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Abstract

Multimodal sentiment analysis encounters issues such as the loss of local features, insufficient

NESIA: B, RKE BT ZRUERE S SRR i 2 ST T ALD]. N TR RS HLA AT,
2026, 15(6): 1391-1407. DOI: 10.12677/airr.2026.156126


https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2026.156126
https://doi.org/10.12677/airr.2026.156126
https://www.hanspub.org/

FI R

utilization of non-linguistic cues, and noise interference in cross-modal fusion when dealing with
heterogeneous modalities like text, audio, and vision. These problems significantly weaken the model’s
discriminative ability and robustness in complex sentiment scenarios. To address these issues, this
paper proposes a robust multimodal sentiment analysis model based on multi-scale fusion and con-
sistency optimization. In the feature extraction stage, the model combines the pre-trained language
model DeBERTa to extract global semantic information from text and utilizes a two-layer cascaded
1D-CNN to capture local dynamic features from audio and vision, achieving multi-scale feature ex-
traction. In the cross-modal fusion stage, through joint sequence concatenation and dynamic adap-
tive masking, high signal-to-noise ratio cross-modal interaction is achieved under the guidance of
text context via multiple layers of Transformer. In the prediction stage, a classification-regression
dual-branch structure is constructed, and consistency optimization is used to constrain the con-
sistency of polarity and intensity predictions, thereby enhancing the accuracy and stability of sen-
timent prediction. Experimental results show that on the CMU-MOSI and CMU-MOSEI datasets, our
method outperforms multiple baseline models in terms of Acc-2, Acc-7, F1, MAE, and Corr metrics,
demonstrating the framework’s excellent recognition performance and robustness.
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Figure 1. lllustrates the overall architecture of the research methodology in this paper. (a) Represents the framework for feature
alignment and unified sequence construction; (b) Represents the framework for multi-scale feature extraction and mask barrier;

(c) Represents the framework for cross-modal fusion and prediction
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Corr =

(52)
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{-3,-2,-1,0,1, 2, 3}H. HAKK» A2 ARN:

Acc-7 = %Zil]l(max(—s, min (3, Round( ¥, ))) =y, ) (53)

Hoh, () HREEL MBS ARSI EUE N 1, A 0.

A0 B S0 A B3 (ACC-2, )¢ 1ATEATAS LS IS — VA N IE I Gt o AR S i 2 A /R 2

FSe, EHIEATET 0 WHEH 1 GERM), R0 0 (k). 8 AR

ACC-ZhasO = %ZlN:l]I(H(S\/' 2 0) = H(y' = 0)) (54)
A, SMER () USRS RS 4T AR A AR A 5 2SR RO A AR [ e 4 — B BL 1, 7500
HLO; N g4 il st Re A%,

S R 10— 43 2 U BB (ACC-2,0 )9 7 HE IR ASE S 7 AT (1 v 45 S W 0 T 1 T8, 7 BT
MR Z RS . BARE ARSI EA A S = (il Y, 20}, HZTHRIOPEAREN N, » DOHZ TN
(RIREA AT UE

1 n
oo =——— 2 I(I(§; >0)=1(y, >0)) (55)

non0 1€Snono

Acc-2

IR Ty, = 0 BRI . [RI, 25 RE AR 5 rh IE 7R BT AR AT, A SCRA 7 3
FREAR B S 5 EE AL F,

=Y w 2-Precision, - Recall,
'y Precision, +Recall,

Hrb, w, BaRFn c EAEFFEPIFEAR S,
4.2, HEER

N T IR TR AR G R, AR S 2 AN IR DL SR T IE AT T AR B

TEN [14]: kEmE M2 TEN @ 5k & 7 BRI RS . XU I =S RHIE 52 4258 BLAS B,

LMF [15]: JEId 5] MERRIK & fREHR, TEAW S 4ERHER EMENL T, 7RI B A 128 B
fBEE.

MIMM [16]: MIMM &txF 25 E 5 HIUE B2 R W, LS B RN IENAR, FERHIE
A AT AR TR B RS DGR IR AR R, BRTHE AT AR

Self-MM [17]: Self-MM SR [ 1B AR B BEAS bR 28 S il B S A58 2 2] | BB RFROR, R T 28
R A 2R E IR TCE SRS )

Tri-MCA [18]: Tri-MCA Bil Bt = AT R R 11, BB 11 S5EAABENE, RN 28 =T
A I UEREFE . CPEERSTURR, OB R NI ). FASRE IR ERCA Y 2 B E S I .

