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CMU Course 11 -777: Multimodal Machine Learning



Tutorial Schedule

ÁIntroduction

ÁWhat is Multimodal?

ÁHistorical view, multimodal vs multimedia

ÁWhy multimodal

ÁMultimodal applications: image captioning, video 

description, AVSR,é

Á Core technical challenges

ÁRepresentation learning, translation, alignment, fusion 

and co-learning



Tutorial Schedule

ÁBasic concepts ïPart 1

Á Linear models

ÁScore and loss functions, regularization

Á Neural networks

ÁActivation functions, multi-layer perceptron

Á Optimization

ÁStochastic gradient descent, backpropagation



Tutorial Schedule

ÁUnimodal representations

Á Visual representations

ÁConvolutional neural networks

Á Acoustic representations

ÁSpectrograms, autoencoders 



Tutorial Schedule

ÁMultimodal representations

Á Joint representations

ÁVisual semantic spaces, multimodal autoencoder

Á Tensor fusion representation

Á Coordinated representations

ÁSimilarity metrics, canonical correlation analysis

ÁCoffee break [20 mins]



Tutorial Schedule

ÁBasic concepts ïPart 2

Á Recurrent neural networks

Á Long Short-Term Memory models 

Á Optimization

ÁBackpropagation through time



Tutorial Schedule

ÁTranslation and alignment

Á Translation applications

ÁMachine translation, image captioning

Á Explicit alignment

ÁDynamic time warping, deep canonical time warping

Á Implicit alignment

ÁAttention models, multi instance learning

Á Temporal attention-gated model



Tutorial Schedule

ÁMultimodal fusion

ÁModel free approaches

ÁEarly and late fusion, hybrid models

Á Kernel-based fusion

ÁMultiple kernel learning

ÁMultimodal graphical models

Á Factorial HMM, Multi-view Hidden CRF

ÁMulti-view LSTM model
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What is 

Multimodal?



What is Multimodal?

Multimodal distribution

üMultiple modes, i.e., distinct ñpeaksò 

(local maxima) in the probability 

density function



What is Multimodal?

Sensory Modalities
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What is Multimodal?

Modality

Medium 

The way in which something happens or is experienced.

ÅModality refers to a certain type of information and/or the 

representation format in which information is stored.

ÅSensory modality: one of the primary forms of sensation, 

as vision or touch; channel of communication.

(ñmiddleò)

A means or instrumentality for storing or communicating 

information; system of communication/transmission.

ÅMedium is the means whereby this information is 

delivered to the senses of the interpreter.



Examples of Modalities

Ç Natural language  (both spoken or written)

Ç Visual (from images or videos)

Ç Auditory (including voice, sounds and music)

Ç Haptics / touch

Ç Smell, taste and self-motion

Ç Physiological signals

Á Electrocardiogram (ECG), skin conductance

Ç Other modalities

Á Infrared images, depth images, fMRI
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Multimodal Communicative Behaviors

Á Gestures
Á Head gestures
Á Eye gestures
Á Arm gestures

Á Body language
Á Body posture
Á Proxemics

Á Eye contact
Á Head gaze
Á Eye gaze

Á Facial expressions
Á FACS action units
Á Smile, frowning

Verbal Visual

Vocal

Á Lexicon
Á Words

Á Syntax
Á Part-of-speech
Á Dependencies

Á Pragmatics
Á Discourse acts

Á Prosody
Á Intonation
Á Voice quality

Á Vocal expressions
Á Laughter, moans



Multiple Communities and Modalities

Psychology Medical Speech Vision

Language Multimedia Robotics Learning
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A Historical View 
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Prior Research on ñMultimodalò

1970 1980 1990 2000 2010

Four eras of multimodal research

üThe ñbehavioralò era (1970s until late 1980s)

üThe ñcomputationalò era (late 1980s until 2000)

üThe ñdeep learningò era (2010s until é)

× Main focus of this tutorial

üThe ñinteractionò era (2000 - 2010)
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The ñBehavioral ò Era (1970s until late 1980s)

