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Today: Pre-training advanced topics
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(Radford et al, 2018): Improving Language Understanding by Generative Pre-Training

• Fixed: Training objective (generative language modeling), architecture (decoder-only 
Transformers)
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Today: Pre-training advanced topics
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• Fixed: Training objective (generative language modeling), architecture (decoder-only 
Transformers)


• Are we done then? No!


• Science of scaling = Scaling laws 

• Training longer is as important as scaling the model size


• How do we train longer? You need a massive text corpus. Where do we get it? = 
Training data curation
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Today: Pre-training advanced topics

4

• Fixed: Training objective (generative language modeling), architecture (decoder-only 
Transformers)


• Are we done then? No!


• Science of scaling = Scaling laws 

• Training longer is as important as scaling the model size


• How do we train longer? You need a massive text corpus. Where do we get it? = 
Training data curation

Much of this is contemporary research!
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Scaling Laws
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Scaling laws = Scaling is all you need?
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No! Actually, it is opposite = Scaling is not all you need


• You can do a totally wrong scaling


• You should do smarter (informed) scaling


• Scaling laws are all about


• How even OpenAI and Google did wrong scaling before figuring out 
scaling laws


• how to do informed, predictable scaling
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Why scaling laws?
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•Training GPT-3 costs millions of dollars. Failed YOLO runs are expensive!


•For example, Qwen3 models were trained on 36T tokens (~1024 FLOPs).


•Model builders (even GPU-rich) don’t have infinite compute.


What are practical strategies to allocate resources to reduce train costs? 

Scaling Laws: Let’s predict bigger runs from smaller runs!
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Scaling Laws from Baidu (2017)
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Deep Learning Scaling is Predictable, Empirically (Hestness et al., 2017)
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(30 years earlier) Prototypical Scaling Laws
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Scaling laws in LLMs
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• (Kaplan et al., 2020) Scaling Laws for Neural Language Models  Kaplan scaling 
laws (OpenAI)


• (Hoffmann 2022) Training Compute-Optimal Large Language Models  
Chinchilla scaling laws (Google DeepMind)

→

→
4 months before GPT-3

2 years after GPT-3
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Standard scaling law recipe
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1. Grid search w/ different parameters, varying two key scaling dimensions: model 
size (parameter count) & training length (data size)


2. Identify the Pareto frontier, i.e., given the fixed training budget, what is the best 
config?


3. Fit simple models to the results to make trends predictable beyond the tested 
scale


4. Show it extrapolates!
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Claim 1: Loss goes down predictably wrt compute, data, model size!

Kaplan et al’s scaling laws: Claim 1

Scaling Laws for Neural Language Models (Kaplan et al., 2020)

Pareto-optimal 
frontier

PF-day = (1PetaFLOPs/second) 
* (3600s/hr) * (24hr)



Berkeley CS 288 

Kaplan et al’s scaling laws: Claim 2

13Scaling Laws for Neural Language Models (Kaplan et al., 2020)

Claim 2: Overfitting is harder than we thought
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Kaplan et al’s scaling laws: Putting things together
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1. With all datapoints, jointly fit N (# params) and D (# tokens) according to:


where E denotes irreducible loss.


2. Obtain values for A, B, α, β, and E by regression optimization.

3. Now given your desired FLOPs (=6ND), find your best N and D via math.

Conclusion:   !!

Translation: If you have 10x more compute, increase model size 6.2x and data size 1.6x

D ∝ N0.27
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Outcome of Kaplan et al. = GPT-3!

15Scaling Laws for Neural Language Models (Kaplan et al., 2020)

GPT-2 
1.5B

Trained on ~14B words

February 2019

GPT-3 
175B

Trained on ~300B words

May 2020

Model size: 117x

Data size: 21x

Didn’t exactly follow  but followed the sprit of it:

prioritizing model size over data size

D ∝ N0.27
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Chinchilla laws: Background
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Google trying to reproduce GPT-3

They created Gopher (December 2021), a 280-billion model, not as good as GPT-3

280B 175B 

Rae et al. 2021. Scaling Language Models: Methods, Analysis & Insights from Training Gopher

“What’s wrong?!? Let’s fit our own scaling laws”
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Chinchilla laws: Approach 1
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These are actually 4 

Pareto-optimal 
frontier

Same compute as Gopher (~GPT-3 compute)

Hoffmann 2022: Training Compute-Optimal Large Language Models
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Chinchilla laws: Approach 2
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1.Vary model size N for fixed set of FLOPs (=6ND)

2.For best models in each Iso-FLOPs  group, fit the line again!

Same compute as Gopher (~GPT-3 
compute)

18
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Chinchilla laws: Putting things together
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1. With all datapoints, jointly fit N (# params) and D (# tokens) according to:


where E denotes irreducible loss.


