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Abstract:Current multimodal sentiment analysis (MSA ) models predominantly employ cross-modal attention
mechanisms to process feature information from different modalities. However, these approaches often
overlook the inherent similarities and dissimilarities among modal features, which can easily lead to the
generation of redundancy from modal similarities and an increase in noise during cross-modal interaction,
thereby degrading model performance. To address these issues, this paper proposes a novel multimodal
sentiment analysis model based on feature decoupling and cross-modal deep interaction enhancement (FD-
CMDIE). Firstly, for feature extraction, NeoBERT is utilized to extract high-quality textual features, while
stacked long short-term memory (LSTM) networks are employed for visual and acoustic features.

Subsequently, common and private encoders are used to decouple the features of the three modalities into
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similar and dissimilar features. Contrastive learning is then applied, using the textual similar features as
anchors, to pull similar features from different modalities closer in the feature space while pushing dissimilar
features further apart. Finally, a crosssmodal interaction enhancement network is designed for deep interaction
and fusion of the decoupled features, and a gated attention pooling module is utilized to filter out noise

generated during the interaction. Experiments conducted on two benchmark datasets demonstrate that our

proposed method surpasses several state-of-the-art approaches across most metrics, validating its

effectiveness.

Key words: multimodal sentiment analysis (MSA) ;

feature decoupling; crosssmodal deep interaction

enhancement (CMDIE) ; contrastive learning; NeoBERT
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[all Bl
Score"”' =sim ([ F/; Fi; F!], [ Fl; Fi; FI]) (8)

KD HTEP A a5 B2 18] 1Y 4 5% AH AL
B 5 28I AR AR NS (4, 7 ) 2 8] (4 AHARLE o

FEX B — A FEA 7, g Y 5 H B G A R 28
15 JRAR B AU REAS 7, 142 BRI EE 45 20 HE Y L 3 3 75
g3 55 10 1Y R A REAS G OREAS 4 1) 1% IR AR R A A
& similar's X T 5 R 15 AR 2K R Y FEAS
i BEOMH L BE A5 43 HE T ) L 28 A9 2 AR ey
AHE WA ¢ WA T S R AR G different’s 38 1
a3 AN 2 G B 3 LD IS RO RE A, Z R R AR AR
i ) T SRR AR X B 5 FH 33k 7 S 4 A B Y B AT RE AR
HZHITHAE .

X FREAR i, FEAS N Y IE B A X Postivey, F H
B B ZS AR LR AR XS A8 8, n (T, V) R (T, AL,
JEAT >k A 16 BAE IR AR B2 5 similar’ Ho A9 A ARURE
A G, A 2 R A R LR AR X, (T, V)
(TL AL A T FEAR N IEREA XS . A A (8]
IE R A X Postives, A I FEAS 7 53K [ similar’ 49 1
JEERR BL AR AR 2z [) A [R) AR 2 A A ARLRE AE 41 B, 4
(T, TH (VL V) FI(AL AL, R AN 8] B A 8] A
[R]85 A AR AT 22 57 0 K R BAE R IERE AR

FEA P 5 BEAS ST Negtivel, B B 19 3CAS A1 I
FEAE T! 5 Fr A7 A 5 o 8 AF 41 B 70 K R X, a0
(T, T§), I A A similar’ Hr3E BURE BAR UL A 5,
it I ASAAREARXS , a0 (T, V)P Fe A 1 e AR
Xt o T AR AR 8] 71 FE A X Negtivel, (I & , 5 FE A
[i1] 1F B AR A4 38 X6 2548, AN different’ H ik BOAS AR B A
A, A A A RLARE A ] Y [ A 2SR R0 R AE ,
(T, T!)s HZ W IERFEAXT 5350

(7)

sim(a, )
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P?'= Postivel, U Postive.,
N'= Negtive}, U Negtive,,
(2) Xt Lo 2k 1155
fi ] NT-Xent i 25 o8 803 58 = o0 44 % e
KA ARX N

o :z ~ log exp(sim(a, B)/z-)

Eexp(sim(a,y)/r)
H.(a,B)EP (a,y)EP'UN H y# B, 0l ¥
4 Uk BE 2850, T 9 B ARARLEE 19 43 A o
7 = TG X 2 > BEAR X Pairy, R 2 [] B
i SCAS FRALARR AR T AE i 0, 55 R AR aE A
AEXE 1 55 4 S AR A B B0
Pair;, =
{(a,pon)la=Ts p=V A3 n="T, Vi, Ay}
G EEARXS (a, pyon)H, afE RES S pIER
IEREA  nfE R OREA S T = Ju X e 2R 0 B
P2 ] — A~ B AR as (8], {75 A RURE AR 22 1) B 15 46
AN TG RN AR A Z [ B AR
€’T,i=2max(0,d(a,p)—d(a,n)+margin)
(10)
K (a, p,n)ePairt,, d(x, y) R B &%, FHOR Al
ST RA T] B 2 RS AR AR X B AR RN
AEALL B A Ay 25 o K, AT
d(x,y)=1—sim(x,y) (11)
11l margin 42 A & 55 1 1F 88 2 0, 35 0 4 3
TAEARMEE LA SR EREARANEE E DKL
Mo R ZRT R Lot EA

1 n ) 1 n
Lo=—> lirxen T Arae— > i 12
1 n ; NT-X T n Z T (12)

