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" Language - Human multimodal emotion recognition (MER)
- The video flows involve time-series data from various
Itis VERYYSLY modalities, e.g., language, acoustic, and vision.
loyal to the book
Try to perceive the sentiment attitude of humans from video
Vision clips.
.\ \ T For MER, different modalities in the same video segment are often
g

m SLEl m complementary to each other, providing extra cues for semantic and

emotional disambiguation.

The core part of MER ——the learning and fusion of multimodal
Aﬂﬂﬂgﬁ(} representation to understand the emotion behind the raw data.
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80 s Language \‘\‘ . : : ‘
— 75 ! It is very loyal to the book E—F leltatlons
= i . . .. . ..
57 ' Vision | the intrinsic heterogeneities among different modalities
g :z m m i_, increase the difficulty of robust multimodal representation
< . P : : learning. Different modalities contain different ways of
@ . S ! Acoustic : conveying semantic information. As( a ).
3 @}Qo‘& {5\0 ?»Q'b' “‘ ;; —_ A y g ( )
\)‘b- Nl h _____ . ____________ i
(a) Unimodal Accuracy (b) Cross-modal Distillation
- The state-of-the-art
Shared Encoder
P gammiags ™ _ Before , we consider distill the reliable and generalizable
It is very loyal to the book ’ o—0 knowledge from the strong modality to the weak modality.
Vision Homogeneous GD AS(b)
Private Encoder

Acoustic

I/r" However, the model should learn to automatically adapt the
(K’ é—@ distillation according to different examples, €.g. many

Iﬁ emotions are easier to recognize via language while some

are easier by vision

o o
s e o o o s o %

Heterogeneous GD

1. Input

2. Feature Decoupling 3. Graph Distillation

D led Multi I Distillati . . .
(¢) Our proposed Decoupled Multimodal Distillation Decoupled multimodal distillation (DMD)
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decoupled multimodal distillation (DMD)
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Xeom — geom(xX Ny XU gP(X ) (1)
geom _’i iﬂ ’C'mc = ||:X’-"ﬂr o m([X:i’Glm? XEI’?])”?? (2)
1| Lo Leye = ||Kp]rt 5§(Pm([Xfﬁm,X5§]))|I%- (3)
Feature A
Decoupling : Ll
Eort i :DV | E -
: Eé}m ]' com com com com
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Laec = Lrec + fccyc 2 'T(Emar + )Curl):. (6)
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C:j = Z Wi X €54, (7)

SRR . Homogeneous GD vi €N (v;)

FC
logits wi—j; = g([[f (X, 01), Xa], [f (X5, 01), X5]],62), (8)
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Table 1. Comparison on CMU-MOSI dataset. Bold is the best.

Methods | Setting |ACC; (%) ACCs (%) FI (%)

EF-LSTM 33.7 753 152
LF-LSTM 35.3 76.8 767
TFN [33] 32.1 739 734
LMEF [14] 32.8 764 757
MFEM [29] 36.2 781  78.1
RAVEN[30] | oo | 332 780 766
MCTN [26] 35.6 793 79.1
MulT [28] 40.0 83.0 828
PMR [|7] 40.6 83.6 834
DMD (Ours) 41.4 84.5  84.4
MISA [/]° 423 834 83.6
FDMER [32]*| Aligned | 44.1 84.6 847
DMD (Ours)* 45.6 86.0  86.0
EE-LSTM 31.0 736 745
LE-LSTM 337 716  77.8
RAVEN [30] 317 27 731
MCTN [26] _ 327 759 764
MulT [2g] |Unaligned) 44 81.1  81.0
PMR [ 7] 40.6 824 821
MICA [13] 40.8 826 827

DMD (Ours) 41.9 83.5  83.5

Methods Setting |ACCs (%) ACCs (%) F1 (%)
EF-LSTM 474 78.2 77.9
LF-LSTM 48.8 80.6 80.6

Graph-MFN [10] 45.0 76.9 77.0
RAVEN [30] Ao 50.0 79.1 79.5
MCTN [206] 49.6 79.8 80.6

MulT [2¥] 51.8 82.5 82.3
PMR [17] b Bl 83.3 82.6
DMD (Ours) 3.7 85.0 84.9
MISA [1]* 5232 855  85.3
FDMER [32]* | Aligned | 54.1 86.1 85.8
DMD (Ours)* 54.5 86.6 86.6
EF-LSTM 46.3 76.1 75.9
LF-LSTM 48.8 TILA 78.2
RAVEN [30] 45.5 75.4 Ta:7
MCTN [26] tnaliged 48.2 79.3 79.7
MulT [2¥] 50.7 81.6 81.6

PMR [17] 51.8 83.1 82.8
MICA [13] 524 83.7 83.3

DMD (Ours) 54.6 84.8 84.7

* means the input language features are BERT-based.

* means the input language features are BERT-based.

Table 2. Comparison on CMU-MOSEI dataset. Bold is the best.
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Table 3. Ablation study of the key components in DMD.

Table 4. Unimodal accuracy comparison on MOSEI dataset.

Dataset |FD HomoGD CA HeteroGD |ACC- Fl o D TFD
Methods o had
v v v V3 41.9 83.5 Acc, (%) 1 F1 (%) | Accy (%) /F1 (%)
v v v X 38.8 8l.1 L only 812/ 81.4 827 / 825
sost | ¥ & X v 37.5 80.6 V only 58.2 / 52.2 62.8 / 60.0
v P x x 372 80.8 A only 53.4 / 54.0 64.9 / 62.5
I 5 ¢ % 347 793 Mean 64.3 / 62.5 70.1 / 68.3
¥ 3 o o 324 790 STD 12.1 / 13.4 8.9 / 10.1
v v v v 54.6 84.7
v v v # 93.2 84.1 Table 5. Ablation study of graph distillation (GD) on MulT.
MOsErl Y v X v 524 838 — CMU-MOSI | CMU-MOSEI
v v X X 524 843 =008 TAGC, ACC; FI [ACC;ACC; FI
v X X X 51.6 82.8 MulT | 39.1 81.I 81.0 50.7 81.6 81.6
X X X X 50.0 81.9 MulT (w/GD)| 39.4 822 82.2|51.0 823 82.5
DMD (Ours) | 41.9 83.5 83.5| 54.6 84.8 84.7
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Figure 3. t-SNE visualization of decoupled homogeneous space on MOSEI. DMD shows the promising emotion category (binary or
7-class) separability in (c).

(a) DMD (w/o Hom., Het.)

(b) DMD (w/o Het.)
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Figure 4. Visualization of the decoupled heterogeneous features
on MOSEI. DMD shows the best modality separability in (c).
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(a) Graph edges in HomoGD
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(b) Graph edges in HeteroGD

Figure 5. Illustration of the graph edges in HomoGD and HeteroGD. In (a), L — A and L — V are dominated because the homogeneous
language features contribute most and the other modalities perform poorly. In (b), L — A, L — V,and V" — A are dominated. V" — A
emerges because the visual modality enhanced its feature discriminability via the multimodal transformer mechanism in HeteroGD.
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