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Administrative Stuff



Project preferences (deadline Tuesday 9/1 at 5pm ET)
▪ Let us know about your project preferences, including datasets, 

research topics and potential teammates
▪ Preferences will be shared with other students (two spreadsheets)

▪ We will reserve a moment on Thursday 9/3 to help with team matching
▪ Instructions shared via Canvas (released today at 11am ET)

Reading Assignment (due Friday 9/4 at 8pm ET)
▪ Two papers: MMML paper + a second paper of your choice
▪ Instructions shared via Canvas (released today at 11am ET)

Lecture Participation (starting today)
▪ Using your cellphone to confirm attendance

▪ We plan to use Poll Everywhere for class participation.

Upcoming Course Assignments
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Attendance





Louis-Philippe Morency

 
Multimodal Machine Learning
Lecture 2.1: Unimodal Representations

* Original course co-developed with Tadas Baltrusaitis. 
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Lecture Objectives

▪ Examples of sentence modeling tasks
▪ Sequence predictions and language models

▪ Syntax and language structure
▪ Phrase-structure and dependency grammars
▪Self-attention models (transformers)
▪ Position embeddings
▪Pre-training and language transformers
▪ BERT: Bidirectional Encoder Representations from Transformers 
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Examples of 
Sentence Modeling Tasks



9

Sentence Modeling: Sequence Prediction

Part-of-speech 
?
(noun, verb,…)

Prediction

Ideal for anyone wit
h

an interest in disguises

POS? POS? POS? POS? POS? POS? POS? POS?

Sentiment ?
(positive or negative)
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Sentence Modeling: Sequence Label Prediction

Sentiment ?
(positive or negative)

Prediction

Ideal for anyone wit
h

an interest in disguises

Sentiment label?
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Sentence Modeling: Language Model

Next 
word

Prediction 

Ideal for anyone wit
h

Next word?

an interest in disguises
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recognize speech

Language Model Application: Speech

Acoustic Model

wreck a nice beach

wreak a night’s beech

Language Model

Language model
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Syntax and 
Language Structure
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Syntax and Language Structure

What can you tell about this sentence?

VerbNoun Adjective

Alice   ate    yellow       squash

Noun

Noun phrase

Verb phrase

Sentence

Noun 
phrase

1 Part-of-speech 
tags

2 Syntactic parse tree

Phrase-structure Grammar
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Syntax and Language Structure

What can you tell about this sentence?

VerbNoun Adjective

Alice   ate    yellow       squash

Noun 1 Part-of-speech 
tags

2 Syntactic parse tree

Phrase-structure Grammar

Dependency Grammar
subject

objec
t

attribut
e

3

Noun phrase

Verb phrase

Sentence

Noun 
phrase
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Ambiguity in Syntactic Parsing

“Like” can be a verb or a preposition
▪ I like/VBP candy.
▪ Time flies like/IN an arrow.

“Around” can be a preposition, particle, or adverb
▪ I bought it at the shop around/IN the corner.
▪ I never got around/RP to getting a car.
▪ A new Prius costs around/RB $25K.

16
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Language Ambiguity

SS

NP NP

NP NPNP     

VP VP

V VN N

N N N NDet Det

Salesmen   sold    the   dog    biscuits Salesmen    sold the  dog   biscuits
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Det  Noun  Verb  Det   Noun   Prep Det  Noun  
The   boy    saw   the    dog in     the   park

S

VP

NP            
NPDet   N  V  Det   N  

The boy saw the dog
The     boy     saw     the    dog

Language Syntax – Examples 

Subject
Object

Det.

Det.