K A FIEAT =04 X R B ALE S 8.
NT-Xent i 2Ky F LAY, e KACIEREA XS Z (8]
B AEARLEE o7 30 A RURE AS 1Y 6 7 B [m] B o4 2 A
AL AR A B R 2, DT 2 >0 A 2 SO R AIE R 7R o T
S ICLPR X IR B TR I E A
(] A i A2 [ v g% ] B 285K, RS 4 1 3 75 5 o A
A 2Z [] AR R R
2.4 BEESREZEIG®EWE

R IE i R T S R BB % 43 S0 2 ) B RS AR ABL Y
TS B SRR A AR T A B o SR, Ak f
X R RREES 2 S BUE R R R B A 8 . UK
S AELARL R AR5 OE T A0 2R ABE A A Y T AN A0 i e S 2k
FROE N 3B Z B RUS —BhE . o TSR R B
Z IR Z R AAE B 28 B 5 BN R I HLe > 1 B
RS A B 7 A M A A SR T — N IR R

(9)

2

o

P14 55 55 78558 MG T I 4%

0 B i RS AR U RRAE T, VA
AR AAHURE G, B G A 35 B A 5
PERFAE T Vo A3l 3 TR B 52 B4R E 558 (Deep in-
teraction promotion unit, DIPU ) 52 Bl #5145 1% |2 58
H, Gt Z R H A HAR R JF B 14
B AL 58 GAP R 8K [l RS A5 B B
ISR A B AR MRS
2.4.1 BHBIREXIAR®ET

AR ERSTEE NS K AEE LN
4 Jr A ABL PR R AE GLY 5 PR IS AR S R R AE XY,
Xe{T, V,AYIME Bac B3G50 o B 50 0 J5 B2 4
Ja ARARL P 5 AE T LAODA g A~ BAASE S AH S M AR AIE v 2
2 AN (R BEZS  RL A R AE  TIT B ASE 25 AH S MR AR AE T DA
4 Jry ARRURRAIE rh 2 o] B8 e PR AR AR, 38 AR HL 4R
b, LA B AE B AN 3R, DIPU Y 2244 40 2
Ji s o

[+1] [+1]
GsX—»G X dG—x

Feed-forward Feed-forward
network network

i
i

Add & norm Add & norm
Multi-head Multi-head
cross-attention cross-attention
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Self-attention
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Fig.2 Cross-modal deep interaction promotion unit
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cross-attention
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EE RO R N i R R AR LN IR VA =
B . 2ZEHgd )2 H—k i E AN
G.= LNorm (G!"'+ PE(G!)) (13)
X,= LNorm ( X!+ PE( X)) (14)
X PE(x) BARITE A B 4S, LNorm (x) Fn~
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R, A TR AR MRS S R AR A TR

R 2 B R 1Y) 22 RS A TR A AT 673

EH— . REHELTH - KZ)EH G eR™
5 X, €RTTIABEAR — AN 2K
k2 S 1 — T H A0

T
v, (15)

CrossAtt(Q,, K,, V,)= softmax

d(’
G!=LNorm(CrossAtt(Q., Ky, Vy)+ G.)  (16)
= LNorm(CrossAtt(Qy, K., Vi) + X,) (17)
X (15) M2 kg XFEBE IR AL ;KL (16)
F,Q0= G Wy Kx= X Wi, V= X, W, 5 HlE
JoA Mo 5 E . H o W, WreRTY,
Wwye R, (17) i A i B 5 E 2 0k
Qx=X W, Ki;=GCWi. V=G Wy,

SR G R 28 1k W 20 A8 SO T JE B A TR A LAY
fiE G5 BRES A SRR AE X 04T A TRy b B, A
75 PN R A 0 W B Y A ERAT B, JT AR i ik S8 A
PSR L Ik RN S e g N BN 2 /N W

K/!

SelfAtt(Q,, K., V,)= softmax Q Vv, (18)
d,

G.!'= LNorm (SelfAtt( Q. Ko, Vi) + G!) (19)

X'= LNorm (SelfAtt(Qy, Ky, Vy)+ X/) (20)
HHadmEFEEXESHRGEREEAEMN
G5 X/"M5 500 i AJa R A X, G i
P58 B B se SUFE R T o 38 W L A6 s, RS
M AHPESE — R R B AT RE A (B R A
Ja A I B R B T IR B IR L H
HEAXH
G!= LNorm(CrossAtt(Qf, Ky, Vi) + G/) (21)
X/= LNorm (CrossAtt(QY, K., Vi) + X)) (22)
= :Ql= G:,WQ, Q= Xd”WQ’ 1M K. Vxli K.
V43 nlk A TJC( 16~17) i Ji 4 B 516
W S IR IR E L B E GS X
S N K B2 I_J%(Feed forward network, FNN) ,
15 30 28 3 R BE 5 SR U8 58 LI R S 1Y 42 JR) A AL
FRAE Gu 5 BB S A S RAE XU B A R
GU M=FNN(G"+ G (23)
N =FNN(X/M + X/ (24)
A Xe{T,V, A}, X, R LB 5 PERRE

X G R 5 BN BB R B A S5 450 O 17 4
Jeiy ALARLARE AR, DA T 3 5 4 Jey AR A G G~ X
[l 2

2.4.2 M#EEEHEA

T 5 5875 A8 LR M 2 i B — R H P, 22 )R
FRVRAE G, 15 34> RS A S 0 A0 8 i 5 A8 5 K
JE A2 H A TT G 2357 A2 3 RS [R] R 2 kAT B AR 57

