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Modal Particle Recognition and Classification Based on WBA Model
Fused With Sentence Features

YANG Jincai, GUO Qingchuang, LYU Wenjie, SHEN Xianjun
(School of Computer Science, Central China Normal University, Wuhan 430079, China)

Abstract: Modal particles are the main way of expressing mood, which can express the speaker’s emotions and true intentions. Identifying
and classifying modal particles in sentences helps to grasp the true meaning and emotional tendency of the sentence, thereby improving the
performance of natural language processing tasks such as machine translation and sentiment analysis. The usage of modal particles is relatively
flexible, and the same modal particle can often represent multiple moods, which poses a challenge to the automatic identification of modal par-
ticles. Therefore, a WBA model that integrates sentence features is proposed to recognize and classify modal particles. Firstly, WoBERT is
used to pre train the corpus text to obtain feature vectors with contextual information; Secondly, external features such as part of speech, de-
pendency syntactic relationships, and semantic dependency relationships are integrated on the basis of feature vectors to enhance semantic in-
formation; Finally, the BiLSTM model is used to capture the semantic dependencies of the context, and the self attention mechanism is used
to filter features to further improve the model performance. The experiment shows that this method has achieved good results in modal particle
recognition and twelve classification, with macro F1 values of 98.19% and 88.74%, respectively. Compared with different models, it further
proves the effectiveness of this method.

Key Words: modal particles; sequence annotation; WoBERT; feature fusion; deep learning
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Fig. 1 Dependency syntactic relationship of example 6
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Fig.2 Semantic dependency relationship of example 6
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Fig. 5 Internal structure of LSTM
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Table 1 Distribution of language materials for various
modal particles
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Table 2 Model parameter settings
x2 HBESHIRE
2 S i
Optimizer Adam
Max_learning_rate 0.000 1
Min_learning_rate 0.000 01
Epoch 10
Batch_size 32
Dropout 0.1
WoBERT i [ 14 2k 768
AR 305

4.3 LEIE

458 1w ) e BERVAE P SR IS A T2 L
T T PR AR (A A, S R Hp ol AL B 1] 1) 1ok
BRI A R 7R SCARRRAE | F 45 B8R 2 ) Hhow Y
RNN . LSTM } BiL.STM #2847 15 inl 432 5 iR 51

AL Word2Vece BB 75 i S An 1 1B L3k T
i) ) S I 5, 3] 1 s I 2R 9 557 R Skip—Gram , 18 8l 4 11 1)
KN 5, AR BB R 100, 1] ) H 48 B o 300, 76 I 25
568G L R TR 1) 2 A RO IO 8 TRl A A B H A AR
B gE A Ab . Ak, BERT . RoBERTa  MacBERT 3 /& ¥
GIbR T S R AR, S e FON H TR AR S
G RAE S 5 H AL A SEAT H AR, SR A R £ 3
Fim

30 W, i Word2Vee 3 /8 X AR B 1F )5,
Word2Vec_BiLSTM if S inl PRI A8 R Jef, FL{E 4 91.14%,
AH % T Word2Vec_RNN . Word2Vec_LSTM #5554 43 51| #2 T}
7.3%,0.12% . FE X i SR #4770 0, Word2Vec_RNN
Word2Vec_LSTM & Word2Vec_BiLSTM f4 F1 18 43 % K
24.56% .24.89% ,53.40% , AR A R A 2%

FEEFH B R 38 7R SCARFRAE RS , MacBERT 7615,

Table 3 Experimental results of modal particle recognition and classi-

fication
#3 ERARIESEIKRER (%)

Algorithm Accuracy Precious Recall F1
Word2Vec_RNN 96.68 98.25 76.60  83.84
Word2Vec_LSTM 97.95 98.88 8559  91.02
Word2Vec_Bil.STM 97.97 98.88 8576 91.14
P BERT 99.32 96.09 98.90  97.45
RoBERTa 99.20 95.26 9893  97.01
MacBERT 99.43 96.82 98.88  97.82
AR 99.54 99.74 96.75  98.19
Word2Vec_RNN 45.70 29.93 2550  24.56
Word2Vec_LSTM 49.07 3171 25.84  24.89
Word2Vec_BiLSTM 70.69 67.17 5021  53.40
s BERT 88.14 81.81 7925  80.32
RoBERTa 87.37 80.51 79.06  79.56
MacBERT 88.74 81.47 80.59  80.86
AR 91.22 88.80 88.86  88.74
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Table 4 Experimental results of modal particle recognition

