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Text Classification with Tensor Graph Convolutional Network Fusing BERT and Self-attention
Mechanism

SHI Wen-Yi, ZHU Xin-Juan
(School of Computer Science, Xi’an Polytechnic University, Xi’an 710600, China)

Abstract: TensorGCN model is one of the state-of-the-art (SOTA) models.applied by.graph neural networks in the field
of text classification. However, in terms of processing text semantic information, the long short-term memory (LSTM)
used by the model has difficulty in completely extracting the semantic features of short text and performs poorly in
handling complex semantic information. At thessame time, due to the large number of semantic and syntactic features
contained in long texts, feature sharing ‘is incomplete when heterogeneous information is shared among graphs, which
affects the accuracy ofitext classification. To solve these two problems, the TensorGCN model is improved, and a text
classification method based on the tensor graph convolutional network fusing BERT and the self-attention mechanism
(BTSGCN) is proposed. Firstly, BERT is used to replace the LSTM module in the TensorGCN architecture for semantic
feature extraction. It captures the dependencies between words by considering the surrounding words on both sides of a
given word, thus extracting the semantic features of short texts more accurately. Then, the self-attention mechanism is
added during the propagation among graphs to help the model better capture the features among different graphs and
complete the feature fusion. Experimental results on MR, R8, R52, and 20NG datasets show that BTSGCN has higher
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classification accuracy than other comparison methods.

Key words: text classification; graph neural network (GNN); tensor graph convolutional network fusing BERT and the
self-attention mechanism (BTSGCN); BERT; self-attention mechanism
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GPU N Nvidia GeForce RTX4060. T K315y Windows
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(2) HINTE: o5 A5 S 7 A B 45 40 O 1 2
Nk 9% R AR, T 2 > SCARE B AL A )
FEAEAE 2.

(3) Graph-CNNP1: 4 A B SCA 5 51 iy e 1] 1,
R FH 25 A e £ ) 288 S5 4] R0 A T A B 43 8 ST AR SUARFALE

(4) TextGCN"®): 38 Job #4) & B3] R SCRY 5 451 1K)
S5 ) PR SR A Kb B i N A, ) T A IR 4 22 2
TR IER R,

(5) TensorGCN: Sty N [ SCAS 7 51 43 3ol ) 2 1
Sy ARSI AR B, A P P A A R R I A ok
P S BB B 15

(6) TextFCGP": JEHNFEHIH ) LT XX A G R
B B A B R, R B N 26 R ] S 4 R
SCAME BT A B, HHE T UK R AR OR, A 58 B
SRR
2.5 SKINLERSH
251 7rRUERERXTEE

FRPEXT L 2% 2 SCAR 3 S HE B 2R m] S, AR
RS TRULE 4 ANECE A b0 bb 3 2R A7 R A S ) R B2 )
PETE. AHLE T 52 TensorGCN, A SGAH A (1) S A 532
WE S 1E 4 A4 MR RS, R52 F1 20NG 14
"I T 2.98%, 0.35%4.0.85% 1 2.32%.

O T SREE S BT RUR I, BTSGCN 5 5 T 2 2
STHOREAY (CNN-rand) #Lt, 76 4 DEIE4E MR, RS,
R52 F1 20NG 43l T 6.37%. 4.24%. 10.76%
1 12.58%, $e Tt LU HH 2, 3 2 IR A SOA 7 51+ 4
B J5 AT DA i b A B2 B ] 2 [A) AR B OC &R, (R E
A B ST AT B A TR P 2R RS AT YT, AR N A T
SCAFAE, ANTTAE 5> SUER R A3 35 KR T

%2 R AR LSO 5 KT (%)

FELE AT MR RS R52 20NG
CNN-rand  74.02+0.53 93.78+0.75 84.98+0.62 77.21+0.56
Graph-CNN  77.19+0.31  96.62+0.21  92.38+0.57 81.36+0.35
TextGCN  76.53+0.49  96.99+0.18 93.27+0.39  85.96+0.27
HINT 77.03£0.12  97.77+0.17  95.02+0.15  86.27+0.13
TensorGCN  77.41£0.16  97.68£0.08 94.89:023  87.47£0.09
TextFCG  78.65+0.13 97.82+0.05 95.08%0.16 88.56+0.20
BTSGCN  80.39+0.25 98.02+0.15  95.74+0.17  89.79+0.22

53R [ 4 5 L BUR: Graph-CNN .
HINT. TextGCN Fl TensorGCN H Et, 2023 4E 42 Hi
TextFCG HE AL T 51 N H = & A7 AL R A 45 1 ol
A, 1 G RN R AE R 2% 00 R AR ), )
I B 25 VR B R AE A L, 38 o0 B AE R, A
U BE A5 22 Y5 S AR AL, FE T bl 5 2 A 2 L TR 3R I o
fE. 52 AL, A3 BTSGCN X 48 A 3E 4 (MR) LA
FAKSCARHARGE Q0NG) (195 F i R THRO N I,
AH EE B4k R 1 36 28 B 7Y TensorGCN 7E MR il 20NG
Hn e by R UETh 200 3R Tt 2.98% 5 2.32%; £ IE
WU B RS RS2 L Ar RUER R BT RUR .
X KON AE SR EUE SCRFERS, BTSGCN f# ] BERT 3K
Qb B R SCA T HIME S, B LT b A R SRR 2 1D A S
FRIUE TR 2 R )5 SURFAE; [7] I 78 4b 22 P 5K 5 6 m
N B VE R IR, 35 BB 7E b B A SO AL B R AR
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5 IR OK 2 1 LB B U A A R EAS S, B R A P e

