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Introduction

What is multi-modal learning and why we need it
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What is multi-modal learning and why we need it
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Unfortunately, it's also the new worst
product | think I've ever reviewed in its
current state.
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% Modality-Invariant and Specific Representations for Multimodal Sentiment Analysis
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ABSTRACT )
Multimodal Sentiment Analysis is an active area of research that [iitesmnce | | Muttimodal Representations |
leverages multimodal signals for affective understanding of user-
generated videos. The predominant approach, addressing this task, J ; el
has been to develop sophisticated fusion techniques. However, the ' g
heterogeneous nature of the signals creates distributional modal- — B s
ity gaps that pose significant challenges. In this paper, we aim to 3 E—v g
learn effective modality representations to aid the process of fu- P £ E
sion. We propose a novel framework, MISA, which projects each i °
modality to two distinct subspaces. The first subspace is modality- »—\_//
invariant, where the representations across modalities learn their And: »lloved “
commonalities and reduce the modality gap. The second subspace language P e 8
is modality-specific, which is private to each modality and cap-
tures their characteristic features. These representations provide a Figure 1: Learning multimodal representations through modality-
holistic view of the multimodal data, which is used for fusion that invariant and -specific subspaces. These features are later utilized
leads to task predictions. Our experiments on popular sentiment for fusion and subsequent prediction of affect in the video.
Data Mining Hazarika, D., Zimmermann, R., & Poria, S. (2020). MISA: Modality-Invariant and -Specific Representations for Multimodal Sentiment Analysis (No. arXiv:2005.03545). arXiv.
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» M= ™I (Multimodal Sentiment Analysis)
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- o MOSI
- STTHTENO|LLLMF 22 ZEEH 250 952 2. Models MAE(]) Corr(f) Acc-2(f) F-Score(f) Ace-7(T)
BC-LSTM 1079 |, 0581 , 739/- | 739/- |, 287
MV-LSTM 1.019 1 0601 1 739/- 1 740/- 1 332
TFN 0970 ' 0633 ' 739/- ' 734/- ' 321
=5 BE-™ vs. 20| ol 2 MARN 0968 | 0625 |, 77/- | 770/- | 347
LEBHNyg, 2H MFN 0965 | 0632 ' 774/- | 77.3/- | 341
LMF 0912 ' 0668 ' 764/- ' 757/- ' 328
Models MOSEI CH-Fusion - - 800/ - -
MAE () Corr(T)  Acc-2(f)  F-Score(T) Acc-7(T) MFM® 0.951 | 0662 | 781/- | 781/- | 362
MFN® -, -, 760/- |, 760/- - RAVEN® 0.915 : 0.691 : 78.0 / - : 76.6 / - : 33.2
MV-LSTM® - 0 - 1 764/- 1 764/- | - RMFN® 0922 |, 0681 , 784/- | 780/- | 383
Graph-MFN® 0.710 : 0.540 : 76.9 / - : 77.0 / - : 45.0 MCTN® 0909 1 0676 ' 793/- 1 791/- 1 356
RAVEN 0614 |, 0662 , 791/- |, 795/- , 500 CIA 0914 | 0689 | 798/- | -/795 | 389
MCTN 0.609 1 0670 1 798/- 1 80.6/- 1 496 HFFN©® - 0 -, -/802 | -/803 .
CIA 0680 ' 0590 | 804/- | 782/- | 501 LMFN@ - - 1 -/809 ' -/80.9 | -
CIM-MTL -, -, 805/- | 788/- | - DFF-ATMF (B) -, -, -/809  -/812 . -
DFF-ATMF (B) - 0 - 0 -J771 1 -/783 - ARGF - . -, -/814 | -/815 .
MulT 0580 ' 0703 ' -/825 ! -/83 ! 5138 MulT 0871 | 0698 | -/80 | -/828 | 400
TEN (B)° 0593 |, 0700 , -/825 | -/821 , 502 TEN (B)° 0901 | 0698 | -/808 | -/807 | 349
LMF (B)° 0.623 | 0677 | -/820 | -/821 | 480 LMF (B)® 0917 , 0695 , -/825 |, ~-/824 |, 332
MFM (B)® 0568 ' 0717 ' -/844 ' -/843 | 513 MFM (B)° 0877 | 0706 | -/817 | -/816 | 354
ICCN (B) 0565 | 0713 | -/842 | -/842 | 516 ICCN (B) 0860 | 0710 | -/830 | -/830 | 390
MISA (B) 0.555 | 0.756 | 83.6' /85.5" | 83.8/853 | 52.2 MISA (B) 0.783 | 0.761 | 81.8' /834" | 81.7/83.6 | 423
AsoTa 10010 ' 70043 ' 731/713 '"750/7T11"' T0.6 AsoTa 10077 ' 70051 ' 720/T04 '7T26/706' 733
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, context target | UR_FUNNY
Algorithms
Accuracy-2 (T)
C-MFN v 58.45
C-MFN v 64.47
TEN v 64.71
LMF v 65.16
C-MFN v v 65.23
LMF (Bert) v 67.53 BERTZ 0|2¢H |2 REo| M '—EE}
TEN (Bert) v 68.57 GloVeE 0|2%F MISAS| H&50| 2%
MISA (GloVe) v 68.60
MISA (Bert) V4 70.617
Asora 12.07
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% Decoupled Multimodal Distilling for Emotion Recognition
« 20233 CVPRO| 2HE == (20254 9¥ 7|= 1903] 2IE)

