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Abstract: Objective Multimodal emotion recognition aims to understand the emotional states of specific subjects by fusing

data from multiple modalities such as text, vision, and audio. However, the inherent heterogeneity existing in the represen-
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tation forms and distribution laws of different modality data leads to emotional semantics in the latent feature space often
being entangled and coupled with modality-specific non-emotional noise. This phenomenon of feature entanglement not
only hinders the model's effective learning of key emotional features but also limits the interpretability ability of the model’s
decision-making process. Furthermore, feature fusion strategies adopt simple concatenation operations or coarse-grained
attention mechanisms, making it difficult to effectively capture fine-grained emotional semantic interaction cues between
modalities in complex cross-modal contexts, ultimately resulting in the fused emotional representation lacking sufficient dis-
criminability. To this end, an interpretable invertible disentanglement and adaptive fusion method for multimodal emotion
recognition is proposed. Method First, in order to reduce the loss of semantic information during the feature learning phase
and achieve structured feature disentanglement, an invertible attention mask-based disentanglement (IAMD) module is
designed. Based on invertible neural networks (INN) , a bidirectional invertible mapping structure is constructed between
the latent representations of each modality’s features and emotional semantic factors, and an attention mask mechanism is
combined to disentangle latent features in the channel dimension into two parts: one part capturing shared features with
semantic consistency across modalities, and the other retaining specific features containing unique attributes of each modal-
ity. Secondly, to further enhance the disentanglement effect from an information-theoretic level, a mutual information con-
straint (MIC) mechanism is constructed. The semantic consistency of emotional features in the shared subspace is
enhanced by calculating and maximizing the mutual information between shared features as well as between shared features
and emotion labels. Meanwhile, by minimizing the mutual information between specific features and emotion labels condi-
tioned on shared features, the model is constrained to strip modality-specific attributes not directly related to the emotion
task into the specific feature subspace, thereby reducing the interference of modality-redundant noise on emotional seman-
tics. Finally, addressing the issue of insufficient interaction during the feature fusion phase, a semantic-guided adaptive
feature fusion (SGAFF) module is designed. The cross-modal consistent emotional semantic information captured in the
shared subspace is utilized by this module as contextual cues to perform fine-grained semantic correction and guidance on
modality-specific features through residual connections, and a dual-branch prediction structure is constructed, in which a
gating mechanism is utilized to adaptively assign weights to the shared branch and the specific-guided branch, thereby
enhancing the discriminability of the fused representation. Result Extensive comparative experiments and ablation studies
were conducted on the CMU-MOSI, CMU-MOSEI, and UR-FUNNY datasets. Specifically, on CMU-MOSI, the model
improved mean absolute error (MAE) and 7-class accuracy (Acc-7) by 2. 4% and 2. 9%, respectively, compared to the
disentangled language focused (DLF) model. On CMU-MOSEI, it yielded improvements of 2. 6% and 1. 7% in MAE and
Pearson correlation coefficient (Corr) , respectively, compared to the Transformer-based multimodal binding learning
(TMBL) model. Furthermore, on UR-FUNNY, the model improved the F,-score (F,) by 5. 6% compared to the modality-
invariant and specific analysis (MISA) model. In addition, detailed ablation experiments verified the necessity of the
[AMD, MIC, and SGAFF modules for improving model performance. Feature visualization analysis based on t-distributed
stochastic neighbor embedding confirmed that the model realized the effective separation of emotional semantics and modal-
ity noise in the latent space. Furthermore, fusion weight visualization confirmed that the model adaptively assigned higher
contributions to the specific-guided branch, confirming the role of fine-grained complementary cues in final emotion judg-
ment. Conclusion In summary, the proposed method achieves interpretable disentanglement of emotional semantic informa-
tion from modality-specific noise based on INN and mutual information constraints, at the same time, through the semantic-
guided adaptive fusion strategy, it realizes deep and fine-grained interactions between cross-modal emotional semantic fea-
tures, thereby improving the accuracy and robustness of multimodal emotion recognition tasks in complex scenarios.
Although the proposed method achieves significant progress in model interpretability, the introduction of invertible transfor-
mations and multiple mutual information constraints increases the model’s computational complexity. This method is appli-
cable to multimodal scenarios with complex modal heterogeneity, as well as tasks that have strict requirements for quantita-
tive emotion recognition metrics. Future work will focus on lightweight disentanglement for emotion recognition tasks, to
further improve the inference efficiency and generalization ability of the model in scenarios with limited computational
resources. The source code has been archived athttps ://doi. org/10. 57760/sciencedb. j00240. 00138.
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L,N=HF’]([um;rm])—[ﬁm;Fm]"i (11)

