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Announcements
• Please submit your AWS ID on Canvas by the end 

of the week. 

• Daphne’s office hours are cancelled this week. If 
you need to chat, send me an email and we can 
find a time.



Outline

• Advanced tokenization (continuation of 
last lecture) 

• NLP training paradigms through the ages 
• The ideal LLM pre-training setup 
• Assembling a pre-training dataset 
• Cleaning, filtering, and quality control



Advanced tokenization methods



In week 1, we covered byte-pair encoding (BPE).

Suppose the word “pingaprong” never occurred in the 
training data used to build the vocab. How would this get 

encoded with BPE?

A. It would get mapped to a special _UNKNOWN token. 
B. It will get tokenized as one token per UTF-8 byte. 
C. It will get greedily broken into the longest pieces which are tokens.



In week 1, we covered byte-pair encoding (BPE).

Suppose the word “pingaprong” never occurred in the 
training data used to build the vocab. How would this get 

encoded with BPE?

A. It would get mapped to a special _UNKNOWN token. 
B. It will get tokenized as one token per UTF-8 byte. 
C. ✅ It will get greedily broken into the longest pieces which are tokens. 



How would you want your tokenizer to tokenize 
the white space in this Python code?
from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Tokenizing whitespace

T5 
(n=85)

fromheapqimportmergedefmerge_sort(m):iflen(m)<unk>=1
:returnmmiddle=len(m)//2left=m[:middle]right=m[mi
ddle:]left=merge_sort(left)right=merge_sort(right)
returnlist(merge(left,right))



Tokenizing whitespace

GPT-3 
(n=107
)

from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Tokenizing whitespace

GPT-5 
(n=70)

from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Handling multilinguality

• The encoder-decoder solution: learn a separate vocabulary 
for each language, use separate vocab embedding 
matrices in the encoder and decoder. 

• Bad solution: learn a single vocabulary from whatever data 
you have on hand.  

• Better solution: deliberate language balancing.



Evaluating tokenizers
• Fertility 

• the average number of tokens it takes to 
represent text x divided by the total 
number of words or characters in text x. 

• similar to compression ratio



Evaluating tokenizers
• Parity 

• how fairly a tokenizer treats equivalent 
sentences in different languages 

• parity between languages A and B is 1 if 
on average equivalent sentences in the 
two languages map to the same number 
of tokens 

Parity with respect to English

Petrov et al. 2023. “Language Model Tokenizers Introduce Unfairness Between Languages.”



Evaluating tokenizers
• Parity 

• how fairly a tokenizer treats equivalent 
sentences in different languages 

• parity between languages A and B is 1 if 
on average equivalent sentences in the 
two languages map to the same number 
of tokens 

Petrov et al. 2023. “Language Model Tokenizers Introduce Unfairness Between Languages.”



Why not just use byte- or character-level 
tokenization?



Why not just use byte- or character-level 
tokenization?

• Cons: 
• Extremely long sequence lengths 
• Individual characters/bytes don’t carry much semantic meaning



However, some attempts have been made.

• Newer model architectures (e.g. state space models such as 
Mamba) eliminate the O(n2) parameter growth with sequence 
length n. This makes them more amenable to byte-level 
tokenization. 

• MambaByte: Token-free Selective State Space Model 
• Other approaches try to modify existing Transformer 

architectures to make them more amenable to byte-level tokens. 
• ByT5: Towards a Token-Free Future with Pre-trained Byte-to-Byte Models

https://arxiv.org/pdf/2401.13660
https://aclanthology.org/2022.tacl-1.17.pdf


Why do we insist on token boundaries at 
whitespace boundaries?



Why do we insist on token boundaries at 
whitespace boundaries?

• Pretokenization: the method used to break strings of text 
into initial chunks (which get fed into the BPE or other 
algorithm) 

• For English, this is typically whitespace boundaries, punctuation, numbers 
etc. For Chinese, there are no whitespace boundaries to split on. 

•



Why do we insist on token boundaries at 
whitespace boundaries?

• Pretokenization: the method used to break strings of text 
into initial chunks (which get fed into the BPE or other 
algorithm) 

• For English, this is typically whitespace boundaries, punctuation, numbers 
etc. For Chinese, there are no whitespace boundaries to split on. 