1970 1980 1990 2000 2010

Multimodal Behavior Therapy by Arnold Lazarus [1973]

ü7 dimensions of personality (or modalities)

Multi-sensory integration (in psychology):
ÅMultimodal signal detection: Independent decisions vs. 

integration [1980]

Å Infants' perception of substance and temporal synchrony 

in multimodal events [1983]

ÅA multimodal assessment of behavioral and cognitive deficits in 

abused and neglected preschoolers [1984]

Ç TRIVIA: Geoffrey Hinton received his B.A. in Psychology J
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Language and Gestures

1970 1980 1990 2000 2010

ñFor McNeill, gestures are in effect the speakerôs 

thought in action, and integral components of speech, 

not merely accompaniments or additions.ò

David McNeill

University of Chicago

Center for Gesture and Speech Research
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The McGurk Effect (1976)

1970 1980 1990 2000 2010

Hearing lips and seeing voices ïNature

http://www.nature.com/articles/264746a0
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The McGurk Effect (1976)

1970 1980 1990 2000 2010

Hearing lips and seeing voices ïNature

http://www.nature.com/articles/264746a0
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üThe ñComputational ò Era(Late 1980s until 2000)

1970 1980 1990 2000 2010

1) Audio-Visual Speech Recognition (AVSR) 

ÅMotivated by the McGurk effect

ÅFirst AVSR System in 1986

ñAutomatic lipreading to enhance speech recognitionò

ÅGood survey paper [2002]

ñRecent Advances in the Automatic Recognition of

Audio-Visual Speechò

Ç TRIVIA: The first multimodal deep learning paper was about 

audio-visual speech recognition [ICML 2011]

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
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üThe ñComputational ò Era(Late 1980s until 2000)

1970 1980 1990 2000 2010

1) Audio-Visual Speech Recognition (AVSR) 
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üThe ñComputational ò Era (Late 1980s until 2000)

1970 1980 1990 2000 2010

2) Multimodal/multisensory interfaces

ÅMultimodal Human-Computer Interaction (HCI)

ñStudy of how to design and evaluate new computer 

systems where human interact through multiple 

modalities, including both input and output modalities.ò
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üThe ñComputational ò Era (Late 1980s until 2000)

1970 1980 1990 2000 2010

2) Multimodal/multisensory interfaces

Glove-talk: A neural network interface between a data-glove and a 

speech synthesizer
By Sidney Fels & Geoffrey Hinton [CHIô95]

http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=182690
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üThe ñComputational ò Era (Late 1980s until 2000)

1970 1980 1990 2000 2010

2) Multimodal/multisensory interfaces

Rosalind Picard

Affective Computing is 
computing that relates to, arises 
from, or deliberately influences 
emotion or other affective 
phenomena.
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üThe ñComputational ò Era (Late 1980s until 2000)

1970 1980 1990 2000 2010

3) Multimedia Computing

ñThe Informedia Digital Video Library Project automatically combines speech, 

image and natural language understanding to create a full-content searchable 

digital video library.ò

[1994-2010]
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üThe ñComputational ò Era (Late 1980s until 2000)

1970 1980 1990 2000 2010

3) Multimedia Computing

Á Shot -boundary detection (1991 - )

Á Parsing a video into continuous camera shots

Á Still and dynamic video abstracts (1992 - )

Á Making video browsable via representative frames (keyframes)

Á Generating short clips carrying the essence of the video content

Á High -level parsing (1997 - )

Á Parsing a video into semantically meaningful segments

Á Automatic annotation (indexing) (1999 - )

Á Detecting prespecified events/scenes/objects in video

Multimedia content analysis

http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=888862&tag=1
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Multimodal Computation Models

1970 1980 1990 2000 2010

ÅHidden Markov Models [1960s]

h0 h1 h2 h3 h4

x1 x2 x3 x4

Ç Factorial Hidden Markov 

Models [1996]

Ç Coupled Hidden Markov 

Models [1997]
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Multimodal Computation Models