F4 BRIARHIPIHER (%)
Algorithm Accuracy Precious Recall F1

WoBERT 97.33 89.49 9045 89.96
WoBERT_LSTM 97.43 89.84  90.93 90.38
WoBERT_BiLSTM 97.47 90.18  90.72 90.44
WoBERT_BiLSTM_Attention 97.50 90.05  91.29 90.66
WoBERT_BiLSTM_i# /] FEAiF: 99.32  97.11 9781 9746
WoBERT_BIiLSTM_POS_Attention 98.28 90.75  97.96 94.00
WoBERT_BiLSTM_DEP_Attention 98.30 92,56 9494 93.71
WoBERT_BiLSTM_SDP_Attention 97.55 90.29  91.44 90.86

WoBERT_BiLSTM_ififJ#1E_ Attention ~ 99.54 99.74  96.75 98.19
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Table 5 Experimental results of modal particle classification

AR, K X 20 AR AT U S e 2K B TR IR
7 R, TR TR A B S 6 AR B AT IS, AT
SRR (992 AL RE J7 ORI, DA — 2B SR B AU 5

x5 BERASENIRER (%)

Algorithm Accuracy Precious Recall F1

WoBERT 76.06 7748 6376 69.70
WoBERT_LSTM 76.53 7674 64.69 70.04
WoBERT_BIiLSTM 77.54 7775  65.08 70.80
WoBERT_BIiLSTM_Attention 73.74 7576 6172 67.39
WoBERT_BiLSTM_if A5k 90.95 84.27 8259 83.34
WoBERT_BiLSTM_POS_Attention 91.37 83.76  83.32 82.90
WoBERT_BiLSTM_DEP_Attention 88.35 84.54  79.91 82.01
WoBERT_BiLSTM_SDP_Attention 66.22 81.54  60.86 69.54
WoBERT_BiLSTM_ifi ) F#{E_ Attention ~ 91.22 88.80  88.86 88.74

0.42% .0.48% F110.34% . 1.1%, J5L K JJy BiLSTM % tH 11t &5
A W SUE B RSO 4. 7E WoBERT_BiL-
STM | %5 Attention L1 J5 , 18 <18 L5 ) FI1{E #2 T+
0.22% B2 F1{E F K 3.36%, J7. 1 WoBERT #5581 £ 41
T AER VLR A A AT I A SRR 1 SR
EEAEARL N A HEE AU T AR S R BUE B4, iR
RUE DL X 7 B (5 B, FECERE R . 7F WoBERT_BilL-
STM _E W8 It A R AR Je L 78 SR U5 5 20 2510 11 530
PETF7.02% . 12.54% ,WE B TR P ARAE A B SUIKAE S
HPEBFFAE XA RN 5 4 JE B BRAE .

AR IR B SRR AL T A Sz 48 SCAR IR SUE B
AE AT (HN TR R iF A A RE R (L O 4 A X
FE . I, TEA B AR A5 & N TASIE SR 2= S HioR
AEAERE = A AR5 IR

1 WoBERT_BiLSTM_Attention _F 43 %178 s P& AR AT
AIEE T SUIKAFERE IS, 180U 5 20 25 09 LR 3 90 42
Tt 3.34% .3.05%.0.2% 1 15.51% . 14.62% . 2.15%, i) V£ F1
WAF )RR AE AR SR T 38 SUHAE R AR I 5 A6 8RB 4
TE Fil 4 18 A R E 1 WoBERT_BiLSTM #5 #1 JL Al 5] A H
WAL RS 250 FLE S 504 55 0.73% .5.4%,
JEC PR A il REAE v 25358 0 ) AR JE IS M R] , PT BEAFAE
TUARAE B A0 A R AL R I 5 B AR E b i G EE R L
T 3 2 2 T A W] AR SR R R A

