SBFR,KIRE,XNE%K,%F CCMMF: & T &4 EHFERM S B LT AT HKEE

CHABTHR

CCM-MF: ETZHEFIEMANP IR EEE"

LR R A K ER L, ERE R RAR

Q. =##EIRFHEANAFES TR-FR, S48 ES 232001:2. ARG SGHEBREAF P CAIFRALRE, EHAIE  230088)

82 < B X0 SCSCAS rp A [6) 2 B R AE T #5707 1 1 SCAR B A 22 S e 0 I AL, AR SCHR M — ok T 2 4E R Rl S
B H SCCAR 43 2L CCM-MF (Chinese-text Classification Model Based on Fused Multi-dimensional Fea-
tures) . ARG JE UCHE B RN 43 (8] 24 B2 R AR L LA R b SCSCAR R SR HERG . 1 G R RS b AT T T
Yl 2 A ERNIE (Enhanced Representation through Knowledge Integration) 3R B & 5% | 17) J SE 4K 9% 4R 1
() 1) 1) £ s SRS L TR 25 (V2 B L F0 A 35 23 U 4 B R AT 1) 1) 1) 5t 43 S o A 380 O S 0 TR B 4 5 5 s FRURR 8 I 2%
(Deep Pyramid Convolutional Neural Networks, DPCNN) 4B Kz Jf} i1 73 72 77 ML il #3) X 1) 4 55 33012 9 4% (At-
tention-Based Bidirectional Long Short-Term Memory Networks, Att-BLSTM) #& &I i, 15 3] J5) 30 15 S 47 AiE Fn
2 JRy vl SURRAE s 55 B A5 30 09 23 o) 48 BE R AE 430 0 /E T Softmax 4328 8% , X 115345 3 3047 ml 6 JF- i b 43 28
5, AR Z AN IR R DTS B U SCAS 43 2Ty B AR HE A R A S A R SR B R
W T AT A R

KRR P SO SRIE; Z YL ERNIE; DPCNN; Att-BLSTM

hE 4RSS . TP391 T EAFRIRAD : A
DOI:10. 13656/j. enki. gxkx. 20230308. 004

X EHS :1005-9164(2023)01-0035-08

A G0 A R F AL B (Natural Language
Processing , NLP) i (%) 5 ZE 0 58 J7 ], He H A9 02 2y 3C

GONFFAEAE T SCCA 7 RAE 55 PR, O T
BT — AN ROR SR Y P SCSOAR 7 BB, 5 225 1B L

AR BT (A 5 L BETE A SCED) B bR 2 O IR A M
HEFT SCAAE BAZ 48 LA b m 22 b PR ROR SCfp . H
BT 32 0L 14 0 2 5 12 TR 2 A% B — g A AR 4 4 AT IR
AT e = 5] I 5 5 4 SCAS SRy 3 SRR A Al 4
JR i SCRHE R RE T o HR 7 — 20 25 5 i) LA & 524K

B I7 1] QU E 53 ) AL AE B B SR G 1Y ST
AR JZ UCHE BE R AL A1 ) 1] T SCAE BCE N @
A 3 70 ) FH A 458 J 950 0 SOOI 4 Jg 1 SR SCAS 25 (] 4
JEEARRAE , foft A5 R B TG b 25~ SOAS P AR A R
(L] [ AR A 5 T 3 A9 3 SCAE 2R 5 ATl A AS [

YA B 1 .2022-09-16 4 B B #:2022-09-23

»BREAHFELE LR E (62076006) 1 % # 4 & & W Fl 4] # 0 B (GXXT-2021-008) % 8 .

