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Testing Condition
Datasets Models {a} {t} {o} {a, v} {a, t} {t, v} Average {a, t, v}
WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%)
MCTNJ[21] 49.75/51.62 62.42/63.78 48.92/45.73 56.34/55.84 68.34/69.46 67.84/68.34 58.94/59.13 -
MMIN|[38] 56.58/59.00 66.57/ 68.02 52.52/51.60 63.99/65.43 72.94/75.14 72.67/73.61 64.10/65.24 -
IEMOCAP [F-MMIN[41] 55.03/53.20 67.02/68.20 51.97/50.41 65.33/66.52 74.05/75.44 72.68/73.62 64.54/65.38 -
MRANJ17] 55.44/57.01 65.31/66.42 53.23/49.80 64.70/64.46 73.00/74.58 72.11/72.2 63.97/64.08 -
MoMKE(ours) 70.32/71.38 77.82/78.37 58.60/54.70 68.85/67.65 79.89/79.53 77.87/77.64 72.23/71.58 80.13/79.99
ASOTA 113.74/7112.38  110.80/110.17  15.37/13.10 13.52/11.13 15.84/14.09  15.19/74.22 17.69/16.20 -
ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%)
MCTN¢4[21] 56.10/54.50 79.10/79.20 55.00/54.40 57.50/57.40 81.00/81.00 81.10/81.20 68.30/67.95 81.40/81.50
MMIN?%[38] 55.30/51.50 83.80/83.80 57.00/54.00 60.40/58.50 84.00/84.00 83.80/83.90 70.72/69.28 84.60/84.40
CMU-MOSI GCNet“[13] 56.10/54.50 83.70/83.60 56.10/55.70 62.00/61.90 84.50/84.40 84.30/84.20 71.12/70.72 85.20/85.10
IMDer“[31] 62.00/62.20 84.80/84.70 61.30/60.80 63.60/63.40 85.40/85.30 85.50/85.40 73.77/73.63 85.70/85.60
MoMKE(ours) | 63.19/58.61 86.59/86.52 63.35/63.34 64.04/64.66 87.20/87.17 87.04/87.00 75.24/74.55 87.96/87.89
AsoT A 11.19/]3.59 11.79/71.82 12.05/12.54 10.44/71.26 11.80/11.87 11.54/71.60 11.47/70.92 12.26/12.39
MCTN?[21] 62.70/54.50 82.60/82.80 62.60/57.10 63.70/62.70 83.50/83.30 83.20/83.20 73.05/70.60 84.20/84.20
MMIN%[38] 58.90/59.50 82.30/82.40 59.30/60.00 63.50/61.90 83.70/83.30 83.80/83.40 71.92/71.75 84.30/84.20
CMU-MOSEI GCNet“[13] 60.20/60.30 83.00/83.20 61.90/61.60 64.10/57.20 84.30/84.40 84.30/84.40 73.10/72.80 85.20/85.10
IMDer%[31] 63.80/60.60 84.50/84.50 63.90/63.60 64.90/63.50 85.10/85.10 85.00/85.00 76.00/75.30 85.10/85.10
MoMKE(ours) 72.56/71.03 86.46/86.43 70.12/70.23 73.34/71.82 86.68/86.61 86.79/86.69 79.33/78.80 87.12/87.03
AsoTA 18.76/110.43  11.96/71.93 16.22/16.63 18.44/18.32 71.58/71.51 11.79/11.69 14.80/75.08 12.02/71.93
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— Without unimodal expert training: ZAPRBRESESI)SR
— Without experts mixing training: ZAPRIBS E )ik
— Without router: EBRuNZSEEHNLH

