%25 B8 4 M RUIATE K2R AR (TR AR M) Vol. 25 No. 4
2025 4F 12 JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Dec.,2025

doi:10.3969/j.issn.1672-1292.2025.04.003

BERT-WWM Fil &5 0 10 38 8 AR
W SCSCAS I e B
REE KER, K E Pk

(VLI R AT BN T RRZABE , V195 E = 222005)

[HWE] LG AR IR P SCCA T SURFAE 3R BCRE 78 FRAE () B, 42 H —Fh BERT-WWM Fil 5 %L
T TE T SCRRIE I SCA T B DTSR | 24 ) TR R 2 IR W SCAS TR SRR RIR. 1 56 R BERT-WWM FRIC SC3eA
B B S FAE 17 £ 2 7R A% A DG 18 25 RV 28 09 45 — S S5 101 042 M 45 ( CNN-BiSLTM ) HRafE A THHE S B, K f5
# BILSTM 18 38 $2 USCAS 1Y T SCARAE 18] 4 2875 75 /1 ( Attention ) 2B AN W5 5 CNN 38 18 32 UK SCAR )R
BB SCRRAE [y AT ARG, DASS SRR (0 SCARHE SR B RE 0. I , I Al RRAE 203 2 7 B2 2 AN Softmax rmm:f
R SCAR AR I . S0 25 SR I AR EL A% 5 1Y) SR 3 TE AL A 22 30 T TR AT TR AR A ZE T R Ace FNZEAPF
MrAEFR F1 EAr04R T 0.91%F1 1.40% , UERH T BT A i SCSCAE B AT A 55 h B A e R e] 474

[EEIF] UM, BERT-WWM , SGHIE T ARFE , ARV 48 26, 01w S 101 1 28 P 24
[RESDES|TP391 [ XHEIREBIA [ XEHS 1672-1292(2025)04-0018-10

Chinese Text Sentiment Analysis Based on BERT-WWM with

Dual Channel Semantic Features

Zhao Xuefeng,Di Hengxi,Bai Changze,Zhong Zhaoman
(School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract ;: Aiming at the problem of the limited extraction ability of Chinese text semantic features in traditional text
classification models,a BERT-WWM text emotion analysis model is proposed to learn the deeper representation of text
semantic features. Firstly, BERT-WWM is used to obtain the dynamic feature vector representation of Chinese text and it is
passed into the two-channel convolutional neural network ( CNN-BiSLTM) for feature extraction. Then,the context feature
vector of text extracted by BiLSTM channel is adjusted by the dynamic weight of the Attention layer. The model is fused
with the local semantic feature vector extracted by CNN channel to enhance the capability of text feature extraction.
Finally,the fusion features are passed through the full connection layer and Softmax function to obtain the emotional
tendency of the text. The experimental results show that compared with the traditional single-channel model and multi-
channel mixed model,the accuracy of Acc and the comprehensive evaluation index F1 are improved by 0.91% and 1.40%,
respectively ,which proves the effectiveness and feasibility of the model in Chinese text sentiment analysis.

Key words: text sentiment analysis, BERT-WWM, dual-channel semantic feature, convolutional neural network,

bidirectional long and short term memory network

SCAIE ST (text sentiment analysis) , M FR . ILIZ i (opinion mining) , & 78 51 A1 ER A SCAC Hh 3R 5K
AR I 1 ) a2 B B U ) SE BRI B BB ISHAC A B 15 A M e T A L B
TR BRI E S5 2 U 1 H 8 A A, FN MBI RTT T T AR, SOARE
SRS AT AT RS B ) I 0 SR A 2

SR 4 SCAR R AT T B T ] L L o E"J?‘T?{E. UTAER TR 27 ) 10 K Je Ry SUAS I

& B #9.2024-09-07.
E&TH . HE HARFFREETE (72174079) JTIE “ 6 TR LFH A FIAIR H (2022-29).
BIREE X TE W1 BIHUZ  WF5E 5 ) SRS B i BG4 PR E-mdllzzhdoxi@Juu.edu.Ln



