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T E: ATRALBFZ A LB REH2 R ERNFE ARFETINE M AL AEZ @6 KBk, AR
—#F & T BERT-GCN-ResNet #) X akH24- 5 77 . 27 ok R R 453 5 09 181 4 74 5 & =42 (bidirectional encoder
representation from transformers, BERT) {3 3| & 45 £ 42 XA 6938 @ A4 454, St M A o S8 B LN E A
R Ab % W 4 (graph convolutional networks, GCN) , 5 £ B AR B Z [A] In A 5%, £ M %4 (residual network, ResNet) #£3k ; 5%
B ¥ ) R B EARE AR £ K B 5 R R Tl £ softmax, 3 A o £ 4R KLk 4 A RRAGA
TR REIEE LBATES B EAERGE 97.01%, £ T A AR, FIat, A AL HEGETELALKEZ
49 Abstext %45 5 L IATINE, 5 K E A AN 96.85%, K Y ZBEAZALHE A B4F, AR B4R B LAk B B o KA A R
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Automatic Abstract Classification Method Based on BERT-GCN-ResNet
GUO Yu, LIN Liyuan, LIU Yuliang

(College of Electronic Information and Automation, Tianjin University of Science & Technology,
Tianjin 300222, China)

Abstract: In order to improve the automatic classification performance of literature abstract, ensure the classification accu-
racy and effectively investigate the association between words and documents, documents and documents, in this article we
propose a literature abstract classification method based on BERT-GCN-ResNet. In this method, using bidirectional encoder
representation from transformers (BERT) , we first obtain initial word vector features of the short text to be classified, thus
constructing the edge and node features. Then, we further input these features into the graph convolutional networks (GCN) ,
and add the residual network (Resnet) module between the graph convolution layers. Finally, the short text representation
obtained by graph convolution layer and residual network (ResNet) layer is output to softmax to help get the final classifica-
tion result. The accuracy of our proposed method was verified on four different public text classification datasets, and the
model accuracy reached 97.01% , which is better than the baseline model. Meanwhile, the accuracy of the proposed method
was verified on the Abstext dataset based on short text literature abstracts constructed in this article, and the classification
accuracy was 96.85% , indicating that the model has good generalization ability and can improve the accuracy of automatic
literature classification.

Key words: graph convolutional networks(GCN) ; bidirectional encoder representation from transformers (BERT) ;

residual network (ResNet) ; automatic literature classification; pre-training model
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i PR 245 B A T SR 23 2 i 4 v SCHR o 2R i TR
2O AR R R B AT S

SCHRAR 253 207V 53 AR 5 i N T 3 LA AL
g o) MR 2 S P g vk HLas s ST A AL
Zhb s — R R R R S R
P I BRI 3 R AN s 2 S e s LAk
(support vector machine, SVM) [ J AR ZbE A
MELLSE i, AN TR 2SS R BRitkz Ak, T
SR FR SRR R BEAL AR ARSI
FEPE B8 ARSI 25, T sk 2645 BRI STk 2
SCA ISR 1. X IR IR SCAR B A TRMEAL B ,
TibIFENUE G R A ARTE T TR SR b RS AR
P e 4 Ry SUAR IR B R SCARRAE 7 A 4 i) 4%
BERIPT N ST (N-gram) | ] J 396 SCRY 4 4 (term

frequency inverse document frequency, TF-IDF)!"

