
A% #A BHE/N (102 s/ epoch)
GCN 79.8 0.78
GraphSage 80.3 215. 28
Cora
FastGCN 85.6 12.55
SGC 81.1 0.18
GCN 71.3 0. 81
. GraphSage 70.4 277.42
Citeseer
FastGCN 76.6 21.70
SGC 69.8 0.20
GCN 78.8 0. 84
GraphSage 77.9 115.62
Pubmed
FastGCN 87.5 235.85
SGC 78.5 0.20
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Table 9 Text classification accuracy of each model in different

network depths

B2 %)
A& A o -

2 4 8 16 32
GCN 79.5 14.8 10.8 15.9 14.7
DropEdge  81.9 80.0 77.8 74.3 35.3
Cora GCNII 81.6 83.2 84.3 85.3 84.8
GResNet 80.2 80. 1 79.6 79.2 75.1
PairNorm  80.1 76.2 74.9 73.4 41.5
DGN 82.3 81.1 75.2 73.2 71.0
GCN 65.8 42.4 14.9 22.7 22.9
DropEdge 70.6 69.3 57.8 42.6 36.6
Citescer GCNII 69.3 69.0 71.7 73.7 74.2
GResNet 64.4 60.5 56.7 44.6 57.8
PairNorm  65.2 66.0 60. 8 61.8 44.9
DGN 69. 1 59. 4 55. 1 54. 2 47.9
GCN 75.2 60.6 30.9 34.0 24.5
DropEdge 79.2 75.8 74.5 67.2 40. 8
Pubmed GCNII 77.9 76.7 79.6 80.3 79.9
GResNet 76.1 75.2 76.8 77.0 72.9
PairNorm  76.5 76.5 78.1 78.2 69.5
DGN 79.2 76.5 75.6 75.0 75.5
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