2. Obtain values for A, B, α, β, and E by regression optimization.

3. Now given your desired FLOPs (=6ND), find your best N and D via math.

Conclusion:    !!

Translation: If you have 10x more compute, increase model size 6.2x 3.2x and data size 
1.6x 3.2x 
More concretely: You need (# of tokens) = 20 x (# of params)

D ∝ N0.27 D ∝ N
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Chinchilla conclusions
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Conclusion:    !!

Translation: If you have 10x more compute, increase model size 6.2x 3.2x and data size 1.6x 3.2x 
More concretely: You need (# of tokens) = 20 x (# of params)

D ∝ N0.27 D ∝ N

GPT-3 
175B

Trained on ~300B words

May 2020

It should have been 175 billion x 20 
= 3.5 trillion tokens?!
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Chinchilla conclusions

21

• Gopher and GPT-3 did not 
really need to be that big
—they are undertrained 

• Reduce parameter count, 
and instead train longer!

Conclusion:    !!

Translation: If you have 10x more compute, increase model size 6.2x 3.2x and data size 1.6x 3.2x 
More concretely: You need (# of tokens) = 20 x (# of params)

D ∝ N0.27 D ∝ N
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Outcome: Chinchilla (70B)!
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280B   175B     70B

- Chinchilla is same compute as 
Gopher, but 4x more data and 
¼ params


- 4-7% improvements most 
places overall (outperforming 
Gopher and GPT-3)!
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Why different conclusions from Kaplan et al?
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Gap here
- OpenAI mostly looked at (100M and lower): 

turned out to be “too small”

- Chinchilla: 16B parameters and 500B 
tokens

- A fixed learning rate schedule for all models 
(i.e., used intermediate checkpoints)

- Looks minor, isn’t it?

- Telling us about how non-trivial it                    
is to set up the right scaling laws
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What happened after Chinchilla?
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• Many smaller models that perform better

• Number of tokens is going up a lot!

Year 2020 2021 2022 2023 2024 2025 2025

Model GPT3 Gopher Chinchilla LLama1 Llama3 Qwen3 Olmo2

Params 175B 280B 70B 65B 70B 235B 32B

Tokens 240B 300B 1.4T 1.4T 15T 36T 6T

WHY?? 
1) Inference efficiency: Small models are easier and cheaper to run at inference

2) “Practical” training cost is actually lower with “smaller model, more data” than “big model, less data”

• Even more extreme setting of over-training (train on even more data than “train-time optimal”)
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Different kinds of scaling laws (1/5)

25Gadre et al. 2024. "Language models scale reliably with over-training and on downstream tasks"

Overtrained models follow 
different scaling law, shifts 
over a bit

Scaling laws in the “over-training” regime



Berkeley CS 288 

Different kinds of scaling laws (2/5)
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Average benchmark performance is sort of predictable 
(with the right data and metrics),
although individual isn’t

Average error

Error for specific tasks can get 
pretty high, but average is low

26

Scaling laws for downstream task performance

Gadre et al. 2024. "Language models scale reliably with over-training and on downstream tasks"



Berkeley CS 288 

Different kinds of scaling laws (3/5)
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Scaling laws for the data-constrained settings

•Chinchilla: assumes unlimited/
unique data


•Motivation: Data might run out


•Setting: Fix 100M unique tokens. 
If you have more compute, how 
do you allocate it? 


Low repetition (<4 epochs) 
approximates chinchilla


Takeaway: you can squeeze more 
juice from data with more compute

Muennighoff et al. 2023. Scaling Data-Constrained Language Models
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Different kinds of scaling laws (4/5)

28Kim et al. 2025. "Pre-training under infinite compute"

• pre-training under fixed data and no 
compute constraints


• Existing data-constrained approaches of 
increasing epoch count and parameter 
count eventually overfit


• It’s possible to significantly improve by 
properly tuning regularization, e.g., 
increasing weight decay to be 30× larger 
than standard practice.


• Ensembling independently trained models 
achieves a significantly lower loss 
asymptote than the regularized recipe.

Scaling laws for the “infinite compute” scenario
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Different kinds of scaling laws (5/5)

29

Scaling laws for the Mixture-of-Experts architecture [a later lecture]

Tian et al. 2025. Towards Greater Leverage: Scaling Laws for Efficient Mixture-of-Experts Language Models
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Does scaling law make sense? (1/2)
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Common critics 
• May specific to specific setups, e.g., hyper parameter choices, architecture choices


• Does extrapolation actually work? Very large models may not fit!


• Overlooks the relationship between pre-training loss and the validation accuracy for specific 
downstream tasks


• Lourie et al. (2025): Most tasks scale unpredictably -- Only 18 of 46 tasks are predictable



Berkeley CS 288 

Does scaling law make sense? (2/2)
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Recommended perspectives 
• Scaling laws are not laws! They are empirical trends.