Testing Condition
Datasets Modules {a} {t} {v} {a,v} {a,t} {t,v} Average {a,t,v}
WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%) WA(%)/UA(%)
Without unimodal expert training 67.89/68.56 75.30/76.54 56.97/53.09 66.58/65.91 77.36/77.93 76.99/76.81 70.02/69.64 77.62/77.47
IEMOCAP Without experts mixing training 67.88/67.91 75.74/75.34 56.87/53.37 66.65/65.46 77.25/78.33 76.99/76.93 70.06/69.39 77.17/77.80
Without router 68.32/69.03 76.22/76.30 57.00/53.70 67.10/66.32 78.78/78.53 77.00/77.21 70.74/70.18 78.78/78.23
MoMKE(ours) 70.32/71.38 77.82/78.37 58.60/54.70 68.85/67.65 79.89/79.53 77.87/77.84 72.23/71.58 80.13/79.99
ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%) ACC(%)/F1(%)
Without unimodal expert training 56.09/56.36 85.20/85.09 62.20/61.82 63.41/63.57 86.20/86.13 85.50/85.51 73.10/73.08 86.89/86.85
CMU-MOSI Without experts mixing training 59.76/57.34 85.04/85.94 62.35/61.96 63.10/63.28 86.04/85.64 85.35/85.34 73.61/73.25 87.20/87.08
Without router 61.31/58.56 85.30/86.10 62.20/61.82 63.58/63.20 86.20/86.43 85.78/85.71 74.06/73.64 87.00/86.70
MoMKE(ours) 63.19/58.61 86.59/86.52 63.35/63.34 64.04/64.66 87.20/87.17 87.04/87.00 75.24/74.55 87.96/87.89
Without unimodal expert training 71.18/70.13 84.93/84.95 68.23/67.39 71.18/70.52 84.23/84.24 85.26/85.25 77.50/77.08 86.20/86.06
CMU-MOSEIL Without experts mixing training 70.85/69.37 85.01/85.84 68.23/67.08 70.40/70.12 84.20/84.10 85.34/85.25 77.17/76.79 86.51/86.43
Without router 71.59/70.46 85.45/85.48 68.99/68.00 72.00/71.18 84.88/85.12 85.34/85.55 78.04/77.63 86.89/86.43
MoMKE(ours) 72.56/71.03 86.46/86.43 70.12/70.23 73.34/71.82 86.68/86.61 86.79/86.69 79.33/78.80 87.12/87.03
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Hardness-Aware Dynamic Curriculum Learning for Robust
Multimodal Emotion Recognition with Missing Modalities
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\ \ Step-2.3 Retrieval-based Curriculum Training
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Dataset model t
WA UA WA UA WA UA

CPMNet [53] 0.4685 05172 04495 0.4449 04563  0.4532
MMIN [55] 05658  0.5900 05252  0.5060 0.6657  0.6802

EMocap | GCNet [18] 0.6558  0.6876 05796  0.5254  0.7233  0.7042

e class | CIE-MMIN [23] 0.5753  0.6006 05346 05156 0.6722  0.6899
MoMKE [50] 0.6953 07021 05680 05203 0.7730  0.7766
[HARDY-MER (our) | 0.7265 _ 0.7387 _ 0.6319 _ 0.6054 _ 0.8249 _ 0.8269 |
ASota 10.0312  10.0366 T10.0523 10.0800 10.0519 10.0503
CPMNet [53] 0.2947 02980 02620 0.2495 03244  0.3495
MMIN [55] 0.4408 04296 03574 03065 04217  0.3855

EMocap | GCNet [18] 0.4995  0.4645 03978 03497 05648  0.5562

civclace | CIF-MMIN [23] 0.4496 04356 03611 03135 04340 0.3971
MoMKE [50] 05051 04738 03907 03451 0.6109 0.6019
[HARDY-MER (our) | 0.5158 0.4914 0.4302 0.3649 0.6589 0.6195 |
ASota 10.0107 10.0176 10.0324 10.0152 10.0480 T10.0176

t

Dataset model ACC  H ACC  H ACC Fi
CPMNet [53] 0.6571 06518 06123 06173 07287  0.7244
MMIN [55] 0.5890  0.5950 05930  0.6001  0.8220  0.8240
GCNet [18] 0.7204  0.7034  0.6808 0.6725 0.8426  0.8417