HET I EME M A (TextFCG) H L,
BTSGCN £ 4 MH#E 4 MR, R8. R52 F120NG _Ef
SRR TET, 73 52Tt T 1.74%. 0.2%. 0.66%
A 1.23%. XAEFAAETF TextFCG R L3¢
A5 BSRIURFIE, BTSGCN A2 B I $2 L 525 B
AJEAE B DL ROE S BARRE, B2 238 305 B
b AL RAE, I 454 BERT LUK B VERE /1ML
BB AL SE A MR AN . Al S RRAE, B A A (P e
252 JHmhSLE

T BE BERT il By & LS B A 2%
P, 75 4 DR AR BT AP SIS (1) TensorGCN
N B VEE AHLE]; (2) TensorGCN f i} BERT # 4t
LSTM R, 67 315 R S 56 (0 v 2R 15 5 68 A 700 )
FHAT LLER, 45 R 3R 3 Fron. HAd, N-BERT R /n K
f#i ] BERT ##t LSTM R, _ﬁﬁﬂ%ﬁﬁ;\ﬁ BTSGCN #
T {34550, N-Altention 26775 I\ 1 FE 20/ HL B
He, HAh#B 4> 5 BTSGCN #E R {7 — 5.

K3 AL RE R (%)

A MR RS R52 20NG

TensorGCN ~ 77.41+0.16  97.68+0.08 94.89+0.23  87.47+0.09
N-BERT 78.56+0.12  97.91+0.04 95.47+0.09 89.46+0.15
N-Attention  79.93+0.21 97.81+£0.11 95.11+0.14 88.19+0.18
BTSGCN  80.39+0.25 98.02+0.15 95.74+0.17  89.79+0.22

ML 3 145 B wT LUR I, Toie 218 F] BERT
e LSTM 162 NN B 2 AL, FH B SRR Y o 6
B — e PR &, A A R R T R
R AR ) MR R, TR L 3 T A BT A A R,
AT CURH LA FH B G i v B P A

X T AR &, Rl A A R HR S S0 AR g3
B UERI R M AE. TensorGCN NN B E = DML Z )5,
B [ 1 5 2 4/ KR SEMR . R8. R52 A1 20NG
A EIRTF T 1.15%. 0.23%. 0.58% Al 1.99%. % K-
SCAHHESE 20NG - FF AR B i K, X 2K SOA
FE AL & M5 B K 2, JEAT [ [ 4% 3R B R AR 3L A 58
o IWNI=RE WAL 1N [ P =0 i DO = B v WALy 1K K K ko
JR A5 SRR P B SRR 2 [A) R R AR AR G R, (RIS 9 P
AN 7] BB 6 AN [R R AE 3R AT ISP 35 LB 47 b i 5
AiE, UEBH T B R PRI A 2.

TensorGCN { ] BERT ##: LSTM filt 2 J5, 1
RUFHERSAE 4 N EHEEE MR, R8. RS2 A1 20NG 4351
Tt 2.52%- 0.13%- 0.22% Fl1 0.72%. 5 CALK AR 4L

158 4 AR H % Software TechniquesAlgorithm

MR $&FHFE B 55 K, 3 A2 R R SCAR H A A 2K
b, FELSTM 7EHEAT 15 SURFAE$& B I B AR IR EOR
T 3 S SCRFAE B BUCAN 43 THT; 1 BERT 8 i 2% (8 5
A P ] TR 0] 74 B A A 3 B TR] 22 T [ A 0% B DA
BB ATHI A SURFAE, E B T BERT 8 2.
253 ATAAL BT

9T ETEMT LA L BTSGCN #E A T A 4338
AT R, R t 0 AR -BEHLARIE iR (t-distributed
stochastic neighbor embedding, t-SNE“)[’zl’}z]ﬁZ?If'i?J%‘fi
FI5 4 #T1 (linear discriminant analgi.sisl, LDA)P**15 5
% BTSGCN #1 TensorGCN 7E MR 5 20NG % 4 -
52 HIRFE R AT IR A S T, S5 S 2
s g B A 52 1 40 A S B, IR —Fhiea 3w
[ — AN SCAME B Hor, B 2(a). (b) 83 BTSGCN
BAAE MR 5 20NG #dls & BT RAL 25 515 1 2(c)
(d) fRF TensorGCN HAE MR 5 20NG $ a4 -1
CIERRZE

M2 BT LUE H, PR RIS B AE AN S0 4R T
WA 285 S B Hp 8 A7 A AN R 1 05 B 3 0 4, X 2 A
IR L AR B SCARFHAE (S B AE R AL Dy ) i BA A
AR RN, MIMAE SR I T E S, 4811 BTSGCN
TEPR A EE AL BT g R i S R BT
TensorGCN W25 R, HARFIZEAME AT Ten-
sorGCN fE 5 i i Hh [X 1) JF- K. X & B BTSGCN %
> SCAKFAESS B TensorGCN AT, M AR S
A9y FAT 55 B AR T A

3 AR

ALAE TensorGCN BERUIERT 2 b3k AT ooidt, $2 H
T — 7% BTSGCN SCA 73 K77 k. 1B il BERT.
Stanford CoreNLP fift 47 #5% DL A 3h & 1 551 PMI 4
ARRAREE X AR b SCE BRHE, R 1]
PR A, R B8] 2 8] R AOR OC R A 18 . )
LA B SCA V], 3 ik P R A 47 R TR A % R i 4%
77 ATk &% 2, I EEEME IR R in N 3
VE R AU FE AR AL B G b A B (8] S MR A, S
T AL JE AT S A B R IR AT BT AU & R RRAE
FORLLTERLIT 2. SEEG W, AR SO LY R A A5 Y )
TR . ROk, BN A AR B A1 SURFIE D 1 7]
L, B AE BERT HR Rl & AR s b R, Lk — D5t
SOy RAET .
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