• They exist for necessity — resource allocation is a “real” issue


• Without scaling laws, your only other option is “YOLO” run


• But “failed” runs are extremely expensive.


• History tells us — GPT-3, Gopher were, in some sense, “failed” resource allocation


• “Downstream task performance is not predictable” (X)  “We have to make downstream 
task performance predicable” (O)


• It’s possible to have inaccurate scaling laws (the open source community hasn’t figured 
this out properly), but frontier labs rely heavily on internal scaling laws

→
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Pre-training Data
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From pre-training to data
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• So far: Data scaling is very important, and even GPT-3 didn’t properly scale the data


• Since then: frontier lab’s continued efforts in scalable training data curation


• Also the biggest secret: even when models are open-weight, most models do not open 
source nor disclose much information about the training data


• Today: we cover history, and public’s best efforts to replicate frontier pre-training data

“Our training corpus includes a new mix of data from publicly available sources, 
which does not include data from Meta’s products or services. We made an effort 
to remove data from certain sites known to contain a high volume of personal 
information about private individuals. We trained on 2 trillion tokens of data as this 
provides a good performance–cost trade-off, up-sampling the most factual 
sources in an effort to increase knowledge and dampen hallucinations.”


 – Llama 2 paper
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History of pre-training data
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Pre-training data before GPT-2
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• English Wikipedia (2.5B words) and books (~1B words) as popular choices for large 
text corpora 

• ELMo [Peters et al. 2018] “is pretrained on a large text corpus” [...] on the 1B Word 
Benchmark 

• GPT-1 [Radford et al. 2018]: pretrained on the BooksCorpus (800M words)


• BERT [Devlin et al. 2018]: pretrained on the BooksCorpus (800M words) and English 
Wikipedia (2,500M words).
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GPT-2 [Radford et al. 2019]:  WebText

36

• “Most prior work trained language models on a single domain of text [...] Our 
approach motivates building as large and diverse a dataset as possible in order to 
collect natural language demonstrations of tasks in as varied of domains and 
contexts as possible.”


• Web pages! 

• 1) Scraped web pages that are outbound links from Reddit w/ at least 3 karma.


• 2) Extract text from HTML (Dragnet and Newspaper content extractors)


• 3) De-duplication and some heuristic based cleaning → 8M+ docs


• Didn’t release the raw data, but open-source efforts replicated it – OpenWebText 
(2019)

https://skylion007.github.io/OpenWebTextCorpus/
https://skylion007.github.io/OpenWebTextCorpus/
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Common Crawl

37

• A publicly-available web archive w/o markup and other non-text content from 
the scraped HTML files (~20TB/month)


• “A promising source of diverse and nearly unlimited text is web scrapes such 
as Common Crawl.” – GPT-2 [Radford et al. 2019]


• The majority of text is not even natural language text


• “[Common Crawl’s] content are mostly unintelligible” – Trinh & Le (2018)  

• “It largely comprises gibberish or boiler-plate text like menus, error messages, 
or duplicate text”, “[Most] is unlikely to be helpful for any of the tasks we 
consider (offensive language, placeholder text, etc.). “ – T5 [Raffel et al. 2019]
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T5 [Raffel et al. 2019]: C4 (Colossal Clean Crawled Corpus)
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• Lots of heuristic filters:

• Only retained lines that ended in a terminal punctuation mark (i.e. a period, question mark, etc)

• Discarded any page with <3 sentences and only retained lines that contained >=5 words. 

• Removed any page that contained any “List of Dirty, Naughty, Obscene or Otherwise Bad Words”

• Many scraped pages contained warnings stating that Javascript should be enabled → removed any line with the 

word Javascript.

• Removed any page where the phrase “lorem ipsum” appeared

• The curly bracket “{” appears in many programming languages (such as Javascript, widely used on the web) but 

not in natural text → removed any pages that contained a curly bracket.

• Some were sourced from Wikipedia and had citation markers → removed any such markers.

• Many pages had boilerplate policy notices → removed any lines containing the strings “terms of use”, “privacy 

policy”, “cookie policy”, “uses cookies”, “use of cookies”, or “use cookies”.

• Deduplication: discarded all but one of any three-sentence span occurring more than once.

• Used langdetect to filter out any pages that were not classified as English.
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T5 [Raffel et al. 2019]: C4 (Colossal Clean Crawled Corpus)
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• Lots of heuristic filters:

• Only retained lines that ended in a terminal punctuation mark (i.e. a period, question mark, etc)

• Discarded any page with <3 sentences and only retained lines that contained >=5 words. 

• Removed any page that contained any “List of Dirty, Naughty, Obscene or Otherwise Bad Words”

• Many scraped pages contained warnings stating that Javascript should be enabled → removed any line with the 

word Javascript.

• Removed any page where the phrase “lorem ipsum” appeared

• The curly bracket “{” appears in many programming languages (such as Javascript, widely used on the web) but 

not in natural text → removed any pages that contained a curly bracket.

