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Natural Language Processing (NLP)

Last time Today

Language Models Feature Engineering for NLP

= N-gram LMs Feature Learning

" Training Data = Word Embeddings

= Sampling (Decoding) " |mage and Audio Embeddings

(Generation) (Inference)



Feature Engineering for Text



Text Features
SPAM Classification
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Text Features

Predicting Rating from Written Movie Review }//‘ _ Kk <Q
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Text Features

One-hot vector for each token



Text Features

Bag of words: Vector of length the size of the vocabulary
Two options

= Word occurrence: Binary: does the word exist (at least once) or not

= Word histogram: Integer: count of how many times the word appears

(6,60)
3,6

| B ()



Word Embedding LMs



Word Embedding Language Models

Vector representation of vocab tokens

the
= Set of vectors for both previous and next token

dog
—e cat

Sampling next token
=  Cosine similarity
= Softmax

= Sample from categorical distribution

Learning better vectors
" Cross-entropy loss

= SGD: looping through pairs of tokens in our corpus




Word (Token) Embeddings

The beginning and the end of LLM networks

Current text Large Language Next text
Model
e.g GPT, Llama, etc <+—— Sampling
| 7y
Input tokens Next token Probabilty
of each token

in vocab
Word Many layers of Output
—
Embedding ! transformer/attention blocks ! Embedding ! Softmax
| | |
1 1 1
1 1 1
1 1 1
Embedded Embedded Similarity scores
vector vector for each token

representation representation in vocab



Simple Word Embedc

ing LM

Building a language model wit

h just word embedding layers ©

Current text Really Small Next text
| Language
Model <4+——  Sampling
| 7y
Input tokens Next token Probabilty
of each token
in vocab
Word Output
> —

Embedding Embedding Softmax

Embedded
vector
representation

1
Similarity scores
for each token
in vocab



Simple Word Embedding LM

Setup

Corpus: (Simple) Tokenized Corpus: Vocabulary:

The dog ran. —>JRENE—> [ 'the', 'dog', 'ram', "', 'the', [ "1,

The dog ate. 'dog , 'ate', '.', 'the', 'dog', oYy,

The dog ran the zoo. 'ran', 'the', 'zoo', '.', 'the' 'ate',

The cat ate the dog! 'cat', 'ate', 'the', 'dog , '!', 'cat',

The cat ran the =zoo. 'the', 'cat', 'ran', 'the', 'dog'
12001’ l_l ] 'ran‘

'"the',



Simple Word Embedding LM

Vector representation for each token in vocabulary (initially random)
Two sets of vectors in RM (we'll use M = 2 for better visualization)
I/ to represent previous tokens

U: to represent next tokens

V: U:
I 0.884, 0.196 I -0.044, 1.568
0.368, -2.343 .l 1.0561, 0.406
ate: -1.085, 0.560 ate: -0.169, -3.190
cat: 0.939, -0.978 cat: 1.120, 1.333
dog: 0.503, 0.406 dog: -0.243, -0.130
ran: 0.323, -0.493 ran: -0.109, 1.556
the: -0.792, -0.842 the: 0.129, -2.067
zoo: -1.280, 0.246 zoo: -0.885, -1.105




Simple Word Embedding LM

Vector representation for each token in vocabulary (initially random)

V. Previous

V:

I 0.884, 0.196
0.368, -2.343

ate: -1.085, 0.560

cat: 0.939, -0.978

dog: 0.503, 0.406

ran: 0.323, -0.493

the: -0.792, -0.842

zoo: -1.280, 0.246

Random initialization

ate
Z00

U: Next

U:

I -0.044, 1.568
1.0561, 0.406

ate: -0.169, -3.190

cat: 1.120, 1.333

dog: -0.243, -0.130

ran: -0.109, 1.556

the: 0.129, -2.067

zoo: -0.885, -1.105




Simple Word Embedding LM

After training our LM, we'll learn more organized vectors (details later)
Random initialization Epoch 10000

ran

the ran
dog

cat

ate

the




Simple Word Embedding LM

We can use either of these models to generate text, staring with "the dog"

Random vectors Trained vectors

the ran
dog
cat

ate

ate the

Generated tokens from random and trained models

the dog cat ate ran zoo zoo the dog ate . the dog ! the
zoo dog dog cat cat ate ran . zoo . the dog ran the zoo .
ate . ate ate ! the ate the dog ate the dog !




Outline: Word Embedding LM

the
dog
—e cat

Sampling next token

=  Cosine similarity

= Softmax

= Sample from categorical distribution



Sampling from Word Embeddings
Suppose we have a trained set of embedded vectors and we want to
generate a the next token after the previous token 'the’.

/. previous tokens
U: next tokens

the
Which token should be our

next token?




Sampling from Word Embeddings

Suppose we have a trained set of embedded vectors and we want to
generate a the next token after the previous token 'the’.

/. previous tokens
U: next tokens

the
Which token should be our

next token?

1. Lookup the index i for the
vocab token 'the'

2. Accessthei-throwofV/, v

3. Compare v to all vectors
in U




(Unnormalized) Cosine Similarity Metric

We’ve been using Euclidean distance
" d(u,v) = |lu—v,

Cosine similarity

= Two vectors are similar if their dot product is
positive and big

f(u,v) =f}1Tv e u’v
= (Why cosine?) lull2 vl

cos G

them is small (small angle = large cos 6)
« fav) =u'v =il (il cos — z

= Two vectors are similar if the angle between




(Unnormalized) Cosine Similarity Metric

Cosine similarity Desmos demo

https://www.desmos.com/calculator/82m4zkilkc

f(u,v) =ulv

Input:

||ea.tll

 §

llt

hem" Similar

ity=0 (e

# "green"-Similarity



https://www.desmos.com/calculator/82m4zkjlkc

Poll 1

Take 1: Collecting vector data (about you!)

