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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 AUMDF,
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% F1-score gains for “sadness” and “anger” on IEMOCAP, respectively.
These results highlight AUMDE’ 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, AUMDEF 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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X, € R", Hoh THRIRIFHN KL d, RS m
R HEERE . A BIFST CUnSCRRC31 D38 H B 3R
JE UG FRIE T 2 A ALY, 2200 T B[R] 51 14 A0
R B WA S BUSIURRRAE . O T A 850 4
R[] 5] e 18 Je B AR A OG 2R L AR SCR ) — 2 6 B
VR Xt A PSS A i AR AE R A7 A B, AT A AR A
FRE A AR R X0 A (13D R
XA = ConvlD( X}, by Onr) (13)

Horp ke, RGBT KN, 0,0 TR — A BTN 45
FERFIR) A AT B 2B 250, %86 BUd R, AR
[ Ei e oo el i K S AR e (I[P SN 3
F PIASEAS v 1) 3 SR AR S DT B3 B P ASE S I 1Y)
B ARFAIE o

P25 1, S T B SR AR R X 51 o0 A B R
AR SRR o AR SCTE AR 1) S TP T 0 B G, ELAA
SARAXADF A A PR

PE ( pos, 2k )= sin — ) (14)
100007
pos
PE ( pos, 2k +1)= cos - (15)
100007

H, PERRFHI R EA TR ERR  d NFE
TE A AE B o 38 3 AR AE 1) B2 o S 0 o7 8 i , 55 75
REAS 76 Jo 22 B b B 3 A rp A7 R0CA5 B8 B5F 1) 12 371 4 I
VA L A T B i A %) T 9 g P 75 3 T 4 A
o B2 B FRIE Bk A R it DUE Jr At
LR

ZM = X"+ PE(T, d )€ R™ (16)
Hor, ZT S m AR N 8] A AT I 20 1 e 4 A
FR o M BBV ER LR AR IR 4 A e
RS EE S IR T RMES R RS2
RIS RS By B R A — 2k .
3.6 FESWEPHEZER(DWAM)

W 2 frs s AR FAUR S SO SR 15 5
B B 7 900, Bl 2SR TR R AR B 5 AR o il
HE B A RRAE 5| A Sh SR E ML A AL IR 4k 2
RS ) T SE B S B AS I R BT Rl . MR T T
PRI N ER LR SO BCACE SR B A EE L
B AR AR H S | AT T L 8 i oA A
AR PR SE R L BERS I AR R LA 8 i RS A5 5
TR R GV Ll AR RS 70 42 T A A R A A G
P A T 1 SR D ) oA
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1930 it

L

n2
2

Eild 2025 4F

K2 hZSAE R R AR A

X T SO R B Sl A A IR BB A R
IE A PR Wi A ROR Z1. 158 T 3RS
AL 1) e A SO BB 1 SCAR R 21
FARFR Z4 MO R Z0 b AT 9F82 , 9F 3l 18 ReLU
VAT PR A TN A T e e AR BSCAR T ] 4 1)
A AR O BRI A XA 5 AR A8
JIT7R :

g =ReLU (W[ Z5 23]+ 6,,) (D

guv=ReLU (W[ Zi; Zi]+ biv)  (18)

o, W Wy AT by B by R
T 38 S T AR AL L AR R B 6% Sy B RS AR AR
N TR A ASCEE o AT A 35 455 o e R B AR 1 1
BTk

B IS 3 AR SO 2B B SCAS T T ] it g a i gy i
TR S BNMAUS 1 SCARFHER R Z( L A= (19)
HARCOIR:

Z’i:[gm; gw} (19
Zt=2Z'{ (Wi Zt)+ biw (20)

[ 1 20 R A,k o FH o AR B S, LAASR:
FNIAUE B &R IR Z5 MU B 58 8RR Z .
i ol PR B B RRIE R R S SR A
HnT DA Ji S 04 1 ) 4 A 5o 4 T R oA A 1 A
BFR.