• Some were sourced from Wikipedia and had citation markers → removed any such markers.

• Many pages had boilerplate policy notices → removed any lines containing the strings “terms of use”, “privacy 

policy”, “cookie policy”, “uses cookies”, “use of cookies”, or “use cookies”.

• Deduplication: discarded all but one of any three-sentence span occurring more than once.

• Used langdetect to filter out any pages that were not classified as English.
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T5 [Raffel et al. 2019]: C4 (Colossal Clean Crawled Corpus)
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• Lots of heuristic filters:

• Only retained lines that ended in a terminal punctuation mark (i.e. a period, question mark, etc)

• Discarded any page with <3 sentences and only retained lines that contained >=5 words. 

• Removed any page that contained any “List of Dirty, Naughty, Obscene or Otherwise Bad Words”

• Many scraped pages contained warnings stating that Javascript should be enabled → removed any line with the 

word Javascript.

• Removed any page where the phrase “lorem ipsum” appeared

• The curly bracket “{” appears in many programming languages (such as Javascript, widely used on the web) but 

not in natural text → removed any pages that contained a curly bracket.

• Some were sourced from Wikipedia and had citation markers → removed any such markers.

• Many pages had boilerplate policy notices → removed any lines containing the strings “terms of use”, “privacy 

policy”, “cookie policy”, “uses cookies”, “use of cookies”, or “use cookies”.

• Deduplication: discarded all but one of any three-sentence span occurring more than once.

• Used langdetect to filter out any pages that were not classified as English.
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T5 [Raffel et al. 2019]: C4 (Colossal Clean Crawled Corpus)
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• Lots of heuristic filters:

• Only retained lines that ended in a terminal punctuation mark (i.e. a period, question mark, etc)

• Discarded any page with <3 sentences and only retained lines that contained >=5 words. 

• Removed any page that contained any “List of Dirty, Naughty, Obscene or Otherwise Bad Words”

• Many scraped pages contained warnings stating that Javascript should be enabled → removed any line with the 

word Javascript.

• Removed any page where the phrase “lorem ipsum” appeared

• The curly bracket “{” appears in many programming languages (such as Javascript, widely used on the web) but 

not in natural text → removed any pages that contained a curly bracket.

• Some were sourced from Wikipedia and had citation markers → removed any such markers.

• Many pages had boilerplate policy notices → removed any lines containing the strings “terms of use”, “privacy 

policy”, “cookie policy”, “uses cookies”, “use of cookies”, or “use cookies”.

• Deduplication: discarded all but one of any three-sentence span occurring more than once.

• Used langdetect to filter out any pages that were not classified as English.
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T5 [Raffel et al. 2019]: C4 (Colossal Clean Crawled Corpus)
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• Lots of heuristic filters:

• Only retained lines that ended in a terminal punctuation mark (i.e. a period, question mark, etc)

• Discarded any page with <3 sentences and only retained lines that contained >=5 words. 

• Removed any page that contained any “List of Dirty, Naughty, Obscene or Otherwise Bad Words”

• Many scraped pages contained warnings stating that Javascript should be enabled → removed any line with the 

word Javascript.

• Removed any page where the phrase “lorem ipsum” appeared

• The curly bracket “{” appears in many programming languages (such as Javascript, widely used on the web) but 

not in natural text → removed any pages that contained a curly bracket.

• Some were sourced from Wikipedia and had citation markers → removed any such markers.

• Many pages had boilerplate policy notices → removed any lines containing the strings “terms of use”, “privacy 

policy”, “cookie policy”, “uses cookies”, “use of cookies”, or “use cookies”.

• Deduplication: discarded all but one of any three-sentence span occurring more than once.

• Used langdetect to filter out any pages that were not classified as English.

Filtered 90% of the data, leading to 175B tokens
“Not only orders of magnitude larger than most data sets used for pre-training, but 
also comprises reasonably clean and natural English text.”
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GPT-3 [Brown et al. 2020]

43

• Filter from Common Crawls

• Trained a classifier to distinguish high-quality data from low-quality Common Crawl 

• A logistic regression classifier

• Positive examples: WebText, Wikipedia, and several book corpora 
• Negative examples: Unfiltered Common Crawl 

• Kept a doc iff np.random.pareto(α) > 1 − document_score w/ α = 9

• Take mostly docs with high scores, but still include some low-score docs


• (Fuzzy) Deduplication: Removed docs with high overlap with other docs

• Add known high-quality reference corpora 

• An expanded version of the WebText dataset

• Two books corpora (Books1 and Books2)

• English Wikipedia
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GPT-3 [Brown et al. 2020]
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• After all the filtering, roughly equivalent to 400B tokens 
• “[D]atasets we view as higher-quality are sampled more frequently, such that 

CommonCrawl and Books2 datasets are sampled less than once during training, but 
the other datasets are sampled 2-3 times.”
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What Other Public Training Datasets Exist Today?

