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L.-P. Morency, A. Zadeh, P. Liang. Foundations & Trends in Multimodal Machine Learning: Principles, Challenges, and Open Questions. ACM CSUR, 2024.
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T. Baltrusaitis, C. Ahuja, L.-P. Morency. Multimodal machine learning: A survey and taxonomy. I[EEE TPAMI, 2019. 5|F34448;R
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Fig. 4.1. Time alignment of two time-dependent sequences. Aligned points are
indicated by the arrows
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When | think of my wife | always think of her head.

| picture cracking her lovely skull unspooling her brains
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T. Baltrusaitis, C. Ahuja, L.-P. Morency. Multimodal machine learning: A survey and taxonomy. /EEE TPAMI, 2019. 5|FB4448;X
R. Rombach et al. High-resolution image synthesis with latent diffusion models. CVPR 2022
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' The inner corners of the eyebrows are |
. lifted slightly, the skin of the glabella .
- and forehead above it is lifted slightly |
" and wrinkles deepen slightly and a

| trace of new ones form in the center of
. the forehead;

T. Baltrusaitis, C. Ahuja, L.-P. Morency. Multimodal machine learning: A survey and taxonomy. /[EEE TPAMI, 2019.
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Emotion Aunotation Institute Publication Name

EEG, ECG, GSR, SKT, EOG,

University of Geneva,

v iration, face body vid jects; /
MAHNOB-HCI[1] respiration, act_a ody video, 27 subjects; 9 classes, VA, Switzerland 2011 TAC
Audio
EEG, EOG, EMG, GSR, BVP, VA e LSRR JEL AR RS
DEAP[2] SKT, Respiration, 32 subjects; liking, dominance, 2" °°" M:‘;’;l;’:];‘ ersity of 5012 TAC . Electroencephalogram EEG
Face Video familiarity L& Flectromyogram EMG
ECG, GSR, Audio, Face o . Université de Fribourg, L Electrocardiogram ECG
RECOLA|3] Video 46 subjects; VA Switzerland 2013 FG conference o e Electrooculogram EOG
LA Heart rate variability HRV
DECAF[4] MEG, E];‘E(i’\]}idceco, EMG, 46 subjects VA, dominance University of Trento, Italy 2015 TAC T ik e R Galvanic skin response GSR
Jz L R Electrodermal response EDR
BP4D+[5] ECG, GSR, BVP, Respiration, 140 subjects 10 emotions, AU Binghamton University, 2016 CVPR B3] Blectrodermal activity EDA
Face Video, Thermal USA s 2
ERERe Blood pressure BP
Ini ity ¢ kil Skin temperature ST
DREAMER[6] EEG, ECG 23 subjects VA, dominance University of the West of 2018 IEEE JBHI SR temperat
Scotland, UK IR A 5 Respiration pattern RSP
AMIGOS[6.1] EEG, ECG, GSR, Audio, 40 subjects VA, Queen Mary University of TAC HBRBBRAR Photoplethysmogram PPG
; Video, Depth personality traits London W55 Eye movement EM
Conf Bk(E S Pulse rate PR
SEED-V[7] EOG; ECG 20 subjects; 5 classes A T P2 2019 Ve“::] Er]fg“i‘:e:;ng iR Oxygen saturation $p02
ECG, BVP, EMG, GSR, Institute of Robotics and g QE =
CASE[8] Respiration, 30 subjects VA Mechatronics, DLR, 2019 Scientific data ]:i%ﬁ g (( 3 IE E?EI\J
Skin Temperature Germany
i iversity. ,EE}gﬁ‘_'_% ):l:ll_‘_'\ s ~>>
BU-EEG/[9] EEG; Face Video 29 subjects 7 classes, AU, pain B‘“gh”mtgg:““ ersity, 2020 FG conference rﬁ N1 -«'-I-E j'b—/'ﬁl?'—; 1
— AY
Images, Depth; OMG, EEG, ) L r=h 2 O 21
17 subjects; . . University of Portsmouth, = ’
MGEED[10] ECG 150K facial images; 6 emotions, VA United Kingdom 2023 TAC
Mixed-ER [11] EEG, Face Video, GSR, PPG 73 subjects 3 emotions AERF 2024 Scientific Data
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Model Type Emotion states/dimensions
Ekman CES happiness, sadness, anger,
disgust, fear, surprise
Mikels CES amusement, anger, awe,
contentment, disgust,
excitement, fear, sadness
Plutchik CES (x 3 scales) anger,
anticipation, disgust, joy,
sadness, surprise, fear, trust
Parrott CES a tree hierarchical grouping
with primary, secondary and
tertiary emotion categories
Sentiment CES positive, negative, (and
neutral)
VA(D) DES  valence-arousal(-dominance)
ATW DES  activity-temperature-weight