Fasttext 25" SCARFIRZ G, I FH 9 25 B2 046 3R B
ARG B IE I AR S et KWL T4E
o SO RO R, o 2Pk e B B 4
WO S 2L — A B B e SO, BT AR
PR ERHE SCGHAT i R S A S E . (B,
H HT AT R R 2 A2 A sl AR b
Bl TR 2 ST BRI iz L, R T bk
Y SCHR T ST AEAE B [R) R, K SUAR A3 287 VAT
PBEHL A g derh, A B AN L A 9 etk
AE. DLSCHREE B O 12 A7 AE 10 R 5 o
SERINZRiERL, SCISCHR B 3 RO e T, H
o, JET I ZRIE 5 B Ay AR X SO 3 A 55
TSR M, el Word2vec!"H1 One-hot!' 4
A, HR, 3K S FRI ZRB R Xt SCAS i) 5 ) i OC
BRPEAEARANUE , ANEBARAROCHK 3 0 A5 R AR
TR T AR 1 R 1] G i 7 2% R AR Y (bidirectional
encoder representation from transformers, BERT) M*/ff]
TN Z b B0 ) 2 F R AL T2,
153 T SCHE SURHIE, 7ER A R4 55 305 T 18
ZRTE. KB ML M4 (graph convolutional net-
works , GCN) R S 55 i 4R A0k R 4 21T 7 v 391) g =
MR, HTR XA EMEFNEZ)E GON &F3
TR BT, (R R S B — N B,
SHOPEMRET . Yao ZEHR L T SUAR BIEFR M 2%
SRS (Text GCN) , 0] HR 4f 1) HL B SCRY ] ¢ FR 5T
— ORI BT R, AT 2% ) B i A RSO iR
fH Text GCN NGB AL BGiR A W] H, X TChR%s SCRY
) PR AN G
AT R R A AR AR SCRE t — R T
BERT-GCN-ResNet [ SCHRHHSE A 34328 i, %07

AEHEAREEE H378 F20

IEFF BERT 45 247432856 SCA B9 10) ] S8 W AR FRRAIE
HE AL A AN S R LA GON, SRS TE
FIEFRZZEIA ResNet 2544, e Jo#A1) FH E A& TR
JZ I ResNet J215 5 4 SCAF R HTH E softmax®”,
B R AR 2R R, WL, A TPy Ik G, K
LHBRUZGIAT Dropout $iAK, B 7EA SR R SCA )
KRR R, 15 BB 0 43 2R

1 BERT-GCN-ResNet #& %%t

1.1 RBEX

1EBHEH A BERT-GCN-ResNet H BRI, A4 7 i)
T RN SCRY T SR S TR AR R R A SR A R
(TE-IDF) F1 5 H.45 5, (PMI) 2351354 S0k 5 55, 1) 5
L2 R 320 118 ASCER R 1) 22 ] PR AN R

PMIG,j) i, j R Hiz j
4= TF-IDF(, /) fjgﬁé’j Wi .
1 .y
0 LAt
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e p 2)
AU
T (3)
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PR 140 NS ) 3 2 — U o BT (o g — A9 S5 0
P AR R AT S fE B RIL, 78719 5 2 5w
55, GCN ZURm A F HoAth 2. ¥ Hop HF
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Hh: A=D 24D> HIH— LA EHE, b D N
BERT-GCN-ResNet #57Y fif A= il (14 I 2548 P 1% B A R
CRE R B4 M o F R, X 2R B I OT 481 TS A
JEE, T 1) B 3RS R TS AH DCHK ) 3 (R ) 5 W,
HRCESERE, Woe R™ , n WFFEAEER ALERL, b
RARHIE ) B AERE 5 p UG PREL Tanhshrink. 48 3C
BRI~ GON 2, 3l

17 = p(ALW,) ™

H, L= axw,+ X, L' = X ZiZ05 8 i AR
MiFE, ZEW ) GCN JZ [ JE B ResNet (1) 5% 25 45
FJ. GCN  f%i B N SCR R e AR, R A s A
#| softmax 21772, HJ
VA =softmax(;lTanhshrink(/NIXW0 +X)Wl) (8)
PR BREC R 2243 266 DU R R R

L=-Y ZF:YlnG(X,A) )

HAr. G5 BERT-GCN-ResNet #AIZ5 51 softmax Ji7
i 2 i 2k, v, WEAREN SR RTIES,
FREHRFERZERE , ¥ MRS RE. fESH W,
Frw, AT DL b B I 2.
1.2 MK

AR A JE T BERT-GCN-ResNet SCA 24325
#i# i BERT . GCN H1 ResNetV4 i, &4, 15304
B AN Z I, X B SO TR U, BRI
PRV R AR, B AT S SR i R AT 2
T A s Hok, (/] BERT-base X %3 b B 4
S SCAS p BRI HE AT 00 R R AE 8. BERT i

