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Objectives

= |dentify the 5 technical challenges in multimodal
machine learning

= |dentify tasks/applications of multimodal
machine learning

= Knowledge of available datasets to tackle the
challenges

= Appreciation of current state-of-the-art
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Research and
technical challenges



Challenge 1 - Multimodal representation

Prediction Prediction Prediction

= “Computer interpretable description
of the multimodal data (e.g., vector,
tensor)”
= Missing modalities
» Heterogeneous data (symbols vs
signals)
= Static vs. sequential data
= Different levels of noise
= Focus throughout the course,
particularly weeks 3-7

Fancy
representation

Fancy
representation
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Modality 1

Modality 2




Challenge 1 - Multimodal representation types

@ Joint representations: > Simplest version: modality
concatenation (early fusion)
Representation
i > Can be learned supervised
or unsupervised
Modality 1 Modality 2

» Multimodal factor analysis

Coordinated representations:

Repres.1 <=  Repres 2

I I

Modality 1 Modality 2

» Similarity-based methods
(e.g., cosine distance)

» Structure constraints (e.g.,
orthogonality, sparseness)
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Challenge 2 - Multimodal Translation / Mapping

Translation / mapping:
“Process of changing data from
one modality to another”

Challenges:
|.  Different representations
lI.  Multiple source modalities
lll. Open ended translations
V. Subjective evaluation
V. Repetitive processes

» Speech synthesis

oo 4
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Challenge 2 - Multimodal Translation / Mapping

= TWO major types @ Bounded (example based) translations:

= Example based
=  Generative

= Focus of some of the
Invited talks and Week 4,

Modality 1

5 9 Modality 2
Open-ended (generative) translations:
Modality 1 "Wy | W, [ | Wy
Modality 2
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Challenge 3 - Alignment

= Alignment of (sub)components of
multimodal signals Modality 1 Modality 2

= Examples
* |Images with captions
= Recipe steps with a how-to video \
= Phrases/words of translated sentences

= Two types \
= Explicit — alignment is the task in itself

= Latent — alignment helps when solving a
different task (for example “Attention”
models)

= Focus of week 9

Fancy algorithm

1717
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Challenge 3 - Alignment

= Alignment of (sub)components of

multimodal signals Modality 1 Modality 2
= Examples
= |mages with captions @_’ -
= Recipe steps with a how-to video n \ é

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

‘ )

tennis ball ﬂ dog swimming J’ murky water

o | |
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Challenge 4 - Multimodal Fusion

Process of joining information from two or more modalities to
perform a prediction

= One of the earlier and more established problems

= e.g. audio-visual speech recognition, multimedia event detection,
multimodal emotion recognition

= Two major types Prediction
= Model Free

= Early, late, hybrid
= Model Based Fancy

algorithm
= Kernel Methods
= Graphical models f

= Neural networks
Focus of Week 12
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Challenge 5 — Co-learning

= How can one modality help
learning in another modality? Prediction

= One modality may have more
resources

= Bootstrapping or domain
adaptation

= Zero-shot learning Help during
training
= How to alternate between :
.. . . Prediction
modalities during learning? .
= Co-training (term introduced by :

Avrim Blum and Tom Mitchell from
CMU) Help during

. training
= Transfer learning
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Challenge 5 — Co-learning

= How can C
learning in

= Onem
resour

=  Bootst
adapta

= How to alt
modalities

= Co-trai
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Co-Training [terations

Error versus number of iterations for one run of co-training experiment.

training




Core research problems recap

= Representations
= Unimodal vs Multimodal
= Joint vs Coordinated

= Complementary (redundancy) vs Supplementary (adds
extra)

= Alignment
= Latent vs Explicit

= Translation
= Example based vs Generative

= Fusion
= Model free vs Model-full

= Co-learning
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Actual tasks and
datasets



Real world tasks tackled by MMML

Affect recognition
= Emotion
= Personality traits
= Sentiment
Media description
= |mage captioning
= Video captioning
= Visual Question Answering
Event recognition
= Action recognition
= Segmentation
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Affect recognition

= Emotion recognition

= Categorical emotions — happiness, sadness, etc.
= Dimensional labels — arousal, valence

= Personality/trait recognition

= Not strictly affect but human behavior
= Big 5 personality -

= Sentiment analysis . .