Dependency ParsingConstituency Parsing

Part of Speech tagging

ROOT

How to model language structure and 
syntax with neural networks?
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Self-Attention Models
(aka Transformers)
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Self-Attention

 

         

       

         

Σ

I

 
do

 
not

 
like

 
it

 

Self-attention Module
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Self-Attention

I

 
do

 
not

 
like

 
it

 

 

         

       

         

Σ

         

Self-attention Module
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Transformer Self-Attention

         

         

ΣΣ Σ Σ Σ

 

…

       

… … … …

I

 
do

 
not

 
like

 
it

 

                   

                 

Value

Key

Query 
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Transformer Self-Attention

         

         

ΣΣ Σ Σ Σ

 

…

       

… … … …

I

 
do

 
not

 
like

 
it

 

                   

                 

Scale 
dot-product 
attention 
weights

Value

Key

Query 
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Transformer Self-Attention

         

         

ΣΣ Σ Σ Σ

 

…

       

… … … …

I

 
do

 
not

 
like

 
it

 

                   

                 

Value

Key

Query

Scale 
dot-product 
attention 
weights
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Transformer Self-Attention

         

         

ΣΣ Σ Σ Σ

 

…

       

… … … …

I

 
do

 
not

 
like

 
it

 

                   

                 

Value

Key

Query 

Scale 
dot-product 
attention 
weights
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Transformer Self-Attention

I

 
do

 
not

 
like

 
it

 

Transformer’s Self-Attention Layer
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Transformer’s Self-Attention Layer

         

Transformer’s Self-Attention Layer

Transformer Multi-Head Self-Attention

I

 
do

 
not

 
like

 
it

 

         

Transformer’s Self-Attention Layer

   

         
Linear 

projection
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Transformer Multi-Head Self-Attention

I

 
do

 
not

 
like

 
it

 

Transformer’s Multi-Head 
Self-Attention Layer
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Transformer Multi-Head Self-Attention

I

 
do

 
not

 
like

 
it

 

Transformer’s Multi-Head 
Self-Attention Layer

         

   
   

   

What happens if the words are shuffled?
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Position embeddings

I

 
do

 
not

 
like

 
it

 

❑ Position information is not encoded in a self-attention 
module

How can we encode position 
information?

Simple approach: one-hot encoding

         

0
0
1
0
0

0
0
0
1
0

1
0
0
0
0

0
0
0
0
1

0
1
0
0
0
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Position embeddings

I

 
do

 
not

 
like

 
it

 

❑ Position information is not encoded in a self-attention 
module

How can we encode position 
information?

Simple approach: one-hot encoding + linear embeddings

         

Sum

conca
t

- or 
-

   

+ 
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Transformer Multi-Head Self-Attention

Transformer’s Multi-Head 
Self-Attention Layer

         

   
   

   

I donot like it
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Transformer Multi-Head Self-Attention

 

Transformer’s Multi-Head 
Self-Attention Layer

 

   
   

   

 

In vector format…
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Transformer Multi-Head Attention

Transformer’s Multi-Head 
Attention Layer

   
   

   

ValueKeyQuery
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Transformer – Residual Connection

Transformer’s Multi-Head 
Attention Layer

   
   

   

ValueKeyQuery

 
 

 

 



36

Pre-training and 
Language Transformers
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Token-level and Sentence-level Embeddings

I do not like it

         

         

Token-level embeddings

I do not like it

         

 

Sentence-level embedding
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Pre-Training and Fine-Tuning

I do not like it

         

         

Pre-training

I do not like it

         

         

Fine-Tuning

         

Initialize
parameters

(e.g., language model)
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BERT: Bidirectional Encoder Representations from Transformers 

I do not like it

         

          

Jointly learn representation for token-level and sentence 
level

1

2 Same network architecture for pre-training and 
fine-tuning

Advantages:
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BERT: Bidirectional Encoder Representations from Transformers 

I do not like it

         

          

Advantages:

3 Can be used learn relationship between sentences 

Jointly learn representation for token-level and sentence 
level

1

2 Same network architecture for pre-training and 
fine-tuning

I enjoy my time here

         

         

sep

4 Models bidirectional and long-range interactions between 
tokens

How can 
we do all 

this?
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BERT: Bidirectional Encoder Representations from Transformers 

I do not like it

         

         

Transformer Self-Attention

 

Advantages:

3 Can be used learn relationship between sentences 

Jointly learn representation for token-level and sentence 
level

1

2 Same network architecture for pre-training and 
fine-tuning

I enjoy my time here

         

