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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
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
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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
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AL nny 3 E 0T Sigmoid BREGRIFH, 1824 cls)/reg, .

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

A3CHIN mask (19 H 7E T8 53 18 SRl 22 AR BT BB 1) 2 A58 Sk Eh A o i k. IR, A Scidid

T mask FlJE UG 2SR cls, /reg,, Z MR TR ITRFRIT BTN ZEESHIE cls,./reg,, , WA (12) Fios:
{clsml =cls,, Ocls,, if classifier task

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

MRA LU FfRs i 177 B At 22 B A B SR i 22 Bt DAISIT LRSS AR 7 S v 2 5] 3
fi 2. BEAL, Ao 1 W 58 BB MRA J7 200 20 2 B B SRR 520, 55—, MRA J79E4R 71 1
A I ZEREA R FE B, IR T 0 AR e i ZE RE A (RIVRT DAFEANE T 53 AR P A B 00 T IR HEAT 70 SRIREAS). H
KT , MRA I SCAERS 73 SCRH — A mask, F BLBR = IR0 1% AR 22 AL 36, 7] I PR AR LA AR 25 (R, (45



8 BB oo e b g e

A 2 BE A (R R BT (i 22 AR A 8 K . SRS A7 3K, Bt 22 A2 7 IR SRR TR I ) A% B O FEBOR, AT
BF T HMZREARLES )RR E P 55, MRA B0 7 F 28 (R SO, 15 3 FIASEIX 3 Fhis
) A REAT B IE TS BAR B OREAS (R B 2 0 T I LEAE AR, MRA S SO 70 SO0 H I mask 38 1 2R 155 [k
PREE) 73 %, PRI R 2 AR 2 B I iX b 7 X, FEAl 22 B IE RH SR A S il AR SRR A rh 4T 24 3], TR T
T IR 3 RS R AR B A I B AR A AR AR 1 EE A
32 ETREREFINMAER

ARSI AN AT SRR L, 1K DI AR il 22 RS T IR SRR % AR 7 SC S 8. A, 248
ANE T FAT 55 F TR A FEAN I B[R], of L IR0 25 o 020 Tl 28 SO R AN J7 iR ZE R

TR bR B 2 RS R T 5% FR) A2 SRS IR R B T R ZE AR R, 1K LA STAC N Lt = Lo/ Lieg - Om
NI RS AL S BOZ I R BT S 5, RIEE Al 2 BRSBTS (B 48 3 MRS SRR ML Es encoderray
B S HAR R MIM, Bl S B MFM, 73 284% classifier BURIHES regression S IS HU G FEASCHIB
B, B 2 SN BT FR R SCARRES 73 S )L AR FOR i &% encodery 1S4

SCARBEAS 73 S AR R BR B Ly 2 N SCARREAS T cls, [reg, "2 > B 5 TRIAHE ¢ 138 SURHR 2k 50 1) 7 iR 22
PR, AR IZA R R SCARRES 73 SIS HL, WM 0, Forb 0 RANEINE nny 1532858 o S EIRE . 1X
B PR R T SRR Gy SCR SR M ZE KB 0. T BEVE R, BB 2o XN R S 1) A 7 B SRR S R Y
& encodery , X & T B 1EFEAM 2 BEAS T R BRI 27 5] B SOAMRAS i 2.

AR SCIE LR AR AR N, A R ST S H o KT B U RR VR RIAUE, 133 7 B AR Lyra
At (13) Fiok:

Lyira(Oviv> 0r) = Laani(Onam) + @ - L (67) (13)

4= B

ARFTHER T ST AR, 4 S P A H B0 R (38 4.1 71Y), Baselines J5ik (3 4.2 ), SEI R E (8
4.3 ), LI AR L (B 4.4 7)) L SER AT (B 4.5 ). ARSI A 5 2R AR T S 1, TR bk b s 56 1 H b
R LU Al 2 ARSI BT BT VE AR B N A S U i MRA BT R IPEREZE 5. N T REAT A T It i, S TR AR 1)
LR BT H TR, ASCHE 3 AN SR 4 b B F IR B B AT S 45 R, I HA R TR S IRGE R
(PR I s 5 51
4.1 BIBE

ARICAE 3 LRI SRR A T AR SCHR H VR EAT T VA, 3 AN R S R B o A G s il
1 FR.