Take 2: Compute similarity score with yourself and
your neighbor

f(u,v) =ulv

Input; "eat"

 §

"green" Similarity=:
"them" §3|mllar|ty=0 \/




Similarity Matrix

Let each row of matrix V be vector varepresenting student j in a group.

We can compare all pairs of vectors by doing matrix multiplication of V
with itself.

fV) =



Sampling from Word Embeddings

Suppose we have a trained set of embedded vectors and we want to
generate a the next token after the previous token 'the’.
/. previous tokens

U: next tokens

the
1. Compute similarity scores

s = Uv




Sampling from Word Embeddings

Suppose we have a trained set of embedded vectors and we want to
generate a the next token after the previous token 'the’.

/. previous tokens
U: next tokens

the
1. Compute similarity scores

s=Uv

2. Convert to probabilities
y= Ysoftmax (s)

3. Sample from Categorical
distribution defined by ¥

4. LOOP: next token = prev




Simple Word Embedc

ing LM

Building a language model wit

h just word embedding layers ©

Current text Really Small Next text
| Language
Model <4+——  Sampling
| 7y
Input tokens Next token Probabilty
of each token
in vocab
Word Output
> —

Embedding Embedding Softmax

Embedded
vector
representation

1
Similarity scores
for each token
in vocab



Poll 2

Given a vocab size of 10 and an embedded dimension of size 2 how many
parameters do have in a word embedding language model?

/. previous tokens
U: next tokens

1. Compute similarity scores
s =Uv the
2. Convert to probabilities
y= Ysoftmax (s)
3. Sample from Categorical
distribution defined by ¥
4. LOOP: next token = prev




Linear Layer for Word Embeddings



PyTorch for Word Embedding LM

Two matrices of features vectors:
W : for context
W, : for next token

Using PyTorch
WordEmbedLM(

(encode): Linear(in_features=vocab size, out features=2)
(decode): Linear(in_features=2, out features=vocab size)

F.softmax(model.forward(x_onehot))



PyTorch for Word Embedding LM

Two matrices of features vectors:
W : for context
W, : for next token
Using PyTorch torch.nn.Embedding(num_embeddings, embedding_dim)
WordEmbedLM(
(encode): Linear(in_features=vocab _size, out features=2)
(decode): Linear(in_features=2, out features=vocab size)

X_1index

F.softmax(model.forward(x _oretot))



Learning Better Vectors

[ 'the',
Classic ML recipe: 'dog’,
'ra:a',

1. Training data ‘cat ',
'the',

Idogl ,
Iatel ] 1
'the',
'ate',
'cat',

IZOOI’ 1 1

2. Hypothesis function
y= gsoftmax(UV)
3. Formulate objective
Loss:

Objective: <3N JO(W, V) JOW,V)

4. SGD to find parameters that optimize the objective

'ran',

'zoo',
'the',
'ran',

(Simple) Tokenized Corpus:

|.r’ Ithel,
'the', 'dog',
|.r, 'the',
Idogl’ 'I!l,

'the',



Feature Learning
Image and Audio



Feature Learning

Learning a lower dimensional representation of our data rather than
doing feature engineering to represent the data

Also called feature embedding
(embedding data in a lower/different dimensional space)



Word Embeddings

Vector representation for each token in vocabulary (initially random)

V. Previous

V:

I 0.884, 0.196
0.368, -2.343

ate: -1.085, 0.560

cat: 0.939, -0.978

dog: 0.503, 0.406

ran: 0.323, -0.493

the: -0.792, -0.842

zoo: -1.280, 0.246

Random initialization

U: Next

U:

I -0.044, 1.568
1.0561, 0.406

ate: -0.169, -3.190

cat: 1.120, 1.333

dog: -0.243, -0.130

ran: -0.109, 1.556

the: 0.129, -2.067

zoo: -0.885, -1.105




Learning to Organize Data

Neural networks can learn to organization tt

ap<dn -

https://cs.stanford.edu/people/karpathy/convnetjs/demo/autoencoder.html



https://cs.stanford.edu/people/karpathy/convnetjs/demo/autoencoder.html

Digit Autoencoder

https://cs.stanford.edu/people/karpathy/convnetjs/demo/autoencoder.html
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Autoencoder network



https://cs.stanford.edu/people/karpathy/convnetjs/demo/autoencoder.html

Digit Autoencoder

Demo: Using a learned feature space

® O




Variational Autoencoder Demo
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https://colab.research.google.com/gist/ZhuoyueLyu/5046225a9ae3675cf633c1df5f63be06/digits-interpolation-notebook-eaai.ipynb
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Feature Learning

Listen Learner

https://chrisharrison.net/index.php/Research/ListenlLearner



https://chrisharrison.net/index.php/Research/ListenLearner

Exploring Feature Space

https://experiments.withgoogle.com/ai/melody-mixer/view/




Exploring Feature Space

https://experiments.withgoogle.com/ai/beat-blender/view/
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Feature Learning

CLIP: Connecting text and images

pepper the Text
aussie pup Encoder

Image

Encoder

https://openai.com/research/clip
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Feature Learning

CLIP: Connecting text and images

L a photo of . Text
a {object}. Encoder A ) ) )

I? I? 'TT I'.l‘ 'TZ IT 'TS I? 'TN

|

https://openai.com/research/clip
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