[% —1#FHN]
LFR998—).F . EEM AR L. FTENEHRIETALETE.
[« @z E#]

KFAQI70-), F W+ HE MEHAR LR EENE Web 54 15 X R E R ML R, E-mail: sxzhang@aust. edu. cn,

| CIR NS |

Ly¥RVKIRE =5, 5. COCM-MF. £ T % % F B b tuhka XHA[]] )7 B A ¥,2023,30(1) :35-42.
MA Z C,ZHANG S X,LIU Y D,et al. CCM-MF; Chinese-text Classification Model Based on Fused Multi-dimensional Features [ ]]. Guangxi Sci-

ences,2023,30(1) :35-42.



AR ,2023 £,30 %, 5% 1 #§ Guangxi Sciences, 2023, Vol.30 No. 1

T SCRRAIE S A5 28 77 OF 1R 38 25 401 2%

FET UL 3 SH I8 AR — Rl I T 24 R 47
TEflA Y b SCSCAR 43 FAR AL CCM-MF (Chinese-text
Classification Model Based on Fused Multi-dimen-
sional Features), % B & 1 46 fiff H i1 Il 25 5 AU
ERNIE (Enhanced Representation through Knowl-
edge Integration) ", % SCAS 4 J2 Uk 4k J3 45 1iF 3 47 41
YR, J2 R B AR AR 2 B 4 ) D R S AR ) R A Y
BEAlE AR B SR B A5 B Y il SCE R4 0 i
B R S R TR 4 1 A BB 2 B 2% (Deep Pyra-
mid Convolutional Neural Networks, DPCNN) ™ &
TR R o 2 0 BIL R 94 0w 4 I A2 9 4 ( Atten-
tion-Based Bidirectional Long Short-Term Memory
Networks, Att-BLSTM)"* 5% vfv §1 Hi s [] 2 B 4
i, 2% [) 24 B8 5 AiE 435 Jay 38 o SRR AR R 42 Jm) 3 SRR
TE s i #4520 Jag 5 18 SCRRAE R0 42 Jmy 1 SRR AE 43
AAPEM T Softmax 43 26 # , - 58 AR P 3519 07 X
X A5 RIEAT R B 13 B R Aoy 245/ . CCM-MF i i
ERNIE 2R Bt 2 2 U 4 B ik 19 1] 7 42 i H DPC-
NN il Att-BLSTM e 4k B as (o] 48 B2 A9 4Rk, 18
FRAE R G 78 3 (0 P &5 R Al 5 AL R A 3 il i X
RAL.

1 #HXIE
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PO 2 1 I A5 AU 1 5 i o 3 B SR 4y 2R AT: 55 1Y
WFSY 32 BAR e JE T 2 I 28 FN I 2R A |-,
1.1 BETFNRZEINSEHE

TR e WAL A% 2% 2] J7 Pl ik N T 07 W Rk 2 43 2
BRI PEAT AP ARSI, TESCA 73 AT 55 v BE T AL AR 2
JWE A X ) & #HL (Support Vector Machine,
SVM)™ kb I M- (Naive Bates, NB)™ (K 3 4%
(K-Nearest Neighbor, KNN)" &8 | 75 4 i} ¥ B A5 1
— i BB . HEX S Ty i xE DA B SCA TR AR B TR
JERHE Sk Z Z AL MY JERE Ty . T ) Al LR
N 27 ° 351 e S VT O =3 1 1 S
TESCA 43 28 QUL TR 2 ] I 52 B 0F 58 N iy
Bk .
1.2 EFHENENTETE

2014 4, Kim"™ 1 UK 45 U 42 9 4% (Convolu-
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SCAS T 1 Je P T SRR AR S 48 5 OC B8 3R] B VR L 23 2R AL
AT BERT.

