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Abstract

This paper proposes a hybrid model based on RoOBERTa-BiLSTM-Multihead Attention (RBMA) to ad-
dress two major challenges in online public opinion sentiment analysis: 1) the difficulty of a single
model in fully capturing deep semantic features of text, and 2) the poor performance of traditional
methods in handling complex sentiment shifts and long-sequence dependencies. To overcome these
challenges, this study first employs the RoBERTa pre-trained model to capture semantic infor-
mation at the lexical level. Then, a Bidirectional Long Short-Term Memory (BiLSTM) network is
used to learn the bidirectional semantic relationships of sentences, thereby better understanding
contextual structures and text dependencies. Finally, a Multihead Attention mechanism is intro-
duced to assign weights to sentiment-related information in the text, allowing for more precise sen-
timent classification. Experiments conducted on a Weibo comment dataset demonstrate that the
RBMA model achieves superior performance in accuracy, precision, recall, and F1-score compared
to traditional models such as LSTM, BERT, and RoBERTa. The RBMA model more comprehensively
captures contextual information within texts, significantly improving sentiment analysis accuracy.
Further experiments confirm that the model effectively detects public sentiment fluctuations in
real-world public opinion events, particularly excelling in the analysis of emergency or crisis-re-
lated online discussions. These findings provide strong technical support for public opinion man-
agement in both government and corporate settings.
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Wit 2 L3R O A S8 AR PR PR A Ji, 2% BELE D8 Y T A AR R E T AN 0 B LR TE - i
MG S 22T & L RER A KR AERA R, AT T ARG B A, EX
PEMIBCHRAE 77 A4 7 IRE N . %5 T M2 B (O Bk, AT R 2 B A M P BAS U e B, T
R HTAL A AR R BRSBTS TR A AR BN, A BT AR B BRI E AR
i

e EAE b 2 OB TSt AE B b, R BRI T B IORS EMSREES, (HFHE
TAE P SCAT Ja R R R R A R 5 M AN SCAS 3 B M S R A2 3 SO, REwS
W AEAR NS 26 A . 2SR LA SRS 5 W ) B i

W SCARAR R M 5 =R, el 2k 1 AR S ik, ORI L as ) O 2k
RO, ERKBER RS, ARAANDHEMELTINRGMN, 22 ) R A . Rkl
THLERETTR, WAEFN R DU B B SCRFENLAE SR (1] IXMONAE IR B Ty,
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FBA IR G50 (1) 2 A A0 B 20K SO S e RN TTVE (2] AERBE 27 2] SUSH 2 Pl R i AL, &
FEGFIMZ M 45 (convolution neural network, CNN) [3]. B #H£: P 4% (recurrent neural network, RNN)Z%,
NfFEYE RNN BRERETH RS )@, BT KB RHEIZ M4 (long short-term memory, LSTM) [4]F1 [ 1451/ 34 #.
JG(gate recurrent unit, GRU). {H A 1X £ 25 B AR 22 () 28 15 RN i 78 9 SR AR TR SURFAE, 1R 2 %508
i Z YRS RIR TR I M RE ARSI PE . A2, 1R T — M £E 2K R 52 7 43 Bid (Latent Dirichlet
Allocation, LDA) AR IR 545 B £ [ 4% (Convolutional Neural Network, CNN)AHZE & 1 SCA S B Hr 77
W[5 M H LDA 3= USRI ZRAG SCA I8 ARG S5 1A s (F /890 An), I3 R i 171996 24 52 70 (Gated Re-
current Unit, GRU)[#) CNN fE 4432848, GRU-CNN JaE T i 5ia 2 (8. XA CAZ BK R, Mk
T ERSEE A . AIEE R T 3T Word2Vec 5 HES W A K46 I 1Z(Stacked Bi-LSTM)f]
B, FIH Stacked Bi-LSTM AL S HES 2 XA LSTM 2, X7 F1EH 32E 47 IR B2 AR Ak S8 )45 At
P TR IR IR [6]

