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Language models

Remember the simple n-gram language model
• Assigns probabilities to sequences of words
• Generate text by sampling possible next words
• Is trained on counts computed from lots of text

Large language models are similar and different:
• Assigns probabilities to sequences of words
• Generate text by sampling possible next words
• Are trained by learning to guess the next word



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



What does a model learn from pretraining?

• With roses, dahlias, and peonies, I was 
surrounded by flowers

• The room wasn't just big it was enormous
• The square root of 4 is 2
• The author of "A Room of One's Own" is 

Virginia Woolf
• The doctor told me that he



What is a large language model?
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A neural network with:
 Input: a context or prefix, 
 Output: a distribution over possible next words 



LLMs can generate! 
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A model that gives a probability distribution over next words can generate
by repeatedly sampling from the distribution 
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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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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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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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Big idea

Many tasks can be turned into tasks of 
predicting words!



Conditional Generation: Generating text 
conditioned on previous text!
1. Give the LLM an input piece of text, a prompt
2. Have it generate token by token
• conditioned on the prompt and the generated tokens

We generate from a model by 
1. computing the probability of the next token wi from 

the prior context: P(wi|w<i) 
2. sampling from that distribution to generate a token



Key historical intuition: Many practical NLP tasks 
can be cast as conditional generation!

Sentiment analysis: “I like Jackie Chan”
1. We give the language model this string:

The sentiment of the sentence "I 
like Jackie Chan" is: 

2. And see what word it thinks comes next



Sentiment via conditional generation

?
?

“positive”

“negative”

Transformer (or other decoder)

The sentiment of the sentence “I like Jackie Chan” is: 

prob

Which word has a higher probability?



Framing lots of tasks as conditional generation

QA: “Who wrote The Origin of Species”

1. We give the language model this string:

2. And see what word it thinks comes next:



?Charles

Transformer (or other decoder)

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

prob

?
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token

token

Now we iterate:
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Prompt

Prompt: a text string that a user issues to a language 
model to get the model to do something useful by 
conditional generation
Prompt engineering: the process of finding effective 
prompts for a task.



Prompts

A question: 
  What is a transformer network?
Or an instruction: 
 Translate the following sentence 
into Hindi: ‘Chop the garlic 
finely’. 



Early prompts were extremely structured

This is less necessary in prompting modern LLMs

7.3 • PROMPTING 7
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Q: Who wrote the book `The Origin of Species’ A:

prob
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?
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Figure 7.5 Answering a question by computing the probabilities of the tokens after a prefix
stating the question; in this example the correct token Charles has the highest probability.

follow instructions. This extra training is called instruction-tuning. In instruction-
tuning we take a base language model that has been trained to predict words, and
continue training it on a special dataset of instructions together with the appropriate
response to each. The data set has many examples of questions together with their
answers, commands with their responses, and other examples of how to carry on a
conversation. We’ll discuss the details of instruction-tuning in Chapter 9.

Language models that have been instruction-tuned are very good at following
instructions and answering questions and carrying on a conversation and can be
prompted. A prompt is a text string that a user issues to a language model to getprompt

the model to do something useful. In prompting, the user’s prompt string is passed to
the language model, which iteratively generates tokens conditioned on the prompt.
The process of finding effective prompts for a task is known as prompt engineering.prompt

engineering

As we suggested above when we introduced conditional generation, a prompt
can be a question (like “What is a transformer network?”), possibly in a struc-
tured format (like “Q: What is a transformer network? A:”). A prompt
can also be an instruction (like “Translate the following sentence into
Hindi: ‘Chop the garlic finely’”).

More explicit prompts that specify the set of possible answers lead to better
performance. For example here is a prompt template to do sentiment analysis that
prespecifies the potential answers:

A prompt consisting of a review plus an incomplete statement

Human: Do you think that “input” has negative or positive sentiment?
Choices:
(P) Positive
(N) Negative

Assistant: I believe the best answer is: (

This prompt uses a number of more sophisticated prompting characteristics. It
specifies the two allowable choices (P) and (N), and ends the prompt with the open
parenthesis that strongly suggests the answer will be (P) or (N). Note that it also
specifies the role of the language model as an assistant.

Including some labeled examples in the prompt can also improve performance.
We call such examples demonstrations. The task of prompting with examplesdemonstrations

is sometimes called few-shot prompting, as contrasted with zero-shot promptingfew-shot

zero-shot which means instructions that don’t include labeled examples. For example Fig. 7.6



Prompts can have demonstrations (= examples)
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shows an example of a question using 2 demonstrations, hence 2-shot prompting.
The example is drawn from a computer science question from the the MMLU dataset
described in Section 7.6 that is often used to evaluate language models.

Example of demonstrations in a computer science question from the MMLU
dataset described in Section 7.6

The following are multiple choice questions about high school computer
science.

Let x = 1. What is x << 3 in Python 3?
(A) 1 (B) 3 (C) 8 (D) 16
Answer: C

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 7.6 Sample 2-shot prompt from MMLU testing high-school computer science. (The
correct answer is (B)).

Demonstrations are generally drawn from a labeled training set. They can be
selected by hand, or the choice of demonstrations can be optimized by using an op-
timizer like DSPy (Khattab et al., 2024) to automatically chose the set of demonstra-
tions that most increases task performance of the prompt on a dev set. The number
of demonstrations doesn’t need to be large; more examples seem to give diminish-
ing returns, and too many examples seems to cause the model to overfit to the exact
examples. The primary benefit of demonstrations seems more to demonstrate the
task and the format of the output rather than demonstrating the right answers for
any particular question. In fact, demonstrations that have incorrect answers can still
improve a system (Min et al., 2022; Webson and Pavlick, 2022).

Prompts are a way to get language models to generate text, but prompts can
also can be viewed as a learning signal. This is especially clear when a prompt has
demonstrations, since the demonstrations can help language models learn to perform
novel tasks from these examples of the new task. This kind of learning is different
than pretraining methods for setting language model weights via gradient descent
methods that we will describe below. The weights of the model are not updated by
prompting; what changes is just the context and the activations in the network.