3.7 %1EEIEF Transformer (MMT)

23 DWAM B3 5, 15580 GE A6 [ 45 1 1l XoF
AN RRAE 265 7 AN R R BE 1 G 3 L 5k 75 B
T & MBS R ETEAS B A A 55 R PR . 8K,
DWAM = 25 £ T HUBRHIE 1 2 37 15 5 L oK g
TRATZ B [V 78 (43 SO SR E BLAME . Ry
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fiff PR 3K — ], AS SO Y 2 LS HE 5 Transformer
(MMT) , i — 2 Xt 2l 25 08 38 A4S A RR AR 2E 47 %
SRR ZE B — B

5, 5 2RO A PR A ) B Y
J7 = e, MMUT 3l i A8 8 DATE 55 i 00 RT A A 2
A =R B L Ak TRRIERE B (R
B sl BE RS 2 T A 2% 1 SOOCHK s HOk  MMT
A5 AR B S )RR A P T 4 Mul T
S5 A BERVLEAE () R I A R RS I T P X 5511
[R50, ff P T i A2 A8 A B 4 B L X 5 s B
Ja sl i 5| A ALE , MMT B A S0 1E T A
B PR THR AR AR B 5 T BB R

W 3 s Z A SRS Transformer 18 123K 4
ARSI ST AE Ry Ak 1) i B Aok [ LS B B
MEE . IR R T S RCSRRIE AR CRE T, JF
TR AE RS BRI B0 T IR SR BR824 7 Ao fat
IR IR = .

3 ZHEHERS Transformer 2244

T, T A R RIS T e TR e L A S
SIAT BT FEALE]  HAR T A ] 3R
s(ig), if(i —j)<K

0, otherwise

AT, = (21)
Horr,s (4, /) FRBRIC i ARIE j 22 8] g s 1) AL, K
R HUE SCRY R TR 1T o 38 e e ] 6k S5 AL B Aok
N RIS 1 i A BB A8 A 38 4 1 Bsf i) RUBE P X 5
WA i SR A B A28 AR — S it a5 B . %
B () {7 8 8 A B B e KR b, BRI r kR
FE7R -
ZMNM=2Z,+ AT, (22)
HR R THERS P Mask,,» T4 BRI FEARIC X 1
BT RZ A B IR T I A AL (1) 2 ) 5
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81 TR FET RN S S A TR AL B 2R R T A 1931

NPT = N N TS ER (A N
Transformer BEAEA R T 515 BT S A S 10
AE o DT 4 v 75 SRl g g e o AR (23) s

0, 1f token on the padding

Mask,, = 23)

1, otherwise
25 30(23) hb B & A 7 51 H ) padding token, Fff
PRENTA SRR AN EE RS o i Xy
AW il DR ol | 281 Oy TR i R B TS FRR
A AU A T
&G0 B I HLHIAN ] A SCRE T RS AR Y
IR , 1585k B A RIS token 2Z [A] A AH R
PESEATXS 55, BV25 5 PRS0 A ) £ 3 R
RO SR E EATZ R AR R | RE G A R 28 i 4T
5 AR DA A PR 1 SR A D TUAR S BT 3
AR AKX COPIR
.sim(a,ﬁ):alﬂl+---+adﬂd 24)
H dFRoRmm 4. b - PP sz
(] PR ARLRL A 353 A S RS ) 3 R T AR SR A
T EANY d AERES ) iy, IRl DL A
BA = EAS Z 1] B AR AL «
sim (a, B, y): a Syt ot afays (25)
X — BRI =S A a B 5 y
Z TE] Y IASCARARLJEE , B R B S 4 B A [R) A2 2 Al 1Y)
X FE KR H UG 5 A G I AT SSUBE ARALE
AL o DA i) o B 8 S B kg o AR AR
AR RIBRE ST BRG] AT Query. Key Fil Value
=P IS | ARCE R PR JE T Sh A VAR, LA B v
B B2 IS S AR SRR LA R an A X (26) %)
A CDPTR

Q.=WwWiz (26)
K,=WgzZp' 27
V,=WyZ} (28)
MMT(Q,K,V )=
concat (head,, +++, head, )W, 29

o, W Wk Wy i 3R A8 R) BERIVE ) B A
FE R W o s AR (Y A] 2 ) A B . b X A 2 Sk
BEIHLE] BRI BE e N 2GR LR A A RS IE B
FFIE AT A K YA AL s R R A 2% ) s B A O
Z o DT e 1 RTINS
AR Ea el 2Rk

