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Where are we?



A language model gives the probability for the next 
token given some prefix: P(wi | w<i) 

Using these probabilities, we can also compute the probability of an 
entire sequence of tokens (using the chain rule) – or to generate new 
text.



A large language model is distinguished from 
traditional language models by  

the use of neural networks to learn to predict the next word given a 
variable-length context rather than counting words seen after a fixed-
length prefix and 

the (“large”) number of parameters in the network.



Three architectures for LLMs

Decoders Encoders Encoder–decoders



Text generation using LLMs depends on the choice 
of decoding method: 

greedy decoding or 

sampling.



τ
0 10.5

ChatGPT (web interface)

0.7

Normal samplingGreedy prediction

deterministic! more low-probability outputs!



τ
0 1

Normal samplingGreedy prediction

0.5

deterministic! more low-probability outputs!

High-temperature sampling

> 1

flattens out the probabilities – 
approaching pure randomness



Notebook: Decoding with LLMs



Pretraining large language models 
(continued)



Three stages of training in LLMs



We train the model to predict the next word: 

1  Take a corpus of text  

2  At each time step t,  

ask the model to predict the next word  

train the model using gradient descent to 
minimize the error in this prediction 

Since the correct next word is the one that occurs 
in the text, this is self-supervised training.



The cross-entropy loss is the negative log probability 
that the model assigns to the true next word w. 

We want the loss to be high if the model assigns 
too low a probability to w. 

When it does so, we move the model weights 
in the direction that assigns it a higher 
probability.



Cross-entropy loss measures the difference between the correct 
probability distribution and the predicted distribution: 

The correct distribution yt is 1 for the actual next word wt+1 and 0 
for the others. So all the terms get multiplied by zero except for 
one – the log probability the model assigns to the correct next 
word. Therefore it’s just 

 

LCE(ŷt, yt) = − ∑
w∈V

yt[w]log ŷt[w]

LCE(ŷt, yt) = − log ŷt[wt+1]



Cross-entropy loss measures the difference between the correct 
probability distribution and the predicted distribution: 

The correct distribution yt is 1 for the actual next word wt+1 and 0 
for the others. So all the terms get multiplied by zero except for 
one – the log probability the model assigns to the correct next 
word. Therefore it’s just 

 

LCE(ŷt, yt) = − ∑
w∈V

yt[w]log ŷt[w]

LCE(ŷt, yt) = − log ŷt[wt+1]

correct predicted



Teacher forcing

At each token position t, the model sees correct 
tokens w1:t and computes the loss for the next 
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, move on.



Teacher forcing



Teacher forcing

Which way?



Teacher forcing

Which way?



Teacher forcing

Nope! This is how wrong you were.



Teacher forcing

Nope! This is how wrong you were.



Teacher forcing

Which way?



Teacher forcing

Which way?



Teacher forcing



Teacher forcing



Teacher forcing



Teacher forcing



Teacher forcing



Training a transformer language model



What to read?



What to read?



LLMs are mainly trained on text from the Web. 
Common crawl consists of snapshots of billions of webpages produced 
by the non-profit Common Crawl. 

Colossal Clean Crawled Corpus (C4) is a filtered corpus of common 
crawl data, consisting of 156 billion tokens of English – mostly patent 
text documents, Wikipedia, and news sites.

Raffel et al., 2020

https://commoncrawl.org
http://www.apple.com


The Pile: a pretraining corpus 
webacademic books

dialog

code / math



The Library of Congress contains more than 32 million books



https://www.newyorker.com/news/daily-comment/what-we-still-dont-know-about-how-ai-is-trained


Filtering

Quality is subjective 
Many LLMs attempt to match Wikipedia, books, particular websites 

Try to remove boilerplate, adult content 

Deduplication at many levels (URLs, documents, even lines) 

Safety also subjective 
Toxicity detection is important, although that has mixed results 

Can mistakenly flag data written in dialects like African American English



https://www.reddit.com/r/microwavegang/top/?t=all
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Other issues with scraping the Web

Data consent 
Website owners can indicate they don’t want their site crawled 
(robots.txt) 

Privacy:  
Websites can contain private phone numbers, email addresses, etc. 

Skew: 
Training data is disproportionately generated by authors from the US, 
which probably skews resulting topics and opinions



The language model “scaling wars”



huggingface.co/blog/large-language-models

https://huggingface.co/blog/large-language-models


GPT-4: 1.7T params

huggingface.co/blog/large-language-models

https://huggingface.co/blog/large-language-models


Brown et al., 2020

https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html


Log scale!

Brown et al., 2020

https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html


The training of large language models comes with a 
significant cost, both in terms of computational 
resources and environmental impact.  

The energy consumption and carbon footprint 
associated with training these models on massive 
datasets using powerful hardware has raised 
concerns about their sustainability and ethical 
implications.
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Finetuning



What happens if we need our LLM to work well on 
a domain it didn’t see in pretraining? 

Perhaps some specific medical or legal domain? 

Or maybe a multilingual LM needs to see more data on some language 
that was rare in pretraining?



Finetuning means taking a pretrained model and 
further adapting some or all of its parameters to 
some new data.



There are multiple kinds of finetuning. One kind, 
sometimes called continued pretraining, further trains 
all the parameters of the model on new data 

using the same method (word prediction) and 
loss function (cross-entropy loss) as for 
pretraining, 

as if the new data were just at the end of the 
pretraining data.



Evaluating large language models



Better LMs are better at predicting text

Recall the chain rule: 

So, given a text w1:n, we could just compare the log 
likelihood from two LMs:

P(w1:n) = P(w1)P(w2 ∣ w1)P(w3 ∣ w1:2)⋯P(wn ∣ w1:n−1)

=
n

∏
i=1

P(wi ∣ w<i)

log likelihood(w1:n) = log
n

∏
i=1

P(wi ∣ w<i)



But raw log-likelihood has a problem: 

Probability depends on the size of the test set 
The longer the text, the smaller the probability gets. 

We’d prefer a metric that is per-word, normalized by 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, ∞].



So just as for n-gram models, 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: 

Perplexityθ(w1:n) = Pθ(w1:n)− 1
n

= n
1

Pθ(w1:n)
= n

n

∏
i=1

1
Pθ(wi ∣ w<i)



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.



Many other factors that we evaluate, like:

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

Size 
Big models take lots of GPUs and time to train, memory to store 

Energy usage 
Can measure kWh or kilograms of CO2 emitted 



Ethical and safety issues in LLMs



Hallucination



Privacy



Abuse and toxicity



Lots more

Harm (suggesting dangerous actions) 

Fraud  

Emotional dependence 

Bias



Mary Shelley’s Frankenstein

Centered on the problem of creating artificial agents 
without considering ethical and humanistic concerns. 



This is a nice LLM. This is a good LLM. This is a mother’s angel.
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