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Multi-modal Reliability-aware Affective Computing

LUO Jia-Min, WANG Jing-Jing, ZHOU Guo-Dong
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Multi-modal affective computing is a fundamental and important research task in the field of affective computing, using multi-
modal signals to understand the sentiment of user-generated video. Although existing multi-modal affective computing approaches have
achieved good performance on benchmark datasets, they generally ignore the problem of modal reliability bias in multi-modal affective
computing tasks, whether in designing complex fusion strategies or learning modal representations. This study believes that compared to
text, acoustic and visual modalities often express sentiment more realistically. Therefore, voice and vision have high reliability, while text
has low reliability in affective computing tasks. However, existing learning abilities of different modality feature extraction tools are
different, resulting in a stronger ability to represent textual modality than acoustic and visual modalities (e.g., GPT3 and ResNet). This
further exacerbates the problem of modal reliability bias, which is unfavorable for high-precision sentiment judgment. To mitigate the bias

caused by modal reliability, this study proposes a model-agnostic multi-modal reliability-aware affective computing approach (MRA) based
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on cumulative learning. MRA captures the modal reliability bias by designing a single textual-modality branch and gradually shifting the
focus from sentiments expressed in low-reliability textual modality to high-reliability acoustic and visual modalities during the model
learning process. Thus, MRA effectively alleviates inaccurate sentiment predictions caused by low-reliability textual modality. Multiple
comparative experiments conducted on multiple benchmark datasets demonstrate that the proposed approach MRA can effectively highlight
the importance of high-reliability acoustic and visual modalities and mitigate the bias of low-reliability textual modality. Additionally, the
model-agnostic approach significantly improves the performance of multi-modal affective computing, indicating its effectiveness and
generality in multi-modal affective computing tasks.

Key words: multi-modal reliability-aware; multi-modal affective computing; reliability bias; cumulative learning

NEMIEEE A W HFE, 85 0] Dod 2 Msas e BRI, planscs . BR. B0sE. Kl 1(a) 4 H
TRIET IR BRG] T, LR fRANRAR BB UK (I T U B IAE ), AT R (I T IR
RN MERE . HARIMES), FH0E 2 EE (I T EMEEMmRESR. SHE6%5). £k T84
185 A, 2SR BT AE (multi-modal affective computing, MAC) i # # 5 X N 45 & PA R B R A DL BB
SR XH AT TR AT 55, AH LT SRS 13 R ST 5%, 21 B H S0 n] DA F) I 25 8 2 Mg 5 B, B AT
B T TR FE AN e, T TLAE B B IR S BRI R, LR RS Bt B a2 E . 28
HEAF DL RO 3R A i 0 55 SO ) V2 L T 5, Rl 2 M A5 SR EEAT 175 BT B T 78 #45, TR 51 7Rk
Kt 2 (R T AT S, DA MW7 TAE (Blin: Mdmse A1) 32 20 F 2 2 B 15 AT HATR 55 10 5 K0 il
O 5%, BRI, RoR, AG DLRERG 5 2) et R AR TAERAS T —e st st Jg, (B x s TE R &iit %
B Al s U e R ) SRS RN U, 2R T 2B BT HAT S T AR RS TS B (AT A5 B 6 A ER
HHY MR, ARSI — N HWaE — N B ERRE) W2 .

AN, FEPLSE A G, FHACTSOAR, 185 A EHE TR Refiy S R N BB I8, TR 9 S A B R .
B 1(a) HIEIF R (A, T, V, A 5058 SO, MU, &S 153S; NG, WN, WP, PS 7 Jll R Rk, 5975 %, 55F7
1, FRRAH BAREE), 155 (VORI &) AR (ZEI) I B IR T I, 1M SCABES (O L88) I s s m,
SR T L8 1) SRR 282 I8 122 A2 TR THT 119 3K 3R B SCAN RS BT I B () 1 S — e AT S . A OGSl /e B 8 AR v Rk A 1R
%, GIAHIARE B AR S EE S PR B O B ST IR, M6 TE 2 AL (5 2 i AR 11 ) L st e o),
Rtk AN A AR (5 BRI B E EARTE IS AR 2 0] R, I LA s & RO G AR 2 v P S B, SO
TARARTEER. AT, OF FIEMN A RS FRRERIN TR e AR E R, SEARESIRRGE )12 47
TESREF 2 47, B AR R R VAR T B B MR (3% GPT3 5 ResNet). f B &k— i, MK 1(b)
() BT LR B TR 45 B AR T LA HA, B AR (1 13 R T0I 14 B f T B 1T 5 B B AN A S (1 1k . X R B2 [
RCAREZS TR LR BE T AR SR TR S AL SRS, 55 0 1% 5 2 BRI BT 507 V5 B I B Tt 25 SR v 88 (i ] 5C
AR KT EE R, B, i E 1) R AT BUE H, ORI 2R 5 2 S I EBOH F 74 AR )
1H TR AR R, X — I E T S T A 8 (i 2 1] 7.

N T R LR AR S AT B A 2 ), AR SC % BB ST VSRR S B T R (A B ARSI AT AT %
735 Z TR AT BRARAE ST i 22 2] S, LB P I i FR e S GV TS B BSOS, TR I
Srid PR HERE, B0 G B i T E IS S AL SRS . BRI &, ASCIR I T — M B E e BT B TN
WA WIS B SN 0 1 BT 5 7775 MRA (multi-modal reliability-aware affective computing approach). i% MRA J5i%
FEAE T B2 B BT R AR B AN 2 S B (cumulative learning module), FH B AR & 2] #HL
ARKEAS 437 (textual-modality branch) 12 A F M (multi-modal main block) ZH . MRA 1) TAEFE F # 4)
93 AR E AR USRS B SUARERS 73 3 (B SUARRHE i 2%, #0248 I 2% DL R AT 55t Bk 450 P2 SIS
RGBSR IR 22, 193 SCABLAS it IR, JEnh 2 B B FAR AL S N 3 FIBS T RoR ¥ 51 9
Rl A15 3 2 BT 55, 23 TR A SRR 24 ST B U RS 5 2T R R 22, SRS & I
ZRid AR B HERE 22 BRI 2. A B TR SR 0 2 SR TR, MRA O TS P 5 B 22 ), Reds A 80R
HH AT B 0 R A S T I B T H %) BB, IR RS B I SCAR S S AL iR

25 LRTR, A R vTEkin .
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(1) A0 8 2 RS T S AR 55 P AR S P A P A 22 1), 5 HA DR 8 5 L8 B A AR T SCASAE A I
b = I AE R .

(2) ARSI SR AT AL, H T A RIS AR AL BT B (27 S B AN R, S BOCARE SRR R AR 3R T
TEE AL, PRI BSOS (R PR REAE AT 9 T A 35 55 BRI 0T, Xt — A n Rl 17 A5 T A5 i 22 ) .

