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Abstract Multimodal Sentiment Analysis (MSA) has gained increasing attention due to its ability
to leverage complementary information from textual, acoustic, and visual modalities, enabling
more accurate and nuanced emotional inference compared to unimodal approaches. Despite its
potential, the practical deployment of MSA models remains severely constrained by the problem
of modal missingness, where one or more modalities may be absent due to factors such as sensor
failures, data corruption, transmission loss, or privacy restrictions. In real-world applications,
this issue is particularly prominent in scenarios like video-based sentiment analysis, where

occluded facial expressions, poor lighting conditions, or degraded audio signals can significantly
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disrupt emotional cues, leading to substantial performance degradation. To mitigate these
challenges, existing approaches primarily adopt three types of strategies: modality dropout-based
data augmentation, generative adversarial network (GAN)-based data imputation, and joint
learning frameworks with shared latent representations. While data augmentation techniques
enhance a model’s adaptability to missing modalities, they fail to explicitly capture cross-modal
dependencies and often introduce inconsistencies in representation learning. GAN-based
approaches attempt to generate missing modalities but frequently suffer from distribution
mismatches, excessive computational overhead, and instability in adversarial training.
Meanwhile, joint learning frameworks, which either concatenate modality-specific features or
enforce a shared latent space, struggle to model deep cross-modal interactions, resulting in
limited robustness when facing highly sparse or irregularly missing modalities. Given these
challenges, there remains a critical need for a more effective framework that not only dynamically
adapts to missing modalities but also fully exploits cross-modal interactions for robust sentiment
prediction. To address these challenges, this paper proposes an Attention-based Uncertain
Missing Modality Distillation Framework (AUMDF ) based on knowledge distillation and dynamic
adjustment mechanism. AUMDF consists of three key components: (1) Dynamic Cross-Modal
Weight Adjustment, a modality-aware attention mechanism that dynamically recalibrates feature
contributions based on the presence and reliability of each modality, ensuring adaptive fusion even
under missing conditions by prioritizing informative signals while mitigating noise from unreliable
sources; (2) Multimodal Masked Transformer, a transformer-based encoder that explicitly models
cross-modal dependencies through masked self-attention, enabling the model to infer missing
information from available cues and enhance robustness to incomplete data; and (3) Dual-
Distillation Learning, which combines contrastive sample distillation and similarity-based
representation distillation to transfer knowledge from a teacher model (trained on complete data) to
a student model (adapted to missing modalities), ensuring consistent and robust predictions while
preserving the teacher model’s discriminative power and adapting it to the student’s domain for
improved generalization under modality sparsity. Extensive experiments on benchmark datasets—
CMU-MOSI, CMU-MOSEI, and IEMOCAP—demonstrate the effectiveness of AUMDEF,
achieving a 0. 8% reduction in mean absolute error (MAE) and a 0. 3% improvement in F1-score
on CMU-MOSI, a 0.2% decrease in MAE and a 0. 3% increase in F1-score on CMU-MOSEI,
and 0.7% and 0.2% Fl-score gains for “sadness” and “anger” on IEMOCAP, respectively.
These results highlight AUMDEFE’ s capability to exploit cross-modal synergies and maintain
predictive stability under modality sparsity. By explicitly addressing uncertain modal missingness
through dynamic adaptation and knowledge distillation, AUMDF advances the state of the art in
MSA, offering a robust and practical solution for real-world applications. Future work will
explore extending AUMDF to additional modalities and integrating online learning paradigms for

adaptive deployment in dynamic environments.
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GEITE B R ST R SR A 5 B AME Bl
TR A BN e SR 2 R S
W > N T RS S B A X 2 I
fiE &) 22 6] 5 IR Eh A A7 A SO B SRR R A AL
1 A R e 2 B Bl R E X LA o R
wr .
Xy =[ar, &y, -, at ] (1D
X' =a" X @(1—a")*X/ (12)
Horr s o FRBEAS m FRAE 0 B A5 SF-i7 Z 50 1 DL
TR B G — AR R 25 R R AR 22 ) A R
LA
3 bR AR AUMDF RE% A 20 B 5 S
BB —Ab 2 S5 B A R A L ) 38 50 2 I e 14
JRy b AE BRIk BE
3.5 HSETALERIEER (RPM)
O T e ST Ak RS O A RS A L R
fiE B Se K B RS 1 i A 7R o — AR P8

