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Text Sentiment Classification Method Based on Large-batch Adversarial Strategy and Enhanced
Feature Extraction

CHEN Jiahao' ,DUAN Liguo'* ,CHANG Xuanwei' ,LI Aiping' ,CUI Juanjuan' and HAO Yuanbin'
1 College of Computer Science and Technology, Taiyuan University of Technology, Taiyuan 030024, China

2 Shanxi Electronic Science and Technology Institute, Linfen, Shanxi 041000, China

Abstract The text sentiment classification task aims to analyze short text sentences and determine their corresponding sentiment
categories. In order to solve the problems of lack of large-scale high-quality corpus dataset and insufficient non-uniform impor-
tance extraction of text features in the existing models in sentiment classification,this paper proposes a text sentiment classifica-
tion method based on large-batch adversarial strategy and enhanced feature extraction. Firstly, the text dataset is input into the
pre-trained language model BERT to obtain the corresponding word embedding vector representation,and then the BiLSTM is
used to further learn the context dependencies in the sequence. Then,the local attention mechanism is combined with the local re-
ceptive field weighting of TextCNN to enhance the feature extraction ability. Finally, the output of BiLSTM and the output of
TextCNN are spliced to obtain the deep feature fusion of the two spaces,which are handed over to the classifier for the judgment
of sentiment classification. In the whole training process.a large-batch adversarial strategy is adopted,and adversarial perturba-
tions are added to the word embedding space and multiple iterations are carried out to improve the robustness of the model. Ex-

perimental results on multiple datasets verify the effectiveness of the proposed model.

Keywords Short text,Sentiment classification, Adversarial strategy,Feature extraction, Word embeddings
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Fig. 3 Structural flow diagram
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Table 1  Chinese Weibo dataset(four categories)
#HE e [ K% 1K %
I % & 291801 160491 43770 43770 43770
R E 36475 20062 5471 5471 5471
ir & 36475 20062 5471 5471 5471

K2 BUACE LR 5y 2R ]

Table 2 Four classification example of Weibo dataset
R R — R, BER! RERBK? 0 B
R RALA SR 1 i
AHBETEG? L#E 2 R %
RERERBAT LR R 3 1% 3%

T A B AR A 119989 S BUHE ¥ K i HR N 75
[A] b5 50 E 4% X3 R label (AR 25) F1 review (N 25) , label
B 2 28,0000 0,1, X N BB R AR . L B 5 59981
% THM A7 60007 5. [IER A SCHUIZRAELL 8:1: 1 i Rl 43
R R S S S T N B S SO e S v w1

Fry, B gk 4 B,
3PS R (2

Table 3 Chinese Weibo dataset(two categories)
P fi Iﬁ@%ﬁzﬁ
% E R H W
I % & 95991 47985 48006
i % 11999 6000 5999
Bif & 11999 6000 5999

T4 WO G = R

Table 4 Two classification example of Weibo dataset

SRS 4 i 4 X
BPRASK.BERAS K [BFE] 1 A
R B R - A a7 [IUE] 0 A
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KN label (ARZE) M review (25 L label 5 2 25,4351 1
A0, Xk o FR AR AN A . o B S 5322 kL T AR N 2444
%o IR AWM YNGR AR DL 85151 L M8 Rl 4% Sy I 25 4 L
LRI IEEE , R 40 5 1 8BRS SR 1T n gk 5 B A, B R R 4l dn
% 6 fT3 .

x5 OWIETFEEIE (IO

Table 5 Hotel reviews dataset(two categories)
HE R H
W% % 6213 4258 1955
DIR= 3 777 532 245
it & 776 532 244

6 NG IR RO 2o

Table 6 Two classification example of hotel reviews dataset
RS R 4 R 4 A
A B A A SR B 1 A
VACE R TN -0 F 5 14 0 H

AMSEIEIE AR B 11 988 AU , 1 AR B R A
I H label (BRZE) F review (%) , label 15 2 28,4350 1
A0, Xk o FRAR AL A o o, BEAR N 7 987 %L T AR (5 4 000
k. [RBRL,ARSCEIIZRAERL 8:1: 1 H @RI 4 R YIl 2 4 L I3k
LGRS, X 4 5 0 BCE L St an 3k 7 g, HR R 6 40
x 8 s,

