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A Framework for NLP Systems

« Create a function to map an input X into an output Y,
where X and/or Y involve language.

95-891: Introduction to Artificial Intelligence



A Framework for NLP Systems

« Create a function to map an input X into an output Y,
where X and/or Y involve language.

Input X Output Y Task
Text Continuing Text Language Modeling
Text Text in Other Language Translation
Text | abel Text Classification
Text Linguistic Structure Language Analysis

Image Text Image Captioning
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Word Representation
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Word representation — Bag of Words

I hate this movie

| | | |
Iookup) (Iookup) (Iookup] (Iookup weights  score

+ +.+..

WOOLe

Features f are based on word identity, weights w learned
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Word representation — Bag of Words

I hate this movie

| | | |
Iookup) (Iookup) (Iookup] (Iookup weights  score

+ +.+..

WOOLe

One hot vector
Features f are based on word identity, weights w learned
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Word representation

- Previously we represented words with a sparse vector
with a single “1” — a one-hot vector

- Continuous word embeddings look up a dense vector

One-hot Representations Dense Representations
I hate this movie I hate this movie
| | | | | | | |
(Iookup] [Iookup) (Iookup] [Iookup] OOOkup) Gookup) Gookup) Oookup)
v v v
&
&
&
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Continuous Bag of Words (CBOW)

this movie
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bias scores
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A Note: “Lookup”

- Lookup can be viewed as “grabbing” a single
vector from a big matrix of word embeddings

num. words
vector 09888066 @
size ©000060E @
uuuuuuuu lookup(2) =
\ /

- Similarly, can be viewed as multiplying by a “one-

hot” vector
num. words /0\

| g |

VEeClOr oo oo —
. 4 —> |
SIZE e e e T T T r
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What do Vectors Represent?

- No guarantees, but we hope that:

- Words that are similar (syntactically, semantically,
same language, etc.) are close in vector space

- Each vector element is a features (e.g. is this an
animate object? Is this a positive word, etc.)

great

. excellent

angel <un _

e : Shown in 2D, but

cat basket IN reality we use
d—(j-a . 512, 1024, etc.

bad disease

monster E E E
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Vector space of word embeddings

- While learning these word representations, we are
actually building a vector space in which all words
reside with certain relationships between them

# Encodes both syntactic and semantic relationships

- This vector space allows for algebraic operations:

Vec(king) — vec(man) + vec(woman) = vec(queen)
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Vector space of word embeddings

- Reduce high-dimensional embeddings into 2/3D
for visualization (e.g. Mikolov et al. 2013)

Country and Capital Vectors Projected by PCA

2 T T
China
Beijing
15 Russia:
Japan
Moscow
1 -
Turkey: Ankara ~Tokyo
0.5
Poland
0 Germany
France ‘Warsaw
« —Berlin
-0.5 Italy- Paris
«-—>Athens
Greece
1  Spain Rome
’ Madrid
-1.5 |- Portugal disbon
_2 1 1 L 1 1 1 1
-2 -1.5 -1 -0.5 0 0.5 1 1.5 2
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Vector space of word embeddings

- Reduce high-dimensional embeddings into 2/3D
for visualization (e.g. Mikolov et al. 2013)

Country and Capital Vectors Projected by PCA

2 T
China
Beijing
151 Russia:
Japan
1 Moscow
Turkey: Ankara "Tokyo
05 | I Do these work?
Poland "
Issues of bias here
0+ Germany-
France ‘Warsaw
051 e : e.g. https:/arxiv.org/abs/1607.06520
https://aclanthology.ora/W14-1618.pdf
- Greece: ‘hoﬁfethe"s
e i vec(programmer) — vec(man) +
. vec(woman) = vec(homemaker
-1.5 - Portugal tisbo?adnd ( ) ( )
_2 1 1 L 1 1 1 1
-2 1.5 A -0.5 0 0.5 1 15 2
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What is the meaning of “bardiwac™?

He handed her a glass of bardiwac.

Beef dishes are made to complement the bardiwacs.

Nigel staggered to his feet, face flushed from too much bardiwac.

Malbec, one of the lesser-known bardiwac grapes, responds well to Australia’s sunshine.

| dined off bread and cheese and this excellent bardiwac.

The drinks were delicious: blood-red bardiwac as well as light, sweet Rhenish.

=> Bardiwac is a heavy red alcoholic beverage made from grapes.
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How to learn word representations

Distribution hypothesis: Approximate the word meaning
by its surrounding words.

Words used in a similar context will lie close together

He was|walkinglaway because ...

