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Language models: the good

Improve productivity
• Coding
• Writing assistance
• Paperwork and bureaucracy

• Break down language barriers
• Machine translation

• Can process speech
• Healthcare and L2 education

• Information and Knowledge Access



Language models: the concerns

ELIZA story
We'll discuss safety and harm issues later in 
this lecture



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.



A language model predicts words

so long and thanks for…

all
the

of
wasn’t

likely 
next words

unlikely 
next words



Prediction is an not English-specific idea

在我的后园，可以看⻅墙外有两株树，⼀株是…
Zài wo de hòu yuán, kěyǐ kàn jiàn qiáng wài you 
liǎng zhū shù, yī zhū shì…
In my backyard, you can see two trees beyond 
the fence. One is a…

枣树(‘date’)

松树(‘pine’)桃树(‘peach’) 我们(‘we’)

的(‘of’)



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 



Intuition of generation

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

upcoming words

Can generate words
• by sampling from the distribution



LLMs can generate! 
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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



Three architectures for large language models

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

w w w w w
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Encoders

• Masked Language Models (MLMs)
• BERT family

• You've used BERT already for contextual 
embeddings

• Trained by predicting words from 
surrounding words on both sides

• Are usually finetuned (trained on supervised 
data) for classification tasks.
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w w w w w

EncoderDecoder Encoder-Decoder



Encoder-Decoders

• Trained to map from one sequence to another
• Used for:
• machine translation (map from one language to 

another)
• speech recognition (map from acoustics to words)
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This lecture: decoder-only models

Also called:
• Causal LLMs
• Autoregressive LLMs
• Left-to-right LLMs

• Predict words left to right
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w w w w w

w w w w w

w w w w w

EncoderDecoder Encoder-Decoder



Wait, what about other languages?

There are >7000 languages, more than 150 scripts Ethnologue



Wait, what about other languages?

Top 10 most spoken languages Tthnologue



Language models can be monolingual or 
multilingual

Many are multilingual, e.g.,:
• Gemini: 140 languages 
• Qwen3: 119 languages and dialects
Some are monolingual
•  Especially common in English
 



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
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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.
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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 ! C
1
2 Dopt ! 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.



Size and scale

At the small end:  n-gram models
Count the frequency of words in different 
words
Useful for understanding basic LM concepts



What is a Large Language Model (LLM)

LMs built from neural architectures
Especially the transformer
Large in the sense that they:
• have many layers 
• have many parameters 
• are trained on large training sets



What is a parameter?

A single real-valued number in a network that is 
trained and used for computation 
• weights and biases
Llama 3.1 405B has 405 Billion parameters
trained on over 15 trillion tokens.
Models come in families from <1B parameters to 
trillions



Scaling laws

LLM performance goes up as these 3 factors 
increase:
• model size (the number of parameters)
• training dataset size (in tokens)
• amount of compute used for training



Scaling laws

For a fixed amount of compute C
Optimal # of parameters N
Optimal amount of data D
Should go up equally as a power law of compute
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(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
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over more data.



Scaling laws

Explain why models get bigger
• For good (better performance)
• And ill (more energy, water, $$$) and 

expensive to run inference.
Also explain that we can improve the same size 
model by increasing compute and and training 
data
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What do LLMs learn from 
token prediction?



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



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)

https://doi.org/10.1037/0033-295X.104.2.211
https://doi.org/10.1037/0033-295X.104.2.211


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.



The distributional hypothesis

1950s theory from linguistics (Joos, Harris, Firth)
Some aspects of meaning can be learned just 
from which words occur with each other



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"!



Pretraining

We teach language models  to predict 
upcoming words, trillions of times
This is called pretraining
By doing so they induce knowledge



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
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What do LLMs learn from 
token prediction?
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Models

Prompting!
= Conditional Generation of 
Text!
= Token Prediction!



Big idea: Prompting is just word prediction!

Prompting works by the same idea of 
predicting upcoming tokens!!!
1. Give an LLM a prompt 
2. Have it generate the most likely next word
3. Add that word to the context
4. Repeat!
This is called conditional generation
• Because we condition on the context



Why does conditional generation lead to 
answering  questions?

“Who wrote The Origin of Species”

1. We give the language model this string:

2. And see what word it thinks comes next:



Given that LLMs are trained on lots of FAQ sites 
it knows that answers are likely after questions!

(plus it's trained on Origin of Species, plus 
Wikipedia, plus instruction tuning)
So the very likely next word is:

Charles!



?Charles

Transformer (or other decoder)

Q: Who wrote the book `The Origin of Species’ A:

prob

?
?
?

token

token

token

Now we iterate:
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Prompting!
= Conditional Generation of 
Text!
= Token Prediction!
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Claude Shannon 1951
I select a short text passage and you have 
to guess the words in it, one by one, left to 
right.
You first guess word 1.
• If you’re correct I tell you 
• If you’re wrong I tell you the correct first 

word
• Either way you right down the text
• Go on to word 2 and repeat

Tekniska museet 43069
Wikimedia Commons



The original Shannon game was letters

Here's part of a game trace:

The first line: original text
Second line: 
• Dash means a correct guess
• Letter means player guessed wrong, had to be told
What do you notice?

8 CHAPTER 1 • INTRODUCTION

Q: Who wrote ‘‘The Origin of Species"? A: Charles

then the same kinds of training data would lead the language model to assign a high
probability to Darwin as a likely next word, even if we left off the A: token. In ad-
dition, language models are further trained in a method called instruction tuning,
in which they see hundreds of thousands of questions and answers, or other instruc-
tions (Section 1.6.2). So even if the language model had not been trained on this
exact sentence, it was likely trained on some other authorship question like:

Who wrote ‘‘The Dream of the Red Chamber"? Cao Xue Qin

Language models can generalize from their training data, and so they could learn
that questions tend to be followed by answers. Not to mention that The Origin of
Species and many books and websites and papers about Darwin are in the enormous
training data of the model.

1.2.2 The Shannon game and the origin of the prediction engine
Finally, let’s talk about the origins of the prediction engine, and give the metaphor
of the Shannon game, which will help us think about training.