head,, = soﬁmax( QK. *Mask,,
Jd,

k

V., G0
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3.8 EBBIEMEHILTE
5448 Transformer #7— % — J5 2038 H. 14 5 45
AEE THUE A B, A SCHR B 2 A Y
Transformer VA = FIHE S I3 B R AL 456 W
PR ) P AR R BE A 5 5 — R SRR e 4 o i 2
(SR ITE e 2R L DR RRAIE B8 i 2 % 5% AR T
A TS LR R . AUMDE B9 AR ET a4
IR H AT AR VAT A X T SRS
fiE , HER R o Rl i Z AR S S Transformer 52 B
WA GO A B2 PR
H{=MMT (LN (Z}),LN(Z}),
LN(Z:))+LN(Zz) (31
H;:FFN(LN(HE»4<LN(EZ) (32)
Hrh , MM TR 284 Transformer, FFN 2678 Bij i
M4, X AONE 20— TR IEAE R 25 )2
R RRUE T e AR T B AN A B A e e e . 2R AL
Hh W RS HERY Transformer I F T LSS 4RE 5 8
BEAE , v] RIS G 08 5 AR R H A 5 H o
e BERLE I 4 )R F- it AL (GAP) R B A Al
BRERIYERE o X ROMBAY X —F i - 3fk
AR O A AR [R] (4 B B, » DI 3R A5 il
BIEWRER R H BRI R R I A (3D R
H'= GAP (concat (H{,H{, H})) (33
SRR H 75 5 18 3 IR R 2 N AR
FIRH I %) 2 ) TE] AR o DA — 3 5 61 25 1 i
DRSS B G () ) 3k, 2R R il &
5 s SRR I R B0 R A A AR R 2 [R) B R A — B .
Pk 2 T RN R A EAEH A % &
T TE YRR AE AR S By T BURFIE 20 A BRI S
R T IR S PR, AR ST | A T PR A R
WIRlG 77 2 FED R AT A B RE A T A Wy
K33 I B BN R s Y Fl A Fos HY HOCE T
B INE G B iR 20 I B S AL T 41
FRRE SCHF o X AR, AT 3 2 AR DL B A SR B
flGFRRNH
FEEPRRY B, H 22 AR i 0 o3 2R R
TR A e e o DRI S B 2 AR R A il 5 3R
ANZBEEZE 456 7] % N HE 5 Softmax pR L
HB SO 15 AR 43, A (3D IR
3 = softmax (W, ., H* + b,) (34)
3.9 XfEEEFAZEIE(CSD)
A AR ZE AR I 1650 JRy B o — R 2
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1932 i’

L

n2
2

Eild 2025 4F

TP IR AT RS L R BE A OB S AR AR 1 22 R i JOOC
W, T B0 A BT AR A 5 2R 37 55 T M LA 4R 17 JR
FON B PR RFE 526 ] 22 5 o XX — B , AR SC
W TR LU FEAR Z8 18 (CSDOBLI , 388 ) 4 i B2
(1) TE AR A5G 2R S B PR AL 328, (2 (A A 7 2] 3]
[7i] — 2 1) 22 (B A AR ) 8 J2 1 R QTR DX 3 A [m] 26 531
Z RN REAS (157 A

A SCHIEREAR SR E SRS BAREAE RS 5 AR
[F] AEASER G, a0, an 2R HARFEAS & T B AR J
00 s DI AR A 1 S BRI J ™ %) At AR A S8 4
EFEALE . E AR EREAR B RRIE LT B RR S 2
>J B[] — 1 RS M AEAS (0 ¥ FE AR - DT 2 713
fER—E0PE . 2RI B A SR SO 5 B ARKE
A AN [ AR A B il 2o 5 87 R AR B R
TC B HARFEAS , [ A AR Y B X 53 AN [] 175 2K Il B
AR RSB BT A RISy . BRI L 3
UL 1) SCASBE T LA 2k pRIOE o

1
e

exp(a,lv*sim (Xt, X))+ apatsim( X1, X3 ))

25651 exp ( avEsim ( X?, X{}) + apa¥sim ( Xt X3 ))
(35

Hor, P 3RR SUAR B B IEREARSE L S) 3R SUAR R
BIEMHEARN2EES  ay fl e R 222 1 H
D8 3 SCAS A0 50 AR AR X R0 AR 5 AR A o AL
0 4 T3 PR 7 o AR AR B AR FE TS B 2 o] o o
o7 RS AR SRt 7 v S ARG B Bk, shas
TR AN [RIRES (R] AAE AU 23 A o sim SR T RS )
FRARLPERY R 8, Ho R B A X (24 s

AR, PSS 5 RS AR 0 LE A 2t T
LA S A ] ) 5 50 S, A 3360 5 A5 (37)
B :

L=

! Zlog

B
exp(aw‘*sz'm (Xt X0)+ ayatsim ( XE, X, ))

zxésvexp(aw,*sim (Xt X0)+ avatsim( X, X, ))

(36)

[ —
Ly=

L ZIOg

B | P, pEP,

exp(a/w*sim(Xf\, XL) + au Fsim (X{ﬁ’, X,‘ﬁ))
2_\65\61p<a/w*sim (Xf\’, X{,) + @ Fsim (Xﬁ, X,‘ﬁ))
(37)

Li=
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IR, CSD R sREIE SOA T A RSN Hft 2k
AR TN SF- 237 LS 80 R 2 A SRS 22 ] ) o 55 D
R RS BT R R AT PR .