RFAE 3 5 05 B 42 R AR LRI, 3 G SR B SCAS A
A BRSO B 5 S B 4 R A RURRAE ol TR
[ B 25068 T 1 B A ) E B R ) TR AR SO P
R AN RE B LA R L R S U D Y
FLORTUERREZEZ G R T 2SR
iR RS W L TN E RGeS -WA R R (A e b JE N T
R i AT B FE A S5 R AN 3 TR o

( Attention j ( Attention ) ( Attention )
i I i
-( Gloo @z Gl )
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Fig.3 Gated attention pooling

XFF 5 1238 5 R 7 AR 34 4 R A AL R AR
G oo G MG, B R — e 2 )5 38
TS 145 2 2 BRI HL (Gated multilayer percep-
tron, GateMLP)Y Sigmoid b %, 2% > Hopr &1
Hgu€el0, 1L, ME{T, V., A}o HFAFN

Slgm01d<GateMLP(LNorm(G ))) (25)

A TR R R % 2 R A RURRAE 9 BTk B L
M5 SaE . BEE AT S H— e A
Jry AL AR AR AR R, 2 20
Ghr-o=Gur-c*8u (26)
ZJE M e T A B B REAE 430 A B
JIM 45 2 W 4558 3 0 — A 2 R IR LT B A
SRR TE R J1 0 B S T EAh
Suerr.v.a = Attention (Gly ) (27)
PR 3N B 4 B0 1 14 Softmax bR T
R AR E R JIRGE e AN &0 145 5 B RRE
AR, A
ar, ay, ay = Softmax(S+, Sv, Sx) (28)
G :EM&(TW&\)GS’M#G.aM (29)
I T Ak S T Ak ST PR A A
R A 2 X TR B AR S R R AL A 2T A
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122 18] (9 AR XS 32 224, FEBCR A, HRE 08 T 22 3
Mo B G R A A ) 2 L AR B AL, O HL2R e T 2
AR, A1 R £
2.5 HKIHE
Xt F = DAEARRHER PR DA

B 280 & T2 5 A5 TR S L IR S B R 5 ) 4
Jey AR AULARR iE G5 RS AR S R AE T VT
A PR A IR 3 2T T 0 Y 2 2 AL
R EREARS 4 AR RN 28 5 3 A O

P'=MLP(Concat( G, TJ", Vi, A1) (30)

o FH S 47 4 X6 5 22 A1 O U A8 2K | SF B4k
RN W

1 .
L"prt‘d:;z|yliyl| (31)
i=1

K YRR (1 B bR . MR AR A
I ZRA51 2% Ry
L="Lt AaLa (32)

DA 451 26 o AR Ay, b A S EOH T
% L 27 2 400 2% 1 DTk
3 XBWHEREHW
3.1 HEE

£ 2 BOA W B 4 F O Bl E
CMU-MOSI®™ | CMU-MOSET“ | Il Z . il i #1
B AEAS SCEE H AR A B s AR R A an e 1

x1 HEES
Table 1 Data set split

Dataset Train Valid Test All

CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16 326 1871 4659 22856

CMU-MOST £ 48 4£ 72 — 9 )7 2 ff i 9%
T 22 B0 I TR0 B B R L A SO R R
BSER . ZEAEE B R A T YouTube -5 934>
PRI ZH B, WA PN 25 100 5 45 B R, 4200 B S A5 3
2 199 A1 IR B () AL R B, B A R B
Shbr i T EGR Y F R — 38+ 3, R R 4
Sk TR SR B T L5 T AR R S B
FRAR R AR .

CMU-MOSET $§ 4f 5 2 55 K AL 14 15 J% 43 A
I T B0 48 L ok B 1 000 05 AS [a) 1) 3 JF
i) 3 2281~ YouTube #0425 35 B 45 1 J5 19 23 453
AP Fr B 4B, WA P 2 R R 250 AN R Y 3R
B AL 3RS EE W BAR  E — 38 +3
Z i) o

3.2 XLWIgE

SC G FRBS . Ubuntu 20.04.3 LTS 64 £ #:4E &
4t , Python 3.9.21, Pytorch 2.8.0, CUDA 12.8. fifi
FEFR B . NVIDIA RTX 5090, #H % 2 %% &
2R,

*2 SHEE

Table 2 Parameter settings

Parameter MOSI  MOSEI 15 Bl
Batch size 32 16 E[ RV NN
Learning rate  le—4 le—4 Bk
by 10 50 FEARE G S5
Temperature t 0.5 0.5 NT-Xent &8 S5
Margin 0.5 0.5 Crg R BEL
Layers £ 3 3 CMDIE %2 . )2 $%
Ar 0.1 0.1 Lot b AT
Aa 0.1 0.1 X LA 2R A
Optimizer ~ AdamW  AdamW Ao e
Epoch 50 12 HEAREL

3.3 ELEBE5FMIER
3.3.1 AR

MFEN" 2 —Fpid i mh & M 45, I LSTM
2 ) RS (R RF A2 B 38 HL, 5 FH T 3 AL 2 > B A
BAH  EJF M2 BT TRICIC MR G 15 B .

TEN il 5k 2k fil & 90 265 408, 0 FH = 54
FRBUR R A PELE B K& =B W H 5
EH o

LMF ™[] Bl 5K 6 5 30 Rl A FF = 485 A
k= A il Ry 22 AR R B 1R 43 il S 0 R
RS IR R P THRROR .

