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< HE|PE Ha{d(multimodal deep learning)
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Multimodal Learning

< HE|D'E H2{Y(multimodal deep learning)
- 2t BE0| Mot Held 25 ABol EY HHE ==
« D2 E5I5HE WA= LHEXOZ (a) feature concatenation (b) ensemble classifier & 7X| 20| ZXj
« Z|Z HE|ZE A application B SE2 (a) LAI0A] transformer AKX Mot LEX| Y™ S
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< HE|D'E H2{Y(multimodal deep learning)
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o DEZ E5I6h= Y= CHEXMO 2 () feature concatenation (b) ensemble classifier = 7HX| B0 Z=X|
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Joint Representation
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Audio-visual speech enhancement using multimodal deep convolutional neural networks, 2018
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Audio-Visual Speech Enhancement Using
Multimodal Deep Convolutional
Neural Networks

Jen-Cheng Hou, Syu-Siang Wang, Ying-Hui Lai, Yu Tsao, Member, IEEE,
Hsiu-Wen Chang, and Hsin-Min Wang, Senior Member, IEEE

... DOTG_ Mining _ Hou, J. C., Wang, S. S., Lai, Y. H., Tsao, Y., Chang, H. W., & Wang, H. M. (2018). Audio-visual speech enhancement using multimodal deep convolutional neural networks. IEEE
.‘ Quality Analytics Transactions on Emerging Topics in Computational Intelligence, 2(2), 117-128.
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Enhanced speech frames Reconstructed mouth images

Zt networkOf|A] L2 feature vectorZ simple

concatenation 20| merged layer= Heat

fully connected layerg F7161H object function=

= SEA
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... DOTG_ Mining _ Hou, J. C., Wang, S. S., Lai, Y. H., Tsao, Y., Chang, H. W., & Wang, H. M. (2018). Audio-visual speech enhancement using multimodal deep convolutional neural networks. IEEE
.% Quality Analytics Transactions on Emerging Topics in Computational Intelligence, 2(2), 117-128.
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Layer Name Kernel Activation Function Number of Filters or Neurons

Conv,1 12 x 2 Linear 10

Pool, 1 2 x1

Conv,2 Sx1 Linear 4

Convy 1 15 x 2 Linear 12

Conv, 2 7 x 2 Linear 10

Conv,.3 3 x2 Linear 6

rMerged Layer 2804 )

FCl1 Sigmoid 1000 o] yi=
s Siamoid 200 Merged feature vectore| 27|=
FC,3 Linear 600 = =LA
FC,3 Linear 1500 FC2 layer7tX| E0ILIZHEM =t5

[AVDCNN 22 m2t0|E ]

... DOTG_ Mining _ Hou, J. C., Wang, S. S., Lai, Y. H., Tsao, Y., Chang, H. W., & Wang, H. M. (2018). Audio-visual speech enhancement using multimodal deep convolutional neural networks. IEEE
.‘ Quality Analytics Transactions on Emerging Topics in Computational Intelligence, 2(2), 117-128.
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Expert Systems With Applications 138 (2019) 112793
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Expert Systems With Applications r—

e

journal homepage: www.elsevier.com/locate/eswa

Automatic driver stress level classification using multimodal deep N
learning TS

Mohammad Naim Rastgoo*, Bahareh Nakisa, Frederic Maire, Andry Rakotonirainy,
Vinod Chandran

ASchool of Electrical Engineering and computer Science, Queensland University of Technology, Brishane, QLD, Australia
! Centre for Accident Research and Road Safety-Queensiand, Queensland University of Technology, Brisbane, QLD, Australia

... DOTG_ Mining _ Rastgoo, M. N., Nakisa, B., Maire, F., Rakotonirainy, A., & Chandran, V. (2019). Automatic driver stress level classification using multimodal deep learning. Expert Systems with
e®® Quality Analytics  Applications, 138, 112793,
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Information Fusion 46 (2019) 184-192

Contents lists available at ScienceDirect S

INFORMATION FUSION

Information Fusion -

journal homepage: www.elsevier.com/locate/inffus

Audio-visual emotion fusion (AVEF): A deep efficient weighted approach Ch:?o,

updates

Yaxiong Ma”, Yixue Hao", Min Chen”, Jincai Chen*", Ping Lu™"“, Andrej Kosir*

“ Wuhan National Laboratory for Optoelectronics (WNLO), Huazhong University of Science and Technology, China
" Embedded and Pervasive Computing (EPIC) Lab, Huazhong University of Science and Technology, China
© Key Laboratory of Information Storage System (School of Computer Science and Technology, Huazhong University of Science and Technology), Ministry of Education of