Disgust
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Affect recognition dataset 1

= AFEW - Acted Facial Expressions in the
Wild (part of EmotiW Challenge)

= Audio-Visual emotion labels — acted
emotion clips from movies

= 1400 video sequences of about 330
subjects

= | abelled for six basic emotions + neutral

= Movies are known, can extract the
subtitles/script of the scenes

= Part of EmotiW challenge
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https://cs.anu.edu.au/few/AFEW.html
https://sites.google.com/site/emotiw2016/

Affect recognition dataset 2

= Three AVEC challenge datasets 2011/2012,
2013/2014, 2015, 2016

= Audio-Visual emotion recognition

= Labeled for dimensional emotion (per
frame)

= 2011/2012 has transcripts

= 2013/2014/2016 also includes depression
labels per subject

= 2013/2014 reading specific text in a subset
of videos

= 2015/2016 includes physiological data

AVEC 2015/2016
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http://sspnet.eu/avec2011/challenge-data/
http://sspnet.eu/avec2014/challenge-guidelines/
http://sspnet.eu/avec2015/challenge-guidelines/
http://sspnet.eu/avec2015/challenge-guidelines/

Affect recognition dataset 3

= The Interactive Emotional Dyadic Motion
Capture (IEMOCAP)

= 12 hours of data

= Video, speech, motion capture of face, text
transcriptions

= Dyadic sessions where actors perform
Improvisations or scripted scenarios

= (Categorical labels (6 basic emotions plus
excitement, frustration) as well as dimensional
labels (valence, activation and dominance)

= Focus is on speech
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http://sail.usc.edu/iemocap/

Affect recognition dataset 4

= Persuasive Opinion Multimedia (POM)
= 1,000 online movie review videos

= A number of speaker traits/attributes
labeled — confidence, credibility, passion, |
persuasion, big 5... raliv

(5-star ratings)
= Video, audio and text
= Good quality audio and video recordings

Negative opinions
(1- or 2-star ratings)
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Affect recognition dataset 4

= Multimodal Corpus of Sentiment
Intensity and Subjectivity
Analysis in Online Opinion
Videos (MOSI)
= 89 speakers with 2199 opinion
segments
= Audio-visual data with
transcriptions
= Labels for sentiment/opinion
= Subjective vs objective
= Positive vs negative
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https://docs.google.com/forms/d/e/1FAIpQLSd8LfYr1AZuxeNBNlRUwl8coSoB52qj53Wd9WTwoWEplC4djQ/viewform?c=0&w=1

Affect recognition technical challenges

= \What technical problems could be addressed?
= Fusion
* Representation
= Translation
= Co-training/transfer learning
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Affect recognition state of the art

= AVEC 2015 challenge winner:

= Multimodal Affective Dimension Prediction Using Deep
Bidirectional Long Short-Term Memory Recurrent Neural

= Will learn more about such models in week 4
Gaussian
Audio-CON Offset |—s| Feature | ol ppj oM |5 Smoothing
Selection (fixed length)
: Gaussian
Geometric Features Offset |- Feature DBLSTM |3/ Smoothing
Selection (fixed length)
LGBP-TOP - Gaussian
! Offset DBLSTM —> Smoothing Final
(fixed length) prediction
LPQ- Gaussian DBLSTM —m>
TOP Inter- Feature B
—> > Offset —> Selection > DBLSTM = Smoothing
polation (fixed length)
“GoC Gaussian
ECG-CON Feature | _fphpgrm Smoothing
Selection h
(variable length)
Gaussian
EDA-CON .
= Sefection [~ DBLSTM Smoothing
(variable length)
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Affect recognition state of the art 2

= EmotiwW 2016 winner

* Video-based Emotion Recognition Using CNN-

RNN and C3D Hybrid Networks

CNN-RNN

Visual Features Sequence Learning
________________________
:
Frames | VGGI6

Predictions

~

i : :
i i VGGle LSTM
Convolution 3D

Video

Final
Predictions

57

Audio

={ SVM With Linear Kernal
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Media description

= Given a piece of media (image, video, audio-
visual clips) provide a free form text description

= Earlier work looked at classes/tags/etc.
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Media description dataset 1 — MS COCO