1
Leo=g (Lt Lyt it Ly Ly L) (38)

3.10 E-TFHEIUERRIEZETE(SRD)

SRS T I T S8 RS S A B S R AT DI kL i
e RO T B 2 T SRS B s . B T
VESVA G i i D )2 B B 28 (Soft Labels) Xt 55 2
e IR, 20 TR RGN A 2= . JUHE
BT BRI T 2 A BORLRRAE 5) (i 55 200
A () v i i R S UL B AR T R, I,
ARSCHE T T AU B9 SR AE 7818 (SRD) , LAB {4
A AR AR B B TS DL T Rt ) 21 5%
DRSS 80 A — B R R AE . SRID 4 25% A= 455 780 (1 il 4 4
iF 5 TR TR 1) 5 AR AE T 5%+ DR 5 A L 8
R R PO i E N A B Y LN =
B % AR T LA a3 2K (39) TR A4 R B 1 4 4k
LH

W.H'OW,H'
\w.H[[[w.|

o, HORVH: 4350 32 7% 300 R 2 A A5 R0 1 il &
i s W, R0 W43 590 3 7 1T 2 25 F 280 0 R 2 A 5 80 g
FRIERE MR, © FRfonBIuR R .| |FRR L2 1E
DAk o 38 o 3 I 2 ek o A TR T DA O 2 A RN
U 22 6] 114 2% 7~ J ] BB X 5% o DA T 2 i 2 A AR 1y
F .
3.11 ilZ%BiR
3.11.1  IEMfk#R

R T B 1R R S LA I B A 2T B g
fi i F R  ASCHE AL H AR 51 A EMERR K L., »
AT 57 S ML A G AR R A B A T 2 AL B
XA (Query) S (Key) H (Value) i85 5% 0 it
BT o 35— 1F DU A SR W BB A7 A58 0 o) A o 4 et
TR s DT B HABE AR 1) A 2% B T 8 g A8 X A AL
PrzAbie ). IENEIR G e LA .

Lo=xwa | +xxlwe |+ we|” 40y

Hrb, Wo Wikl Wi syl Kos i 1 B h

39

Lawpw=a,|1—

W) P 2R 80, P T 4 ) % T LE DA AR O SR B2 o i
FIA LR IE AL, A SCRE A8 75 I i 7 vh A 25
ARASE T I R B4 3 B 0L DU » AT 348 5 X
ZHER BRSBTS o KRR E AL 7 AL
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81 TR FET RN S S A TR AL B 2R R T A 1933

HTHERE PG O SRR R R A
ZAL S5 G R R LB E 1 AR,
3.11.2 BS54k

LA 2 A R R AR S TR TN AT: 55 b A 2 B L 4
S AR B LA R L AR SBT3 T A U A
RIYAE TR L 7E LT

1
I‘/u.s e n 1 A7\1 (41)
S PINRL N

Ho, y, R n DREAR B B SARSE , 3 A
K OTFEAF L, Fom A AR BRI 1) %A 8 T
TERZEAN AR . A SUIR 53 2k 3 1ok A 1 Y000 404 5
B A 2 [0) B4 22 5%, DK sl A5 AL ] 25 S ofi i 1) ) [
AT
3.11.3  ZEG iR R

SR B DRAR TR A b P 2 B B AT AT 55 B LA
568 RS A I P R R s AR S ST AUMDF HEQE
(25 A S PR IZ I PR ERZR B T LR U gk

(D) IEWAEH R L, B IR BRS04, 1 5 H
XA WA 37 AL RE

(2) XF AR Lesp: A3, 9 5 ik . FH T %) 55 2
IR A 55 2 A B (1) 0

(3) FARIPEI R L : 1013, 107 FF iR, 5 7618 5
BT S TR AR TR 65 e

(D) ATS5 R L AR BT () B 2 H AR

BT DL DURR R G, 15 B AL A 1 25 A iR R
PRACL I (A2 7

L=XL,.,+ALesp+ AL+ Loy (42)

Hod, A A FT A BRI A TR R B T
AN [ R T AE LAl H A b R EE 2 . i o
ok e Z R, AT RE A AR I AT 55 75 oK Bl A e Ak 2
T, DA I S B T 2 B R Ak B o e e R
fa .

