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Abstract: Aiming at the probiems th Bi-directional Long Short-Term Memory (BiLSTM) network does not

consider the influence of local ke a 1on on text classification, and that TextCNN cannot capture the long-term

feature information of text, proposes a method of news text classification based on BERT- BiLSTM-CNN
hybrid neural network m er to further enhance text representation and improve the effectiveness of news text
classification, firstly idirectional Encoder Representation from Transformers) pre-training model is used
to perform word embeddihg mapping on the text. Secondly, the BILSTM-CNN model is used to further extract text
context and local key features. Finally, the news text is classified and comparative experiments are conducted on
THUCNews data. The experimental results shows that the text classification effect of BERT-BiLSTM-CNN model is
better than that of Transformer, TextRNN, TextCNN and other deep learning models.
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Fig. 3 Token embedding process

Input

3.2 BiLSTM

RNN 7EACBEFE S5 A BE EAUR g, 3 T AL B SCAR
B, AL R TR R R, i g i AR, IR
T SCA 1) 18 SUAFG 1 81 58 RN B2 v BB B8 4 b
W LTRSS B, BFE% RNN ZEANEK F 545 B BT 2R 8
LW TUA R B AE 0B B2 TH SRR KE A ) A, T AAR SR
JH 5 —F RNN fceaE LSTM, & AJ LA it a] 370 ol
AFEATAHT, BOMTHIATT, BUSTTAE T, nDEE
e 5RO IZZE AR 5 40 p 5 B3 sk &£ 557, fif ok



26556

Fra k%5, T BERT-BILSTM-CNN A7 {1 357 [ SC A 4- 28 5T 13

T RNN JCi i A 1 25 24 i I 220 5 A A5 JE 08 B2 31 2 14 1)
A iﬁ/\l‘ﬁ””?ﬁﬂﬂﬁm%ﬁﬁﬁ?ﬂfhﬁﬂE’J’ﬁ?/\, N WEGE TP
bW R A A 3 S A S A T Y 2 A T
Fea ity HEE I 4 o

e N

| forget gate o I | input gate I |tan h| | output gate O'I

X

B4 LSTM #A
Fig. 4 LSTM model
LSTM BRIEATTRUR S iR A X A (2) BARX
(DR

f’, :G(Wz_/ e o) +Wh_/ . h.,,j +b/ ) 2

iv=c(W, «x, W, *h,, +b) (3)

O,=cW,, *x2,+W,, * h,; +b,) (4)

C,=tan h(W,, » x,+W,, *h,,+b) (5

C,=f, *C,,+i, »C, 6)

h, =0, * tan h (C,) 7

He, f, FoRmEN. i FREALL O, #REHIT. C

i%/Tfﬁl_ﬂ 1240 C %’zf?ﬁﬂ’]éﬂiﬂﬂﬁ X, 0 /8 Sigmoid

1L BT B TR 2 B AR S 1 25 A AL
b,. b\ b,. b, FREANHEARE &,
oLl

PREL, E— BB RIS by s HHETT BRI A RS o,
W;, N W,,/ Wl Wl W i W, s Wl W, 5}%”%‘:{\&6

L 4
‘ AH%%EM@W,H?ﬁﬁw%W‘gE%
B F 2 WIS 080 AR5 TR S 05 A SE TR« B

DA M — b RO 91 R A 22 I 4% BILSTM., ff;-ﬁ%ﬁx L4 PR
A7 A A LSTM u%hnmﬁﬁ ] LSTM Fi3E
HWOART IR E G 1R BRE, &’ Sk U A 7]

HIBfE B A TE R — 205 FRPIR 25 o i AT
It AER BILSTM 4 5ij i ] 7 ) A — I 2 1 1)
HAFAE, TRkh LSTM JG ik U7 ORI 19 B SCAF B Y 5t 4

BILSTM 5#5ani& 5 s,
BIiLSTM

input layer

00 @\@

(]

Concat.