= Microsoft Common Objects in COntext (MS COCOQO)

= 120000 images

= Each image is accompanied with five free form sentences
describing it (at least 8 words)

= Sentences collected using crowdsourcing (Amazon Mechanical
Turk)

= Also contains object detections, boundaries and keypoints

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.
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http://mscoco.org/dataset/

Media description dataset 1 — MS COCO

= Has an evaluation server
= Training and validation - 80K images (400K
captions)
= Testing — 40K images (380K captions), a subset

contains more captions for better evaluation, these
are kept privately (to avoid over-fitting and cheating)

= Evaluation is difficult as there is no one “correct” answer
for describing an image in a sentence

= Given a candidate sentence it is evaluated against a set
of “ground truth” sentences
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M1

M2

M3

M4

M5

State-of-the-art on MS COCO

= A challenge was done with actual human
evaluations of the captions (CVPR 2015)

Percentage of captions that are evaluated as better or equal to human caption.
Percentage of captions that pass the Turing Test.

Average correctness of the captions on a scale 1-5 (incorrect - correct).

Average amount of detail of the captions on a scale 1-5 (lack of details - very detailed).

Percentage of captions that are similar to human description.
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http://mscoco.org/dataset/

State-of-the-art on MS COCO

= A challenge was done with actual human
evaluations of the captions (CVPR 2015)

M1 IF m2 M3 M4 M5
Humant! 0.638 0.675 4.836 3.428 0.352
Googlet*! 0.273 0.317 4.107 2.742 0.233
MSREE] 0.268 0.322 4.137 2.662 0.234
Montreal/Torontoll% 0,262 0.272 3.932 2.832 0.197
MSR Captivator!®] 0.250 0.301 4.149 2.565 0.233
Berkeley LRCNI 0.246 0.268 3.924 2.786 0.204
m-RNN3] 0.223 0.252 3.897 2.595 0.202
Nearest Neighbor™l  0.216 0.255 3.801 2.716 0.196
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http://mscoco.org/dataset/

State-of-the-art on MS COCO

CIDEr-D |f Meteor ROUGE-L BLEU-1 BLEU-2
Googlet 0.943 0.254 0.53 0.713 0.542
MSR Captivator®! 0.931 0.248 0.526 0.715 0.543
m-RNNII 0.917 0.242 0.521 0.716 0.545
MSRIE] 0.912 0.247 0.519 0.695 0.526
Nearest Neighborl!!) 0.886 0.237 0.507 0.697 0.521
m-RNN (Baidu/ UCLA)1  0.886 0.238 0.524 0.72 0.553
Berkeley LRCNE 0.869 0.242 0.517 0.702 0.528
HumanP! 0.854 0.252 0.484 0.663 0.469
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State-of-the-art on MS COCO

= Currently best results are:

= Google - Show and Tell: A Neural Image Caption
Generator

= MSR - From Captions to Visual Concepts and
Back

= Nearest neighbor does surprisingly well on the
automatic evaluation benchmarks

* Humans perform badly on automatic evaluation
metrics (shows something about the metrics)
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State-of-the-art on MS COCO

oup of people
Jping at an
loor market.

‘e dare many

| -~ itables at the
'\ woman, crowd, cat,

( camera, holding, purple o stand.

A purple camera with a woman. B
\, Awoman holding a camera in a crowd.

norsnnsargs )+ [ELIICS)
o

3. re-rank '\ #1 Awoman holding a
sentences camera in a crowd.

J/
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Media description dataset 2 - Video captioning

= MPII Movie Description dataset

= A Dataset for Movie Description

= Montréal Video Annotation dataset

= Using Descriptive Video Services to Create a Large Data Source for Video
Annotation Research

‘.

AD: Abby gets in the  Mike leans over and sees ~ Abby clasps her hands
basket. how high they are. around his face and
kisses him passionately.
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http://www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-computing/research/vision-and-language/mpii-movie-description-dataset/
http://www.mila.umontreal.ca/Home/public-datasets/montreal-video-annotation-dataset/
http://www.mila.umontreal.ca/Home/public-datasets/montreal-video-annotation-dataset/

Media description dataset 2 - Video captioning

= Both based on audio descriptions for
the blind (Descriptive Video Service -
DVS tracks)

= MPII - 70k clips (~4s) with
corresponding sentences from 94
movies

- Montréal — 50k clips (~6s) with = H”_.__‘ r
corresponding sentences from 92 s
mOV|eS on s E_ZDVS soundtrac ‘ \ . |
. {‘"30 Aoé"b; 0‘2' | bl
= Not always well aligned S m»m

= Quite noisy labels
= Single caption per clip

Language Technologies Institute

[empty] The teen gives her a weary smile In the water, the banana bundles float
then leans over the side of the boat. free of the netting.