4 ZWEERSH

4.1 BIEE5EMEIER
4.1.1 HEsE

AW FH = A~ F2 00 SRS B T e 4 -
CMU-MOSI®™ . IEMOCAP™ #l CMU-MOSET"",
S TH VAL 45 B AUMDF #5175 A 5] 3 50 F 1942
REF P

CMU-MOSI #4042 6 5 2199 A4~ W4 Fr Bz, iX
86 B Ry 89 44 ST K A5 AE YouTube HLEZ P

https://www.cnki.net

WS k. 2 5EPA AL B LM 48 4 Bk, H
WAL R -3 AR T D B -+ 3 CH L TE 18D 1 1%
R . BRI T AT S5 1 R S T
G IR FAT 55 AR T R AP ISP 2R 05%

CMU-MOSEI %4l 4}y Zadeh % N T 2018 4F:
FF CMU-MOSTEURE SE ST 0 et o AR F 0T
£, CMU-MOSELfEHEASBURL T S28l T B 5 e,
RS T IR A 5000 4SS [FRE A Y 22 856 4
P B Has T 2 oo ey Rk # 5 8.

IEMOCAP $i 45 2 H T 2 hr & h Bl ),
£ 55 302 AP B, Hi 151 /S LA A X 0 5
BASXPE A bR T BAR R RS an ik AR
P RS A RS I RS AR A .
YESCHRL62 7 B 5 1 s AR SCIRUI AR 38R0 1B A8
Hp ST DUl Rl A SRR DU S A iR AT G — X
FEIEAR .
4.1.2 VM EEFRR

SRy YRR A R AR () M RE R B L AR SCR A
T MM AR bR T A RE . 5 3CEk 63 ] T
PEARARL, 78 a1 U AE: 55 b, A SO0 35 48 % 13 2
(MAE ) i 5 A5 75 0 00 15 Ja i J& 5 5 b 28 =2 D 1)
W2z . FE AT 51 R FHHERf % (Accuracy) T F1
5380 (F1-Score) VE M 5 b i, 4351 F 0 8 4E
45 CIE TG -5 67 TS 8O A 7 AT 45 (s 1. 8 DU <8
FAVAZE 5 2 FG BRI .
4.2 FFERBMEXRSHIEZE

T AR UE AR ) AT A I AR SCEE AN A TR
TEFE S AR B X 55 05 % B AR R 43 LA S S 56 5
BWKE .
4.2.1 FFEFEERL

T8 = AR AR b A SCft AR [R] 09 4R ik £ SR
W o A3 AR R SCARASEAS | 5 MRS A P e A S A TR
TEFEIC, LA R 2 B REAE i — SO A eT L

(D) SCARFFIEFE - AR SCHg: iy AT 538 118 SCA
e Ry W i ) GloVe i) i) 12, 4 B A B IR B S Oy
300 4 9 1) 1w , X R OT L BB S A SRR
()38 SR B IR T SCARRAE R 1) i

(2) F MRFAE B HL . A1 ] COVAREP ™ 2 Bt &%
BB AR JZ AR AE L 23 74 4 055 Mel 813 2 % 3%
A R /AR TR R B A — AR I R S T TR SR
WIS K BERRAE AT B TP 0 17 SR
AL FE R RAE

(3) W05 9 AIE 12 B« AL 98 R A P MA-Net ™/
WL, 32 I 5% IR LA T 2 1 DR 01 rh ) 92 i 3R T
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1934 i’

L

E 20254

JIZ R . A SO Sl MTTCNN AR 3545 1 358
0 i i R FUI 2 ) MLA - Net B 750 12 B4 i (1)
1024 AEAE A AATFAE .

Ry S IR RS B IR G 5, AR SCRIH P2FA T
LT AR LA 4 T B )R 5 IR X 2 ]
5[] B PR A A R AE A T2 . X CMU-
MOST##i 4 5 CMU-MOSEL U 45 B A5 2
) FIHK JE 8% 5 SN 50, T 76 IEMOCAP %08 46 I
JITA RS 7 B B 3152 20,

BN &y PR IR S € =S R | 2 R SN s
UEARFIAAE , BAR R Geit 3R 1.