*1 HIEEL

EEES UEES KiEdE S BHE
CMU-MOSI 1284 229 686 2199

CMU-MOSEI 16 326 1871 4659 22856
CH-SIMS 1368 456 457 2281

(1) CMU-MOST® & —ANH1 2 199 B fai J (1 (A0 A B4 B (BF AN RBIF BEA A2 — AN 0 1 O FR S ) i A
KL BANE BI AR, HoRUET YouTube. UMM P 25 2 01 3 2RI MU0 B 52 55 36 KW . CMU-MOSI
JEAEHAE BIEE 93 NS, 73 A 89 SLAN A A i iE# VH 2E, Hok HUIEIA 2 199 ANA)F AATE:. A1
BB N TR [-3, +3] Z IR SN 43 8, Feh-3/+3 43 3R 7m sm B0 V8 A AR AR 1 K.

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

(3) CH-SIMS" V& — e SCIBEARTE T B bR 2 AR TE 1 2 BUS AR (K 15 U S 42, JL9M4 2 281 4
PR B, CH-SIMS U4E T ANRIM AR . BALES MM H, HEF A RNERE . SR ASE. N T
R A FEAFRAL — DT [=1, +1] Z B 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 PE R 7 ) 2 A B BRI RIS MRA A 250, 1n R k.

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

(2) TEN (tensor fusion network)™ i i il & 22 45K &, i 3 PR A AU BB . OUREA LA B = A2 2 18] (AR L
YEM, 2t @ s e AL I A S MR 30 AS. TEN £ 25 3 A8, BEES IR T M 45 4 BB SRRV E BN, T
HFEE RS RR; kEME R 3 58 R /RAE T BB, SUSEZS N =S 2 A 132 B EAT A 170K
2 - 5 T T 2 R0 9 SR R A T A S

(3) MFN (memory fusion network)2% (& 745 E MR FBS ML PIFI 2 A MEN EEAE 3 2, 5 1 BRK
FHICAZ R S8 (LSTMs), Az 40 R AT g i O @S i R e AL I B0 A 38 2 J= 72 Delta 10 127E = 7T M 45,
Rk LSTMs MBI 1, 28 3 2275 2 A0 1 3 e A2 B e b Bt sy B) A7 i S ML A 2. TR B R,
MFN X} T 3 FERS 75 L1 )2 I IR 55, {H 2 CH-SIMS #¥i A2 — N ERT S B8 5. Rk, A SCRA T — AN
R S5 SRS A A 3 MRS TE ] )2 200 55 LA MFN.

(4) LMF (low-rank multi-modal fusion)” fift ¥t T 22 #5025 5K 5 i £ v A2 1) 48 P 18 B0 KR 57 5 2% BE 6 N 1
e R, 4 H A AR K S AT A U 2SR G, % ) BRSNS 1028 B, LMF & ik 3 AN i
N AENT] 3 AT HANEER] 3 MRS ERR, FHB I BARE R M N 7 AT 2 SR A 15 2 2 B8
R, AR JE R H T AT 45

(5) RAVEN (recurrent attended variation embedding network) it JE15 5 117 ¥ 51 A 404 FEE 45 M HE AT 188, ARG
B FAT NS IR R, RAVEN FEH 3 MAHRG E1EF A7 8T PR PSS IR 1 4 P 45 78
—NRAR] B N GRS — R B S AT SRS IR H AR S AT ONRRE, | S TR G P 4s DUSRRRAE . RS Rp AL AT
SRR RN, R 2 7 D1 PRI BN JEE 5 8 5 T 1 0015 SCEAIR AT W ) ARE 5 AR M i 2 B3
M G S AR A S SRR RHEAR S &, TR 2 S S R R,