AU, 45 BERT-WWM il & 008 18 1 SCRFAE ) SOOI A

BT O UT S5 A8 T 8 00 T B B s gk A T R 7 R A0 OR . 3 LR 28 ) 2% ( convolutional neural
network , CNN ) "~ $5c 5L R FH T B 40 24T 55« R ] 2610 5t 1 — b B XoF Aol 18 S AR 1 22 308 3 4 AR ol 228 190 4%
MCCCN 5 BT AR R | ST B fo A9 B0 e B 236 Wu 501V CNIN ASE A 1 sha2s 4 S SO 25cdi a0
TSI, BT CNN A SCAE RGBT AT LA R B2 SCAS 19 Jm) B8R, BB T 47 b B A SCAS i S, 22 %
T ERSCE AR B 5 PR 28 M 2% (recurrent neural network , RNN) M {4 I AT DL 3R b X — Bk 4 : Wang
212 0 3 B B 25 K S T A 22 R 2% (Tong short term memory networks , LSTM ) F 8 | fefi 5115 22 (14 W 4% B 75 &)
Ak ; Dashtipour 25 45 H T IR BE 2 30 43 25 %5 (10357 JRA8 AR FH X a] K S 390 0l 22 1 4% ( bidirectional long and
short term neural networks , BILSTM ) #E 1 T& 84T, BUES 1 48 g P VEERR 2. 5T RNN [ SCA 1 I8 BT e Ak
PSR FP AL 55 HA — @ L (BB X SO Y SR AR AR AE R A AEAS /2. CNN R RNIN 20 il i) b 25 o0 2 A
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ﬁiﬂ% % Fig.1 BERT-WWM network structure
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C,=tanh(W,-[h_, ,x,]+b,). Fig.2 LSTM network structure diagram
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CNN =258 i 5 B2 At 1k )2 o 2 ) A B 22 ; N
MREAE (S B, HJO W #E AT K it 09 SCAS T4k 38 T !
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Pedn AT AL H. el B RS TR, A SR Ak X
FRIESEAT AR , I RRAE ) S A B i 822, 15 31
CNN iH3E i, X (10) —(12) Fis .

S.=X ®X,D---PX,, (10)  mmmmmmmmmmes LoIIIIIIIIIO C.oooonInnTTTeees
f —f( V;I®S2 b l) (11) ! Concatenation Q QO O O OE
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h,=wh,+vh,+b, , (15)
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TEMA Attention AL , AR B3 18] 78 SCAS (1) BT KRR BE 43 BCA R, I G R ik 1) 2, e 2445 2] BiLSTM i
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u,=tanh (W, h,+b,) , (16)
exp(u,u,)
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BT AR ) B F, A (19) B

F =F o+ F g (19)
e F, i e RZ A Softmax BRECHAG FIRZ R BNAER , 10X (20) Broi
P=Softmax( W F +b, ). (20)

b, W R R AUEFERE b, A 20
ARG Y Loss PREUEAC U #12K (cross-entropy Loss ), 7 12 45 Y 7 I 44 17 S0 5 B S b
SR 25, na(21) s .

Loss == 3. (rlon(G)+(13)log(15,)). (21)
Sy, B RN 57, F BB RE A BUREAE  N JyREA B,
3 Fgsrbr
3.1 REIRGEE
RSCHURURIET: PyTorch VR 2% AR | SER0E I 95 B 52 1, US43 : PyToreh 2.0.0,

Python 3.8 (ubuntu20.04) ,Cuda 11.8 ,GPU RTX 3080 Ti(12GB) * 1,CPU 12 vCPU Intel (R) Xeon( R) Silver
4214R CPU@ 2.40GHz.
3.2 XWBIEE
AR SC A0 PRI I )5 378 . waimai_10k L online_shopping_10_cats3 A~ FF H SCEHE £ |, B 5 h iy
BATFRH O B B AR (“ 17 R B, <07 R ) , BAARME Ban3k 2 Fios.
®2 BEEABER

Table 2 Dataset specific information

) PIEZ R MR
ﬁﬁ%ﬁ iz »lz
VALY T/ % U/ 4% e/ 4
TR P G P8 1 800 1 800 1 200 1 200
waimai_10k 2 400 2 400 1 600 1 600
online_shopping_10_cats 18 997 18 666 12 730 12 380

3.3 LHEAESKREESHILE

R e v SCSCAR SRS B HER 8 75 X0 SR BSR4 T AL B 5 S BT A AR AR S R R B
FAF A E N IR VI SCFAF , IF LR astk. SR jieba 430 T HEAT SCAS IR TH 19 401, 10 % B
ANA]F I AR SCEEEG R ] SGD (stochastic gradient descent ) iR A S e YN & ES
PRI, TP 26 ST S . AR SRR e 2 B B B N 3R 3 s,