Media description dataset 2 - Video captioning

= |Large Scale Movie Description and Understanding Challenge (LSMDC)

= Combines both of the datasets and provides three challenges
= Movie description
= Movie annotation and Retrieval
= Movie Fill-in-the-blank
= Nice challenge, but beware
= Need a lot of computational power
= Processing will take space and time

.‘ QUERY: answerng phon |
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https://sites.google.com/site/describingmovies/home

Video description state-of-the-art

= Good source for results - Describing and Understanding Video &
The Large Scale Movie Description Challenge (LSMDC), hosted at
ECCV 2016 and ICCV 2015

= Video Captioning and Retrieval Models with Semantic Attention

= Video Description by Combining Strong Representation and a
Simple Nearest Neighbor Approach

Word prediction
(ex. hif)

Softmax t

ﬁ lrees
t .
{ai} Caption decoding LSTM
t

[ Outpul J
attention ‘
\FC layer ho = Sn L)

tt ht @
@} ——(9]
Input

[ altcnuon]
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https://sites.google.com/site/describingmovies/home
https://sites.google.com/site/describingmovies/lsmdc-2016
https://sites.google.com/site/describingmovies/workshop-at-iccv-15

Charades Dataset —video description dataset

= http://allenal.org/plato/charades/

= 9848 videos of daily indoors activities
= 267 different users

= Recording videos at home

= Home quality videos

Sampled Words
Kitchen

"~ vacuum rlaughing

groceries || 4 rinking
chair putting
refrigerator| washing

; pillow ’ closing

"A person opens a refrigerator,

Scripts | [ Recorded Videos
"A person is washing their ‘
refrigerator. Then, opening it,
the person begins putting
away their groceries."

and begins drinking out of a
jug of milk before closing it."

Language Technologies Institute

Annotations

| "A person stands in the kitchen
and cleans the fridge. Then start
to put groceries away from a bag"
Qpening a refrigerator
Dutting groceries somewhere
Closing a refrigerator

i“;;person drinks milk from a fridge, |
| they then walk out of the room."

Qpening a refrigerator
DRrinking from cuplbottle



http://allenai.org/plato/charades/

Media Description dataset 3 - VOA

= Task - Given an image and a question answer
the question (http://www.visualga.org/)

o |

What color are her eyes?

How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

-
=i
| 3 S
& 3 " e
| \ .!' ) . « "
’ Y L/
Ty

Does it appear to be rainy?
Does this person have 20/20 vision?

Is this person expecting company?
What is just under the tree?
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Media Description dataset 3 - VOA

8653. COCO_train2014_000000450914 ( open-Ended/Multiple-Choice/Ground-Truth/common-sense )

= Real images

C Image On/off ) Q: Are these veggies or fi
Tru
(1) fruits )
- (2) fruits (7) fruits
= 200k MS COCO im @ &
I a eS E;g g rrrrr E?%) ;ults
Q: What he white bowl
= 600k t e
uestons TFE o
3
EA; rrrrrrrrr Zes
(5) fruits

= 6M answers
= 1.8M plausible answers

= Abstract images
= 50k scenes
= 150k questions
= 1.5M answers
= 450k plausible answers

Is this person expecting company?
What is just under the tree?
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VQA state-of-the-art

= Multimodal Compact Bilinear Pooling for Visual Question Answering and
Visual Grounding

= Winner is a representation/deep learning based model

= Currently good at yes/no question, not so much free form and counting
By Answer Type