g5 1L B AR AL AL RE $2 THEE AL 8 B E
AYERURREE | I B AU PR TU AR 17 BRI B A R

=AU
5 45iE

AR SCWFFE T AR B R0 5 4 AT 55, BT WoB-
ERT.BiLSTM B RUFT [ 3 & I ALHIH 1 T filA i A RRIE Y
WoBERT_BiL.STM_Attention 1% /< 1] 1 51| 5 43 JE AR R . 51
95 F A, AR S A AL G ] ) e AL 5 o R
TG, 75 AGE AR5 1 2 ML e A AR RE AR 2 T
EHTL

B E k-

(1]

(2]

(3]

(6]

(7]

[10]

[11]

[12]

QI HY. Mood particles and mood systems|[M]. Hefei: Anhui Education
Publishing House,2004.

. EAIL BRI AGIM] AL REACT hRAR 2004,

LYU S X. A brief introduction to Chinese grammar[M]. Shanghai: Com-
mercial Press, 1984.

B, f B SUERes M) L 40 548, 1984,

NI Y. Research on the modal particles of modern Chinese at the end of a
sentence and pragmatic function[J]. Journal of Mudanjiang College of Ed-
ucation, 2013(3): 19-21.

BF . ARIIEG AFAARLFRARAL (], BATHT FR
FR, 2013(3): 19-21.

RANG Y C, MA J. Image caption—based multimodal alignment sentiment
analysis model [J]. Data Analysis and Knowledge Discovery, 2024-04-
12. http://kns. cnki. net/kems/detail/10. 1478. G2. 20240408. 2010. 002.
html.

BRI, G, TR TR S BE T AR [J/OL]. &
5 5 4 it K L, 2024-04-12. htip://kns. cnki. net/kems/detail/
10. 1478. G2. 20240408. 2010. 002. html.

RAODN, XU Z H, LIANG R S. Research on answer generation based on
knowledge base question answering[J]. Computer Engineering, 2024-04-
12. https ://doi. org/10. 19678/j. issn. 1000-3428. 0068433.

BT R EME, R R T ER A0SR R)] A
M T A2, 2024-04-12. htips://doi. org/10. 19678/j. issn. 1000-
3428. 0068433.

GAO M K. Chinese grammar theory [M]. Shanghai: Commercial Press,
1986.

B YL, BEERE (M) Lk H 44 448, 1986.

HUANG B R, LIAO X D. Modern Chinese: revised edition[ M ]. Beijing:
Higher Education Press, 1997.

TR, AR ARE ST M
1997.

HE LS. A dictionary of ancient Chinese function words[ M]. Beijing: Chi-

1o R HERF BmAE,

nese Language Publishing House, 2006.
TR . FARGEEIFFA [ M]. b7 35 A, 2006.
WANG L. Modern Chinese grammar[M]. Shanghai: Commercial Press,
2010.
I, FEAREEIM] & W49 548,2010.
CHEN H L. The POS tagging system of ancient Chinese function words
based on Bi-LSTM-CRF[D].
and Technology, 2019.
M K &, . T Bi-LSTM-CRF ) & iR 3& & 33 9 M AR 2 R %[ D
WA A K F, 2019,
ZHOUY H, MULL, ZAN HY, et al. Research on automatic recogni-

Wuhan: Huazhong University of Science

I K

tion of Chinese modality usage [J].
(23): 155-157,161.

FUAAR B A3k F L SGEE AN ke A SR AT,
M4, 2010, 36(23): 155-157,161.

WANG Y H, LINM, LI'Y L, et al. Research on embedded text topic

Computer Engineering, 2010, 36

model based on BERT [J]. Computer Engineering and Applications,



142

BAE 5 A

2025 4

[19]

2023, 59(1): 169-179.

EFWH, AR, 5%, F . K TBERTH# AKX LA L AEAR
[J]. #H3Autels mm, 2023, 59 (1): 169-179.

YANG J C, MA C, XIAO M. Relation recognition of unmarked complex
sentence based on feature fusion[J]. Computer Science, 2023, 50(S2):
69-74.