We therefore call the kind of learning that takes place during prompting in-

context-learning—learning that improves model performance or reduces some lossin-context-

learning

but does not involve gradient-based updates to the model’s underlying parameters.
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. So for example a minimal system prompt that creates
a multi-turn assistant conversation might be the following including some special
metatokens:

2 demonstrations



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> What 
is the capital of France?



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:



How I think about prompting

We instinctively model this as just having a 
conversation
But it's important to remember models are just 
doing conditional generation
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Recall: Conditional Generation: Generating 
text conditioned on previous text!
1. Give the LLM an input prompt
2. Have it generate token by token
• conditioned on the prompt and the generated tokens

We generate from a model by 
1. computing the probability of the next token wi from 

the prior context: P(wi|w<i) 
2. sampling from that distribution to generate a token



Where does token probability come from?
LLMs internally generate real-valued logits for 
each token in the vocabulary. 
Score vector u  of shape [1 × |V|] 
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Where does token probability come from?
LLMs internally generate real-valued logits for 
each token in the vocabulary. 
Score vector u  of shape [1 × |V|] is turned into a 
probability by softmax
   y = softmax(u) 



Decoding
Choosing a word to generate based on 
model probabilities
Autoregressive generation: 
• Decoding from a model
• left-to-right 
• repeatedly choosing the next token
• conditioned on our previous choices 



Greedy decoding

A greedy algorithm is one that makes a choice that is 
locally optimal
• (whether or not it will turn out to have been the 

best choice with hindsight)
Simply generate the most probable word:
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The generation depends on the probability of each token, so let’s remind our-
selves where this probability distribution comes from. The internal networks for
language models (whether transformers or alternatives like LSTMs or state space
models) generate scores called logits (real valued numbers) for each token in the vo-
cabulary. This score vector u is then normalized by softmax to be a legal probability
distribution, just as we saw for logistic regression in Chapter 4. So if we have a logit
vector u of shape [1⇥ |V |] that gives a score for each possible next token, we can
pass it through a softmax to get a vector y, also of shape [1⇥ |V |], which assigns a
probability to each token in the vocabulary, as shown in the following equation:

y = softmax(u) (7.1)

Fig. 7.7 shows an example in which the softmax is computed for pedagogical pur-
poses on a simplified vocabulary of only 4 words.
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Figure 7.7 Taking the logit vector u and using the softmax to create a probability vector y.

Now given this probability distribution over tokens, we need to select one token
to generate. The task of choosing a token to generate based on the model’s probabil-
ities is often called decoding. As we mentioned above, decoding from a languagedecoding

model in a left-to-right manner (or right-to-left for languages like Arabic in which
we read from right to left), and thus repeatedly choosing the next token conditioned
on our previous choices is called autoregressive generation.1autoregressive

generation

7.4.1 Greedy decoding

The simplest way to generate tokens is to always generate the most likely token
given the context, which is called greedy decoding. A greedy algorithm is onegreedy

decoding

that makes a choice that is locally optimal, whether or not it will turn out to have
been the best choice with hindsight. Thus in greedy decoding, at each time step in
generation, we turn the logits into a probability distribution over tokens and then we
choose as the output wt the token in the vocabulary that has the highest probability
(the argmax):

ŵt = argmaxw2V P(w|w<t) (7.2)

Fig. 7.8 shows that in our example, the model chooses to generate all.

1 Technically an autoregressive model predicts a value at time t based on a linear function of the values
at times t �1, t �2, and so on. Although language models are not linear (since, as we will see, they have
many layers of non-linearities), we loosely refer to this generation technique as autoregressive since the
token generated at each time step is conditioned on the token selected by the network from the previous
step. As we’ll see, alternatives like the masked language models of Chapter 10 are non-causal because
they can predict tokens based on both past and future tokens).



Greedy decoding: choosing "all"
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We don't use greedy decoding

It chooses extremely predictable tokens 
resulting in generic and repetitive text
Instead, people prefer more diverse text, 
so we do sampling



Random sampling
Sampling from a distribution: 
• Choosing random points according to their likelihood. 
Sampling from an LM:
• Choosing the next token to generate according to its 

probability assigned by the LM
Random (multinomial) sampling: 
We randomly select a token to generate 
• according to its probability defined by the LM
• conditioned on our previous choices, 
Generate it, and iterate.



Random Sampling

Transformer (or other decoder)

long and thanks forSo ?

1.2
0.9

all
the

your
that
…

0.1
-0.5

logits

.44

.33
all

the

your
that
…

.15

.08

probabilitiessoftmax sample 
a word

the

u y



Sampling a word from a distribution



Random sampling



Alas, random sampling doesn't work very well

Even though random sampling mostly 
generate sensible, high-probable words: 
• There are many odd, low- probability words in the 

tail of the distribution 
• Each one is low- probability but added up they 

constitute a large portion of the distribution 
• So they get picked enough to generate weird 

sentences



Factors in word sampling: quality and diversity

Emphasize high-probability words 
 + quality: more  accurate, coherent, and factual, 
- diversity: boring, repetitive. 

Emphasize middle-probability words 
+ diversity: more creative, diverse, 
- quality: less factual, incoherent



Temperature sampling

Reshape the probability distribution
• increase the probability of the high 

probability tokens 
• decrease the probability of the low 

probability tokens



Temperature sampling

Divide the logit by a temperature parameter τ
before passing it through the softmax.

Instead of

We do  



Temperature sampling
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Temperature sampling

Why does this work?
• When τ is close to 1 the distribution doesn’t change much. 
• The lower τ is, the larger the scores being passed to the 

softmax
• Softmax pushes high values toward 1 and low values toward 

0. 
• Large inputs pushes high-probability words higher and low 

probability word lower,  making the distribution more greedy. 
• As τ approaches 0, the probability of most likely word 

approaches 1 

0 ≤ τ ≤ 1 
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Temperature sampling comes from 
thermodynamics

• a system at high temperature is flexible and can 
explore many possible states,

• a system at lower temperature is likely to explore a 
subset of lower energy (better) states.