T OAEITPFRBUERE (2O

Table 7 Takeaway review dataset(two categories)

. . XA -3¢ s

HER 4s i R
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B if & 1199 798 400

£ 8 IR B LE 5 Ko

Table 8 Two classification example of takeaway review dataset
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Table 9 Experimental parameters
% LA
BERZS Linux 3. 10
GPU V100 16 GB
R PyTorch
Batch Size 32
Learn Rate 1x10°6
Epoch 10
LN 34 768
e = 2 768
Dropout 0.5
AKX AKE 200
kA SR ARk
11 2 Adam
&R (3,5,
SAT # R K 3 4
ozt (W %K) 0.5
tE (= %) 0.4
s RelLU
AR SR 43 52 W 2 B TR RS v AL BBASME BEAT 6 E

W Epoch . ial i A ZE B | B2 46 5 B0 SRS H R X R
RSCAA B HEAT T B0 L JE PR R v SRR 4R b BE L sk
B, WEE RN SCAKE,
4.3 ZWiIFHHE

A% 3SR B WETR R (ACC) 1 F1 i (FD1E 15 B4 25 i T
BIPPAE TR bR o 25 A ) 3% R et 7 A o 455 A 0 DG B IS 0 35 A
AL TR (30 T 0 285 O 1E

ACCZTPﬁL;‘if::E\’]JrFN (29)
P=$ (30)
R:%] (31)
F1:% (32)

Horpr, TP J&E S0 FrR o 1F 28 BLH0N R 1F 28 19 A 80, TN 2 S0 BR
Sy 52 BTN K £ 2 B RE A EL, FP OS2 SR O £ 28R 35000 Sk
IEZEMREAREL, FN & SEBR O 1E ZH T Sy 7 28 i AR A B,
4.4 EHERSHIF

R I T SR AR A B RO AR SO AR A 5 H A LA
MRS HEAT X L, B AT

ChineseBERT™ W 7 B F I Mt 5 5 B A IF 8BS
AR N S, b 3T D0 Hp Al R 0 5 CRD R — AR
I7i] fy 352 5 AUAS [R) 0 2 D B 42

BBASM™ . Z i # & — A~ 45 4 T BERT Al BILSTM [#)
R I LAY T 1 5 SCA AR BB 5

BERT-BiGRU™  Z 4 #1245 & 7 BERT # BiGRU, A+
FRAF A0 ) SUAR TR

MCNN-MA ; J& —Fi 56 T 22 3 i 45 T & B 46 (CNND Al
2 3k T T8 JIAL T 0 0 SCA A 8% 4 BT BT L AE 22 AN SO I Uk
TS LR A,

MCNN-LSTM™7 . CNN #1 LSTM % & . f # T 3k 15
R R ERR .

BERT-CNN-BiLSTM " . BERT ¥ 3¢ A< #% 3 Ky &5 4k 10

T SO, CNN 2 S0 A J5) 47 AiF , BILSTM 4 42 K 19 4K i
KR, A VIR O SCAR SO 1Y B A7 R

BBC-PGD: % 455 2 75 A S A 14 25 fils 1K X T 5 s 7 i
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Table 10 Comparative experiments( Weibo)

%)

Model 4 Categories 2 Categories

ACC F1 ACC F1
ChineseBERT 56.83  43.36  74.97  74.84
BBASM 57.04 44.76  75.26  75.03
BERT-BIiGRU 56.96  44.13  75.07  74.85
MCNN-MA 57.26  44.62  75.13  75.92
MCNN-LSTM 57.37 44.63  75.22  75.33
BERT-CNN-BILSTM  58.19  45.73  75.54  75.84
BBC-PGD 59.95 46.16  75.89  76.33
Ours 59.98  46.53  76.17  76.67

11 X HSE R G5 b

Table 11 Comparative experiments(Chotels and takeaways)