M T CNN, 1 3 25 B 2% (Recurrent Neural
Network , RNN) B i&E & TE B 5 7 5 SCA it 47222,
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A TS A 0 A5 B B AL py B p BRI AE
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Rp,
P = SOftmaX(WlFlml +bl) ’ (3)
pg = SOftmaX(WgFglﬂbal +bg) ’ (4)

1
P:?(Pl—hbg) , (5

Hop W, W, el Il R E, W X R size S
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2 ) B B R AE 4 T num_outputs R fe A 2 I8
b F b, i T,
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HiE 1 CCM-MF HorseR sy 805
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ity SCAS BT J 2001

DS = preprocessing(S)

@ERNIE_Embedding = ERNIE(S)

@ F jys = DPCNN(ERNIE_Embedding)

DF .y = Att-BLSTM(ERNIE_Embedding)

®p, = Softmax(W,F ., + b))

©p, = Softmax(W F . +b,)

@Dp=(p+p)/2

®Category = Max(p)

@End
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Table 1 Experimental environment configuration

E MR

Name Configuration details

CPU 12th Gen Intel Core i5-12400F six-core
GPU NVIDIA GeForce RTX 3060-12 GB

Programming language Python 3.7

Deep learning framework Pytorch 1. 11. 0

F2 HEEEE
Table 2 Details of datasets

REHEE A E 11 M EE, @THUCNews: /&
TR M E B KRR AR A E 10 A B .
@ Online_shopping : J& 1% & 73 B 11 55 B0 4% . Wi B
T 10 Fl A S A A BE S, Ho, GE L IR A 4
30 000 4.

JIEE S Bl SREA 50 ET € ) e (50 RN @)

Datasets Categories Total sample (item) Training set (item) Validation set (item) Test set (item)
Jinri Toutiao 11 200 000 180 000 10 000 10 000
THUCNews 10 200 000 180 000 10 000 10 000
Online_shopping 2 60 000 50 000 5000 5000

3.2 XWiEE

Xof BCHE B HEAT W R O 25 R RN ST AR T G Y 7
53 J5 s FIF Tokenizer X 87 8] 32 804 i SCAS #4743 10
A SR 5 R B 254 B ERNIE I 253 ) £, H:
H, padsize B H Ky 64, % TR EEAR 2 & 43 # 47 pad-
ding &b 4, 1 B2 AR 4r R AT 3 D)5 2 o) RE N
Te — 5. i 4t & 0E A0 75 X RIS LG A Ak #5155
Adam; fEEIE 1 9 % feature map BE N 250, b1k
)2 size Fl stride 43 & R 3 F1 2; fEIEIE 2 0%
Dropout B2 0. 5. Uz $UR B Bl 2565 78 T A
28 epoch HJIEE Ky 20, HF5# L 1 000 4> batch
JEREA AR S HOR AR T, W4 i 25 9l %%
3.3 WFMhAE

SCA AT AT 55 A H R HETH 3R (Accuracy» Ace)
K 1t % (Precision, P) . 1% (Recall, RO LA & F1 {H
X4 DRI A 6) - (9) R, Hop
TP 3R EIEF], B0y 1F 28, 52 PR 45 SR 02 12
TN Ko EL ], BRI oy 2 28, 5% R 2 R 2 S 26
FP & B 4], B Fi o 1628, S b o )28 s FN 3k
AR S BRI Sy S 2 SEBR O TR

ACCZTP+E1}:§§+FN’ )
pow o
Recallzﬁ, (8)

FEAS Sk A Bdls 4R b, & 200 e A 1 A
Wb o B FH A A 2R A Ry 55 28 2 SR 1 DA B o
3.4 XtEE LI

R iE CCM-MF 76 i SCSCAR 43 K45 55 A
SV A3 NTE 3 AN KBUHE 1 X AN [R) 43 A AL A X6 B
SIS L EE RN 3 i, K CCM-MF 5L R 5 Ffrf
R HEAT X HL AR

ODPCNN™ ;7 CCM-MF v, ] T 42 B AR J&)
BRiE SCHRE ;s @ Att-BLSTM™ . £ CCM-MF 1, Ji T
PRI SC A 4 R i AR A ; ® BERTHY ;2018 4F i
Google AT #f 5 B 42 i 19 70 YIl 25 iF & B AL, 3L
Transformer XX 1] 45 % 28 £ 7R s @ B-DLM ;. $5 7K 3¢
Fr 4 LA i ERNIE #8432 #: 25 BERT il iJll 2R A
A @ERNIE™ . 7 42 09 WU 508 5 B AL, 15
CCM-MF A2 SR J2 ORRAE (935 43
3 ZHERI