(3) ASCHEH T — PR TE S 1) 2 L W] A5 R 17 S 57776 MRA; I H it Tz i iR R TE 55 1,
T PR ™ R 21 AT (1 2 B 1 I S5 L
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FRRI T AT AR AP R —Fh Wi 5 2 B Rl G S8, 53— Pl Qo el 2 3] i S ROR

St 2R A 1775, EF-LSTMP 4 S0 Somas i N AT TSR (K PF 2R &, IR 7 — 551 RNN [15E8
KA 2 BTN PO R R, TENPDY 7 B BOBAS Py 35 R B 2 I Bh A4S, #2 1 T Tk &R A 4k g ik
BROR, Uit B ) S X B R Eh A MENUUZ —Fh T 22 0011 510 103 e 26 0 4, RO CAZ R & 1 2%, B T OO AR
BT AR B TR A e e B TN XA R B . O T iR i ik st AR R 2 4 B fe Bl K %
RS R I A T VS A B TR I R, Liu 55 A PR TR B2 B G 7k, IR RO Rk AT 2 B 4 LAAR
T AR AE AR 2 A N2 TE I 8] 5 2 R H A2 AE R R AR P 0 AN 0 55 R AR 70 36 2 ) ) B B AR,
Tsai 25 N 15| X7 Transformer'”, L3 203k 5977 sCAR R I KBhAR, 35 TG B S H0E %1 5%, Multi-modal routing (£
A % ph )T — s 25 VA B (R 2SR (0 % LR, B e AN N A B0 A R e AN RS RN N SRR 2 T
U, 1T R S0 B 25 R 5 A A A R AL X B 2. Ham 2 N R T — FlUZ R B LS R (M) S KA TR,
TERRAASRIA N LA 2R RA 45 R 5 RS A s EAR B, DU 2 BTG IR ST 55 H S
B Fu 25 NSO 2 IR AR (S S 2 5, BRLSE AN 35 AL A AT B S R AE, 10 S0A A mkCoF i3S X
AL, 4 H AT T AR IR A P 28 SRk SR INL 2 A A A8 T

Xt TR RN 2 2 1715, RAVENUI F8 7 SOAS B H A AR5 75 8 5, 885 43 A B 1] B v o 26 1 A P A0
B RO SRS SRR RS AR TR B RoR, B OB AR TE S AT N INE R R R ARG S R E M ES AR,
MCTNUOHE 7 — b o e S 25 ok 2 ST S R IR A FR [0 59, 2448 FHOxt 1) 22 B AR b AT I 2Rt 7 248
TS A5 YA P 5 ol T AR AT B ¢ PR 1% BT, e (R ASE B 7E FEAW RS P (R FF B ML, A2 BN A5 Bk
(I, TCON M AT LS i 2% 5] M SCAS NI - SCAR (1 385 471 A B ARk 5 1 SCAR A AT 412 B AR R 2 TR £ (I
9o AR R B 2 A IR B, B TR S BUAR ST 2 S BN T RS 2 TR R A S . MISAT DR 1 2 504
RIBLZS 2R, P B M WL B0 PN AN [R] )7 25 (8] BRSNS AR TS I T 25 8], 1T 2 ] SRR L
SIEATRISENE, WIS Z T 22 05 Jo 2 AR 1, F AR SR B AT A4S 1. MAG-BERT! R L 3
FT TR | T SCERZRTE NLP B2 AU 7R 1 R Se i 1 14 e, (RN e T | St B gk A7 08 7 S A A8
A FRART R, X T ZHASE F R UL FEAE 5, B A HT T ZRA%E B0 AN L& 43 32 A0 o RT3 PR P A A M S 1Y)
WA M. R, $EH T —ANEHE BERT 2 A& R], alF BERT 7R A A (A4 % 2 S JRE 5 4. SELF-
MM T — AN S B 2 5] S (A b 2 AR BB, A R RIS AS AE AT I BB AR 28, SRR N 2T %
ST S AT B A WISk, 23 B3 5] — S fn 2 ik

SR, ERBEA AR IR Rl G K IE RS RN 2, #AME T 2S5 R H EAT 55 vh I DG )/, RIS
R0 TT A5 FEE O 22 1 L, 3 35 2 AR 2 11 2 SR 2 O i ) T T A5 88 ) SO A A P Tl ) s k. 2T b, AR SO UK R AR
G NZ BT B FATLS H, $— I T — iR ) 2 B T E 5 RN 1B B S5 VR, 1T BUA SO SRR T {5 FE
SCARRAS W R IR ZE, [T 98 H = o] {5 5 1015 S AL S TE 2 S 1B BT BT 55 b ST
12 BZRF3

RS )R — Pk 0 ) SR, R NSRBI N LR RAAR RANRARE ST A RIS L, X L kR IRe 2
Je BN FE (LR U0, SRS ST (PR A TE T AT DA A 2R 00 SRS (0 MR, AR 2 ) Al AR ol 2 B iR
FESRAL I — 01855 21, 0 =542 ] DAZEAS [R] 1) 155 B AR s R R IR B 7). 61 5 2, BRAREE IR BT RE I 1B 20 K
J&, I FLBEA I R AR — D4R Tt

H 75T B R ST L AR AR e D, R 43 1) AR S AR 7R T SO 3 R A R 1 . R AR Sl i X
Tl gk =X 2% =) SR, AR R AR I R R v Se 00y R R R 2R 0 2% 2, FRREE BRI I 2R, i oo B e f e ) 2
32, CLEAR" 7 0SOC (one-shot one-class) EI& IR HIAE 45 R A B2 SR SAU AR 24 3] i 7 =,
FRARIEA N 112 ST 256, R I 22 I R A8 b $R 45 10 TS 038, Zhou %5 A POVRI Y R 25 ST 10 SR e+ 002 49 32
W 2 S >0 38 7R, SR IR o 21 B0/ S 20 OB, 1% R B e R I AL 3 3R 7R 27 ST R0 49 A8 2 21, AN 8
A H A IR 5T, CAEP VR H 36T B2 5 (1 SEAE AR LR S AK 2 > 7P (122 bR S B BRLVR T2 AR I 1), i R T R SR
SE YU NG T8 IRZS B B AR ATk .
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R OA TAEMIE R P02, RS0k BEE ST 5INBI 2 B SR, SR T — Pl ) 22 B ) {5
FRRR S5 1. 1207 i BT K BRAR S SRR S 2 SR RIS FE B SO, AR I R R v A AR T
FERAZS S i I A BB 2 RV 22, T B VI o e FR 0t 25 R i i 22 . 37T DA R0t 2 g Pl 5 P2 RO SO S
SEURE R LA, 1207 R BTEORM, AT DU LY R B O I 2 RS I ST L, IR R SR T
TR TI IAE FEE.

2 B ESHERITERE

TEA AR H B 22 RS T 4 B B RO 1 ISR VT, AR SO 1 ik 2 B S BT O ik, fE AR,
W AN AL A BT FAT S5 158 SC (B8 2.1 719); SRR IR A RIS B RRAE I (5 2.2 1Y), B/a s 7 24
AE R E B TARRAR, JER T 2 H5 R BAT S B R R CGF 2.3 7).