• Alternative: 
• don’t include whitespace in the pretokenization stage.



Tokenization that transcends whitespace

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



Tokenization that transcends whitespace

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization
1. Pretokenize the text using standard rules. 
2. Start running the regular BPE algorithm (that we covered 

in week 1) 
3. Once the working vocabulary reaches size t, start 

ignoring the pretokenization—tokens can now be merged 
across whitespace boundaries. 

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization
1. Pretokenize the text using standard rules. 
2. Start running the regular BPE algorithm (that we covered in week 1) 
3. Once the working vocabulary reaches size t, start ignoring the 

pretokenization—tokens can now be merged across whitespace 
boundaries.  

Intuition: tokenizer first learn base units of semantic meaning, then, 
aftet the transition point, it learns to combine these units into common 
sequences for a much more efficient vocabulary.

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



Outline

• Advanced tokenization (continuation of 
last lecture) 

• NLP training paradigms through the ages 
• Choosing an LLM pre-training setup 
• Sources of pre-training data 
• Filtering, curation, and quality control



NLP training paradigms through the ages



The year is 2004. Google is about to release 
Gmail. You’ve been tasked with building a spam 
classifier for a brand new email client.

Your classifier should input all available info 
about an email (contents, subject, sender, etc.) 
and produce a label of SPAM or NOT_SPAM.

Take 5 minutes to brainstorm with your seatmate(s).



Training NLP classifiers before deep learning
• Collect a set of labeled examples and break into train/valid/

test splits 
• Extract features from each example 

• Presences/absence of keywords, IP address of sender, timestamp, etc. 
• Train a classifier to make predictions based on features  

• Logistic regression, SVM, decision tree, etc.



Training NLP classifiers in the early deep learning 
days

• Training data has not changed much 
• Main differences: 

• Classifier is a neural network 
• Feature representations may be embeddings from a neural model



Alternative Language-Model Based Approach

• Start with a set of labeled textual examples 
• Train one language model per text label 

• e.g. one on spam email, one on good emails 
• For a test example, predict the class corresponding to LM 

with highest likelihood on that example.



Data assumptions

The only data we have/need is the set of labeled examples.



Data assumptions

The only data we have/need is the set of labeled examples. 

What if Google has one million unlabeled emails and only 
20k labeled ones? 

What if we need a spam classifier for email, and another 
spam classifier for YouTube comments?



Transfer learning

Mukhlif et al. 2023. “Incorporating a Novel Dual Transfer Learning Approach for Medical Images.”



Why pre-train?

• Transfer learning: take “knowledge” from one task and apply it to 
another task 

• Less task data: use less data to reach a given level of performance 

• Better task performance: reach higher performance than training 
from scratch 

• One model, multiple tasks: convenient, amortizes cost, a starting 
point for many uses, …



The Pretrain and Adapt Paradigm

Data Pre-train Base 
Model

Adapt
Sentiment analysis

Translation

Dialogue

Instruction following

Problem solving

…



Adaption via fine-tuning

Base 
Model

Task 
Data

Fine-tune
Translation

Fine-tuned 
Model

Instruction following

Fine-tuned 
Model

…
Example:  

(Japanese, English)  
paired sentences

+



Adaption via prompting

Base 
Model

TranslationPrompt

Example: 
“Translate this sentence into English:  

この映画が嫌い”

+

Prompt

Prompt

Prompt

Sentiment analysis

Instruction following

Problem solving

…



Adaption via post-training

Base 
Model

Instruction-
following 

data

Train

Example:  
Alpaca, FLAN, etc.

+
Instruction-
following 

model

Instruction-
following 

model
“Alignment” 

data+

Example:  
HH-RLHF

Train
Aligned 
model



OLMO 3 [AI2 Dec 2025]



OLMO 3 [AI2 Dec 2025]



OLMO 3 [AI2 Dec 2025]

} } }
Not true to size

} } }

Not true to size



Choosing an LLM pre-training setup



What traits would you hope for in the perfect 
language model pre-training data?

Take 3 minutes to brainstorm with your seatmate(s).