PFGAD [19]: PFGAD LASCAH iRl & 3RS 4FAE,  SIANBUR B 73 3L 2008 VIB M, {5 B
A 5 UGBS BT, RV B — 15 SIS Bk P e . R 2 A 28 ELA A2 1 )

CMSA[20]: CMSA HISCAKIETH BRARIT1E b5, #4TE BN MoE &L AN F 5%, sl s
TAE, ROESEETIE R SCARBE S 515 BRSSO K 2B 43 i i

4.3. 1ERETMI ST
BRI FRARE Y R R, AR e BRI R, SRA 5 MASEIEENUFR X B A R i {7 o

(56)
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Table 1. The performance comparison between the proposed method and the baseline method on the datasets

=1 AXFESRELFEERESR LM REEER

CMU-MOSI CMU-MOSEI
Models
F11 Acc-2t  Acc-7f MAE|  Corrt F11 Acc-2t  Acc-71  MAE|  Corrt
TFN 80.7 80.8 34.9 0.901 0.698 82.1 825 50.2 0.593 0.700
LMF 82.4 825 33.2 0.917 0.695 82.1 82.0 48.0 0.623 0.677

MIMM 85.9 86.0 46.6 0.712 0.800 85.9 85.9 54.2 0.526 0.722
Self-MM 84.9 84.8 449 0.713 0.798 85.3 85.1 53.8 0.530 0.765

Tri-MCA 84.5 85.6 48.1 0.701 0.802 86.5 86.9 56.1 0.518 0.781
PFGAD 87.5 87.5 46.2 0.694 0.814 86.7 86.7 53.8 0.554 0.786
CMSA 87.1 87.3 - 0.698 0.822 85.4 85.7 - 0.502 0.788

ours 93.03+ 9289+ 4860+ 0595+ 0871+ 8877+ 8897+ 5759+ 0499+ 0.791=

0.13 0.24 0.11 0.015 0.006 0.25 0.16 0.36 0.006 0.011

e 1 arA, ASCITELE CMU-MOSI Al CMU-MOSEL PS8 55 E S T4 T FR 28 J7 vk 1) 3 4k
4. CMU-MOSI |, CMI [¥) F1. Acc-7 F1 Corr %3724 93.03% + 0.13%. 48.60% + 0.11%7FH 0.871 +
0.006, MAE [%% 0.595 + 0.015; CMU-MOSEI £, CMI ) F1. Acc-7. MAE Al Corr 73 %4 88.77% +
0.25%. 57.59% # 0.36%. 0.499 + 0.006 1 0.791 + 0.011. CMI 455K 5 M S2ib e £ brifE2,
FRAR KBTS, FUIEA X TR 45 RN T n i %

£ CMU-MOSI #dlE#E L, A1) F1. Acc-2. Acc-7. MAE A1 Corr 4314 93.03% + 0.13%.
92.89% + 0.24%. 48.60% + 0.11%. 0.595 + 0.015 £ 0.871 + 0.006. 5 FfiItL PFGAD. MIMM &k
CMSA HLL, AITTEES RHEMRZR .. Lo dSMEmEe. LI IR R AL R Z N PS8 s E IS Bk
g, ULEAZ ROBERRESREL . SCAR S| S SR Zh &AL Al A e 05 A SR THE BOR B ERE

£ CMU-MOSEI #4li 45 b, A1) F1. Acc-2. Acc-7. MAE A1 Corr 4354 88.77% + 0.25%.
88.97% + 0.16%. 57.59% + 0.36%. 0.499 + 0.006 A1 0.791 + 0.011. 5FIELFH Tri-MCA. PFGAD #1
CMSA B AL, ASCTEAE HIRbs EIRFF NS, JUHAE Ace-7 F1 MAE ERILKR . A
SRR, 2 RIEZRIEhABEES ORGSR BLRRG BE [R] I 50385 B SO 4 i Rz 24 R FE A 5

W R R, BALEE — BRI R 5 SOR 5 SRR FE RG], AU T 8 5 S AER FE 52 T,
TRAE T I P (S A F B T MR A i 1 5 e ik
4.4. JHREAMTR

N T IRNVFAG A SO 16 22 RUBE T il R AR o % AN OB 5 SR (A %k, £ CMU-MOSI
CMU-MOSEI ##54E Fr Al bR 7 7 ARt sese . RIRFERR —BUE4i2k . Transformer fliA . 538 CNN.
Ui 2|2 DeBERTa i« SCAG| M. ShaSHE A M S5 H il — N0, HRWERFEAE, JFi
B F1. Acc-7. MAE #1 Corr WUIiiiZz LA8bR. P THRhES I 5 BSL SR BME + brifEZ.

