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extremely confusing and deceptive, corrodes people’s thinking, affects peo-
rity. Research on the identification technology of bad information in sensitive
eral recognition technology ignores background knowledge and metaphor problems,
itive areas is poor in the recognition of bad information. This paper proposes a fusion
realizes the text recognition of bad information in sensitive areas through topic recognition

n. The experimental results show that the proposed model achieves good results in terms of accu-

racy, F1 score and other indicators, which are significantly improved compared with the existing models.

Key words: sensitive areas; TextCNN; Bert; fusion mode

0 3lE

BEE TR AT 2 kR, M2 FOR RAR B Yz il
CIV-S R E 2 S E S Pyl SN € Y S e gl
WA R R, mad e, B, ML g mor L,
HA 5 0 2K 2V R g e, T AT RO SRAR, A
MM RS Wi gE ), faFatae 4t ORER F
TG, WFA BUR STEUR RS R BOR BA B

HR1E F A B R ( Natural Language Processing,
NLP) REM XS SCA BEAT IR A Z0 AT FIVBR AR, I S 8 SCAS 1Y

72 | 2023 4E45 8 M (5 42 BB 556 )

SRR . Kim™ R — 0 T SOAR 43 2500 4 B 28 )
ISR TextCNN, A DLTE — i B2 i I sl 4 b 32 30 2K 1 I7)
A, H AR A PR R S A R [ K R SCAS B R R AT,
Lai* 8 H T 3CA 20 K7 RONN, [ B 45 4 7 & B &
D) 2% A8 2R 28 190 265 14 O 5 . Wang '™ Ho B80S [A) 4 4 4 28
P 45 A58 U AR SCA G JAT 45 P RE, R WA T LSTM AL 7
AR HY, Devlin®™ $2H T BERT K5I, %46 7 &
—Ff 3L T Transformer M 2% A9 WU SR IR, W H T A Kk
AL S, WA B TE MRS, Chen' R IB T
— b e L 1) 1 SRR AT AR TR R ) LSTM 1y



NI EERE

Artificial Intelligence

Twitter 5B HT 775, 07 08 B LSTM 32 2] )+
RO S O = S W 2 e b= WA I Wi B2 100 i A =N )
K, HHBERERBEFS R BEESENEE, &
AR I —Fh L T LSTM I TextCNN A9 156 £ B5 80 3 12
SCASHR Y R 306 B AR R AR, B e SOAR A 2R
P, Sanagavarapu'® #2 i BiLSTM F1 A T #f 22 {0 2% ANN
AR A B A, 5@ bR IR A RE A R ORI Y 3R X
FEu Gt B ANN BEA [ 48 T X6 T ) S0 B A 2 v
Rehman™ # 7 —#f 5 F CNN-LSTM MR -&H R, HF
R RIS T IR M (e R M, B R T NN 42 R
JREBARAE, LSTM W T2 5 F 3045 B, Mm4gE & 1 7
BT R0

HORATIRE T Lol AR, AN R AR B AR B R 5
TR, A RN R AT DL B N RN, A
FELUT [, — 2 S R 2 0 AR I 0] R, R S I
HA £ @SR E ST MARE, XU8iE T AR E 8
of 38 P AR AR B B, TS 3RSCAR U E T 2R T R
TR SRR A, R AT B B U . A Ry
AT TE A AR, 3 R Xk T AR TR Sk 4 T B R R Y
T BT RRIR AL B A BRI AT IR B B e, SR SORE
P B IR, R AR S A Al R 2
AR N = O A S s F i R £
[HEWAI

UL, 7 SO SUBCTEOR BAF B 1R R
AR A 3, 32 A AT 55 0 R e v TR B AT 55
HTF TextCNN-Bert fill & #, BEF) I Tex ;
) T RRAE S0 AR A O A, A L0 BRI 1 R
HEMARE; XEEF A Bert B
Wi, AR TR BT LA | R
AREERIEME R . AR
1 WEE

T [ B B AR e — iR A o B ] B AR R R )
WA, BT NLP £ RSB SCAR S 2K M5 — 45 52 Al
IR 8RR A, B0 NLP ikl TREB/A S E
NE, B AN B R RO — A — AR IR A R 5
X E A % R B R Z A i e R, B ek A
2 3 AL R) 22 8] A A B0 0 AR S M IR 1) AR
FA BRI R R R — A I i, (A48 SO 1 AR LY B4R 7E W)
B ) P B B, DT AT LA B L Al 4R ) B4R 2 T 1
X % &R, W Word2Vec" . GloVe''' | ELMo'"™ %5,
Word2Vec #5751 4% 0 JE AR 2 G AN 10 s o — Al &, J8
a1 42 22 I A 20 5% R AL Sk A S 1) 22 ) A A ABLEE
GloVe J& — Al BL T 4 JR i) Sl Ge 3 (1 ) [n] & 24 ) 7 i, W50
WAL IE B AL Eas P EE R G R . ELMo MY