AR, IR SHE A SUAR TS B T B HOR, |2 [T B 70 b, JREUS 23 iR « Wang, Wenyi
B o A 43 BELI 43 AP R X DA MRS 40 AT 25 ks X KRR [l 7 4 BELS SCANE R ), 4R T — B R TR
SFEL G 8777, ¥ BILSTM Al ARIMA BAAHES &, {8 H BILSTM 17518675 SRR AL X0) s el 76 4 B
G SOREAE HEAT TR 20 A7, JETTTKE ARIMA RS RS 22 43 AN [R] FilAb 22 5 BILSTM AHZS &, S8k 1 X HE
LESBFB TN 7]. FLEFRM T —Phgh &G04 P 28 A R0 12 (CNN-LSTM)IR FE M 2%,
TXF Twitter B EEATIE R AT(8]. A FH @I Bi-LSTM $& UM A A7) 7 R 1IE, 456 XUETE
BTN 22 2] & GURFAE R E 73 A, DAk Iy 27 6 JR S0 17 A5 B B SR e i A o 28, 481 T 1B I T
PERE[9]

AR, BHAE TN SRTE 5 ARG, R T A a0k 1R B R . T ZRiE S 4L BERT
(Bidirectional Encoder Representations from Transformers), 18I KU TC I B FI 2524 218 & Ron,  BEfE
FEAR B HTAT 55 B A M 42 B R SUE B iIBRAME M 081k, 2 A BRE S REAT 5 T R I
TARSFRIPERE[10]. RoBERTa (Robustly optimized BERT approach) & 7F BERT (Bidirectional Encoder Repre-
sentations from Transformers)f& 4 (1) S it _F 47 6k AL AL IR A . RoBERTa 18 I 1 B RIS ) SC A Hi i
SHATIIZR, b BERT ISR E 2, FISAESMEME R, FH5IN T —25Em i
HOR, nzhaSHE . A I UIZRIN RN EE R (At & R/, DLECE R AL I PEREAZ AL RE ), FE 2 HARIE
5B S5 ER T L BERT B AF AP RE .

SR B — A5 ] — PP B ATS [ Wi A S BROSCAIR Z 18 SCRFIEAN 2 ASFAVEZ I ) . T4k 3T BERT
F1 RoBERTa 5 T SR8 () SCA N IR A BTt 78 3 5 A e o X oA 3 i MU ASS00HE 1) 1) 3 2% ) R AIE
SRH, S T EAER R T RIS T —M45 & ALBERT. LDA 1 K-means ] LK-ALBERT
B, F TR SOSCAR A8 AR PR 3 2 (110 2B 1) 3 RURFAE S22 M A LDA 456 K-means MU AH
e A B RN N BRI M & . G 1SRN O SO BRI R P IR M ) R, B TR T
RoBERTa fifi & X ] KR 12 W0 4 J2 ik 3 a9 RBLA RERY[12]. B R fdE Y BILSTM X Bl /s se
A BN SCHATRHERR A, TRAN T ISR S BN SUE B RIERG, [FIRFSIN Attention ML, xR
15 OO AN [R] 23 R B UG BRI HEAT B V5, e fp 1 2R B R R, SE 1 X SORIR |2 R
TERIHR L

VP2 O 2 R0 7 A BN GRB B AT B A i vk SR BRAEER T — Ml BERT £ 2K
FRIE R SCA 7> FRE R (BERT-MLFF-TextCNN), - I T £ 5 R & BITE IR SCAR AT 15 AT 13]. 1%
J7EE YA BERT TIZRBE R N SCAR BT i, FEERICE G2 175 SURHIE I E AT L&, R )5
RN EE S B R SGBERR AR, SEIARFAE 1A M H
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IR SR I B DN SR, fE BRATE R A S BUR S RIR . BT, AR T
— 3T RoBERTa fil &% % ——RoBERTa-BiLSTM-multihead Attention (RBMA)#i%!,
2. RBMA &E

DR B — A5 — P AL AT T o R BRSO R 2 00 SURHIEAS A« SR PE ZE B ) R, ARSCHRH 12T
RoBERTa WA, &5 H] RoBERTa Tl il ZRS 8 KAl SR VP16 o 2 3m R 0F SCRFAE, 32 1 4 FH 0Ll
FHNICAZ M 28 (BILSTM) R 2% 2] 1) F BB R A1 XAE B, DA IR A7 N ARG &, AT B8 4 e B8R A2 S
AW RS, SR SCARTR E IR R FR . B &8 R B ML AT 1B BB T A, A3 I R
5.