 In low-temperature sampling,  (τ ≤ 1) we smoothly
• increase the probability of the most probable words
• decrease the probability of the rare words. 
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Three stages of training in LLMs

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 Aligned LLM

Instruction Data Preference 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.



Pretraining

The big idea that underlies all the amazing 
performance of language models

First pretrain a transformer model on 
enormous amounts of text
Then apply it to new tasks.



Self-supervised pre-training algorithm

We simply train them 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 using gradient descent to minimize 

the error in this prediction

"Self-supervised" because it just uses the next word as 
the label!



The language modeling loss
• We want the model to learn to guess the next word 
• = to assign a high probability to true word wt+1
• = high loss if the model assigns low probability to wt+1
• So LM loss should go opposite of probability
• The negative log probability of next word

• If the model assigns too low a probability to wt+1
• We move the model weights in the direction that assigns a 

higher probability to wt+1

-log p(wt+1)



From chapter: Why –log prob turns out to be  
cross-entropy loss

CE loss: difference between the correct probability distribution 
           and the predicted distribution 

The correct distribution yt knows the next word, so it is 1 
for the actual next word and it is 0 for the others.
• Example: correct next word wt+1 is "fish" which is word #3 
• Yt = [0 0 0 1 0 0 0 0 0 ….. ]    
• LCE = 0 (log  ŷt[0]) + 0 (log  ŷt[1])  + 0 (log  ŷt[2]) + 1 (log  ŷt[3]) + 0….

So all terms get multiplied by zero except one: 
•  the logp the model assigns to the correct next word
 



Teacher forcing

• At each token position t, 
• model sees correct tokens w1:t, 
• computes  loss (–log probability) for the next true 

token wt+1 
• At next token position t+1 

• we ignore what model predicted for wt+1 
• Instead, we take the correct word wt+1, add it to 

context, and move on



Training a transformer language model

long and thanks forTrue next token all
CE Loss

per token

…

So long and thanks for …

…

Input tokens

…−log ylong −log yand −log ythanks −log yfor −log yall

LLM

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop



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

Source Doc Type UTF-8 bytes
(GB)

Documents
(millions)

Unicode
words

(billions)

Llama
tokens

(billions)

Common Crawl � web pages 9,812 3,734 1,928 2,479
GitHub � code 1,043 210 260 411
Reddit � social media 339 377 72 89
Semantic Scholar � papers 268 38.8 50 70
Project Gutenberg � books 20.4 0.056 4.0 6.0
Wikipedia, Wikibooks � encyclopedic 16.2 6.2 3.7 4.3

Total 11,519 4,367 2,318 3,059

Table 1: The Dolma corpus at-a-glance. It consists of three trillion tokens sampled from a diverse set of domains;
sourced from approximately 200 TB of raw text before curation down to an 11 TB dataset. It has been extensively
cleaned for language model pretraining use. Tokens calculated using the LLaMA tokenizer.

its composition influences model behavior, allowing
those training models to interrogate and improve cur-
rent data practices (Longpre et al., 2023; Gao, 2021;
Elazar et al., 2023). Examples of this research in-
clude memorization (Carlini et al., 2022; Chang et al.,
2023), deduplication (Lee et al., 2022), adversarial
attacks (Wallace et al., 2021), benchmark contamina-
tion (Magar and Schwartz, 2022), and training data
attribution (Hammoudeh and Lowd, 2022; Grosse
et al., 2023).

To support broader participation and inquiry in these
lines of research, we present Data for Open Language
Models’ Appetite (Dolma), an open corpus of three
trillion tokens designed to support language model pre-
training research. We source much of our data from
sources similar to those present in past work, including
a mix of web text from Common Crawl, scientific re-
search from Semantic Scholar, code from GitHub, pub-
lic domain books, social media posts from Reddit, and
encyclopedic materials from Wikipedia. Compared to
other publicly-available pretraining corpora, Dolma of-
fers a larger pool of tokens at comparable quality while
maintaining diverse data composition. In summary, our
contributions are two-fold:
• We release the Dolma Corpus, a diverse, multi-

source collection of 3T tokens1 across over 4B doc-
uments acquired from 6 different data sources that
are (i) commonly seen in large-scale language model
pretraining and (ii) made accessible to the general
public. Table 1 provides a high-level overview of the
amount of data from each source.

• We open source the Dolma Toolkit, a high-
performance, portable tool designed to efficiently cu-
rate large datasets for language model pretraining.
Through this toolkit, practitioners can not only re-

1We follow the definition of “token” as a subword obtained
using a tokenizer (such as LLaMA’s or GPT-NeoX’s), which
is distinct from “word”, as in a unit of text as defined by the
Unicode text segmentation standard.

produce our dataset, but also study and improve data
curation practices.

2 Related Work

Closed data curation practices in language model
pretraining research. Pretraining data practices for
language model research have grown increasingly
closed, both with respect to access to data as well as
documentation of key details about the data itself or
its curation practices that would enable reproduction
efforts or further scientific study. Proprietary models
(e.g., GPT-4, OpenAI, 2023; PaLM 2, Anil et al., 2023;
Claude, Anthropic, 2023) disclose little to no informa-
tion (not even corpus size, or data provenance), and do
not share data artifacts. Despite increasing access to
powerful open models, few are released alongside their
training data; exceptions include T5 on C4 (Raffel et al.,
2020), BLOOM (Leong et al., 2022) on ROOTS (Piktus
et al., 2023), GPT-J (Wang and Komatsuzaki, 2021),
GPT-NeoX (Black et al., 2022), Pythia (Biderman et al.,
2023) on Pile (Gao et al., 2020), and INCITE (Together
Computer, 2023c) on RedPajama v1 (Together Com-
puter, 2023a). The most powerful open models (e.g.,
Llama 2 (Touvron et al., 2023b), Mistral (Jiang et al.,
2023), Yi (Bai et al., 2023), Qwen (01.AI, 2023)) do
not share their data nor provide sufficient details for
reproduction. Among large-scale language model pre-
training efforts, the ones accompanied with transparent
data curation documentation include LLaMA (Touvron
et al., 2023a) (released model, unreleased data), Go-
pher (Rae et al., 2021) (unreleased model and data),
and Falcon (Almazrouei et al., 2023) (released model,
released partial data). Appendix §C further illustrates
the many unknowns of data curation practices of open
and closed models, as well as recent trends away from
open data practices that have motivated our work.