i B 25 AL m (me{L, A, V) 1Y $F 1E )T 51
X, € R, Hoh TRIRFHNNKE . d, RS m
AOARAEZE S . BRAT BT CAn SCRRT 31 D3l & FL3ER A
JE AR R T i AT L 22008 T BsF [ ) 371 114 A4 A ¢
RO SRR S BESMARRAE . O T A &4
R [E] 7 51 7 J AR O 3R o AR SR FH — 445 B
AR el A ol 25 ) B AR AE A7 A B AT A A 2
FRIERIR AR S X0 A A3 Pz
XAT= ConvlD (XL, kL Our) (13)

Hor &y, RN BRI KN, 000 FoR — AEL T 2%
TERF A2 ATHZ S50, a2 6 L 72 R
RERS I 18 5 A2 v (0 R 408 B3] 22 TR A 26 &R L B
AR AS T 4 2 SR o AT R B R RS N 1Y
B RAAE

HE—20 1, Ry T G SRR E 81 ST R A B AR R
(AR AR SCAERRAE ) St RO T 7 8 G, ELAA
SAAKADF AKX AR

PE ( pos. 2)=sin| " (14)
10000
PE(p()s, 2k + l)ZCOS< pos ; (15)
10000

Horr, PEFR P9 A SO R B0 B A5 B d NFE
TE R HERE o 38 2 7 R AIE 1] & P IS AL G B L AR
RE W8 7F i 25 10 b 3 o8 A5 rh A7 R0 OR B8 IsE ) 5 47 Ay it
FFAE B B0 08 51 i 8 s TR) A0 A5 31 1F 4 4
o A BLARRE ik A Fon il ad PUF 7 it
LR

ZM =X+ PE(T,d)€ER™ (16)
Herfr, Z0T R RS o AR I ] A AT B 20 Y 5 4 A
Fon o 18 BRI ER P R TR 45 G o
TR AL E G M0k T RMECS R RS 2
FEAS FA B BE B VRS I A — e
3.6 ZHEWNEFEELR(DWAM)

N 2 B R AR TFAUR A SCA S 1 1 S
FRAE Y 7 iR, Bl AR I HE AR i el
HE RS P RRE I 5 | A SIS R AL R i 2
A N SE BB B R A . M TRETF
PR N R LT SO LA S R A R JIHLS
ShZAS AL PRSI T AL 8 i X A
AR P FOC FR L iR i O A BLAS B i B S 15 2]
TS (1) SV , A B BB A% 75 7042 Ja AR A 1] i A ¢
P T T T S ) o YR
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L
&

Eitd 2025 4F

BRI R (LR A

K2 shasA By

XoF TR R F ) Sl A5 A R VR AR AR B i A PR R
IE Wb PR 0 R A KR Z)e 108 N T 3RS
AT T4 1 e A SOHE LA B () SCAR FR Z1
TR Z3 MR/ Z0 b AT 9, O3l i3 ReLU
P PR AL T e DA SR T 45 1)
A e ] BRI R A AT 524 50A8)
JI7R

gu—ReLU(W.[Zi: Zi]+ b)) QD

guv=ReLU(W.[Zi: Zi]+ b)) (8)

For, W, F0W oy J& BUE JE [ s b Oy R i
T, 38 T AR AL T R S Sy B AR S AR AR
AN ] (R ASCEE o AT A 326 426 P e o e 58 S8 45 285 1 1
JENDINi
Bl o AR SORE AR B SCAR T 145 ) 1 gpa B gy 12F
ITRLE A BUMAUS B SCARRHER S ZE, inAX A9
HAKXCOFIR .
Z' =g giv] (19)
Zi=2"1- (Wi Zi)+ buw (20)
[F)FE 9 A0 BRI FH T A e 1B 2, LAASR:
FUINAUG 05 55 22 7 Z5 FUIMALS B AR5 7R Z o
38 o A B BN Y S RS S Bl AR PR
T LAA J S5 (%) 17 SR o) B AL 5 4 T RN At P A
3.7 ZiRAHET Transformer (MMT)
22t DWAM 1 b B J B RYRE A8 [ 18 Ny Hl %)
AR RIS T AR R BE 0 O T . Ak 117 8 &
F B BRSBTS TR e . SR
DWAM 3= 22 £ T B S R AIE (4 0 37 38 5 L oK g
IR ASZ PR VAR B8 SO SR E BAME . R