RBMA HRAIEMANE . FIZEAE . BILSTM /2. Attention J2. &R EMNHE, HAEAILE

it 1 AR .
i ﬁTJ = Output

[ Softmax ]

W2
\ ///\\\
ZVERNE /)

e B ey

LSTM-LSTM}{LSTM-— --- [LSTM|
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Figure 1. RBMA model
1. RBMA &8

IPAVES

N JZ I AR F s SR G SO S i o R n] DU B R B AR s e . X — I FR i de i
WA ER R, QO S gmID R AbR AL B, B R BRI TAE S . NG, XAREBIREE )
) A Gmi e, A2 SRR REA AR 1E 7§ (token 1Ds)FITYE & /) HERD (attention mask). 2%, Wik HdE x0T
FRIBETE, At () EE RN B AR T L B Y Re g e 52 I P U X, DUE T 5 SR A R )I 2R A s
RS
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RoBERTa JZ:

ROBERTa =411 1 Wiy N\ SCA S iy vy 24 FEAT SCRIR IR AR 8 o 008 Pl A 0 2 ) B (11 5 e
FHE XSS, BN SRR A EER M RERR ., KR EAMURE 7 RIm GO s G S, S e
A FHA E R SR . RoBERTa JZHHH, 1ENEEEEMEH(MN A LSTM M BT JE)RHEA,
MBI SR A T = 8 BIE SR, SRR R A8 175 I 23 BT S5 AT 55 v A b B A A 23 RS0 AR AR

EHINMTBL: RoBERTa EHUNA T BertTokenizer AbFEI4 N AR YE, WHESCAN token IDs Al
attention mask.

YA By @ I 25 RoBERTa 4% (BertModel. from_pretrained), K4 A token IDs Al
attention mask /£ X\ RoBERTa #:{H. RoBERTa #& P HH £ )2 Transformer 4mh#s 4, ZEH 2
SkEVER VB AFT B LML, H TRz i A\ SR RIE B .

it B Bt : RoBERTa JZ )4 H A& e Ji — M BBUIR 25 (last_hidden state), B L7 T 44t £ 2 Transformer
AR5 AR token FTE RN . IXEEFRIRIREE T IRVCAEA FERESE T 138 XUE B B RO R,

BiLSTM JZ:

BiLSTM JZ it [F] i) =5 i 24wy A 7 F1 A1 e A 1045 S, A Rt 2 20 &G £ H B RS0
T SR RO o X X m) 25 A4 AT 45 452 R e A% B 4 T b PR A ) R SCAH RN B 5 4, T 2
185 A BT 55 H AR TE 5 AR BT 55 TR PRI R I 7T

RS

R — Fh RS 22 ST RN HI A &S TR R R L . X TR F IR SN R, F
AL T DR SE H 5 7 HA TR SR, SIS RUAE . 7F Transformer A, HEE I EH
J MR, e Rz 0 BAR R T B A (query) s $E(key) FUE (value) AR BLREE SRk .8 AN Je = % HoAthoo
RITTEATEREE, I SEHUE B InAUE & .

TEARAR YRR 2 AVE R ZALE BILSTM Zwht #8 %i H  SCARFR R BEal b, 8l 51N 2 Skid B bl
R RO R . HER AL VA RAE A R A7 B )15 (8] @ SZ A E AN R OCHE, AT SE R
HiFHR A BE B AT G R o T 2 ShidE B UML) SO VAR Y [ I 22 AN SRAE T 25 (] (k) 2 S RRIE R 7R, AH
BTSN BERT), ZREERE TN T 5 A B A B S B AR

HALJZ

I XS Attention Z 4 H 1I°F 223t Ak (mean pooling) K75 21— AN ] 52 4K B I AR AIE 2 7 AT A8 75 28w DA
AL PEAS [ FE R H N P 81

EIERE:

IR EAE PR EN IR A R A 3 TR, B AR S 42 42w b T SOf i 2t As
PR LIS, K AR I X )RR AIE 2 [B) 5 A& A F T 20 SR TIOR3

AR R R — AR, TR N 1R[] 5 K PR AE [ 6 2 45 Sy i ) 28 ) 2 A [ 1) )

Hi )=

TEAKE R Fhgr it )2 (self.output_layer) FIAE A28 285 4% 42 )2 A B 5 AR 7R, 83 softmax P2
¥ R IR0 o IR AN I R AR TR B 0% A RSO N SCAR A3 R T 25 5, IR S B SR A
Pk, TGP sial.,