21 EFHENX

TE 2 A BT HAT 55 9, AL S R Z ST, id 8 U, e R, o ], RBEFHIKE, d, RFHE
m R4, BAKI S, A, melt,v,a), BT r,v,a 2 B 3 FIREI IR, BISCA, Mgy, OF
110 22 RS R AR T T SR 2R K A NS R SR U A AT 45 M2 1015 B, DB G — 2 SRR, R EFIH
BTN I WA RS ) B8 P PRI AR AR y JEAT VR P T
2.2 FHEHHEN

(1) SCARSRHE

15 G IR SCASRE 7 3838 GloVe Embedding™ % utterance W[4 token #4737~ AT, BEH T 2535 S 4
RULE NLP AT 1 D4, AR SO 701 2R i BER TR AL Ay SCA (5 FE B 2% . AR T T GloVe 343149 300
4k token L\, A SCHIFH BERT HI 2R (CMU-MOSI 1 CMU-MOSEI {# fi] uncased, CH-SIMS ¥ Fij Chinese)
HeRAF LA [A) B, 15 3 SCARRFAE 1) B 4L d, 4 768.

(2) W E I

CMU-MOSI fil CMU-MOSEI 4 4 1038 SR 2 7 M COVAREPP H HEHL (1) 4% R IR B Bt i 35 491 o 5, 1
S FIE S AT IR S, BT A T 12 M/RAR G R4 (MFCCs). S EERER. /A5 & 2B iE. 5
PRSI R RS HORNEK B HUM. CH-SIMS ] T 2RI S350 LibROSAP s F T A A RHZHL 22 050 Hz
HE S HFAE, SR T 33 4ERIMIZE S HE, B8 T 1 4E R0 X B (1ogF0), 20 40 HE /R A 22 81 3 2 5
(MFCCs) A1 12 4 ) 5 it 4§ (i B (CQT). (Al tk, A SCHE CMU-MOSI. CMU-MOSEI fl CH-SIMS X 3 /M4
ERAERIT 5. 74 033 BESEHMELERE d, .

(3) AR

CMU-MOSI # CMU-MOSET %4 4 #3# F Facet T B RIRIUAC T RIEHFE, HAE T E TR NEmRIL R
45 (FACS) TSR 13 0 16 30 3 1 B S0 R0 G B A SARFAIE, I utterance AT 51 AR5 AN SRFE il 2 & 1% 2. CH-
SIMS $# 4 ¥ S5 LA 30 Hz AR MRS F B b2 HUWE, 485 455 A MTCNNC® A JRAS: I 5032k S BO 5 (A (7]
i}, CH-SIMS 1 i} MultiComp OpenFace 2.0 T B ALK 68 NIEME S A 17 MAKEhIER T, ki
B JE T ARTER . Kk, A5 SCAE CMU-MOSI. CMU-MOSEI #1 CH-SIMS iX 3 M #E 4 B 51455 T 20.
35 1 709 MR FFELERE d, .

HRAE AN RIS AR AE S B T, W DA B H SO (R A )15 38 THE 3 LA, it — B 7
LS T A5 B i 22 70 R, S 80 ) T B0 22 MRS A7 TR S A 2 el DI 38 s R O R SRR . TR b, A SR T — R i
2 TS TS B R (75 ST S 1k, 8 B R AR 5 3] B AR T A5 B (R SCA S R I 22
23 EMBIESERTERE

BB 2 A BT B VR0 B 2(a) iR, 3R R S MBI N RS B IFRERE OB (5
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FAT5) B TR ERIR (FFEREATS). RIEE 2.1 T S HAF BRI 5 2 X, BRI N ST,
8N Input = (U,,U,,U,), U, ={U,,U,,...,Uy}, Uy={U4,U,,,..., U, }, U, = {U,,,U,,,..., Uy, } . ¥, BB 53 5l
B SRS RIREWAL S encodery 1B SIS R RIS encoder, « WAL RIS ES encodery 3T 3 P
NHATRD, 153 3 MBERR by, by, b, , A (DA (3) FioR:

h, = encoder;(U,) 1
h, = encoder,(U,) 2)
h, = encodery(U,) 3)
Ly «———a— > L;
i) 4 <
S ! 3]
.Toa cls/reg, §
£ £
g els, Jreg,, =
Cumulative = Or -“g
learning module 3 4 g
Lo, E ©) cls]reg] T‘é
= i 53
| 15]
= T i =
cls,/reg, cls,lreg,, nny
] f
MAC block MAC block i

Tm Tu TM Tm TM

Visual feature Audio feature Pre-trained Visual feature Audio feature Pre-trained
extractor extractor BERT extractor extractor BERT
4——» IRASRAR 5% w PRAEAR 5%
(a) BEAl 2 A B Ok (b) FE T B ST 2 LA T FE IR SN A I T 5%

B2 JEAl 2 B B A AN IR T R AR 51 0 2 B T 5 B RO 1B 5575

MAC b 32 B A A A A2 B R B MIM (modal-interaction module) R Al & #2Ht MFM (modal-fusion
module). IX 2 A A 2 B IG BT R S 25 1) 4549, (R RS AN HOB sl A, i B HARRR
AT, SERE AT RS 4.2 AT 2 B 2 AT I BT B PRI Rl

MIM FEH T2 IREZ 0L BAG S GRS & izsi g, 5 W& 777%), R BIK B 3 MRARR
kb BVA S (4) B

KK = MIM(hy, o hy) @

23 MIM J&, ALK AS B H 3 MRS RIR b,k 18I MFM 317 28RS, 15 2IRlE 5 M 2R R

s ﬁ'{%ﬁ@l_ﬁ%gfﬂuﬁ B 548 classifier BUBIALS regression), 138 4 M 2 S Output = cls,,/reg,, ;

B Je 28 A5 2K (cross-entropy loss) B /5 iR ZE 47 2k (mean square error loss) % [AIfE & HEAT AL, WA 20 (5)-
A 9) Pron:

fu=MFMh,, 1) 5)
cls,, = classifier(f,) (6)
reg,, = regression(f,,) @)
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LS [yilog(els)+ (1 -y log(1 — s, )] ®)

L= ﬁ

1
L= D, (regn =" ©)

3 BESHEERMBBERITERE

AT VEANRIR ST R ) M 2 BTSRRI H 715 (MRA). %6 MRA 528 2.3 i)
il 2 ARSI AT BT R AT X L, H AR R MRA J7 VR (B8 3.1 74Y); Ak, ARSCEEH T MRA 7 7E I 25
SRR R AL, T INZRA LAY (B8 3.2 7).