This CVPR paper s the Open Access version, provided by the Computer Vision Foundation
Except for this watermark, it 15 identical to the accepted version:

he final published version of the proceedings 1s available on [EEE Xplore

Decoupled Multimodal Distilling for Emotion Recognition

Yong Li, Yuanzhi Wang, Zhen Cui”
PCA Lab, Key Lab of Intelligent Perception and Systems for High-Dimensional
Information of Ministry of Education, School of Computer Science and Engineering,
Nanjing University of Science and Technology, Nanjing, China.

(g.for;:_l.li, vuanzhiwang, zhen.cui}l@nijust.edu.cn

Abstract " F G S RRTRAan Y
= ..,‘ !{ 1t is very loyal to the book !—P
Human multimodal emotion recognition (MER) aims to : i i i
perceive human emotions via language, visual and acous- J' :; i m m -
tic modalities. Despite the impressive performance of pre- % | ; ;
vious MER approaches, the inherent multimodal hetero- \"j‘&\f ¥ 4 5\ AcouIsE 5 | ol
geneities still haunt and the contribution of different modai- R oho-s B
ities varies significantly. In this work, we mitigate this issue (a) Unimodal Accuracy (b) Cross-modal Distillation
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(c) Our proposed Decoupled Multimodal Distillation
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% Feature Decoupling Module
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% Self-Regression Loss Liec = Lroc + ﬁcjm + 7y (ﬁmm + ﬁm)
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% Margin Loss
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Table 1. Comparison on CMU-MOSI dataset. Bold is the best. Table 2. Comparison on CMU-MOSEI dataset. Bold is the best.
Methods | Setting |ACCr (%) ACC, (%) F1 (%) Methods | Setting |ACC; (%) ACC, (%) Fl (%)
EF-LSTM BT 33152 EF-LSTM 474 782 719
LF-LSTM 35.3 768  76.7 LE-LSTM 5.8 06 806
M (] p S A Graph-MFN [36] 450 769 770
‘ ‘ ‘ RAVEN [30] . 50.0 791 795
MFM [29] 36.2 781  78.1 MCTN o] | Aligned | o o8 s0a
RAVEN [30] | . | 332 780 766 - - : :
MulT [28] 40.0 83.0 828 PMR [17] 52.5 83.3 82.6
PMR [17] 40.6 83.6 83.4 DMD (Ours) 53.7 85.0 84.9
DMD (Ours) 41.4 845 844 MISA [7]F 522 855 853
MISA [7]* 23 834 836 FDMER [32]* | Aligned | 54.1 86.1 858
FDMER [32]*| Aligned | 44.1 84.6 847 DMD (Ours)* 54.5 86.6  86.6
DMD (Ours)* 45.6 860  86.0 TSN T =T 755
EF-LSTM 3.0 736 745 LF-LSTM 48.8 7.5 782
MCTN [26] . 32.7 759 764 MCTN E'.h] Unaligned 48.2 79.3 79.7
MulT [25] |Onaligned) 59 811 81.0 MulT [2£] 50.7 816 816
PMR [17] 40.6 824 821 PMR [17] S51.8 83.1 828
MICA [15] 40.8 826 827 MICA [13] 524 83.7 83.3
DMD (Ours) 41.9 835 835 DMD (Ours) 54.6 84.8 84.7
* means the input language features are BERT-based. * means the input language features are BERT-based.
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Triple disentangled representation learning for multimodal affective analysis &
Ying Zhou?, Xuefeng Liang >, Han Chen?, Yin Zhao ", Xin Chen?, Lida Yu°®
@ School of Artificial Intelligence, Xidian University, Xi’an, China
b Alibaba Group, Beijing, China
¢ Beijing Normal University, Beijing, China
ARTICLE INFO ABSTRACT
Keywords: In multimodal affective analysis (MAA) tasks, the presence of heterogeneity among different modalities has
Multimodal learning propelled the exploration of the disentanglement methods as a pivotal area. Many emerging studies focus