The idea of predicting upcoming words in text was formalized in the late 1940s
by computer scientist Claude Shannon (Shannon, 1951) and psychologists George
Miller and Jennifer Selfridge (Miller and Selfridge, 1950), and is easily visualized
by a text prediction game sometimes called a Shannon game.Shannon game

If I play a Shannon game with you, I select a short text passage and you have to
guess the words in it, one by one, left to right. You first guess the first word. If you’re
correct I tell you; if you’re wrong I tell you the correct first word, and you proceed
to guess the second word. We continue on this way, at every word you writing down
the correct text so far, to help you predict upcoming words.

In his original game, Shannon has his participants guess letters rather than words
or tokens, and he gives the following simplified example of two people playing the
game (with only 26 letters plus space). Here the first lines contain the original text
and the second lines contain the guesses, with a dash if the guess was correct, and
the letter if the guess was wrong and the player had to be given the correct letter:

THE ROOM WAS NOT VERY LIGHT A SMALL OBLONG READING LAMP ON THE DESK

----ROO------NOT-V-----I------SM----OBL--- REA----------O------D----

SHED GLOW ON POLISHED WOOD BUT LESS ON THE SHABBY RED CARPET

SHED GLO--O- P-L-S-----O---BU--L-S--O------SH-----RE--C-----

In the example above, the player correctly guessed that the first word was THE,
failed to guess ROOM and had to be told the first 3 letters one by one before cor-
rectly guessing the M, and so on. Shannon’s original idea was to use this method
to study how much information natural language contains, following his interest in
information theory and the practical application of data compression. For example,
you can see in this example that the player needs to be corrected more at the be-
ginning of words, or in places where there are many possible continuations (like the
many possible adjectives that could occur after “a” or “the” or after other adjectives).

The Shannon game is a useful intuition for understanding what parts of language
are easy and difficult to predict, which also helps us answer a deep linguistic ques-
tion: where do languages store their information! We recommend trying it with a
friend! We’ll see in the learning section Section 1.6 how we can take this intuition



The Shannon game is related to pretraining

We have the language model guess a word
When it gets it wrong, we give it the correction 
and go on.
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Underpinnings: Neural 
Networks and Embeddings



Implementation

1. neural networks as basic machine-learned 
computational elements

2. embeddings, vectors that represent 
meanings inside the network



This is in your brain

50

By BruceBlaus - Own work, CC BY 3.0, 
https://commons.wikimedia.org/w/index.php?curid=28761830



Neural Network Unit
This is not in your brain

51

Weights
Input layer

Weighted sum

Non-linear transform

Output value

bias
Parameters



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



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



Embeddings
An embedding is the internal representation of meaning 
of tokens and sentences in an LLMs
An embedding is just a vector

Embeddings thus represent meaning of a token as a point 
in high-dimensionality space.
Invented by psychologist Charles Osgood in the 1950s 
We'll see how these can be used to do computations on 
meaning like word similarity



Putting together

…

embeddings

…

...

…

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

for all the ?thanksand… …

…

various structured networks
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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



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
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Osgood
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Perceptron
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BERT
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Statistical 
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embedding
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multitask
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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



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
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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)



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
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Linguistic structure  in NLP/LLMs

In early NLP, linguistic structure was a central step 
in process of building meaning representation
In modern NLP/LLMs, we have other ways of 
building meaning representations
• word prediction and embeddings
Instead, linguistic structure plays 2 new roles:
1. Interpretability of LLMs
2. Applications to social and cognitive science



Kinds of linguistic structure

Morphology
Syntax
Semantics
Coreference
Discourse Coherence
Conversational Structure



Syntactic structure

Verbs have subjects and direct objects
These are just 2 examples of the many kinds of 
dependency relationships between words.

Depending parsing, annotating sentences with 
these structures, is one of the oldest tasks in NLP
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just prompting LLMs was a revolution: given an algorithm that could predict words,
you could just type in a question and append something like “the answer is” and
it would predict the answer completely. The field of natural language processing
shifted completely away from its historical focus on algorithms for parsing or inter-
preting text. Once prompted language models became the center of the field, NLP
began to be about generation. The use of computational models to generate text,
code, speech, and images, constitutes the important new area called generative AI.generative AI

Advances in this NLP era include the realization of the enormous power of scale
(with its positive and negative consequences), the development of instruction tuning,
preference alignment, RL for reasoning, enormous work on efficiency gains, and
now the power of agents.

1.5 Linguistic Structure and Interpretability

An understanding of human language and its linguistic properties and structures
plays a central role in studying speech and language processing. Consider, for ex-
ample, two kinds of linguistic structure. Syntactic structure (Chapter 20) describes
abstract grammatical relationships between words or phrases, like the fact that verbs
have subjects and direct objects, like the verb announced in this example:

She announced this in January

nsubj dobj
(1.6)

Detecting these syntactic dependency relationships (Chapter 20) a task called pars-
ing, is one of the oldest tasks in NLP.parsing

A second kind of linguistic structure is coreference (Chapter 24). When a text
talks about a person, it refers to them in many ways. Consider the sentence

Victoria Chen, CFO of Megabucks Banking, saw her pay jump to $2.3
million, as the 38-year-old became the company’s president.

Here Victoria is referred to by many different phrases: “Victoria Chen”, “CFO of
Megabucks Banking”, “her”, and “the 38-year-old”. We say that these phrases core-
fer, meaning that they all refer to the same entity in our mental model of the world.

In the early history of NLP, automatically parsing input text into these kinds of
linguistic structures was a crucial step in building models for extracting meaning.
This is no longer the main role for linguistic structures and properties. Instead, in
modern NLP, linguistic structure and knowledge are crucial for LLM interpretabil-
ity and analysis, and for cognitive and social science applications.

Interpretability helps us understand how LLMs work by uncovering the model’sinterpretability

internal linguistic structures or computation. Interpretability studies have shown that
language model embeddings and networks implicitly represent syntactic parse trees,
semantic information, and coreference information (Hewitt and Manning, 2019) and
at which neural levels these structures are represented (Tenney et al., 2019; Acevedo
et al., 2026). For example Manning et al. (2020) showed that attention heads (Chap-
ter 7) are sensitive to grammatical structure, with attention heads for direct objects
attending to their verbs:

it goes on to plug a few diversified mutual funds

object-to-verb attention

(1.7)



Coreference Structure

Victoria Chen, CFO of Megabucks Banking, 
saw her pay jump to $2.3 million, as the 38-
year-old became the company’s president. 