3. IRHERS S
3.1. BIEKRE
A R BEE SRR A CSDN Mk, ZEdREEE T HEh 2 /MEE FTHREE NS, 8%1Fe
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A T BRE, FRC AR EGE R . X PR B bR LR 2 T O U R B R S ) 14T R
B TEFE B B X L U A AR 51 R B B B o 8 I IR SRR VRS, FRATT AT DA R VR4 15 2 o) B AR
AU RE, AR AN R AN RS R A AR I R R IE NS FE

s 4 B FR 2881 (label )i I BRSSO TE A “HRAR” F “IE AR 7 S A EETE (1 A 0),
DAASE A5 Y i A A B AN I 250 4525, B SRR BE AL 70 FR I SR RIS UE L, 3X 0 20 B0 T Y 1)
WEAPEREVEAS . B )5, FSCCA I BertTokenizer #E47T 4mtS A3 78, LA /£ RoBERTa & & 1% A\

R AR TR0 T weight decay ZHURSLEL L2 IENfL, FRAEBA PRI T Dropout /2, P/ id
WEME . MBS R, LI T B4R R U R RE,  FEAE0 UE 17 2k A B PR AR 45 1E
VIES

3.2. BHIRE
N TAERBE BRSNS R, ALREAT SRR EWE | Pos.

Table 1. Parameter list

1. 8%
ZH WE
Batch Size 32
Bt e AL 768
Epoch 10
LR le-5
ER= WA 8
dropout 0.5

3.3. TN AE

ARSIk FHUERR S . REREE . A EIZEA F1 - BUE AR PPN Fa b5 . A TP (True Positives): 3 iE
B, FERER TN IEZRAFEASE . TN (True Negatives): FL 76, R EHH TN G 2R REA S &
FP (False Positives): B IEG]. AL 1R O S RFEAR TN IESE M4 E . FN (False Negatives): {14l
LTS i 13 P T AR AR T 9 67 2R (1 4

HERA 2 (Accuracy):

R e & AR PO R AR R A LU, R BB PRI AR AR 2 — o BT TR S S TR0 2 LA
B eI .

TP+TN
Accuracy =
TP+ TN +FP+FN
K1 % (Precision):
R SR Al B R AE PO O IE SR AR AR, IR IE SR EL] o 8 DRV IR S AR AL Tl oAy 1 S 1y v
Bt .
Precision = TP
TP +FP
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H [F] % (Recall):
A [a] R B T AR RS IR A IO H A E 2R PR AL . 8 DRV IR AR AR TR IR SRR AR TR A RE T
Recall = TP
TP +FN

F1 73%0(F1 Score):
F1 73 HUS S A B A AME, L8658 TR HER A H [BIRE 7). 2EASF- 2850 i) %L
PR A H o

F1 Score = 2% Precision x Recall

Precision + Recall

3.4. XfELAREY

HFIRAE rbma BURHERER B 1, ASCK rbma B85 LUK 5 RO SRR AT T LSS

LSTM: —F BAG KBRS C 12 B8 T AR VAR 2 P 2%, K A 33 RN T30 B [ 7 27 5040

BiLSTM-CRF: FJH XA LSTM i L F3CAE B, Hlid 24 BE NS (CREMALT FIAREAT 5 FIFR 2
F7- 5 i th -

BERT: ffi F{X{[A] Transformer %fid#% 4 il bR SCHHICIR RN, & T2 Bl H SR 1 5 AL 355 1) T
P it

BERT-CRF: £ BERT 2 ) b N SCHR TSR bR S4B R, DAL FIAREAT 55 BIRR S T 51 H

RoBERTa: fE24 BERT Hifidthi, RoBERTa i#id 2 Fk BERT ) Next Sentence Prediction £ 55334 /in
WIZREAR AR ], 3@ T T ZRAsi 284 (1 14 e

SRS R 5 M

NT rbma BRI HERYE, ASCH rbma SRS LUR 5 R ML BRI RYEAT T b seEG . MIK T e
TIER R . RS, HRIRAFL Y, Hseihst Bk 2 s,

Table 2. Comparison table of experimental results

2. LWEERIEER

EEiER ATES RS HIEl R Fl {8
LSTM 0.813 0.822 0.806 0.809
BiLSTM-CRF 0.835 0.828 0.814 0.824
BERT 0.917 0.923 0.914 0.915
BERT-CRF 0.924 0.931 0.918 0.921
RoBERTa 0.935 0.933 0.924 0.929
RBMA 0.952 0.962 0.947 0.949