Overall
Yes/No . Number  Other
UC Berkeley & Sony[14] 83.79 38.9 58.64 6.9
Naver Labs[10] 83.78 3767 54.74 64.89
DLAITE 83.65 39.18 5262 63.97
snubi-naverlabs(<] 83.64 38.43 51.61 63.4
POSTECH!] 81.85 38.02 53.12 63.35
Brandeis[*] 82.53 36.54 51.71 62.8
VTComputervisonl1] 80.31 37.87 52.16 62.23
MIL-UTL 82.39 36.7 4976 61.82
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VQA 2.0

= Just guessing without an image lead to ~51% accuracy
= Sothe Vin VQA “only” adds 14% increase in accuracy

=  VOA V2.0 is attempting to address this
= Does not seem to be released just yet ®

Who is wearing glasses? Where is the child sitting?
man woman Mfridge arms

Is the umbrella upside down? How many children are in the bed?
yes no
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http://www.visualqa.org/vqa_v2.html

Multimodal Machine Translation

= Generate an image description in a target language, given
an image an one or more descriptions in a source language

= http://www.statmt.org/wmtl6/multimodal-task.html
= 30K multilingual captioned images (German and English)

1. Brick layers constructing a wall. 1. The two men on the scaffolding are
g helping to build a red brick wall.
2. Zwei Mauerer mauern ein Haus
zusammen.

1. There is a young girl on her cell-
phone while skating.

2. Maurer bauen eine Wand.

1. Trendy girl talking on her cellphone
while gliding slowly down the street

2. Ein schickes Midchen spricht mit
dem Handy wihrend sie langsam die
Stra3e entlangschwebt.

2. Eine Frau im blauen Shirt telefoniert
beim Rollschuhfahren.

(a) Translations (b) Independent descriptions
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http://www.statmt.org/wmt16/multimodal-task.html
http://www.statmt.org/wmt16/multimodal-task.html
http://www.statmt.org/wmt16/multimodal-task.html

Media description technical challenges

= \What technical problems could be addressed?
= Translation
* Representation
= Alignment
= Co-training/transfer learning

e  Mike leans over and sees ~ Abby clasps her hands

how high they are. around his face and
kisses him passionately.

What color are her eyes? How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?
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Event detection

»= Given video/audio/ text
detect predefined events or
scenes

= Segment events in a stream
= Summarize videos

Action knead Object dough Run Hybrid

. M ] 0 EI” Heston's Cinnamon ro
; ! ' T e R e
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Event detection dataset 1

= What's Cooking - cooking action dataset
= melt butter, brush oll, etc.
= taste, bake etc.

= Audio-visual, ASR captions
= 365k clips
= Quite noisy

= Surprisingly many cooking

Action knead Object dough Run Hybrid
184 results
How to Make En

uffins... da ® < @ | ™

datasets:
= TACO0S, TACoS Multi-Level,
YouCook
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https://github.com/malmaud/whats_cookin
http://www.coli.uni-saarland.de/projects/smile/page.php?id=tacos
https://www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-computing/research/vision-and-language/tacos-multi-level-corpus/
https://www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-computing/research/vision-and-language/tacos-multi-level-corpus/
https://www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-computing/research/vision-and-language/tacos-multi-level-corpus/
http://www.cse.buffalo.edu/~jcorso/r/youcook/

Event detection dataset 2

= Multimedia event detection

= TrecVid Multimedia Event Detection (MED) 2010-
2015

= One of the six TrecVid tasks
= Audio-visual data
= Event detection
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http://nist.gov/itl/iad/mig/med14.cfm

Event detection dataset 3

[ Tltle_based Vldeo Video Title: Killer Bees Hurt 1000-1b Hog in Bishee AZ
Summarization dataset | s J

= 50 videos labeled for —
scene importance, can be o -7 o

Input Video

-
S, 7

. . g r,;,«,vﬁfu al vasual ('u?ft“z._f,ﬁ"/l | v )

used for summarization 2382383 V(= DX g .
based on the title T . .
() 00 1AA OO o001 XN |

00 1ATA OO0 00 Wik |

=~ (I

- N
——————— N
——————

~ 3

- -
\d
“hog” “killer bees” “beekeeper” “hog”
> N
: > R
o B
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https://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=72
https://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=72
https://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=72
https://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=72

Event detection dataset 4

= MediaEval challenge datasets

= Affective Impact of Movies (including Violent
Scenes Detection)