57 TR ROCR B4

O JEVABUSE: 3o I 2 % BE XL 1) A AR Ok AR A b R SCHE 6
i ) KR, O RAE T RE ISl 4R R AE AR [R) B R Serh
R SCRR AR B, T4 & A AR08 5 Ab BT 55 i ke .
2 FEGUSIRAIEE

AR SR Y TextCNN — Bert Bl AR08 1 fF/R, #
RUf AN G 3d Wi Ah B B SCAR R 51 X =
x,} (n>0), AT FEALHE 498 | 8P AR i 25 BR A
FHaL, i A R 0 A R TR Y Ak
I8, = R 1) R R o TR B P A R e, SRR 4 R
SRR, A S ORI TE G, AR U SR, AR
SR, JUAE 1 R B v R A AR AT R A R
Bam i o B, WA E AN RAE B, &R B, WA
EN—AER

AT T /\71%%"@12%”

{xlv Xyy X3y 0,

Worf2Vec TR s A 7
1) [11] TR ) Bert
AR X= Y, s
LB Bert#5 A1
TextCNN
, 4

N N
45 R G \ TR
ﬂﬁ%mumwt\?
1

BT BRSO Y
R 3 R R Bl A R
2.1.1 Word2Vec i A £#iF

Word2 Vec 4 fiF 45 1 17) J22 54 9 2 48 78 45 5 450 38 1) 3] )22
X B 2N b9 Word2 Vee BRI HEAT 100, LUIAS 2] 958
A1 AT 1) [

W 2 TR, 2 AR R R R R T I R R
RETEARL s FLUAH R BB A 18 Ak I 31 2558 JH 9 Word2Vee
FEAY, A5 2008 R I ] B SRR AR R PR U ST 1 &
My ARE R E FARIC, F HEAIR B 5 e S X AT IR 2
T [ HE AT O BE

Word2Vec
M

AIFiERL

Tl ) )

fst | T-POSSAT vt
BliF kL l;

K2 Word2Vec 1a) [n] £ 1 I

AR SCES A ORI R 5, 48 1 BT TF-POS Bk
F1 AR B ) PR R ol B v, e R AR R A O3 A
75 FAR B G

— A AT SR A SR SCAR R B A AR R T
RSO OGP Y T ZRRAE , ST A 2 Sn

2023 45 8 WI(EE 42 BRE 556 W) | 73



¥ M. www. pcachina. com

TF, = (1)

2 X
@ﬁﬁ&P%:{m,m,m,m,ﬂ,E¢nt§ﬁ
A%, ns R4, nt RoRHUEBE L FR, nz £ HAl
BHLW, jRARBETE, ANY . B R B
SRR A U S LA R R R
2.1.2 BRAMHMEMLE TextCNN
WE 3 7R, TextCNN 55— 2 M AR, FIF 20

ANBSCA 7 5, A FCH A DA m) iR A [ i, A B TR 0
— A, A S ) i SR AL — A SR R
FERRZ, l i Z2 A R RN A R X i AR SO R ik
AR, TR BOCA (9 R R AE . 5 =2 A2,
FHT P45 AE P F) A B2 R IR S A RPAE 565 DO 2 o A e 2
JZ, RbAL R i R - e AR, TR
L Z WG R M TR A2, Fa— 2 i)z, 5
H 25 R A R AT AN A E SR U P A S

1024@2 x 1

Wit %

1024 1024 ..
1024@3 x 1
x= W o BRI | p4@1
{xl’ X2, x]’ “.,.X") 7 ﬁ%*{_ %
{\/ -
1024 1 0(2%
o 1024@4x1 ;
S 1024@1 A
—-—— /
1924 m+h-1
A

B3 Rl 2N %

2.2 [ERBENMIR R A

BT RAR B R8N R R, B A B ‘f%
AU ER Y, SIEFNAERARERBE, ,

TR R H BRSO BAR B 09 DG A i 1 X
FFEn . BERT ( Bidirectional Encoder Represengations from
Transformers) J&— 7 W Il 2k 19 B 29K ﬂ‘@*ﬁﬂ , iE M
T ST 1 TR ) 0 B A

MK 4 s, A R 450 3 17 T AL 3 ST
X =Hu, %, %, =, o >0), Hl LR,
S — 2D R A 1Y SCAS B BEAT IR ) AL B, B bR
#2234 Transformer % Z#EBCCA T VIR X FE, Z)ZEH
%~ Transformer block Z4 i, & block F1 £k HERE N
B AV 0 22 I 45 2R, 36 = P 223 Bert BRI 2R AT 55
2, RBEZRE G R, BG4 Softmax bR £ 52 B
A AR, AN RAT BRI — i AE B A AR