fiff DR 3K — ] |, 7R SC 4 2 B HE AT Transformer
(MMT) , it — 2 %] Bl 25 8 J5 A SRR E 2R 17 T
JRRACH 5 — S A
T 5 2RO R PR R A TR Y
J7 A e MMUT 38 2 44 8 DATE 5 B 000 e B 2
AW AR ML SR AL T RRIE R B S
SR BN AR T AR A8 R HOR O MMT
L 5 A B B E 5 R L T a0 Mul T
S IAT BIRUAEAE ()R b A B RS ) T M X 55 1)
7] L, B P T B AR 5 58 LA IR P 4 1 A 0 55 5
J& i B AFERSHLE  MMT REWS A T uE TUA R
B RFH RIS B 5 T W e
W 3 FrR . 2RSS Transformer 38 8 &
ANMEZS 0 ST A Ry A i ) i B A OR B AR S Y B
AME B R R T S BSRHE R IR T L T
B PR AR S B AR I 0 S TRUAK SR Rl 6% it 4 7 Ao fgkt
MG R .
!
|:f"?i.\'
l
LN
i

—————————+®

!
HEF ik e S AR L —  HERS LA

i i—

LN

T

Z ¥

L ¥ A

£ BN Transformer (GLAHZEE NQuery M)

K3 ZRIASHER Transformer 2244

T 26 N T A A [RIARE A v g s TR 2, A SC
FIA T IR FEALS] B R ] 3Rk
s(ig), if(i—j)<K

0, otherwise
Horp s (4, 7)) FRric i MARiC j 2Z 18 A9 B T AL R L K
S TIUE SCH I ] 0 1o 38k P[] %8 SF ML i ok
FI A [ B 285 1) i A BB 8 1 338 224 1 I [) R AR 5%
MNTTTA 5 2 1 B A A AR — B B RIE R . #%
[0 5 B8 G 2 B R b, BT v
B

AT, = (21)

ZM =7+ AT, (22)
Hivk, R HIERS AL Mask,,» 15 5 31 38R0 6 E
BRI L B PR ST TR T AR () 25 2 5
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P o 38 G T AR A 1R] A A LT 2R S D
Transformer BESATHER M 15 1 BT R AH S A4 ¢
ik DT e 5 SRS TN A oA A, I 523D s

0, if token on the padding

Mask,, = (23)

1, otherwise
3 (23) 4 FRET AT 51 Y padding token , fff
BN X AL ZE R o 3l X Ry
W i D ol | 281 O e TR iR B o TS FRR T
AMAEHEITE R T
SAEGE T B LRI R]  A SCRE T RS RY
PSRRI | 31538 A A [ A5 25 token 22 [8] 4 AH A
PEIEFT X5, B 205 5 PSS R AR 1) 5 J Gl 2ok
RO 2 B AT Z (B A AR | REAS A 28058 H 0T
TF IR OB R IE A R A5 D TUR R B T4 3t
FE RN AKX CHPTR
sim(a,ﬂ):alﬂl—ﬁ—---—}—adﬁd (24)
Hrb dRRm BN, T LY RSz
[ F) AR BL P 31530 A RS 8] 3 2 AR SR A
T —ESM d gERE S ) By R LU AT
AL RS Z ) (8 ISR AL -
sim (a, B, y)z a Syt ot adBays (25)
i K — AR = MRS IR A a B 5 y
Z 18] B IASORE AL JEE A R 841 S A ] A 25 22 ] 1Y
XF 5 AR E TR S 1 B DG A RS RAAIE o
LI o DA ] o A R R R I Sy s AR R T
B RINEE JT BRG] AT Query. Key Fl Value
=R O AR M A T S A R, LU B
Tf H B A 5 BRI B R A X (26) 3]
A CHFR :

Q.=WizZ (26)
K,=wiza" 27)
V.= Wiz (28)
MMT(Q.K,V )=
concat (head,, -+, head, )W, (29

Horp, W W R W 430 e s A i) BRI ) A
FERE, W AR m 2F S R . i X 23k
B IHUH AR RENS N 24k LA SRS S B
I 3 25 A Sk BN ] o T SR RN 2 2 Y B AR G
Z o DT o 1 ST A v . B TE Sk
AR ] R