1970 1980 1990 2000 2010

ÅArtificial Neural Networks [1940s]

Ç Backpropagation [1975] Ç Convolutional neural 

networks [1980s]
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üThe ñInteraction ò Era (2000s)

1970 1980 1990 2000 2010

1) Modeling Human Multimodal Interaction

AMI Project [2001-2006, IDIAP]

Å100+ hours of meeting recordings

ÅFully synchronized audio-video

ÅTranscribed and annotated

CHIL Project [Alex Waibel]

ÅComputers in the Human Interaction Loop

ÅMulti-sensor multimodal processing

ÅFace-to-face interactions

Ç TRIVIA: Samy Bengio started at IDIAP working on AMI project
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üThe ñInteraction ò Era (2000s)

1970 1980 1990 2000 2010

1) Modeling Human Multimodal Interaction

CALO Project [2003-2008, SRI]

ÅCognitive Assistant that Learns and Organizes

ÅPersonalized Assistant that Learns (PAL)

ÅSiri was a spinoff from this project

SSP Project [2008-2011, IDIAP]

ÅSocial Signal Processing

ÅFirst coined by Sandy Pentland in 2007

ÅGreat dataset repository: http://sspnet.eu/

Ç TRIVIA: LPôs PhD research was partially funded by CALO J

http://sspnet.eu/
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üThe ñInteraction ò Era (2000s)

1970 1980 1990 2000 2010

2) Multimedia Information Retrieval
ñYearly competition to 

promote progress in 

content-based retrieval 

from digital video via open, 

metrics-based evaluationò

[Hosted by NIST, 2001-2016]

Research tasks and challenges:

ÅShot boundary, story segmentation, search

ÅñHigh-level feature extractionò: semantic event detection

Å Introduced in 2008: copy detection and surveillance events

Å Introduced in 2010: Multimedia event detection (MED)



Multimodal Computational Models

ÁDynamic Bayesian Networks

ÁKevin Murphyôs PhD thesis and Matlab toolbox

Á Asynchronous HMM for multimodal [Samy Bengio, 2007]

1970 1980 1990 2000 2010

Audio-visual 

speech 

segmentation 



Multimodal Computational Models

ÁDiscriminative sequential models

Á Conditional random fields [Lafferty et al., 2001]

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

1970 1980 1990 2000 2010
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üThe ñdeep learning ò era (2010s until é)

1970 1980 1990 2000 2010

Representation learning (a.k.a. deep learning)

Key enablers for multimodal research:

Å New large-scale multimodal datasets

Å Faster computer and GPUS 

Å High-level visual features

Å ñDimensionalò linguistic features

ÅMultimodal deep learning [ICML 2011]

ÅMultimodal Learning with Deep Boltzmann Machines [NIPS 2012]

ÅVisual attention: Show, Attend and Tell: Neural Image Caption 

Generation with Visual Attention [ICML 2015]

Our tutorial focuses on this era!
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üThe ñdeep learning ò era (2010s until é)

1970 1980 1990 2000 2010

Many new challenges and multimodal corpora !!

Audio -Visual Emotion Challenge (AVEC, 2011 - )

ÅEmotional dimension estimation

ÅStandardized training and test sets

ÅBased on the SEMAINE dataset

Emotion Recognition in the Wild Challenge ( EmotiW 2013- )

ÅEmotional dimension estimation

ÅStandardized training and test sets

ÅBased on the SEMAINE dataset
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üThe ñdeep learning ò era (2010s until é)

1970 1980 1990 2000 2010

ÁImage captioning

ÁVideo description

ÁVisual Question-Answer

Renew of multimedia content analysis !