II

Concaty

B 5 BILSTM ##
Fig. 5 BiILSTM model

fi A BILSTM AR 24 510k B BERT 8] [] i i A2 19

FRSCE R AR 9 R GE £ BB Ao, BN 1A 1
B UTH froo, . DHEASBIAY oo % BILSTM B SCAS

FEET . DFTREEPHE, THEAXMAR O EAKAUD:

—> E—

hw, =LSTM (w,) (8)
-

hw, =LSTM (w,) 9)
—> -«

hw= [hw,D hw,] (10)

3.3 TextCNN
2 5 M 4 W 4% (Convolutional Neural Networks,
CNNOIF, 8 &I CNN B T pL e ik, & T i
PRI SE 5 1 o) SR BB, i S KIME X CNIN A 4 A
JEMT e A, BT T SCAR 43 2 0 A BRI 2 I £
B TextCNN, U1 6 TR, TextCNN [ 4% 45 # L1 42 i 2,
HETAEFZ . max pooli EIER)Z M Softmax JZ 4 A,
A O AR f T B AR OO AR AR 1
N-gram FHIERR, & PUZ T 2 70 R A& B
BOCA R JR B R, 5015 2 A RRIE ) = A Ak )2, @t

Ry 0 1 AR BRI AR, R
it 1-sfftx pooling AbFRJF HRFAE ) S PFEE LK,

;mcﬁ gﬁ}* TextCNN XT)'CZIR

Softmax P

BSOS HA Y Je AR

I-max
pooling

Convolution Softmax

B 6 TextCNN &
Fig. 6 TextCNN model

3.4 B SERZEN
WE 7 s, ACHE T —4%F BERT-BILSTM-CNN

P4y H SO I SCAR AR AR, 3 Bl ] i o R AR R R 2 S
AFEAE 4 B A> FE A By . 1) 1) e AR R — A T
BERT () " SCHUI AR, 45 SCAR H Ak Ay 1) o o5 0 R A7 90 25
FRIEALIE s TR JZ SCRFHESR U 8 HUR ] BILSTM-CNN %
20 T SCURJZRRAE AN R 3 OC H A7 AT 4R I, )5 15 343
FEER,



14 TR 20234F6H
VRIS S S ®1 ESHRE
BERT i fit N . 1-max pooling  fully connected classes Tab.1 Hyperparameter Setting
/ convolution softmax
Transf Tl 0\0" ‘
ik W SNe! o > L %@ B Bl
é@
4 word embedding 768
[Bixr ] BiLSTM-CNN hidden size 768
B 7 BERT-BILSTM-CNN #£ & Dropout 0.1
Fig. 7 BERT-BILSTM-CNN model learning rate 5e—5
BERT-BILSTM-CNN i £ % %% 45 #4) 4 <7 ) B & 25 3% batch size 128
wmr. pad size 32
ﬂi%’% 1. Xﬁgﬁﬁ?ﬁ% E/‘] Yﬂ‘iﬂﬁ%ﬁﬁﬁ&tfi, 1%"@] optimizer Adam
WASA, i8h E=(E, . E, s, E,.=E,), HHFE (= Epoch 5

1,2, )RR i N7

HIR 2. KETAM E, WA R R R, S0 E R
s Transformer 4L SE, W4 304 E TP HIFHELL, il
SR w0, = (g s o0t sy ) s FEHR w0, 7R SCARHRES ¢ A RS
n AT Al A, K w, o, T8 R D (o ws s e
153 BERT 18 [n] & TR W,

B3 B, W BERT 18 ) &t §iy A TR JZ SCACRRAE $2 3
Sy, ZadXUZ BILSTM J&, SCAS ) i) & 36 s B9 15 SCE
BAE B MR i — 2B A B g e, R, S
3-gram Fl 4-gram FEZ N BRENERG , #F—LRBOCAR
HIOCEEAFIE RSO BIR 2 45 (5 B k. 7EiiL)Z
%FP?@#&A%ﬁ@ﬁﬁymmmw@%%ﬁ

RENGE—WEHMEME, 253 iR kS R R B
AT softmax A 4328, AR B 24 19 43 28 RRAIE [ &G

s W, ) )

2-gram,

R BT ) P
4 IG5 45 R (Experiments Its)
4.1 HIEE

N T USRI BE 14 1 4 N FF (T IR 1) SCAR
ABRA: THUCNews | HEAT TOO HL 3288, B R AR 4 7 TR
HilH] RSS TTBAGE 2005—2011 AF Y 5008 o 7 1 2o0 0 A 1Y

L 74 TR SCRY . 08 UTF-8 A4l SCAKE X, AR RSk
SAE R R PR 14 A0, Al & IR, B
PR, RS KEL HBE. BUh. B s
Fla . WA, AR Mﬁﬁﬁﬁﬁﬁé,%m
T3 G bR A R T B . Tl 18 T3 A B A S I R
W (PR Vv SR WSR3 (S L oa
4.2 ZTHRBHIEE