Affective analysis

on disentangling the modality-invariant and modality-specific representations from input data and then fusing
Representation learning

them for prediction. However, our study shows that modality-specific representations may contain information
that is irrelevant or conflicting with the tasks, which downgrades the effectiveness of learned multimodal
representations. We revisit the disentanglement issue, and propose a novel triple disentanglement approach,
TriDiRA, which disentangles the modality-invariant, effective modality-specific and ineffective modality-
specific representations from input data. By fusing only the modality-invariant and effective modality-specific
representations, TriDiRA can significantly alleviate the impact of irrelevant and conflicting information across
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/

< 4™ 2M (Multimodal Sentiment Analysis)
. COJE{Al: MOSI, MOSEI
« I} X[E(=|#H): MAE, Corr

« LI X|E(EF): Acc-7, Acc-2, F1-score Table 1
The statistics of the datasets.

Dataset Training set Valid set Test set All
< FH ZX[ (Multimodal Humor Detection) CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16326 1871 4659 22856
« O|O|E{All: UR-FUNNY UR-FUNNY 10598 2626 3290 16514
MELD 5280 640 1354 7274
o W7} X|H: Acc-2, F1-score
< 4™ 23 (Multimodal Emotion Classification)
« O|O|E{Al: MELD HIO|E{Al At
o I X|HE: Acc-6
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I_ . . .
% M5 7} (Multimodal Sentiment Analysis)
Methods MOSI MOSEI
MAE(]) Corr(1) Acc-2(1) F1-Score(1) Acc-7(1) MAE(]) Corr(1) Acc-2(1) F1-Score(1) Acc-7(1)
MMIM [11] 0.706 0.798 83.18/84.62 83.12/84.46 47.23 0.540 0.760 82.46/84.98 82.79/84.89 53.44
HyCon [12] 0.709 0.792 82.40/83.20 81.70/83.10 47.80 0.593 0.768 82.16/85.42 81.96/85.02 46.72
PS-Mixer [22] 0.802 0.757 82.51/83.99 82.53/84.07 41.40 0.541 0.766 80.45/85.27 81.13/85.35 52.62
CENet (B) [24] 0.720 0.714 82.36/84.00 82.38/84.06 43.88 0.546 0.765 82.61/85.14 82.83/85.05 52.72
ALMT [23] 0.754 0.774 80.90/83.08 80.75/83.01 44.17 0.539 0.767 83.09/84.51 83.09/84.17 52.20
MISA [15] T 0.549 0.758 80.30/84.84 80.96/84.90 52.80
FDMER [9] 18 EX otg JIEH H|ZutEel EXE StMO 2 K| 0.539 0.769 81.00/85.06 81.59/85.09 52.16
MFSA [31] + 0.577 0.741 80.02/82.10 80.01/81.70 52.70
TMT [32] T 0.770 0.756 80.76/82.62 80.70/82.63 44.17 0.567 0.746 81.73/84.53 82.19/84.52 50.85
DMD [16] ¥ 0.720 0.793 83.22/84.30 83.13/84.21 46.36 0.536 0.769 82.46/85.50 82.88/85.04 52.35
TriDiRA 0.674 0.810 83.67/85.52 83.43/85.34 48.98 0.529 0.775 84.85/85.77 84.80/85.47 53.49
A, ond—best } 0.032 1 0.012 1 0.45/0.90 1 0.30/0.88 1 1.18 } 0.007 1 0.006 1 0.96/0.27 1 1.92/0.38 1 0.05
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% M5 "I} (Multimodal Humor Detection, Multimodal Emotion Classification)

UR-FUNNY MELD

ACC-2(1) F1-Score(1) ACC-6(1) F1-Score(1)
UniMSE [26] - - 65.09 65.51
MISA [15] T 70.61 - - -
FDMER [9] 71.87 - - -
HyCon [12] 68.20 68.05 61.24 60.72
CENet (B) [24] 69.72 69.70 61.26 58.38
ALMT [23] 70.30 70.26 59.89 55.74
MISA [15] T 70.06 69.96 * *
FDMER [9] ¥ 71.09 71.02 63.79 61.59
MFSA [31] t 70.30 70.24 61.23 60.92
TMT [32] 68.72 68.60 * *
DMD [16] ¥ 70.01 69.92 * *
TriDiRA 72.58 72.45 65.56 63.44
A, .cond—best 1 1.49 1 1.43 . L. 77 1 1.85

‘\ Data Mining Zhou, Y., Liang, X., Chen, H., Zhao, Y., Chen, X., & Yu, L. (2025). Triple disentangled representation learning for multimodal affective analysis. /nformation Fusion, 774, 102663.
.‘ Quallity Analytics  https://doi.org/10.1016/j.inffus.2024.102663
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¢ Ablation Study