A (- ) Ry i ) AR i R A

e N T e L EE R ] P 1 SO 5% [R] A
SEREA RRAE B0 ST M B 1R R RRAE S L SRR R
B SCRWE 51 AFE T H LA 22 5% (central moment
discrepancy, CMD) (Zellinger%‘ry ,2017) T4 /R 1A
5 it % R ik 37 M v U] (Hilbert Schmidt independence
criterion,, HSIC) (Greenfeld 45 , 2020) (1) 9 S ALl , B
AR 2 R L ST P2 PR Ly o Hov, L3 3ok e/ s
A I SR 43 A7 22 1] Y v B 2 S IR SURT 5
Zat RN

(10)

2
2

1
CMD(M,N) = T a|||E(M) -E(N)|, +
! (12)
WHCK(M) - CK(N)"2
1
L = §("%(:MD(r,,,l,rmz) (13)

A M N RTEX T [a,b] FRIBEHLEEA |- ||, A L,
WEGE( - )FRE, C (- )RR KPr O, 78
AR KBRS m, Fm, AREARTRRESS
[eil s, o S7 PR R L, B TR S/ MRS P 2R 224
TIF5 AT RRAE Z 18] DA SRS R A R A 22 [ 1) FAH G
HSIC(M.N) = (B - 1) "Tr(HG,HG,) (14)

1 1
L, = g(%)HSIC(um.vumz) + ggHSIC(rmum)( 15)

K, Gy, G NAEAR A AR PLARFE G, T (- ) R dH
Pt iz 5, H Ry ot A e
2.3 EEFEBEARE

g T 20 R T i R 00 REOCR A AT i R 2
(Han 5% ,2024) 48 H A9 28 T 55 2 09 A i B 208
FRFRAE RS e, AR SCRE— AP IR T AR 8] A A O
FLHHET MIC 2L, W lal 1 s o B xRy
fEBCTT RMI, 15 75 i R AL L SRR AR (] K H 55 1 Jbs
25 1] R RS RE B2, (A5 25 A 285 0 L 2 R i 2R 5 31 )
— I SO B R RRIE T O, B TRS E
EELRAE R S5 T d/ MBI SRR SR TR Gk . 18
i RMIA5 CMI 25, A B I8 )2 T 5 17 JBURR A Y
B D BSRE TR

H T RARR T A L R r, ELOESH AR T RS
S — B I S AR SCR AR B R X Al
(information noise-contrastive estimation, InfoNCE)
F(Oord 2, 2018) f5e KALA [R5 25 IEm2 RF Al i) A K%
JEERHIE 50 BR % y Z BB B . BiRmE,
Xof AT A T AR R 2% R AR I R ik AR 25 2 it o
LYo, e SCRYA G EAG B R Ly A

B 5('011)
L(X:Y)= (E) - ;zlogé o
A2 Fly R ER N IEREAR Ty, ZR HE P Tk
7|§,S(x,y) =f(x)Th(y)7\ﬂ‘HM§ﬂ§J\lZl§ﬁ,f( - )FN

h( - ) MLP T4 M 4%,z = Linear(y) e R” & 5%

(16)
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TREEAL (X5 Y) = {(r,, 5 1) (rs 2))e

N T PRIERRA RHE v, AR SRS IR E
A RABE L R EYE . A Gt T AR RS
WL, B/ MEE AIEE L r, 250F T FF A FRIE
w, SEEGREE y Z AR EAG R AR

p(u,.zr, )

p(uw,lr, ) p(zr,)
A, u, ORAAEEREA FHE , 2 21 AR 1A
PR 1, SIS, p () TR, A
I(w, s 2r,) BN ARERAECH r, 5w, X 2 50050
S, RIVRRAT FRAE AR 5 B 548 55 bn 26 B AR SC A e P
A AR