%

Model Hotels Takeaways

ACC F1 ACC F1
ChineseBERT 80. 60 85.31 89.12 86. 62
BBASM 81.53 86. 52 90. 35 87.43
BERT-BiGRU 81.24 86.33 89. 24 86.91
MCNN-MA 81.11 85.38 89.56 86. 84
MCNN-LSTM 82.58 85.63 89.95 87.38
BERT-CNN-BIiLSTM  83. 37 86.96 90. 57 87.77
BBC-PGD 84.48 87. 87 90. 84 87.96
Ours 85. 26 88. 54 91.16 88.08

P S 0 25 SR AT, AR SO TR ACC AT FL{E 78 AP SC il
Byt Ey ik R & 0., BBASM A5 % fl BERT-BIGRU 45 %
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RU. (A2 45 RALTHRE B 2R & . 76 51 SO K SO #5384
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WLt ARG L IRE T 3 /N, T BERT H iy
HIERE I HLHI 2 7E 5 Fh B BE b 4k 31— 38 43 4 IR B AR i ¢
#,BILSTM B4 K 4b 3 ™ 4% i} )77 {5 B . 4 L& F ChineseBERT
FERI I R A B KA Bk 45 5 i H. BERT, BiILSTM, BiGRU =
AR TR R A SR R SO S JR B R AR B I 8 AN
S ILs Sk B AR K MR BR . MCNN-MA % 7 fl MC-
NN-LSTM # 54 0 1E 4748 52 %A BERT R 8 4 52 i8] SC 40 1%
22 50 AL BE 2 40 81 56 ZR I Im R o T A ASE A8 B8 SR 7 JT SUAR AT 55
T — S S (R T SOAR AT 55 R B4 BT 1Y 2 T g
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{2 22 3k 7 28 ML 7 388 56 4 SCAR 1 1 SRR g L T
T B kXS R EOR A T A 1t D B Sk R R F 2
2 RS AR, i LI P TR AL R o R 2 A Sk R
PRI BEME LA B U0 B A L 3 AR TR AL A T B k. MCNIN-
LSTM [F#: ity , LSTM M S8 £ MR S iy £ 2 m
06 A 3% B2 AT B A% 1, R 7 Ak B 5 30 SOAR B AR R A%
JRE AR v o A 3 ] 5 ) o M R A B o B R AR



254

Com puter Science THEHLELZ: Vol. 52,No. 10, Oct. 2025
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Table 12 Iterative experiments

%)

4 Categories 2 Categories

ACC F1 ACC F1
2 57.43  44.36  75.27  74.94
3 58.84 45.66  75.66  75.33
4 59.98  46.53  76.17  76.67
5
6

=

59.45  46.27  75.94  76.23
58.78  45.53  75.67  75.48

MEE 12 AT LAAS 2590, 3B A5 Bk R BT DL AR
ACC F1 F1{H .2 K BYME BN 4 B 7E 10 43 28R — 4 8 5080
B E I RCR I dnfE  FR Ak S ik AR SO I 45 1
R R AR 2% T L 4 R 4R i T B3 AR e I ASE A i I
A,

# 13 MR

Table 13 Perturbation experiments

%)

4 Categories
ACC F1 ACC F1
57.03 42.36 74.67 74.64
58.78  44.56  75.68  75.32
59.06  45.93  76.17  76.67
59.98 46.53 75. 36 75.63
59.52 46.07 74.86 75.12

2 Categories

g e w

o o o o o
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[ 2R, 722 13 HH AT LUE B, A1 L Tk AR By 2246 . 3 3)
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I F1AE A5 30 de 745 50 5 T Y 8 S BUE S 0. 4 B, Z4r R B
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RPWEL AR BIREERTF L ABBEERF LT TEL
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4.6 AEERZEITELE
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o L. ERAFENERER N E I ZE, B FAXHE
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THRE . FESEBR R, 2 AN BRI 41658 B H S R
TR T A 500 IR B A AT LU 20 2 8080 9T 5 15 I 4% 1 T
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Table 14 Convolutional kernel experiments

