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Description 7/ Edit

Multimodal machine learning (MMML) is a vibrant multi-disciplinary research
field which addresses some of the original goals of artificial intelligence by
integrating and modeling multiple communicative modalities, including linguistic,
acoustic and visual messages. With the initial research on audio-visual speech
recognition and more recently with language & vision projects such as image
and video captioning, this research field brings some unique challenges for
multimodal researchers given the heterogeneity of the data and the contingency
often found between modalities. This course will teach fundamental
mathematical concepts related to MMML including multimodal alignment and
fusion, heterogeneous representation learning and multi-stream temporal
modeling. We will also review recent papers describing state-of-the-art
probabilistic models and computational algorithms for MMML and discuss the
current and upcoming challenges.

The main technical topics are: (1) multimodal representation learning, including
multimodal auto-encoder and deep learning, (2) multimodal component analysis
and fusion, including deep canonical correlation analysis and multi-kernel
learning, (3) multimodal alignment and multi-stream modeling, including multi-
instance learning and multimodal recurrent neural networks, and (4) multi-
sensorv comnutational modelina. includina nonnarametric Bavesian networks
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Room assignments for paper discussion # Edit i Delete

(4/21/2016)

4/21/16 3:41 PM

The randomized room assignment for the discussion tomorrow Thursday
4/21 at 4:30pm is shown below. Be sure to be there on time as the
discussion will be shorter due to 6 presentations at the end of it.

Room WEH 4220

Bagher Zadeh Amirali
Bharadwaj Akash
Correia Joana
Jang Hyeju
Jo Yohan




Tutorial Schedule

A Introduction

A What is Multimodal?
A Historical view, multimodal vs multimedia

A Why multimodal

A Multimodal applications: image captioning, video
description, AVSR, e

A Core technical challenges

A Representation learning, translation, alignment, fusion
and co-learning
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Tutorial Schedule

A Basic concepts i Part 1

A Linear models
A Score and loss functions, regularization

A Neural networks
A Activation functions, multi-layer perceptron

A Optimization
A Stochastic gradient descent, backpropagation
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Tutorial Schedule
A Unimodal representations

A Visual representations
A Convolutional neural networks

A Acoustic representations
A Spectrograms, autoencoders
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Tutorial Schedule

A Multimodal representations

v

A Joint representations
A Visual semantic spaces, multimodal autoencoder
A Tensor fusion representation

A Coordinated representations
A Similarity metrics, canonical correlation analysis

A Coffee break [20 mins]
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Tutorial Schedule

A Basic concepts i Part 2

v

A Recurrent neural networks
A Long Short-Term Memory models

A Optimization
A Backpropagation through time
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Tutorial Schedule

A Translation and alignment

A Translation applications

A Machine translation, image captioning
A Explicit alignment

A Dynamic time warping, deep canonical time warping
A Implicit alignment

A Attention models, multi instance learning

A Temporal attention-gated model
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Tutorial Schedule

A Multimodal fusion

A Model free approaches
A Early and late fusion, hybrid models

A Kernel-based fusion
A Multiple kernel learning

A Multimodal graphical models
A Factorial HMM, Multi-view Hidden CRF
A Multi-view LSTM model
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WhEES
Multimodal?



What is Multimodal?
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Multimodal distribution

UMul ti pl e modes, I . e., d
(local maxima) in the probability
density function
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What is Multimodal?

Attention

Memories

Preferences

S,

lsypearance

Sensany Modalities s
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What is Multimodal?

Modality
The way In which something happens or is experienced.

A Modality refers to a certain type of information and/or the
representation format in which information is stored.

A Sensory modality: one of the primary forms of sensation,
as vision or touch; channel of communication.

\

Medium ( nmi ddI| e o)

A means or instrumentality for storing or communicating
iInformation; system of communication/transmission.

A Medium is the means whereby this information is
delivered to the senses of the interpreter.
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Examples of Modalities

Natural language (both spoken or written)
Visual (from images or videos)

Auditory (including voice, sounds and music)
Haptics / touch

Smell, taste and self-motion

Physiological signals
A Electrocardiogram (ECG), skin conductance

Other modalities
A Infrared images, depth images, fMRI

Language Technologies Institute
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Multimodal Communicative Behaviors

/ erbal Isual \

Lexicon Gestures
Words Head gestures
Syntax Eye gestures
Partof-speech Arm gestures
Dependencies Body language
Pragmatics Body posture
Discourse acts Proxemics
ocal Eye contact
Prosody Head gaze
Intonation Eye gaze
Voice quality Facial expressions
Vocal expressions FACS action units