5] ?Eiﬁ’?ﬁp(umlrm),p(zlrm)xlﬁ DL E RS,
AR 3R A A G L, M T ) R
o(u,,z,1,) e (0, 1)K XIFBEASFEA S KU
ATREAS IR, 5P AR BT AR

[(um; zlrm) = Ep(um,z,rm) log

)(17)

@ ( u,,z,r, ) 3
1 - ¢(u,zr,)
elu,z'r,
&b%-;uﬁgg)
LB, FE, R 20 38R X B A RE AR 5 2k (R e Y
SIMREA IR, FI00 % o (- )R HI MLP 224 5231,
Ho AR FRAE w, SEEERIE r, SRS A 21
Phz 1, H 45 B A0 = AR AR R R — AN
)2, )2 2Z (A1 22k G 1E et PR T (rectified linear
unit, ReLU) 30 , i Hh 2355 o2 2 R AiF e S — Je )
S0, AT REASK B BA 2Fi p (w,,, 2Ir, ) TSR
PERFI G p(u, I, ) p(2Ir, ) FIRESR 2/ FRTE R — 4%
F r 9 4B38% P 3 3f K 34K (k-nearest neighbors , KNN)
SR A ME AL AT B AR B A o S/ MEIRIT
PR L, 2R N
L= z I(um;zlrm) (19)

m e {atlp}

e, CMIR Ly 4 Ly 5 L AR ZH
Ly =Ly + L, (20)
K, Ly TR BAG B B Ly B L 43 3 3R AH G
HAGBIR 5 FF AR B,
2.4 ENSISHEENSHTIRE
TEARAG AR AL 5 | 1 X B0AT fl & 9k e DA
P 20 b7 A R AF B B[R], AR SCR T T SGAFF

[(um ; zlrm) =E,|log

(18)

e, TP 3 % . R R P B 2 A 4 3
T IR 0 SCREAE 7 VR R S0 1S, 308 5 0 2% 45 4y
S 45 B 25 R AT R AE w A T AL BE B SUIB I, I
B Fos R P R R 2 . BURTI S, 1 26 s ZEAs
5 DAY S D, A R 8 0 246 A 7 2 2 g o 3
SREr, L TR R e
P LERPEAT A B, A B HL 550 S ST (A A
w0 Al RN
ul =u, +Wlu,:r] (21)
Ao, us FoR AL ST IR IR RIE W, 3
TRLR MM TR
SRIT O T R Rl A R ) I, A S
T TR TG, 52453 g (5) B TFHEBRIT 19
S SERAE T SRR 1] , 26 L B2 5| S 1A 4
% g(p) BT IE G A H5 A H A AR .
5 A TR AIL AR 3 S AT G K T 48 S
AT F o H O R N
7 =70g(s) + (1 -y)Og(p)
y = o(MLp([ug; ;1))
A, o (- ) Sigmoid FHE PREL, y e (0, 1) A ALE
FHg (- )N MLP B Sk , 7 Ay B 2 A
2.5 BARKRERH
R IE 55 (00 B bR SR AR S 1T S b %

o T ¥ .)A}
@D zeEAm | A \

(22)

N

ORSEARE D %

OB LR |

B3 38 S50 A T DARFAIE Rl AR

Fig. 3 Semantic-guided adaptive feature fusion module
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5 AH G R B AE , A B DA A Y AR A% B AT
% LR HERE , A SCHI AR S R LAE R FEZ W,
e [FEAT: 55 vh R FH 38 5 R 224 AT S5 R A 3 26
A 55 v R A8 SO SR o teAh , AR SCR HTER R 24
WARACHESL , LA HAT 3508 5 AN I B 18] 0 B AME S
PN SR i LR 35 e O Y A S R a1
ZAPVRIA G A AL B bR R, FR

L=L,+ALy+A,Li+ AL, + ALy + AsLy,(23)
P LRI A A Ay Ay A PR AR A T
1% DTRR A R 24k, R SR LKA JTAE
Y P PR AR [ 5E o

3 XWERSHN

3.1 HBIEE5EMIER

TEASCH, 39 $% CMU-MOSI,CMU-MOSEI A1 UR-
FUNNY iX =B A R R A7 50 0E , AR SR T
BT BHRER 7, DRI L 22 R AT X L,
AR 4307 gk 1 s . Hrf, CMU-MOSI 2
Z RSB SRR Bl vz A R A N R
JET YouTube, Hi 89/t 1AW 2H 1%, , B~ FA01 - Bt
o 5 — G BOIRAS | X RS 2 N T AR ARSI AR
25 WC{E S L PR -3 B +3, 25y T AN SRS, CMU-
MOSEL 4 45 24t % CMU-MOSI