China, China
d Faculty of Electrical Engineering, University of Ljubljana, TrZaska cesta 25, Ljubljana 1000, Slovenia
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« Z 67| 20| Lol 2R EHS EH2ld HE|ZY WS XM2510] X3

o — —
= C}lol cCtd = E — o) o S5
¢ 71EO| T BE o] B2 MSHCT SIS S0l
= C = = C O XIEH=L— = =O
- QIO 4H QM EX0M= ZEIZE HIO|HE AMEolt] REES Tldol= 20| M 5%
Anger Disgust Fear Happiness Sadness Surprise

anger 91.13 0.00 1.13 5.52 1.37 0.85

disgust 1.22 79.45 6.92 3.35 7.92 1.14

fear 1.32 1.01 77.90 1.62 13.5 4.65

happiness 7.65 2.38 1.54 86.7 1.27 0.46

sadness 2.84 3.64 12,55 3.64 76.12 1.21

surprise 2.35 6.32 7.99 1.34 1.40 80.60

[RML benchmark H|0|E{AlIe] £ M5

Data Minin
..:.. Quality /\ncﬁy’rics Ma, Y., Hao, Y., Chen, M., Chen, J., Lu, P., & Kosir, A. (2019). Audio-visual emotion fusion (AVEF): A deep efficient weighted approach. Information Fusion, 46, 184-192.
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Tensor Fusion Network for Multimodal Sentiment Analysis

Amir Zadeh', Minghai Chen' Soujanya Poria
Language Technologies Institute Temasek Laboratories,
Carnegie Mellon University NTU, Singapore
{abagherz,minghail}@cs.cmu.edu sporia@ntu.edu.sqg
Erik Cambria Louis-Philippe Morency
School of Computer Science and Language Technologies Institute
Engineering, NTU, Singapore Carnegie Mellon University
cambria@ntu.edu.sg morency@cs.cmu.edu
..:.. gi:;]mh;i/r\\;]rgﬁyﬂcs Zadeh, A., Chen, M., Poria, S., Cambria, E., & Morency, L. P. (2017). Tensor fusion network for multimodal sentiment analysis. arXiv preprint arXiv:1707.07250.
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Zadeh, A., Chen, M., Poria, S., Cambria, E., & Morency, L. P. (2017). Tensor fusion network for multimodal sentiment analysis. arXiv preprint arXiv:1707.07250.
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. ZHDEHHO|E B2 =5 EXHIEZ K05t tensor fusion EAIO 2 HiSt

(@]
* Bimodal? EXE1} trimodalZ

Visual(z") Acoustic(z") Language(z')

Visual(z") Acoustic(z”) Language(z')

t Zf ® Za.

Unimodal Early Fusion Unimodal Tensor Fusion
[71= T e ] [HIQtSt tensor fusion HiA]
Data Mining . : : : : : . . .
.C. Quality Analytics Zadeh, A., Chen, M., Poria, S., Cambria, E., & Morency, L. P. (2017). Tensor fusion network for multimodal sentiment analysis. arXiv preprint arXiv:1707.07250.
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o XN|QFotHIH=ZS ZHY OIA 2|0 == &+ HA| SOTA =2 HY

—

+ Feature vector®| S} UIAI0| M5 BHA0| £22 FLH= %S il

Multimodal Binary S5-class  Regression

Baseline Acc(%) Fl  Acc(%) MAE r

Random 50.2 48.7 239 1.88 -

C-MKL 73.1 75.2 35.3 - -

SAL-CNN 73.0 - - - -

SVM-MD 71.6 72.3 32.0 1.10  0.53

RF 714 72.1 31.9 1.11 0.51

TFN 77.1 77.9 42.0 0.87 0.70

Human 85.7 87.5 53.9 0.71 0.82

ASOTA +40 127 167 | 023710.17

[H|oret S 2t H| W W EO| Hs XI0]]
Data Mining : : : : : : . . .
.C:.. Quality Analytics Zadeh, A., Chen, M., Poria, S., Cambria, E., & Morency, L. P. (2017). Tensor fusion network for multimodal sentiment analysis. arXiv preprint arXiv:1707.07250.
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eIf—Supervised Learning

* - . (Algorithm & application)
VATT: Transformers for Multimodal Self-Supervised Learning
from Raw Video, Audio and Text i
Self-Supervised Learning (algorithm & ap
b} -~ oMS
Hassan Akbari* ', Liangzhe Yuan', Rui Qian*'?, Wei- Hong Chuang', Shih-Fu Chang?, e =
Yin (%‘m \ .Boql‘ng Gong' o B
'Google ?Columbia University 3Cornell University O 240181019 A% YouTube)

{lzyuan,whchuang, yincui,bgong}@google.com {ha2436,sc250}@columbia.edu {rg49}@cornell.edu

HojLt g2 27 —

... DOTG_ Mining ~ Akbari, H., Yuan, L., Qian, R., Chuang, W. H., Chang, S. F., Cui, Y., & Gong, B. (2021). Vatt: Transformers for multimodal self-supervised learning from raw video, audio and text. arXiv
e®® Quality Andlytics preprint arxiv:2104.11178.