Q.K,"

13

head ,, = softmax ( *Mask,, ) vV, (30)

3.8 HEERIE{EHIEE
51£4: Transformer A7 — X — 77 20438 H. 1Y 15 5
AUE R I HLEAE L, A SR R 2R A
Transformer LA =F I3 HOCR ML G55
PRASE S B8] A AR BE AR 5 5 — RS R E A 42 B A
(Y BEARAS TR SCOC AR A DR ARRAIE SN B 25 00 5, AR T
ARG T LFRR IR . AUMDE (8 (A [ {4
R AR AT 4 a0 A BT, 1 X T OUR B
E, HFR R o R e 2 A S HE RS Transformer SZ 2R
WA GDFAB2 IR
H{=MMT (LN (Z!),LN(Z}),
LN(Z))+LN(Z}) (3D
H{=FFN(LN(H] )|+ LN (HL) - 2
Horp, MMT 7R 24525 Transformer, FFN 278 B it
2% . PSR J2 A — AR O] TR EZE A I 25 )2
T AR M TR T AE B B R . 2L
i B Z AR SRS Transformer N FH T UG 4RAE 5 3
HBRFAE AT RIS S S A N ARFIE H A 5 H o
Fes ERE B 4 R V- 24 Ak (G AP) S B AR Fill
BRI . X THOMBRY X — A EiE 34 4
BRI AR BB R OGS S, TR A5 il
HIFHRESRR H BRI A G FIR :
H’ZGAP(L‘()nc'aZ(H,{,Hé,Hﬁ)) (33)
Z BB 25 Sy 1 B Km0 N 2k
R B S5 1) 28 S R AR A o DA A — S o S T 2 A e
TRASEAS BRI () 1% T3 3k, 2 R R IE G mil & 7
T o SR R I iR O R A A A 2 R A AR A — Bk
X5k g T 2NN A A BRI IR 5 &
TETE W RRE AR S 1 5 S BURRE 20 A B A &
R T U AR s S BRI, AR S5 | AKE TSR Gl R e
A RA 7 2 R R E X S B RHE A TR S N2
2 (33) 78 B B A A vt AR il R om HY AR T
BRI AT S O B 20 1% I $2 43t T 4T
MIRFIE SCRE . X T AR AU, T o AR U/ AR R
fEFRNH
TEHMERRRY B, Hoa 22 A A AL (% 000 43 A5 4 Ry
RERVA B 2t it o DRI o 2 AR AU Y il R B
ANZBEHERE 4567 2% 2 BE 5 Softmax pR U
HR RO 17 B 43, A X BD TR
y' = softmax ( w,,.H + b_\) (34)
3.9 XPLbHEARZEIE(CSD)
A FRZR IR L i R IR T — R 2
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Pl

L
&

Eitd 2025 4F

THT A RN PGE RS, A BB A AL 5 FE AR 1 42 iSOG
WK, 5 B0 A B AR AS % 37 50 ME LA 2 17 Je%
F L PERRE S8R 22 5 o BE R — PG, AR 3
Bt 1 % HOAREAS 2848 (CSDO ML - 18 o 44 A 25
B 1E B AR X O 28 S A% 3, A AR AR 2 2] ]
(7] — 28 31| =2 ) B A 9 R J2 1 IR OGRS IX 43 AN [] 28 5
Z A A B

AR SCHIEFEAS E U5 BAREAE RS 5 AH
[FIFEARLE S i, W 2R B ARFEAS & AR s e
20 I A i Ay < BRI S B At AR AR A1) 1l
IEREACEE o GE K TR AR A B RRAE ST A B A% 2
> B[R] 175 IR TN REAS I W AE AR AU , AT P2 2%
TER)—3ME . Rl B AR S E o 5 Bkt
ANE RS R I AEA TG 0 24 SR A B AR
C B HARKEEAS , (1 A5 A7 BB A8 X 43 AN [ 15 B il A
AR IR0 RO A 2K o . BARITT S . 2
WIS TR f SCARBES X L3 2 pREE

1
Tp] 2

exp(apyssim( Xt Xy)+ aptsim (X[, X))

Z,\es, exp ( apvEsim (Xff, X‘) G apa¥sim ( X7, X ))
(35)