45

Dataset Example LMs Tokens Sources

C4 
(Oct 2019) T5, FLAN-T5 175B Common Crawl

Pile  
(Dec 2020)

GPT-J, GPT-NeoX, 
Pythia 387B

Common Crawl, arXiv, 
PubMed, Books3, 

Gutenberg, Wikipedia, etc…
The Stack v1  

(Nov 2022) StarCoder 200B Software Heritage

RedPajama v1 
(Apr 2023) INCITE 1.2T

Common Crawl, C4,  
Github, arXiv, Gutenberg,  

Books3, Wikipedia, Internet 
Archive (Stack Exchange)

RefinedWeb 
(Jun 2023) Falcon 580B* Common Crawl

Dolma  
(Aug 2023) OLMo 3.1T

Common Crawl, C4, 
Semantic Scholar,  
Pushshift Reddit,  

Gutenberg, the Stack, 
Wikipedia, Wikibooks

Dataset Example LMs Tokens Sources

OpenWebMath  
(Oct 2023) Llema 15B Common Crawl

RedPajama v2 
(Oct 2023) - 30T Common Crawl

Amber  
(Dec 2023) Amber 1.3T C4, RefinedWeb,  

the Stack, RedPajama v1

Dolma 1.7  
(Apr 2024) OLMo 0424 2.3T

Dolma, RefinedWeb, RP’s 
StackExchange, Flan, 

OpenWebMath, …

FineWeb
(May 2024) - 15T Common Crawl

Matrix
(May 2024) MAP-Neo 4.7T

RedPajama v2, Dolma, 
CulturaX, Amber, 

SlimPajama, Falcon, 
crawled Chinese web

DCLM
(Jun 2024) DCLM-Baseline 4T Common Crawl
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What Other Public Training Datasets Exist Today?

46

Dataset Example LMs Tokens Sources

C4 
(Oct 2019) T5, FLAN-T5 175B Common Crawl

Pile  
(Dec 2020)

GPT-J, GPT-NeoX, 
Pythia 387B

Common Crawl, arXiv, 
PubMed, Books3, 

Gutenberg, Wikipedia, etc…
The Stack v1  

(Nov 2022) StarCoder 200B Software Heritage

RedPajama v1 
(Apr 2023) INCITE 1.2T

Common Crawl, C4,  
Github, arXiv, Gutenberg,  

Books3, Wikipedia, Internet 
Archive (Stack Exchange)

RefinedWeb 
(Jun 2023) Falcon 580B* Common Crawl

Dolma  
(Aug 2023) OLMo 3.1T

Common Crawl, C4, 
Semantic Scholar,  
Pushshift Reddit,  

Gutenberg, the Stack, 
Wikipedia, Wikibooks

Dataset Example LMs Tokens Sources

OpenWebMath  
(Oct 2023) Llema 15B Common Crawl

RedPajama v2 
(Oct 2023) - 30T Common Crawl

Amber  
(Dec 2023) Amber 1.3T C4, RefinedWeb,  

the Stack, RedPajama v1

Dolma 1.7  
(Apr 2024) OLMo 0424 2.3T

Dolma, RefinedWeb, RP’s 
StackExchange, Flan, 

OpenWebMath, …

FineWeb
(May 2024) - 15T Common Crawl

Matrix
(May 2024) MAP-Neo 4.7T

RedPajama v2, Dolma, 
CulturaX, Amber, 

SlimPajama, Falcon, 
crawled Chinese web

DCLM
(Jun 2024) DCLM-Baseline 4T Common Crawl

“First open-source CC-based pre-training dataset”



Berkeley CS 288 

What Other Public Training Datasets Exist Today?
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Dataset Example LMs Tokens Sources

C4 
(Oct 2019) T5, FLAN-T5 175B Common Crawl

Pile  
(Dec 2020)

GPT-J, GPT-NeoX, 
Pythia 387B

Common Crawl, arXiv, 
PubMed, Books3, 

Gutenberg, Wikipedia, etc…
The Stack v1  

(Nov 2022) StarCoder 200B Software Heritage

RedPajama v1 
(Apr 2023) INCITE 1.2T

Common Crawl, C4,  
Github, arXiv, Gutenberg,  

Books3, Wikipedia, Internet 
Archive (Stack Exchange)