CMUMOSEI | CIF-MMIN [23] 0.6387 0.6460 0.6196 0.6266 0.8353  0.8304
MoMKE [50] 0.7256  0.7103  0.6450 0.6346 0.8610  0.8603
[HARDY-MER (our) | 0.7482 0.7411 _ 0.6935 0.6750 0.8720 0.8713 |
ASota 10.0226 10.0308 10.0127 10.0025 10.0110 T0.0110
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= (=]
— WS THARDY-MERTE Dataset model at av =
WA UA WA UA WA UA
u 4 u 4 - E A Y
IEMOCAP4 ;Ié*[l 6 ;IéJ: IL] 7:_| Eiﬁc CPMNet [53] 03481 03623 04867 0.4933 04562  0.4657
MMIN [55] 07294 07114  0.6399 06343 07167  0.6861
. aJ A GCNet [18] 07702 07687  0.6740  0.6564  0.7563  0.7362
E*;"-"E%I tiﬁ gi B’]"E [éﬁogif CIF-MMIN [23] 07419 07259  0.6499 0.6353  0.7240  0.6991
L 3 = MoMKE [50] 07903 07988  0.6857 0.6622 07555  0.7418
( ayv ) J:‘[tﬁﬂ' BA S - our] 0. 0.8243  0.7410 0.7450 0.7918  0.7851 |
Asora T0.0264  10.0255 10.0562 10.0828 10.0355  10.0433
s E
— ECMUMOSEI"&SHE%J: y AVIE CPMNet [53] 03349 03394 0.2692 02546 03134  0.3043
5 =\ g2 MMIN [55] 05195  0.4831  0.4192 03815 04749  0.4063
];EJZI-E]{] , ;\‘ﬂ'l_'l_ﬂ_'.l,xE ] Aﬂ[ EMocAp | GCNet [18] 0.5824 05725  0.4757 04331 05743  0.5466
il | CIFMMIN [23] 05243 04920 04254 03922 04888 0.4491
MoMKE [50] 06318  0.6194  0.4865 04408 05992  0.5755
[IARDY-MER (our) 0.6518 _ 0.6298 _ 0.5291 _ 0.4745_ 0.6166___0.5786 |
Asota 10.0200  10.0104 10.0426 10.0337 10.0174  10.0031
at av tv
Dataset model ACC Fi ACC T ACC Fi
CPMNet [53] 07265  0.7224  0.6156 0.6199  0.6629  0.6684
MMIN [55] 0.8370  0.8330  0.6355 0.6191 08175  0.8142
ElZi’] 'EE HE—ﬁE GCNet [18] 0.8510  0.8510  0.7149  0.6996  0.8474  0.8454
CMUMOSEI | CIF-MMIN [23]  0.8401  0.8347  0.6468  0.6208  0.8250  0.8194
MoMKE [50] 0.8632  0.8629 07237 07207 0.8690  0.8691

[FIARDY-MER {our] 0.8542 08501  0.7482 0.7411 _ 0.89/2 08537 |

Asora 1-0.0090 [-0.0128 10.0245 10.0204 ]-0.0118 [-0.0152

~ s
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* THHHARDY-MERBIARIRIRESIE S _E BRI
— -w/o hy;, ¢ ANBEEHEITDL (EE2HEE )
— -W/0 hipg ¢ ANWEEHE T ( BES—BUITEHE )
— -w/o h: BFEEHEERIR
— -w/o retrieval features: 53248 RIFE
— -w/o fine-tuning features: A2 FEHUA

Testing Condition
model a v t at av tv Average
WA UA WA UA WA UA WA UA WA UA WA UA WA UA
HARDY-MER (our) 0.7265 0.7387 0.6319 0.6054 0.8249 0.8269 0.8167 0.8243 0.7419 0.745 0.7918 0.7851 0.7556 0.7542
w/0 hgir 0.7202 0.7246 0.6196 0.5933 0.8149 0.8184 0.8087 0.8164 0.7345 0.7307 0.7778 0.7754 0.7460 0.7431
w/0 hind 0.7231 0.7281 0.6186 0.5945 0.8161 0.8161 0.8090 0.8129 0.7374 0.7374 0.7867 0.7775 0.7485 0.7444
w/o h 0.7215 0.7301 0.6136 0.5852 0.8142 0.8175 0.8124 0.8184 0.6889 0.6881 0.7719 0.7693 0.7371  0.7348
w/o retrieval features 0.7201  0.7217  0.6200 0.5806 0.8128 0.8137 0.8093 0.8132 0.7331 0.7282 0.78383 0.7719 0.7473  0.7382
w/o fine-tuning features | 0.7126  0.7218 0.5916 0.5345 0.7299 0.7421 0.7496 0.7647 0.7364 0.7390 0.7387 0.7404 0.7098 0.7071
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