AR 7T, A5 1000 SRR A B, UR-
FUNNY #24t 1 16514 4~ A TED J# JF i) 2 BI85 75
TEREAS  BEATETE AR BAR 1Tk e R /A e 2R — kR
%o WA S A kiRl e AR SOR I 2R

F1 HEENSITER
Table 1 Statistics of the datasets
g S Y BuEgE  WElE S
CMU-MOSI 1284 229 686 2199

CMU-MOSEI 16326 1871 4659 22856

UR-FUNNY 10598 2626 3290 16514

18 AU T2 3 T — SO VA0 98 b HE AT 1 RE T
fli . 7E CMU-MOSI#1 CMU-MOSEI I, ffi {1 T =432
B % (2-class accuracy, Acc-2) \F, 73 %% (F,-score,
F,) F1-E 43 25 HE 1 28 (7-class accuracy, Acc-7) -3
24 %} 1% 2% (mean absolute error, MAE) Il J7 /K 3t #H 56
ZH(Pearson correlation coefficient, Corr) , 77 2 1 &
(2, Ace-2 I F, 43 B0 1807 XA W« /A B
(L5 %) Ff/iE (HEBR %) o 1E UR-FUNNY %4 46
LT Ace2 FIF .
3.2 KBRE

#£ NVIDIA 4090GPU I i A PyTorch HEZR il 17
Prf S5 NGt fe b, v 280458 58 AdamW i
Tl . X5 T SCARFEE , CMU-MOSI, CMU-MOSEI
LA S UR-FUNNY i 45 4 ¥4 5% il BERT (Devlin 45 ,
2019) FNZAEAL, XF T B3R = A Ea 4 B i
SRR E MR 2 R FEXTLLSEE oy 1 e
AV RE Ot AR f M, ARS8 % ml A B ) B 2 A 28
P 5 FOR R BEHLRD 7 (42, 1,11, 111, 1111) 3
A SE N5 M, S 45 R A e hn v 22 1 TE =X
RN o ARSCHIR LSS RO 73 A2 % T 2 A TF
AR H AT A R B i T 2

x2 FREHEERMESHIRE

Table 2 Hyperparameter configuration for different datasets

ZH CMU-MOSI CMU-MOSEI UR-FUNNY
HER KN 32 32 32
2R 6e-5 6e—5 4.5e~5
BERT 23] % 2¢-5 2e-5 5e-5
&S Se-5 5¢-5 5e=5
Transformer |24 v/a/t 2/2/3 2/2/3 2/2/3
Transformer Sk %4 v/a/t 2/2/4 2/2/4 2/2/4
Dropout 0.1 0.1 0.1
AAsA LA LA 0.1,0.05,0.3,0.2,0.1 0.05,0.05,0.2,0.1,0.1 0.05,0.05,0.2,0.1,0.1
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PR FEZARY A 5 A SC— S0 BRI 43 A
FEAE 55 VT AR J13 U 505 K, Pr R 25 R e %
DL e "R s T AR A FE A sl DUE AR R CE R
52 BB | AR SC B HE G ) L RSO A 25 5 aff i L
B AFE
3.3 iR