PRI SRR P (e B A B, RS8R E 2
Wi 2 45 2R, AN SCS B X AR B 4D 45 TextCNN, BiLSTM,
BERT., BERT-CNN % fft 2 W] 45 B8, W S8R B R 1
PR

’-7
IR,

Q

4.3 LIINEE

AR YIRS IR 2O T ZRAE AUl ] Hugging
Face 4 A1) BERT " SCJRUNG MM . Oy 1738 G Il 5 205 28 7 A
ﬁM%ﬂ%,ﬁﬁ*ﬁ%mfw&HﬁUW%%ﬁ%ﬁZE
B R A AR AR /N, 7 3 A — R O RO A - 2T 2 80
AL .

FR2 EWIME

! \m Tab.2 Experimental environment
‘ ' DA ([

BAERSE Windows 10
NVIDIA GeForce RTX 3070
CPU Inter(R)Core(TM)i5-12400F
Python 3.6
Pytorch 1.10 + cull3
EEIETIEN UTF-8

4.4 HEMEEEITHIER

PEN R BRI P S 2 U 0 A v 2 Bial 43 i b Al o T
MRS X TR A SR8, W IR PPAN 45 A 2 25 K 1
3R (Macro-Precision) . 7% B Bl 3 (Macro-Recall ) 1% F1
(Macro-F1), 3% 3 /MM #EFRiE A TS 25 R 7T LA E W
Hi SR BRIAE SCA S AT 55 P A PR RE R I, DR AR 52 465k
PLE 3 DM R AR BEAT 430 Hor, ORI SRR B2 5
KR AR, AR QD PR 28 BREREN
LHE R BEAREE, MARAD PR % Fl1 FRe
AN FUEMBEARTEME, AXAD PR,

L
Macro-Precision = € EP, x 100% (1D
=
1 <
Macro-Recall = IZR‘ x 100% (12)
i=1



26556

Fra k%5, T BERT-BILSTM-CNN A7 {1 357 [ SC A 4- 28 5T 15

2 X Macro-Precision X Macro-Recall
Macro-Precision + Macro-Recall

Macro-F1 = % 100%

(13)
4.5 EWHEREHR
BB SR 45 RN EE 3 TR, X TextCNN
BERT-CNN BRI AF . - KA ERE R AR F1 3808
BT 0. 73% 0. 72% ., X H TextRNN Fl BERT-BILSTM #
RIT IR, AR ERTERME F1ABEE T 0. 49%#
0.45%, MULRTAfRH, 7EflA BERT Bl iifl 5, fE
PP RO YRR B, BT RAGI A BERT Tii)I| 255 Y
AT AR T8 ) SOA 73 RO, 43 3% L BERT-BILSTM-
CNN ##1 5§ BERT-CNN, BERT-BILSTM (%% F1 43 4$%, 4%
LR T 0. 56 %0H1 0. 78%, i bt TextCNN Fl TextRNN {97
F10805 T 12850 1. 23%, 5 At — M 1% 1% i 2% ) Y
N2 3 Y Transformer, BERT ZERIIAH LY, A< SCHEI 1) 73
LRI Ry . X & R BILSTM A5 81 nf L i F R 3C
RIRE R AR TCRIRIBOCUA I R 35 B 17 TextCNN £
RUT] AR IOCCA i i OGS R, (H 2 TE R AR I B Y 38 X
HHE. ASCH K BERT-BILSTM-CNN [Rl#f#34h 1 2L L P A
RER A G o5, JF B S 3 45 R W UE B T & F BERT-BILSTM-
CNN A 1) 5570 1 SCAR 43 288 BE— fB 1 O B 2 2 43 S A58 Y 2
Rar.

Tab.3 Model experimental results of THUCNews d@taset
By Macro-Precision Macro-Recall Maegp-F1
TextCNN 0.908 0 '0.908 0
TextRNN 0.908 5 0.908 5
Transformer 0.898 6 0.898 6
BERT 0917 4 0917 4
BERT-CNN 09153 0915 2 0915 2
BERT-BIiLSTM 0913 4 0913 1 0913 0
AR 0.920 9 0.920 8 0.920 8
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