(6) MulT (multi-modal Transformer)" 1% B F2 B AN %ot 5% R RS 70 3 22 1) 1604 B 88 440460 1 R, Ml T (4% 0
PR R I, B EE K E PSS T, i 5 i — MRS 5 ARSI R0R, W — MRS
BB ) — ANBES IR, WA 75 255 SRS 7 51 A 75 % 5

(7) MISA (modality-invariant and modality-specific)" K 45 MBS e 5 51 5 AN AN [ ) 72 0, FH DA 204 2
BRI, 3 1A T RS AN, B AMEE A RS E U B — AN L2 1 723 [0 5 0 A0 55, 45 B3k
TETE ML FIAE SRR, A /MBS Z [ I Z2 06 28 2 AN AR B R B 1, 2 B MRS E MR R, AR ERS
AT A AR B ILFNEER N, A T 5 XA T 250, (A T 20 A AR UR (T RS A 723 5).
B AE (F TSR E T 250 A AT S5 TR k.

(8) MAG-BERT (multi-modal adaptation gate-BERT)!"*1Jy 1 k% J91 Y1l £ 4 5 1 M0 KT 5 9 o ok 45 6 ARl =
FIZEE, ] MAG (25 M []) %4 BERT, fSUYF BERT 7EUH I (A1 3552 2 426 418 5 505 MAG @l id x4k
B AT ARG, AR A5 S B — AN B PO A E g = b, PEROR IS R 0@ B W &= & 24 BERT
[ PN BIAR A, O VIR e 458 N 22 A S N 5 7 3, MAG-BERT R E 441 55 (1) CH-SIMS Hidli4E FIFAREH.

(9) SELF-MM (self-supervised multi-task learning)! /& — N3 T |5 W 2 ST SR (AR 25 A pR b, Sl IE — AN %2
BAASAT A 3 AN BB TAT & A2 I3RS B oF B I IRASSROR, P IS AT AR S 1E A B 7
W B BN AR O, SRR S SR SR S R R RO 2 ST M. TE NGB B, B T — A R R SR Sk ST i A R AT
% A1 5 ) R
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43 LWRE

(1) SZI4Hy

T A SC T MRA WG 20, ARSCRA T 2 AR 57 10 2 B 1B BT ALY, 3 B T B8
W AT IR S B . B0, MulT B8 ] Adam 1044 88 BIEAT 86 1 5037, W0UA10LIN S ST %08 1E-3, L2
1EN R %08 1E-3. Transformer [F3k 0% & N 10, FRIEZ 2B % E N 30. &5 A R BB E R E AR ML E K
/IN: CMU-MOSI, CMU-MOSEI I CH-SIMS 4351 32, 128, 64. MulT #2511 45 epoch k40, 24 7 B 13t 44
&, RAEFFEA 0.2 It Dropout FHE, FTEYIZRI AR R T $2 8757 1L 5RHE, #57E 8 A~ epoch PYIHIEAE IHERG
WA PRI LI ZR. AR SO SEE7ERAIESE B S5, (R TES RS Bk Re i i M BOR 7E M AE B EAT I,
FAR MRS R &5 3. AN F A S 808 B A BT, BARTE WA B B SCRARRE. S8 T 3T AP R,
AR T AL R F ARG, 7E 3 AR AR RN 5 IR R0 IVE N B A 45 REATICIR.

(2) W FE bR

WA Z A0 AR, ARSCCIR T WiF R se it g B 4 BMENE. T2, ARSOCIRT Z 4038 (BIUR/ER) 1
HERA R (Acc2) AR F1. 3¢ [B13, A SCICIR T Ace-k (k BU S A1 7, CH-SIMS N Acc5, CMU-MOSI 1 CMU-MOSEI
N Acc?), T HERTRZ (MAE) BLK Pearson fH28 R 4K (Corr). Bk T MAE, HARfaAn#l £ M m AR MERE LT,
4.4 EIWEERITEE

F 23R A RN T ARSLHIT % MRA RS IS BT R RTE 3 A SIS B A MERUR4E L ioseat sy
FAT G (A TR Z B B VA INAST T i MRA HI G BIPEREZ (Y, Horpev RoRITH, < RR T ).