RefinedWeb 
(Jun 2023) Falcon 580B* Common Crawl

Dolma  
(Aug 2023) OLMo 3.1T

Common Crawl, C4, 
Semantic Scholar,  
Pushshift Reddit,  

Gutenberg, the Stack, 
Wikipedia, Wikibooks

Dataset Example LMs Tokens Sources

OpenWebMath  
(Oct 2023) Llema 15B Common Crawl

RedPajama v2 
(Oct 2023) - 30T Common Crawl

Amber  
(Dec 2023) Amber 1.3T C4, RefinedWeb,  

the Stack, RedPajama v1

Dolma 1.7  
(Apr 2024) OLMo 0424 2.3T

Dolma, RefinedWeb, RP’s 
StackExchange, Flan, 

OpenWebMath, …

FineWeb
(May 2024) - 15T Common Crawl

Matrix
(May 2024) MAP-Neo 4.7T

RedPajama v2, Dolma, 
CulturaX, Amber, 

SlimPajama, Falcon, 
crawled Chinese web

DCLM
(Jun 2024) DCLM-Baseline 4T Common Crawl

“First open-source pre-training dataset matching GPT-3’s training data size”
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What Other Public Training Datasets Exist Today?
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Dataset Example LMs Tokens Sources

C4 
(Oct 2019) T5, FLAN-T5 175B Common Crawl

Pile  
(Dec 2020)

GPT-J, GPT-NeoX, 
Pythia 387B

Common Crawl, arXiv, 
PubMed, Books3, 

Gutenberg, Wikipedia, etc…
The Stack v1  

(Nov 2022) StarCoder 200B Software Heritage

RedPajama v1 
(Apr 2023) INCITE 1.2T

Common Crawl, C4,  
Github, arXiv, Gutenberg,  

Books3, Wikipedia, Internet 
Archive (Stack Exchange)

RefinedWeb 
(Jun 2023) Falcon 580B* Common Crawl

Dolma  
(Aug 2023) OLMo 3.1T

Common Crawl, C4, 
Semantic Scholar,  
Pushshift Reddit,  

Gutenberg, the Stack, 
Wikipedia, Wikibooks

Dataset Example LMs Tokens Sources

OpenWebMath  
(Oct 2023) Llema 15B Common Crawl

RedPajama v2 
(Oct 2023) - 30T Common Crawl

Amber  
(Dec 2023) Amber 1.3T C4, RefinedWeb,  

the Stack, RedPajama v1

Dolma 1.7  
(Apr 2024) OLMo 0424 2.3T

Dolma, RefinedWeb, RP’s 
StackExchange, Flan, 

OpenWebMath, …

FineWeb
(May 2024) - 15T Common Crawl

Matrix
(May 2024) MAP-Neo 4.7T

RedPajama v2, Dolma, 
CulturaX, Amber, 

SlimPajama, Falcon, 
crawled Chinese web

DCLM
(Jun 2024) DCLM-Baseline 4T Common Crawl

“Open-source pre-training datasets w/ >1T tokens”
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Example 1: The Pile [Gao et al. 2020]
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Example 2: Llama 1 [Touvron et al. 2023]
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“For the most part, we reuse data 
sources that have been leveraged to 
train other LLMs, with the restriction 
of only using data that is publicly 
available, and compatible with open 
sourcing.”
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Example 3: Dolma [Soldaini et al. 2024]
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Example 4: DCLM and FineWeb (2024)
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• Focusing on Common Crawl only — extensive ablations to maximize performance from it


• Conducted at a (fairly) academic scale!


• DCLM: From UW + Apple


• FineWeb: Huggingface


• Motivation: Supporting open research on training data


• “Details about training sets are becoming increasingly rare, even for open-weight models 
such as the Llama, Mistral, or Gemma models” – DCLM paper


• “[T]he pretraining datasets for state-of-the-art open LLMs like Llama 3 and Mixtral are not 
publicly available and very little is known about how they were created.” – FineWeb paper


• DCLM: Produced a 7B model that is SoTA among those with open-source data

Li et al. 2024. "DataComp-LM: In search of the next generation of training sets for language models”

Penedo et al. 2024. "FineWeb: decanting the web for the finest text data at scale"
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Example 4: DCLM and FineWeb (2024)
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DCLM
DCLM

Li et al. 2024. "DataComp-LM: In search of the next generation of training sets for language models”

Penedo et al. 2024. "FineWeb: decanting the web for the finest text data at scale"
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Pre-training data curation
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Data curation: Overview

55

Acquisition Linearization Filtering Mixing 
(rebalancing)
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Preliminary: How to evaluate data?

56

• Fix model architecture, training recipe, optimizer, scale, evaluation, etc — Only vary the 
training data!


• Challenges: Pre-training is expensive!

