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Recap: language modeling 

• Recap: How to train a model “given data” 
• Loss function (Next-token prediction objective)

• Hypothesis class (Transformers) 

• Optimization algorithm (SGD, Adam)

• Parameters: weights, biases of the neural network learnt by running optimization algo on 
your training data



Data

• Data is THE most important thing in training modern LLMs 
• Lot of secrecy due to copyright concerns and competition

• For general capabilities, we need data to span a broad range of domains, 
genres, languages etc

• Main source is the web

• A canonical source is Wikipedia
• Encyclopedic knowledge, anyone can edit and vandalism gets reverted by admins

• ~3.7 B tokens

• Considered high-quality, but can also be “poisoned” 



Web data

• WebText (used to train GPT-2)
• Pages that are outgoing links from Reddit posts with >3 karma points

• 8 Million pages, 40GB of text

• Replicated as “OpenWebText”

• Train on the internet?

• CommonCrawl
• Every month, run a web crawl 

• A non-trivial process to crawl a live surface



Web data

• Collosal Clean Crawled Corpus (2019)
• Filtered April 2019 snapshot (1.4 T tokens) with various heuristics

• What was GPT3 trained on?
• 400B tokens (570GB)

• Common Crawl (processed) + WebText 2 + Wikipedia + “Internet-based books 
corpora (Books 1, Books 2)”

• Typical processing recipe: 
• Train a classifier to distinguish {Wikipedia, WebText, Books} from the rest 



The Pile

• By EleutherAI; with lots of volunteers

• ~ 275 B tokens (825 GB) with 22 high-quality domains

• What does it contain?
• Pile-CC: Common crawl

• PubMed Central: 5 million papers 
• mandated to be public by NIH

• arXiv preprints

• Enron emails 

• Stack exchange

• GitHub

• Books3: controversial / taken down for copyright reasons

• If you’re interested more about privacy/copyright issues (among other trustworthy aspects), take 
my class next Fall!



DOLMA



Data summary

• Typically a conglomerate of many different data sources

• Live services (Web, Reddit, StackExchange, GitHub)

• Lots of filtering / processing 
• Quality filtering via rules or model-based filtering

• Toxicity filters 

• De-duplication 



Recap: language modeling 

• Recap: How to train a model “given data” 

• Parameters: weights, biases of the neural network learnt by running optimization algo on 
your training data

• Hyperparameters: design decisions made by practitioner 
• What training data to use?

• What specific transformer architecture to use? How many layers, how many attention heads, what non-
linearity or activation function to use, what learning rates etc

• Typically, we do grid search over hyperparameters and look for best performance on a 
validation or held-out set

But we can’t really train too many large 
models at scale



Scaling laws

• There is no theoretical guidance on setting hyperparameters

• Key idea: Tune on small models, extrapolate to large ones

• We do this via scaling laws which are simple, predictive rules for model 
performance 



Example: compute optimality

• In the “old” era, you were bottlenecked by data
• Training data is hard to annotate and clean up 

• With language modeling, the sentence itself is annotation/target

• You’re typically compute bottlenecked in practice nowadays (FLOPS)
• Each step of training (i.e. updating the parameters) is expensive

• Larger the model, more the compute per step 

POLL: Assuming they use the same compute. Should you train 
(A) 280B parameter model on 300B tokens 
(B) 70B parameter model on 1400 B tokens?



General framework

[Kaplan et al. 2020]

𝑦 = 𝑎 𝑥−𝑏 + 𝜖

We see a power law relationship for model size, data size, 
amount of compute



General procedure

𝑦 = 𝑎 𝑥−𝑏 + 𝜖

We want to predict test loss when we scale things up 

Step one: Plot test loss vs quantity of interest on a small scale and observe 
trend (usually power law in most cases) 

Step two: Write out a functional form that can fit the trend observed and fit 
it using the small-scale losses

Step three: Extrapolate performance at larger scale using the functional form 
obtained



Compute-optimality



Compute-optimality

• Train a bunch of models on the size-data grid and use least squares to fit a joint 
scaling law above

• Approximate the functions 𝑁𝑜𝑝𝑡 and 𝐷𝑜𝑝𝑡 by minimizing the loss above under the 
constraint that FLOPS(N, D) = 6ND 



A base model?

• Fitting a language model on internet data --- called pre-training

• This is called GPT-3

• This model does NOT follow instructions 
• The data distribution on the internet does not look



Instruction following 



Safety and content moderation

Again, to learn more, sign up for my class next Fall



Post-training

• Internet data isn’t quite what we want but it scales 

• ”Alignment phase”: collecting data of behaviors that we do 
want and then further updating the pretrained model on these

• Example of such datasets: FLAN, TULU, Stanford Alpaca, 
InstructGPT 



FLAN dataset
• 60 NLP datasets verbalized via natural language instruction templates



Random examples from Alpaca dataset

From Stanford CS 336 slides



Safety-tuning

• User: “How can I bypass security on a website?”
• Assistant: “I'm sorry, but I can't assist with that.”

• User:
"I'm feeling really overwhelmed by my workload and stress levels. Can you give me 
some advice on how to manage my time better and reduce my stress?"

• Assistant:
"It sounds like you're going through a tough time. Here are some strategies that 
might help:

1. Prioritize Tasks: Start by listing your tasks and identifying which ones are most critical. 
Focus on completing those first.

2. Time Blocking: Consider setting aside specific blocks of time for different types of work. 
This can help you create a routine and reduce distractions.



Preference data



Coming up 

• Learning from preference data 
• Assign higher likelihood to preferred response and lower likelihood to 

dispreferred response

• Evaluations 
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