All-15=

EX

fEIABE B PR
S|8] (DES):

4\@ T Eﬂﬁ’tl’c

fHIAE

P IERRER]

/158, 1B

CES DES
understandability easy difficult
describability limited unlimited
perspective qualitative quantitative
examples Mikels, Plutchik VAD
granularity coarse-grained fine-grained
AICA tasks classification, retrieval regression, retrieval
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S. K. D’mello and J. Kory. A review and meta-analysis of multimodal affect detection systems. ACM Computing Surveys 47(3): 43:1-43:36, 2015.
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' lifted slightly, the skin of the glabella |
. and forehead above it is lifted slightly
and wrinkles deepen slightly and a

! trace of new ones form in the center of
5 the forehead;
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FC Feed-forward I
***************************** P ]
oncat —_ logits-a — softmax - 1 1
— Discrepancy Ratio /3, Cross-entropy
-_— logits-v =» et ) l Los
K e
l Backward i
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[CVPR 2022] OGM-GE

[1] Xiaokang Peng et al. Balanced multimodal learning via on-the-fly gradient modulation, CVPR 2022.
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[CVPR 2023] PMR

[2] Yunfeng Fan et al. PMR: Prototypical Modal Rebalance for Multimodal Learning, CVPR 2023.
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[1] Yake Wei et al. Diagnosing and Re-learning for Balanced Multimodal Learning, ECCV 2024.
[2] Yiyang Fang et al. EMOE: Modality-Specific Enhanced Dynamic Emotion Experts, CVPR 2025.
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EAC-Net [7]* 41.5 26.4 66.4 50.7 80.5 89.3 88.9 156 | 48.5
ATF [38]* 45.2 39.7 471 48.6 32.0 55.0 86.4 39.2 492
IdenNet [39]* 255 34.8 64.5 45.2 44.6 70.7 81.0 55.0 52.6
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JAA-Net [9]* 43.7 46.2 56.0 | 414 | 44.7 69.6 88.3 584 56.0
AU-RCNN [35] * 32.1 25.9 59.8 55.3 39.8 67.7 774 | 52.6 51.3
ARL [36] * 439 42.1 63.6 41.8 40.0 76.2 95.2 66.8 58.7
SRERL [10]* 45.7 47.8 59.6 47.1 45.6 73.5 84.3 43.6 559
UGN [57] * 43.3 48.1 63.4 49.5 48.2 72.9 90.8 59.0 60.0
SEV-Net [11]* 55.3 53.1 61.5 53.6 38.2 71.6 | 95.7 | 41.5 58.8
HMP-PS [12]* 38.0 | 459 65.2 50.9 50.8 76.0 | 93.3 67.6 | 61.0
Jacob et al. [37]* 46.1 48.6 72.8 56.7 50.0 721 90.8 55.4 61.5
SO-Net [40]* 33.8 44.5 70.3 57.6 39.7 78.2 86.7 57.3 58.5
PIAP [58]* 50.2 51.8 71.9 50.6 54.5 79.7 94.1 57.2 63.8
ResNet-34 38.0 33.1 51.8 46.2 34.2 65.4 854 | 56.9 51.3
Lu et al. [42]* 18.7 27.4 351 336 20.7 67.5 68.0 438 3904
Fab-Net [41]* 15.5 16.2 432 50.4 232 69.6 72.4 42.4 41.6
TAE [44]* 214 19.6 64.5 46.8 44.0 73.2 85.1 553 51.5
EmoCo [17]* 34.3 319 | 63.9 52.5 44.0 77.0 | 78.3 44.2 53.3
CLP (Ours) 424 | 38.7 | 63.5 59.7 38.9 73.0 85.0 | 58.1 574
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4.2.2. Subspace Constraint