= Synchronization of Multi-User Event Media
= Multimodal Person Discovery in Broadcast TV
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http://multimediaeval.org/mediaeval2015/

Event detection technical challenges

= What technical problems could be addressed?
= Fusion
= Representation
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Cross-media retrieval

= Given one form of media retrieve related forms of media,
given text retrieve images, given image retrieve relevant
documents

= Examples:
= Image search
= Similar image search

= Additional challenges
= Space and speed considerations

Language Technologies Institute



(=

Go gle Hans Gruber

All Images /ideos Shopping News More v Search tools

About 3,150,000 results (0.30 seconds)

In the news

Alan Rickman, a.k.a. Hans Gruber and
Snape, dies at age 69

MarketWatch - 34 mins ago

He also starred as Hans Gruber, the villain in the Bruce Willis
vehicle “Die Hard.” and as the ..

Alan Rickman — Professor Snape in Harry Potter and Hans Gruber in Die Hard — dead
at 69

National Post - 47 mins ago HanS Gru ber

Alan Rickman, Harry Potter's Snape and Hans Gruber in Die Hard, dies aged 69

following battle with cancer .. Hans Gruber was a Canadian conductor of Austrian birth. Born in Vienna,

Belfast Telegraph - 25 mins ago Gruber became a naturalised Canadian citizen in 1944. He entered The
f Royal Conservatory of Music in 1939 where he was a conducting student
More news for Hans Gruber of Allard de Ridder. Wikipedia

Born: July 11, 1925, Vienna, Austria
Hans Gruber on Twitter Died: August 6, 2001
https://twitter.com/search/Hans+Gruber W

Dara O Briain (@daraobriain) jack monroe (@MxJackMonroe)

8 mins ago - View on Twitter 16 mins ago - View on Twitter

Not a great believer in the afterlife, but | Alan Rickman: born on a council estate S
hope, right now, Hans Gruber is sitting on and grew up to be The Sheniff, Hans

a beach, eamning 20% Gruber, Louis XIV, Jamie, Harry, Judge

Turpin, Snape. My heart. @
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Cross-media retrieval datasets

* MIRFLICKR-1M

= 1M images with associated tags and captions
= Labels of general and specific categories

NUS-WIDE dataset

= 269,648 images and the associated tags from Flickr, with a
total number of 5,018 unique tags;

Yahoo Flickr Creative Commons 100M
= Videos and images

Wikipedia featured articles dataset
= 2866 multimedia documents (image + text)

= Can also use image and video captioning datasets
= Just pose it as a retrieval task

Language Technologies Institute



http://press.liacs.nl/mirflickr/
http://press.liacs.nl/mirflickr/
http://press.liacs.nl/mirflickr/
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
https://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=67
http://www.svcl.ucsd.edu/projects/crossmodal/

Cross-media retrieval challenges

= \What technical problems could be addressed?

= Representation
= Translation

= Alignment

= Co-learning

Language Technologies Institute



Technical Issues
and support



Challenges

= To those used to only dealing with text or speech

= Space will become an issue working with image and video
data

= Some datasets are in 100s of GB (compressed)

= Memory for processing it will become an issue as well
= Won't be able to store it all in memory

= Time to extract features and train algorithms will also
become an issue

Plan accordingly!

= Sometimes tricky to experiment on a laptop (might need to do
It on a subset of data)
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Avalilable tools

= Use avallable tools in your research groups
= Or pair up with someone that has access to them

= Find a GPU!

= We will be getting AWS credit for some extra
computational power
=  Will allow for training in the cloud

= Google Cloud Platform credit as well

. amaZon
Google Cloud Platform Web Se rvlceSTM
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Before next class

= Let us know
= what challenge and dataset interests you
= What computational power you have available
= Instructions how to do this will be sent today/tomorrow - Piazza

= Will reserve 10 minutes next week for “speed dating” and
finding partners for projects
= Reading group assignment
= Representation Learning: A Review and New Perspectives
= Questions announced on Friday
= Answer using Gradescope (instructions will follow soon)
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http://www.cl.uni-heidelberg.de/courses/ws14/deepl/BengioETAL12.pdf

Reference book for the course

= Good reference source

= |s not focused on multimodal but good primer for deep
learning

= http://www.deeplearningbook.org/
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http://www.deeplearningbook.org/