®1 BUREEXISER

HediE CMU-MOSI  CMU-MOSEI IEMOCAP
IR LE 1284 16 326 2717
CoanE S 229 1871 798
AR 686 4659 938

4.2.2 TWKE

Jr A L5 4T Py Torch HEZR 58 1% L 2 17 30 855
£ §5 NVIDIA Tesla V100 GPU, PyTorch it 4~ A
1.8.2. A T PR L S FPERTAT ek, AR SO
B T LA B Se O ORI ALES
JEIEAT T IR R K

AR SCS 7 CHR[68 4 H A A 14T S 20D
BB it b FE SRR B INR 2 PR .
A (1 2 2] 2835 Sk 0. 001 , et 72 4 i 152 > 300, 1
fes R M Adam, BIZREECR 20, AR O T4
158 AU 2k L5 KU AR SR E T dropout #2470, 8,
FH5IARAF KW Cearly stop) o LA W2 56 1F 46 1) 14 BE
IR 1R I

*2 TWBSHILE

HEE 1558 X BB E
LlERI2VN b 20
Dropout d 0.8
FEUREZ /s h 300
EE S Ir 0.001
LRE P [0.1-0.7]
RSO JFAHEE m, 25
SNy NN m, 150
T KASE 741 K m, 100
R PRE T A1 As Ay 0.1
LRER 13/ es 20

4.3 ItEEE%®
T HIE AUMDF B4 8bE . AR Sc 5 24 &2

https://www.cnki.net

IR e Ty e - AT T IR L, R TR X 4
T AT R A4

MISA™ ; Modality-Invariant and-Specific Rep-
resentations (R A AN AR R A 2 2R/ BB Sk B~
B 530 53 B PSS ] 1 e s =3 ] — A HT T4l 3k
RS 8] 1 T O 2 20 4 /NS [B) 1 22 5 55—
TR NS MEERE. BZ XD ERRS
[ 43 5 L S5 0 R 8 1 155 SR 23 B o

Self_ MM . Self-Supervised Multi-Modal Learn-
ing Framework ( A Wi & 28257 A HESE) L o 2L
BHBPEAT S5 W 2AT 52 et kg A
T AT MR A T SRS AR A A U R DU TR
HRISAR S T A bR S . BEAh o T HEVN R R h
VRS AT 55 R A A SRR L BT TR sl A A
AL AR T AT 55 B B ) 22 2T ROR

CMJRT"™ ; Cross-Modal Joint Representation
Translator (B #5555 £ s BIESR) 15 56% ~J TX)
RS Z [A] B G HR O 2 L JF A SRS Transformer 8
RS Z B A B AME . TG 58 2 B8 E B LG
FIHT .

EMT™, Efficient Multimodal Transformer ( 5
B Z A Transformer) 8 i3 3R BURE IS 1 42 JRy
fiE s 853424 B — RS R MR IR A B, S T HG R
BRI R 5 T BB v Z AR 5T AL
JEHEEER Z HLET (DLER) » LLAE AT BR A $54i h3k
WO F e i UE B

CubeMLP'™'; Cube Multilayer Perceptron (37 Ji
Z2 2 BNA0D R = Ak Sz # MILP 35653 550 % = Fh
B MR AR EAT A 805 B 2% ) S RhG . D s
RA B Z SRR S B AR B4 55 P . XAy
123053 R FH 167 B 2500 A 28 P 2 35 4 SR AR 4
M.

MMIN""'; Missing Modality Imagination Network
Gl R ARG W 48 ) J& — A3 T 1 2 B ks
DA 2, 32 A6 R0 ) A5 25 T A 1 3 LRI CCRAD
A I — FOPE 2% 2 O VR R HE W B 2k 80U | S HAE
2 25 R S 5 I DL S AR AR BB R R 4P 1Y
TERE .

IF-MMIN'"*' ; Invariant Features-Missing Modality
Imagination Network (N ZERRAE Bt Je AR 548 52 W 45)
R FH SIAG 2 0 ke 2 A 285 1 1A R AT, BE RS A
AR BT HERA RN I 4 ) 2 2R S I B s
FREOEEA T A3 BT o DT S5 R v 1 T 0 e
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811 - AT IR S 3

ASVRBEAILR 69 2 B I A Y

1935

4.4 LIRS
4.4.1 ANFEFSAE TR

gk — A BF 58 AUMDF A58 7E 2246 25 B 2 4%
T By &, A SO CMU-MOSIL.CMU-MOSEI
MIEMOCAP #4845 Fitb AT T 245250, 430 it
THAITEARFBSA A TR, LR % 3
BRSPR, Hp (R HE&CABRE,

(L a, v} FRL & SOR EAS RS .