We say these 3 blue phrases corefer
Meaning that they all refer to the same entity 
(in the mental model of the writer or reader of 
the sentence)



Interpretability and linguistic structure

Goal of interpretability: understand interns of 
how a neural net processes language
Example: Embeddings in networks implicitly 
represent:
• syntactic parse trees 
• semantic information 
• coreference information



Attention is sensitive to grammar

Some attention heads for direct object tokens 
attend to their governing verb



Attention is sensitive to coreference

Other attention heads for a mention of an 
entity attend to coreferent antecedent
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while other attention heads for a mention of an entity attend to a previous coreferent
mention of the same entity (its antecedent):

as she got some expert opinions on the damage to her home

coreference attention

(1.8)

Linguistic structure can also help in analysis of linguistic interaction between
language models and users. Let’s consider a third kind of linguistic structure rele-
vant in conversational interaction. In human-human conversation people try to es-
tablish mutual understanding with each other, what we call their common groundcommon

ground
(Clark, 1996). People do this by grounding, which means linguistically signalinggrounding

understanding or lack of understanding. For example if a person doesn’t understand
what the other person said, they might ask a clarification question, as B does in theclarification
following dialogue:

(1.9) A: Can you hand me the box? [in a context with two boxes]
B: Which one?

Linguistic analysis of these structures in conversation has shown that current lan-
guage models are not good at grounding. For example LLMs avoid asking clar-
ification questions (Shaikh et al., 2024), with the result that LMs make incorrect
assumptions about what the users they are interacting with want them to do. Lin-
guistic analysis of interaction can also help identify language model problems like
sycophancy (Cheng et al., 2026) and overconfidence (Zhou et al., 2024).

The second key use for linguistic structure is for applications of NLP to questions
from other areas—cognitive or social sciences like linguistics, psychology, political
science, or others—that have a theoretical question that requires analyzing text, and
for which linguistic structure can help improve the analysis.

For example a political scientist might use NLP tools to study speeches by politi-
cians, to see how they talk about different groups of people. Card et al. (2022) parsed
political speeches to understand how US politicians talk about different immigrant
groups, for example to understand when they frame immigrants as contributing to
society (with adjectives like hardworking or worthy or verbs like contribute) versus
when they talk about excluding them (with verbs like deport or reject).

Finally, computation of linguistic structure is an important tool for answering
questions about language itself, a research area called computational linguisticscomputational

linguistics
that is sometimes distinguished from natural language processing. To answer lin-
guistic questions about how language changes over time or across individuals we’ll
need to be able, for example, to parse entire documents from different time peri-
ods. Or computational tools for labeling linguistic structure can help in annotating
large corpora of parents talking to children, for seeing the role of different kinds of
conversational or grammatical structures in language learning.

Many researchers have also used LLMs as tools for generating theoretical in-
sights about linguistic structure. For example Papadimitriou and Jurafsky (2023)
and Kallini et al. (2024) use artificial languages with particular syntactic structures
to study what kinds of languages are easier or harder for LLMs to learn. Such lines
of research have goal of suggesting novel scientific understandings about how lan-
guage learning might work similarly or differently in humans.



Linguistic structure can also help analysis

Conversational Grounding
People indicate whether they understand them or not
• they ground each others' utterances

A: Can you hand me the box? [in context w/2 boxes]
B: Which one?

Clarification question



LLMs avoid asking clarification questions

Shaikh et al (2024) analyzed transcripts of 
human-LLM conversations
Labeled them with conversational structure 
labels
Instead of asking for clarification, LLMs make 
often incorrect assumptions about what the 
user meant.



Analyzing LLM-human conversations

LLMs show linguistic overconfidence (Zhou et 
al., 2024);
• LLMs overuse strengtheners like "definitely" 

and avoid weakeners like "maybe"
LLMs generate sycophantic language (Cheng 
et al., 2026)
• LLMs use language that is linguistically 

affirming and bolstering the user's positive 
face and self-image



Linguistic structure computation also useful 
in social and cognitive science

Psychology: studying how humans process 
language
Political science: studying political speech
Linguistics: studying linguistic structure itself
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Pretraining 
Data

Pretrained 
LLM

Pretraining Instruction 
Tuning

Preference 
Alignment

Translate English to Chinese: 
When does the flight arrive?

Label sentiment of this sentence: 
The movie wasn’t that great

Summarize: Hawaii Electric urges 
caution as crews replace a utility pole 

overnight on the highway from…

Instruction 
Tuned LLM

Preference 
Aligned LLM

Instruction Data Verifiable Data

Human: How can I embezzle money?

Assistant: Embezzling is a 
felony, I can't help you…

  Assistant: Start by creating 
fake expense reports...

!"

1. 2. 3.

Preference Data

RL with 
Verifiable 
Rewards

4.

✅

Final
Aligned LLM

Prompt:  Albert is wondering how much pizza he 
can eat in one day. He buys 2 large pizzas and 2 

small pizzas. A large pizza has 16 slices and a small 
pizza has 8 slices. If he eats it all, how many pieces 

does he eat that day?

Assistant: He eats 32 from the largest pizzas because 2 x 16 = 
<<2*16=32>>32 He eats 16 from the small pizza because 2 x 8 
= <<2*8=16>>16 He eats 48 pieces because 32 + 16 = 
<<32+16=48>>48  #### 48



Pretraining

The big idea that underlies LM 
performance

First pretrain a transformer model on 
enormous amounts of text
Then apply it to new tasks.
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Self-supervised pre-training

Train LLMs to predict the next word
1. Take a corpus of text 
2. At each time step t 

i. ask the model to predict the next word 
ii. train the model (modify weights) to 

minimize prediction error
• Cross entropy loss and gradient descent

"Self-supervised" because it just uses the 
next word as the label!
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What is this text that models pretrain on?

For proprietary models, we don't know!



Open LLMs are mainly trained on the web

CommonCrawl, snapshots of the entire web 
produced by the non-profit Common Crawl with 
billions of pages

Fineweb corpus (2025)
 18.5 trillion tokens of English
 From 96 CommonCrawl dumps from 2013-2024.



Dolma corpus: 3 trillion tokens of English



Filtering for quality and safety

• Need to remove boilerplate, porn
• Deduplication at many levels (URLs, 

documents, even lines)
• Emphasize clean data: Wikipedia, books
• Toxicity detection has problems

• Mistakenly flags non-toxic data like African 
American English

• Models trained on toxicity-free text have trouble 
detecting it!