AR SCHE H A R B U B R T &0 Bert TIN5
0 Bert #5181 G P25 BRAG B
2.2.1 Bert Mill&EFHEE

Bert Il 25 it 72 43 0 WA B B, 43 02 MRS R
AL ( Masked Language Model, MLM ) F1 & — 41 i il
( Next Sentence Prediction, NSP), MLM BBt , Bert i A
— B A R Y B S B TR B 4 Sl Mask BRCHC Al BE BIL

74 | 2023 4E55 8 W (5 42 BB 556 )

BB & BSOS
xtCNN

iy AEAFEE

e

P == = S

- \‘ :\\/‘4 »\,( =

—
= = =SS

-—
—

X:{xl,xz, xg,..l,x”} ]

Pl 4 I T 3 A5

B, BEALEY H bR T X 2 bl e Y 3] NSP B Bt
Hr, Bert S AT AN, I TN B A R F R A R 5% S
(. ZAT 55 0 B S AR R R g B AN ) T 2 A OE 2R
AR A Hugging Face & A7 (9 1 I8 #JI| 2 85 AU bert-
base-chinese, %423 T uncased 35 4 Y 2 ) Bert 5 |
A& 12 )2, 768 AR B ITA 12 MEE Ik, EHTH
SCCAR G H AT 55
2.2.2 Bert 2
Bert A5 %1 0 i8] J2 48 7 10 I 25 By B Sk il b, e A5 A0



NI EERE

Artificial Intelligence

— LIRS N AR AT 55 9 0 i AR SORF R4 Y —
AR BN RAF BAE I 2R g Al il e AT f A, AR
1 2K BREORIPE 0 435 A ok 0 A B 047 1 AR G, 8 28 £
I B 5 P B 58 S A5 K PR

Loss :%2 - [y, xlog(p,) + (1 —y,) xlog(1l -p,) ]

(2)

Hoep, oy, FRFEAR G FRE, EX R, AEKHNO; p, K
TRREAR ¢ T R 1E 2 A R
3 ZWRSW
3.1 LIHIE

A SRR AR 57 0 = AT 43 O — 843 SE 8 A 2 AR
TR RO, B SR R T 8 A S 56 Y A I T I AR
AN IR . BHE, @ RE L B BHE .
WeWE ., SCfk . IT, W3R 10 ARG, BN E A
2 0007 SCAS . 58 3 43 52 00 25040 2 B50Us 40 30— % 17 8L 4K
Wi, BB = A R AR AR KA BB

23 N T Ab BERAR v, BUOHE 4 4 A % 50 Sk JE Rk 4
BUEE 82 1 AkiE A, MR AT — B 1E B AR 73 7 A& iE
A, BURSEOR BT B R 78 U7 B A, W Y, %
6 2 @ 20y LK bR T RO SR R o U R A L B TE 4R
A4
3.2 ZENZIT
3.2.1 HZER

KT B3 T TextCNN-Bert fill 45 455 70 it
BTk B A B, L TextCNN, LSTM |
R,
3.2.2 IWHRESERSHIL

ARSI A R 2 ) RE A
% Windows10, i % 5
)2 X FE R TensorFlow,, 7Y

h, RS #IRAER
2 Keras T4, HHE
VEEME 1, £2 PR,

% 1 TextCNN £EA A

28 fH
i) Ji) ik 4t P2 300
Dropout_ pro ( EFH) Adam Optimezer

batch_ size 64

%2 Bert R A3

3.2.3 #HHFE

SIS VA HE AR R ER R (Accuracy) | K R
(Precision) , A AH (Recall) M F1 {5, REHEFEINE3
Fi 7N o

k3 RAEEMSE
) T B
SPRIE
E% i
E2 TP FN
e FP TN

YRR FO A T A B O TE 26 o B R L]

TP + TN
Accuracy = TP + NP : T (3)
4 1] A JE 45 BT A IR B2 o5 AR S bR O IE 26

i e i

»
—_ (4)
+
1

(5)
1 EZ5 G TR B R A A K | I Precision f1 Recall

()w@ﬁﬁz%—ﬁm, ST AP, % 1F

—AEEAYERTE M AR AR, P MR, S B 1 R
M
TP TP

2 X 0P+ FP X TP 4 FN

+ +

= TP R TP (6)
TP + FP | TP + FN

3.3 EBLER

W% 4 i, ARSCHE AT TextCNN — Bert & 155 50 78
TEMN 46 45 05 1 L T TextCNN, LSTM, Bert % 4y JE 1 A1
TextCNN, LSTM #Y Precision B B 1% T H A 8 Fr, JFIK7E
TR A TE VL B R R K X, 5 BRI S — R R
FIE RARAR S, Bert BETAR IR T A SCIR BT, 5
P 7 T OO SRR L A RN AN O, T 0K I & A
EARMLNEHERNRRER

k4 BAARH R AL

Model Accuracy Recall Precision F1

ZH i TextCNN 0.754 6 0.743 2 0. 607 8 0. 668 6

][] o 2 768 LSTM 0.775 3 0.728 8 0.643 9 0.683 7
Dropout_ pro (EFHFEK) Adam Optimezer Bert 0.8137 0.789 6 0.693 7 0.738 5
batch_ size 64 TextCNN-Bert 0.8559 0.810 2 0.769 7 0.842 8