Hrp, Py RoR SUARBS I IEFEA S L S, 3R A
BIEREERMN EERES  ay fl o, T 222
DL SCAR A58 AR X6 T SCAS - A A K AR AL
4 248 T8 R o AR s B0 AR R RS A 2 ) ol 2
Do A FE I St A ol o S i AE R B s ik sha&
18 AN [ AE [T B AR 43 A o sim T SRR A (]
AEARUTE: ) RS, HO TR R A X 2O PR

AR ML, Ao A5 S AR S B X A 2 A m]
P ek A ] i = S, A (360 5 A K37
i

Li

! Elog

—|PV pEP,

exp(av,,*sim (X{’r, X,‘ﬁ) + ayaFsim (X@», X ))
zﬁesvexp(aw,*sz’m (Xév, X,‘i) + aya*sim (Xé, X ))
(36)

Ly=

L= 1 ZIOg

IJ [
SN
exp(ajw*sim (X4, X3)+ antsim (X2, X,'ﬁ))
z_\,es\exp@w*sim(){ﬁ, X‘> —+ aA,,*sz‘m(Xﬁ, X,ﬁ))
(37)

T2, CSD AR BREIUE SR T A RS X LA
Y FIASC- 387 5 DA LR 380 Uil R 2 A A5 AR 22 ] 1) %) 55 1
FARLE BRSNS

L<~sn:%(Li+L’v+Lﬁx+Li+L”'erLj‘,«) (38)
3.10 E-TFHEIUERNRIEZEE(SRD)

SIS R - 8 RS A B SR E A I 26 i
S E R T Rl 2 1 S Se A B i 1 . BLA T
YESIAGE 1 i H JZ B BOhR 25 (Soft Labels) X 75 2 i
g R BORL, 2 T RHE R A 25 5. Ju e
BESTRAR 5 T 2R BORVRAE 5 i 25 20T
R (4 75 ST i R, S BUIME R CRE R . ik,
ARSCHR T T AR Y RAE 2518 (SRD) , AR {2
S AU AFTE RS B 15 DL T REfS 4 2] B 5
PSS AR A — B FRAE . SRD 527 A B AU ) il 5 4
iE -5 2 UTAS TR By A3 R A ) 5 5 LA 5 A R J3E b A
BRSNS BY rh AR X TR ) 2 RS S A
K ik B AT LU iF 28 2 (39) B i 14 A AL 1 4 %
S

P

- WHOWH
|w.a||w.a|

o, HY RV H? 3 30 32 7 2800 2 AR A R0 1) ol 5
iE s W, A1 W4 5l 32 71 AT 2 2 B 200 Fl 22 AR AR A
FRIERGE M, © R B ouRFIL,| |- L21E
WAk o 38 2 3R DI 25 50 W o A 780 ] LA ft 2 A 2L
Ui 22 [) 9 3 7~ S AT B8 0T 55 o DT 412 15 2 A A Y (1)
I,
.11 ilZ% B4R
3.11.1  IERMfkk

AT B IR AL, I Rl A 2T B AR
@ RN s A e BFs s I ATENE R L.,
B AEXT 5 0 B AL A DG A R AR B A T 2 5, B
X 1A (Query) V& (Key) EL (Value) 19 4% 52 45 B4 it
PNAEST o 33X — 1 Ak 5 W B8 A A5 il AN i e ok
R DT B THIABE TR fr 52 2% B o () 4t v S 7R X oA D 450
Paiz bR ). IENEII E LF .

L= wg | +az|we | + 2w | 0

SE L W W W 5 IR T R IR
SR TR B T A A R A R 19
£k Z2 500, FH 4 ol 5 00 20 DA P8 AR X B 3 ek
SIA IR IE AT, A SCRE % A2 Y1 250 B v AT 3R
AR X I 5 %) 3k B 4005 XU o A 1717 348 5 S %
2R B S R RE ST . X R IE AL TR AL 2

(39)

Lsp=1a,
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W7 R AL P OGS R i AR AR
ZATS Yy AR R BLBEE T JEA,
3.11.2 RS

A HE R R A 1 SN 55 1 9 R B 4
S AR R LA I i AR ST 1 T A U AR
RBE IR L s 7E SLAAF

1o
L= . log v 4D
: N;y ogy

Hor,y, BoRE 0 DAEAR I B SEHRE, 90 A
K BOIFFAG N FoR 7 A BRI 2 A 8 T
IERRE IR SR . 58 SR 2R 1ot 47 12 00000 40 A1 55
FLAL AT 2Z (8] () 25 57, DK Sl A5E 780 w2 58 A 1Y) 7 1)
AT
3.11.3  ZEf itk %k