%2 CMU-MOSI Hriia i LI VATERE HLEL (%)

Approach Acc2 IkLFL Acc7 MAE Corr
EF-LSTM 76.76 76.85 35.42 96.87 64.29
+MRA 78.75 78.75 36.50 92.22 66.62
A +1.99 +1.90 +1.08 —4.65 +2.33
TFN 77.29 77.34 31.43 101.62 63.27
+MRA 79.79 79.62 35.77 92.42 65.93
A +2.50 +2.28 +4.34 -9.20 +2.66
MFN 77.24 77.55 34.34 97.35 65.00
+MRA 79.91 79.75 36.30 91.58 67.01
A +2.67 +2.20 +1.96 -5.77 +2.01
LMF 78.90 78.87 34.84 94.56 66.30
+MRA 80.18 80.10 36.27 92.75 66.91
A +1.28 +1.23 +1.43 -1.81 +0.61
RAVEN 78.93 78.87 35.33 94.53 66.01
+MRA 80.19 80.11 37.61 91.75 67.52
A +1.26 +1.24 +2.28 —2.78 +1.51
MulT 80.21 80.22 36.44 91.39 68.91
+MRA 81.95 81.95 37.82 88.79 69.78
A +1.74 +1.73 +1.38 —2.60 +0.87
MISA 79.79 79.64 34.29 93.39 66.82
+MRA 81.01 80.78 37.00 90.63 67.98
A +1.22 +1.14 +2.71 —2.76 +1.16
MAG-BERT 81.14 81.08 40.59 79.99 75.92
+MRA 82.45 82.39 42.86 76.16 77.24
A +1.31 +1.31 +2.27 -3.83 +1.32
SELF-MM 79.73 79.62 36.24 92.93 66.08
+MRA 80.67 80.45 37.93 90.22 67.40

A +0.94 +0.83 +1.69 —2.71 +1.32
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3 CMU-MOSEI #ffi £ b7k ERE L (%) ® 4 CH-SIMS Huila 4k EUEAMERELLEL (%)
Approach Acc2  HIF1  Acc7 MAE  Corr Approach  Acc2  MBF1  Acc5 MAE  Corr
EF-LSTM 78.39 77.21 49.66  60.30 68.01 EF-LSTM 69.37 56.82 21.02 5934 —-4.39