Smile, frowning
\ Laughter, moans ! /
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Multiple Communities and Modalities
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A Historical View



Pri or Research on aAaMul ti mo

Four eras of multimodal research

U T h eehfi o era (1970s wunti |

U T h econfputationalo er a (|l ate 1980s
U T h entefactiono er a -Z0200 0 O

U T h eleefi o era (2010s wunti |

x Main focus of this tutorial

1970 1980 1990 2000 2010
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i o Era (1970s wunt

Multimodal Behavior Therapy by Arnold Lazarus [1973]
U 7 dimensions of personality (or modalities)

Multi-sensory integration (in psychology):
A Multimodal signal detection: Independent decisions vs.
Integration [1980]
A Infants' perception of substance and temporal synchrony
In multimodal events [1983]
A A multimodal assessment of behavioral and cognitive deficits in
abused and neglected preschoolers [1984]

Q@ TRIVIA: Geoffrey Hinton received his B.A. in Psychology &

1970 1980 1990 2000 2010
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Language and Gestures

David McNelll
_‘ University of Chicago
I Center for Gesture and Speech Research

nFor McNeill, gestures are
thought in action, and integral components of speech,
not merely accompani ments o

1970 1980 1990 2000 2010
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The McGurk Effect (1976)

Hearing lips and seeing voices I Nature

1970 1980 1990 2000 2010
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http://www.nature.com/articles/264746a0

The McGurk Effect (1976)

Hearing lips and seeing voices I Nature

1970 1980 1990 2000 2010
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http://www.nature.com/articles/264746a0

U T h eCoiputational 0 Er a( Lat e 1980s

1) Audio-Visual Speech Recognition (AVSR)

A Motivated by the McGurk effect

A First AVSR System in 1986
PAutomatic lipreading to enhance speech recognitiono

A Good survey paper [2002]

MRecent Advances in the Automatic Recognition of
Audio-Visual Speecho

G TRIVIA: The first multimodal deep learning paper was about
audio-visual speech recognition [ICML 2011}

1970 1980 1990 2000 2010
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http://dl.acm.org/citation.cfm?id=911713
http://www.ifp.illinois.edu/~ashutosh/papers/IEEE AVSR.pdf
http://www.ifp.illinois.edu/~ashutosh/papers/IEEE AVSR.pdf

U T h eCoiputational 0 Er a( Lat e 1980s
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U T h eComputational 0 Er a (Late 1980C¢C

2) Multimodal/multisensory interfaces

A Multimodal Human-Computer Interaction (HCI)

NStudy of how to design andc
systems where human interact through multiple

modal i ti es, Il ncl uding both

1970 1980 1990 2000 2010
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U T h eComputational 0 Er a (Late 1980C¢C

2) Multimodal/multisensory interfaces
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Glove-talk: A neural network interface between a data-glove and a
speech synthesizer By Sidney Fels& Geof frey Hint

1970 1980 1990 2000 2010
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http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=182690

U T h eComputational 0 Er a (Late 1980C¢C

Rosalind Picard

Affective Computing IS
computing that relates to, arises
from, or deliberately influences
emotion or other affective

R e phenomena.

1970 1980 1990 2000 2010
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U T h eComputational 0 Er a (Late 1980C¢C

Carnegie
Me]longl

Universi _
i“ ldﬂu!:[[lleudd!-g un;.er: a.n I“m

' [1994-2010]

N T Hnéormedia Digital Video Library Project automatically combines speech,
image and natural language understanding to create a full-content searchable
digital video |library.o

1970 1980 1990 2000 2010
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U T h eComputational 0 Er a (Late 1980C¢C

3) Multimedia Computing

Multimedia content analysis

A Shot-boundary detection (1991 -)
A Parsing a video into continuous camera shots

A Still and dynamic video abstracts (1992  -)
A Making video browsable via representative frames (keyframes)
A Generating short clips carrying the essence of the video content

A High-level parsing (1997 -)
A Parsing a video into semantically meaningful segments

A Automatic annotation (indexing) (1999  -)
A Detecting prespecified events/scenes/objects in video

1970 1980 1990 2000 2010
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http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=888862&tag=1

Multimodal Computation Models

AHidden Markov Models [1960s]
T
()

C Factorial Hidden Markov ¢ Coupled Hidden Markov

Models [1996] Models [1997

1970 1980 1990 2000 2010
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Multimodal Computation Models

activation

C Backpropagation [1975] C Convolutional neural
networks [1980s]

answer: 0

1970 1980 1990 2000 2010
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UThelntdiaction 0 Er a (2000s)

