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• Today: overview basic components of LLMs

• Preview our pathway through other language 
models and language tasks
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Large Language Models

GPT-5
CLAUDE

R1

LLAMA
PHI-4

Gemini



Large Language Models
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• The good?

• The bad?



• For LMs, we'll usually focus on #2

• Note analyzing text with a computational model, 
may or may not be an "LM"
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What is a language model?

1. An agent that carries on 
conversations and acts in the world

2. A computational system that can 
predict the next word from previous 
words.
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A language model predicts words

so long and thanks for…

all
the

of
wasn’t

likely 
next words

unlikely 
next words
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What is a large language model?

input 
context

predicted
next word .44

.33
all

the
your
that

.15

.08

p(w|context):

LLM

long and thanks forSo ?

A neural network with:
 Input: a context or prefix, 
 Output: a distribution over possible next words 
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Intuition of generation

An LLM that can predict text 
• assigning a probability distribution over 

upcoming words

Can generate words
• by sampling from the distribution
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LLMs can generate! 

output
.44
.33

all
the

your
that

.15

.08

p(w|context)

Transformer (or other decoder)

long and thanks forSo all

output
.77
.22

the
your
our .07

p(w|context)

Transformer (or other decoder)

long and thanks forSo all the

of .02
…

……

…

output
.44
.33

all
the

your
that

.15

.08

p(w|context)

LLM

long and thanks forSo all
output

.77

.17
the

your
our .04

p(w|context)

LLM

long and thanks forSo all the

of .02
…

……

…
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Causal or autoregressive model

Models that iteratively predict and generate 
words left-to-right from earlier words
The most common LLMs
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Three architectures for large language models

Decoders   Encoders     Encoder-decoders
GPT, Claude,  BERT family,  Flan-T5, Whisper
Llama    HuBERT
Mixtral

w w w

w w w

w w w w w

w w w w w

w w w w w

EncoderDecoder Encoder-Decoder
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Decoders

What most people think of when we say LLM
• GPT, Claude, Llama, DeepSeek, Mistral
• A generative model
• It takes as input a series of tokens, and iteratively 

generates an output token one at a time. 
• Left to right (causal, autoregressive)

w w w

w w w

w w w w w

w w w w w

w w w w w

EncoderDecoder Encoder-Decoder
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Language models process tokens, not words

A token is a word or word part.
First LLM step is converting text into tokens
• Via tokenization algorithms like BPE
English tokens correspond roughly to words:

German tokens tend to be smaller than words

2.4 • SUBWORD TOKENIZATION: BYTE-PAIR ENCODING 13

the training data. It runs them greedily, in the order we learned them. (Thus the
frequencies in the test data don’t play a role, just the frequencies in the training
data). So first we segment each test sentence word into characters. Then we apply
the first rule: replace every instance of n e in the test corpus with ne, and then the
second rule: replace every instance of ne w in the test corpus with new, and so on.
By the end of course many of the merges simple recreated words in the training
set. But the merges also created knowledge of morphemes like the re- prefix (that
might appear in perhaps unseen combinations like revisit or rearrange), or the
morpheme new without an initial space (hence word-internal) that might appear at
the start of sentences or in words unseen in training like anew.

Of course in real settings BPE is run with tens of thousands of merges on a very
large input corpus, to produce vocabulary sizes of 50,000, 100,000, or even 200,000
tokens. The result is that most words can be represented as single tokens, and only
the rarer words (and unknown words) will have to be represented by multiple tokens.
At least for English. For multilingual systems, the tokens can be dominated by
English, leaving fewer tokens for other languages, as we’ll discuss below.

2.4.3 BPE in practice
The example above just showed simple BPE learning from sequences of ASCII
bytes. How does BPE work with Unicode input? We normally run BPE on the
individual bytes of UTF-8-encoded text. That is, we take a Unicode representations
of text as a series of code points, encode it in bytes using UTF-8, and we treat each of
these individual bytes as the input to BPE. Thus BPE likely begins by rediscovering
the 2-byte and common 3-byte sequences that UTF-8 uses to encode various code
points. Again, running BPE only inside presegmented words helps avoid problems.
Because there are only 256 possible values of a byte, there will be no unknown to-
kens, although it’s possible that BPE will learn some illegal UTF-8 sequences across
character boundaries. These will be very rare, and can be eliminated with a filter.