R RS R b 3 AR S B BT AT 55 I B4
5 A P 3 I PR R R L AR SO T AUMDF AE 4R
MY L5 T PREL i R BR B ZR G T DLF DA S s

(1) IEWMEFRK L, - B 1R B 4005, 3 5 H
XA WA 3z AL fE

(2) XFHARR Lesy: W3, 919 Frak , T X4 552
DI 7Y 5 2 A B ) R

(3) FRIMEIIR Lo : 413, 10745 firik . B 738 52
RN S R A AR (5 e

(D ARG IR L VoA I () B 2 H B

BT UL PR, 15 B AL R Y 25 5 3
PRARL /s (42) B -

L=MAL,,+ALcsp+ AsLogn+ Loy (42)

oA, 32 FTA R R I A B R 5 F T4
A R R TR AL B AR B AR S B . 38 1
3K ZR B AT R A AR AT 55 5 R B A R k2= )
T DT S 35 8 T 2o A A A Ak B %) o e 1 A AR
fa

4 ZWHERSH

4.1 HBEESTHIER
4.1.1 HEsE

ARMFFEBEFH = A 3 2R E B i 4k -
CMU-MOSI™ | IEMOCAP™ #il CMU-MOSEI*",
AT PAL 42 9 AUMDF B B 7E A [R) 37 5 T A9 1
REFRIN

CMU-MOSI 54 5 462 7 2199 /S #00 Fr Bz, 3X
U 5 Bl 89 24T K #AE YouTube HLZIFIE T

IS RIA. 25 EPA AL LM 484 Bk, H
W W T T M -3 A BT 1 -+ 3 CR L IE 1) ) 15
SRR B . BRI T AT 551 Bk T
FMH IR AT S5 R T R AP SEE DA R85

CMU-MOSEI %4 & % & Zadeh %5 A\ T 2018 4F
FT CMU-MOSTEESE ST Ry et o AR T AT
&, CMU-MOSEITEFEA UL L SEal 1 e,
AR LS TR A 5000 A RS Y 22 856 4
AR B, HR s TN ooibim Rk # 5 38,

IEMOCAP %45 5 £ 22 T 2 hn 215 B,
£ 8 302 AT B, Her 151 AN B Ry X3k 5%
BT AR T BRI B, R 3R
A AR I FIRVE AR e R AR .
BESCHRE62 1 1y 07 v AR SCIRSI R SR IR 5N
Hh ST DU AR LAk AR IR U S5 B ik iR AT g — X
A
4.1.2 PHNFERR

SR T RERE A AR () M BE R B AR SCR A
T MM A bR T A RIE . S5 OCEk63 1 T
VEARARL , 7 VAR 55 v o AR SO FH P 34 48 X i3 25
(MAE ) fi 2t A5 75 T 0 175 8% 32 -5 S B 2 22 [A] 119
2% . TEIRAES T R MER 3 (Accuracy) F1 F1
5388 (F1-Score) VE M 5 A i, 4351 H F 0 8 4F
55 CIE a0 -5 6 1 B8O A 7 903 AT 45 (ks 1. 8 U8
FLAVAZE N5 2 J 5 BRI .
4.2 HERBEXLKSHITE

R T ORUEASE Y ) R A B AR SCER AR T
TEFE G FE B ) 55 v B 4R X o A R S 30 2
B E .
4.2.1 FFEFEHL

TE = AN 4R b A SCfdt AR [R] A SRR AE S BOR
W o A3 AT X SCAABEZS: L AR S A S A 2 01 T4
TEBEI, DAA Of 22 BRI A — SO AeT L

(1) SCAFRIE B E « AR SCHS: i IS 538 4 SCAR
e R T LR ) GloVe a] [a] &, W AR P IR] RS A
300 4k (1) 1) HiE e/« X FP T L BR S A AU AR TE
118 AT BT T SO SRR R (1 i i

(2) B WRFAE B2 B . fff F§ COVAREP ™ 4 i &
WA 2 FRAE , FeT T 74 4k AL Mel {585 2 50 3
AP /AR R I R B A — iR I R R T TR S
PRI SE K BEARAE AT Bl T B A 15 SR
AL FE I RRE