AMI Project [2001-2006, IDIAP]

A 100+ hours of meeting recordings
A Fully synchronized audio-video
A Transcribed and annotated

CHIL Project [Alex Waibel]

A Computers in the Human Interaction Loop
A Multi-sensor multimodal processing
A Face-to-face interactions

G TRIVIA: Samy Bengio started at IDIAP working on AMI project

1970 1980 1990 2000 2010

33

Language Technologies Institute



UThelntdiaction 0 Er a (2000s)

1) Modeling Human Multimodal Interaction

CALQO Project [2003-2008, SRI]

A Cognitive Assistant that Learns and Organizes
A Personalized Assistant that Learns (PAL)
Persanalized Assistant thal Leams A S|r| was a Splnoff from th|S project

SSP Project [2008-2011, IDIAP]

A Social Signal Processing
4 A First coined by Sandy Pentland in 2007
Social Signal Processing Network A Great dataset repository: http://sspnet.eu/

Q TRRVIA/ LPA PhDlreBe@arsh wiadhpbrtiallyédusdedby CALO @ a s p

1970 1980 1990 2000 2010

34
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http://sspnet.eu/

UThelntdiaction 0 Er a (2000s)

2) Multimedia Information Retrieval

o 401010 NYearly competi ti
A o DIGITAL VIDEO promote progress in
1 RETRIEVAL content-based retrieval

at

NIST from digital video via open,
e T T— metrics-b as e d eval uat

[Hosted by NIST, 2001-2016]

Research tasks and challenges:
A Shot boundary, story segmentation, search
AfHi-lgshhvel feature extractionodo: se

A Introduced in 2008: copy detection and surveillance events
A Introduced in 2010: Multimedia event detection (MED)

1970 1980 1990 2000 2010
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Multimodal Computational Models

A Dynamic Bayesian Networks
AKevin Murphyoés PhD thesis

v

A Asynchronous HMM for multimodal [samy Bengio, 2007]

Audio-visual
speech
segmentation

1970 1980 1990 2000 2010
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Multimodal Computational Models

A Discriminative sequential models
A Conditional random fields [Lafferty et al., 2001]

5§86

A Latent-dynamic CRF [Morency et al., 2007]

z

1970 1980 1990 2000 2010
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Representation learning (a.k.a. deep learning)

A Multimodal deep learning [ICML 2011]
A Multimodal Learning with Deep Boltzmann Machines [NIPS 2012]

A Visual attention: Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention [ICML 2015]

Key enablers for multimodal research:
A New large-scale multimodal datasets
A Faster computer and GPUS
A High-level visual features
A ADi mensional o | inguistic feature

Our tutorial focuses on this era! h




Many new challenges and multimodal corpora !!

Audio -Visual Emotion Challenge (AVEC, 2011 -)

A Emotional dimension estimation
A Standardized training and test sets
A Based on the SEMAINE dataset

Emotlon Recognition in the Wild Challenge ( Emotiw 2013-)

A Emotional dimension estimation
A Standardized training and test sets
A Based on the SEMAINE dataset

1970 1980 1990 2000 2010
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Renew of multimedia content analysis !
A Image captioning

The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building.

A Video description
A Visual Question-Answer

1970 1980 1990 2000 2010
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Real-World Tasks Tackled by Multimodal Research

A Affect recognition . .

A Emotion . . .
A Persuasion - . .
A Personality traits
A Media description

A Image captioning

A Video captioning

A Visual Question Answering
A Event recognition

A Action recognition
A Segmentatlon (a) answer-phone (a)get-oul—car (a) fight-pers: (b)p h (;)) artwheel

A Multimedia information retrieval

A Content based/Cross-media = % & W %
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Core Technical
Challenges



Core Challenges 1 n nDeepo

Representation Multimodal Machine Learning:
_ A Survey and Taxonomy

Alignment |

By Tadas Baltrusaitis, Chaitanya Ahuja,

. and Louis-Philippe Morency
Fusion
https://arxiv.org/abs/1705.09406
Translation 15 core challenges
] V137 taxonomic classes

Co-Learnin g 253 referenced citations

These challenges are non-exclusive.

HivVivgicvo Jliotituie



https://arxiv.org/abs/1705.09406

Core Challenge 1: Representation

Definition: Learning how to represent and summarize multimodal data in aw
that exploits the complementarity and redundancy.