Mul T fifi F it 57 () Transformer 2 % #% #F 17
W10 R I 2 B, P00 o B A T R T AL S AR R
ZH.RE A UL HE S 20 AR I 2 RS A

MISA" AN [ 5 245 A5 55 48 538 30 AN K [R) 1Y
FRAEZS 0], 5 > Fe s RV FoR , LA G -

HyCon" " 3&F X He2f 2 vk, S8 3SR
GXFHAE T HER O E AR AL S Z M3 B,

Sel-MM ™ i F [ W5 B ALl A SRR A A 45
JHl 255 7 18 S 2B RIE RS -

EMT-DLFR"/ i 4 5 1 F 305 MBS FRAE
HEATACH. $ R Z RS Rl A RO Pl 2l i
Pt g2 o) ok 1R UM B .

CET-M"S ¢ & #1 & Transformer H i A %5 fH
2 A RO R AR, R 2R 2 R 2 BE BT
SCE JRR AR Z ] (R S AR B R

ConFEDE"™ $ i — A48 — i 27 2T HE 42, F| ]
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A, A5 « TR AT Ak S 5 A5 2 R B8 52 3 9 ) 22 A A A SR 675

AN TR) 1 2 i 25 o g A5 25 R AT 4 2 B A S R AR
TIF 23 1] 5 45 25 0 2 R I 25 ) BB 4 6 B A1 2K L B A
AR 5T 55 W%

DLF“ I T — A LA ] 905 5 W E £
RS 7R 2% S HESL | 50 2o ff 24 28 B B 43 15 L 2 AR AE
5 AR B IR B S 5 5 s U AL
il R b R RS A BN SR IE R AL

TCHFN"H Hy — A4~ L SCAR Ry w1 43 )2 il
B W2, S B LA SCA S B0 B B B S i L
W 2 B LA R TR R E R R NI TR
PSS

UniMSE" 48 H — A~ 58— i 1/ 8 1R 5Tk AiE
20 R L2 o) 5 AU AT G — BT o AR
AU HRTAY SOTA BLAL

3.3.2 #HW4EAT

SEH M43 2 5 B YA A BE Y S A 48 AR PR
R R B o 4 AT 55 VR 48 A B 46 40 25Ok
(Acc2) 43 ZEHE BE (Ace7) B F 4380, A AT %
U 48 bR 00 45 K2 2R b AH 5C F £ (Corr) F1-F- 35 266 %)
1% 2% (Mean absolute error, MAE). Acc2 5 F,{H
YL 4 G /HE AP X T MAE S8 I A 35 B, 51
BB e R PR AT
3.4 XRERESH

AR A AL AE MOST.MOSET #0484 - 1 52 56
25 L 5 A LR BIRIXT Lk 3 s . Rrh /7 A
MRETO SR,/ THBREANT 02 AR E
SRR

®3I TWHRIL

Table 3 Experimental results comparison

MOSI MOSEI

Model Acc-2 F, Acc7 MAE Corr Acc2 I, Acc7 MAE Corr
MFEN 77.4/— 77.3/ 34.1  0.965 0.632 78.94/82.86 79.55/82.85 51.34 0.573 0.718
LMF —/82.5 —/82.4 33.2  0.917 0.695 80.54/83.48 80.94/83.36 51.59 0.576 0.717
TFN —/80.8 —/80.7 34.9 0.901 0.698 78.50/81.89 78.96/81.74 51.60 0.573 0.714
MulT —/83.0 —/82.8 40.0  0.871 0.698 81.15/84.63 81.56/84.52 52.84 0.559 0.733
MISA 81.8/83.4 81.7/83.6 42.3  0.783 0.776 83.6/85.5 83.8/85.3 52.2  0.555 0.756
HyCon —/85.2 —/85.1 46.6  0.713 0.790 —/85.4 —/85.6 52.8 0.601 0.776
Self-MM  83.44/85.46  83.36/85.43 46.67 0.708 0.796 83.76/85.15 83.82/84.90 53.87 0.531 0.765
EMT 83.3/85.0 83.2/85.0 474 0.705 0.798 83.4/86.0 83.7/86.0 54.5 0.527 0.774
CET-M 84.0/86.0 83.8/85.9 47.7  0.696  0.805 83.4/86.2 83.6/86.1 549 0.523 0.773
ConFEDE  84.17/85.52  84.13/85.52 42.27 0.742 0.784 81.65/85.82 82.17/85.83 54.86 0.522 0.780
DLF —/85.06 —/85.04 47.08 0.731 0.781 —/85.42 —/85.27 53.90 0.536 0.764
TCHFN 85.57/86.13  85.41/86.31  44.75 0.748 0.780 84.01/86.27 84.14/86.48 53.19 0.538 0.770
UniMSE  85.85/86.90  85.83/86.42 48.68 0.691 0.809 85.86/87.50 85.79/87.46 54.39 0.523 0.773

FD-CMDIE 86.75/88.60 86.71/88.59 46.42 0.671

0.817 85.06/87.59

85.28/87.49  54.48 0.501 0.801

i FD-CMDIE 5 fi % # 7 SOTA # % Un-
IMSE Xf t o 7 MOST#HE 4 I, Ace2  F 8 454
BT 8 F 09%/1.7% 5 0.88%/2.17%, i 1F
Acc 738 EFIET 2.26% . 1E Corr 38 #x I 12 7+
T 0.008, Jf H. MAE F¥MX T 0.02, #£ MOSEI £
£ 15 SOTABR A, A F 0 = KAEF W
Acc2 F #8450 B4 T+ 7 0.09% 5 0.03%, 1Mii &
Corr #2757 0.028 , MAE F [ T 0.022,