Let’s see some examples of the industrial application of the BPE tokenizer used
in large systems like OpenAI GPT4o. This tokenizer has 200K tokens, which is a
comparatively large number. We can use Tat Dat Duong’s Tiktokenizer visualizer
(https://tiktokenizer.vercel.app/) to see the number of tokens in a given
sentence. For example here’s the tokenization of a nonsense sentence we made up;
the visualizer uses a center dot to indicate a space:

The visualization shows colors to separate out words, but of course the true out-
put of the tokenizer is simply a sequence of unique token ids. (In case you’re in-
terested, they were the following 13 tokens: 11865, 8923, 11, 31211, 6177, 23919,
885, 220, 19427, 7633, 18887, 147065, 0)

Notice that most words are their own token, usually including the leading space.
Clitics like ’s are segmented off when they appear on proper nouns like Jane, but
are counted as part of a word for frequent words like she’s. Numbers tend to be
segmented into chunks of 3 digits. And some words (like anyhow) are segmented
differently if they appear capitalized sentence-initially (two tokens, Any and how),
then if they appear after a space, lower case (one token anyhow).

Some of these are related to preprocessing steps. As we mentioned briefly above,
language models usually create their tokens in a pretokenization stage that first seg-pretokenization

ments the input using regular expressions, for example breaking the input at spaces
and punctuation, stripping off clitics, and breaking numbers into sets of 3 digits.

1.1 • WHAT IS A LARGE LANGUAGE MODEL? 5

in their training, tokens correspond pretty closely to words. Below is a nonsense
sentence in English showing the breakdown of tokens in different colors. We’ll
discuss this example (and the visualization tool) in detail in Chapter 2, but for now
just notice that most tokens roughly correspond to words, often with spaces attached,
that they might differ depending on word capitalization, or they might have subparts:

In other languages, tokens tend to be smaller than words. Here is a German
example from the title of Einstein’s mass-energy equivalence (E =mc2) paper “Does
the Inertia of a Body Depend Upon its Energy Content?”:

If you count the consecutive colors you will find that for this German sentence
there are 27 tokens for only 12 words. The word Ist contains two tokens, the words
Trägheit and Energieinhalt have 3 tokens each, and so on. We’ll discuss more
in Chapter 2, including the BPE algorithm for tokenization, but in any case, for theBPE
rest of the book we’ll use tokens rather than words to define text input.

Finally, language models come in various sizes. In Chapter 3 we’ll begin with a
very simple type called an n-gram language model, which works by counting the
frequency of words appearing in various orders. N-gram LMs are a useful way to
introduce basic concepts in language modeling like sampling and perplexity.

So what then is a large language model or LLM? We use the term to refer tolarge language
model
LLM language models built from various neural network architectures (Chapter 6), partic-

ularly the transformer architecture (Chapter 7). These language models are large in
the sense that they consist of a neural network with many layers and many individual
parameters, and also in the sense that they are trained on very large amounts of text.

What do we mean by large? We usually measure the size of language models
in terms of parameters. A parameter is a single real-valued number that is trainedparameters

in a neural network and used for computation (specifically the parameters are made
up of two kinds of numbers called weights and biases.) Sometimes the numberweights

biases of parameters are in the name of the model, like Llama 3.1 405B, which has 405
billion parameters, trained on over 15 trillion tokens. Models often come in families
with different parameter sizes, from under a billion to many trillions of parameters,
trained on trillions to tens of trillions of tokens.