@ Joint representations:

Representation

Modality 1 Modality 2

Language Technologies Institute



Joint Multimodal Representation

_ _ Tensed voice
Joint Representation

(Multimodal Space)
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Joint Multimodal Representations

Audio-visual speech recognition
[Ngiam et al., ICML 2011]

A Bimodal Deep Belief Network

Image captioning
[Srivastava and Salahutdinov, NIPS 2012]

A Multimodal Deep Boltzmann Machine

Audio-visual emotion recognition
[Kim et al., ICASSP 2013]

A Deep Boltzmann Machine

Language Technologies Institute
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Multimodal Vector Space Arithmetic

Nearest images

- blue + red =

- blue + yellow = IREREEE =

- yellow + red =

A
K

- white + red =
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Core Challenge 1: Representation

Definition: Learning how to represent and summarize multimodal data in aw
that exploits the complementarity and redundancy.

@Joint representations: Coordinated representations:

Representation Repres. 1 =P Repres 2
Modality 1 Modality 2 Modality 1 Modality 2
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Coordinated Representation: Deep CCA

Learn linear projections that are maximally correlated:

0°F%) A O C idk goilLhol L) Ll
OhD ,,' View 'O V\\

1. 00 00 @0 00)q.

’ ° o ®° o .‘o. GQ—I— OO] [ 1IN ]
.. [ [ O
SEEN LY SO o It
SN KL @0 @9 | )
1 . L Text Image
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Andrew et al., ICML 2013
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Core Challenge 2: Alignment

Definition: Identify the direct relations between (sub)elements from two or
more different modalities.

Modality 1 Modality 2

. @ Exgligit Alignment

[ J
\ é The goal is to directly find correspondences

between elements of different modalities

\@ Implicit Alignment

- Uses internally latent alignment of modalities in

ﬂ /G order to better solve a different problem
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Implicit Alignment

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

\

[ dog tennis ball H dog swimming 'l murky water

Karpathy et al., Deep Fragment Embeddings for Bidirectional Image Sentence Mapping,
https://arxiv.org/pdf/1406.5679.pdf
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Attention Models for Image Captioning

First word

xpectation

ovenfeatures:
Xuet.al,, ICML 2015

Language Technologies Institute



Core Challenge 3: Fusion

Definition: To join information from two or more modalities to perform a
prediction task.

@ Model-Agnostic Approaches

1) Early Fusion 2) Late Fusion
Modality 1 s Modality 1‘ Classifiems)

" » Classifier | mmm) )
Modality 2 = Modality 2= L Classifis™=>
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Core Challenge 3: Fusion

Definition: To join information from two or more modalities to perform a
prediction task.

Model-Based (Intermediate) Approaches

1) Deep neural networks
2) Kernelbased methods

3) Graphical models

Multi-View Hidden CRF
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Core Challenge 4: Translation

Definition: Process of changing data from one modality to another, where th
translation relationship can often be ope&mded or subjective.

@ Examplebased Model-driven

Dictionary of translations

e g Translation model

Training
Translation
Translation model
-
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Core Challenge 4 1 Translation

Visual gestures Transcriptions
(both speaker and  Cr—— +
listener gestures) Audio streams

Marsella et al., Virtual character performance from speech, SIGGRAPH/Eurographics
Symposium on Computer Animation, 2013
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Core Challenge 5: Co -Learning

Definition: Transfer knowledge between modalities, including their
representations and predictive models.

Prediction

Modality 2
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Core Challenge 5: Co -Learning

@ Parallel Non-Parallel @ Hybrid

o
o

Dataset Dataset

Dataset

Dataset




Taxonomy of Multimodal Research [ https://arxiv.org/abs/1705.09406 |

Representation o Encoder-decoder A Model-based
A Joint o0 Online prediction o Kernel-based
o Neural networks Alignment 0 Graphical models
o Graphical models AEXpliCit 0 Neural networks
o Sequential o Unsupervised Co-learnlng
A Coordinated 0 Supervised A Parallel data
0 Similarity A Implicit o Co-training
0 Structured o Graphical models o Transfer learning
Translation o Neural networks A Non-parallel data
A Example-based Fusion A Zero-shot learning
0 Retrieval A Model agnostic A Concept grounding
o Combination , A Transfer learning
3 o Early fusion . _
A Model-based o Late fusion A Hybrid data
o Grammar-based o Hybrid fusion A Bridging

Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe Morency, Multimodal Machine Learning: A Survey and Taxonomy
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https://arxiv.org/abs/1705.09406