+MRA 80.06 79.62 51.23  58.74 69.46 +MRA 69.37 56.82 23.23 57.62 5.48
A +1.67 +2.41 +1.57 -1.56 +1.45 A +0.0 +0.0 +2.21  -1.72  +9.87
TFN 80.36 81.31 50.32  59.00 70.29 TFN 79.30 79.51 3947  40.52 64.78
+MRA 82.33 82.36 51.61 57.83 7142 +MRA 80.65 80.95 46.65 37.81 67.31
A +1.97 +1.05 +1.29 -1.17 +1.13 A +1.35 +1.44 +7.18 —2.71  +2.53
MFN 81.00 81.17 5122 5730 7198 MFN 77.55 77.26 38.64 44.45 56.56
+MRA 82.86 82.78 52.10 5628 73.25 +MRA 79.25 79.10 40.74 4286  59.64
A +1.86 +1.61 +0.88 —-1.02 +1.27 A +1.70 +1.84 +2.10  -1.59  +3.08
LMF 82.45 82.61 50.90 57.92  72.06 LMF 78.29 77.83 3829 4384 58.64
+MRA 83.97 83.91 52.01 56.57 73.13 +MRA 80.04 79.56 41.84 42.12  60.75
A +1.52 +1.30 +1.11  -1.35 +1.07 A +1.75 +1.73 +3.55 172 +2.11
RAVEN 82.29 82.32 50.82  57.78 71.82 RAVEN 77.46 77.43 4096 4450 5591
+MRA 83.79 83.66 51.51  56.65 72.48 +MRA 79.34 78.83 43.89 4344  58.62
A +1.50 +1.34 +0.69 —1.13 +0.66 A +1.88 +1.40 +293 -1.06 +2.71
MulT 83.10 83.15 51.80  57.11  72.61 MulT 77.68 77.20 39.17 4479  56.57
+MRA 84.04 83.98 52.06 56.73  72.96 +MRA 79.08 78.63 4249 4359  58.17
A +0.94 +0.83 +0.26 —0.38 +0.35 A +1.40 +1.43 +3.32  -1.20 +1.60
MISA 81.80 81.81 5191 5746 71.82 MISA 77.99 77.83 3834 4492  57.69
+MRA 83.62 83.54 5249 56.89 7244 +MRA 79.21 78.69 42.06 43.87 5841
A +1.82 +1.73 +0.58 —0.57 +0.62 A +1.22 +0.86 +3.72  -1.05 +0.72
MAG-BERT  79.64 80.31 50.01 58.73 73.94 SELF-MM  78.07 77.89 40.87 42.80 58.83
+MRA 81.63 82.06 52.32 56.09 75.02 +MRA 79.61 79.18 42.06 42.25 59.98
A +1.99 +1.75 +2.31 —2.64 +1.08 A +1.54 +1.29 +1.19  -0.55 +1.15

SELF-MM 81.79 81.69 49.39  60.84  68.55
+MRA 82.75 82.53 49.82 59.56  69.57
A +0.96 +0.84 +043 -1.28 +1.02

MR 23R 4 LR DL B A H:

(1) &K MRA J7ERERT T 2SR (O BAEE) FIPERE. KR T A K2R
SRR T AT WA B A 22 ) B, (R TTAE E  SOAREAS 5 v TS E RS S RIS RS I 1B AN LB, 2
15 RSB i 1) T T 45 BE RO SCAIB 25 B 15 B SRTT MRA AT DAZE AR AR A5 AT 15 FE A 22 ) R, B s s vl {5 B
(R 5 FASE A A 3R (1) B L, SR ARG T {5 FE I UL S ROR IR 22

(2) AL MRA 777575 CMU-MOSI Fl CH-SIMS 3% /> FIUEAH X 5875 IR 008 45 L M Re 3R T .3 (R 2
CMU-MOSI # /] MAE $8#%, p-value<0.05), A SCIA Sy Ji BRI 7E T3 P AN B0 4 Hh RS T A5 JE A 22 IR RE AR LU A9 AR
F CMU-MOSEI ¥ &, {F /38 7E SRR 2% 5] (13 A2 P BB A% B8 U MU ER TH X6 A5 (22 R AR (1 GV,

(3) A3 MRA J5iETE R E 4 2 A1 B ST PR B3R T B2 (I TRN #7284, HAE CMU-MOSI $i4%
££ BHI Acc7 $2TH T 4.34% (p-value<0.05), MAE FF& T 9.02% (p-value<0.01)), Mi7EA AR (41 SELF-MM) LK)
PEREFETHE /N, ARSI R R E A [R] 1) 25 A4 15 BT SRR R fH) 5 400 5 2 P AN [, oA 2R A ARSE BA 1 ER 1R 22 (A
DL RS IS W 3R7R 5 2] R HE S 2H AT AR, L oE B e MR ik, R M RR B I FE U8/,