Ideal Traits of Pre-Training Data

i. Easy/cheap to collect 
ii. Plentiful 
iii. Achieves models that can 

be readily adapted to many 
diverse tasks



Ideal Traits of Pre-Training Data

i. Easy/cheap to collect 
ii. Plentiful 
iii. Achieves models that can 

be readily adapted to many 
diverse tasks

Suppose you are Google.

Which properties do each of these 
meet?

- A dataset of emails
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- A dataset of emails hand-
annotated with the grammatical 
structure of each sentence



Ideal Traits of Pre-Training Data

i. Easy/cheap to collect 
ii. Plentiful 
iii. Achieves models that can 

be readily adapted to many 
diverse tasks

Suppose you are Google.

Which properties do each of these 
meet?

- A crawl of most of the internet



Ideal Traits of Pre-Training Data

i. Easy/cheap to collect 
ii. Plentiful 
iii. Achieves models that can 

be readily adapted to many 
diverse tasks

Suppose you are Google.

Which properties do each of these 
meet?

- A dataset of emails
- A dataset of emails hand-

annotated with the grammatical 
structure of each sentence.

- A crawl of most of the internetData that is plentiful and cheap is unlikely 
to have any human-validated labels or 
annotations.



Ideal Traits of Pre-Training Data

i. Easy/cheap to collect 
ii. Plentiful 
iii. Achieve models that can be readily adapted to many 

diverse tasks 
iv. Has desirable composition and biases (e.g. good 

language balance, no sexually explicit content or harmful 
stereotypes, dense in high-quality content)



You’ve collected a corpus of high quality text and 
are ready to pre-train a model.

What other choices do you need to make?



Architecture

Also: model size, shape, etc.
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Wang et al. 2022. “What Language Model Architecture and Pretraining Objective Work Best for Zero-Shot Generalization?”



Learning Objective

Wang et al. 2022. “What Language Model Architecture and Pretraining Objective Work Best for Zero-Shot Generalization?”



Extra Conditioning Signals

• Metadata: e.g. topic control codes, timestamp, web domain, data source 
• Classifier predictions: e.g. toxicity, quality

Keskar er al. 2019. “CTRL: A Conditional Transformer Language Model for Controllable Generation”



Other hyper-parameters
• Training duration  
• Learning rate 
• Batch size 
• Precision



Decisions: model size

LLaMA:

GPT-2:



Decisions: training duration

Hoffman et al. 2022. “Training Compute-Optimal Large Language Models.”



Decisions: training duration

Hoffman et al. 2022. “Training Compute-Optimal Large Language Models.”



Given a fixed FLOPs budget, how should one trade-off 
model size and the number of training tokens?

Hoffman et al. 2022. “Training Compute-Optimal Large Language Models.”

Decisions: training duration



Compute-optimal models

• Goal: to find   

• where N is # model params, D is # training tokens, C is compute budget. 
• Chinchilla approach: 

• Empirically estimate  based on the losses of over 400 
models trained under various conditions 

• More on scaling laws in Thursday’s  lecture.

Nopt(C), Dopt(C) = argmin
N,D s.t. FLOPs(N,D)=C

L(N, D)

Nopt(C), Dopt(C)

Hoffman et al. 2022. “Training Compute-Optimal Large Language Models.”



Assembling a pre-training dataset



Webcrawls
• Originally designed for 

search engines 
• Fine URLs to crawl from 

already-crawled URLs 
• Design heuristics to decide 

which URLs are worth 
crawling

https://www.researchgate.net/figure/Flowchart-of-Basic-Web-Crawler_fig1_322066173



Common Crawl
• Largest public web crawl 
• Every month, additional URLs are crawled 

• Pages determined by heuristics to be fast-
updating get crawled more frequently.



WebText (GPT-2)
• Crawl non-Wikipedia URLs linked to from Reddit 

posts with at least 3 karma. 