MAE = A B LS BG4 v UG RS
AUMDF 4~ 548 b 2 B AR T HA X Fb A FE LR AR
TR AEL R 3 s A b JH i 3 28 A5 0 1) 3 TR )k
PERE. TEMRA BB B LT » AUMDE fK 4% fig
S U 3 A PERE SR T L X A H LA R it T
PeRE S AR F S

£3 ECMU-MOSI#iEE FHLIER

NG EsTikey
{2} {a} {v} {l.a} {£,0} {a.v} {{.a,v}

FELAY MAE Fl1 MAE Fl MAE Fl MAE Fl MAE Fl1 MAE Fl MAE Fl Avg MAE Avg Fl
MISA 0.796 66.93 0.756 42.82 0.741 40.71 0.795 65.49 0.691 67.54 0.817 48.36 0.798 80.21  0.771  58.87
Self-MM  0.787 67.8 0.758 40.95 0.747 38.52 0.748 69.81 0.739 74.97 0.845 47.12 0.809 84.09  0.776  60.47
CMIJRT  0.803 68.79 0.785 43.23 0.763 42.62 0.695 70.15 0.729 68.54 0.823 50.71 0.887 82.83  0.784  60.98
EMT 0.823 75.12 0.768 59.52 0.792 58.75 0.703 77.18 0.705 74.28 0.828 61.35 0.735 83.22  0.765  69.92
CubeMLP 0.838 64.15 0.801 38.91 0.731 43.24 0.725 63.76 0.729 65.12 0.839 47.92 0.782 83.27  0.778  58.05
MMIN  0.822 55.73 0.833 46.47 0.807 44.71 0.729 61.88 0.778 64.11 0.805 67.4 0.765 81.85  0.791  60.31
IF-MMIN 0.849 57.86 0.823 66.21 0.816 50.62 0.732 58.91 0.732 68.98 0.796 65.39 0.787 82.02  0.790  64.28
AUMDF  0.762 81.31 0.754 64.53 0.735 60.84 0.702 73.68 0.686 79.41 0.789 73.84 0.729 84.37 0.737  73.99

#4 FECMU-MOSEI##E% FHRIER
NEL YRy
{2} {a} {v} {l.a} {{,0} {a,v} {{.a,v}

#®  MAE F1 MAE Fl1 MAE FlI MAE Fl MAE FlI MAE FlI MAE Fl Avg MAE AvgFl

MISA  0.751 68.94 0.733 43.87 0.727 41.76 0.779 69.48 0.682 72.55 0.806 48.91 0.754 82.7  0.747  61.17
Self-MM  0.764 71.53 0.742 43.57 0.739 37.61 0.724 75.91 0.728 74.62 0.827 49.52 0.731 83.05 0.751  62.26
CMIRT  0.789 70.12 0.786 42.39 0.758 38.47 0.687 74.54 0.716 72.63 0.817 50.21 0.809 81.76  0.766  61.45

EMT  0.802 72.34 0.697 44.21 0.781 39.14 0.695 74.23 0.694 73.61 0.841 62.95 0.721 82.73  0.747  64.17
CubeMLP 0.785 67.52 0.783 39.54 0.712 32.58 0.703 71.69 0.701 70.06 0.826 48.54 0.783 83.17  0.756  59.01

MMIN  0.816 68.23 0.751 41.45 0.785 33.92 0.712 71.25 0.754 70.71 0.799 48.91 0.741 82.75  0.765  59.60
IF-MMIN 0.803 69.44 0.789 42.51 0.807 34.92 0.728 73.21 0.722 71.19 0.775 50.32 0.773 82.96  0.771  60.65
AUMDF  0.742 72.76 0.735 57.57 0.716 58.41 0.679 79.78 0.674 81.06 0.733 71.54 0.705 83.29 0.712  72.06

W52 3 Fr  7E CMU-MOST S 4R (1 58 B 25
HE(La,v)F . AUMDF B8 T 5K £ MAE F1
R FL A8, B0 T3 F B B 2 2] SR 1
Sell-MM B AL, 3% — 45 BB, Y r G s T H
it AUMDF 45 25 T 3% T HI U818 A0 RRAE DI 255K 1
TN & A% B8 A 00 i A B A (B) 1 DG IR, 2 i T
Self-MM #5574 v RIS 22 B JE T 8001 2% ) R
) L, DT B8 4 b il 5 25 RS 55 A L