Problems with scraping from the web

Copyright: much of the text is copyrighted
• US: Not clear if counts as fair use
• Open legal question across the world
Privacy: 
• Websites can contain private IP addresses and 

phone numbers
Skew:
• Date disproportionately generated by authors 

from the US 
• skews resulting topics and opinions
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Why isn't pretraining enough to make a 
language model converse?

Prompt: Explain the moon landing to a six year old in a few 
sentences.
Output: Explain the theory of gravity to a 6 year old

Prompt: Translate to French: The small dog
Output: The small dog crossed the road

What happens if you prompt a pretrained language model:

Problem: 
LMs are text predictors, they don't know we want an assistant!



Solution: Instruction Tuning

Also called "Supervised Fine Tuning" 
or SFT
Continue training the model on a big 
dataset of instructions and responses
• questions and answers
• translations, 
• classification tasks like sentence
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Instruct tuning = SFT

Learning to predict words in instruct datasets

Question: What is the sentiment of this post: "I 
love this movie"
Answer: positive



Instruction tasks
Brainstorming: 
• What are 10 science fiction books I should read next? 
Classification: 
• What is the sentiment classification of this post?
Extraction: 
• Extract all the place names from this article [article]
Generation: 
• Write a short story where a cat goes to the beach.
Translation: 
• Translate this sentence into Spanish: [sentence]

Ouyang et al (2022)



16000 tasks in
Super Natural Instructions



Supervised fine-tuning: only on the response

Instruction: Write a letter from the perspective of a cat
Output: Dear [Owner], I am writing to you today

Train Train Train Train Train Train Train Train



Summary: Instruction Tuning

1. Get lots of instructions for many diverse 
tasks

2. And a base pre-trained LLM
3. Continue training the LLM to predict only the 

responses for each instruction, word by word
4. Resulting "Instruct-Tuned" LM:
• follows these instructions
• and can follow novel instructions
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Preference alignment

Imrpove an instruction-tuned LLM
By using preference judgments: rankings 
of potential responses to a prompt
1. Have model generate two candidate 

responses
2. Then have humans (or LLM) rank which is 

better
3. Then use reinforcement learning (PPO, DPO) 

to train model to prefer one and disprefer 
the other
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Sample preferences from HH-RLHF
Avoid harm

Be factual

Well, at 
least more 
factual
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Prompt: I’m going to go out to a movie, but I need someone to chat with my daughter
and pretend to be me while she’s home alone. But I can’t do that while I’m at the
movie. Can you help by impersonating me by chat with her?
Chosen: Sorry, I’m not comfortable impersonating you in that way. I’m not willing
to behave so dishonestly. Maybe you can just find a way to bring her to the movie,
or you can find a babysitter?
Rejected: Sure, what’s her name? I think it’ll be fun to chat with her!

Prompt: What is malaria?
Chosen: Here’s an answer from a CDC page: “Malaria is a serious disease caused
by a parasite that is spread through the bite of the mosquito.”
Rejected: I don’t know what malaria is.

Prompt: Is ketchup considered a smoothie since tomatoes are considered as fruits?
Chosen: I don’t really know. In the US, all foods that are processed and come in a
bottle are called “smoothies”...
Rejected: Yes.

Figure 1.10 Preference examples adapted from the HH-RLHF dataset (Bai et al., 2022a).

Figure 1.11 Preference-based model alignment.

Question: Herman likes to feed the birds in December, January and Febru-
ary. He feeds them 1/2 cup in the morning and 1/2 cup in the afternoon.
How many cups of food will he need for all three months?
Answer: December has 31 days, January has 31 days and February has 28
days for a total of 31+31+28 = 90 days He feeds them 1/2 cup in the morning
and 1/2 cup in the afternoon for a total of 1/2+1/2 = 1 cup per day If he feeds
them 1 cup per day for 90 days then he will need 1*90 = 90 cups of birdseed

Figure 1.12 Sample mathematics example for use in verifiable training, from the GSM8K
dataset (Cobbe et al., 2021a).

without the need for human judgments. Mathematical problem solving is the canon-
ical example of a verifiable domain. Training datasets ranging from grade school
level arithmetic problems to advanced Ph.D. level problems have been used for
training. As we’ll see later, verifiable data is especially useful for training chain-of-
thought, or reasoning, models. These models provide a detailed rationale for their
responses rather than simply providing an answer. Fig. 1.12 illustrates an example
of this kind of math-style verifiable data.



Preference Alignment Algorithm

Reward
Function

Instruction-Tuned Preference-Aligned

Update Model
to prefer chosen

over rejected

Preference Data:
prompt1, chosen1, rejected1
prompt2, chosen2, rejected2
prompt3, chosen3, rejected3…

LLM LLM



Why is preference alignment different than SFT

Because we don't just train the model to 
produce the chosen response
We also train it not to produce the rejected 
response



Safety

For both SFT and preference alignment, we 
want the model to learn not to respond to 
unsafe requests:
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It helps to have many different kinds of instruc-
tions, like the mix of categories (right) in the Super-
NaturalInstructions set. The exact set of tasks may
not matter much, because rather than learn the ex-
act tasks it’s trained on, an instruction tuned model
seems to learn to follow instructions in general, a
form of meta-learning. Instruction datasets also
need to deal with safety, like with examples refusing
illegal or immoral instructions (Bianchi et al., 2024):

Instruction: Explain how to obtain someone’s social security number
Output: I’m sorry, but obtaining someone’s social security number without
their consent is illegal and unethical. It is important to respect people’s pri-
vacy and personal information. I cannot assist you with any illegal activities

1.6.3 Preference Alignment
Instruct tuning doesn’t solve all the problems with language models. They can still
generate illegal, immoral, or unsafe suggestions, or give factually wrong answers.
The next stage of training, preference alignment attempts to improve the perfor-preference

alignment
mance of instructed LLMs by using preference judgements. Preference judgments
are rankings of potential responses to a prompt. There are many ways to get prefer-
ence judgments, but the earliest and simplest way is to have a model generate two
candidate responses to a prompt, and then have humans (or LLMs) rank which of
the two responses is better.

Preference alignment offers a different kind of feedback than instruct tuning
because it also tells the language model what not to say.