Real-World Tasks Tackled by Multimodal Research

Á Affect recognition

Á Emotion

Á Persuasion

Á Personality traits

Á Media description

Á Image captioning

Á Video captioning

Á Visual Question Answering

Á Event recognition

Á Action recognition

Á Segmentation

ÁMultimedia information retrieval

Á Content based/Cross-media
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Core Technical

Challenges
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Core Challenges in ñDeepò Multimodal ML

Tadas Baltrusaitis, Chaitanya Ahuja, 
and Louis-Philippe Morency

https://arxiv.org/abs/1705.09406

These challenges are non-exclusive.

https://arxiv.org/abs/1705.09406
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Core Challenge 1: Representation

Modality 1 Modality 2

Representation

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

Joint representations:A
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Joint Multimodal Representation

òI like it!óJoyful tone

Tensed voice

òWow!ó

Joint Representation
(Multimodal Space)
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Joint Multimodal Representations
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lAudio-visual speech recognition

Å Bimodal Deep Belief Network

Image captioning

Å Multimodal Deep Boltzmann Machine

[Ngiam et al., ICML 2011]

[Srivastava and Salahutdinov, NIPS 2012]

Audio-visual emotion recognition

Å Deep Boltzmann Machine

[Kim et al., ICASSP 2013]

VerbalVisual

Multimodal Representation
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Multimodal Vector Space Arithmetic

[Kiros et al., Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models, 2014]
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Core Challenge 1: Representation

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

Modality 1 Modality 2

Representation

Modality 1 Modality 2

Repres 2Repres. 1

Joint representations:A Coordinated representations:B
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Coordinated Representation: Deep CCA

··· ···

Text Image
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╤ ╥
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Learn linear projections that are maximally correlated:

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.

t1

t2

t3

tn

Modality 2Modality 1

t4

t5

tn

F
a
n

c
y
 a

lg
o

ri
th

m

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

A

B
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Implicit Alignment

Karpathy et al., Deep Fragment Embeddings for Bidirectional Image Sentence Mapping, 

https://arxiv.org/pdf/1406.5679.pdf



52

Attention Models for Image Captioning

Distribution 

over L 

locations

Expectation 

over features: 

D

ὥ

ί ί

ᾀ ώ

ὥ Ὠ

ί

ᾀ ώ

ὥ Ὠ

First word

Output 

word
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Core Challenge 3: Fusion

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

Model-Agnostic ApproachesA

Classifier

Modality 1

Modality 2

Classifier

Classifier

Modality 1

Modality 2

1) Early Fusion 2) Late Fusion
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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) ApproachesB

1) Deep neural networks

2) Kernel-based methods

3) Graphical models ●═

Ὤ Ὤ Ὤ Ὤ Ὤ

●═ ●═ ●═ ●═

●╥

Ὤ Ὤ Ὤ Ὤ Ὤ

●╥ ●╥ ●╥ ●╥

y

Multiple kernel learning

Multi-View Hidden CRF
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Core Challenge 4: Translation

Definition: Process of changing data from one modality to another, where the 
translation relationship can often be open-ended or subjective.

Example-basedA Model-drivenB



Core Challenge 4 ïTranslation

Transcriptions

+

Audio streams

Visual gestures
(both speaker and 

listener gestures)

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.

Modality 1

Prediction

Modality 2

Help during 
training
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Core Challenge 5: Co -Learning

ParallelA Non-ParallelB HybridC



Taxonomy of Multimodal Research

Representation
ÁJoint

o Neural networks

o Graphical models

o Sequential

ÁCoordinated

o Similarity

o Structured

Translation
ÁExample-based

o Retrieval

o Combination

ÁModel-based

o Grammar-based

o Encoder-decoder

o Online prediction

Alignment

ÁExplicit

o Unsupervised

o Supervised

ÁImplicit

o Graphical models

o Neural networks

Fusion

ÁModel agnostic

o Early fusion

o Late fusion

o Hybrid fusion

Á Model-based

o Kernel-based

o Graphical models

o Neural networks

Co-learning

ÁParallel data

o Co-training

o Transfer learning

ÁNon-parallel data

Á Zero-shot learning

Á Concept grounding

Á Transfer learning

ÁHybrid data

Á Bridging

Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe Morency, Multimodal Machine Learning: A Survey and Taxonomy

[ https://arxiv.org/abs/1705.09406 ]

https://arxiv.org/abs/1705.09406


Multimodal Applications

Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe Morency, Multimodal Machine Learning: A Survey and Taxonomy

[ https://arxiv.org/abs/1705.09406 ]

https://arxiv.org/abs/1705.09406
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Basic Concepts:

Score and Loss 

Functions
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Linear Classification (e.g., neural network)

?