• Invest in smallest experimental design that generalizes


• “Scaling laws”

• “Annealing”-style ablations (see Section 3.1.3 of the Llama 3 technical report)


• Choose evaluation sets based on “how to get early, stable signals” rather than “difficulty”

Figure from the DCLM paper

Common Crawl
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Data curation: Overview

57

Acquisition Linearization Filtering Mixing 
(rebalancing)

Common Crawl
              +
additional sources obtained by developers



Berkeley CS 288 

1. Acquisition: Why not just Common Crawl?

58

..does not faithfully 
preserve 

mathematical 
notation…

• Big crawlers have coverage issues


• For high-quality data, it’s better to duplicate (e.g., Wikipedia)


• Some data may not be available on Common Crawl (e.g., non-HTML, PDFs)
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1. Acquisition: Example sources

59

Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia
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1. Acquisition: Example sources

60

Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia

Books Very high quality, longer textual content, breadth 
(covers a wide range of subjects and topics), 
educational (biographies, textbooks)

Project Gutenberg (earliest digital library)

Toronto Book Corpus, BookCorpus, 
Books1, Books2, Books3 – no longer 
accessible
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1. Acquisition: Example sources

61

Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia

Books Very high quality, longer textual content, breadth 
(covers a wide range of subjects and topics), 
educational (biographies, textbooks)

Project Gutenberg (earliest digital library)

Toronto Book Corpus, BookCorpus, 
Books1, Books2, Books3 – no longer 
accessible

Academic 
contents

Papers, journal articles, etc. Highly professional and 
has academic rigor. Educational. Professional 
information

arXiv (in LATEX format), S2ORC, PubMed
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1. Acquisition: Example sources
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Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia

Books Very high quality, longer textual content, breadth 
(covers a wide range of subjects and topics), 
educational (biographies, textbooks)

Project Gutenberg (earliest digital library)

Toronto Book Corpus, BookCorpus, 
Books1, Books2, Books3 – no longer 
accessible

Academic 
contents

Papers, journal articles, etc. Highly professional and 
has academic rigor. Educational. Professional 
information

arXiv (in LATEX format), S2ORC, PubMed

Code Critical for coding tasks The Stack, Github, BIG-QUERY, 
StarCoder
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1. Acquisition: Example sources
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Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia

Books Very high quality, longer textual content, breadth 
(covers a wide range of subjects and topics), 
educational (biographies, textbooks)

Project Gutenberg (earliest digital library)

Toronto Book Corpus, BookCorpus, 
Books1, Books2, Books3 – no longer 
accessible

Academic 
contents

Papers, journal articles, etc. Highly professional and 
has academic rigor. Educational. Professional 
information

arXiv (in LATEX format), S2ORC, PubMed

Code Critical for coding tasks The Stack, Github, BIG-QUERY, 
StarCoder

Math Critical for math tasks OpenMathText, FineMath
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1. Acquisition: Example sources

64

Why? Examples
Encyclopedia Open-source, free, multilingual, educational, written 

and edited by experts or community contributors, 
providing a certain level of authority and reliability, 
easily accessible

Wikipedia

Books Very high quality, longer textual content, breadth 
(covers a wide range of subjects and topics), 
educational (biographies, textbooks)

Project Gutenberg (earliest digital library)

Toronto Book Corpus, BookCorpus, 
Books1, Books2, Books3 – no longer 
accessible

Academic 
contents

Papers, journal articles, etc. Highly professional and 
has academic rigor. Educational. Professional 
information

arXiv (in LATEX format), S2ORC, PubMed

Code Critical for coding tasks The Stack, Github, BIG-QUERY, 
StarCoder

Math Critical for math tasks OpenMathText, FineMath
Forums QA formatted StackExchange, Reddit
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1. Acquisition: Debate

65

huggingface.co/datasets/togethercomputer/
RedPajama-Data-1T 

wired.com/story/new-documents-unredacted-meta-
copyright-ai-lawsuit/ 

wired.com/story/stack-overflow-will-charge-ai-giants-for-training-data/ 

http://wired.com/story/stack-overflow-will-charge-ai-giants-for-training-data/
http://huggingface.co/datasets/togethercomputer/RedPajama-Data-1T
http://huggingface.co/datasets/togethercomputer/RedPajama-Data-1T
http://www.wired.com/story/new-documents-unredacted-meta-copyright-ai-lawsuit/
http://www.wired.com/story/new-documents-unredacted-meta-copyright-ai-lawsuit/
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Data curation: Overview

66

Acquisition Linearization Filtering Mixing 
(rebalancing)
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2. Linearization

67

• HTML  Plain Text

• PDF  Plain Text

• …

→
→
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2. Linearization matters

68

Choppy. 
Sentences split to 
many newlines. A 
lot of undesirable 
website content.
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High variability in plain text output across different tools

High quality High quality Low quality Low quality Low quality
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Side story: Linearization of Common Crawl
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CommonCrawl data is available in two main formats:
• WET (WARC Encapsulated Text) files provide a plan text only version.