*3 HBBSHELE
Table 3 Model hyperparameter settings

24 {H 24 {H
BN 400x4 UIE SR 50
BiLSTM 4%)2 %K 4 HEALFE I 16
T [ o 2 400 SCABE e KB 400
BERT-WWM &)z /)N 768 B AT HRMRAE True
22 R 0.008 Bl ALK 1 2R 0.5

3.4 FRMIRE
AR FAMER 2 (Ace) (F1 AR PEARIE, N2 (22) —(25) FIi7s -

TP+TN
ce=——— (22)
TP+TN+FP+FN
TP
P=———-r, (23)
TP+FP
TP
R=———, (24)
TP+FN
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2:P-R
T PR
o, TP S TR A IF B TEAEAS s TN S T80 A 1 A SRR A 5 FP S B0 Sk 1E A SRR AR 5 BN Sk T80 4 470 19 1
FEAR.
3.5 BIiEEEAISTISHAENTEL

R B EAR SCR B ALE NG A3 BT A 55 07 T B AT A T, A ) A S 0 PR S  fiT H 3 A i SOOI SR AR Ry S50
B 05 LU 6 i B B AR R T ) L

(1) Word2Vec-BiLSTM'®' . 3R il Word2Vec > 3K SC A ia] [i] 2 67 g A 1] BILSTM Hr H2 BURFAE , I
Softmax #EFT4325 ;

(2) Word2Vec-CNN'? .44 Word2Vec 1A FRER] ] 1 A T 5. K45 30 ) 3] 1) R 5 A 51 CNN A EA T3
SRAFRIPURAIE , 5 288 3T Softmax #7432

(3) BERT-BiLSTM "™ . 3@ s BERT FRHUSCAR (4 1] [ 12 R, i A B — 19 BILSTM M 4% rp i 47311 2%, Of:
AW |, B Softmax 432 g by 02545

(4)BERT-CNN'"' .3 i:f BERT XJ SCASHEA 745 , H-4 A CNN H B A7 RRAE 4R B, FIFH Softmax 4328 2
R I 2 A I 5

(5) BERT-WWM-BiLSTM : 455 BERT-WWM 153 4= & iH 55 S A sh A& i n & i A BiLSTM 2% Hh)l|
R IURRE | 12 F Softmax PRSI 02zt B,

(6) BERT-WWM-CNN : ffi | BERT-WWM 75 2| 5] [u] 5 7, i H] CNN 377 47 AiF $2 B, 5 Ji5 38 4o
Softmax #EF7432%.

BT TE AR () SIS P REXT L AN 4 TR, AR 4 AT AR SO A H SO A AT 45 b AR A LA R
TEASRY FEAC TN 46 b 7 T 3438 B e .

F4 BBEERTRMAEL

F1 (25)

Table 4 Comparison of experimental performance of single channel model %

oy TELRA ST G Ve waimai_10k online_shopping_10_cats
Ace F1 Ace F1 Ace F1

Word2Vec-BiLSTM 85.10 85.59 87.12 87.40 89.30 89.90
Word2Vec-CNN 87.14 87.71 88.10 88.61 90.53 90.84
BERT-BiLSTM 88.75 88.54 88.89 89.01 90.98 91.36
BERT-CNN 89.23 89.44 89.67 89.97 91.53 92.33
BERT-WWM-BiLSTM 90.50 90.15 90.85 90.65 92.05 92.73
BERT-WWM-CNN 91.64 91.54 92.01 92.10 93.18 93.38
Ours 92.78 93.02 93.98 94.09 94.44 95.73

AR SCREAY 5 4% R IR ) F1AEAEAR R Loss {HAT 2L EIANIEl 6 A& 7 s, H[El 6 W] UL, A SCRE RS TR
3B LA F1AEAR LAY e A 25 53 I HR Tt 1% ~3% , #E online_shopping_10_cats ${#54E I i 5

97

[0 Word2Vec-BiLSTM [ Word2Vec-CNN [ BERT-BIiLSTM
05 1 [l BERT-CNN BERT-WWM-BIiLSTM [l BERT-WWM-CNN w
Ours
93 \ §
IS
= 91
<3
89
87
|
TERA SIS DS waimai_10k online_shopping_10_cats