(3) P 5 SRR AIE B2 B - A0 50 47 AiE 1 MA-Net ™' 4
B, 12 I 6% R L7 T 2 17 01 o ) 58 ) SR T



1934 it A

Pl

¥R 20254F

JUZ R o AR SCE SE Al A MITCNIN A58 58 39 47 1 356
R o i S ) T 25 9 MLA - Net A5 760 458 BRUAE i 11
1024 HEAE R AATAFAE o

RS B 2 RS B TR 6 5 L AR SCR I P2FA T
ELE T AR L 18 4 T A 1D 5 O 7 ik 2 )
A 1] By P X 5 AR AR AIE 204 T34 . X T CMU-
MOSI##E 4 5 CMU-MOSEL U4 , 4 52
B K 35 M 50, T 7E IEMOCAP 50 4
JITA RS (0 7 B BE 359 15 20,

AR S BRI 2 L DR i R ) 43 S I R4 L
TEAE AL , AR B G Lk 1.

F1 BIEEMNTERL
Btk CMU-MOSI  CMU-MOSEI IEMOCAP
VRS 1284 16 326 2717
BEsE 229 1871 798
Mt 4E 686 4659 938

4.2.2 SEEOIRHE

A SEBG 4 5L T Py Torch HEZR5¢ 1Y, , i2 17 P55
£1 4% NVIDIA Tesla V100 GPU, PyTorch M A Ay
1.8.20 N T LRGSR - VAT AT Lt A S R
B EL T LM Y e DT R R T AT RY AR
PEHEAT T REAU AR URD LA

AR IS SCHRL68 B ) BB R AT R 2 5T
BB it B b FESEOWBCE IR 2 s .
LAY ) 27 3 2235 R 0. 001, B2 4 15 15 A 300, 11
s & Adam, BYIZRFE IRy 200 HeAb . o 1 4l
R 1) 3 405 AU, A SCIE T dropout %24 0. 8,
I A RS TE W Cearly stop) » AW 458 56 iE 52 19 P RE
FEFERTE R 2.

®2 XBRBSHRE

HEH 7 X BB
IR /e b 20
Dropout % d 0.8
B )= h 300
B Ir 0. 001
FRR P [0.1—0.7]
KA PHNK m, 25
T RKE TN KB m, 150
IR TP m, 100
% PR L A1 Az Ay 0.1
LRER RV es 20

4.3 XLtEE*®
R T HAE AUMDFE fA R A 20 &2

IR Sty i AT T TR XS L, T TR X 2
T AT R EA 4

MISA" : Modality-Invariant and-Specific Rep-
resentations (R A AN AR IR A R oo ) B Sk A~
LS 53900 53 L PR A [] 1 2 s 25 ) s — A FH T4 3k
A A] B Mot I 2 28 A /RS TRl 22 57, 55—
TRER DM AFRE . BA XMADRRA
(] - L 5 30 SRS 0 P A7 SR a0

Self_ MM . Self-Supervised Multi-Modal Learn-
ing Framework ( [ Wi 2885 S HESE ) % ol 24
BB S 2T 55 it . kLA
T T B R T SR AR A A U R A A
PARESAT 55 A bR %S . bAoA T FE U Zhad #
VAT 55 B ) R B T R B AR
BRI s AFE AN A 55 B B ) 27 20 3508

CMIRT"™ ; Cross-Modal Joint Representation
Translator (R4 R BIIEES ) 1 Se2: 2 B X
B Z A IR IE 2R L I PSS Transformer £8
RS Z R B AME N TTHG 5 28R B ZE &
FIH

EMT™, Efficient Multimodal Transformer ( 5
B Z 1S Transformer) 38 1 AR PR RS 1Y 42 e
IE s FETAE Y8 B —BES B R AR RS . o T 1G5
RERIERLS R ) 50T BB e B AL AT 3L
JZFRER ZHLEI (DLER) » AE PAT BR % £l s v 3R
O = 5 i UE 2

CubeMLP™" . Cube Multilayer Perceptron (37 J5
Z 2B R =AM 57 # MLP BT 53 50 X6 = F
RS RHE AT A U5 B 022 ] 5 RGO i
RA 1) Z B RRIE SC 90 AE 0955 0 . X Fhy
23053 FI FH 16T B 2 2850 ) A 28 P 2% 35 4 ok AR 4
AR

MMIN"™; Missing Modality Imagination Network
IR RS G R 26 ) J& — A 3% 51 1) 2 125 1 A
DUAE 22, 26 R AR 2 B A 7 1 LI CCRAD
I VA —BOPE 2 2] 5 PR W B 2k i $ials i AR
2 B2 B N S B I O T AR BE DR R R 4 Y
PERE.