Open corpora for language model pretraining. We
recognize prior efforts to curate, document, and release
open corpora to support language model pretraining



Filtering for quality and safety

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

documents, even lines)
• Many LLMs attempt to match Wikipedia, 

books, particular websites
• Toxicity detection



Wait, what about other languages?

Over 7000 languages in the world Tthnologue

How Many Languages Are There In The World?
7,159 languages are in use today.
That number is constantly in flux, because we're learning more about the world's languages every day. And beyond that, the languages themselves are in flux. Theyʼre living and dynamic, used by
communities whose lives are shaped by our rapidly changing world. This is a fragile time: Roughly 44% of all languages are now endangered, often with fewer than 1,000 users remaining.
Meanwhile, the world's 20 largest languages are the native tongue of more than 3.7 billion people total. That's just 0.3% of the world's languages accounting for nearly half of the worldʼs
population!

About Ethnologue
Ethnologue is the research center for language intelligence. We help you identify languages, find where
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Wait, what about other languages?

Top 10 most spoken languages Tthnologue



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



Preprint. Under review.

Table 45: FineWeb2 80 largest language stats

ISO
639-3

Script Name Language
Family

Words Documents Disk size

rus Cyrl Russian Indo-
European

588,579,493,780 699,083,579 5.82TB

cmn Hani Mandarin Chinese Sino-Tibetan 543,543,038,750 636,058,984 2.42TB
deu Latn German Indo-

European
262,271,052,199 495,964,485 1.51TB

jpn Jpan Japanese Japonic 331,144,301,801 400,138,563 1.50TB
spa Latn Spanish Indo-

European
261,523,749,595 441,287,261 1.32TB

fra Latn French Indo-
European

220,662,584,640 360,058,973 1.11TB

ita Latn Italian Indo-
European

139,116,026,491 238,984,437 739.24GB

por Latn Portuguese Indo-
European

109,536,087,117 199,737,979 569.24GB

pol Latn Polish Indo-
European

73,119,437,217 151,966,724 432.01GB

nld Latn Dutch Indo-
European

74,634,633,118 147,301,270 397.51GB

ind Latn Indonesian Austronesian 60,264,322,142 100,238,529 348.65GB
vie Latn Vietnamese Austro-

Asiatic
50,886,874,358 61,064,248 319.83GB

fas Arab Persian Indo-
European

39,705,799,658 58,843,652 304.62GB

arb Arab Standard Arabic Afro-Asiatic 32,812,858,120 61,977,525 293.59GB
tur Latn Turkish Turkic 41,933,799,420 95,129,129 284.52GB
tha Thai Thai Kra-Dai 24,662,748,945 35,897,202 278.68GB
ukr Cyrl Ukrainian Indo-

European
25,586,457,655 53,101,726 254.86GB

ell Grek Modern Greek
(1453-)

Indo-
European

22,827,957,288 47,421,073 222.05GB

kor Hang Korean Koreanic 48,613,120,582 60,874,355 213.43GB
ces Latn Czech Indo-

European
35,479,428,809 66,067,904 206.33GB

swe Latn Swedish Indo-
European

35,745,969,364 59,485,306 202.96GB

hun Latn Hungarian Uralic 30,919,839,164 49,935,986 199.69GB
ron Latn Romanian Indo-

European
35,017,893,659 58,303,671 186.19GB

nob Latn Norwegian Bokmål Indo-
European

32,008,904,934 38,144,343 172.05GB

dan Latn Danish Indo-
European

28,055,948,840 45,391,655 150.72GB

bul Cyrl Bulgarian Indo-
European

16,074,326,712 25,994,731 145.75GB

fin Latn Finnish Uralic 20,343,096,672 36,710,816 143.03GB
hin Deva Hindi Indo-

European
11,173,681,651 22,095,985 120.98GB

ben Beng Bengali Indo-
European

6,153,579,265 15,185,742 87.04GB

slk Latn Slovak Indo-
European

14,808,010,769 29,991,521 85.43GB

heb Hebr Hebrew Afro-Asiatic 8,462,976,117 14,491,748 68.71GB
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European

32,008,904,934 38,144,343 172.05GB

dan Latn Danish Indo-
European

28,055,948,840 45,391,655 150.72GB

bul Cyrl Bulgarian Indo-
European

16,074,326,712 25,994,731 145.75GB

fin Latn Finnish Uralic 20,343,096,672 36,710,816 143.03GB
hin Deva Hindi Indo-

European
11,173,681,651 22,095,985 120.98GB

ben Beng Bengali Indo-
European

6,153,579,265 15,185,742 87.04GB

slk Latn Slovak Indo-
European

14,808,010,769 29,991,521 85.43GB

heb Hebr Hebrew Afro-Asiatic 8,462,976,117 14,491,748 68.71GB

54



Large 
Language 
Models

Pretraining Large Language 
Models



Large 
Language 
Models

Instruction tuning Large 
Language Models



Three stages of training in LLMs

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 Aligned LLM

Instruction Data Preference 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.



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:



Pretrained language models are text predictors

They don't know we want an assistant

Solution: train them to be assistants

By training them on lots of instructions



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



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)



Instructions can be
complex!