M 2 A LAE H RBMA #i%1 5 LSTM. BiLSTM-CRF. BERT. BERT-CRF. RoBERTa H#Hl#x
UFff) RoBERTa HERUAHEL, FEVERIR LIRTF T 1.7%, TEFETHR LIRFF T 2.9%, fEHFE LIRTT 2.3%,
7E FIAE B3RTH T 2%, X 368 RBMA SRV AE R0 15 B 14 (e i 1 A5 21 7 203, B TE- PRSI R
A BRI B . AE 2 FTRAE A B, RBMA SAE & IR br F I B T HARSAY, HF
BIRAERSHR. AEFRAMFE L, RBIMEEB AR,
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Figure 2. Comparison chart of experimental results

& 2. sSEIGLERITEEE

il id 454 RoBERTa HAY (¥ 5 K TN ZRiE L3RR . BILSTM X KL OC R AU, DA 2 30E
& IR E A A S AL 0 IE, RBMA BB RES B8 4x T Mgk UOCAS HOUR 2 18 ik, 2 Rk
AESRHR _ERIRE S BB RIS Th o TX A T A7 A BE AT 0 175 TR A AR AL 7R SR A B ) SOAR I, R I B

ARG
3.5. S 4T

NBE—LIRIE rbma B AHERYE 5 SCIVE, AR I IC RO T “33 2 LR IRAEAE AR

VER TR 2248 A0Fi6, R DDA I RIFR AR 7 .
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3T 400
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Figure 3. Timing chart of the number of comments
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ME 3 ATLVE W, ST, PHEHCRRRE, B)e A2 B R, SRR HR 3
B, BERE\A - HEJ M ReRE, AR, IRIRECREAR, FAERNTIZETIE .

i F] python H1 () Jieba X B df AT FALEE, BETTAEH] roma B AL HE 5 1 SCAHAT I BT LA
RIBCNZ G|, Geit R RSO M IE AR PR AR 5 7 S BOFIR BE,  FO S IBUR A P . AT e
B HERIE SR TR TR A AR RS -
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Figure 4. Timing chart of the number of comments
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463 453 464 459

M 4 T BUE Y, B E AN BT, AU R IRE BT FARIE(E, T I R R B
SRAE LTt (B STV R AARFE M, JF & [FIBE AR TR B IS ok

X AT IRIE T RBMA R A Ak 2 IR St S 06 1R 0 A 55 B R, JC A S SRR 1 1) S
T T R I . 3 PP I BOE M EU(E AR, BT 3 1 A AR IRl 1 oL, thk
LT AT VRSB T IR 5 SR RE R R AR, VBRI BRI T 13Kk, AT, il RE
WARBL, PP b W 15 B AR (K SCACI AR PR HE L AT A S0 22 ) o R OR AT DA% Rl ol 48 i e ol ik
BMGIANEZ ETRXEE, PR TR G2 T 5t (AR B

4. g

AR RoBERTa-BiLSTM-Multihead Attention (RBMA )7 [ 2% BeLA 155 BG40 M7 o FE B 1 e o
FIMERE . BT 454 RoBERTa THIZARETY . BILSTM W45 LA K % Skik i JJHLH], RBMA R et A & il
PESCAS A R JE 15 SURFAE, - ATt v 175 188 0 A 0 9 A P ROR 10

LI AR KW, RBMA BAITEAR RIS RIS T AL G B dr ik, A s — A,
RBMA AR B A T E /8 BN SUE R, b T A5 G 7 AR AL 3K 51 B i 5t B PR s BV R A
BE RN,

REE Ik, RBMA BURMAZAE— @ )RR . B5, BORIZRd AR E 4%, Bou T Bs i /&
SRERT, ATRETE KA S B I f T e — e Pk . ok, B FRIRE RS, FE—2dmai
Fo FJa REBBIEZHUEST FRIRLF, (H7E A FAT 50 ZUR B AR [ SCARIN, A5 (1) A 1 7 A 2
Fh22 18]

KRB TR LA S — DR B 450, BRI RS E, RS A N FEE I LR UE BT
TH RV AU . Ak, B RT PAKE RBMA #5881 A 2R Y () SRS 40 A, dnr= s B e 4y
Mra, DAIGF I8 F A et .
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