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Neural Networks Operate on Numbers

Before a model can use a word, we must represent it numerically.

NUMERICAL
REPRESENTATION

Neural
Blueberry ‘{ [ 2, 7] J ‘ nhetwork

an ordered list of numbers
— as long as we choose

WORD MODEL INPUT




A Fruit Can Be Represented by Two Numbers

Toy vector components: Size -

each row Is one vector

Fruit

Blueberry
Kiwi
Lemon

Banana

Size

2

5

6

v

Blueberry > [ 2, 7]

Sweetnhess

Sweethess

v

5

2

6

What is a vector?

Just an ordered list
of numbers.

1.Size

2 - Sweetness
The slots never
move, So two fruits

can be compared
number by number.

3 numbers = 3 dimensions

Illustrative teaching values — deliberately simplified, not nutritional measurements.



A Vector is Just an Address in This Space

Kiwi =[5, 5]
N A
s e First number >
4;:-5 . how far along Size
q;’ i e Second number -
7 (3, 9)

how far up Sweetness

¢

* The order is fixed, so the
two numbers always point
to the same spot.

More numbers = more
dimensions. Same idea —

> just harder to draw.
5 Size

each fruit = one point



Nearby Points Represent More Similar Fruits

Sweetness

2D teaching view: Size x Sweetness

| Blueberry Banana
(2,7) @ (7, 6)
.9
Kiwi@ -
(5, 5) closest pair

Lemon ’
(6, 2)

>
Size

Illustrative teaching values—not nutritional measurements.

Nearby points share
more of the selected
characteristics.

Distance gives us a
simple notion of
similarity.

Two components mean
we can draw every fruit
as a point on this plane.



Word Embeddings Keep the Geometry, Not the Labels

Toy fruit vector Real word embedding

chosen and named by us learned from language data

, d, 0.12
) % -
Sweetness

d, 0.08

The learned dimensions are usually

not human-interpretable. Ooo 0.31



Word Embeddings Start Out Random

Dimension 2

~

Twelve words, placed at random before any training.

® Cousin @ Kiwi ® Dog @ Sister
® Banana ® Chinchilla ® Father ® Lemon
® Puppy ® Niece ® Blueberry @ Cat

~
7

Dimension 1



Training Pulls Related Words Together

Training nudges related words closer together.

(@\| 1 .
- ® Cousin
O ® Sister
-
) ® Father
£
a)
. ® Dog
O Niece’ Kiwi
® Lemon
® Banana ® Chinchilla
® Puppy
@ Blueberry @ Cat

~
7

Dimension 1



Learned Geometry Becomes Meaningful

Dimension 2

~

® Father@®@Cousin
® Niece @ Sister

®Lemon

® Banana
® Blueberry

® Kiwi

®Dog @ Puppy

® Cat @ Chinchilla

Dimension 1

~
7
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Learned Geometry Becomes Meaningful

Dimension 2

~

® Father@®@Cousin
® Niece @ Sister

®Lemon

® Banana
® Blueberry

® Kiwi

®Dog @ Puppy

® Cat @ Chinchilla

Dimension 1

~
7
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Clusters Form — and the Outliers are Informative

Dimension 2

~

Family

® Father®@Cousin
® Niece @ Sister

For now: one vector per word.
Words whose meaning shifts with
context come next.

Animals

Fruits

‘ ll”
fruit”? or bird?
® Kiwi

v

Dimension 1
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Learned Numbers | The Raw Values
Each cellis one learned floating-point scalar.

puppy 0.10 0.37 0.77 0.23 0.56 0.05 0.46 0.89

dog 0.29 0.15 0.55 045 0.31 0.24 0.73 0.58

lemon -0.40 -0.53 -0.63 -0.39 -0.44 -0.40 -0.61 -0.32
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Learned Numbers Create Useful Geometry

Similar words can land
close together.