%)
R 4 Categories 2 Categories
R A D . —
AcCC F1 ACC F1
(1.3,5) 58.39  44.76  74.98  75.04
(2,4,6) 58.63 45.38 75.68  75.62
(3,4,5) 59.14  46.02  75.93  76.15
(3.5,7) 59.98  46.53  76.17  76.67
(5,7,9) 58.62 45.53  75.36  75.63
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Table 15 Ablation experiments
ACC/ % 58.26  59.57 58.54 58.37 59.98
F1/% 45.32  46.06 45.49 45.33  46.53
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Table 16 Improved dataset
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Fig. 4 Results of SAT validity test
A SCIR A R BT ZR T L 2% 3R Sy — Fl 1E ) Ak T Bk 42
ey A6 2D 2 AL RE 0 3 e A TR R S 0 B B0 T A
I B/ B 2 03 B 0 U RE A 4R v A ORE A Y 2 R A R T iR
P got 0B 1] L 5 [ 48 568 A8 260 % 58 /NS 3 1) A A 4 DA TR 42 T
R PERE
4.9 EHIHH
AR AE T SC R DY S5 2 B0 4 B R BUL A BUR AT 3
1611 5347 o 38 2o L 52 490 %) LE G B R B R R I AL S Text
CNNHYEEA AT $2 HO7 50, 45 & R U 1 5K s . B8 1 35 4
Thor 28BOR 3k 17 B,

38835 838

17  ZH45Hr (BBASM Ml Ours Xt )
Table 17 Case study(comparison of BBASM and Ours)

HA 4 F R G5 o RO

LB E RET ZAAN, ER OB

BBASM UTEHNX AT BT, 18 % (& B
WOERTEAEAKTF R o e i O R A EHORT)
ARARREH T HARNEL S pHEADE, R KE)

S0 THRE REFT AN, BE & CBERD

Ours LTEHNX AT AET . ERE
KOERTEEAKTFRR L o i MR E A K& R %)
ARBEERER T ANEWEAS B AERE, 1% 9% (1R 3%)

7R KSR 5 BBASM BRI 4T 4 b, 217 B AY
4 A~ . BBASM 5581 6 32 TF B T L A SCIA Ay 2 2 A 1
Xof A, 5 AR L UK T i SR P 2 K LA o A ) R AR S A i X

AR FRR S A5 B2 WA . 5380 2R G B A 5 R 4k
RAEICARZ A LG — Z 1R A, 20 280 W JE BR e A 5000 . i
AR SCARE R 3o 7 P R A X BT SR W A i 8 e L LA SR A



256

Com puter Science

THEPLEZE Vol. 52,No. 10,0ct. 2025

AR 4R HR 9 7 20 7 A A5 R A8 3R FAR A S K
O B 0 AR L 5 TR e R

GEIRAE R SCIRI T R T O O B SR W N AL
AEER IR SCAS N 43 28 T7 vk o T 58 B SCA BN 4R i A T
ZRikEBA BERT v, 45 51 AH R 09 36 % A 0] 1 %R, 158 1
BILSTM 3t — 202 > J7 51 v i) i 3 4 AIE 5 A 455 380 X SCAC B
TR R BR . Z 5 KR EE IALE S TextCNN
B % HEAT AL S A SR AL RRAE 4 BURE ) L £ A T 2 T 9 )Y 31
K, ARTEMESMELEENRIER R, &5, 5K
BILSTM H%i i 5 TextCNN B i it AT BF4% 45 51 P 4> 25 1]
BIIR B RHAE LA 38 B 43 S 88 AT o B I W . A2 2 A
Zrid AR b, A SR O YRORHT SR L 78 45 Uk AR ) 20 B
T S R i A B Bl 5 58 ok B RRRE BE 1 J 2ke i s X e I
1L AR R I 08 R AT 1 e

KT B DL A SCRE R AT SR B AR SR A Ry BR PR . 7E b LA
A BEG F B  A O0 INRE BY ORI S B 0]l A
AR AR B 2 AR B I T TG VR A R K I
FUAE Rk BURRAE 55 AR ) i IE N RO, 38 2 5% 2 R IX A%
(REEEO . FAEH 75 X B 52 4 ) ik 25 H K SoAs e
LR SR T AR SRR 0 I AR S B TR AR AR ME T 4326,
T SCHE £ v 19 ) R RN I R K iR AT IR AR R R
Bl S A0 T 1 3 N /)N 198 JAE S T I ) (9 AN i {EL 5 S
o — BRALR 6 FRAR Pl 45 1 SN IR 4 ARSI 2 i 5 6 T
W51, XA EF L0 1R 1 A A, 2 RAL P R R TR
16 H 3 FRRE) T — R T R A 1 BB R 2 L R
SR T AR, 2T RS R 2 [ D e R
BRI PR /NN S AR T R MR SCAS 2 O Ik L 1B
bR RZANE TR E R AN BEREEN. B —Jrm, H oA
R BAT X I sk T 504 0 B, R R RO LSS I e 3
AT i o 5 3 AR (0 PR, BT LA S AT A e SO O AR
EBEAT ISR 7R A e 4R B R AT 0 B SR R R AT K
.