4.5 IO

(1) BREEHSHL o 5N

KA T B SRS o AL (RILIX )Y [0.0, 1.0], K4 0.1) 3 2SR BT 25 MR RS RO R, %
U7 EF-LSTM, MFN, MulT I MISA iX 4 N 2SR, KR T X R RI N A SR MRA V25 1E
CMU-MOSEI ## 4 A% 85325 (24328 Ace2 FIIIAL F1) FfE 2515 (MAE F1 Corr) PRAMESS 145 AR . K 3
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R T BRUE B S o WHE B FAL S 1T Ace2 (B 3(2) AUINEL F1 (B 3(b)) ISR, Bl 4 BR T Bf
BB o SRR RS e R MAE (I 4 (a)) F1 Corr (B 4 (b)) IS5 H. X 4 N R A AT IR A H, AR
) 2 B E BT E R R R AR R E S S o AW, I EARES SR BN P IM S o WA, £52
ANFFRBR B R 2 S o WA, (HHRGEHAE [0.4, 0.6] XA . A ST R IR AT REZ H1 TR A T A
HIBEHLAR -, AR VIR SBR[, 2 o) 1 R R AP E A IR B AL B S 000 1n) . 76 AR SCIR SE 3, S o
H7E [0.4, 0.6] XA, K ZHARALER @ = 0.5 1EARML BRI S Mo

90 90
85 + 85 +
AR SRR his Lo, e B D NP int ricisss, It iy DY
..____'._..._-v——-r- bl S-S i — @ oo ol b 8 o i Gt
80 ~ 80 r PR P e G s St
/\? m éc,
q 75t K75
2 z
70 = 70 +
— EF-LSTM — EF-LSTM
65 |—- MFN 65 | —- MFN
—=- MulT === MulT
MISA MISA
60 1 1 1 1 I 60 I 1 1 1 I
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
a o
(a) =972 Acc2 (b) Z7rK F1
K3 RIS o BT BS54RS Ace2, INEL F1 [H52IR
75 85
70 + 80
65 75 +
L<IC-‘ 60 ‘g 70 | &==mem=x
= 4 S
55 f 65
— EF-LSTM — EF-LSTM
50 | —- MFN 60 | —- MFN
=== MulT === MulT
MISA MISA
45 1 1 1 1 1 55 1 1 1 1 I
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
[ o
(a) [F1J5 MAE (b) [E1)F Corr

4 RS o BT LS5 HE8R MAE, Corr YR

(2) R RE R AT AL

ARCM CH-SIMS #idli A2 v B LI HL 7 e 72 (B S(a)) FIA mZEFEA (B 5(b)) HEAT BARE: ST BRI AAL 20 HT,
B 7R MRA J5 72 UnAa 22 i P AS 2 A 22 10) /. 4] 5 BT, mask A& SCAMRZS 43 3 RO 1 TN %8, MRA
fir Bl mask KBNS SR BT E 05 2T B 9. BAKT S, XTI li ZREA, SOARBEZS 73 34 1 # mask $E0 17
A KT LR, DRl A T i ZE R AR XA i 2Z AR AR, SO 70 S i 1) mask 3807 45 %
TR TI AORE R, DR HEAS AR T T i 2 R A 2 v, (15 S it 22 A 1 T S R 70 A% 78 I SOG4 i 22
A% 2]. MRA J5 5B XA T AR T 7B i ZEREAS (122 2T RE ). BAh, AR ST T R SRR AN
BURIIR AT LI, W 6 FToR, Ly KRB S5 BAK Lypa FAALE S HT, IR RSB % S R R X 3
TAFAE TS B ZE IREAR, T Lan FRZE P 35 00 2 it 22 B 2 A T T S TR I AR fh ke 3.
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target target target target
[ofofoJo]t] [ofoJofo[1] [1ToJofofo] [1]ofoJofo]
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
ILyn=0.11  unbiased samples |L;=0.22 ILMM:O-62 biased samples ~ |L;=3.91
[ 0 ]0.010.040.07 0.9 [0.0200.030.05 0.1] 0.8| 0.540.180.12] 0.1]0.0¢] [ 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
1 mask t mask
Softmax Softmax
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 nnr
; g‘_ W 424;.451/.‘1‘{1‘%:;')\“‘ ""‘w A AR 8%
LI 2% 3 &
e,
NG NG NG WP PS NG
(a) TEfmZREA (b) HifmZEREA