55 2 1) Z S B B B R AR LE, i MFN
TEN.LMFT MulT,FD-CMDIE 7 fif &5 #& ¥ | #§
WFENT AT . AR5 U A R 1 5l i 45 A0 X
e i, 4 MISA . HyCon, Self MM ,EMT ,CET-M
1 ConFEDE D) S i 1 & % ) DLF #1 TCHEN, A
SCHEEHYAE LT T A 4 A b A B 2

e 5 R AR S A2 B O L B EMT A

CET-M# %} [t , FD-CMDIE 7& i /4> 548 4 1 i
Acc 25 F S48 b LT, XA B B B2
R BUG M FRAE AT 38 B, N G el A 51 T M
T A S 2 3t R A AR i %) A B FIF A 4
Jai bR SCRRE 5 SRS A SRR AR AE L 5 R T AR
R 45 SE B B R BT T R Al A
AN RIS T B A R AR T 28 Lk B e R AR
M

T 5[] B G T R TR B S A BUE B 5 B AME B
# Sel-MM F1 ConFEDE #£ #I %t [t . FD-CMDIE
TEMOSIEE S Y Acc2 5 FUEIRTHE 34N E
Iy Mo 7E MOSEL#0#E % B Y Acc2 5 F A 1
Sel-MM 43 5l # F+ T 1.3%/2.44% 1 1.46%/
2.59% ; tt ConFEDE 43 5l 42 = T 3.41%/1.77%
3.11%/1.66% o 3 P50 U 5 KR AIF fil & 35 43 K g
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FE o 125 P AN [RIASEAS 22 ) 1 DG I T AR SCH 3 R T
I RRAE B B L SRR R, B TS SRR IR AC B
i, 2 )2 B RUS 3C BR r Z LA A AUE B
B BT R T A ) S

WA G0 % BT A 8 bR AR SOR R AR 35 5|
SOTA BRI Ko A SCR AT Zff #8 F FLH T A1
IR AE 5 A0 SRR A, 92 B 22 455 28 1 B0 TR B 22 L il
A N ARAS T A M RE
3.5 BSHESW

TEXR Fe 27 2 B REAR S At rh Y TR A
i 5 AR AR 2 T B R AL BE AR 3 S ER R S R A, TR
FE F AL RE R 4 A similar’ 5O MR A £ A
different’ 1 K /N o 76 1043 BT 1% 2 8000 T 52 50 45
R, BT MOSET £ 5 #L A7 K T MOSI
Bl A BT UAE TS B8R 4R T Ay SR AN [R) Y 328 1
FEmE LG AR R 4,5 iR .

F4 MOSI Lk kMBS
Table 4 k, performance analysis on MOSI dataset

MOSI

a Acc-2 I,

2 79.01/81.10 78.83/81.01
3 81.49/82.93 81.46/82.96
4 83.53/84.91 83.51/84.93
5 83.48/85.01 83.50/85.10
6 84.38/85.37 84.32/85.27
7 85.27/85.93 85.32/85.92
8 85.62/86.52 85.35/86.81
9 86.21/87.13 86.27/87.31
10 86.75/88.60 86.71/88.59
11 86.44/88.26 86.41/88.27
12 86.34/88.17 86.39/88.25

% 5 MOSEI L k£ 855 #7
Table 5 k, performance analysis on MOSEI dataset

MOSI
ko Acc-2 F,
10 79.07/85.06 79.93/85.20
20 79.59/85.72 80.41/85.85
30 83.38/85.52 83.22/85.43
40 83.26/86.63 83.92/86.69
50 85.06/87.59 85.28/87.49
60 83.61/86.71 83.23/86.77
70 83.90/87.12 84.23/87.05
80 82.36/87.01 82.89/87.03

TERCE FLB 8 /N MOST R 4 | BEE X 1
SRR G E SR b W ALY Acc2 5
F 8 br B i 82 T4, 24 ko 35 3 10 J5 LA B 10 .
M 76 B8 FLR B R i MOSET S 42 |, 24 A, 15 50

ZEA IR BN AEOR o TR IR R AR AR A N B
B Al W REA  REAS S D U T A 2 T TR
A i 22 W2 i IX 03 JBE AN e AR AR S I o ) OR ¢
ko TE P A~ K i 45 1 U A2 Al 0 501 an 181 4 08T 5
JR

88
e 861
g 84+
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Fig.4 4, performance analysis on MOSI
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Fig.5 4, performance analysis on MOSEI

I Ah , CMIDIE #52 He vh I8 FE 28 B 2% 1) )22 4
Layers £ AN [A] HU(E , 40 23 % A58 70 24 21 7™ A= 5% )
ARSI 45 R a3k 6 s, R A A& 0 24>
AT S5 HIRE A EE Acc2 5 F fH .

&6 CMDIEMNERHSHEREST

Table 6 CMDIE network layers and performance analysis

MOSI MOSEI
Layers
Acc2 F, Acc2 F,
1 83.69 83.58 85.53 85.66
2 85.37 85.81 87.11 87.13
3 88.60 88.59 87.59 87.49
4 87.04 86.98 86.79 86.73
5 85.37 85.37 85.17 85.35

NS5 25 S RT LU, AS W7 38 i 1) 4 R 3 O R
—E AR RSB PERE A SR T o Y 0 2% R BB IR
AN BE 58 4> i S AR A [R5 552 B, 724 190 45 ok % B
S PEBIR T TR 4% AN BRARF S .