Model MAE(]) Corr(1) Ace-2(1) F1-Score(1) Ace-7(1)
Importance of Modules
Baseline 0.711 0.798 81.92/84.30 81.72/84.19 46.50
+ST 0.704 0.803 82.07/84.45 81.76/84.25 46.21
+DS 0.688 0.804 83.07/84.47 83.39/85.29 47.08
Importance of Modalities
w/o t 1.431 0.041 44.75/42.23 27.67/25.27 15.45
w/0 a 0.693 0.801 82.36/84.30 82.17/84.18 46.65
w/0 v 0.698 0.800 81.78/83.84 81.62/83.76 48.83
Importance of Regularizations
w/o L. 0.686 0.808 82.94/84.21 82.76/83.29 47.81
w/o L, ... 0.688 0.810 82.65/84.10 82.47/84.02 46.21
w/o L, .. 0.694 0.803 81.65/82.60 81.54/82.56 45.63
W/O Lootatiry 0.680 0.807 82.65/84.67 82.47/84.64 48.25
w/o L, 0.680 0.809 82.51/84.62 82.25/84.58 48.40
TriDiRA 0.674 0.810 83.67/85.52 83.43/85.34 48.98
Data Mining

Feature Extraction

Visual

Transformer
Encoder

Audio
Transformer

Encoder

Textual
Transformer

Encoder

Feature Fusion
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Model MAE(]) Corr(1) Acc-2(1) F1-Score(t1) Acc-7(1)
Importance of Modules
Baseline 0.711 0.798 81.92/84.30 81.72/84.19 46.50
+8T 0.704 0.803 82.07/84.45 81.76/84.25 46.21 Feature Extraction Feature Disentanglement Feature Fusion
+D5 0.688 0.804 83.07/84.47 83.39/85.29 47.08 A cinra o H Brny R 200
" : ‘ Visual | | /\?\_ Ao 3z
Importance of Modalities j m_, Trunstoissr [ Py & ,:: —> :» 25
w/o t 1.431 0.041 44.75/42.23 27.67/25.27 15.45 : & N [t 1 ¥ :
w/0 a 0.693 0.801 82.36/84.30 82.17/84.18 46.65 ; : i | — ﬂnn----;"'\_‘ e T :
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Textual §—
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TriDiRA 0.674 0.810 83.67/85.52 83.43/85.34 48.98
Data Mining Zhou, Y., Liang, X., Chen, H., Zhao, Y., Chen, X., & Yu, L. (2025). Triple disentangled representation learning for multimodal affective analysis. /nformation Fusion, 7174, 102663.
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Model MAE(]) Corr(1) Ace-2(1) F1-Score(1) Ace-7(1)
Importance of Modules

Baseline 0.711 0.798 81.92/84.30 81.72/84.19 46.50

+5T 0.704 0.803 82.07/84.45 81.76/84.25 46.21

+DS 0.688 0.804 83.07/84.47 83.39/85.29 47.08

Importance of Modalities

Quallity Analytics  https://doi.org/10.1016/j.inffus.2024.102663

w/0 t 1.431 0.041 44.75/42.23 27.67/25.27 15.45
w/0 a 0.693 0.801 82.36/84.30 82.17/84.18 46.65
w/0 v 0.698 0.800 81.78/83.84 81.62/83.76 48.83
Importance of Regularizations
w/o L. 0.686 0.808 82.94/84.21 82.76/83.29 47.81
w/o L, ... 0.688 0.810 82.65/84.10 82.47/84.02 46.21
w/o L, ... 0.694 0.803 81.65/82.60 81.54/82.56 45.63
W/O Lopgairy  0.680 0.807 82.65/84.67  82.47/84.64  48.25
w/o L, 0.680 0.809 82.51/84.62 82.25/84.58 48.40
TriDiRA 0.674 0.810 B3.67 /85.52 83.43/85.34 48.98
Data Mining Zhou, Y., Liang, X., Chen, H., Zhao, Y., Chen, X., & Yu, L. (2025). Triple disentangled representation learning for multimodal affective analysis. /nformation Fusion, 7174, 102663.


https://doi.org/10.1016/j.inffus.2024.102663

TriDIRA

Triple Disentangled Representation Learning for Multimodal Affective Analysis (2025, Information Fusion)

% Subspace visualization (t-SNE)
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. Summary

% How to handle multi-modal heterogeneity and improve performance using disentangled learning?
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3. TriDiRA (2025, Information Fusion): &%
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Zhou, Y., Liang, X., Chen, H., Zhao, Y., Chen, X., & Yu, L. (2025). Triple disentangled representation learning for multimodal affective analysis. /nformation Fusion, 774, 102663. -
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