5 BRI RER AT AL

0 50 100 150
IF[A] (time steps)

6 FRM P ARBKNAENL

(3) WIS R ZERE AN ]

KXGAT 3 A ZHAH R EHIRE FAAE G M ERE AR HE, W 7 s, BT CMU-MOSI Al
CMU-MOSEI ¥ #5823 35 A i RS HR A, AR SCHENLIEEL MulT F1 SELF-MM PN Al 22 25 15 I T SR 2,
o3 B 3 ASFARAE MR TN SCA B E AR 3 MRS AR ZE, T LLGLvh vl (5 AR Z REA I EL ). £ E
i, CH-SIMS BE4E &8 N TARME R BABEIRZ, th N T80t T CH-SIMS 4 b B Se AR5 B i 2= RE A /Y
6B (19.47%). I 7 Fa] LU, CMU-MOSI (13.37%), CMU-MOSEI (10.65%) Al CH-SIMS (19.47%) iX 3 M4}
PR A 0] {5 PR ZE R A LU B8 v, 77 S (9 R {35 B A 22 vl .

(4) WS R ZERE AR 1534

TEGE VT AT A5 FE AR 22 RE AR LB 0 60 b, AR SCTE S i tH A7 E ATE BE AR Z2 AR AR B3l — 2B JF J8 T 5256, BT CMU-
MOSI #1 CH-SIMS 34 HR i ide tH e A B i o /b, sRIG &5 SRR e, BRI AR SCICHR T CMU-MOSET il 4
ISR, Wk S B, ASCEENLIEI T 4 AN AL 2 BN S BT LAY (TFN, MulT, MISA Al SELF-MM), 58 1iF &
FIFEIIN MRA B Ji5 6 A i ZE R A (P 17 BT 25 5. 7T DABE 2 Y, A5 1) MRA JHETEA ImEREA B3R
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T3 3 (40 MRA 7E SELF-MM 23 BIHETH T 10.58% (Acc2), 7.68% (INAL F1), 3.60% (Acc7), 7.13% (MAE), p-
value<0.01), 31F T MRA J7VELER (i 25 FEA L 1048 21

25 # 5 CMU-MOSEI $i# 4 (7 fm 288 4%) FI7vkiEg
20 f FLEE (%)

£ 15 H3461327 Approach Acc2 ALF Acc7 MAE
2 s = TFN 56.59 66.37 3562 89.25
g W= +MRA 61.48 70.36 3779 85.74
st g A +4.89 +3.99 217 351
o LE = LB =l MulT 5839 67.99 3636 84.90
CMUMOST  CMUMOSEL  CH-SIMS +MRA 65.20 73.10 3825  78.70
MuIT = SELEMM = Real A +6.81 +5.11 +1.89 =620
MISA 58.48 68.05 37.10  86.46
Bl 7 AIE R E A L +MRA 66.36 73.98 38.94  80.42
A +7.88 +5.93 +1.84  —6.04
SELF-MM 59.03 68.50 3488 8430
+MRA 69.61 76.18 3848 7717
A +10.58 +7.68 360  —7.13

(5) RIS I AT A5 B 22 o bT

N T EEAFBS ISR, A4 T CH-SIMS & i AR, 15 F AR 3 MRS S 2 B HREE

— B, WA 8 B, BAKTT S, A SCH Se i CH-SIMS R LM T i, FUAHA S N THRER A, &%

FRL 57 SR A AR 2 RS FRZE. Lk, A SCHRHE CH-SIMS R &ER4r 1 5 A5 G, 5588, ik, 5584k,

FUMR) 43 B HIr 3 A BAAEE 5 2 BUEHR SR T — 8, GRS IR — BB A S B R EL . A 8 AT L

W, SCARREE S 2B BRI — BN LB (47.52%) 1K T 1B & (58.44%) FIRLHE (60.42%) (¥ LLA, AT 56 B AR
F OO, 15 AL DA S TR R IE LR Al {E.