3 JBIR T 4E CMU-MOSI Al CMU-MOSEI %% #i&
£ PRI L2 2 BUBERL I X 25 3R . #E CMU-
MOSI H, 55 2R 2R FH AR AR AL A9 A5 R AH L, 7R SO AR
BA WS AR T ki Al 5 M 2% (Zadeh 55,
2017) FE Bk il A 458 (Lin 45, 2018) , 25 3219 MAE
I3 BIREAR T 19. 9% F1 20. 8%, AH b T 3 F Trans-
former 58 32 H. AR (Tsai 25 ,2023) , 48 SCH) MAE [%
T 17.1%, [R5 Corr #2 T4 T 14. 3% X &K A itk
ARV AR A 1 S 1 SR AR R IR R A
FEEURFAEZS [a] g B E: SC 5 AR I S 2 48 T R 3¢
[ TAMD A58 55 MIC HL ] , 38 258 X ] ] 36 e 555 7 v
723 ) =R T B B A L R S B S R A R
fE, AR TS T T3, 52 il
(MISA (Hazarika 4 ,2020) , MFSA(Yang &2 2022b),
DMD(Li%,2023) , DLF(Wang %5 ,2025) ) AH Lt , A
RURSR AR FE M RE UL 50 A Eb 1 3% F X BL i R 1
MFSA , A 3C MAE [ T 15. 7%, 5 DLF BERIA 1L,
#E Corr LAEFF T 1. 7%, AN [F] T MFSA £ R i A
Fa s W RHIT I 25, A SCR MIC ML A 218 F J dr
MU FRIE SR BAR B D BS TUAR MRS
AREIUTE Ace-7 LA, 3% & 2 DMD BRI ) [
0] U1 F A A7 AR AR JSARTRE , T AR S 1l 3 f 45 o 2%
WD TR B R . AT R A SCABS R Y
DLEF AR | A S % 1Y SGAFF A5 e 3 A T35 4
A IS BB IE R RHAE , il WUy 3
IR 38 R 4 B EE , 3 5 I ol A5 A5 780 o 4b
PR F RS E B I T

TE CMU-MOSEI H | AR A5 7y 1 8o B 14 ]
4 bR LS T S itk fe , e 26 b LORFE T
g ). 5 E T Transformer AR Y (Tsai 25, 2023)
A HE, AR AR RS ) MAE [ AIK T 8. 4%, Corr $2 F+ T
10. 8%, 3X S K A SCAHY IAMD A58 5 MIC HL i 8 £
TR B TUAR R 5 X B S T, B AR AR
FERHUBEE T Bl > B0 Ry S R T IR . 5
ff BB (DLF (Wang 25 ,2025) , TMBL( Huang 2% ,
2024) ,DMD(Li 55, 2023) ) #f b, A7 [m] J=0RS B2

B XA R TR R SRR Y S A 2 R
SR, AT DLF AL AR MAE

R Y, TE Corr FAREFF T 2. 0%, FHEET
TMBL R, AR AE MAE |k — PR E T 2. 6%,
TE Corr FHETF T 1. 7%, 3% 32 AR AL T (14175 o
JEME S BRSO . (HAFERE M, B
TMBL £ Ace-2 _E W& =, (HH MAE S 3% T4 3¢, it
BH ELC 5 R S T I55 B AR, (7 I TR ) T -
ZERR . MELE) DMD BERIYE Ace-7 #5845 & = T 4%
B JEP DMD SR F T BT ZE 48 3w 1 )
2 2 - 1 2 [RIME 2R 43 A, 3 76 A BRASORY 0 AL 1) 43
FAT 55 iF B — 5 A B, T A 3Gl i MIC ML 5
TAMD AR 75 14 S 17 8% (] (1) EAE b B I

7E UR-FUNNY $0dli 45 I, 36 4 45 5 R 1 A Al
FE Acc-2 FIF, LS TR R4 AL, R T 7E i 2
i 1 B B U AR L. AR T
A TFN (Zadeh 55 , 2017 ) 1 #5570 MISA (Hazarika
45 ,2020) , A SCHY Ace-2 43 2T T 7. 2% A1 1.3%.
Xt FDMER #2% (Yang 45, 2022b ) , H A X b2
BN SR FRIE SR, XTI R A e LAY
S, ARSI A MIC WL AL T X disi 2 RS e
() ik 7 M 2 TR, N T 2 2T ) 5 AT R G R R AE
FRDIN £ 5 (Zeng %5 , 2024b ) i 13 3 2% % rh W 2% -
A A2 B AR BB SRR ) BT 5 AR
SCHY SGAFF ARHRFI] =245 B S