3.1 ETERFEINZIRSAEERISE (MRA)

ML 1(b) R 1(c) T BIHT 26 Bl S be 45 S mT AR . H, At 22 254 Ik A5 248 i) T MBS 4R v 2 = B3
AWM. 5 2, EAURGE A KGR SR AR IO TR, 110 75 228 J&E & AL A S, SR, AR
TR, B P BSTER BEik b2 sl {5 I, RS L MBS (W 1(a). BT HERIZ A
AT ERREG T — & IR, (H BT 00 A 2 T AR IS BE R 22 ol AL B T, AR SCHR R T — P AR TG DG Iy ik
T BRI ) 2 AEASATAE R AT (MRA), F DL ARAI AT A5 R SCAEAS Bt SR (1B TR 2. MRA 3222/
FER 2 AR S 17 JK - SRASI AL RN AR S S AL (cumulative learning module) ZH 5. B AR 22 STAHVE & AR o] (5 B 1 SCAR
TR BPRR T SCARE A /337 (textual-modality branch) AT AR AR (multi-modal main block), #if & FH T 7%
TR 2 3] SCARR RS I 22, J5 B F T3 R I F R BROCARE ST H 5 2 BN IR w22, 15 31 i 28 i Tt 28 2R

AT 5 MRA A% 0 AR W] 2(b) Bis. ASCRA 7 RS ST gt =042 3 Seng, ik e DI ZRid A2 R i
JEIEAR TG B I SUABERS, PR A VI 2RI HERE, 180 OG0 B i v 5 FE B & AL S S T ISR v S BER S
AR ZE, AR BETT T — AN SCARBE 3 (B 2(b) H1 [ textual-modality branch). %4y 32 32 % f SCANKF
MEYRTSE% encodery , M4 nny FUT 5540 A ET o (52280117 2H %, 3+ 7] B 5 SRRt 22 i A5 R T AR AL Il 25
2] FENGRIE FR b, SUARRERS 73 3% ST ATE BE W SO 72, 19 B SCABLZS 4t Hh; JA 22 A2 4 T S i Y
B[R ZHH. EZ)ERIZad b, 288 FRAL (RTE 2(b) H multi-modal main block) 1 F AR % 2] fi &
2 RSN H R SCAS RS o (RN R 22, B A U1 2R 2 RV B i 22 Jd i f AR 2 ST 7 3, 2R 2 S
15 R BB RE S T DG T = v A5 B S B AL AR ) IR 1% BB R, IR IR AT S FE I SO RS iR 5, AT
FRFFTRM IR, SCAREES 23 SCAF B SCARBESTH cls, /reg, , WA (10) FizR:

cls;/reg, = or(nny(encoder;(U,))) (10)

TENZRIEFE A, B0 SCAREES 43 S RE BB BT AT ] il 22 A8 3 1 U BRUASE 2R 5 =) 3 (i 22 . A B e A it 72
HR M SRS 3 52 A B 2 AR RS 1R B A Y [ TN 5 SR TN R 2 RS I T SR Y 1) 2 B S i
cls,[reg, &% € X PR R 8T, RSO EATSKE N a (a 9 batch BRI K/N) B mask & 3. XA mask
RARE LS nn, KT AT Sigmoid BB, 1824 cls) [reg, .

cls;/reg; = Sigmoid(nnr(encoderr(U,))) (11)

ACHIN mask (19 H 7E T8 53 18 SRl 22 SR BT BB 1) 2 8t SR Eh A o i k. IR, A Scidid

T mask FFEIE ZAESHH cls,/reg,, L AR TCRIFAZ B ZBESHH cls,./reg,, , WA (12) Fiox:
{cls,,“ =cls,Ocls,, if classifier task

12
reg,, =reg,Oreg,, if regression task (12)

MRA BLX ks i 1977 B e il 2B B SR i 2 Bt DAT IR AR M SCAAR S 7 S v 2 2] 5|
fi 2. BEAh, Ao 1 W S BB AR MRA J7 20 20 2 B B AR 520, 55—, MRA J53E$R71 1
A I ZEREA R FE B, IR TS0 AR T i ZERE A (RIVRT CAFE AN 53 AR P A B 0 R IE A HEAT 70 SRIREAS). H
KT , MRA IS SCAHERS 73 SCRE — A mask, F BLBR = IR0 1% AR 22 AL 36, 7] PR AR LA AR A8 (O, (45
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R ZE AT AS (1 457 2 B BTG I 22 R AR 458 2% i S 3 i 75 2, Al 20 S 5 R SROAR R e v A% R PR B0 B 8K, AT
BF T HMZREARLES > R E P 55—, MRA H900 T F 28 (R SO, 15 3 FASEIX 3 Fhs
) A BEAS B LA 17 AR A O FEAC I B . X T IR LEHE A, MRA S 1 SCACHRAS 73 SO S ) mask 3 05 15 17 J%
PREE 53K, DRIt 2k 22 @R 2 a3 b 77 3, LAl 20 A2 IR SRR Y Bl X BERE A AT 27 20, AT $R T
T BTG 3 A BE A5 2 I A0 17 B R A (R A ) B
32 ETFEMEINRIERR

AR SAE PN R TSR B 2, B ERe A TR it 20 A 25 A7 IR i SRS 20 % FOSCAR R3S 20 S B . AR, 24
ANE T FAT 55 F TR A FEAN G B[R], of L IR 408 25 o 020 Sl 28 SO R AN J7 iR ZE R

AR5 R HR I 2 RS AT TR AE 5C 1R 28 SR R B 1 7 R 2R R, IR AR SN Ly = Lets/ Liyeg - O
NI E AL 3k DAL T B2 R 1 A 28, BUEAE 2 BOSIE Bt SRR (B4 3 MRS RIR D2 encoderyay »
AL B MIM, BEASEL AR MFM, 739528 classifier BURIVASS regression SR FISHBE . TEAR I %
B, JEfih 2 A B SO AN SO 43 S AL ORI S RN iS4 encoder, 2L

SCARBEAS 73 S AR R BR B Ly 2 N SCARREAS T cls, [reg, "5 >0 B 5 TRIAE ¢ 138 SUIRHR 2k 80 1) 7 iR 22
TS, A S XA ISR SO 73 S, 100 0p , Tt 6 RME LS nnp M53 588 of MBHG . 1X
BE— PR T ORI SO IR ZE I R 7). TR B RN, BRI 2 X AN R S 1) 4% 7 B AR AS SRR S i
#% encodery , XN T W7 1L FERH 2 ARG Bt SR 2 2] B SCARES ) 22

AR SO AN AR, R R ST SR o SRR SUARBES LR T R ALE, B3] T RAE Luka »
s (13) Fiok:

Lyra(Orim, 07) = Ly (Oyim) + @+ L (07) (13)

4= B

ARFTHER T ST I GRT, 4 S P AT H B R (38 4.1 71Y), Baselines J5i% (3 4.2 ), SRR E (58
4.3 ), LI AR (55 4.4 7)) LESER AT (5 4.5 ). ARSI A 5 R AR T S 1, TR bk s 58 1 B b
e LU Al 2 ARSI BT VE A B N A SO U i MRA BTG IPEREZE 5. N T REAT A T It i, i TR AR R 1)
LR BT H TR, ASCHE 3 AN SR 4L b B E IR B B AT S 45 R, I HA R GRS RS R
[T I s a5 SR
4.1 BIBE

ARICAE 3 LRSI SRR A Lo AR SCHR H VR IEAT T VA, 3 AN B & R B o A G s sl
1 FR.