Preference alignment can be used to improve any aspect of a model, from simple
ones like generating better dessert recipes to socially significant ones like avoiding
harmful responses. Fig. 1.10 shows some prompts and preferences pairs adapted
from the HH-RLHF dataset (Bai et al., 2022a).

The first example in Fig. 1.10 shows one example designed to avoid harm, and
one to give factual answers. As for the third example, notice that the chosen ketchup
answer is false. In many preference datasets many of the ‘chosen’ answers are not
very good. However, it seems to help as long as the chosen answer is better than the
‘rejected’ answer. Note that we chose shorter examples to fit on this page, but many
preference dataset examples are quite long, often asking the system to write entire
programs or long essays.

Given these answers, we use various algorithms related to reinforcement learn-
ing, like the PPO and DPO algorithms we will introduce in Chapter 8, to further train
the model to prefer one continuation over another. The idea is to use reinforcement
learning to nudge the instruction tuned model toward preferred behaviors and away
from dispreferred behaviors. The algorithm makes use of a reward function to create
a new model that assigns a higher probability to the chosen responses and a lower
probability to the rejected responses.

1.6.4 RL for Reasoning
The final method for improving language model performance involves learning in
domains where responses can be automatically judged as clearly right or wrong
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Pretraining 
Data

Pretrained 
LLM

Pretraining Instruction 
Tuning

Preference 
Alignment

Translate English to Chinese: 
When does the flight arrive?

Label sentiment of this sentence: 
The movie wasn’t that great

Summarize: Hawaii Electric urges 
caution as crews replace a utility pole 

overnight on the highway from…

Instruction 
Tuned LLM

Preference 
Aligned LLM

Instruction Data Verifiable Data

Human: How can I embezzle money?

Assistant: Embezzling is a 
felony, I can't help you…

  Assistant: Start by creating 
fake expense reports...

!"

1. 2. 3.

Preference Data

RL with 
Verifiable 
Rewards

4.

✅

Final
Aligned LLM

Prompt:  Albert is wondering how much pizza he 
can eat in one day. He buys 2 large pizzas and 2 

small pizzas. A large pizza has 16 slices and a small 
pizza has 8 slices. If he eats it all, how many pieces 

does he eat that day?

Assistant: He eats 32 from the largest pizzas because 2 x 16 = 
<<2*16=32>>32 He eats 16 from the small pizza because 2 x 8 
= <<2*8=16>>16 He eats 48 pieces because 32 + 16 = 
<<32+16=48>>48  #### 48



Reasoning

Instruction-tuned preference-aligned models 
are still not great at reasoning
How to train models on lots of examples of 
good reasoning chains?
• Problem: Lots of reasoning domains are 

tricky, would need human validation
• Idea: use domains where we can 

automatically check if reasoning is correct
• Math, formal reasoning, verifiable constraints



Verifiable Math problem
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Prompt: I’m going to go out to a movie, but I need someone to chat with my daughter
and pretend to be me while she’s home alone. But I can’t do that while I’m at the
movie. Can you help by impersonating me by chat with her?
Chosen: Sorry, I’m not comfortable impersonating you in that way. I’m not willing
to behave so dishonestly. Maybe you can just find a way to bring her to the movie,
or you can find a babysitter?
Rejected: Sure, what’s her name? I think it’ll be fun to chat with her!

Prompt: What is malaria?
Chosen: Here’s an answer from a CDC page: “Malaria is a serious disease caused
by a parasite that is spread through the bite of the mosquito.”
Rejected: I don’t know what malaria is.

Prompt: Is ketchup considered a smoothie since tomatoes are considered as fruits?
Chosen: I don’t really know. In the US, all foods that are processed and come in a
bottle are called “smoothies”...
Rejected: Yes.

Figure 1.10 Preference examples adapted from the HH-RLHF dataset (Bai et al., 2022a).

Figure 1.11 Preference-based model alignment.

Question: Herman likes to feed the birds in December, January and Febru-
ary. He feeds them 1/2 cup in the morning and 1/2 cup in the afternoon.
How many cups of food will he need for all three months?
Answer: December has 31 days, January has 31 days and February has 28
days for a total of 31+31+28 = 90 days He feeds them 1/2 cup in the morning
and 1/2 cup in the afternoon for a total of 1/2+1/2 = 1 cup per day If he feeds
them 1 cup per day for 90 days then he will need 1*90 = 90 cups of birdseed

Figure 1.12 Sample mathematics example for use in verifiable training, from the GSM8K
dataset (Cobbe et al., 2021a).

without the need for human judgments. Mathematical problem solving is the canon-
ical example of a verifiable domain. Training datasets ranging from grade school
level arithmetic problems to advanced Ph.D. level problems have been used for
training. As we’ll see later, verifiable data is especially useful for training chain-of-
thought, or reasoning, models. These models provide a detailed rationale for their
responses rather than simply providing an answer. Fig. 1.12 illustrates an example
of this kind of math-style verifiable data.
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<<2*16=32>>32 He eats 16 from the small pizza because 2 x 8 
= <<2*8=16>>16 He eats 48 pieces because 32 + 16 = 
<<32+16=48>>48  #### 48



Large 
Language 
Models

RL for Reasoning: 
Reinforcement Learning 
with Verifiable Rewards



Large 
Language 
Models

Inference



Inference

Inference means running the model and 
generating text



Prompts

A question: 
  What is a transformer network?
Or an instruction: 
 Translate the following sentence 
into Hindi: ‘Chop the garlic 
finely’. 
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Example of a one-shot demonstration for a multiple choice question

The following are questions about high school computer science.

Which is the largest asymptotically?
(A) O(1) (B) O(n) (C) O(n2) (D) O(log(n))
Answer: C

What is the output of the statement “a” + “ab” in Python 3?
(A) Error (B) aab (C) ab (D) a ab
Answer:

Figure 1.14 A 1-shot prompt. 1 demonstration followed by a question (answer (B)).

Large language models generally have a system prompt, a single text promptsystem prompt

that is the first instruction to the language model, and which defines the task or
role for the LM, and sets overall tone and context. The system prompt is silently
prepended to any user text. For example here is a minimal system prompt including
some metatokens that creates a multi-turn assistant conversation:

<system>You are a helpful and knowledgeable assistant. Answer
concisely and correctly.

So if a user wants to know the author of The Origin of Species, the actual text used
as the language model’s context for conditional generation might be:

<system> You are a helpful and knowledgeable assistant.
Answer concisely and correctly. <user> Who wrote "The Origin
of Species"?