B Related paper

Vatt: Transformers for multimodal self—supervised learning from raw video, audio and text, 2021

+ Feature vector concatenation 2t AJf =2

« 2t O] [|0|E= EZsfet 2 linear projection= Solf LI 4f= transformer enconderl| (=2 C = ALZet

Transformer Encoder
‘: 3
MLP
+

[ Norm

VATT —P[ Multimodal Projection Head ]

Transformer Encoder
Modality-Specific OR  Modality-Agnostic

(AGG] Embecing ‘ é] ] é Jag- [5

Modality-Specific Patch + Position Embedding

[ Linear Projection ] [ Linear Projection ] [ Linear Projection ]

(3D RGB voxels) (1D waveform) (1-hot word vectors) Norm ]

Multi- Head
Attentlon

“Sled dogs running on the I o
‘M‘MMMW lling the sled.”
llll—lllllllll;l Snowpu Ing ese Embeddlng ]
Input Video Input Audio Waveform Input Text
[VATT transformer 71%]

... DOTG_ Mining ~ Akbari, H., Yuan, L., Qian, R., Chuang, W. H., Chang, S. F., Cui, Y., & Gong, B. (2021). Vatt: Transformers for multimodal self-supervised learning from raw video, audio and text. arXiv
o b ® Quality Analytics preprint arXiv:2104.11178.
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 TransformertiA] == video, audio, text S8 HIE{E contrastive learning 7 |EIC 2 SkSA|Z

* Video—audio pairdilAl= NCE-lossE AF2ol1l, video—text pairfflAl= MIL-NCEE AtEg!

Multimodal
Projection Head NCE(ZU vas Za,uu) -

video audio

T
feature feature . log Bexp(zv,vu:amﬂ/?-) 1 (4)
Z'é:l exp(ziﬂ,vuzéﬂ{ﬂa-/?-) ’

el
Ioss
U MIL-NCE(2y vt, {2t vt }) =

DEEE<——-NEn — log ( Zzt,_vtep(zmt) exp(2y yt2t,0t/T) ) |
MIL-NCE Zzt__vte’P(Z_U,Ut)UN(Z_U,M) eXP(zJ,mzt,m/T)
loss D (5)
EEEEEE
feature £ = NCE(24 v, Za,va) + AMIL-NCE(2, 1, {2t 01}), (6)

[self-supervised leaming T1Z]

... DOTG_ Mining ~ Akbari, H., Yuan, L., Qian, R., Chuang, W. H., Chang, S. F., Cui, Y., & Gong, B. (2021). Vatt: Transformers for multimodal self-supervised learning from raw video, audio and text. arXiv
e®® Quality Andlytics preprint arxiv:2104.11178.
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¢ Feature vector concatenation &l A7l =&
o 2 =Z0|A HotstBIAlOZ 12021719 27| L= unlabeled HIC|RE k& H|O|E2 212610 sk& XIS
« O|EA etsEl 22 self-supervised learning A& H4! S 6fLIQI fine—tunegt R 22| d5S &iQlol] S+d AUS

*  Kinetics—6000{|A] Of=li2t 22 ds= 22!

METHOD Top-1 Top-5
I3D-R50+Cell [99] 79.8 04 .4
LGD-3D-101 [75] 81.5 05.6
SlowFast [34] 81.8 05.1
X3D-XL [33] 819 05.5
TimeSFormer-HR [10] 82.4 96.0
MoViNet-AS [51] 82.7 05.7
VATT-Base 80.5 05.5
VATT-Medium 824 06.1
VATT-Large 83.6 96.6
VATT-MA-Medium 80.8 05.5

Table 3. Results for video action recognition on Kinetics-600.

... DOTG_ Mining ~ Akbari, H., Yuan, L., Qian, R., Chuang, W. H., Chang, S. F., Cui, Y., & Gong, B. (2021). Vatt: Transformers for multimodal self-supervised learning from raw video, audio and text. arXiv
o b ® Quality Analytics preprint arXiv:2104.11178.
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