SUPER-NATURALINSTRUCTIONS:
Generalization via Declarative Instructions on 1600+ NLP Tasks

}Yizhong Wang2 }Swaroop Mishra3 |Pegah Alipoormolabashi4 |Yeganeh Kordi5
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Ishan Purohit12 Ishani Mondal13 Jacob Anderson3 Kirby Kuznia3 Krima Doshi3 Maitreya Patel3
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Abstract

How well can NLP models generalize to a va-
riety of unseen tasks when provided with task
instructions? To address this question, we first
introduce SUPER-NATURALINSTRUCTIONS,1
a benchmark of 1,616 diverse NLP tasks and
their expert-written instructions. Our collec-
tion covers 76 distinct task types, including but
not limited to classification, extraction, infill-
ing, sequence tagging, text rewriting, and text
composition. This large and diverse collec-
tion of tasks enables rigorous benchmarking of
cross-task generalization under instructions—
training models to follow instructions on a sub-
set of tasks and evaluating them on the remain-
ing unseen ones.
Furthermore, we build Tk-INSTRUCT, a trans-
former model trained to follow a variety of in-
context instructions (plain language task defi-
nitions or k-shot examples). Our experiments
show that Tk-INSTRUCT outperforms existing
instruction-following models such as Instruct-
GPT by over 9% on our benchmark despite be-
ing an order of magnitude smaller. We further
analyze generalization as a function of various
scaling parameters, such as the number of ob-
served tasks, the number of instances per task,
and model sizes. We hope our dataset and
model facilitate future progress towards more
general-purpose NLP models.2

1 Introduction

The NLP community has witnessed great progress
in building models for generalization to unseen
tasks via in-context instructions (Mishra et al.,

1SUPER-NATURALINSTRUCTIONS represents a super-
sized expansion of NATURALINSTRUCTIONS (Mishra et al.,
2022b) which had 61 tasks.

2The dataset, models, and a leaderboard can be found at
https:// instructions.apps.allenai.org.

} Co-first authors | Co-second authors

• Input: “Context: … ‘That's fantastic, I'm glad we came to 
something we both agree with.’ Utterance: ‘Me too. I hope you 
have a wonderful camping trip.’”
• Output: “Yes”
• Explanation: “The participant engages in small talk when wishing 

their opponent to have a wonderful trip.”

• Input: “Context: … ‘Sounds good, I need food the most, what is 
your most needed item?!’ Utterance: ‘My item is food too’.”
• Output: “Yes”
• Explanation: “The utterance only takes the negotiation forward 

and there is no side talk. Hence, the correct answer is ‘No’.” 

Definition
“... Given an utterance and recent dialogue context containing past 3
utterances (wherever available), output ‘Yes’ if the utterance
contains the small-talk strategy, otherwise output ‘No’. Small-talk is
a cooperative negotiation strategy. It is used for discussing topics
apart from the negotiation, to build a rapport with the opponent.”

Task Instruction

• Input: “Context: … ‘I am excited to spend time 
with everyone from camp!’ Utterance: ‘That’s 
awesome! I really love being out here with my 
son. Do you think you could spare some food?’ ”
• Expected Output: “Yes”

Positive Examples

Negative Examples

Evaluation Instances

Tk-Instruct

Figure 1: An example task from SUP-NATINST
adopted from Chawla et al. (2021). A successful model
is expected to use the provided instructions (including
task definition and demonstration examples) to output
responses to a pool of evaluation instances.

2022b; Sanh et al., 2022; Wei et al., 2022) using
large pretrained language models (Raffel et al.,
2020; Brown et al., 2020). As remarkable as mod-
els like InstructGPT (Ouyang et al., 2022) are, the
contribution of various design choices to their suc-
cess is opaque. In particular, the role of super-
vised data has remained understudied due to lim-
ited data released by the corporate entities behind
major models. In addition, it is nearly impossible
for the research community to extend and re-train
these gigantic models. Addressing these two chal-
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16000 tasks in
Super Natural Instructions

Resource → SUP-NATINST
(this work)

NATINST
(Mishra et al., 2022b)

CROSSFIT
(Ye et al., 2021)

PROMPTSOURCE
(Bach et al., 2022)

FLAN
(Wei et al., 2022)

INSTRUCTGPT
(Ouyang et al., 2022)

Has task instructions? 3 3 7 3 3 3
Has negative examples? 3 3 7 7 7 7
Has non-English tasks? 3 7 7 7 3 3
Is public? 3 3 3 3 3 7
Number of tasks 1616 61 269 176 62 –
Number of instructions 1616 61 – 2052 620 14378
Number of annotated tasks types 76 6 13 13⇤ 12 10
Avg. task definition length (words) 56.6 134.4 – 24.8 8.2 –

Table 1: A comparison of SUP-NATINST to a few notable datasets in the field. We obtain the number of tasks,
instructions, and task types of other datasets from their original paper. “–” indicates the fields are not applicable or
unknown. Standards for categorizing task types vary across different datasets (see Fig. 2). *PROMPTSOURCE does
not provide task type annotation for all their tasks, for which we report only the 13 task types annotated for training
T0 (Sanh et al., 2022) instead.
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Figure 2: Compared to other datasets, SUP-NATINST covers a more diverse range of task types. InstructGPT
reports a very coarse categorization of their task types. Bubble size represents the number of tasks of each type in
log scale.

lenges necessitates the availability of large-scale
public benchmarks of a broad range of NLP tasks
and their instructions to facilitate developing and
evaluating models that can generalize to unseen
tasks.

In this paper, we construct a meta-dataset (i.e.,
dataset of datasets; Triantafillou et al., 2019) that
consists of a wide variety of NLP tasks with their
instructions, and train a model that can perform
a new task given the instruction, outperforming
InstructGPT (which uses 16⇥ more parameters).