2023 4E5E 8 WI(AE 42 BRE 556 W) | 75



¥FM . www. pcachina. com

4 g
AR SCHEH — Ff B T TextCNN-Bert & 45 &1 14 41 5] 7
W, MBS Jr ik, AR A% BT v A M 1R ) Rk 48 i R o
BTN 2, RO TR . KRR IF R DR R
5] ATESR KA R F A8, il GPT -3 8 T5 %,
XA T AR SCAS AR BB AT 55 LRI T R A P BE .
TG R T B R IE E A, AT DL BUR SR R
15 BRI AT e T8 R (48 T+ I
5% 3k
(1] ATE, BxTE. WEERERES 4 0RES (1]
¥ 4% 2 S F AR5 R, 2015 (10): 106 - 107.
[2] KIM Y. Convolutional neural networks for sentence classification [J].
arXiv preprint arXiv, 2014, 1408. 5882.
[3

[l

LAI S, XU L, LIU K, et al. Recurrent convolutional neural net-
works for text classification [ C]//Proceedings of the 29th AAAI
Conference on Artificial Intelligence, 2015 2267 —2273.

[4] WANG Z, YANG J, LI X, et al. A comparative study of LSTM
and GRU for text classification [ C]//2018 IEEE International
Conference on Big Data, 2018: 3643 —3648.

[5] DEVLIN J, CHANG M W, LEE K, et al. Bert: pre-training of
deep bidirectional transformers for language understanding [J].
arXiv preprint arXiv, 2018 1810. 04805.

[6] CHEN Y, YUANJ, YOU Q, et al. Twitter sentiment analysis

Bi-Sense emoji embedding and attention-based LSTM ||

Proceedings of the 26th ACM International Conferen n
media, 2018 117 - 125.

(7] ZEA, BCWIPT, SRME. LSTM-TextCNN I AnE: DY 45 S A
SRS [J]. V8% Tl K% 2% 2020'4 (3): 299

—-304.

T

[8] SANGAVARAPU S, SRIDHAR S, CHITRAKALA S. News cate-
gorization using hybrid BiLSTM-ANN model with feature engineer-
ing [C]//2021 IEEE 11th Annual Computing and Communica-
tion Workshop and Conference ( CCWC). IEEE, 2021. 134
- 140.

[9] REHMAN A U, MALIK A K, RAZA B, et al. A hybrid CNN-
LSTM model for improving accuracy of movie reviews sentiment a-
nalysis [ J]. Multimedia Tools and Applications, 2019, 78
(18): 26597 —26613.

[10] MIKOLOV T, CHEN K, CORRADO G, et al. Efficient esti-

mation of word representations in vector space [J].
print arXiv, 2013 1301. 3781.
[11] PENNINGTON J, SOCHER R, MANNING C. Glove: Global
C]//Proceedings of the 2014

arXiv pre-

vectors for word representati
Conference on Empiric odg 1n Natural Language Process-

ing (EMNLP), 2014.
[12] PETERS M E, UMANN M, IYYER M, et al. Deep contex-

1543.

tualized word representations [ C ]//Proceedings of the 2018

Conferefic thﬁorth American Chapter of the Association for

C a Linguistics; Human Language Technologies,
4,20

' . 2297 -2237.

fE .

il (1993 -), B, Wi+, TR, ZEHFRFE. F

(YR B, 2023 - 04 -27)

BiZe, ARIGHE AR,

Wtk (1995 -), FB, TR, EEHR . FEREL4E,
Wi (1988 ), &, i+, TR, EEFRFH. FE

76 | 2023 4E45 8 W (5 42 B A 556 )



R = B

R AMBZ L 5HIRLEE) RHANXE, NEZEXEXTILEN. #
FEN . BRI B FRAE I, FEMEEFBENE R ITNFRE
BIHRER, MEZXEEREERRBIZXENCHEN . BIEN.
ENRIAR X B F ARV B HI . E R M ERINE LTI T AT, KT
AR AT & EEIEE. SEREFEEKFER. BN, RTIx
FTHRME S LR EMANER, FHIER.

(NERE 5%5&?}2)) ZmAETR

@ 4
S
,§)
8,
N

S



	0812
	版权声明