AR AR FR AT A 2 AR AR A T A R A L
WY 8 A AR, LA B S b 0 A R TR 4 AL Y A EAT 402 0 B
T2 3 ) At A I A A . B A RE 1
T A5 O P Tk 4 F R A CAN I A 25 H L IR 25 F S L LU
4 A T X BT R R 3R 3k T 2 LA B g 5 LA KA m 4
BORRA N 4 it J7 20 F¢ AF @l J7 U AT %0k, in7E BERT
F Ul T R B % 22 TR 2% TR AR 7 2 I 44 %) SE AL LR I 2% )2 Tk = )
AT LA SE A 50 A2 LA HE AT R AR LS B0 7E BERT 19 &4
Transformer J2 5 # #E4T — WCRHERL G, 0 4R 15 B 7E B 1 45
— SRR B A R A . LAk T AT b S B AR AR SR B, 47
w1 2 a3 AR A

2 £ x o

[1] DEVLIN J,CHANG M W,LEE K,et al. BERT: Pre-training of
Deep Bidirectional Transformers for Language Understanding
[C]// Proceedings of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computational Linguistics:

Human Language Technologies. ACL,2019:4171-4186.

(2]

(3]

[4]

L6]

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

ZHAO W M, ALWIDIAN S A, MAHMOUD Q H. Adversarial
Training Methods for Deep Learning: A Systematic Review[ ] ].
Algorithms,2022,15(8) :283.

HOCHREITER S,SCHMIDHUBER J. Long Short-Term Me-
mory[J]. Neural Computation,1997,9(8):1735-1780.

HUANG Z H,XU W, YU K. Bidirectional LSTM-CRF Models
for Sequence Tagging[J]. arXiv:1508.01991,2015.

MADRY A, MAKELOV A,SCHMIDT L,et al. Towards Deep
Learning Models Resistant to Adversarial Attacks[]J]. arXiv:
1706. 06083,2017.

LUONG T,PHAM H,MANNING C D. Effective Approaches
to Attention-based Neural Machine Translation[ C] // Proceed-
ings of the 2015 Conference on Empirical Methods in Natural
Language Processing. ACL,2015:1412-1421.

KIM Y. Convolutional Neural Networks for Sentence Classifica-
tion[ C] // Proceedings of the 2014 Conference on Empirical
Methods in Natural Language Processing (EMNLP). ACL,
2014:1746-1751.

KREUTZ T,DAELEMANS W. Enhancing General Sentiment
Lexicons for Domain-Specific Use [ C]// Proceedings of the 27th
International Conference on Computational Linguistics. ACL,
2018:1056-1064.

TENG Z Y,VO D T,ZHANG Y. Context-Sensitive Lexicon
Features for Neural Sentiment Analysis[ C]// Proceedings of the
2016 Conference on Empirical Methods in Natural Language
Processing. ACL,2016:1629-1638.

LIU Y H,OTT M,GOYAL N, et al. RoBERTa: A Robustly
Optimized BERT Pretraining Approach[J]. arXiv:1907. 11692,
2019.

LAN Z Z,CHEN M D, GOODMAN S, et al. ALBERT: A Lite
BERT for Self-supervised Learning of Language Representa-
tions[J]. arXiv:1909. 11942, 2019.

CLARK K,LUONG M T,LE Q V,et al. ELECTRA : Pre-train-
ing Text Encoders as Discriminators Rather Than Generators
[J]. arXiv:2003. 10555,2020.

JOSHI M,CHEN D Q,LIU Y H,et al. SpanBERT: Improving
Pre-training by Representing and Predicting Spans[J]. Transac-
tions of the Association for Computational Linguistics,2020,8:
64-77.