The performance of large language models is mainly determined by 3 factors:
model size (the number of parameters), training dataset size (in tokens), and the
amount of compute used for training. So we can improve a model by adding param-
eters, by training on more data, or by training for more iterations. The relationships
between these factors and performance are known as scaling laws. Hoffmann et al.scaling laws

(2022) showed that for a fixed compute cost C the number of parameters N, and the
number of training data tokens D, should go up roughly equally as a power law of
C:

Nopt µ C
1
2 Dopt µ C

1
2 (1.1)

Scaling laws explain why models tend to get bigger, with both positive outcomes
(more impressive performance) and negative ones (more expense and use of natural
resources like water and energy). But very big models are also very expensive at
inference every time we prompt a model. So scaling laws also explain why we often
choose to instead train a smaller model and make it better by training for more time
over more data.



• What can a model learn from a collection of 
texts??
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Fundamental intuition of large language models

Text contains enormous amounts of 
knowledge
Pretraining on lots of text with all that 
knowledge is what gives language models 
their ability to do so much
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Intuition from humans

Vocabulary size of young adult speakers of 
American English: 30,000 to 100,000 words
Children learn 7 to 10 words a day to get to 
that level by 20 years old
How do they do it?
Reading! (Laundauer and Dumais 1997)
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Reading isn't passive

It's rich contextual processing
At some points during learning, rate of 
vocabulary growth exceeds the rate of seeing 
new words 
Every time we read a word, we are 
strengthening our understanding of other 
associated words.
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The distributional hypothesis

Suppose you didn't know "difficult" in these sentences:
It was difficult to make it up
What a difficult decision!
But you saw "hard" in similar contexts (hills, decisions):
I found climbing the steep hill hard.
It was a very hard decision.
You could infer that "difficult" meant something like 
"hard"!
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Pretraining

We teach language models  to predict 
upcoming words, trillions of times
This is called pretraining
By doing so they induce knowledge
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What does a model learn from pretraining?

• There were roses, dahlias, and peonies, I 
was simply surrounded by 

• The room wasn't just big it was
• The square root of 4 is
• The author of "A Room of One's Own" is 

Virginia 
• The doctor told me that

flowers
enormous

2

Woolf
he



What goes into an LLM?
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Implementation

1. neural networks as basic machine-learned 
computational elements

2. embeddings, vectors that represent 
meanings inside the network
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Parameters

The weights and biases of the neural network
Open-weight models: the developer releases 
all the weights so others can inspect and run 
them
Closed-weight or proprietary models: the 
developer hosts the model and only allows 
app/API access
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Embeddings

Embeddings represent meaning of a token as a point 
in high-dimensionality space.
We'll see how these can be used to do computations 
on meaning like word similarity

10 CHAPTER 1 • INTRODUCTION

Figure 1.4 A two-dimensional intuition for embeddings representing meaning similarity
between tokens. Notice how the word sweet is close to honey and juice and candy, but
further from fried or soup. Visualization created using the TensorBoard Embedding Pro-
jector https://projector.tensorflow.org/ (Chapter 5).

Figure 1.5 An LLM consists of a structured neural network (we’ll see the various kinds
of structure for the popular transformer network in Chapter 7) which represents tokens and
concepts internally as vectors.

one representing a token. We then pass it through a complex structured neural net-
work, ending up with a prediction for the next word. We train this network over an
enormous amount of running text (including billions of words from the web), and
then use it to respond to users by taking their input prompts, treating it as the context,
and then generating tokens.

1.4 A Brief History of Speech and Language Processing

The central ideas of the modern language model that we have now introduced— the
power of word prediction, and its implementation via neural networks and embeddings—
(and indeed the roots of the entire field of NLP and computational linguistics) all lie
in the intellectually fertile periods of the late 1940s, 1950s and early 1960s. Shan-
non (1951) had developed his intuitions about word prediction. Labs at Cornell and
Stanford were applying small neural networks to computational tasks. The intuition
of what we now call embeddings emerged across many fields: psychologists like
Osgood et al. (1957) proposed that the meaning of a word could be modeled as a

Invented by 
psychologist 
Charles Osgood in 
the 1950s
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Putting together

…

embeddings

…

...