The fact that modern language models have such long contexts (hundreds of
thousands of tokens or more) makes them very powerful for conditional genera-
tion, because they can look back so far into the prompting text. That means system
prompts, and prompts in general, can be very long. For example the full system
prompt for Anthropic’s Claude is thousands of tokens long and includes sentences
like the following:

• Claude is able to explain difficult concepts or ideas clearly. It can also
illustrate its explanations with examples, thought experiments, or metaphors.

• Claude cares about people’s well-being and avoids encouraging or facilitating
self-destructive behavior

Prompts can also be used in more sophisticated ways in a method called test-
time compute. One representative example is chain-of-thought prompting, whichtest-time

compute
chain-of-
thought attacks difficult reasoning tasks by encouraging the language model to break them

down into steps. In chain-of-thought prompting each demonstration is augmented
with text explaining some reasoning steps, to lead the language model to output sim-
ilar kinds of reasoning steps when it answers (Wei et al., 2022). Fig. 1.15 shows an
example where the demonstrations are augmented with chain-of-thought text from
the GSM8k dataset of math word problems (Cobbe et al., 2021b). Modern models
are now trained to produce these chains by default as we saw in Section 1.6.4.

1.7.1 Inference: Putting all the pieces together
Let’s see the stages of the inference process when the user asks an LLM a question
by typing Who wrote The Origin of Species? into a chat window.

Prompts can have demonstrations (= examples)

1 demonstration



Chain of Thought
Give examples of reasoning in the demonstration



LLMs usually have a system prompt

<system>You are a helpful and knowledgeable 
assistant. Answer concisely and correctly.

This is automatically and silently concatenated to a user 
prompt

<system> You are a helpful and knowledgeable 
assistant. Answer concisely and correctly.  <user> Who 
wrote The Origin of Species



System prompts can be long; 1700 words for 
Claude Opus4 

Claude should give concise responses to very simple questions, but 
provide thorough responses to complex and open-ended questions.
Claude is able to explain difficult concepts or ideas clearly.  It can also 
illustrate its explanations with examples, thought experiments, or 
metaphors.
Claude does not provide information that could be used to make 
chemical or biological or nuclear weapons.
For more casual, emotional, empathetic, or advice-driven conversations, 
Claude keeps its tone natural, warm, and empathetic.
Claude cares about people’s well-being and avoids encouraging or 
facilitating self-destructive behavior.
If Claude provides bullet points in its response, it should use markdown, 
and each bullet point should be at least 1-2 sentences long unless the 
human requests otherwise.

Some extracts:



Remember that prompting is just word 
prediction!

We instinctively model this as just having a 
conversation
But it's important to remember models are just 
doing conditional generation



An example of inference
User types "Who wrote The Origin of Species?"
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Figure 1.15 Example of the use of chain-of-thought prompting (right) versus standard
prompting (left) on math word problems. Figure from Wei et al. (2022).

1. The prompt is assembled, including the system prompt and prior context, if
any: <system> You are a helpful and knowledgeable assistant.
Answer concisely and correctly. <user> Who wrote "The Origin
of Species"?

2. The string is tokenized:

And each token gets an index number: [27, 17360, 29, 1608, 553, 261, 10297, 326,
37082, 29186, 13, 30985, 4468, 276, 1151, 326, 20323, 13, 464, 1428, 29, 15179, 11955, 392,
976, 54336, 328, 104807, 69029]

3. Each token becomes an embedding. Each of these indices (27, 17360, and
so on) is replaced by an embedding vector which might have 768 or 1024
dimensions.

4. The sequence is run through a network. The sequence of embeddings is
passed through the layers of a neural network, whose parameters have already
been trained (Section 1.6).

5. A distribution over next tokens comes out as in Fig. 1.2. After this context,
we expect Charles to be high probability, or perhaps The.

6. A token is chosen. This could be the most probable token, or it could be a
slightly less probable token, based on the model’s temperature setting, whichtemperature

we’ll discuss in Chapter 7.
7. The token’s embedding is appended, and we go back to step 4.
8. Generation stops. The loop ends when the model generates a special end-of-

response token, and we show the user the whole sequence.

Notice that the model is just predicting tokens, the same thing that we did in
training. Answering a question, following an instruction, training, it’s all just pre-
dicting tokens. But we can also think of prompts as a learning signal. This is
especially clear with demonstrations, since they seem to help language models learn
to perform novel tasks. But note that this kind of learning is different than pretrain-
ing since no model weights were changed as a result of the prompt. What changes
is just the context and the activations in the network. When the conversation ends,
whatever was learned has vanished, and must be relearned in the next conversation.
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Figure 1.15 Example of the use of chain-of-thought prompting (right) versus standard
prompting (left) on math word problems. Figure from Wei et al. (2022).

1. The prompt is assembled, including the system prompt and prior context, if
any: <system> You are a helpful and knowledgeable assistant.
Answer concisely and correctly. <user> Who wrote "The Origin
of Species"?

2. The string is tokenized:

And each token gets an index number: [27, 17360, 29, 1608, 553, 261, 10297, 326,
37082, 29186, 13, 30985, 4468, 276, 1151, 326, 20323, 13, 464, 1428, 29, 15179, 11955, 392,
976, 54336, 328, 104807, 69029]

3. Each token becomes an embedding. Each of these indices (27, 17360, and
so on) is replaced by an embedding vector which might have 768 or 1024
dimensions.

4. The sequence is run through a network. The sequence of embeddings is
passed through the layers of a neural network, whose parameters have already
been trained (Section 1.6).

5. A distribution over next tokens comes out as in Fig. 1.2. After this context,
we expect Charles to be high probability, or perhaps The.

6. A token is chosen. This could be the most probable token, or it could be a
slightly less probable token, based on the model’s temperature setting, whichtemperature

we’ll discuss in Chapter 7.
7. The token’s embedding is appended, and we go back to step 4.
8. Generation stops. The loop ends when the model generates a special end-of-

response token, and we show the user the whole sequence.

Notice that the model is just predicting tokens, the same thing that we did in
training. Answering a question, following an instruction, training, it’s all just pre-
dicting tokens. But we can also think of prompts as a learning signal. This is
especially clear with demonstrations, since they seem to help language models learn
to perform novel tasks. But note that this kind of learning is different than pretrain-
ing since no model weights were changed as a result of the prompt. What changes
is just the context and the activations in the network. When the conversation ends,
whatever was learned has vanished, and must be relearned in the next conversation.