*1 HIEEL

EEES UEES Rk S AR
CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16 326 1871 4659 22 856

CH-SIMS 1368 456 457 2281

(1) CMU-MOST® & —ANH1 2 199 B fai Ji 1 (A A0 B4 B (BF ARSI BEA 2 — AN 0 1 AR S ) i A
KL BANE BI AR, HoRIET YouTube. UM A 25 2 01 3 2RI LA 0T B B2 55 38 W . CMU-MOSI
JEERE R B35 93 AN BRI, 23 i 89 A7 AN A5 U A T 28, R JLUIEIA 2 199 ANA)F AR EL. &ML
BB N TRRTE [-3, +3] Z I8l TSI s o0 45, Forh—3/+3 43 T 3R Bt B0 AR AR RS AR 1 K.

(2) CMU-MOSEI”'2 % CMU-MOSI 54 (10— AN &, EMAa B RECE AT, FEAR . Yiih & A2 s n
BAHZFEE. CMU-MOSEL 4 22 856 26 N LARERALSIE, HORIET 5 000 AMLA, H1 1 000 AN [F] (1 356 1 5 15 2
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LARARA 250 ASANIF R J2 .

(3) CH-SIMS"H& — e SCIBEARTE T B bR AR TE 1 2 BUS AR (K 1 U S 42, JL94 2 281 4
PR B, CH-SIMS U4E T AR . ALES AL 2 H, HEA A RNERE . SR AS N T
R A FEAFRAL — DT [=1, +1] Z A E R 2, Horh—1/+1 23 5 3R 7R S N BT AR AR AR A JK.

4.2 Baselines

AL FE T AL G EREAR 7 ) 2 A BT SRR BGE MRA A 2501, 1n R Tk

(1) EF-LSTM (early fusion LSTM)™ ¥ 56Kt 3 FhBEAS (04 N RFIE AT 7 B 1O B &, BRI Z RS, K5
T8 A LSTM 43k /5 31 b ) R B 4 o6 &,

(2) TEN (tensor fusion network)™ 3l i il & 22 45K &, i 3 PR A AU SRS . OUREA LA B, =525 2 A) (A AH L
YER, 22Ut @ s s e AL A ES ML 30 A5, TEN £ 25 3 N800, BN IR T M 45 H B SRRV E BN, T
HFEE RS RR; IkEME R 3 58 R /RAR T BBES . SUSEES N A 2 A 138 BT A 175 0EK
HEHRT P 2844 TR RG22 (R0 HH D 2% AR AT 1 IR 2

(3) MFN (memory fusion network)2% (& 745 E MR A B LRI ZZ L0 MEN EEAE 3 2, 5 1 BRK
FHICAZ RS0 (LSTM), J8 52 045 A0 B HEAT 40 3 @ LR @ LR MBI AS; 26 2 22 Delta i 1Z7E R I M4,
FIRAR I LSTM s MEIZE B 36 3 J2 R AE 2 A B T30 A e B I (B) A2 5 L BB B R R 2,
MFN X} T 3 FERS 75 L1 )2 I IR 55, {H 2 CH-SIMS #i g2 — N EX S rI 8 5. Rk, A SCRA T — AN
R S SR A A5 3 MBS TE IR )2 200 55 LA A MEN.

(4) LMF (low-rank multi-modal fusion)™ fif gt 1 22 #5455 5 filt £ o 38 A2 110 48 152 418 B0 K R0 T 30 42 2% 138 398 Jn )
e R, $ H A AR K AT A U 2SR G, % ) BRI RS 128 B, LMF & @ik 3 AN Fpias
N AENT] 3 AT AR 3 MRS ERR, B BASRE R M N 7 AT 2 SR A 15 2 2 88
IR, AR E R H T AT 45

(5) RAVEN (recurrent attended variation embedding network)" it JE15 5 117 7 51 A 404 5 45 M E AT A8, ARG
B FAT NS TR R, RAVEN FEH 3 MAARG EEF A7 8T PR P P IE 4 R 45 78
—NRAT B N GRS — R B S AT SRS IR H AR TR S AT ONRRE, | ES TR B P 4s DUSRRRAE . R Rr e AT
BREAE RN, R 2 7 D1 PR BN JEE 5 8 58 T 1 0015 AR AT [ ) ARG 5 ALRe M i 2 B I
i ARG S AR M S SRR RHEAR S &, TR 2 S R R R

(6) MulT (multi-modal Transformer)" 1% B F2 B AN %ot 5% R B 70 3 22 1) 100K B B 00460 1 R, Ml T (7 4% 0
PR R I, B EE K E B2 B, i 5 A — MRS 5 HABLES M RR, e — MRS
BB ) — ARSI, WIS 75 255 SRS 7 51 A 75 % 5

(7) MISA (modality-invariant and modality-specific)" * K 45 MBS e 5 15 AN S [ ) 72 1, FH DA 214 2
BRI, 1A TR RS AZN, B AMEE A RS H U B — A L2 1 72 1 5 0 A 55, 85 B3k
TETE ML FIAE SRR, A /NS Z [ I ZE2 06 28 2 AN AR B FR T 1, 2 B MRS E MR R, A RERS
AT A AR B ILFNEER N, A T 5 XA T 250, (EH T 20 A AR R (T RS A 723 H).
IERZHR A (TSR E T 250 EAAH AT S5 TR k.

(8) MAG-BERT (multi-modal adaptation gate-BERT)!"*1 4 17 Gk b J91 1l £ 4 7 16 M0t T 5 9 o ok 45 6 ARl =
FIZEE, ] MAG (256 M []) %4 BERT, U BERT 7ERUH I (A1 3552 2 26 4518 5 505 MAG @l id x4k
B AT AR, AR A5 S B — AN B PO A E g W = b, PEROR IS R 0@ B F & & 28 BERT
[N BIAR A, O VIR T 408 N 22 A S N 7 7 3, MAG-BERT R R 4461 55 (1) CH-SIMS Hidli4E FI3FREH.

(9) SELF-MM (self-supervised multi-task learning)! & —N 3T |5 W 2 ST SR MK (AR 25 A BRI — AN %2
BLSAT SN 3 A BES AL S G % )RR BB MBS R R, B s TS bR AL B B ik
W B B AE O, R R S SR SR I R R RO 3 ST LS. TE NGB B, i T — A R R SR Sk S A R AT
% A1 5 ) k.
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43 LWRE

(1) SLBLGHS

T IRAEAS SCTT R MRA A R0, ASCRA T 2R 7 1 2 S IS B H SRR Y, JF HRH T B 5
WA TFRBEAAISE SHORE. F1n, MulT BRG] Adam D046 28 U474 B 50307, MIAL R %51 %9 1E-3, L2
IEM R ¥0CH 1E-3. Transformer S8 B 2 10, FEl)= 1040 H BB O 30, #H300 A [F (0 B8R 42 15 B A R L& K
/I\: CMU-MOSI, CMU-MOSEI I CH-SIMS 43524 32, 128, 64. MulT #2 (1511125 epoch £ 40. 24 T B 1t 4
A, KM EFEE7 0.2 1) Dropout SHE, HAEYIZRid #2 R H T #2107 45 1L 50, 45 7E 8 1> epoch P58 iE£R (1 #ERf 2
WA FETH WS 25, AR SO SRRE R EROA S, IR BRI IS It R iR i AR B AE DI AR b AT A,
Feahe s M AR R 45 5. AN A AT 8 2 0 B A BT AN R, BARPE AT RIS B 110 SCRAHD. T 347 AP IR bR,
AR T HHLF T WA R, 75 3 N ESE FIYEL S IREE R RV iR & B 45 R AT LR,