         

sep

4 Models bidirectional interactions between 
tokens

But how to train 
self-supervised?

cls

 

Special 
sentence-level 

token



42

Pre-training BERT Model

I do not

like

it

      mask  

          

I my time here

       

         

sep

Masked Language Model1

Transformer Self-Attention

Randomly mask input tokens

mask

enjoy

What is the loss function?

cls

 

and then try to predict 
them
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Pre-training BERT Model

Next Sentence Prediction2

Given two sentences, predict if this is the next one or not

I do not like it

         

         

Transformer Self-Attention

 

I enjoy my time here

         

         

sepcls

 

What is the loss function?
IsNext

NotNext
- or 
-

Where can we find training data?

How can BERT know the difference between both sentences?
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Three Embeddings: Token + Position + Sentence
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Fine-Tuning BERT

I do not like it

         

         

Transformer Self-Attention

 

I enjoy my time here

         

         

sepcls

 

1 Sentence-level classification for only one sentence

How?

Examples: sentiment analysis, document classification
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Fine-Tuning BERT

I do not like it

         

         

Transformer 
Self-Attention

 

cls

1

softmax

Sentence-level classification for only one sentence

Examples: sentiment analysis, document classification

  And if we have a label for each token?
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Fine-Tuning BERT

I do not like it

         

         

Transformer 
Self-Attention

 

cls

2 Token-level classification for only one sentence

Examples: part-of-speech tagging, slot 
filling

          How to compare two 
sentences?
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Fine-Tuning BERT

I do not like it

         

         

Transformer Self-Attention

 

I enjoy my time here

         

         

sepcls

 

3 Sentence-level classification for two 
sentences
Examples: natural language inference

softmax
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Other Fine-tuning Approaches
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Resources
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Resources

▪ spaCy (https://spacy.io/)

▪ POS tagger, dependency parser, etc.

▪ Berkeley Neural Parser (Constituency Parser)

▪ Software: https://github.com/nikitakit/self-attentive-parser

▪ Demo: https://parser.kitaev.io/ 

▪ Stanford NLP software

▪ Stanza: https://stanfordnlp.github.io/stanza/index.html  

▪ Others (some are outdated): https://nlp.stanford.edu/software/

https://spacy.io/
https://github.com/nikitakit/self-attentive-parser
https://parser.kitaev.io/
https://stanfordnlp.github.io/stanza/index.html
https://nlp.stanford.edu/software/


Word Representation Resources

Word-level representations:
Word2Vec (Google, 2013)

https://code.google.com/archive/p/word2vec/ 
Glove (Stanford, 2014)

https://nlp.stanford.edu/projects/glove/ 
FastText (Facebook, 2017)

https://fasttext.cc/ 
Contextual representations:

ELMO (Allen Institute for AI, 2018)
https://allennlp.org/elmo 

BERT (Google, 2018)
https://github.com/google-research/bert 

RoBERTa (Facebook, 2019)
https://github.com/pytorch/fairseq 

Word representations are 
contextualized using all the 
words in the sentence. And 
sentence reps.

Factorizing co-occurrence matrix

Uses sub-word information (e.g. 
walk and walking are similar?)

https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
https://allennlp.org/elmo
https://github.com/google-research/bert
https://github.com/pytorch/fairseq
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Lexicon-based Word Representation

LIWC: Language Inquiry & Word Count
Manually created dictionaries for different topics and categories:

▪ Function words: pronouns, preposition, negation…
▪ Affect words: positive, negative emotions
▪ Social words: family, friends, referents
▪ Cognitive processes: Insight, cause, …
▪ Perceptual processes: Seeing, hearing, feeling
▪ Biological processes: Body, health/illness,…
▪ Drives and needs:  Affiliation, achievement, …
▪ Time orientation: past, present, future
▪ Relativity: motion, space, time
▪ Personal concerns: work, leisure, money, religion …
▪ Informal speech: swear words, fillers, assent,…

LIWC can encode individual words or full sentences.

https://liwc.wpengine.com/ Commercial software. Contact TAs in 
advance if you would like to use it.

https://liwc.wpengine.com/