He was|runninglaway because ...
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Word representation — Tokenization

* Word-level

The companies are expanding =>“The”, “companies”, “are”, “expanding”

e Char-level

The companies are expanding => “T”, “h”, “e”, “c”, “0”, “m”

e Subword-level
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Subword tokenization

- Split less common words into multiple subword tokens

the companies are expanding

|

the compan _ies are expand _ing

Benefits:

- Share parameters between word variants, compound words

Reduce parameter size, save compute+memory

GPT tokenizer: https://platform.openai.com/tokenizer

95-891: Introduction to Artificial Intelligence


https://platform.openai.com/tokenizer

Language Modeling
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Predicting the next word

Prob. (next_word|prefix)

. beach 0.5
Santa Barbara has very nice ____ eather o4
SNOW 0.01

Pittsburgh is a city of bridges 0.6
corn 0.02
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Auto-regressive LM: Predicting the next word

=7 \

Next Token Context

Chain rule:

P(X,..X;) = P(X1)P(X2|X1)P(X3|X1:2)...P(Xs|X1:n—1)

n
= []PlXi4-1)
k=1
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What can we do with LMs?

- Score sentences:

P(Jane went to the store .) — high
P(store to Jane went the .) — low

(same as calculating loss for training)

. (Generate sentences:

X ~ P(X)
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be 28\ [s1)  [o3| (29

talk  p=[-0.2 | wiaz| 02 | woguwing=| 1.0 | s=| 1.0

ER A

Previous words: “giving a"

, _ How likely How likely
Words we're  How likely are they are they Total
predicting  are they? given prev. given 2nd prev. score

word is “@”? word is “giving”?
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Recurrent Neural Network
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Recurrent Neural Network (RNN) (Eman, 1990)

* (Session 8) Sequential data where time plays an important role.
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Recurrent Neural Network (RNN)

Input: Output:

One word at a time Stateful Model Encoded sentence Stateful Model One word at a time
"Machine", First Recurrent | | Second Recurrent "Aprendizaje”,
"Learning" i "automatico”

nisu ' ——b N.Uf°| NeMork EE— 0122 ——P Neural NOMork — nesn '
"Fun" (EHCOer) A 0.981 ‘ (DOCOer ) "divertido”
Memory of previous words Memory of previous words
influence next result influence next result

* [ssues of RNN:
* Slow computation for long sequences
* Vanishing/exploding gradients
* Difficulty in accessing information from long time ago
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Transformer
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“Attention is All You Need”

* A sequence-to-sequence model
based entirely on attention

* SOTA performance on machine
translation

* Fast: only matrix multiplications

- Transformer

Output
Probabilities

Linear

Add & Norm

Feed
Forward

(—

s

Nx

\C

\
Add & Norm

Feed
Forward

Add & Norm

Multi-Head
Attention
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(Add & Normh

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

y,

Positional
Encoding
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Two Types of Transformers

Encoder-Decoder Model
(e.g. TS5, MBART)

Nx

Positional b

Output
Probabilities

Add & Norm

Feed
Forward

[ S

( )
Add & Norm
Feed
Forward

r—p Add & Norm

Multi-Head
Attention

| Add & Norm '*\

Multi-Head
Attention

4 A

Add & Norm

Masked
Multi-Head
Attention

)

Encoding A

Input
Embedding

T

Inputs

Output
Embedding

OQutputs
(shifted right)

Nx

634@— Positional
Encoding

Decoder Only Model
(e.g. GPT, LLaMa)

Output
Probabilities

Linear

Nx

o

Add & Norm )

Feed
Forward

A
' Add & Norm l

Masked
Multi-Head
Attention

2

Positional
Encoding

7]
+
Input
Embedding

T

Inputs
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Inputs and embeddings

Output
Probabilities
A

* Inputs: Generally, split using subwords

Softmax )
A

( Linear )
L
Add&NormN

the books were improved 4

Fe-ed
the book s were improv ed Forward

7

Add & Norm

Nx

Masked

* Word Embedding: Looked up Mult-Head

Attention
L\ ¢+

Positional
Encoding \_

Input
Embedding )

T

Inputs
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Inputs and embeddings

Output
Probabilities

orizinal Softmax
rigina sentence
(tokens) YOUR CAT IS A LOVELY CAT A

‘ \ ' ‘ ( Linear )
A4 v v v v A 4 A
the vocabulary)

Add & Norm
A 4 A 4 A 4 \ 4 A 4 \ 4
952.207 171.411 621.659 776.562 6422.693 171.411 Feed
Forward
5450.840 3276.350 1304.051 5567.288 6315.080 3276.350

Embedding 1853.448 9192.819 0.565 58.942 9358.778 9192.819 ;——¢

(vector of size 512)
1.658 3633.421 7679.805 2716.194 2141.081 3633.421 Nx Add &- Norm
2671.529 8390.473 4506.025 5119.949 735.147 8390.473 Masked
Multi-Head
Attention

We define d,,o4e1 = 512, which represents the size of the embedding vector of each word t A }

Positional
Encoding

Input
Embedding

T

Inputs
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Positional encoding

The transformer model is purely attentional )
Feed
Forward
* If embeddings were used, there would be no way —
to distinguish between identical words - Foad
Attention
A big dog and a big cat

\ ﬂould be identical! rrcodng COFE

A big dog and a big cat

Inputs

 Positional encodings add an embedding based
on the word position

Whig + Wpos2 Whig T Wpos6
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Positional encoding

Original sentence

Embedding
(vector of size 512)

Position Embedding
(vector of size 512).
Only computed once
and reused for every
sentence during
training and inference.