MaskedLM A SEBLER)Z WAl A U125, (5 5 F 3
fifSCh B A Z R, F, B BERT 4=
B ) ) e TS R | R TR S VR, FERE
EFIRZ T, AR 2R TERE, HER T SOAR B
TR 2% GCN, A4 i) LRI SCRY 1) 57 B SCAR A
PITEARLZE , [R1A 2% > Bimlim A FISCRG A i T 7843
2] BN SO 240 UE B, SRS 2 bERE , 5
A ResNet Bid. 7E028 )= h, (HZ 024600
12K BREL MultiMarginLoss A A Y1 2455 7Y (14 451 2% oI
£, 1t softmax PREA: BUE 2N AR, FFARYE
BB 70 SCARZIS T S
BERT-GCN-ResNet #{A M ZEFAIE 1 iR,
Horp A2 250850 M F 4549 BERT AU 454y, 156
B T VR S Y A SCA b PR R R 1) R B X
[H,,--H,] ,8RJ5%3d 12 4> Multi-layer Transformer
BRSS9 3 i H SRR (X, | e AR
P45 4 P. Multi-layer Transformer Hi Multi-head
self-Attention F5Htfll Layer Normalization #RERAE AT,
IFEGIA THZERE R, ¥ BERT AbBRAFHI Y 4514
Kt A% GCN-ResNet Layers BB, A 1 472358
S ros . fEE B B)Z Z A 5] A ResNet £
L= AXW,+ X , Xk IRE 27 S04 BY T e i
JE T % AR R [R]85 ZE N ZR 28 B, AT DR IE R A Pk
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Fig.1 BERT-GCN-ResNet network structure
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2678 v3 %, HNAEHR 62 GB.
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ARICHE 5 NIEMERE SCAEESE RS URS2 .,
AGNews , TagMyNews , Abstext | E775256.

R8 & Reuters21578 KRR — T4, R8I
8 MG, WAl 6906 MINZRICHEAT 768 Nl SL
1F.

R52 J& Reuters21578 FdRER—4 74, RS2
A 52 AR, NZREEH SCIF 8 190 A, MR AE H SC ik
909 4.

AGNews™ 1 2 000 22/~ AS[a] 135 T e P58 42
LT 100 58 SCEE R B S0 A R Bl ML BE
e 7600 BTN 4 25, Frp Il gRAR st
6 840 ™, ML H 34 760 1.

TagMyNews J& Vitale T 2012 4EP %A i 5k ife
SRR R A R . 2R 7 26, 5
55 A BRI 9 794 NEAEIF - 7 2, gk
S 8 814 A4, AR H S 980 4.

Abstext A FH 45 1€ H 7 A e 7 SR Bd e
3R B S S SOk AR AR Y, 2 B b 7
JEfRE] 3557 A8, ok 3 AR5, Hh Il graEEL
#3200 4, MREHDE 357 1.

X IRBAE I T UL B, ARic SCAKE , B
TE NLTK (natural language toolkit) 2 H & A9 151r] LA
JAE R8,R52, AGNews , TagMyNews , Abstext 71
PUNTF 5 AR AR, T P Bl 45 10 g 5k
P W% 1, For PR B R4

1 HIBEEMNSITHIEER
Tab. 1 Statistical results of the data sets

Holfesdr  UIggE WsUE S FIIREA
R8 6 906 768 8 65.72
R52 8 190 909 52 69.82
AGNews 6 840 760 4 24.49
TagMyNews 8814 980 7 21.65
Abstext 3200 357 3 221.26

23 EIWERSHW

LR AdamP AL ZRL AR, epoch K
200, 2% 2] KN 0.1, ¥ R8 . R52 . AGNews .
TagMyNews 5 SUARBAESE b4 T SCA 73 S e 14
K, JF e BRI ZRAE SR Ly 9 « 1 SRl 4
gk, He B 1 Pt rg RIS T2, 5
Ab PR B9 5 SCA FE $oh BERT i) ] 5t - 40 A 2
BERT-GCN-ResNet [ 45 . 52 50 XF H A & 0L i 37
(naive Bayesian, NB) | 2R3 #f (decision tree, DT) .
BEHLAF MK (random forests, RF) . SVM . Fasttext . #FH