3.6 AT SH

FEZ A AT, AN AL 1 STk AT e AS
[F] , 75 76 > 508 4 b &S i 3 ) AR AT AL
A 6.7 B o NI AT DL SO B S AR
Z RS A BT T i 4 5 4R S b, B SO T
A 55 % B oF B O RO G A5 B T A 5 T AR S
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Table 7 Ablation experiment results

Model MOSI MOSEI
Acc2 F, Acc2 F,

w/0 NeoBERT 84.12/85.68 84.84/85.77 82.15/85.05 82.76/85.61
w/o CL 83.88/85.72 83.68/85.45 81.64/85.42 82.14/85.32
w/0 CMDIE 81.73/83.96 81.94/83.80 79.91/82.68 80.27/82.43
w/o GAP 85.47/86.73 85.52/86.84 82.28/85.77 82.39/85.90
w/o CrossAtt-2 83.36/84.45 83.12/84.29 82.77/83.29 82.35/83.21
FD-CMDIE 86.75/88.60 86.71/88.59 85.06/87.59 85.28/87.49
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Table 8 Case analysis
2 %0 Il A e T

HS P

SCAR : Just the great great movie
1 P14 . 55 14 R

A T

285 B PR

A T do not understand this movie
2 MG : JH B A 5
SR e I N T St TR (RITH

—1.79  {HM TH

A : Anyhow it was really good
3 P15 - b F-
R R LRGN

225 B B

SCAR : But mostly its just Kate Hudson being very annoying

4 PG TR IR , LR

O RS2 TR A

—1.46 W K

A : And you knew you shouldn’t be laughing

5 CEERY =Pkt W p il w7
FOI R AR R R

—1.0 —0.82 K HHE




5 3 3 R4 T

AT ARG B RS TR

JBE 52 1 SR ) 22 WS S AT 679

M 145 52091 2 Yoy o A7 SR AR 1 A A B A R A

(F5 5 RS0 2R Ik BRI AR I, i 52 1) 2 (JE B 3k
%FﬁﬁlﬂwmwiﬁTﬁmﬁwﬁiﬁﬂ%
0% 4l 35 T 4 WY 0 4 15 SRR 3 3 A 5 Ol o1 A O

X T 2451 355 S0 43X 2P IR b A K AR s
WFMUW¥1WﬁE%%E%Tﬁ%%ﬁ1 e
A RUE B B BT, B A T RE ST ﬁ&
ﬂb%kﬁﬂﬁi$ﬁ§%ﬂiu1$mw
S S I ARG N

X6 T 5 451) 5 35k o4 5 SO IR B9 S8 491, SCAR
BB HAWB A — B, W RS LT R A U
T I T SCAS 8 B SR AR T A Y o g Iy P {5 R
T ARURE 25 B BT AT BE 2 D S B0 R B
T3 7E 3 475 B0 T A SCRE R AR 9K BE % v 1 T 5
1 R, PR OCIE ] 1 5 2R ) A Ak

4 & &

AR SCHE T — P 3L T RRAE A S RS R
2 B O 1) 22 LS AR B TR RL . 5] AH — WL
] 4 3 %% NeoBERT #2 Bt & F & 1 LAY SCA FE
fiE, il FH HE & LSTM i 2 0L 38 5 W7 58 52 245 B 7 4
1IE, 38 5 BARS RRAE 1 RIK R 7 o P AL X L 2E 2]
55 R 2 2] S BURRAE AR, AR EURE A5 AR (LR AT 5 A
AT RRAE A RO D I S 5 R3S 28 1IN 1 A
UM TC A o A8 4 Ja A BURFAE 3 331 5 3 AN RS 25 A
S RRAE A 5 A 58 B B o I 44 S R A B R L
[ st 3 3 1) 4 0 A b AR R e A R R SOk 4%
SR B ACE A5 A SFER . RS
T A5 56 L Ok E AT A . AR SR R A
CMU-MOSI 5 CMU-MOSEI $ #i % | 5 £ 4 3t
LRABTRUNT LY, G B TR Y R AP RE .

Z RS A BT rh W SR S 1 AR B DL &
W5 452 25 1) 5 A0 BCHE v 45 o AE A R A 2, S i
BURRIE MR8 B 1o AL, BROSROR TRI RS AL AT 1) A
Eﬁ%ﬁ EUgAH T AN (H R L AF FERR A B fR B
IR A AT 1) 2 AR S A 91 a0 KU 19 JR ) B
Wi o BCET T E LR A R A B DL R bR SO

B Wr B R PR FE SRR Y AR 8 e
o] 75 R AE 42 BB Beisi /b e 75 15 8, B S 5 R TR
RS FRAE A 8 2 18] 50 4I0RL BE A A EAE T, AR 2
B AR B A LAY ) P i o

S E Wk

[1] GANDHI A, ADHVARYU K, PORIA S, et al.
Multimodal sentiment analysis: A systematic review
of history, datasets, multimodal fusion methods, ap-

plications, challenges and future directions[J]. Infor-

[2]

[5]

[6]

[7]

[8]

mation Fusion, 2023, 91: 424-444.

HAN W, CHEN H, PORIA S. Improving multimod-
al fusion with hierarchical mutual information maximi-
zation for multimodal sentiment analysis[ C]//Pro-
ceedings of the 2021 Conference on Empirical Meth-
ods in Natural Language Processing. Online and Punta
Cana, Dominican Republic: Association for Computa-
tional Linguistics, 2021: 9180-9192.