(2) W AR

MR TR AR, A SCIEAR T PR A SEae 45 5 20 RANENE. X T4 28, ARSCEHR T 25028 (FRARAER) 1)
HERIER (Acc2) AUIIAL F1. %8105, A SCICIRT Ace-k (k BX 5 F11 7, CH-SIMS A Acc5, CMU-MOSI 1 CMU-MOSEI
A Acc?), “FEIASTIRE (MAE) LK Pearson A9 R EL (Corr). Bk T MAE, H A Fa bl 2l im0 R M RE IR T
4.4 LIGLERITLE

F 23 4 53RN T ASLHITTE MRA M2 BB IBTH B BUTE 3 DSBS B R HE SR 4R I seit gt
AT (A TR Fhil 2 BT H O IR B INAS SO MRA BTG PR 22 {H, P Rmigdt, <& x ).

&2 CMU-MOSI #ili 5k EJTik LU (%) #®3 CMU-MOSEI #df £k ik kg FL L (%)
Approach Acc2  MBF1  Acc7  MAE  Corr Approach Acc2  HMBF1  Acc7 MAE  Corr
EF-LSTM 76.76 76.85 3542 96.87 64.29 EF-LSTM 78.39 77.21 49.66  60.30  68.01

+MRA 78.75 78.75 36.50  92.22 66.62 +MRA 80.06 79.62 51.23 58.74 69.46

A +1.99 +1.90 +1.08 —4.65 +2.33 A +1.67 +2.41 +1.57 -1.56 +1.45
TFN 77.29 77.34 3143 101.62 63.27 TFN 80.36 81.31 50.32  59.00 70.29
+MRA 79.79 79.62 3577  92.42 65.93 +MRA 82.33 82.36 51.61 57.83 71.42
A +2.50 +2.28 +434 920 +2.66 A +1.97 +1.05 +1.29 _—1Ng  §#l.13
MFN 77.24 77.55 3434 9735 65.00 MFN 81.00 81.17 51.22 5730 7198
+MRA 79.91 79.75 36.30  91.58 67.01 +MRA 82.86 82.78 52.10  56.28  73.25
A +2.67 +2.20 +1.96 577 +2.01 A +1.86 +1.61 +0.88 -1.02 +1.27
LMF 78.90 78.87 3484 9456  66.30 LMF 82.45 82.61 50.90 57.92  72.06
+MRA 80.18 80.10 36.27  92.75 66.91 +MRA 83.97 83.91 52.01 56.57 73.13
A +1.28 +1.23 +143 -1.81 +0.61 A +1.52 +1.30 +1.11  -1.35 +1.07
RAVEN 78.93 78.87 35.33 94.53 66.01 RAVEN 82.29 82.32 50.82  57.78  71.82
+MRA 80.19 80.11 37.61 91.75 67.52 +MRA 83.79 83.66 51.51  56.65 72.48
A +1.26 +1.24 +2.28 278 +1.51 A +1.50 +1.34 +0.69 -1.13  +0.66
MulT 80.21 80.22 3644 9139 6891 MulT 83.10 83.15 51.80 57.11  72.61
+MRA 81.95 81.95 37.82 88.79  69.78 +MRA 84.04 83.98 52.06 56.73  72.96
A +1.74 +1.73 +1.38 —-2.60 +0.87 A +0.94 +0.83 +0.26 —0.38 +0.35
MISA 79.79 79.64 3429 9339  66.82 MISA 81.80 81.81 5191 5746 71.82
+MRA 81.01 80.78 37.00  90.63 67.98 +MRA 83.62 83.54 5249 56.89 72.44
A +1.22 +1.14 +2.71 276  +1.16 A +1.82 +1.73 +0.58 —0.57 +0.62
MAG-BERT 81.14 81.08 40.59 7999 7592 MAG-BERT  79.64 80.31 50.01 58.73 73.94
+MRA 82.45 82.39 4286 76.16 77.24 +MRA 81.63 82.06 5232 56.09 75.02
A +1.31 +1.31 +2.27 —=3.83 +1.32 A +1.99 +1.75 +2.31 264 +1.08
SELF-MM 79.73 79.62 36.24 9293 66.08 SELF-MM 81.79 81.69 4939  60.84  68.55
+MRA 80.67 80.45 37.93 90.22 67.40 +MRA 82.75 82.53 49.82 59.56  69.57
A +0.94 +0.83 +1.69 271 +1.32 A +0.96 +0.84 +0.43 -1.28 +1.02
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F 4 CH-SIMS FH4E L IriEtERELLE: (%)

Approach Acc2 IRLF1 Acc5 MAE Corr
EF-LSTM 69.37 56.82 21.02 59.34 -4.39
+MRA 69.37 56.82 23.23 57.62 5.48
A +0.0 +0.0 +2.21 -1.72 +9.87
TFN 79.30 79.51 39.47 40.52 64.78
+MRA 80.65 80.95 46.65 37.81 67.31
A +1.35 +1.44 +7.18 -2.71 +2.53
MFN 77.55 77.26 38.64 44.45 56.56
+MRA 79.25 79.10 40.74 42.86 59.64
A +1.70 +1.84 +2.10 -1.59 +3.08
LMF 78.29 77.83 38.29 43.84 58.64
+MRA 80.04 79.56 41.84 42.12 60.75
A +1.75 +1.73 +3.55 =72 +2.11
RAVEN 77.46 77.43 40.96 44.50 55.91
+MRA 79.34 78.83 43.89 43.44 58.62
A +1.88 +1.40 +2.93 -1.06 +2.71
MulT 77.68 77.20 39.17 44.79 56.57
+MRA 79.08 78.63 42.49 43.59 58.17
A +1.40 +1.43 +3.32 -1.20 +1.60
MISA 77.99 77.83 38.34 44.92 57.69
+MRA 79.21 78.69 42.06 43.87 58.41
A +1.22 +0.86 +3.72 -1.05 +0.72
SELF-MM 78.07 77.89 40.87 42.80 58.83
+MRA 79.61 79.18 42.06 42.25 59.98
A +1.54 +1.29 +1.19 —-0.55 +1.15

M 23 4 LRI DL R A H:

(1) A3CH MRA JHE R 4R T T 2R B AT 55 (4 BMRR) frtae. X R W] T O K 2B &t
SRR R, T A WA B A 22 ) R, AT A B I SRS 5 v RIS B A S AN S A S I 1 RO [RI B, 245
5 RSB R 1) T T 45 B RO SCAS S 25 B 15 B AR T MIRA AT DA B MRS AT 15 B A 22 ) R, A 2R e vl {5 B
1 1 AL AR S FR I EE B, SRR IS B 0 SO R S R R 22,

(2) AL MRA 777575 CMU-MOSI A1 CH-SIMS 3% 5 /™ FIURSEAH X 5875 IR 55008 45 I RE 1R T B3 (R A 2
CMU-MOSI H 1] MAE #5847, p-value<0.05), Z<3CIA A Ji BRI 7E T3 P A B9 4 HH R A v S O 22 O RE AR L ) A A
F CMU-MOSEI % =, {315 21 75 BAR 2% 2] R 2 P 6 65 58 7 B B T+ 51T (w22 REAR 1) G VE.