VBN BF SCRS BB IR R R 1E , A A
BERE MER B BT % 5 2 TX ASAF 16 1 BRIk (1], DA T 5
T LG FRDIN A58 SRS o 0 400

Ry it — A5 B UE AR A PR e 4R T B R e A SO TE
HEARE LR S ASBENLAP - (42,1,11, 111, 1111)
AR, 76 7] 5 B e A LR A R |- R AT
T HECXT ORI, XA SRR R L) R A
TP )Z XL 2 BT o 7 CMU-MOST B 46 I,
FH3E T DLF B AR BRI AE MAE | Corr, Ace-2 DA
Ace-7 H bR _E ¥R B Ge it 3% K F (p<0. 05) o 7EF,
(f/AE ) F5 45 b, R I8 2] i 35 KF (p=0. 06) , 1 F,
(F/1E ) Fa b i 21 ik 7K1, 3 10 I FE 2 BRI AR A
PIRRIE U R AR PERE A B AR feE
£ CMU-MOSEI |, A& FIFE Corr, Ace-2 M Ace-7T48
b B AR DLF ALAYE ) 50 i /K7 Wi fE MAE
(p=0.08) J F, (f/dE 1) (p=0. 53) F5 b L A ik 2]
EES R HURLBE 4 JE A8 AR L W M RE 4
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%3 CMU-MOSI# CMU-MOSEI ##& £ kR E#E 3 bb 45 R
Table 3 Performance comparison of different models on the CMU-MOSI and CMU-MOSEI datasets

CMU-MOSI CMU-MOSEI
iR _ ] o
MAE Corr AC; F, Acc—7 MAE Corr A(‘; F, Ade=7
TFN- -/ = -/ -
901 . 4. . . 2
BERT 0.90 0.698 80.8 807 34.9 0.593 0-700 825 821 30
76.4/  75.7/ -/ o
LMF 912 . 2. 62 . 48.
0.9 0.668 i i 32.8 0.623 0.677 05 81 8.0
MulT 0.871 0.698 - 40.0 0.580 0.703 - 51.8
" : : 83.0 82.8 : : ' 825 823 :
Liu et -/ -/ -/ -/
) ) - . 7741 -
al. 0.769 0-783 83.7 842 0.573 07 85.0 85.0
MFSA 0.856 0.722 - 41.4 0.574 0.734 o 53.2
: : 833 837 ' ' ' 83.8 83.6 ===
- = -/ -
DMD - - 41. - - 4.
83.5 835 ? 84.8 847 54.6
PS- 80.3/ 80.3/ 83.1/ 83.1/
0.794 0.748 443 0.537 0.765 53.0
Mixer 82.1 821 . 86.1 86.1
81.7/ 82.4/ 842/ 84.8/
TMBL ) 762 . 54 . 2.4
0-867 0-76 83.8 842 363 0.543 0.766 85.8 85.9 )
MER- B B - = B B B - - B
CLIP 84.0 84.0 853  85.1
79.9+ 79.9+ 84.0+ 83.8+
033 0.18 0.16 0.13
MISA 0.828 0.728 ) / 40.8 0.555 0.750 ) / 50.5
. +0.004 +0.011 +0.2 +0.004 +0.004 +0.
+0.00 PR 814+ 81ds O +0.00 +0.00 850+ 850+ 036
031 020 028 0.19
83.8+ 83.7+ 83.6+ 84.0+
34 022 2 1
DLE- 0.740 0.785 0/3 0 | 44.5 0.540 0.764 0.25 , 0 /5 523
+0.012 +0.01 +0.21 +0. +0). +0.34
=00 0010 o)1y gage 20 +0.006 #0003 )4 g5 203
038 0.33 0.15 022
83.2+ 83.1+ 84.2+ 84.0+
A 0.25% 0.22 0.16t 0.17
PN i 0.722 0.798 ; f ; 45.8 0.531 0.779 p T , 53.2
A} +0.004 +0. +0.14 +0. +0.002 +0.2
+0.0041 00037 gos, g53e O +0.003 00028 ooy gsoe P07
026+ 021% 0.13% 0.10%

E IR R RIZ TR IR S I eIt LSS R A AT « FORTEATRIBE B R A A TT IRACHS FsUR 8 2402 AR, —RoR it
SCHRIEEE R, 1348 5 ] R B L B L BT e T 35 R L p<0. 05, AR BLHS | AR SE STk .