Our dataset, SUPER-NATURALINSTRUCTIONS
(SUP-NATINST for short), is a large benchmark of
1,616 NLP tasks and their natural language instruc-
tions. It brings in a diverse variety of tasks—76
broad task types spanning 55 different languages.
Each task is paired up with an instruction that con-
sists of the task definition for mapping an input text

to a task output and several examples for demon-
strating the desired or undesired output (see Fig.1
as an example task). These tasks and their instruc-
tions are contributed by 88 NLP practitioners, in
response to our public call. These contributions are
consolidated after several rounds of peer-review
and crowdsourced feedback to ensure quality. Hav-
ing this diverse and large-scale data enables us
to carefully split the tasks into training and test
sets and systematically study how state-of-the-art
methods perform on them. Table 1 and Figure 2
highlight properties of SUP-NATINST compared to
relevant benchmarks, emphasizing the diversity of
tasks and instruction types in our benchmark.

Our model, Tk-INSTRUCT, is a generative
model for transforming task inputs given declar-
ative in-context instructions (task definition or k-
shot examples). It is built by multi-task training



SFT datasets also need to be multilingual
Aya: 503 million instructions in 114 languages 
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Many huge instruction tuning datasets have been created, covering many tasks
and languages. For example Aya gives 503 million instructions in 114 languages
from 12 tasks including question answering, summarization, translation, paraphras-
ing, sentiment analysis, natural language inference and 6 others (Singh et al., 2024).
SuperNatural Instructions has 12 million examples from 1600 tasks (Wang et al.,
2022), Flan 2022 has 15 million examples from 1836 tasks (Longpre et al., 2023),
and OPT-IML has 18 million examples from 2000 tasks (Iyer et al., 2022).

These instruction-tuning datasets are created in four ways. The first is for people
to write the instances directly. For example, part of the Aya instruct finetuning cor-
pus (Fig. 9.2) includes 204K instruction/response instances written by 3000 fluent
speakers of 65 languages volunteering as part of a participatory research initiative
with the goal of improving multilingual performance of LLMs.

Lang Prompt Completion

ara اࠍ੅ڰ٭ژ. ොຳݠ ݆݁ ݁ڎح ڢݱ٭ڎة ૰૙؆࿓؇ء ڢܾ ً ఈఃَڣݯ لگٴں اৎ৊ߺُࠊك ݁ڎَح إ֣ن

و༚؇د ᕚ৙৑َوا ا༟ීෂ؇ع ༃຃َ݁ڎ ؜َ݆

ُܾዛዊِ݁ اࠍఈఃِ੅ڣ۰ ਲ਼ّ؜ ༠ڍََ؇ ᕚأ ިَܳ

ا૰૙৕֣৑؇ء ᄭᄟਲ਼ََਦ لُިازي ቕَረ

fra Qui a écrit le livre La
Sagouine?

Antonine Maillet a écrit La Sagouine en 1971. Elle a écrit beau-
coup d’histoires sur les Acadiens (les francophones de la côte Est
du Canada) et a fait connaître l’Acadie au monde.

ibo Kedu ka ndị Igbo si eme
emume ji ọhụrụ?

Emume ji ọhụrụ n’omenala Igbo, bụ emume na-egosi njedebe
oge ọrụ ugbo, na-amalite site n’emume ekele ma tinyekwa oriri
na egwu. Ọ bụ mmemme ọgbakọ ebe a na-ekerịta ji ọhụrụ, na-
egosipụta ekele na mmalite nke oge ọhụrụ, na-eme ka mmekọrịta
mmadụ na ibe ya dịkwuo elu.

por Qual é a capital do estado da
Bahia?

A capital do estado da Bahia, no Brasil, é Salvador. Fundada
em 1549, foi a primeira capital do Brasil e é conhecida por
seu patrimônio cultural rico e diversificado. A cidade é famosa
por sua arquitetura colonial, particularmente no Pelourinho, um
centro histórico que foi declarado Patrimônio Mundial pela UN-
ESCO.

pes کبوتر لانه چند ميبد کبوترخانه برج در
دارد؟ وجود

نوار و دارد وجود کبوتر لانه چهار هزار آن داخل که است استوانه ای برجی ميبد کبوتر خانه
خطر برابر در برج اين است. شده کشيده برج دورتادور کبوتران جذب برای رنگی سفيد

است. بوده ايمن بسيار کبوترها به حيوانات ديگر حمله

msa Apakah nasi lemak? Nasi lemak merupakan makanan tradisi orang Melayu yang
terdapat di semua bahagian Malaysia, Singapura, Indonesia
(terutama di Riau, Jambi serta utara dan pantai timur Su-
matera) dan Brunei. Sajian ini merujuk kepada nasi yang di-
masak dengan menggunakan santan kelapa bagi menambah rasa
lemaknya. Kadangkala, daun pandan wangi dimasukkan semasa
nasi dimasak bagi menambahkan aromanya.

tam ெசயற்ைக நுண்ணற§வு
என்றால் என்ன?

ெபாதுவாக மனிதர்களால் ெசய்யப்படும் பணிகைளச்
ெசய்ய ஒரு கணினி அல்லது ஒரு கணினியால்
கட்டுப்படுத்தப்படும்ஒருேராேபாவ¥ன்த¦றன்ெசயற்ைக
நுண்ணற§வு எனப்படும்.

Table 3: Examples of prompt and completions in the Aya Dataset.

tors is not uniform across languages. Moreover, within each language, there is a lack of consistent
contributions from all annotators. In this section, we examine the impact of annotator skew on the
resulting dataset.

Annotator Skew Across Languages. Annotators were encouraged to contribute to any language
in which they could comfortably read and write and were asked to focus most of their efforts on
languages other than English. Although a significant number of participants registered for many
languages, the engagement level of annotators was not equal, which resulted in considerable differ-
ences in the number of contributions across languages. Figure 10 (top) provides an overview of the
percentage of each language present in the final compilation. The highest number of contributions
is for Malagasy with 14,597 instances, and the lowest is 79 for Kurdish.