PORIA S, CAMBRIA E, BAJPAI R, et al. A re-
view of affective computing: From unimodal analysis
to multimodal fusion[J]. Information Fusion, 2017,
37: 98-125.

RS H B H SRl 2 FRR R AT RS
Tl G B 19 A3 BT SRR D R 3 (D ] 3 H B P TR 5 N
H, 2024, 60(2): 1-18.

GUO Xu, GUSHUER B, TULHUN G. A review of
research on sentiment analysis algorithms based on
multimodal fusion[J]. Computer Engineering and Ap-
plications, 2024,60(2) : 1-18.

FUZ, LIU F, XU Q, et al. NhfNet: A non-homoge-
neous fusion network for multimodal sentiment analy-
sis[ C]//Proceedings of 2022 IEEE International Con-
ference on Multimedia and Expo (ICME). [S.l.]:
IEEE, 2022: 1-6.

ZHU L, ZHU Z, ZHANG C, et al. Multimodal senti-
ment analysis based on fusion methods: A survey[J].
Information Fusion, 2023, 95: 306-325.

GKOUMAS D, L1 Q, LIOMA C, et al. What makes
the difference? An empirical comparison of fusion
strategies for multimodal language analysis[J]. Infor-
mation Fusion, 2021, 66: 184-197.

VASWANI A, SHAZEER N, PARMAR N, et al.
Attention is all you need[J]. Advances in Neural Infor-
mation Processing Systems, 2017, 30: 5998-6008.
LE BRETON L, FOURNIER Q, EL. MEZOUAR
M, et al. NeoBERT: A next-generation BERT [EB/
OL]. (2025-02-26) [ 2026-05-24]. https://arxiv.org/
abs/2502.19587.

ZHANG Z, L1 X, BAI H, et al. GAL: A global as-
pect local extraction mechanism for aspect-based senti-
ment classification[ J]. Information Sciences, 2025,
717:122299.
MORENCY L P, MIHALCEA R, DOSHI P. To-
wards multimodal sentiment analysis: Harvesting opin-
ions from the web[ C]//Proceedings of the 13th Inter-
national Conference on Multimodal Interfaces. New
York: Association for Computing Machinery (ACM) ,
2011: 169-176.

PORIA S, CAMBRIA E, GELBUKH A. Deep con-

volutional neural network textual features and multiple

kernel learning for utterance-level multimodal senti-



680

BRI MR Rz R (A R B 22 D

i 58 %

[17]

[19]

[21]

ment analysis[ C]//Proceedings of the 2015 Confer-
ence on Empirical Methods in Natural LLanguage Pro-
cessing. Lisbon, Portugal: Association for Computa-
tional Linguistics, 2015: 2539-2544.

ZADEH A, CHEN M, PORIA S, et al. Tensor fu-
sion network for multimodal sentiment analysis[ C]//
Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing. Copenha-
gen, Denmark: Association for Computational Lin-
guistics, 2017: 1103-1114.

LIU Z, SHEN Y. Efficient low-rank multimodal fu-
sion with modality-specific factors[ C]//Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (L.ong Papers). Melbourne,
Australia: Association for Computational Linguistics,
2018.

LIANG P P, LIU Z, TSAI Y H H, et al. Learning
Representations from imperfect time series data via
tensor rank regularization[ C]//Proceedings of the
57th Annual Meeting of the Association for Computa-
tional Linguistics. Florence, Italy: Association for
Computational Linguistics, 2019: 1569-1576.

LIANG P P, LIU Z, ZADEH A A B, et al. Multi-
modal language analysis with recurrent multistage fu-
sion[ C]//Proceedings of the 2018 Conference on Em-
pirical Methods in Natural Language Processing. Brus-
sels, Belgium: Association for Computational Linguis-
tics, 2018: 150-161.

MAJUMDER N, HAZARIKA D, GELBUKH A,
et al. Multimodal sentiment analysis using hierarchical
fusion with context modeling[J].
systems, 2018, 161: 124-133.
KUMAR A, IRSOY O, ONDRUSKA P, et al. Ask

me anything: Dynamic memory networks for natural

Knowledge-based

language processing[ C]//Proceedings of International
Conference on Machine Learning. [S.l.] : PMLR,
2016 1378-1387.

ZADEH A, LIANG P P, MAZUMDER N, et al.
Memory fusion network for multi-view sequential
learning[ C ]//Proceedings of the AAAI Conference
On Artificial Intelligence. Palo Alto,
USA: AAAIT Press, 2018: 5634-5641.
YU W, XU H, YUAN Z, et al. Learning modality-

specific representations with self-supervised multi-task

California,

learning for multimodal sentiment analysis[ C]//Pro-
ceedings of the AAAT Conference on Artificial Intelli-
gence. Palo Alto, California, USA: AAAI Press,
2021: 10790-10797.

HURST A, LERER A, GOUCHER A P, et al.
GPT-4o system card[EB/OL]. (2023-12-19) [2026-
05-24]. https://arxiv.org/abs/2312.11805.

[22]

[23]

[24]

[27]

[28]

[29]

[30]

[31]

TEAM G, ANIL R, BORGEAUD S, et al. Gemini:
A family of highly capable multimodal models[J]. arX-
iv preprint arXiv:2312.11805, 2023.

LIU H, LI C, WU Q, et al. Visual instruction tuning
[J]. Advances in Neural Information Processing Sys-
tems, 2023, 36: 34892-34916.