70

60 t
so | 4152

58.44 60.42

40 +
30
20
10

0

Ratio (%)

BES s B
K8 AR ) fE B2 7

(6) A &AL

AT S B U ] 2 B A TR ST 55 P AT AE 1 AT A B A 22 R, AR SO CH-SMILS Hicdii 46 1 I ik 42 ik
T MBI REATEAT TATRNE T, Qs 9 Fron. B 7 B RE7R 1 3 AMREAS B SCAR, WU LA K2 3 5 A0, HFARi T
RS KT AR E (PS, WP, NU, WN, NG 73 A CRAR, S98I0%, Ak, 55788k, T, ASCER T MulT #Rx
I 3 A FEARBEAT T R T, FAFEA A M T MulT 1 MulT B30 E MRA 7772 (#9175 B 25 M 2 s T
. AT LA R A ), MulT BERAE 3 MR BT A %, ELAR AR 0 v £35 B2 i SOABE S O JaR. SR, AR A s
¥ 2 B A SR AT 5 B SO BS (01 B Y, 5w T {5 B H AL s s — 2 Bk, HRT 2883
TR SRR AL T AT BE O 22 ) R, 3 S JC R IR B o B R KT, A2 Mul T AR (38 Atk _E 51 ARSI 7
% MRA ZJ5, o AW AR AR 3 MRS 25 T I PR R TR, A 2 PR BT 170 0 135 B8 10 SCAS A2 B 17



TR F: SRS TR RSty R 15

TR IXRW] T ARSI T2 MRA T 52 REWS A R0 8 20 W25 AR IR T SRR o (0 v 35 32 A 22 Bl AT, R vy T 5 52 75
B AL A ASAE NG T L Fr) 3 S, el DI R TAE FE R SO AS IR iR 3, NIRRT 2 A B S T F) e .
Text Vision Acoustic MulT MulT+MRA
Ex1: WN (Ground-truth)
=PS 9
L] WP %// 7
FERIRM—AZT, i //4 /
R AWE o
WN
= NG
WP
Ex2: NG (Ground-truth)
a PS

NN

= WP

ARIERDEK

KHAT . e /
NU WN NG shd //////A
Ex3: WN (Ground-truth) g %2/ Do
VRGP 38 | ( NU ’ <
WN
a NG

WP NG NG

K9 CH-SIMS %y £& h IR A B 1 IS T B =5 e 72 1)

5 B &

AT X 2 RS R ST 55 R AT {5 B A 22 17 AU AT 1. AT I BRSSO OB, b R R
2% K Rl 5 MR I B o 3] R B SRR, # BN TR {5 O 22 AL AR ST SAIE S B AT A, T A
MRS AR T SCAE S B RE TS0 S WA JRK, 2 el P2 0. AR, H T X AN R B ARl R 22 ST e
A, PR RIR Z AL 552 75, AT 22 AR 1 BT SR O 1) TR AT A5 BE R SCARERS, X LU B mhs
JEE (5 TN . DN T S AR 25 T P A 22 17 AL, AR SCHR M 7 — B AR THE DR R B BRAR 7 2T 10 2 5 W {5 P IR 1Y
TS 7775 MRA, Hol il Bl SR A SCAE 25 73 32 5 IR AT BE R SCABES i 22, FFFI ) R AR ST S A5 2
B B SRR A DI R T2 P IS BR SOARE S i 22 AR SCHE 2 A FE RO A A AN R 2 B I 5
EAVHEAT 7 S0, B0E T MRA B0 EAE TR, 76~ — B LA ch, JATTE 85I NI {542 2] (trusted learning)™"
KREBA RS AEE, 3 PRI SRS BT AR S HITERE. thAh, BA TR — IR R SR BT AR
BRI A 1 L, SR MRA T 9E 3 R B A A7 PE RS W45 LA 22 1 2 B AT 55 v, 0 22 B T AE AT, 4000 i)

% (visual question answering, VQA) ¢,
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