(3) AICHI MRA 5 IEAE Ko 2 A G EUBERY L A MERE SR TH 23 (0 TFN B, HLAE CMU-MOST $iis
£ L Ace7 $2TF T 4.34% (p-value<0.05), MAE RF% T 9.02% (p-value<0.01)), Tij ZE M AR (W1 SELF-MM) L)
PERE SR TN, AR SN IR RIE T4 [7] 1) 22 452 15 BT AR 1) 45 M) 52 2% FE A o), 8 R R IR AR R AT AT FR AR 2 1
B DL R AS A IS P 7R 5 2] 2 HE S 20 AT Ak, 58 B MRSk, DRI M BB B T L8N,

45 LWHHR

(1) BREEESHL o 50

KT T B SRS o B4 (BALIX AN [0.0, 1.0, 22KH 0.1) S 2 BEAS S IR AT 55 PR RS IO B2, 1k
HUT EF-LSTM, MFN, MulT 1 MISA iX 4 N2 S H R EA R, SRR T X BB I A L MRA J5iE 5 1R
CMU-MOSEI 45 £ F A5 28 (25028 Ace2 AR F1) A K [E 9 (MAE Al Corr) PIAMTS5 4 AR k. B 3
JBIR T BRI BB E o B ES ATS5BIFRRS Acc2 (B 3(a)) AUINAL F1 (F 3(b)) RISER, B 4 @R T BRI
S E o SHFIEENAES 358 MAE (B 4(a)) A1 Corr (B 4(b)) FI45H. MIX 4 M2k B LLB A, AR
AR BOT AL R R I S o RAFEM, I BARMTS I BRE B S o AR, EEA
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HAFFIR 2025 55 36 A% 2

[FEHEFR IR B S B S8 o WA, [HEREELE [0.4, 0.6] XA . A S0 9 TR IR T 82 i TR 7 AN RN
BENLAN T, AR I L S HOR A, 2 SRR ih A e R R S LR 2 5000 [ J. B AS SC R sese rb, BB o B
7E [0.4,0.6] X[AIHh, REZBURTIER o = 0.5 fE AR B EI B SR o

90

85

80

Acc2 (%)

70 +

75 t

65 |—-

60

75

70 +

65

MAE (%)

55+

50

45

0.2 0.4 0.6 0.8 1.0

(@) =52 Acc2

60

Kl 3
— EF-LSTM
L —- MFN
-=- MulT
MISA i .
0.2 0.4 0.6 0.8 1.0
o
(a) |5 MAE

AL F1 (%)

Corr (%)

90

85

80

75

70 +

65 F—-

60

85

80

75 +

70

65

60

55

s S SRS soivts tioiots iotes LNPY
G — - a4
m
— EF-LSTM
—-- MFN
-=- MulT

MISA | | j

0.2 0.4 0.6 0.8 1.0

a
(b) =HJF1

FRUF TS o R 7 AL S5 HRIR Ace2, INBL F1 [R5

— EF-LSTM
L —- MFN
== MulT
MISA . . .
0.2 0.4 0.6 0.8 1.0
(24
(b) [ Corr

4 R HEZH o UK BEIFAE S fEhR MAE, Corr IS

(2) BRUEES) R R AT AL
AR CH-SIMS Hdf 4 rFBEHLILEL T W2 (K 5(a)) A WZEREAR (K 5(b)) B:47 B2 S AT HLAL 204,
B RIS MRA J7 ik 04 22 v 45 2 w22 1) . B 5 i, maske F2& SCASARZS 20 3 4 HH 0 1 T ABE %, MRA
& B mask SRENAE i 208 2 2% 2 B . BARIN S, X TR ImZEAEA, SCARRES 7 SC#i i mask 3800 T
TERA I BT MR ZR, [R5 R AR T i AR AR 2. X F AT I RE AR, SCASEEAS 43 32 4 H ¥ mask 3900 1 45 1%
TR AR, (R LA AN T T A 22 AR AR S v, A5 S ik 22 A I I S A A S Tm) A B N T DG I (25
A 2] MRA J5 i ax for sUER T T AL fm Z R AR 1) 5 S BE 0. hdh, A0l T RS STl fR P A )
BRI . WP 6 FioR, Ly AL SR Ly, ML EEE, F R AR LR B BT 2 ST P X 4y
TAFTEN S B IR ZE IREAR, T Ly BRG] H it 22 1A 1 BT S B TR W AR e 35
(3) TS FEAm ZE AL AR 1) EL A1)
RXGAT 3 AN AR EHEE DT EERERSARKILE, mE 7 s, BT CMU-MOSI Al
CMU-MOSEI #0552 33 A briE RIS FR A, AR SCHENLIEEL MulT F1 SELF-MM BN LAl 22 25 1 I T B AR 2,
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Fo3 B 3 AFAR A MERE T SCA . EE AR 3 MRS FRZE, F UL o] (5 JE R Z FEA I E ). £F
FHh, CH-SIMS $#EHE&H N ThRER BRSPS, A LS T CH-SIMS M4 L 5 Se o] (5 fm Z AR 1)
ELB] (19.47%). MK 7 HET LAE H, CMU-MOSI (13.37%), CMU-MOSEI (10.65%) Fil CH-SIMS (19.47%) 1X 3 /M4
ot 8 AT 15 B A ZE A A ARt v, A B S DR A5 B e 222 11 8.

target target target target
[ofofoTo]t] [ofoJofo[1] L1lofo]ofo [1TofoJofo]
PS WP NU WN NG PS WP NU WN NG PS WP NU WN NG PS WP NU WN NG
lower loss for higher loss for
wv=0.11 unbiased samples [L,=0.22 Lyn=0.62  biased samples ~ |L;=3.91
[ 0 ]0.010.090.07 0.9 [0.02/0.030.05 0.1] 0.8| 0.540.180.12] 0.1]0.06] [ 0 [0.020.08 0.2] 0.7]
PS WP NU WN NG PS WP NU WN NG PS WP NU WN NG PS WP NU WN NG
mmm Softmax Softmax mw Softmax Softmax
PS WP NU WN NG PS WP NU WN NG
4 e A e
Softmax mask Softmax mask
O<o.a]o.1]o2]04]os] O<o.1]02]03]05]0s6 ]|
PS WP NU WN NG PS WP NU WN NG
MAC block nny MAC block nny
P SANAR I NAT , , .
.- RABBAMI PRSI L
3 L5 &,
g - Y
NG NG NG WP PS NG
(a) T ZEREA (OEERLEEFN
Bl5 SRR  REma AL
25
20 17.0717.51
« S 15 H3461327 o
= £ 3 10.7710.52
S 10 =
5 =
» - 0 e e i e
0 50 100 150 CMU-MOSI  CMU-MOSEI CH-SIMS
I A] (time steps) © MulT = SELF-MM = Real
Ble ZMZJIBREPARREHLNZEL K7 RIS B 2R AR 1 LA