E 6 F1ETKRESDH

Fig. 6 F1 value histogram analysis
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iKF] 95.73% , B AlE T AR SCAE R AR SCAE A W4T 55 o g T Sg %, [, 2 F BERT-WWM A9 CNN 5
BiLSTM #AIAH L EE T Word2Vee ML 45 BERT #5874 75 kb B b SCECHE 4 T 45 R AN 0942 71 WE B 7
BERT-WWM #5575 b B SCSCAR B i 59 A R0t An] 450, Bi— CNN A1 BiLSTM #5550 i fif FH A 1 2 4
W LT SCRFAE Ry ERARRAE Y E . A SCREALE i 255 ) FH BERT-WWM  BiLSTM 1 CNN “5HAR |, SEHXT
SCAR SRR AE AN LR SO G 2R A 7850 5 B8, HR R TSN (3T SR B BCAE ) AN By SBOR. R T
A UL, FE DI S A oA SCRE AR B 1) e 2 Loss YCSUEAEH /I, H B AR T HoAb 6 Fh i E A Ay, AR TE
waimai_10k B84 I BERT-CNN P B BRI i & Loss YT SIUE L T4 SCASEHY | {H 37 5% Wi A SCASE 50 R 4
LE A HERERCR.

.l e N
0.30 - —®— waimai_10k
0.5 - —&— online shopping 10 cats
= o020p -
E 0.15
010 _‘ e
0.05 - SRl
0.00 L : L L I . . )
Word2Vec-  Word2Vec- BERT- BERT-CNN BERT-wwm- BERT-wwm- Ours
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B 7 Loss EHIRE S #7

Fig.7 Histogram analysis of Loss value

3.6 ZEERASEELIGHRERTLE

FEAARI Y SEEG IREE T 3 AN SCBAR AR AR N SE S0 B0E. R 1 30 0E AR SCi T 1) UL 3 AR 78 A SCA
T IAIHAT S5 HR AT A, 43 515 7 A 2l T8 TR A B A T SR X L

(1) Word2Vec-CNNs-BiLSTM ##>)  p S5 R F A5 48 Word2Vece 3k BUSCA i) 1] 58 7, i A £ 2238 18
CNNs-BiLSTM iR 2 RUEE SCARRIE , IF45 5 1 = LTI R BRI | 5 Jo R4 T SCAS A St ) 4 T 5

(2) BERT-CNN-BiGRU B . Fi| | BERT B AURICCA Y 0] £ 27 , 4373l %i A CNN Fl BiGRU #E474¢
TP, R R R I ALEI BIGRU Hi i (9 42 Jmy i SCRRIE R4 T AL I3, fieJ5 AT HRRAE 5 I3 5 Softmax
PRI TS 2] 17 IR et

(3)MC-CNN-LSTM #7418 58 33 2238 18 CNN SHIBOR [ 1 n-gram FFAF, 5 A 5] LSTM b7 A0, B
JE it Softmax PRELTS 2] 432545 R

(4)MC-CNN-BiGRU #7117, fly 3 4~ CNN 18 18 F1 BiGRU 8 BHE 8, 76 3 4> CNN s #n A &
FIMLH, T BiGRU 3 i A A & L

(5) MC-AtCNN-AuBiGRU #5751 . 2855 jidl i A A5 21 A4 1) 1) Fe 439 S A #1 #h 3 > CNN Sl 38 Fl1 BiGRU
ST BIERA Sl DT AL BT R o3 e (1A DGS9 3| N 8 9 [ 1| v o e i vt

(6) BERT-CNN-BIGRU-attention F£ 71120, It F BERT #5170 1% 3] 4 A A= B, F e ik 9 CNIN A5 760 1
BiGRU #4320 TE A | X 4 E 37 AF 7 110 3 78 A 4

(7) BERT-CNN-BiLSTM-Att £ A1 JLF BERT A5 1A= il [ i, 20l % A CNN Al BiILSTM #E4T4FE
PRU, o S i A VR R ML S IR B 2.