FAMBREEE $37% Howm

FKHE L2 M %% (convolutional long short-term mem-
ory, CLSTM) ® ¥ b 25 2% (convolutional neural
network, CNN) | [ J#/E¥ HIC (gated recurrent unit,
GRU) . K HFi2 12 ™M %% (long short-term memory ,
LSTM) . B [n] K %6 i 12 42 W 2% (bidirectional long
short-term memory, Bi-LSTM) fil GCN %5 SCA 43251
SEIHER R, SCIRAS R WK 2.
%2 EXRHKEREWE

Tab. 2 Accuracy of short text classification task

" HER/%
FRERY
R8 R52 AGNews  TagMyNews

TF-IDF + NBP! 91.73  79.09 85.52 85.47
TF-IDF + DT® 90.22 81.93 62.60 62.15
TF-IDF + RF# 90.46  82.96 80.00 80.47
TF-IDF + SVM!® 94.63  89.82 85.65 85.51
Fasttext!!!! 87.24  78.57 72.63 7.37
CNNL2 92.57 8491 64.34 58.43
GRU™! 79.53  69.16 55.13 14.50
LSTM! 71.06  69.49 57.89 24.11
CLSTM™! 51.18  25.20 25.00 25.33
Bi-LSTM!™! 71.71  67.40 55.53 31.26
GCNU20 96.88  93.81 67.61 54.28
BERT-GCN-ResNet ~ 97.01  94.07 86.71 85.54

%% 2 AA1, BERT-GCN-ResNet F5 14325 1
iR 7E R8 . R52, AGNews, TagMyNews $#li4E 43
KEreRM B, Hoh e RS BUIiSE w2 5 ik
97.01% , t. GCN HHUAG Prit sy , 156 B A SCRcatk (e
LAY B BAR () B SCAR A3 PR RE . AR ORI B AE
R52 . AGNews , TagMyNews 44570 2R R 4L B
P F HoAtls )5 i, L HAE TagMyNews %t#i4E |, TE-
IDF+NB ., TF-IDF+DT Al TF-IDF+SVM %4548 i) 43
PRI () AR AN, E5R4E R8 Ml R52 4328
WERPR ARG, Fril e e i de RS2 b, ARSCHERLS»2K
HERR LR 15% . LT GON Y | A OB
e RE R R 31% , B2 7E CNN. Fasttext .
CLSTM Z5 At L UERI AL p A AOCR RGP £ 4R
TagMyNews |, UL REGSFE PN B U043 25 M BE , VERf
H 85.54%. LIGLAE R, ASCHEH A BERT-
GCN-ResNet W45 4670 78 46 SCAR KRB T 14323001
e

J T BAEAS SCHE Y BERT-GCN-ResNet [0 254 7
AT 80, SR R A 48 A 0 45 A R 4T 31 il S
5, TR IR R, SEIR AR LR
3. 5 GCN Ak, ASCHAYiIn A BERT BEHUE , 74K
PE4E AGNews F1 TagMyNews [ AYUERG R 58 5
18.96% Fl 30.22% ; TEAUHE A R8 |, HEHHZME 4R
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Ths B RS2 b, MERG NG 6T . X R
BERT AIZREC_E T SCAHC A XL AR, 7673 24T
% FAHEHE. 51 A ResNet FRbR, A SCHRRIAER
£ AGNews F1 TagMynews [, U R 5 5 42 =
19.62% F1 29.71% ; TEXEEE R52 |, HERHANS (g2
T TEEESE RS I, MEMRRERGICT Fe. SEIRSs HE
BT, 51\ ResNet A LAHE S48 42 HURFIERE 7, $27t
AR, AN SCARTE SOM R, 7E SR T 25
B LB I SCA T R AR R G, 1 B SUIR IR, S 3
HiE] A BERT Bi ResNet FEEAT, ZE5HE4E RS2 Al
R8 I MERG R & A T %5 [ Ef 5] A BERT Al
ResNet HEHU5 , 76T L 30 B 48 b HERR 534 4
Pewmr. mULAT L, A SCEORIE S T BERT . GCN Fi
ResNet AYLE, 3958 T SCATE SURMIESEEEE ), AT
f& GON & H AL E N EE I RO 3, 72715 554
FAL 5 PO BT HoAmR A, K, BERT-GCN-
ResNet BIRIEBAE (1 5 SCA PR REHE T
% 3 BERT-GCN-ResNet {84 FhsLIE
Tab.3 BERT-GCN-ResNet model ablation experiment