…

p(deer)p(aardvark|) p(zebra)

for all the ?thanksand… …

…

various structured networks
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Large 
Language 
Models

A Brief History of Speech 
and Language Processing
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Four stages in the history of the field

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR
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Statistical and Neural Foundations 1950s/early 1960s

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR

• Roots in 1950s and early 1960s
• Shannon (1951) on word prediction
• Rosenblatt at Cornell and Widrow at 

Stanford doing early neural nets
• Embedding intuition:
• Osgood in psychology
• Harris and Joos in linguistics
• Early CS work on information retrieval



28

The Symbolic Turn, 1960s-1988

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR

• Linguistic turn toward formal 
grammars, Chomsky 1957 and 
Miller and Chomsky 1963 
arguments against statistical 
modeling

• Minsky and Papert (1969) XOR 
arguments against neural nets

• Parsing algorithms central to field
• Semantics (Prolog, logic, wordnet 

and Schank and Abelson)
• Discourse (Grosz and Sidner)
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The Revival of Empiricism, 1988-2019
1975-Jelinek and IBM Speech 
team. Invented 'language model'
1986 Backprop, return of neural 
nets and connectionism
1988 Statistical models: speech to 
NLP (like IBM Statistical MT)
1990 LSA Embeddings
2003 Bengio Neural LM
2008 neural multitask learning C&W
2015 Attention
2017 Transformer
2019 BERT

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR
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Statistical and Neural Foundations LLM 2019-

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR

GPT-2 (Radford et al 2019) prompting
RAG (Lewis et al 2020)
FLAN (Wei et al 2021) Instruction tuning
InstructGPT (Ouyang et al 2022) RLHF
ReAct (Yao et al 2022)
RLVR (Lambert et al 2024)
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Four stages in the history of the field

 1950             1960             1970             1980              1990              2000            2010             2020     

Statistical and
 Neural

 Foundations
The Symbolic Turn The Revival of Empiricism LLMs

Shannon

Osgood

Rosenblatt 
Perceptron

Joos

Minsky &
Papert

Miller &
Chomsky backprop

Bengio et al
Neural

Language 
Model

HMM

Waibel
TDNN

CTC
Attention

Transformer

Prolog

GPT-3

LSA
word

embeddings

BERT

RLHF
Probabilistic

Parsing

Maxent

Statistical 
MT

tfidf

SHRDLU

Schank &
Abelson
Grosz&
Sidner

FST
CKY

semantic
parsing

word2vec

wordnet

WSD
SRL

embedding
bias

RAG
ReAct

multitask
learning

RLVR



Model architecture questions

• Token unit:  Words, Phrases, Subwords, ...

• Token representations:  Word counts, Linguistic 
structure, Embeddings, ...

• Model task:  Predict next word, Classify 
document, Generate Translation, ... 
 

• Coming up:

• Surprising power of word counts:  machine learning 
from text in a very simple statistical model

32



• Introduction: words and word frequencies

• First: How to extract words tokens from 
running text?
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DISCHARGE CONDITION:  The patient was able to oxygenate 
on 
room air at 93% at the time of discharge.  She was 
profoundly 
weak, but was no longer tachycardic and had a normal 
blood 
pressure.  Her respirations were much improved albeit 
with 
transmitted upper airway sounds. 

DISCHARGE STATUS:  The patient will be discharged to 
[**Hospital1 **] 
for both pulmonary and physical rehabilitation. 

DISCHARGE MEDICATIONS: 
1. Levothyroxine 75 mcg p.o. q.d. 
2. Citalopram 10 mg p.o. q.d. 
3. Aspirin 81 mg p.o. q.d. 
4. Fluticasone 110 mcg two puffs inhaled b.i.d. 
5. Salmeterol Diskus one inhalation b.i.d. 
6. Acetaminophen 325-650 mg p.o. q.4-6h. prn. 

Raw text
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The patient was able to oxygenate on 
room air at 93% at the time of discharge.  She was profoundly 
weak, but was no longer tachycardic and had a normal blood 
pressure.  Her respirations were much improved albeit with 
transmitted upper airway sounds.