AY
\
\
\

Each cell is one learned floating-point scalar.

cory [ S
_.nearby vectors
¢ [N ENEET R

The individual

dimensions are generally
emon [N N oo
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Embedding Matrix | One Vector per Word

The embedding matrix stores one vector for every word in the vocabulary.

Embedding matrix

N

@®

pup_py dog lemon g

(L 1 | 1 ‘- @©

(| . 8

= - X= =

- = o

- = ©

200 : 200 200 : c'f?
. S S > Size of embedding

15



Embedding Matrix | One Row per Word

Vocabulary

puppy

dog

lemon - -

Embedding Matrix

Rows = vocabulary size
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Embedding Matrix | One Column per Dimension

Vocabulary

puppy |I

dog I

lemon I

kiwi |

m—)

the same
component (the
nth) of every
embedding

dis a hyperparameter we choose,

e.g., 32,64, 128 (/68+ in modern LLMs)

Embedding matrix

o

=
AE

:

OIS
dd

onih

Columns = embedding dimension d
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In Practice, the Embedding Matrix Already Exists

Before we build a language model, we usually start from an embedding
matrix that has already been trained.

Word2Vec Mikolov et al., 2013

Learns its vectors by predicting

nearby words from context,
across a huge collection of text.

Either way, the result is the same: one ready-made vector per word,
the embedding matrix we plug into our model.
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From Embeddings to a Language Model

How can we use these embeddings to build a Language Model?

Remember, we only need a system that can estimate:

P(xeyqlxe X1,

‘-v—”—v—’

next word previous words

Example input sentence

[ She went to class ]
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Inside the Box | Concatenate, Hidden Layers, Softmax

1. Concatenate the 2. Hidden layers

Wilgle [\ / \
Y

She 1 1 [ ] | V’ ‘§;z’
went HESEE ) A’AVIA.AAVIA

N [ T[T

lllllllilllllll

One long input vector: 3 words x

200 dims = 600 numbers hidden layers — fully
Each color block is one word’s connected, learning
embedding — concatenation is feature combinations
the only “combining” here.

Output + softmax

class NN

bed

work

3
O
Q school
O
O

O

sleep

Q Paris

softmax

0.42

0.18

0.12

0.09

0.07

0.02

scores > probabilities that

sumto 1

20



Review | What the Hidden Layer and Softmax Do

Both are standard building blocks — this slide is a refresher before we use them.




The Model Predicts the Next Word

Highest-probability continuation

Input window

She - went - to

Neural - '
network

—

She went to class.

Predicted next word

class
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The Same Network Predicts the Next Position

Move the fixed window one word forward.

Input window

Neural
went - to - class ‘ network ‘

Predicted next word

after

Same neural network, new input window.
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A Fixed Window Limits What the Model Can See

The model receives only the words in the current window.

Input window Predicted next word

class - after -

Neural

network

The fixed window is all the model can see.

Next: how training pushes probability onto the correct word.
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Training Rewards Probability on the Correct Next Word

Probability

Input window
P of correct word

Neural - '
network plletase)

—

She - went - to

Correct next word: class

L = -log p(class)

Categorical cross-entropy for this example
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Backpropagation Updates the Neural Network

1. Combine losses ‘ 2. Backpropagation ‘ 3. Usgfvti:::e

Across all prediction Find the direction Adjust all learned
positions that reduces loss parameters

Training loop
: measure update
- -

Repeat over many examples.
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Feed-Forward Language Models Have a Fixed Window

Strengths Limitation

The input window has
a fixed size

A larger window adds many

Dense embeddings
reduce sparsity

Learned parameters replace
explicit n-gram counts

more weights and still cannot
cover every dependency

We need a more flexible memory.
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Up Next

Next: attention and transformers.

@ COUNT EVERY 4-GRAM YOU EVER SAW

@ SHOVE 4 WORDS INTO A NEURAL NET

JUST REMEMBER THE WHOLE SENTENCE
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