SANH V,DEBUT L,CHAUMOND J,et al. DistilBERT,a dis-
tilled version of BERT ; smaller, faster, cheaper and lighter[]].
arXiv:1910.01108,2019.

FENG Y,CHENG Y. Short Text Sentiment Analysis Based on
Multi-Channel CNN With Multi-Head Attention Mechanism
[J]. IEEE Access,2021,9:19854-19863.

PENG Z.LU Y.PAN S,et al. Efficient Speech Emotion Recog-
nition Using Multi-Scale CNN and Attention[ C] // IEEE Inter-
national Conference on Acoustics,Speech and Signal Processing
(ICASSP 2021).2021:3020-3024.

YANG H,ZENG B Q.YANG J H,et al. A Multi-task Learning
Model for Chinese-oriented Aspect Polarity Classification and
Aspect Term Extraction[]]. arXiv:1912.07976,2019.

ZHAO H T,MA C,DONG X S,et al. Certified Robustness A-

gainst Natural Language Attacks by Causal Intervention[ C] //



W 5 o A5« T R KT 47 SR i R B8 A R A 2 TR SCAR 9 IR 4326 Ty 1k

257

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

International Conference on Machine Learning. 2022.

XU Z E,ZHU G H,MENG C H,et al. A2:Efficient Automated
Attacker for Boosting Adversarial Training [ J]. arXiv: 2210.
03543,2022.

MA X S,WANG Z K,LIU W W. On the Tradeoff Between Ro-
bustness and Fairness[ C] // Advances in Neural Information
Processing Systems. 2022.

LIX Y.XIN Z,LIU W W. Defending Against Adversarial At-
tacks via Neural Dynamic System[ C]// Advances in Neural In-
formation Processing Systems. 2022.

MA F K,HU X M,LIU A W, et al. AMR-based Network for
Aspect-based Sentiment Analysis[ C]// Proceedings of the 61st
Annual Meeting of the Association for Computational Linguis-
tics. Association for Computational Linguistics,2023:322-337.
ZHANG H Y,DUAN L G,WANG Q C,et al. Multi-entity sen-
timent analysis of long text based on multi-task joint training
[J]. Computer Science,2024,51(6) :309-316.

LIU D X,DUAN L G,CUI ]J J.et al. Short text semantic ma-
tching strategy based on dual channels of semantic similarity
matrix and word vector[ ] ]. Computer Science, 2024, 51 (12);
250-258.

WU Y H,SCHUSTER M,CHEN Z F,et al. Google”s Neural
Machine Translation System:Bridging the Gap between Human
and Machine Translation[J]. arXiv:1609. 08144,2016.

SUN Z J,LI X Y,SUN X F,et al. ChineseBERT: Chinese Pre-
training Enhanced by Glyph and Pinyin Information[ C] // Pro-
ceedings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint Con-
ference on Natural Language Processing. ACL, 2021. 2065-
2075.

[27]

[28]

[29]

[30]

LIXL,LETY Y,JI'SW.BERT- and BiLSTM-Based Sentiment
Analysis of Online Chinese Buzzwords [ ] ]. Future Internet,
2022,14(11) :332.

DAI J,CHEN C. Text classification system of academic papers
based on hybrid Bert-BiGRU model[ C]//2020 12th Internation-
al Conference on Intelligent Human-Machine Systems and Cy-
bernetics(ITHMSC). 2020:40-44.

HASIBK M,AZAM S,KARIM A.et al. , MCNN-LSTM: Com-
bining CNN and LSTM to Classify Multi-Class Text in Imba-
lanced News Data[ J]. IEEE Access.2023,11:93048-93063.

HE Y S. BERT-CNN-BiLSTM: A Hybrid Deep Learning Model
for Accurate Sentiment Analysis[ C] / IEEE 5th International
Conference on Power, Intelligent Computing and Systems

(ICPICS 2023).2023:921-926.

CHEN Jiahao, born in 2001. His main

research interest is sentiment analysis.

DUAN Liguo,born in 1970,is a member
of CCF (No. 15823S). His main re-
search interest is natural language pro-

cessing.

(ST 4 B - T 20D