Annotator Skew Within a Language. The final contributions for each language in the Aya
Dataset are not evenly distributed among annotators. The median number of annotators per lan-
guage is 15 (mean is 24.75) with one language having only a single active annotator (Sindhi) and
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Figure 9.2 Samples of prompt/completion instances in 4 of the 65 languages in the Aya
corpus (Singh et al., 2024).

Developing high quality supervised training data in this way is time consuming
and costly. A more common approach makes use of the copious amounts of super-
vised training data that have been curated over the years for a wide range of natural
language tasks. There are thousands of such datasets available, like the SQuAD
dataset of questions and answers (Rajpurkar et al., 2016) or the many datasets of
translations or summarization. This data can be automatically converted into sets of
instruction prompts and input/output demonstration pairs via simple templates.

Fig. 9.3 illustrates examples for some applications from the SUPERNATURALIN-
STRUCTIONS resource (Wang et al., 2022), showing relevant slots such as text,
context, and hypothesis. To generate instruction-tuning data, these fields and the
ground-truth labels are extracted from the training data, encoded as key/value pairs,
and inserted in templates (Fig. 9.4) to produce instantiated instructions. Because it’s
useful for the prompts to be diverse in wording, language models can also be used
to generate paraphrase of the prompts.

Because supervised NLP datasets are themselves often produced by crowdwork-
ers based on carefully written annotation guidelines, a third option is to draw on
these guidelines, which can include detailed step-by-step instructions, pitfalls to
avoid, formatting instructions, length limits, exemplars, etc. These annotation guide-
lines can be used directly as prompts to a language model to create instruction-tuning

Singh et al (2024)



How to do instruct tuning = SFT

long and thanks forTrue next token all
CE Loss

per token

…

So long and thanks for …

…

Input tokens

…−log ylong −log yand −log ythanks −log yfor −log yall

LLM

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop

Input: web text

Pretrain: Learn to predict next word 
in web text

SFT: Learn to predict next word 
in instruction text

Input: instructions + responses



Prompts are a learning signal too!!

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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Better LMs are better at predicting text
Reminder of the chain rule:
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Figure 7.15 Pretraining and finetuning. A pre-trained model can be finetuned to a particular
domain or dataset. There are many different ways to finetune, depending on exactly which
parameters are updated from the finetuning data: all the parameters, some of the parameters,
or only the parameters of specific extra circuitry, as we’ll see in future chapters.

7.6 Evaluating Large Language Models

We can evaluate language models by accuracy (how well they predict unseen text,
by how well they perform tasks like answering questions or translating text), or by
other factors like how fast they can be run, how much energy they use, or how fair
they are. We’ll explore all of these in the next three sections.

7.6.1 Perplexity

As we first saw in Chapter 3, one way to evaluate language models is to measure
how well they predict unseen text. A better language model is better at predicting
upcoming words, and so it will be less surprised by (i.e., assign a higher probability
to) each word when it occurs in the test set.

If we want to know which of two language models is a better model of some text,
we can just see which assigns it a higher probability, or in practice, since we mostly
deal with probabilities in log space, we see which assigns a higher log likelihood.

We’ve been talking about predicting one word at a time, computing the probabil-
ity of the next token wi from the prior context: P(wi|w<i). But of course as we saw
in Chapter 3 the chain rule allows us to move between computing the probability of
the next token and computing the probability of a whole text:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2) . . .P(wn|w1:n�1)

=
nY

i=1

P(wi|w<i) (7.8)

We can compute the probability of text just by multiplying the conditional proba-
bilities for each token in the text. The resulting (log) likelihood of a text is a useful
metric for comparing how good two language models are on that text:

log likelihood(w1:n) = log
nY

i=1

P(wi|w<i) (7.9)

However, we often use another metric other than log likelihood to evaluate language
models. The reason is that the probability of a test set (or any sequence) depends
on the number of words or tokens in it. In fact, the probability of a test set gets
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7.6 Evaluating Large Language Models

We can evaluate language models by accuracy (how well they predict unseen text,
by how well they perform tasks like answering questions or translating text), or by
other factors like how fast they can be run, how much energy they use, or how fair
they are. We’ll explore all of these in the next three sections.

7.6.1 Perplexity

As we first saw in Chapter 3, one way to evaluate language models is to measure
how well they predict unseen text. A better language model is better at predicting
upcoming words, and so it will be less surprised by (i.e., assign a higher probability
to) each word when it occurs in the test set.

If we want to know which of two language models is a better model of some text,
we can just see which assigns it a higher probability, or in practice, since we mostly
deal with probabilities in log space, we see which assigns a higher log likelihood.

We’ve been talking about predicting one word at a time, computing the probabil-
ity of the next token wi from the prior context: P(wi|w<i). But of course as we saw
in Chapter 3 the chain rule allows us to move between computing the probability of
the next token and computing the probability of a whole text:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2) . . .P(wn|w1:n�1)

=
nY

i=1

P(wi|w<i) (7.8)

We can compute the probability of text just by multiplying the conditional proba-
bilities for each token in the text. The resulting (log) likelihood of a text is a useful
metric for comparing how good two language models are on that text:

log likelihood(w1:n) = log
nY

i=1

P(wi|w<i) (7.9)

However, we often use another metric other than log likelihood to evaluate language
models. The reason is that the probability of a test set (or any sequence) depends
on the number of words or tokens in it. In fact, the probability of a test set gets

Given text w1:n we could just compare the log likelihood from two LMs:
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7.6 Evaluating Large Language Models

We can evaluate language models by accuracy (how well they predict unseen text,
by how well they perform tasks like answering questions or translating text), or by
other factors like how fast they can be run, how much energy they use, or how fair
they are. We’ll explore all of these in the next three sections.

7.6.1 Perplexity

As we first saw in Chapter 3, one way to evaluate language models is to measure
how well they predict unseen text. A better language model is better at predicting
upcoming words, and so it will be less surprised by (i.e., assign a higher probability
to) each word when it occurs in the test set.