From webcrawl to training data

• Extraction: HTML to text 
• Filtering: filter out unwanted pages 
• Deduplication: many duplicate web pages

Extraction Filtering Dedup
Data



Other web-derived data sources

• Public Github repos 
• Newspapers 
• arxiv papers 
• Public social media posts 
• Fan fiction



How does web data become unavailable?
● Introduction of paywalls



How does web data become unavailable?
● Introduction of paywalls
● Restrictive terms of service



How does web data become unavailable?
● Introduction of paywalls
● Restrictive terms of service
● Implementation of Robots Exclusion 

Protocol



Reddit’s robot.txt file in 2019
# 80legs 
User-agent: 008 
Disallow: / 

# 80legs' new crawler 
User-agent: voltron 
Disallow: / 

User-Agent: bender 
Disallow: /my_shiny_metal_ass 

User-Agent: Gort 
Disallow: /earth 

User-agent: MJ12bot 
Disallow: / 

User-agent: PiplBot 
Disallow: / 

User-Agent: * 
Disallow: /*.json 
Disallow: /*.json-compact 
Disallow: /*.json-html 
Disallow: /*.xml 

Disallow: /*.rss 
Disallow: /*.i 
Disallow: /*.embed 
Disallow: /*/comments/*?*sort= 
Disallow: /r/*/comments/*/*/c* 
Disallow: /comments/*/*/c* 
Disallow: /r/*/submit 
Disallow: /message/compose* 
Disallow: /api 
Disallow: /post 
Disallow: /submit 
Disallow: /goto 
Disallow: /*after= 
Disallow: /*before= 
Disallow: /domain/*t= 
Disallow: /login 
Disallow: /reddits/search 
Disallow: /search 
Disallow: /r/*/search 
Disallow: /r/*/user/ 
Disallow: /gold? 
Allow: /partner_api/ 
Allow: / 
Allow: /sitemaps/*.xml

Jokes

Disallow paths that aren’t 
useful to crawl

Allow most scraping

https://www.reddit.com/r/redditdev/comments/1doc3pt/updating_our_robotstxt_file_and_upholding_our/

Disallow paths that would put 
webcrawler into an endless loop

Disallow malicious 
webcrawlers

Disallow paths that aren’t 
useful to crawl



Reddit’s robot.txt file in September 2024
# Welcome to Reddit's robots.txt 
# Reddit believes in an open internet, but not the misuse of public content. 
# See https://support.reddithelp.com/hc/en-us/articles/26410290525844-Public-Content-Policy Reddit's Public 
Content Policy for access and use restrictions to Reddit content. 
# See https://www.reddit.com/r/reddit4researchers/ for details on how Reddit continues to support research and 
non-commercial use. 
# policy: https://support.reddithelp.com/hc/en-us/articles/26410290525844-Public-Content-Policy 

User-agent: * 
Disallow: /

https://www.reddit.com/r/redditdev/comments/1doc3pt/updating_our_robotstxt_file_and_upholding_our/



How does web data become unavailable?

● Introduction of paywalls
● Restrictive terms of service
● Implementation of Robots Exclusion 

Protocol
● Lawsuits and litigation



Datasets created in the past may not be creatable 
today.

Longpre et al. “Consent in Crisis: The Rapid Decline of the AI Data Commons.” NeurIPS Datasets Tracks 2024.



Datasets created in the past may not be creatable today.

Percentage of examples in dataset restricted 
by Terms of Service

Percentage of examples in dataset restricted 
by robots.txt

(2019) (2023) (2023)

Longpre et al. “Consent in Crisis: The Rapid Decline of the AI Data Commons.” NeurIPS Datasets Tracks 2024.



Other non-web data sources

• Books 
• Internal company data (e.g. 

Facebook posts) 
• Crowdsourcing



Mixtures of Data Sources
• In practice, training data is a mixture of different sources



Some Pre-Training Mixtures
GPT-3 LLaMA 1

LLaMA 3
% tokens Type

50% General knowledge

25% Math and reasoning

17% Code

8% Multilingual

OLMO



Other Web-Derived Data Sources

Gao et al. 2020. “The Pile: An 800GB Dataset of Diverse Text for Language Modeling.”