Multimodal Applications [ hitps://arxiv.org/abs/1705.09406 |

CHALLENGES
APPLICATIONS REPRESENTATION TRANSLATION FusioN ALIGNMENT CO-LEARNING
Speech Recognition and Synthesis
Audio-visual Speech Recognition
(Visual) Speech Synthesis
Event Detection
Action Classification
Multimedia Event Detection
Emotion and Affect
Recognition
Synthesis
Media Description
Image Description
Video Description
Visual Question-Answering
Media Summarization
Multimedia Retrieval
Cross Modal retrieval

Cross Modal hashing

v’ v’ v’
v

v’ v’
v’ v’

AN
AN
AN

O CC K

COJOOCC OO 0 KX

Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe Morency, Multimodal Machine Learning: A Survey and Taxonomy
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https://arxiv.org/abs/1705.09406

Basic Concepts:
Score and Loss
Functions



Linear Classification (e.g., neural network)

(Size: 32*32*3)

1. Defime: a ({lheau))ssote duncticiion
2. Defime: ttte| dssSUneitdivfp sebbybignioalnear)
3. Optimzaiioon
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1) Score Function

— Duck ?

What shouldcbee
Cat?  the predictionn
Dog?  scare:foreachh
Pig ? labell class??
ze: Bird ?
(Size: 32*32*3)
For linear classifier: Input observation (i element of the dataset)
' \ [3072x1]
Ao hw) D
\Weights [10x3072] Bias Vectogloxl]
Class score ~"
[10x1] Parameters [10x3073]
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Interpreting a Linear Classifier

Qo >0 42
Qw =0
Q6 < 0

The planar decision surface
In data-space for the simple
linear discriminant function:

Ww W T
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Some Notation Tricks T Multl -Label Classification

O [ & 8 o)

o) o o => "FOM) oo

Weights x Input + Bias Weights x Input
[10x3072]  [3072x1] [10x1] [10x3073]  [3073x1]
The bias vector will Add a n1lc
be the last column of end of the input
the weight matrix observation vector
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Some Notation Tricks

General formulation of linear classifier: ROINIEN 0
nNndogo | i near <cl assifier:
o [ ) o
"W M ) or  Q

Linear classifier for label j:

domp D) o
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Interpreting Multiple Linear Classifiers

" \ € ot € \ 5 ARpinDs %..V W ..-:*‘lE
Qu) m) m)) (D (D (D automobile E.'-Eﬁh.-‘
o Emal NES ¥ EEW

cat Eﬁ?&.--‘-«! &
wer [ PRI NS N I R
w  [AE<SEIBPIE
- I.Hﬂ..ﬂ!
norse [ R e ) 1 R T TR
s e e IR -
ek ) s P S o L B

o CIFAR-10 object
car classifier "() recognition dataset

alrplane classifier @
nq:«

deer classifier

0
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Linear Classification: 2) Loss Function
(or cost function or objective)

Scones Labell —_—  LoSS
BoMw) w ¢ Q& Q U e

image o 0 (duck)? -12.3 How to assign
: 1 (cat) ? 45.6 only one number
k 6 2 (dog) ? 98.7 = representing
‘ 3 (pig) ? 12.2 how funh
(Size: 32*32*3) 4 (bird) ? -45.3 we are about
Multii-classs pyobldem these scores?

The loss function quantifies the amount by which
the prediction scores deviate from the actual values.

“ A first challenge: how to normalize the scores? -




First Loss Function: Cross -Entropy Loss
(or logistic loss)

Logistic function: . P
1 ( g p !Q
1
. (Q
0.5
0 |

 —

0 Qi Scaone fiunotiton
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First Loss Function: Cross -Entropy Loss
(or logistic loss)

Logistic function: CQ P
" p !Q
Logistic regression: N ¢ Q&6 , (U W)
(two classes) = true
for two-class problem
1
. (Q
0.5

 —

Qi Scaone fiunotiton

O-m-—————— —— -
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First Loss Function: Cross -Entropy Loss
(or logistic loss)

Logistic function: Q P
1 p !Q
Logistic regression:  1n(w ¢ Q|6 (0 )
(two classes) = tHue

for two-class problem

Softmax function: RPN
(multiple classes) r]((x)|00ﬂx) ﬁ
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First Loss Function: Cross

-Entropy Loss

Cross-entropy loss:

o | '|'

Q
5]

(or logistic loss)

Softmax function

Minimizing the
negative log likelihood.

Language Technologies Institute



Second Loss Function: Hinge Loss
(or max-margin loss or Multi-class SVM loss)

L; Zma’x(()) f(xiaw)j _ f(wi’W)yi —'_A)
T I7Y; T
lossdueto X

example i sum over all
Incorrect labels

difference between the correct class
score and incorrect class score
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