1. Define a (linear) score function

2. Define the loss function (possibly nonlinear)

3. Optimization

Image

(Size: 32*32*3)
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1) Score Function

Dog ?

Cat ?

Duck ? 

Pig ?

Bird ?

What should be 

the prediction 

score for each 

label class?

ὪὼȠὡȟὦ ὡὼ ὦ

For linear classifier:

Class score

Input observation (ith element of the dataset)

(Size: 32*32*3)

Image

Weights Bias vector

Parameters

[3072x1]

[10x3072] [10x1]

[10x3073][10x1]
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The planar decision surface 

in data-space for the simple 

linear discriminant function: 

Interpreting a Linear Classifier

ὡὼ ὦ π

Ὢὼ

ύ

ὦ

ύ

Ὢὼ

Ὢὼ

Ὢὼ
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Some Notation Tricks ïMulti -Label Classification

ὪὼȠὡȟὦ ὡὼ ὦ ὪὼȠὡ ὡὼ

InputWeights Bias

[3072x1][10x3072] [10x1]

x + InputWeights

[3073x1][10x3073]

x

Add a ñ1ò at the 

end of the input 

observation vector

The bias vector will 

be the last column of 

the weight matrix

ὡ ὡ ὡ ȣ ὡ
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Some Notation Tricks

ὪὼȠὡȟὦGeneral formulation of linear classifier:

ñdogò linear classifier:

ὪὼȠὡȟὦ Ὢ

ὪὼȠὡ ȟὦ or

or

Linear classifier for label j:

ὪὼȠὡȟὦ Ὢ

ὪὼȠὡȟὦ or

or
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Interpreting Multiple Linear Classifiers

ὪὼȠὡȟὦ ὡὼ ὦ

CIFAR-10 object 

recognition datasetὪ

Ὢ

Ὢ
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Linear Classification: 2) Loss Function

(or cost function or objective)

ὪὼȠὡ

2 (dog) ?

1 (cat) ?

0 (duck) ? 

3 (pig) ?

4 (bird) ?(Size: 32*32*3)

Image

98.7

45.6

-12.3 

12.2

-45.3

Scores

ὼ

Label

ώ ςὨέὫ

Loss

ὒ ȩ

Multi -class problem

How to assign 

only one number 

representing 

how ñunhappyò 

we are about 

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?
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First Loss Function: Cross -Entropy Loss

(or logistic loss)

Logistic function: „Ὢ
ρ

ρ Ὡ

0.5

0

0

1

„Ὢ

ὪüScore function
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First Loss Function: Cross -Entropy Loss

(or logistic loss)

Logistic function: „Ὢ
ρ

ρ Ὡ

Logistic regression:
(two classes)

„ύ ὼ

0.5

0

0

1

„Ὢ

Ὢ

ὴώ ͼὨέὫͼὼȠύ

üScore function

= true
for two-class problem
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First Loss Function: Cross -Entropy Loss

(or logistic loss)

Logistic function: „Ὢ
ρ

ρ Ὡ

ὴώὼȠὡ
Ὡ

ВὩ

Softmax function:
(multiple classes)

Logistic regression:
(two classes)

„ύ ὼὴώ ͼὨέὫͼὼȠύ
= true
for two-class problem
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First Loss Function: Cross -Entropy Loss

(or logistic loss)

ὒ ÌÏÇ
Ὡ

ВὩ

Softmax function

Cross-entropy loss:

Minimizing  the 

negative log  likelihood.



73

Second Loss Function: Hinge Loss

loss due to  

example i sum over all

incorrect labels

difference between the correct class

score and incorrect class score

(or max-margin loss or Multi-class SVM loss)