CMI w/o Consistency Loss: fE1%ALMAH, BT —BIEMAL R, X5 KIMMERER, T
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R ARAE AR AR AE [ I ASOR) 17 S S I 1 e 12k o

CMI w/o Transformer Fusion: fE1ZA A, BERESHE 2 REERBIRIGHL, XL R CKRT]F13)
AEIBLEE ST, T HICER DI SEAh e s, PR LA O0R - v 4 e o B (A S T A

CMIw/o Local CNN: 7EiZAfR, FERRA 22 m AR AR SR UL T, T o SR AL IRt e 2 P 4 e o 2 ok
ITISE R, X220 7B R RGN P A S R sha R, AR 7IRESE 5 mEREK I,
TCIEN G BT iR AL SRR ) 1 R P BRAS

CMI w/o E2E DeBERTa/Offline Text: IHid # BRI b 1 TN ZRils 5 B IR L E LA, IXAE )
Wi 1 S BLAS Rl G S I JE R SRR BE R, BRI AR B R SCERME, ok R R s B i s R
PRI S 17 Il M

CMI w/o Text-guided Modulation: %48, &% Bk SCA 51 3 1) 2 AL AURs AE 1 dil A e, (HLOR R
DeBERTa 3 A#ufid#s & CNN. ZIAHEAG AN Transformer PSS Al & 454 -

CMI w/o Dynamic Mask: 7E1ZZET, FEREEAIASE A ERL, BELRE AT FRE] RH
CNN A1 Transformer fili &5 .

CMI1 w/o Vector Gate: F£FRm &1 TN, ARG 2R TOIERR HE A [ AR 1) 15 R RFAE ) 245 T B AT
FHHRAE B .

CMI: ASCHR AR Y i o 22 ROFE i i it 5 5 — BUE LA OR IR T 2 B2 185 I R0 IR HERA P 5 B A
P

Table 2. Ablation study based on the CMU-MOSEI dataset (Significant values are displayed in bold)
F 2. #F CMU-MOSEI # B HRMMIR(ZEZEUEEKE)

CMU-MOSEI

Fl11 Acc-71 MAE] Corrt
CMI w/o Consistency Loss 83.38 £0.32 54.11 +0.19 0.637 £0.016 0.613 £ 0.025
CMI w/o Transformer Fusion 83.97 £0.11 55.95+0.13 0.682 = 0.021 0.536 +£0.019
CMI w/o Local CNN 84.06 +£0.14 53.12 £0.22 0.618 +0.020 0.624 +0.014
CMI w/o E2E DeBERTa/Offline Text 81.14 +0.20 55.51 +0.09 0.738 +£0.011 0.657 +0.017
CMI w/o Text-guided Modulation 82.56 £ 0.08 50.20 £ 0.15 0.856 £ 0.014 0.596 = 0.020
CMI w/o Dynamic Mask 81.78 £0.16 5256 £0.24 0.763 £ 0.023 0.611 +£0.015
CMI w/o Vector gate 83.34£0.22 54.21+£0.16 0.803 £0.013 0.563 = 0.006
CMI 88.77 £ 0.25 57.59 £ 0.36 0.499 + 0.006 0.791 +£0.011

7 2 Al%1, 76 CMU-MOSEI $i#ii4E |, 5% CMI #8U7E F1. Acc-7. MAE 1 Corr PYTi3E 45 15
BT SRR . B BRSO S S G E R R B2 —, UL A R 1 SO MR SRR AE 1) 3
AfiE -+ EE; BRI Transformer @A 5, BRI EE A AE B 50 55 I A8 108055 Bkk—
BRI R RS, B RS B R A P 2 B . 45 IR T S AL R R M B
FR ST TR

FEMCEERE b, ABFFAE CMU-MOSEI ##5 45 EXT e BB & 7 ANV AR AR 1) Ace-7 FRIEHEAT t-SNE
AR, W 2 e NORIEEDR B A AT, & SR RAH E 8 R 5 REIE SR EUA B AT A AL IR

o
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®
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=
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Figure 2. T-SNE visualization of the results of the ablation study on Acc-7 using the proposed model on the CMU-MOSEI
dataset

[E 2. FriR#EAE CMU-MOSEI 1B 8 EXt Acc-7 EREASTRYZE Ri#1T t-SNE AT#L1L

© T
E2E DeBERTa / Offline Text 7-Class t-SNE (Acc-7: 55.53%)

%

lass t-SNE (Acc-7: 50.59%) R Wwio Dyr

& 2 AT ARE ], FER CMI BB Acc-7 4 57.59% + 0.36%, Hui BRI 7 R 45 2 1) o B TS M
RN GER, TE S BRI I ST . BRSO S SR H . shARERS ) Transformer @& 5, ZRialia
R FREE RS, Ui SCAESEL R . TR B R R BB RS A HALEIR T T b S aE i ] 201

Table 3. The ablation study based on the CMU-MOSI dataset (Significant values are displayed in bold)
% 3. £F CMU-MOSI HiRERNHRAR(ZEEUEEER)