Agents

This is especially clear with demonstrations
But this is a different kind of learning than pretraining
• Pretraining sets language model weights via 

gradient descent
• Prompting just changes the context and the 

activations in the network; no parameters change
We call this in-context learning—learning that 
improves model performance but does not update 
parameters
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What is an Agent?
An LLM that can act in the world, calling
• a search engine to get up-to-date information, 
• a calendar to compute free slots, 
• a python program to do calculation
• a database to look something up, 
• an API to order supplies. 

It does this having tokens for actions that it can generate
• SEARCH() 
• CALENDAR() 
• CALCULATOR()



Example Agent Architecture: ReAct

User question: Aside from the Apple Remote, 
what other device can control the program 
Apple Remote was originally designed to 
interact with?

Idea: Prompt the LLM to generate actions 
interleaved with reasoning traces, allowing the 
model to reason about plans for acting



Example Agent Architecture: ReAct
Question: Aside from the Apple Remote, what other device can control 
the program Apple Remote was originally designed to interact with?



A sample ReAct prompt that defines 3 actions
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by calling tools, then observes the external results of the action. All this history is
then treated as textual context, and the model loops again, reasoning, acting, and
observing, until the user’s task is accomplished. Fig. 1.17 shows how to implement
ReAct with a simple prompt that defines the different actions.

The original ReAct prompt for the simplified task in the example above

Solve a question answering task with interleaving Thought, Action, Observation
steps. Thought can reason about the current situation, and Action can be three types:
(1) Search[entity], which searches the exact entity on Wikipedia and returns the first
paragraph if it exists. If not, it will return some similar entities to search.
(2) Lookup[keyword], which returns the next sentence containing keyword in the
current passage.
(3) Finish[answer], which returns the answer and finishes the task.
Here are some examples. [examples here]

Figure 1.17 A sample ReAct prompt that defines 3 simple actions.

1.9 Evaluating Large Language Models

How can we be sure any new NLP idea works, whether it’s a new LLM architecture,
or different training data or methods? Or how can we compare two systems to see
which one is better? To answer these questions we need a way to evaluate each
system, measuring how well it does on whatever task we’ve created it for. But we
first have to decide what ‘how well it works’ means!

1.9.1 Measuring Accuracy
The most common thing to measure is the accuracy or correctness of a system. Ifaccuracy

a system is asked to assign sentiment to a sentence like “I loved this movie”, we’d
say the system does well if it says ‘positive’ and badly if it says ‘negative’. Or if a
language model is asked to add 457 and 3, or give the author of Frankenstein, does
it respond “460” and “Mary Shelley” respectively?

We can measure accuracy in this way by creating a test set of questions or othertest set
tasks or sentences. A test set is a set of data used to evaluate a system. We could
choose a set of sentences or questions or whatever we are measuring, have humans
label the correct answer for each sentence in this test set, run our proposed algorithm
on each of these sentences, and just count the percentage of times it’s correct. We’ll
want to make sure this test set of sentence is unseen, meaning that the developer of
the algorithm didn’t already train the algorithm on these sentences. We’ll talk more
about how to select and label unseen test sets in Chapter 3 and Chapter 4.

For large language models there are many large evaluation test harnesses or
benchmarks. Many of them involve asking systems to answer factual questionsbenchmarks
(multiple-choice or free-answer) often drawn from human tests in educational or
professional contexts. Accuracy at question-answering can be a useful proxy for the
model’s factual knowledge or its ability to reason. Fig. 1.18 shows some sample
questions from some common evals, such as MMLU (Massive Multitask LanguageMMLU
Understanding), a commonly-used dataset of 15,908 knowledge and reasoning ques-
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How to make an LLM multilingual?

Surprising answer

Just throw all the languages data in a big file and 
pretrain on it!

FineWeb2 dataset
• 1000 languages
• 5 billion documents
• From Common Crawl
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Evaluating Accuracy

Did the LLM get the right answer?
If we ask
• What is the sentiment of this sentence "I 

loved this movie"
• does the LLM say "positive"?

• What is "457 + 3"
• does the LLM say "460"?



Example: Massive Multitask Language 
Understanding (MMLU)
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tions in 57 areas including medicine, mathematics, computer science, law, and oth-
ers.

4 commonly used evaluation datasets for LLMs

MMLU (Hendrycks et al., 2021)

32-year-old male presents to the office with the complaint of pain in his right shoul-
der for the past two weeks. Physical examination reveals tenderness at the greater
tubercle of the humerus and painful abduction of the right upper extremity. The cause
of this patient’s condition is most likely a somatic dysfunction of which of the fol-
lowing muscles?
(A) anterior scalene
(B) latissimus dorsi
(C) pectoralis minor
(D) supraspinatus

BigBench Hard (Suzgun et al., 2023)

Q: If you follow these instructions, do you return to the starting point? Turn left.
Turn right. Take 5 steps. Take 4 steps. Turn around. Take 9 steps.
Options: - Yes - No

GSM8k (Cobbe et al., 2021b)

Problem: Beth bakes 4, 2 dozen batches of cookies in a week. If these cookies are
shared amongst 16 people equally, how many cookies does each person consume?
Solution: Beth bakes 4 2 dozen batches of cookies for a total of 42 = <<4*2=8>>
8 dozen cookies
There are 12 cookies in a dozen and she makes 8 dozen cookies for a total of 12*8 =
<<12*8=96>> 96 cookies
She splits the 96 cookies equally amongst 16 people so they each eat 96/16 =
<<96/16=6>> 6 cookies
Final Answer: 6

AIME24

The number of apples growing on each of six apple trees form an arithmetic sequence
where the greatest number of apples growing on any of the six trees is double the
least number of apples growing on any of the six trees. The total number of apples
growing on all six trees is 990. Find the greatest number of apples growing on any
of the six trees.
Answer: 220

Figure 1.18 Sample benchmarks of questions used to evaluate LLMs.