" HERR /%
FEEHY
R8 R52 AGNews  TagMyNews
GCNIM 1) 96.88  93.81 67.61 54.28
BERT-GCN 96.93  93.61 86.57 84.50
GCN-ResNet 96.57 93.85 87.23 83.99
BERT-GCN-ResNet  97.01  94.07 86.71 85.54

AL JE SCA E AR 4R Abstext L iE1 738
I, R 4.

R4 Abstext LITHER
Tab. 4 Abstext experimental results

LY R R/% A i
TF-IDF + NB! 94.31 LSTM™ 57.01
TF-IDF + DT!"#! 92.46 CLSTM™! 4151
TF-IDF + RF"# 95.44 Bi-LSTM!™! 73.45
TF-IDF + SVM™ 95.21 GCNIP20 93.12
Fasttext!!"! 84.95 BERT-GCN 93.70
CNN[2 87.70 GCN-ResNet 92.73
GRU™! 80.51 BERT-GCN-ResNet 96.85

[} TF-IDF + NB . TF-IDF + DT . TF-IDF + RF .
TF-IDF + SVM . Fasttext . CNN . GRU . LSTM .
CLSTM, Bi-LSTM , GCN Z5&RLERERINS Fb | AR SCREAY
(R SCHRA2E A Sh e A5 S e R 96.85% , E GCN
P& T 3.73% , I TF-IDF + DT W48 B HER =425 T
4.39% , W AL T FLAh SR MER A | RIUIZAR HA R
UFHIIZALRE J1. H1 T BERT 1 ResNet RiHeal LA$RHR
o SCAR T Z R 2., T 4 1R 2 SOAR 40 I HE

R.OLIEER LN, 5] A BERT HJIZAHEAF] GCN
1 ResNet i P04 st 46 SCA /3 FEROR 4T L
BRI, JCILRAETE U B 1) 8 SCAS Hh 2 0
S LTROR. BIANYE AGNews Fil TagMyNews $#ii4E
I+, BERT-GCN-ResNet PMZ& R GON [ 525545 5
AYHIRE T 19.10%H1 31.26% . XFEBZAR R AT L7
gy ] SCAR L B K BR B RO R SCE . RE
AT RN F & 15 LR, AT DI R AR i SAR S
LIRS O ma

3 & it

AR —Fh T BERT-GCN-ResNet [ 3CiikdH
BEA BT B SR B4y 2 n) R Ak o J S
AT 425 BERT AT LASE )2 A B A I 2k
MR 55, 3RAS BT ST G AU AR R s , R, 3%
J5 R BERT #ERIARAS T R im] ) i, i b
AT SRS B B A RS T ResNet B
P2 GCN WM& Hh, i — 254 28X SCASTE: SUFRFIE
PIFEERE T, SEBR 2 48 U Sk, BIa] 28 2R 2 W 2%
WNZRBCR. ¥ GCN F1 ResNet JZ153 % SCA R
NETH R softmax s3pEds, 1R BIRA KRG R, 2
BAE 4 PR RSO SR AR B TR PR S0 U, HE
Rig N 97.01% , AT ILAERIRL. FEA SR LY SC
BRI LB Abstext  FEfFIRIE, 45 3 A2 B
HAA Rz AebEse, $2m TSGR 4 A 3l 28 n i
k.

TERFIBSE TAET, ASOR A ] g a8 5 %
TH U B EIRHE A, i — 2B PR TR O SRy
TEAF BB RE ST, RIS, AR SO AR 28 £ 8 b 35 i A
bRE&E AT 2035, A — 2 W R, e IR R A
(IR0 et S a1 10 w1 (] S 2k 2y SR ey
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