Table 3 Comparison table of experimental results

WER R (%) Accuracy (%)
R Y

Model Online_ AH %%‘ THUCNews
shopping Jinri Toutiao
DPCNN 85. 27 83.74 87.21
Att-BLSTM 85.13 83.71 87.11
BERT 88.31 85.31 90. 51
B-DLM 90. 16 86.73 90. 80
ERNIE 93. 28 91.33 94.10
CCM-MF 93.84 91.98 94. 64

M 3 Y S B 25 SR R LUA B, AR SCHR Y
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CCM-MF 7£ Online_shopping. 4 H 3k 4 fl THUC-
News 3 ¥4a 46 2003844 17 93. 8426 .91. 98 %
94. 64 00 I HEHR %, HERG FBEHT 5 AN E RSO B A
) ERNIE #8153 54 7+ T 0. 56 %6.0. 65% .0. 54 % »
F W CCM-MF i 2 fill & J2 vk 4t B D I 2 () 2 5 1)
B SCRFAE AT LA B THASE AL 1
3.5 HEhXIE

H T UEH] CCM-MF 4% A 21 {4 % A5 B 1) A 3%
WAES AR SCHEAT T AR R T Al SE 5 . S5 Rk 4 fF
Ne Mo

OERNIE-DPCNN.: Ji 8 # L35 Att-BLSTM K&
FEAF A 30 40 I T H 4 Hh e 2 oy 8 4

@ERNIE-Att-BLSTM ; J5 1 % J: 45 DPCNN L
FRRE Rl A A Ja B R Ay 2 A

@CCM-MF (RelU) . Jf 5% Al & 4wixf W38 1
DPCNN 9 gi ik , ff ] B iy DPCNN £
F4 HBMETWERIIL

Table 4 Comparison of ablation experimental results

HERR R (%) Accuracy (%)

T
Model ()nlinle7 /7\ H 3k fﬁ THUCNews
shopping  Jinri Toutiao
ERNIE-DPCNN 93. 56 91.41 94.16
ERNIE-Att-BLSTM 93. 44 91. 47 94, 28
CCM-MF (Rel.U) 93. 69 91.76 94. 40
CCM-MF 93. 84 91.98 94. 64

MR 4 W] LLUF B, 525 4 45 /8 ERNIE-DPC-
NN Fl ERNIE-Att-BLSTM F R R ¥ 5 T3 3
Wi ERNIE, 376 ERNIE Il 55 #E— 4 42 BUR)
T T4 Jr 1 SCRRAE 27 0] LA 400 g 58 4SS 70 Xof SCA i
U B AR 3E T B TR RO . e, B R 4 AT AT,
CCM-MF (ReLU)7E & A %4l 5 b 0y e 2 1 5 T
Bk CCM-MF LLAI AT B 1Y, 156 W il 5 Jm) 350 42 Ry
W SCRRAE ) A 80ME , X & S DPCNN LR Att-
BLSTM #5258 73 551l 4k W SCAS 119 Joy 36 1 42 Jg 15 SCRRAIE
Rk R N iOR (ORI (BRI B S I I A el SN2 S |
BETRY [ TUAY 0 28 2 1 S0 7 o 1 23 o IR %) 155 400 5 [
AT LLE B CCM-MF 78 3 % 5 L i vEaf R 3404
A IE K ReLU B00E PR SeLU B R ALY
AR
3.6 HfERMEXTEE

