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Introduction

¢ What is the ‘Multimodal Learning’ !
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Introduction

** What is the ‘Multimodal’ ?
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¢ What is the ‘Multimodal Learning’ !
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What is the ‘Multimodal Learning’ !

* Single-modal
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% What is the ‘Multimodal Learning’ !

e Multi-modal

Model = f(X£95,, X£50°T, XFonet, X 5T
Text Image Sensor Y

223 1 °

2232 !

223N °

Copyright © 2019, All rights re!

reserved.

\. Data Mining
¢bd Quality Analytics "f

i g\elo |



Introduction

% Single-modal 2} Multi-modal 0|
«  Single-modal |O|E{: Image OR Text OR Audio OR -

«  Multi-modal G|O|E{: Image AND Text AND Audio AND -

Multimodal Learning Model = f(X{95,, X555, X918, X 55150
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Multimodal Deep Learning

% Multimodal Learning®| | k4
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Multimodal Deep Learning

* Deep LearningO|2h
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% Deep LearningO|2h
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Multimodal Deep Learning

% Multimodal Learning= Cf|O|E| E¢&} 2AIQ| T2} 12
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Multimodal Deep Learning

EsohdrA

\/
0’0

Multimodal Learning2 Ci|O|E{ AlOf| T2f =

(1) Clol&f 2}lo] S8 ttE E4 HIOEE

Embedding 510 £M0| ZF2 4IO|E{= =&

e.g. Deep Canonical Correlation Analysis(Deep CCA, MZ-Z A& A)
f + + /
% % + +
Data(|mage) * % + | Data(text)
% &
0:1 . ®x M O|A|-‘c'>‘=|
+ + | =<
x % + +
_, x % '
Subspace‘ % %
P +“+x
2%
%
P
:333""_ |
¥ ' EX| EX|

Copyright © 2019, All rights reserve d.

Data Mining
Quallity Analytics "f

N thcol



Multimodal Deep Learning

% Multimodal Learning= Cf|O|E| E¢&} 2AIQ| T2} 12
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Multimodal Deep Learning

% Multimodal Learning= Cf|O|E| E¢&} 2AIQ| T2} 12
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Multimodal Deep Learning

¢ Multimodal CNN(m-CNN)

*  Multimodal CNN: 0|0| X[} H 2=l EIAEO| A S sH&5(Ma et al, 2015)
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Ma, L, Lu, Z, Shang, L, & Li, H. (2015). Multimodal convolutional neural networks for matching image and sentence. In Proceedings of the IEEE international conference on computer vision (pp. 2623-2631)
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¢ Multimodal CNN(m-CNN)

*  Multimodal CNN: O|0| 2| @} S ZtE| EIAEO| T E 5t (Ma et al, 2015)
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Ma, L, Lu, Z, Shang, L, & Li, H. (2015). Multimodal convolutional neural networks for matching image and sentence. In Proceedings of the IEEE international conference on computer vision (pp. 2623-2631)
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Multimodal Deep Learning

¢ Multimodal RNN(m-RNN)
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Applications

% Multimodal Deep Learning for Product Design Data
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Applications

iper blade
% Multimodal Deep Learning for Product Design Data Wiper
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Applications

¢ Multimodal Deep Learning for Product Design Data
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Applications

¢ Multimodal Deep Learning for Product Design Data
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Applications

¢ Multimodal Deep Learning for Product Design Data
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Applications

% Multimodal Deep Learning for Product Design Data
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Applications

% Multimodal Deep Learning for Product Design Data
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Conclusions

% Summary
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*¢ Future work: Explainable Multimodal Deep learning
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Multimodal Deep Learning
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Python  sklearn 7]%l

=5t blob/master/sklearn_cotraining/classifiers.py
Seq2seq Python Tensorflow 7]%l
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Corr-AE  Python numpy 7|3t

https://github.com/huyt16/Twitter100k

JMVAE Python  Theano 7] W}k
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Text-Image

Python Tensorflow 7]%l
GAN .

https://github.com/paarthneekhara/text-to-x
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Introduction

¢ What is the ‘Multimodal Learning’ !
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Multimodal Deep Learning

% Core Challenge I:Representation

* Definition: Learning how to represent and summarize multimodal

data in away that exploits the complementarity and redundancy.

* Learn linear projections that are maximally correlated:

(0000000000000

nnnnnn

- . Tensed voice
Joint Representation

(Multimodal Space)

B v Caa Data Mining
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Multimodal Deep Learning

% Core Challenge I:Representation

* Definition: Learning how to represent and summarize multimodal

data in away that exploits the complementarity and redundancy.

* Learn linear projections that are maximally correlated:

@ Joint representations:

Representation

Modality 1

Copyright © 2019, All rights reserve d.

Modality 2

|

Modality 1

Coordinated representations:

Repres. 1 <===p Repres 2

|

Modality 2 |

‘. Data Mining
¢bd Quality Analytics "f

i g\elo |



Multimodal Deep Learning

% Core Challenge I:Representation

Coordinated Representation: Deep CCA

Learn linear projections that are maximally correlated:

(u*,v*) = argmax corr(u"X, v'Y)
u,v

View H,
LY

- >
," View H,, \\
H. @0 00 @@ eoH,
U“ JLV
@00 00 | )
W, 1w,
@00 00 | )
Text Image
X Y

Andrew et al., ICML 2013
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Multimodal Deep Learning

¢ Core Challenge 2: Translation

* Deéfinition: Given an entity in one modality the task is to generate

the same entity in a different modality.

Dictionary of translations Dictionary of translations

e | F20slation model
o0 ® [ X X ]
A

Training

Translation

-

(a) Example-based (b) Generative

. . Data Mining
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Multimodal Deep Learning

% Core Challenge 3: Alignment

* Deéfinition: Identify the direct relations between (sub)elements from

two or more different modalities.

Modality 1 Modality 2

o -

@ Explicit Alignment

The goal is to directly find correspondences
between elements of different modalities

Implicit Alignment

Uses internally latent alignment of modalities in
order to better solve a different problem

!

7

!

Fancy algorithm

!
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Multimodal Deep Learning

% Core Challenge 3: Alignment

* Deéfinition: Identify the direct relations between (sub)elements from

two or more different modalities.

* Implicit Alignment

“A dog with a_tennis ball is swimming in murky water”

\

’ dog tennisball | | dog swimming I murky water

Karpathy et al., Deep Fragment Embeddings for Bidirectional Image Sentence Mapping, https://arxiv.org/pdf/1406.5679.pdf
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Copyright © 2019, All rights reserved. -43 - .ﬁ QUOllTy /\nOlyTlCS ") r\a



Multimodal Deep Learning

¢+ Core Challenge 4: Fusion

* Definition:To join information from two or more modalities to

perform a prediction task.

¢ Core Challenge 5: Co-learning

* Definition: Co-learning is aiding the modeling of a (resource poor)

modality by exploiting knowledge from another (resource rich)

modality. IR
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