IF-MMIN"™ ; Invariant Features-Missing Modality
Imagination Network (ANARHRAE G2 AR A AR G2 I 4% )
I ] R A A2 0 e ABE 285 1% 31 AR AIE  RE S A4S
AR 1 00 T VREASR A0 4 S 2 RS B
FEAE A TAR IS4 » AT S5 30 6 vy ) o 042 i
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4.4 ZWHERDWH
4.4.1 ARRBSAAE T IR

Sy itk — 2 BF9E AUMDF #5878 75 22 165 25 Bl 2 4%
1 F W&, A SCE CMU-MOSIL.CMU-MOSEI
FIIEMOCAP #4845 itk A7 1T 245250, 430 ik
THREANFEBSHE TR, LRERMES
BRSPR, Hp RS HEAEUABE,

{4, a, v } TR SOR H S IR o

MAE =ARdade B se R g ) il DUA R
AUMDF [/~ Fi AR 2 B IR T AR L Ay HE A5
T AR 35 b A B Al A58 70 4% 3 B i e
PERE. RSB BR A DL T  AUMDF KR BE
% BT w25 PR RE SR T X R A L& R+
PLRE S IS F A I

+R3 ZECMU-MOSI#IEE PRSI R

NS A E
{¢} {a} {v} {4,a} {40} {a,v} {.a,0}

%l MAE F1 MAE FI MAE F1 MAE FlI MAE Fl1 MAE Fl1 MAE Fl1 Avg MAE Avg Fl
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Background

With the rapid advancement of artificial intelligence, the
ability to recognize and analyze emotions has become essential for
improving human-computer interaction. Consequently, multimodal
sentiment analysis (MSA) has emerged as a key area of research,
leveraging multiple modalities such as text, audio, and visual data
to achieve superior sentiment prediction. Compared to unimodal
approaches, MSA provides the advantages of data complementarity
and robustness. However, achieving effective feature fusion
between modalities remains a central challenge, as the quality of
feature interaction directly impacts the performance of sentiment
analysis.

Existing methods for MSA primarily focus on three types of
fusion techniques: neural network-based, attention-based, and
graph-based approaches. Neural network-based methods, such as
those using Recurrent Neural Networks (RNNs) or Convolutional
Neural Networks (CNNs), have demonstrated strong representation
capabilities but often suffer from high computational costs and
long training times. Attention-based methods, particularly those
using self-attention mechanisms, effectively capture temporal
dependencies but face limitations in fully leveraging inter-modal
relationships,  especially in  scenarios involving  missing
modalities. This design limits their ability to handle data from
three or modalities  without redundant

more introducing

features for robust multimodal emotion recognition with missing
modalities//Proceedings of IEEE International Conference on
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information, leading to suboptimal feature fusion performance.
Despite significant progress, handling missing modalities
in MSA research. Real-world

applications often encounter incomplete or noisy data, which can

remains an unresolved issue
severely impact model performance. Current solutions, including
imputation techniques and knowledge distillation frameworks,
partially mitigate these issues but fail to fully capture the
complexity of incomplete multimodal data. As a result, there is a
pressing need for more robust and adaptable methods to address
missing modality scenarios while maintaining effective feature
fusion.

This study seeks to bridge this gap by introducing the
Attention-based  Uncertain
Framework (AUMDEF).
such as the Dynamic Weight Adjustment Module (DWAM) and
Multimodal Masked Transformer (MMT), AUMDEF dynamically

adjusts to missing modalities while enhancing cross-modal feature

Missing  Modality — Distillation

By incorporating novel mechanisms

fusion. Through the use of Contrastive Sample Distillation
(CSD) and Similarity-based Representation Distillation (SRD),
the framework ensures robust representation learning, even under
incomplete data conditions. This work represents a significant
step forward in MSA research, providing a scalable and effective

solution for real-world challenges.