Ji. 7E UR-FUNNY b, ABIRITE Ace-2 5 F, #5458 |
FHAS T MISA BB 338 B e 1 i 2 7KK (p<0. 05) o
3.4 HBAZWEASH
30401 ASAEAXHERY I BE Y 52 0

SRIE I A% RS SRR B B 5 M, AR SCHREAS [
HRAS AT A, 7 CMU-MOST Bl 48 b b A7 As

TH R SE 5, 3 5 45 R R, SURTE B2 P IR e iR
G, e TALGE 5 E AU, U SO G e B A 1
SCERFI IR Y S BRI T R 8 P A
FAS I PR RE T B, 2 AR 75 B A A2 S 1) 51
RE AR . TEXUBZS 4145, SCA I e 4 5 R 2
e, UL WA B S AR SOA T, SR 3R 03 1A
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%4 UR-FUNNY $[{E%E F REMEEHTLL & R Wi W FE Bl 2 A% 0 J2 TH Y 29 SR R 9 L S
Table 4 Performance comparison of different models on HE HE L 840 X6 55 e p 25— B 5 I X, T e 45
e A D dataeet FIE P08 5 55 5% B 5 4 ST T AR L 4 ] MIC

e 2 d BURIE 3t 35272 S St R0
TFN-BERT 68.57 - T R T EEAEH . M FBR SCAFF 5, Ace-
TEN 64.71 - 25 F R R 0 Uk B TS R R R DR O A
MISA 70.61 - ROCRE A AR T 1 A 45 8, T =20 SO e A PR
FDMER 71.87 - NS5 FAERLG By B RES AR e R 0 M . 256>
FRDIN 71.82 - BRI S g AR L YR R, =& PR
MISA - 67.800.20 67.91+0.18 AL RESE T A AZ AL
AR 71.9120.16+ 71.710.13+ %6 CMU-MOSIEIRLE F R FA S A0 4 &
IR IR TR R RS SN B IRLEE R bR AT « 2% Table 6 Ablation results of different components on the
R FUSCA AR B BEARAS Y SE B0 45 R, - FRoR JFSCh e g R, CMU-MOSI dataset
1378 5 ] 5 I AR LA AR L B G i #E Ep< o
0. 05, HAVKE BT | A A TR . B E MAE  Corr Acc—2 F, ;
AN TS . ML T S MO0 21 & S fleat ok b 2 wlo IAMD  0.755 0.767  81.5/83.5 81.4/83.5 454
'@ﬁﬁ?}%ﬂ‘,ﬁ%@%iiﬁﬁ(}i%%fﬁ?&fﬂmlﬁlﬁﬁﬁo w/o MIC 0.759 0.762 81.3/83.7 81.1/83.1 44.5
B SRS A e bT B £ L i 32 B = RIS (A wlo SGAFF 0756  0.762 81.3/83.5 81.1/83.5 = 44.5
TEH N2 BERSHR Th o 7 A T #E4 EN X 0.722 0.798 83.2/853 83.1/85.3 458

IR R R B P e A5 AR
RS CMU-MOSI#EE L ARESREENEMIEER

Table 5 Ablation results of different modality configura- 3.4.3 AR ROV R RERZ I
tions on the CMU-MOSI dataset R PPAG AN TR 2K R BSORTASE T 14 R 119 52 i), S SC
BARE MAE  Comr  Acc-2 F, Acc-7 7E CMU-MOST 6 4 17047 128 000 fl S 56, 705 4%
v 1411 0.133 55.7/58.1 39.8/42.7  16.1 BRAFAAVERR 2R Lo A SE PR R Ly AR Ly JFT 300
t 0.726  0.786 80.6/82.7 80.5/82.5 44.7 A RPR L VA B AG BAK Ly, R T AT UL, 452
a 1450  0.041 41.9/443 248272 152 P X ABE R R 7 A T 1) BTRR , S B R 28K
atv 0720 0.124 557/582 39.7/426 160 fibn LIS IR, R Z I RAE RS AL e
thy 0.724 0797 83.3/85.5 82.1/84.0 45.6 IRl E T U5 55 7 2 e
att 0.723 0797 81.3/83.1 81.2/83.1 449 £7 CMU-MOSIEHEE il 2 5 158 4 R M B se e
atty 0.722 0798 83.2/85.3 83.1/853 458 e
T RS A 2 7 B B s B Table 7 Ablation results of different loss functions on the
CMU-MOSI dataset
3.4.2 A BEHOUIRIYE R Y R M WE  MAE  Cor  Acc—2 F, Acce—7
R BIE 7 A OB I A M o B R B wioLe 0745 0.786 83.3/83.9 83.2/84.3 432
IAMD \MIC I SGAFF #1345 e tnF 6 iR . 4% wloL, 0737 0784 82.1/83.1 83.9/843 44.1
i TAMD B J |, 75 (0 3 AR R B TR B, 3 18 B wlo Ly 0738  0.796 83.6/84.8 83.7/84.2 44.9
T o 0 ) AT 390 S AR A T IS SRR AT R wloLy 0741 0792 83.4/84.1 82.2/82.5 (463
AR T BESE AH DCRHE , 5 B IR S5 4 A A wloLy, 0746 0785 82.5/83.2 83.5/83.6 435