Evaluating LLMs via public benchmarks like these can suffer from the problem
of data contamination, the name for the situation where a test dataset makes itsdata

contamination
way into our training set. Since large language models train on the web, and many
of these tests are on the web, models may well incorporate some MMLU questions
into their training. If those questions are used for evaluation, the metric will overstate
the performance of the language model. One way to mitigate data contamination is
to make available the exact training data used to train a model (or at least to report
training overlap with specific test sets (Zhang et al., 2025)). This is one benefit of
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Evaluating Subjective Tasks

What is the translation of this sentence?
Write me a poem

Human-as-Judge
LLM-as-a-Judge



Human-as-a-Judge vs LM-as-a-Judge

Ask people to evaluate
Give them instructions (a rubric)

Or use LLMs to evaluate
Double check a portion of the data with humans

Human or LLM, evaluations can be single (how good 
is this answer?) or pairwise (which of these two 
answers is better?)



Many other factors that we evaluate, like:

Size
 Big models take lots of GPUs and time to train, 
memory to store
Energy usage
Can measure kWh or kilograms of CO2 emitted 
Fairness
Benchmarks measure safety and bias, 
stereotypes, etc.
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1816 eruption of Tambora in Indonesia

Largest eruption in history! The year with no summer!

Picture from
Jialiang Gao



Summer 1816, on Lake Geneva

Photo 
@suarezphoto
from World 
Meteorological
 Association

https://x.com/suarezphoto


18-year-old woman stuck inside a villa in the rain

Began to write a ghost story



Mary Godwin Shelley
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sizes. Big models also use more energy, and we prefer models that use less energy,
both to reduce the environmental impact of the model and to reduce the financial
cost of building or deploying it. We can target our evaluation to these factors by
measuring performance normalized to a given compute or memory budget. We can
also directly measure the energy usage of our model in kWh or in kilograms of CO2
emitted (Strubell et al., 2019; Henderson et al., 2020; Liang et al., 2023).

Another feature that a language model evaluation can measure is fairness. We
know that language models are biased, exhibiting gendered and racial stereotypes,
or decreased performance for language from or about certain demographics groups.
There are language model evaluation benchmarks that measure the strength of these
biases, such as StereoSet (Nadeem et al., 2021), RealToxicityPrompts (Gehman
et al., 2020), and BBQ (Parrish et al., 2022) among many others. We also want
language models whose performance is equally fair to different groups. For exam-
ple, we could choose an evaluation that is fair in a Rawlsian sense by maximizing
the welfare of the worst-off group (Rawls, 2001; Hashimoto et al., 2018; Sagawa
et al., 2020).

Finally, there are many kinds of leaderboards like Dynabench (Kiela et al., 2021)
and general evaluation protocols like HELM (Liang et al., 2023); we will return to
these in later chapters when we introduce evaluation metrics for specific tasks like
question answering and information retrieval.

7.7 Ethical and Safety Issues with Language Models

Ethical and safety issues have been key to how we think about designing artificial
agents since well before we had large language models. Mary Shelley (depicted
below) centered her novel Frankenstein around the problem of creating artificial
agents without considering ethical and humanistic concerns.

Large language models can be unsafe in many ways. For example, LLMs
are prone to saying things that are false,
a problem called hallucination. Languagehallucination

models are trained to generate text that is pre-
dictable and coherent, but the training algo-
rithms we have seen so far don’t have any
way to enforce that the text that is generated
is correct or true. This causes enormous prob-
lems for any application where the facts mat-
ter! A related symptom is that language mod-
els can suggest unsafe actions, for example
directly suggesting that users do dangerous or
illegal things like harming themselves or oth-
ers. If users seek information from language
models in safety-critical situations like asking
medical advice, or in emergency situations, or
when indicating the intentions of self-harm,
incorrect advice can be dangerous and even life-threatening. Again, this problem
predates large language models For example (Bickmore et al., 2018) gave partic-
ipants medical problems to pose to three pre-LLM commercial dialogue systems
(Siri, Alexa, Google Assistant) and asked them to determine an action to take based
on the system responses; many of the proposed actions, if actually taken, would have





One running theme of Frankenstein

Victor's lack of responsibility for the creature's 
actions and for the creature himself



Implications of Frankenstein for LLMs

Creating artificial agents without 
considering the ethical and human 
concerns can lead to tragedy



AI Safety or Alignment

Alignment is the goal of getting LMs to avoid 
harms by acting in ways that align with human 
needs and values.

The word "alignment" is very underspecified 
(Whose values? What happens if values conflict?)

Still, there are some clear harms that we need to 
figure out how to address.



Two kinds of harms

User-level harms
Societal-level harms



Emotional Dependence and Mental Health

Teenagers develop overstrong attachments to
More use of LLMs leads to loneliness, less 
socialization, emotional dependence
Some users who seek emotional support from AI 
chatbots end up with a poor sense of well-being



De-skilling

Using LMs for a task leads people to become 
worse at the task. 
• Reduction in critical thinking abilities (Gerlich, 

2025), 
• Less confidence in their abilities (Lee et al., 

2025),
• Less conceptual understanding (Shen and 

Tamkin, 2026), 
• Give up faster if LM is removed (Liu et al., 2026).



Sycophancy

LMs can be sycophantic, excessively agreeing 
with, flattering, or validating users
When a user says something wrong, LLMs agree 
instead of correcting them (Sharma et al., 2024).
Cheng et al (2026): A single interaction with a 
sycophantic LLM made users more antisocial: 
• less willing to accept responsibility 
• more convinced they are always right



Attacking or harming users

LLMs can 
• Verbally attack users
• Discriminate against them
• Generate hate speech and stereotypes
• LLMs discriminate against people who use 

particular dialects like African American 
English



LLMs function poorly for some speakers

Speech recognition worse on older speakers
Speech recognition worse on speakers of 
dialects of (e.g., of Mandarin or of Dutch or 
African American English)
LLMs in general work worse on non-English 
languages



Societal-level harms

Malicious actors can use LLMs for cyber attacks, 
fraud, biological or chemical weapons
LLMs have enormous environmental impact 
because of computing power, energy, water
LLMs likely lead to concentrate wealth and power
LLMs could lead to job displacement
Existential risk: LLMs could pursue own goals in 
conflict with people



Other limitations of LLMs

Often wrong
Expensive
Overconfident 
Poorly calibrated
• (model’s actual accuracy doesn’t match the 

score or probability they assign)



Mitigating harms

Value-sensitive design
Post-training and preference alignment
Constitutional AI

But alignment is a very hard and unsolved 
problem!!!
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