(4) W{E R ZEREAR (M 43 4

TEGUTH RIS FEAR ZE A AR A9 B b, AR SCHE IR HH AR TE WIS BE IR ZE R A Bl —30 0T e T 258, i T CMU-
MOSI FI CH-SIMS WA H i ik Hh 0 RE AR BT 2D, Stie 45 AT €, R4 SR T CMU-MOSET R4
SR, Wik S B, ASCEENLIEI T 4 A JEAE 2 S S BT LAY (TFN, MulT, MISA Al SELF-MM), 58 1iF &
FIIFEIIN MRA B Ji5 6 A i ZEFEAS [ 17 BT 25 5. mT DABA 2 Y, A5 1) MRA JHETEA ImZEREA BRI
T3 3 (40 MRA 7E SELF-MM 43 54T T 10.58% (Acc2), 7.68% (JNAL F1), 3.60% (Acc7), 7.13% (MAE), p-
value<0.01), %1iE T MRA 75756 i Z R AR A 201
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#*£ 5 CMU-MOSEI ##4E (A mEFEAR) Bk Mae b (%)

Approach Acc2 InkLF1 Acc7 MAE
TFN 56.59 66.37 35.62 89.25
+MRA 61.48 70.36 37.79 85.74
A +4.89 +3.99 +2.17 -3.51
MulT 58.39 67.99 36.36 84.90
+MRA 65.20 73.10 38.25 78.70
A +6.81 +5.11 +1.89 —6.20
MISA 58.48 68.05 37.10 86.46
+MRA 66.36 73.98 38.94 80.42
A +7.88 +5.93 +1.84 —6.04
SELF-MM 59.03 68.50 34.88 84.30
+MRA 69.61 76.18 38.48 77.17
A +10.58 +7.68 +3.60 =7.13

(5) RIS I A5 2 70 #T

NT RS RE R, 2340 T CH-SIMS #E 5 b SUA, iIH & MR 3 MU S5 L2 SRS
— BT, I 8 B, BAAT S, ASCE Sk CH-SIMS i 347 401, BN HA & N TERERISCAR, 1535
IR A S AR M 2 B HREE. Hovk, A SCHRYE CH-SIMS HE &R/ 5 KB GH R, 59, drik, 558K,
FUR) 20 B 3 A EARE S 2 BEEAR SRS — 8 SRR SR — SRS B AL A 8 R LR
W, ORI S 2B 1E BRI — BRI EL B (47.52%) KT8 & (58.44%) FARLHL (60.42%) [ EL A5, AT 56 B AR
FOUARMAS, 1 E SRS R IE L] (5.

70
60
50
40
30
20
10

0

58.44 60.42
47.52

Ratio (%)

ik

A W Wit
B8 ANFIREAS T {5 1 22 57

(6) A RN HT

9T B0 B A A B 2 A A A R T AT 45 R A AE 0 AT A AR 22 ), A ST CH-SMIS #4451 I i 45
EHLT A REARIEAT T A B, B 9 BroR. B ER T 3 ARSI SCAR, BRI LA B8 3 AR, AR
T G I AR E (PS, WP, NU, WN, NG 43 5l AR TR, SRR, F 44, F57E 4%, W AK%). A SRR T MulT
AL X HH ¥ 3 AN AR 3R A7 45 R T, B RE AR B A 45 HE T MulT A MulT #8800 MRA 7772 10 175 I b 25 ik
EEE. o] LR, MulT BLBITE 3 ANREAR R T AS 152, HL ARG (8 0T {5 B 10 STABEAS (15 K. SR,
FE AR B S (1 22 B 1 BN 5 v A5 B ) SCAN A IR 7 AR 12, 5 8 vl M3 B IR o AR B A — 3. Btk iz, H
i 1 22 A I IR T BRSO T VT A5 B R 22 I, 5 B I v ak B s FE I 15 BT 7E Mul T A58 3 (¥ 2k
IR LM TT7E MRA Z J5, v A A AR LE 3 AR 1 gh 7 IE B 1 BT, AN 2 P46 1m0 mT {5 B
(O SCAS RS B 15 IR IX R W T AR ST 7 10 MRA B S BB 15 5 A 2% Mt 22 AL A I TR VT S AE 2 11 ] 5 i 22 1) A
SR HH 1 AT A B A T R S R A TE I SR T b 0 B, MR T E SO IR T, T HE T 2 A
R (1 e
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Text Vision Acoustic MulT MulT+MRA
Ex1: WN (Ground-truth)
u PS ///%
R = WP //
ERME AL, L 4
A
WN
WP WN NG o
Ex2: NG (Ground-truth) T =

= WP
NU

]

ARBTERE LK
KIAT .

s NG

NU WN NG

Ex3: WN (Ground-truth)

a PS 17
1 0, l 1
WN
= NG

WP NG NG

9 CH-SIMS HUHi 42 rh i Re A K2 175 5 P00 A8 2% i T &
5 B 4%

AR S A AT S R R RE R ZE AT T R M2 SIS E R, TR R E
R IA R SR B 5 2] =F 5 A R, B2 T A WIS BE i 22 1) R AR SC S5 B0 M SE0 A B A A, 185 A
PSR A AR T SCA S B0 R LS IR Wi i, 2 iy vl A5 BEIN. SRT, B TS XA [RIBEAS B4R e Y T B2 S e )
AN, FEA RIS RN L [AMEAE RS 58, R 2 A I I SRS B AR 1] T T 45 FE I SCABEZS, 3 LA B ks
FE B BTN, SR T R RRRLAS AT B A 22 1) R, AR SCHR T — P BT SG I 2 T B AR % 2 ) 2 BEAS T {3 B Rk SN 1)
TE R 7R MRA, @ S 2R 1) SCARAS 73 3025 SRR JE I SCA B R 22, TR B2 ) SRIs 5 2
IS IR T B R I S0 2 A SR A T B SOl 22 . A SCHE AN B e SR 4 R AN [R) 1 22 A s A T 3
BEALEEAT T 52560, B00E T MRA [0 B RUE A TE. 75 F— B 0 TAEH, A1 R 51 AR5 % > (trusted learning)™"
SREE BN FIRAS TS B, i — PRI 2 BASE BT AT S MR, thabh, TATR I — PR R 2 BSIE B HATE S
R A 1] B, 223500 MRA J7vEY i 2 F AR AR TE RS vT 15 AR 22 1) 2 AT 55, G0 22 BEASHERREAS W, 0 1)
Z (visual question answering, VQA) 4.
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