CCM-MF 3 i W 38 ¥ 43 15 21 J5) 58 178 SCRRAE 7]
R4 JR i SCRRAE ] o, R TR BT E5 SR al A ML A

R AR SO CCM-MF 5 {E FH AR AN L B 26 90 7 05 5K
il I 0 S B 45 SR AT X L S5 R AR 5 TR
£S5 HERETRERMIL

Table 5 Comparison of feature fusion experimental results

HER (%) Accuracy (%)

fil A 77 =
Fusion . N
i o Online_ A H 3k % N e
approach shopping Jinri Toutiao THUCNews
Add 93.48 91. 45 94.19
Concat 93.62 91.71 94. 37
Results fusion 93. 84 91.98 94. 48

M5 Al LU ), 2R 45 3 il AL 55 2R AR
I PR REA T AR L MR R A SR T, L
AR AT WA 00 75 A R Bk, X B R
FLAEA NS PR R LG 07 3 AT RE S I AE 2 g1
P AT 3 B0 SR AL S 2E— 25 R W T (Y 1R E

4 it

ARSCHE T —Fh 3 T £ Yk B RRAE Al A A S
AR FAEH (CCM-MF), CCM-MF 7 2R 4k 7 I,
it ERNIE ZRBUAL 2 57 98] B2 S A 4% 591 4 AiE 1 3R] ]
T RS 4R b, 5 2 ol i ) DPCNN AL BLRT Ate-
BLSTM #2773 5] £ B AL 5 )25 Uk 4t B e AiE 1 J) 3 35
SCREAE R4 Jy 18 SCRRAE 5 5505 B 32 B3 Y 255 ) 4 B
BRIE 22 504E B T Softmax 40 28 4%, JF 8 o @l & AL
BEATRLG B o R UERR R . A3l AE 3 A EHE A Ik
TS5 B UE PP A SCHR T Ik R fiE . IR A AR R
B1: CCM-MF 14 > %l 56 by o 2R HE A 58 2 O B
1o UE B TR TR A R

Aok TAE M A e 76 B AL p il A 5 22 1 SRR
AIEFIIH WA R 1 S 000, AR DL AR 4
OFH 2 5 SCRAAE AT Rl A F— 25 48 THR AL A
HSCSCAR Zr A 45 L IAICR s @ 45 & F iR ZE M 0 O
T TH ISR ) S 8000 L 4 v AR Y 5

&% ik
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CCM - MF: Chinese - text Classification Model Based on Fused
Multi-dimensional Features

MA Zichen'*,ZHANG Shunxiang'*" " ,LIU Yunduo'?,WANG Xingguang'”,
ZHANG Yougiang'?
(1. School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui,232001,China;

2. Institute of Artificial Intelligence. Hefei Comprehensive National Science Center, Hefei, Anhui,230088,China)

Abstract: In view of the difference of semantic information carried by different dimensional features in Chinese
text,a Chinese-text Classification Model based on Fused Multi-dimensional Features (CCM-MF) was pro-
posed. The model combines hierarchical dimension and spatial dimension features to improve the accuracy of
Chinese text classification. Firstly, on the hierarchical dimension, the Enhanced Representation through
Knowledge Integration (ERNIE) pre-training model is used to obtain word vectors containing features of
character,word,and entity levels. Then,on the spatial dimension,the word vectors containing hierarchical di-
mension features are input into the improved Deep Pyramid Convolutional Neural Networks (DPCNN) model
and Attention-Based Bidirectional Long Short-Term Memory Networks (Att-BLSTM) model to obtain local
and global semantic features, respectively. Finally, the obtained spatial dimension features are applied to the
Softmax classifier, and then the calculation results are fused and the classification results are output.
Through experiments on multiple public data sets, this model has better performance in accuracy than the ex-
isting mainstream text classification methods,which proves the effectiveness of the model.

Key words: Chinese text categorization; multiple dimensions; ERNIE; DPCNN; Att-BLSTM

ST R B

o WIEAXNSHRBEEERE

T B %% 07712503923

o HBFE : gxkx@gxas. cn

B EIEAS ML hitp://gxkx. ijournal. en/gxkx/ch