How to choose the mixture?
• Automatically classify documents (by topic, 

format, quality, etc.) 
• Train many small models, each with a different 

mixture over the classes 
• For each evaluation task, fit a regression model 

f(mixture) -> task performance 
• Solve for mixture that minimizes average task 

performance subject to constraints (token 
budget, maximum repeats) 

• Favor high-quality documents when upsampling

Wettig et al. 2025. “Organize the Web: Constructing Domains Enhances Pre-Training Data Curation.”



How to choose the mixture?

Wettig et al. 2025. “Organize the Web: Constructing Domains Enhances Pre-Training Data Curation.”



How to choose the mixture?

Olmo 3 technical report. 2025.



Recent examples of public pre-training datasets
Year Domain Tokens

FineWeb 2024 Web 15 trillion

RedPajama v2 2024 Web 30 trillion

Dolma 2024 Mix 3 trillion

OLMO2 Mix 2025 Mix 4 trillion

DOLMA 3 2025 Mix 6 trillion

OpenWebMath 2023 Math web pages 15 billion

AlgebraicStack 2023 Math code 11 billion

FineWeb-Edu 2024 Educational 
(middle-school) 1.4 trillion



Importance of Coverage
Coverage: Does the data cover the domain(s) I care 
about, and in the right proportions?

• The data determines the data distribution 

• And hence the model,  

• Web data  math data 

• Web data  educational data 

• Web data  code data 

• …

pθ ≈ pdata

≠

≠

≠



Cleaning, filtering, and quality control



Dolma 3’s data prep pipeline



Next class
• How do we turn websites, PDFs, and other complex data 

formats into training data? 
• Deduplication and other filtering 
• Scaling laws of language models 
• In-context learning



extra slides



Text Extraction
• Extraction: HTML to text 

• Remove boilerplate 

• Retain Latex, code, etc.

Paster et al 2023

Custom 
Extraction

CommonCrawl  
Default

Penedo et al 2024

https://arxiv.org/pdf/2310.06786
https://arxiv.org/pdf/2406.17557


Approach: classifier filtering
• Train a classifier to detect desired data 

• Use it to filter out undesired data

Classifier



Approach: classifier filtering
• Example: OpenWebMath [Paster et al 2023] 

• MathScore classifier detects math content



Approach: classifier filtering
• Example: OpenWebMath [Paster et al 2023] 

• MathScore classifier detects math content

https://huggingface.co/datasets/open-web-math/open-web-math 

https://huggingface.co/datasets/open-web-math/open-web-math


Approach: classifier filtering
• Example: OpenWebMath [Paster et al 2023]

https://huggingface.co/datasets/open-web-math/open-web-math 

https://huggingface.co/datasets/open-web-math/open-web-math


Approach: classifier filtering
• Example: FineWeb-Edu [Penedo et al 2024] 

• Classifier to classify pages as “educational”

(page, label) 
data

Fast classifier

TrainPrompted 
Language 

Model

~500k pages

(page, label) 
data

FineWeb-Edu  
(1.4 Trillion tokens)

Fast classifier

Filter

FineWeb Dataset 
(15 Trillion tokens)



Approach: classifier filtering
• Example: FineWeb-Edu [Penedo et al 2024]



Quality: Filtering
• Filter out unwanted text 

• Language filter 

• Repetitions 

• Too many short lines 

• …
Penedo et al 2024

https://arxiv.org/pdf/2406.17557


Quality: Deduplication
• Remove duplicate content 

• Fuzzy strategy: minhash 

• Too much deduplication 
can be harmful 

• [Penedo et al 2024]: 
Deduplicate per-snapshot 
rather than globally Penedo et al 2024

https://arxiv.org/pdf/2406.17557


Recap
• Data factors: 

• Quantity: How much data do I have? 
• Quality: Is it beneficial for training? 
• Coverage: Does the data cover the domain(s) I care about, and in the 

right proportions?
• We mix together filtered, cleaned web data and other 

sources to make a pre-training dataset



end



Practical tools: HuggingFace

https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/
pretraining.ipynb 

https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/pretraining.ipynb
https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/pretraining.ipynb


Example (Dolma)

https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/
pretraining.ipynb 

https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/pretraining.ipynb
https://github.com/cmu-l3/anlp-spring2026-code/blob/main/06_pretraining/pretraining.ipynb


Thank you