Preprocessing: Text cleaning
DISCHARGE CONDITION:  The patient was able to oxygenate 
on 
room air at 93% at the time of discharge.  She was 
profoundly 
weak, but was no longer tachycardic and had a normal 
blood 
pressure.  Her respirations were much improved albeit 
with 
transmitted upper airway sounds. 

DISCHARGE STATUS:  The patient will be discharged to 
[**Hospital1 **] 
for both pulmonary and physical rehabilitation. 

DISCHARGE MEDICATIONS: 
1. Levothyroxine 75 mcg p.o. q.d. 
2. Citalopram 10 mg p.o. q.d. 
3. Aspirin 81 mg p.o. q.d. 
4. Fluticasone 110 mcg two puffs inhaled b.i.d. 
5. Salmeterol Diskus one inhalation b.i.d. 
6. Acetaminophen 325-650 mg p.o. q.4-6h. prn. 

• Remove unwanted structure 
to just the sentences/
paragraphs you want to 
analyze

• Get text out of weird 
formats like HTML, PDFs, or  
idiosyncratic formatting (e.g. 
in these EHRs)

This step is usually specific to your dataset
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The patient was able to oxygenate on 
room air at 93% at the time of discharge.  She was 
profoundly 
weak, but was no longer tachycardic and had a normal 
blood 
pressure.  Her respirations were much improved albeit 
with 
transmitted upper airway sounds.

['The', 'patient', 'was', 'able', 'to', 'oxygenate', 
'on', 'room', 'air', 'at', '93', '%', 'at', 'the', 
'time', 'of', 'discharge', '.', 'She', 'was', 
'profoundly', 'weak', ',', 'but', 'was', 'no', 
'longer', 'tachycardic', 'and', 'had', 'a', 
'normal', 'blood', 'pressure', '.', 'Her', 
'respirations', 'were', 'much', 'improved', 
'albeit', 'with', 'transmitted', 'upper', 'airway', 
'sounds', '.'] 

Preprocessing: Tokenization
• Words are (usually) the basic 

units of analysis in NLP.

• In English, words are 
delineated as tokens via 
space and punctuation 
conventions, recognizable via 
moderately simple rules

• Tokenization: from text string 
to sequence of word strings

• Sentence splitting: harder but 
sometimes done too

There are good off-the-shelf word tokenizers 
(NLTK, SpaCy, Stanza, Huggingface...)



Preprocessing: Normalization

• Often:

• Lowercase words (“She” -> “she”)

• Sometimes:

• Remove numbers (“93” -> “NUMBER_NN”)

• Correct misspellings / alternate spellings (“color” -> “colour”)

• Problem specific:

• Resolve synonyms / aliases (if you know them already)

• Remove “stopwords”

• Punctuation and grammatical function words (“if”, “the”, “by”), and

• Very common words in your domain that don’t add much meaning

37



How&many&words?

N =(number(of(tokens
V =(vocabulary(=(set(of(types

|V| is(the(size(of(the(vocabulary

Tokens&=&N Types&=&|V|
Switchboard(phone
conversations

2.4(million 20 thousand

Shakespeare 884,000 31 thousand
Google(Ndgrams 1(trillion 13(million

Church(and(Gale((1990):(|V|(>(O(N½)



Word frequencies
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Type Frequencies

Alice’s Adventures in Wonderland, by Lewis Carroll

Zipf’s Law

• When word types are ranked by 
frequency, then frequency (f) * rank (r) is 
roughly equal to some constant (k)

f ⇥ r = k



Zipf’s Law

40

Type Frequencies

Alice’s Adventures in Wonderland, by Lewis Carroll

Zipf’s Law

• When word types are ranked by 
frequency, then frequency (f) * rank (r) is 
roughly equal to some constant (k)

f ⇥ r = k
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Plot: log frequencies
recall:

f *r = k
log f + log r = log k

log f

log r
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Plot: log frequencies
recall:

f *r = k
log f + log r = log k

log f

log r



• stopped here 9/14
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Wasow 2020

Contrast word counts from two subcorpora
Corpus: news articles from late 1960s



Wasow 2020

Contrast word counts from two subcorpora
Corpus: news articles from late 1960s
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