B 11T 380 A BE ) R IR 55 . 2Bk MIC LG , #5575 AR 0.722 0.798 83.2/853 83.1/85.3 458

PEREIRAL , JUHAE Corr 53284808 L RRERCNMIR,, LA R Fon & 9 s 4 A
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3.4.4  fERER R BT LA BT
Rtk R R A s R SRR RO i EH

HEATRAL ST, AN S0 S I MISA FI MFSA f# A AU AE
AR AR T 55 TP i R BRI T,

er_a eor_t er.yv or_a er_t er.v
eu_a eut euyv 40 su_a eu_t eu_v
20 . ;" G 50
20] =4
0
e d
. 0 0
5 < «a
: 20 E 20 o
4 % Z
@ 40 T a0 i’.j -50
-60 e o -60 -
L L 100
BOYFH e -80
e ‘ 150
-100 -100
-120
-50 25 0 25 50 75 100 125 -50 0 50 100 150 -50 0 50 100 150
t-SNE-1 t-SNE-1 t-SNE-1

(a) CMU-MOSI (b) CMU-MOSEI (¢) UR-FUNNY

K4 RFEEAELE [ -SNE FHAE MRS T AL

Fig. 4

I HXE B, I TS 3 AR AL A
A RS2 BN I AR B, IR TSR AR T
SEREMR A PE AR XS T BRI, oh 2 8 ] DL, =it
TUTE R B =2 O AT AR i 22 L BLE BE T I, U ]
I 5 R A RR AR TN A STEk . 5 MISA 5
MFSA M H , AR AE RS BRAT — e ik i 2 B B
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t-SNE visualization of feature disentanglement on different datasets((a) CMU-MOSI; (b) CMU-MOSEI; (¢)UR-FUNNY)
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Table 8 Comparative results on the importance of disentangled representations for different models on the CMU-MOSI

dataset
B MAE Corr Acc-2 F, Acc-7
MFSA (w/o H:52) 0.871 0.712 81.8 82.4 39.2
MFSA (w/o ¥4 ) 0.898 0.708 81.2 81.5 38.6
MFESA 0.856 0.722 83.3 83.7 41.4
MISA (w/o 3L 5E) 0.858 0.716 - - -
MISA (w/o F55) 0.850 0.735 - - -
MISA 0.783 0.761 83.4 83.6 423
AHEHY (wio FeZ2) 0.788 0.746 81.2 81.1 42.1
AT (wioB54) 0.779 0.761 82.2 82.4 43.1
AR 0.722 0.798 85.3 85.3 45.8
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Fig. 5 Visualization results of dual-branch weight distribu-
tions on different datasets((a) CMU-MOSI; (b)CMU-MOSEI;
(c)UR-FUNNY)
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Table 9 Comparison of computational efficiency and complexity on the CMU-MOSI dataset

FE ZHM) T IBHE(C) HEHLFESR (ms) Ace-7
MulT 2.57 1.9 21.0 40.0
MISA 3.10 1.7 20.5 40.8
DLF 453 1.8 21.6 445
A A (w/o IAMD) 7.28 1.9 23.5 45.4
A (w/o MIC) 5.57 1.9 22.5 445
AR (w/o SGAFF) 7.39 1.9 23.7 445
EN i 8.63 1.9 24.5 45.8
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