MAAZ M, RASHEED H, KHAN S, et al. Video-
chatgpt: Towards detailed video understanding via
large vision and language models[ EB/OL]. (2023-06-
08)[2026-05-24]. https://arxiv.org/abs/2306.05424.
LIU Z, YANG K, XIE Q, et al. EmoLLMs: A se-
ries of emotional large language models and annotation
tools for comprehensive affective analysis[ C]//Pro-
ceedings of the 30th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining.[S.1.]: ACM,
2024 : 5487-5496.

HAN Z, HU M, BAIY, et al. DEQA: Descriptions
enhanced question-answering framework for multimod-
al aspect-based sentiment analysis[ C]//Proceedings
of the AAAI Conference on Artificial Intelligence.
[S.1.]: AAAIL, 2025, 39(22): 23987-23995.
DEVLINJ, CHANG M W, LEE K, et al. Bert: Pre-
training of deep bidirectional transformers for language
understanding[ C ]//Proceedings of the 2019 Confer-
ence of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1. Minneapolis, Minnesota:
Association for Computational
4171-4186.

RAHMAN W, HASAN M K, LEE S, et al. Inte-

Linguistics, 2019:

grating multimodal information in large pretrained
transformers[ C ]//Proceedings of the 58th Annual
Meeting of the Association for Computational Linguis-
tics. Online: Association for Computational Linguis-
tics, 2020: 2359-2369.

TSATY HH, BAIS, LIANG P P, et al. Multimod-
al Transformer for unaligned multimodal language se-
quences[ C]//Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics. Flor-
ence, Italy:
tics, 2019: 6558-6569.

GHOSAL D, AKHTAR M S, CHAUHAN D, et

Association for Computational Linguis-

al. Contextual inter-modal attention for multi-modal
sentiment analysis[ C ]//Proceedings of the 2018 Con-
ference on empirical Methods in Natural Language
Processing. Brussels, Belgium: Association for Com-
putational Linguistics, 2018: 3454-3466.

HAZARIKA D, ZIMMERMANN R, PORIA S. Mi-
sa: Modality-invariant and-specific representations for
multimodal sentiment analysis[ C]//Proceedings of

the 28th ACM International Conference on Multime-



% 3

A, A5 « TR AT Ak S 5 A5 2 R B8 52 3 9 ) 22 A A A SR

681

[32]

[35]

[37]

dia. [S.1.]: ACM, 2020: 1122-1131.

MAITS, ZENG Y, ZHENG S, et al. Hybrid contras-
tive learning of tri-modal representation for multimodal
sentiment analysis[J]. IEEE Transactions on Affec-
tive Computing, 2022, 14(3): 2276-2289.

YANG J, YU Y, NIU D, et al. Confede: Contras-
tive feature decomposition for multimodal sentiment
analysis[ C]//Proceedings of the 61st Annual Meeting
of the Association for Computational Linguistics (Vol-
ume 1: Long Papers). Toronto, Canada: Association
for Computational Linguistics, 2023: 7617-7630.

HU G, LIN T E, ZHAO Y, et al. UniIMSE: To-
wards unified multimodal sentiment analysis and emo-
tion recognition[ C ]//Proceedings of the 2022 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing. Abu Dhabi, United Arab Emirates: Associa-
tion for Computational Linguistics, 2022: 7837-7851.
SUN L, LIAN Z, LIU B, et al. Efficient multimodal
transformer with dual-level feature restoration for ro-
bust multimodal sentiment analysis[J]. IEEE Transac-
tions on Affective Computing, 2023, 15(1): 309-325.
SUN B, JIA L, CUIY, et al. Conv-enhanced trans-
former and robust optimization network for robust mul-
timodal sentiment analysis[J]. Neurocomputing, 2025,
634: 129842.

CHENG H, YANG Z, ZHANG X, et al. Multimod-
al sentiment analysis based on attentional temporal

convolutional network and multi-layer feature fusion

[39]

[40]

[42]

[J]. IEEE Transactions on Affective Computing,
2023, 14(4): 3149-3163.

CHEN T, KORNBLITH S, NOROUZI M, et al. A
simple framework for contrastive learning of visual rep-
resentations[ C]//Proceedings of International confer-
ence on machine learning. [S.l.] : PMLR, 2020:
1597-1607.

ZADEH A, ZELLERS R, PINCUS E, et al. Multi-
modal sentiment intensity analysis in videos: Facial
gestures and verbal messages[J]. IEEE Intelligent
Systems, 2016, 31(6): 82-88.

ZADEH A A B, LIANG P P, PORIA S, et al. Mul-
timodal language analysis in the wild: CMU-MOSEI
dataset and interpretable dynamic fusion graph[C]//
Proceedings of the 56th Annual Meeting of the Associ-
ation for Computational Linguistics (Volume 1: Long
Papers). Melbourne, Australia: Association for Com-
putational Linguistics, 2018: 2236-2246.

WANG P, ZHOU Q, WU Y, et al. DLF: Disentan-
gled-language-focused multimodal sentiment analysis
[C]//Proceedings of the AAAT Conference on Artifi-
cial Intelligence. [S.1.]: AAAI, 2025: 21180-21188.
HOU J, OMAR N, TIUN S, et al. TCHFN: Multi-
modal sentiment analysis based on text-centric hierar-
chical fusion network[J]. Knowledge-Based Systems,

2024, 300: 112220.