ERF PR LoD, AUMDF # MAE 5
F1 43805 5 e 56 F Transformer 19 EMT 455 A f4%
T6.5% MR T 2.3%. X&HF AUMDF 7£ ¥
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1936 i o
R5 FEIEMOCAP#IEE FHISSIGHR
_— i /% RS A Av F
GO vg_
F5 {1 {ay Ao} {La} (v} {a,0}{l,a 0}
IR 67.3 52.7 50.8 73.2 70.3 61.3 89.2 66.4
AE5 68.4 52.3 53.1 69.5 68.7 61.1 88.4 65.9
MISA
% 66.9 53.5 52.7 67.7 69.5 56.6 86.1 64.7
W13y 56.4 48.4 50.9 58.1 56.5 52.8 69.2 56.0
iRk 66.9 52.2 50.1 69.9 68.3 56.3 90.8 64.9
A6 68.7 51.9 54.8 71.3 69.5 57.5 86.7 65.8
Selt-MM
% 65.4 53.0 51.9 69.5 67.7 56.6 85.4 64.2
W37 55.8 48.2 50.4 58.1 56.5 52.8 70.7 56.1
iR 69.2 55.3 52.5 79.6 77.2 65.8 83.1 69.0
605 65.4 55.2 53.9 78.9 73.1 68.4 82.8 68.2
CMJRT
% 65.1 54.6 51.3 81.6 80.3 59.8 84.6 68.2
Wiy 54.3 51.5 49.2 65.7 62.4 54.9 67.1 57.9
sk 77.2 63.8 61.3 81.6 80.2 66.5 85.5 73.7
VT AEf5 76.3 64.2 60.9 82.4 81.5 64.8 84.0 73.4
1% 77.6 61.8 58.2 83.9 81.7 68.2 85.1 73.8
137 60.7 51.5 50.4 65.2 62.4 56.8 67.1 59.2
Ptk 68.9 54.3 51.4 72.1 69.8 60.6 89.0 66.6
A6 65.3 54.8 53.2 70.3 68.7 58.1 88.5 65.6
CubeMLP
1% 65.8 53.1 50.4 69.5 69.0 54.8 86.1 64.1
t137 53.5 50.8 48.7 57.3 54.5 51.8 71.8 55.5
PJtik 80.6 66.5 64.2 83.1 81.8 67.2 90.3 76.2
645 79.1 65.3 62.8 82.4 79.6 70.4 85.4 75.0
MMIN
% 80.3 67.4 61.6 83.0 82.3 59.7 84.9 74.2
17 61.0 50.7 49.5 62.2 52.6 55.2 67.2 56.9
iRk 82.4 67.7 66.9 83.5 82.6 69.8 87.3 77.2
A4 81.1 69.0 66.3 84.1 81.8 70.3 86.9 77.1
IF-MMIN
i 81.9 67.1 65.5 82.5 81.6 68.1 85.2 76.0
Wiy 61.4 52.6 43.1 64.9 62.7 57.2 71.5 59.1
ik 82.7 69.7 68.1 84.2 82.1 70.1 87.6 77.8
A0 82.4 71.4 67.5 83.3 82.4 72.4 88.7 78.3
AUMDF
1% 82.3 67.1 66.3 83.6 82.9 67.3 86.2 76.5
137 63.5 54.3 52.4 68.3 64.5 57.8 71.2 61.7

W 4 7R 78 CMU-MOSET B 45 1 52 B psi
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#5 AN ZEKRRE FEIEMOCAP BG4 T iseie sl
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2 BB A MAE Fl1

Ly 0. 896 76.39
Ligst T Ly 0.871 77.13
Lyt Lyog+ Lesp 0.849 79. 84
L+ Lyog+ Lsgp 0.837 80. 06
Lo+ Lesp+ Lsgp 0.793 81.43
Lo+ Lesp+ Lsgp + Liggy 0. 684 84. 55

THRLR 45 R .

PRI fl S 56 i 285 SR i LU DA LG
HEER
E6 AW ZELREE FECMU-MOSEL S 4 E 505

45

FRR p=0. 2 BE T AT, 6 K7 55 RN
T T S BAE LA (DWAM) X HEEE AR ZR I
(CSD) 5 5 T AHRIM: 1 AR ZE 18 (SRD) 1Y 31 fil 512
WTEMEE R . T RIS, £ CMU-MOSET %44
£ 51 IEMOCAP 48 48 by se o #a #4554 30—
H, AR R

£R6 EERZEp=0.2F 7 CMU-MOSI#E £ FH#EHiEmt
LIREER (VRTES I ERR)

DWAM CSD SRD MAE F1
0.820 82.36
N N 0.782 84.15
N N, 0.798 83.82
N, N/ 0.764 84.09
N N/ N, 0.758 84.57

BT Rl SC 0 B R PPAG AR v (1 28 ARG B A
PERERY TTRR . 7ERF USSR T MR RS B s BRI
WL FEXH 15 48 UM 55 B2 IR L 32 5 J8 s 1 A Ak
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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
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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). By incorporating novel mechanisms
such as the Dynamic Weight Adjustment Module (DWAM) and
Multimodal Masked Transformer (MMT), AUMDF dynamically

adjusts to missing modalities while enhancing cross-modal feature

Missing  Modality  Distillation

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.