If we want to know which of two language models is a better model of some text,
we can just see which assigns it a higher probability, or in practice, since we mostly
deal with probabilities in log space, we see which assigns a higher log likelihood.

We’ve been talking about predicting one word at a time, computing the probabil-
ity of the next token wi from the prior context: P(wi|w<i). But of course as we saw
in Chapter 3 the chain rule allows us to move between computing the probability of
the next token and computing the probability of a whole text:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2) . . .P(wn|w1:n�1)

=
nY

i=1

P(wi|w<i) (7.8)

We can compute the probability of text just by multiplying the conditional proba-
bilities for each token in the text. The resulting (log) likelihood of a text is a useful
metric for comparing how good two language models are on that text:

log likelihood(w1:n) = log
nY

i=1

P(wi|w<i) (7.9)

However, we often use another metric other than log likelihood to evaluate language
models. The reason is that the probability of a test set (or any sequence) depends
on the number of words or tokens in it. In fact, the probability of a test set gets
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But raw log-likelihood has problems

Probability depends on size of test set
• Probability gets smaller the longer the text
• We would prefer a metric that is per-word, 

normalized by length



Perplexity is normalized for length

Perplexity is the inverse probability of the test 
set, normalized by the number of words

(The inverse comes from the original definition of 
perplexity from cross-entropy rate in information 
theory)

Probability range is  [0,1], perplexity range is [1,∞]



Perplexity

So just as for n-gram grammars, we use perplexity to 
measure how well the LM predicts unseen text
The perplexity of a model θ on an unseen test set is the 
inverse probability that θ assigns to the test set, 
normalized by the test set length. 
For a test set of n tokens w1:n the perplexity is :
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smaller the longer the text is; this is clear from the chain rule, since if we are mul-
tiplying more probabilities, and each probability by definition is less than zero, the
product will get smaller and smaller. So it’s useful to have a metric that is per-token,
normalized by length, so we could compare across texts of different lengths.

A function of probability called perplexity is such a length-normalized metric.perplexity

Recall from page ?? that the perplexity of a model q on an unseen test set is the
inverse probability that q assigns to the test set (one over the probability of the test
set), normalized by the test set length in tokens. For a test set of n tokens w1:n, the
perplexity is

Perplexityq (w1:n) = Pq (w1:n)
� 1

n

= n

s
1

Pq (w1:n)
(7.10)

To visualize how perplexity can be computed as a function of the probabilities the
LM computes for each new word, we can use the chain rule to expand the computa-
tion of probability of the test set:

Perplexityq (w1:n) = n

vuut
nY

i=1

1
Pq (wi|w<i)

(7.11)

Note that because of the inverse in Eq. 7.10, the higher the probability of the word
sequence, the lower the perplexity. Thus the the lower the perplexity of a model on

the data, the better the model. Minimizing perplexity is equivalent to maximizing
the test set probability according to the language model. Why does perplexity use
the inverse probability? The inverse arises from the original definition of perplexity
from cross-entropy rate in information theory; for those interested, the explanation
is in Section ??. Meanwhile, we just have to remember that perplexity has an inverse
relationship with probability.

One caveat: because perplexity depends on the number of tokens n in a text, it
is very sensitive to differences in the tokenization algorithm. That means that it’s
hard to exactly compare perplexities produced by two language models if they have
very different tokenizers. For this reason perplexity is best used when comparing
language models that use the same tokenizer.

7.6.2 Downstream tasks: Reasoning and world knowledge

Perplexity measures one kind of accuracy: accuracy at predicting words. But there
are other kinds of accuracy. For each of the downstream tasks we want to apply
our language model, like question answering, machine translation, or reasoning,
we could measure the accuracy at those tasks. We’ll have further discussion of
these task-specific evaluations in future chapters; machine translation in Chapter 12,
information retrieval in Chapter 11, and speech recognition in Chapter 15.

Here we briefly introduce one such metric: a mechanism for measuring accu-
racy in answering questions, focusing on multiple-choice questions. This dataset is
MMLU (Massive Multitask Language Understanding), a commonly-used dataset ofMMLU

15,908 knowledge and reasoning questions in 57 areas including medicine, mathe-
matics, computer science, law, and others. Accuracy at answering these multiple-
choice questions can be a useful proxy for the model’s ability to reason, and its
factual knowledge.



Perplexity
• The higher the probability of the word sequence, the 

lower the perplexity.
• Thus the lower the perplexity of a model on the data, 

the better the model. 
• Minimizing perplexity is the same as maximizing 

probability

Also: perplexity is sensitive to length/tokenization so 
best used when comparing LMs that use the same 
tokenizer. 
 



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 gendered and racial 
stereotypes, or decreased performance for language 
from or about some groups. 



Large 
Language 
Models

Ethical and Safety Issues in 
Large Language Models



1816 eruption of Tambora in Indonesia

Largest eruption in history! The year with no summer!



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



Copyright 
Much of the text in these datasets is copyrighted
• Not clear if fair use doctrine in US allows for this use
• This remains an open legal question across the world



There are problems with scraping from the 
web

Copyright: much of the text in these datasets is copyrighted
• Not clear if fair use doctrine in US allows for this use
• This remains an open legal question across the world
Data consent
• Website owners can indicate they don't want their site 

crawled
Privacy: 
• Websites can contain private IP addresses and phone 

numbers
Skew:
• Training data is disproportionately generated by authors 

from the US which probably skews resulting topics and 
opinions



Privacy

Websites can contain private IP addresses and 
phone numbers



Hallucination



Abuse and Toxicity



Emotional dependence and suicide



Lots more we saw in last week's lecture

Bias 
Sycophancy
Overconfidence



How do deal with each of these problems

Is an important research topic
Many studies and classes at Stanford!



Large 
Language 
Models

Ethical and Safety Issues in 
Large Language Models