A, LR, H . A THIERESGAFL S X ZR51[)].
#2023, 50(S2): 69-74.

ZANG J, LUJT, WANG Y, et al. Chinese short text sentiment classifi-

it FA

cation model integrating dual—-channel features [J]. Computer Engineer-
ing and Applications, 2024,60(21) : 116-126.

PR, SHE, EMF, . RS WGE M A AR 6 F AT R B AR
R[] ST E 2R, 2024,60(21):116-126.

QI HY. A dictionary of the usage of modal elements in modern Chinese
[M]. Beijing: Commercial Press, 2011.

FP. EARS REFEIEIM]. LR B4 48,2011
GOROKHOVATSKYI O, VNUKOVA N, OSTAPENKO V, et al. Se-
mantic—based clustering for education—science—business interaction bib-
liometric analysis[ EB/OL]. https://ceur—ws. org/Vol-3664/paper10. pdf.
MONDAL S, BARMAN M, NAG A. Question classification task based
on deep learning models with self-attention mechanism [J]. Multimedia
Tools and Applications, 2024,84: 1-30.

OU H, YU L, TIAN S, et al. An adversarial-example generation meth-
od for Chinese sentiment tendency classification based on audiovisual
confusion and contextual association[ ] ]. Knowledge and Information Sys-
tems, 2023, 65(12): 5231-5258.

CUI X, SONG C, LI D, et al. RoBGP: a Chinese nested biomedical
named entity recognition model based on RoBERTa and global pointer
[7]. Computers, Materials & Continua, 2024, 78(3) :3603-3618.
SHAYEGAN M J, KOJOURI S. A deep learning approach for sarcasm
detection on Twitter[ EB/OL]. https: //ijict. itrc. ac. ir/article=1-613-en.
pdf.

YANG J C, CAO Y, HU Q. Automatic recognition of causal complex

sentence relationships in Chinese based on DPCNN model and sentence

[22]

[23]

[24]

[27]

feature fusion[J]. Journal of Chinese Information Processing, 2022, 36
(9): 19-27.
Hit A, Wt . kT DPCNNBERL 5 35 &) 45 48 ok & 09 535 B R 3
A4k R BFHWAI] FE &SR, 2022, 36(9): 19-27.
LIU H T. Dependency grammar: from theory to practice[M]. Beijing:
Science Press, 2009.
Xt ARAEEW AL TE[M]. AR AR dORAE, 2000.
YU J S, SHI J L, YANG L E, et al. Automatic transformation of en-
hanced dependencies in Chinese[J]. Journal of Chinese Information Pro-
cessing, 2023, 37(10): 26-33.
RS TS A EEIL, . RN RIR A R AR R]] .
4B 6 AR, 2023, 37(10): 26-33.
LIU Z, TANG H, WANG N Z, et al. A text summarization method com-
bining RNN and sparse self attention[J ]. Computer Engineering, 2025,
51(1):312-320.
AL EE,ETE,¥. BORNNSHRAZE NG LA LT %
[J]. 542, 2025,51(1):312-320.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you
need[ DB/OL]. https : //arxiv. org/abs/1706. 03762.
ZHAN W D, GUO R, CHANG B B, et al. Development of Peking Uni-
versity CCL corpus[J]. Corpus Linguistics, 2019, 6(1): 71-86,116.
BLAHH,FEER,F. WRFCCLEMFGAH )], EH#E
#F 4, 2019, 6(1): 71-86,116.
ZHAN W D, GUO R, CHEN Y R. The CCL corpus of Chinese texts,
available online at the website of center for Chinese linguistics (abbreviat-
ed as CCL) of Peking University [ EB/OL]. http://ccl. pku. edu. cn: 8080/
(t(tl_(t()rpus.
XUN E D, RAO G Q, XTAO X Y, et al. Development of BCC Corpus in
the context of big data [rl. Corpus Linguistics, 2016, 3 (1) : 93-
109,118.
HRA B, WU, . XHEF T T BCCEAEMGHA [J].
EHEE T S, 2016, 3(1): 93-109,118.

(FTAE % 57 2] 35 L)