LIRSS MERE LA NS 5 FR. FR S T A SO AEERG R Ace I THA 7 Fh 2
W TRAHE 76 3 NARIEEESE b F1 A 1A 93.02% 93.98%F1 95.73% , K H %o BEAE R 5 A 4% SR 4R T
AT 1%, TEBH T A SCRERFE 5 B AT 45 vh i A7 . O Al A R R P 22 308 3 A R SR O 58, 45 & CNN Al
RNN W25 045 A DL T B AT 55, (R AR A IR IR b SCSCAR Bl Bsf, A7 A 7 43 fE H BRURE S 2 Ay ]
R, [ A 22 S BT SURMIEEA T Rl G ), B 77 A 0 A R e Ok B 8m) 1 52 2% B 5 v, e M S TR 1y
SYIEVERE. ASCRIAYAT HA5 A CNN FI BiILSTM 2645 A BP0, P bR HRGEIE Y 775X, 385 BERT-WWM
BRI v SCSCAR A T ah A i) ] 3o | R RE % P 8 SCAR I Jo AR FE o A AR 1 e 1 o 2k, B AR S s BT
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Table 5 Experimental performance comparison of multi-channel hybrid model %

o LA P I TS waimai_10k online_shopping_10_cats
Ace Fl1 Acce F1 Acce F1

Word2Vec-CNNs-BiLSTM 89.56 89.42 90.12 90.04 91.23 91.63
BERT-CNN-BiGRU 92.06 92.71 93.02 93.14 93.21 93.05
MC-CNN-LSTM 90.78 90.94 91.67 92.00 92.25 92.38
MC-CNN-BiGRU 91.01 91.16 92.00 92.14 93.42 93.37
MC-AtuCNN-AuBiGRU 92.28 92.33 93.54 93.01 93.95 93.89
BERT-CNN-BIGRU-attention 92.15 91.98 93.67 93.23 93.72 93.56
BERT-CNN-BiLSTM-Att 92.54 92.41 93.38 93.17 94.15 94.62
Ours 92.78 93.02 93.98 94.09 94.44 95.73

3.7 HEXE
ARSI A T il S B — 2B ER R AN ST B R A B 10 A B B LA a5 R AR SO IR R A T
I, Sy RS BERT-WWM A58 CNN [ 2% BiLSTM M 4% F1 Attention ML, LA 36 E 9% B2 BR HR 40 %F T B
PR RY A RO 5. TRIISE R4 il SO0 S0 B 52 ), R 471 il SC 368 S 50 B AR TR, ELRSCIR 45 S sk 6
i, Hod w/o 483 without.
F6 HUIRER

Table 6 Ablation results %

o TR T I PRie waimai_10k online_shopping_10_cats

- Acc F1 Acc F1 Acc F1
w/0 BERT-WWM 91.83 92.24 92.64 92.92 93.02 93.29
w/0 CNN 89.50 90.15 90.25 90.65 89.87 89.93
w/0 BiLSTM 90.64 91.04 91.27 91.46 91.77 92.19
w/0 Attention 92.35 92.67 93.45 93.92 93.59 94.05
Ours 92.78 93.02 93.98 94.09 94.44 95.73

FH R 6 AT A OB (1) B — 50 0 X e APk B X5 6 W S 48 . ZEAH W) SE 86 25744 T, f /| BERT-WWM
DI H A 0] i) F AR LGSR A 48 BERT A5 70 7 b B v SCSCAS B9 4 1 45 100 v g 354 B S A 4 7, mT AL
BERT-WWM AU} SCA 18] ] £ Il 5 B A R AF 19 3R . U B FLBR Attention HL | B, {38 18 CNN i
BiLSTM 2 BURRIE L BE IR B A4S AURR 12 Attention fININABETE B 245 5 v it K S B A 5 8 Al o
SEELSCASFFAE A E— AR A28, CNN A BiLSTM 454 REAR - 4R BURy350i SCRFAE AN B R Sefs B A A
TR R PERE A ER T, 24200 1] CNN 81 BiILSTM R 28I | 3870 SCASERAE 1 9 Z W8 250 Ace FI F1{H 5
PG ARG, B PR REM N X R B CNN N BiLSTM 285 4 X A SO RLA B AR .

4

SRR N SCSCAS R B 25 0 454 BERT-WWM . CNN  BiLSTM 2% 1 Attention HLHIF4 F L3,
BEFIFH CNN ARG R SCAS 4 Jy 3 R AE , Ol i BILSTM 4 35 ) T 1942 Jmy i SUERE , 3% ] Attention L
HIHEA T SCRRIEAL . 76 3 ASATF v SCEE A 1 IO 52 56 45 S FE 40 TE B T AR SCREHI ) T A7 4[]
st -5 0L S T SRR A L B8 CNN T BILSTM [0 28 4545 A HRAE 350 R S 4 | A HoAs LD 2238
TR A BRI E B S E6 Th IS T S 1) A R
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