CMU-MOSI

F11 Acc-71 MAE| Corrt
CMI w/o Consistency Loss 83.13+0.15 41.84+0.19 0.792 £0.018 0.659 £ 0.013
CMI w/o Transformer Fusion 84.24£0.18 38.37£0.32 0.836 £0.019 0.592 £0.024
CMI w/o Local CNN 84.98 £0.21 43.78 £ 0.26 0.871 £ 0.020 0.664 +0.017
CMI w/o E2E DeBERTa/Offline Text 82.54 +£0.13 41.25+0.12 0.936 +0.014 0.617 £ 0.010
CMI w/o Text-guided Modulation 83.56 £0.20 42.13+0.17 0.875 £ 0.023 0.538 £ 0.019
CMI w/o Dynamic Mask 84.67 +£0.16 40.76 £0.23 0.763 £0.011 0.597 £0.014
CMI w/o Vector gate 82.98 £0.10 4463 +0.21 0.827 £0.017 0.607 £ 0.023
CMI 93.03+0.13 48.60 £ 0.11 0.595 + 0.015 0.871 + 0.006

FH# 3 A[Al, 76 CMU-MOSI £l 4E b, 584 CMI B F1. Ace-7. MAE F1 Corr 43724 93.03%
+0.13%. 48.60% +0.11%. 0.595+0.015 i1 0.871+0.006, LT M HEAE K. F£ER Transformer flié .
Ui B4 DeBERTa fOME— kiR )G, /2 ZMENEaba 3 I SRk BB SCAS| SRS Corr Bf
% 0538 £ 0.019, Ui SCATE L5l S G BB A @B E S, RS BB gs R
WERH T CMI S B 1 b [F) A 2k

NP AR SR ) 22 OB VR ) Rl B TR v A A O L ST DTR, AR SCE CMU-MOSIE 1 CMU-
MOSEI $#54E FHFJE T RGBT 7. 35 2 F135 3 /0l gh 7 A 48 1 [ st 2%
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DURR, ASCEIE/E CMU-MOSI #1 CMU-MOSEI #di 48 EIT R 1R st . wEFisi Rans 3 5T CMU-
MOSI 1 CMU-MOSE| 4 ££ ()78 B 78, M3 3 B4 T T LA H 52 % 1) CMI B8 AE F1. Ace-7.
MAE FI Corr PYIiAZ Co b L3R E A, AT ROBLER B 1) 2 S B0mm : e 455 B A%

76 CMU-MOSI 846 &, St-0or JSHER R T IREH FE AT, Wil 3 FroR IR 6

3
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Figure 3. Confusion matrix analysis of the model’s results on the Acc-7 ablation study on the CMU-MOSI dataset
[ 3. #EIFE CMU-MOSI #3B5 _E5T Acc-7 iRt B4 R TR IS

H 1 2. 18] 3 &4 20542 3 (I Al S ge 45 R n AN, A SCHTR 5 B CMI AR RLZE CMU-MOSI. CMU-MOSEI
AR BB FL{E. Acc-7. MAE. Corr 5% D Iabn i S ik ae, FEBRA T RS Hs 2 S SO Ay 1t
Ae LA [FIFR BE IR AL, UE B A% O B8 W38 AN . L CMU-MOSI HE S TRIEFERE 45 KR, 58
R[] Ace-7 ATIA 48.60% + 0.11%, PEREOL T A TH A4 . BIAYXESR G n] 8 0 [ 17 B 1Rl
RORFRE, RZE FERIE TS SR RE; RIS, FHARSERIRYE o U 2 I, EDE
T2 REEFFIESE R, PSSR G 5 — SRR T A BRI S i 5t

HHSCIG R B, Transformer BSAEASEL A —EMEL R, JoE CNN A 22RRIESREL . i B v 8 75 3
ARGV KAZ A, PARSCART SE] SIS . MEE T AL HII X B MR A IE A g e . R
FRLAE B A EAR S, SR 513 U ) 5 i 2 3 SCA R AR 42 T+ CMU-MOSE #3514 R,
Transformer il & 5 UGN CMU-MOSI 73 KRR B R EZ . CMI AL PEREFE T IR R B — )
EH, MR RERME. MEAEAH] BEESZ S — BRI F R IR, ARRE T 2 EE
T BGRA EAf ME S E e

5. &ig

ARSI RS B AP AR R R . B S PE SR . ARG S5 SR HA L F M, 18—
e T 2 JUZR & 5 — BRI 5 IR . Bl DeBERTa 5 1D-CNN 73750 SCA 42 Ry 15 X
B VR B 4L, IF 45 sl HE MRS 5 2 /2 Transformer,  SEILSCAR 5] 3 14 e {5 1 LU B A5 il
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