Positional
Encoding

Encoder Input
(vector of size 512)

Inputs

95-891: Introduction to Artificial Intelligence



Positional encoding

« Absolute positional encodings add an encoding to PR
the input in hope that relative position will be captured.

Forward

(Sinusoidal Encoding) —
Nx | —~{(Asde Nom)

Multi-Head
Attention

encoang QO
* Relative positional encodings explicitly encode
relative position. (RoPE) Inputs
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Attention

Attentlon(Q, K, V) = softmax F V (E AG3E Nom) |
k Feed
Forward

Nx
X wo Q sent len x sent len
Q KT
! $ 4 x =
softmax(wl', :j: ) H
= - Positional D
X va Encoding
A Z Input
! s - - . FCE Emgchijding
sent len x dim !
X Inputs
: InE X = i WX,

N
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Why QKV?

by giving each token a query (“what I’m looking for”), a key (“what | contain”), and a
value (“what | contribute if I’'m relevant”), we can systematically compute how each

token relates to every other token—and then aggregate the information accordingly. )
orm
Fe-ed
Keys Values Forward
| | ry
| Nx ] AAA X NArm
Attention
& |
Q r o I ove I ACTION THE DARK KNIGHT Positional
uery = Encoding D
Input
SCIFI INCEPTION Embedding
HORROR THE SHINING Inputs

COMEDY THE INTOUCHABLES
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Types of Attention

« Self Attention ( L
* Cross Attention AddFZ_e:orm]
 Multi-Head Attention ‘ o

Add R Nlarm
Multi-Head
Attention
-

Positional
Encoding

D

Input
Embedding

I

Inputs
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Self-attention

Self-Attention allows the model to relate words to each other.

In this simple case we consider the sequence length seq = 6 and d,,,4e; = d= 512.

L

4 1 A
The matrices Q, K and V are just the input sentence. Add & Norm ]
Feed
YOUR  CAT IS A LOVELY CAT b3 Forward
3
YOUR 0268 0.119 0.134 0148 0.179 0.152 1 Nx
Q X KT CAT 0124 0278 0.201 0128 0.154 0.115 1 ML o
’ ’ ’ ’ ’ ) Attention
softmax =
(6, 512) (512, 6)
IS 0.147 0132 0262 0097 0218 0.145 1 %
Positional )
A 0210 0128 0.206 0212 0119 0.125 1 Encoding T
V512
Input
LOVELY 0.146 0.158 0152 0143 0227 0.174 1 Embedding
CAT 0195 0.114 0.203 0103 0157 0.229 1
Inputs

" S ) ) _
for simplicity | considered only one head, which makes dyqgel = di. * all values are random.

(6, 6)
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Cross-attention

self-attention is about understanding relationships within a single sequence, while cross-attention is about
aligning or connecting information between two separate sequences.

In this simple case we consider the sequence length seq = 6 and d,, 4e; = d= 512. L
a4 1§ )
The matrices Q, K and V are just the input sentence. Add & Norm ]
Feed
YOUR  CAT IS A LOVELY CAT 3 Forward
\
fREy 0.268 0119 0.134 0.148 0.179 0.152 1 Nx
Multi-Head
Q KT ;
X JBE 0124 0278 0201 0128 0.54 0.115 1 K lantion
softmax =
(6, 512) (512, 6)
£ 0147 0132 0262 0.097 0218 0.145 1 %
Positional
—2 0210 0128 0206 0212 0119 0.125 1 Encoding D
V512
Input
oEH 0146 0158 0152 0143 0227 0.174 1 Embedding
jBk 0195 0114 0203 0103 0.157 0.229 1 I
Inputs

" S ) ) _
for simplicity | considered only one head, which makes dyqgel = di. * all values are random.

(6, 6)
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Multi-head attention

Multi-head attention is used so that the model can capture multiple

types of relationships or “focuses” in parallel. .
(E Add &lNorm ]\
Fe-ed
Forward
syntax el P
) ——ey nearby context
-T}un a smalljbusiness| ( / )
| semantics Positional 1!
' [——1 . . Encodin
ﬂun aimilefin 10 minutes  (farther context) "
Embedding
Tt I
Therobberimade @run for it s

The,stocking]had ajrun
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Multi-head attention

MultiHead(Q, K, V) = Concat(heady, ..., head,) W°
where head; = Attention(QWiQ, K W{.{ vV W‘i’)

1 %
Add & Norm }
Multiply by  Split/rearrange Run attn over  Concat | ~Feed
weights to n attn inputs each head and *Wo ;
Nx —f Add 2 Neorm
Attention
L ‘
Positional
Encoding D
Input
Embedding

Inputs




Attention Visualization

Layer: Attention: |All_ v

[CLS]
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https://github.com/jessevig/bertviz
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https://github.com/jessevig/bertviz

Tomorrow’s recitation

* Implementation in CV.

* Implementation in NLP with transformers.
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