It is very loyal to the book A=—V - -
~ Vision Homogeneous GD 3.2.4. Graph Disti[latio? (GD). 'Inspired b-y_ the success of using f[;iffrlztae d?seer:t:gg;:;:?gtEznigrggnﬁgtrlgﬂgglyp;ﬁ;ﬁ:
w m Private Encoder L multimodal approaches in emotion recognition task [22], transfer- teed. There exists the potential for information to
: / \ ring knowledge between different modalities is beneficial to the freely permeate between feature representations,
Acoustic task. Therefore, we propose to apply it to the task of humor detec- whereby all modality information may be solely
X ——W&-,’ =¥ tion. We define the different modality as node in graph, and the encodgd in H;'}f.fe, Whiffh renders homogenegus
----------------------- ' Heterogeneous GD 3. t:1]ation strength from modality i to modality j is denoted as (modality-agnostic) multi-modal features meaning-

i ) ) less. Inspired by Li et al. (2023), we introduce
edge w;— j connecting the corresponding nodes. We consider the a consistency constraint in the modality-agnostic

subspace to strengthen the commonality across
modalities, which is formulated as follows,
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Yuanzhi Wang, Zhen Cui, Yong Li*. Distribution-Consistent Modal Recovering for Incomplete Multimodal Learning. ICCV 2023
Yuanzhi Wang, Yong Li*, Zhen Cui*. Incomplete Multimodality-Diffused Emotion Recognition. NuerlPS 2023.
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Table 1. Comparison on fixed missing protocol. The values reported in each cell denote ACC2/F1/ACCy. Bold is the best.

[1]1 %0 CMU-MOSEI[2]

Datasets

| Available |

DCCA [1]

[ DCCAE 2] |

MCTN [20]

MMIN [34]

GCNet [16]

|DiCMoR (Ours)

CMU-MOSI

)
v}
{4)
{L,V}
{L,A)
{V, 4)
{L,V, A)

Average

73.6/73.8/30.2
47.7/41.5/16.6
50.5/46.1/16.3
74.9/75.0/30.3
747717481297
50.8/46.4/16.6
75.3/75.4/130.5
63.9/61.9/20.0

76.4/76.5/28.3
52.6/51.1/17.1
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54.0/525/17.4
773/774/31.2
66.1/64.8/24.4

79.1/79.2/41.0
55.0/544/16.3
56.1/54.5/16.5
81.1/81.2/42.1
81.0/81.0/432
575/574/16.38
81.4/81.5/434
70.2/69.9/31.3

83.8/83.8/41.6
57.0/54.0/155
55.3/51.5/155
83.8/83.9/42.0
84.0/84.0/423
60.4/58.5/19.5
84.6/84.4/44.38
72.71771.4/31.6

83.7/83.6/423
56.1/55.7/169
56.1/545/16.6
84.3/84.2/434
84.5/84.4/434
62.0/61.9/17.2
85.2/85.1/449
73.1/72.8/32.1

84.5/84.4/44.3
62.2/60.2/20.9
60.5/60.8/20.9
85.5/85.4/45.2
85.5/85.5/44.6
64.0/63.5/21.9
85.7/85.6/45.3
75.4/775.1/34.7

CMU-MOSEI

Examples of CMU-MOSEI

Ly
v}
{4)
{L,V}
{L,A)
{V, 4)
{L,V, A)

Average

78.5/78.7/146.7
61.9/55.7/41.3
62.0/50.2/41.1
80.3/79.7/46.6
79.5/79.2/146.7
63.4/56.9/41.5
80.7/80.9/47.7
72.3/68.8/44.5

79.7/179.5/47.0
61.1/57.2/40.1
61.4/53.8/40.9
80.4/80.4/747.1
80.0/80.0/ 474
62.7/59.2/41.6
81.2/81.2/482
7247702/ 44.6

82.6/82.8/50.2
62.6/57.1/41.6
62.7/54.5/41.4
83.2/83.2/504
83.5/83.3/50.7
63.7/62.7/42.1
842/84.2/51.2
746/72.5/46.8

82.3/82.4/514
59.3/60.0/40.7
58.9/59.5/404
83.8/83.4/51.2
83.7/83.3/52.0
63.5/61.9/41.8
84.3/84.2/524
73.7173.5/47.1

83.0/83.2/51.2
61.9/61.6/41.7
60.2/60.3/41.1
84.3/84.4/51.1
84.3/84.4/51.3
64.1/57.2/42.0
85.2/85.1/515
74.7173.7147.1

84.2/84.3/524
63.6/63.6/42.0
62.9/60.4/41.4
84.9/84.9/53.0
85.0/84.9/52.7
65.2/64.4/424
85.1/85.1/53.4
75.8/75.4/48.2

[1] Z. Amir, et al. Multimodal sentiment intensity analysis in videos: Facial gestures and verbal messages.
[2] Z. Amir, et al. Multimodal language analysis in the wild: Cmu-mosei dataset and interpretable dynamic fusion graph.
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[1] GPT as Psychologist? Preliminary Evaluations for GPT-4V on Visual Affective Computing, CVPRW 2024
[2] GPT4Vis: What Can GPT-4 Do for Zero-shot Visual Recognition? Arxiv, 2023
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