• Most prior work takes the WET files as their starting point.
• WARC (Web ARChive format) files contain the raw data from the crawl (HTML and metadata)
DCLM and FineWeb reported ablations on these choices for the first time, finding that their own 
linearization from WARC better than using Common Crawl provided WET files

FineWeb: trafilatura chosenDCLM: Resiliparse chosen because of efficiency

Li et al. 2024. "DataComp-LM: In search of the next generation of training sets for language models”

Penedo et al. 2024. "FineWeb: decanting the web for the finest text data at scale"
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Data curation: Overview

71

Acquisition Linearization Filtering Mixing 
(rebalancing)
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3. Filtering

72

• Language
• Junk
• Content

• Quality
• Duplicates
• etc…

➤ Dolma: an Open Corpus of Three Trillion Tokens for Language Model 
Pretraining Research (Soldaini et al; ACL 2024 )
➤ The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale 
(Penedo et al 2024) 
➤ DataComp-LM: In search of the next generation of training sets for language 
models (Li et al; Neurips 2024) 
.. and more

Considerations

Methods
• Heuristic based
• Model based
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3. Filtering: Why challenging?

73

250T tokens 
CommonCrawl

4-5T tokens
training set

≈65 x

Your data curation methods need to scale!

A bi-gram model
• 500 docs per second per CPU
• $8.5/hr for c7i instance, 192 cores
• Process 24B docs in 3 days and $600 on CPUs

BERT-Base (110M params)
• 1,600 docs per second per H100
• $2.50/hr
• Process 24B docs in 3 days and $10,000 on 64 H100s
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3. Filtering: Closer look

74

• Deduplication

• Heuristic filtering

• Model-based filtering



Berkeley CS 288 

3. Filtering: Closer look
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• Deduplication 
• Heuristic filtering

• Model-based filtering
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Deduplication

76

• Common Crawls often contain many duplicate or near-duplicate data strings. Removing these 
duplicates can improve performance by reducing memorization and increasing data diversity.


• Fuzzy deduplication rather than exact deduplication 
• e.g., remove documents with 50% overlap in 13-grams


• Really not trivial!!  
• DCLM has 8 pages of ablations 
• FineWeb has 7 pages of ablations 
• Their ablations mostly don’t overlap! 

• Factors:

• Hyperparams: p% overlap in n-gram

• Data structure: MinHash vs. Suffix array vs. near-duplicate Bloom filtering (BFF)

• Paragraph-level? Doc-level? A doc vs. doc level or doc vs. corpus level?

• Sharded deduplication vs. global deduplication
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3. Filtering: Closer look
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• Deduplication

• Heuristic filtering 

• Didn’t deviated too much from T5’s filtering, at least conceptually (although 
tons of different variations!)


• Model-based filtering
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3. Filtering: Closer look
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• Deduplication

• Heuristic filtering

• Model-based filtering 

• Varies from cheap, bi-gram based filtering to LLM-based filtering
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DCLM’s model-based filtering
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Train a bi-gram model to serve as quality filters

• Positive examples


• Wikipedia

• OpenWebText2

• GPT-3 Approx: Wikipedia, OpenWebText2, 

books

• Instruction-formatted data from 

OpenHermes 2.5 (OH-2.5) and high-scoring 
posts from the ELI5 subreddit 

• Negative examples: Random samples

Heuristic 
filtering 

only
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FineWeb’s model-based filtering
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• Key idea: Use an LLM to label which docs are “educational” then train a classifier on that data!

• Hints from prior papers from industry (Llama 3 from Meta and Phi3 from Microsoft) but 
without details or ablation results.

• Step 1: Prompt Llama-3-70B-Instruct to annotate the quality of the doc, based on its 
educational contents (on a scale of 0 to 5)


• Step 2: Fine-tune a 110M-parameter encoder-only Transformer model on 450,000 Llama 3 
annotations for 20 epochs


• Step 3: After training, rounded the scores to 0 to 5, and convert to a binary classification task 
by using a fixed threshold to determine if a doc is educational. 


• Applying the classifier to the 15T tokens took 6,000 H100 GPU hours!
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FineWeb’s model-based filtering: Results
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3. Filtering: Closer look
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• Deduplication

• Heuristic filtering

• Model-based filtering

Quick quiz: In practice, most work does heuristic filtering, then deduplication, then 
model-based filtering. Why this order?
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Data curation: Overview
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Acquisition Linearization Filtering Mixing 
(rebalancing)

[from GPT-3 paper]
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Pre-training data summary
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Summary: Pre-training data curation
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• Very important: both scale and quality 
• Little known from industry labs due to competitive reasons


• Extensive, ongoing research from the open source community

• Every step matters, even seemingly trivial ones, e.g., linearization and deduplication

• These efforts are building on top of each other


• {C4, RefinedWeb, etc} led to {DCLM, Fineweb}

• {DCLM, Fineweb} led to {OLMo 2/3, etc}


• Beyond human-curated data: synthetic pre-training data, where LLMs generate new training data

• Out of scope for this course, but check out Pratyush Maini (CMU / DatologyAI)’s guest lecture 

for CS 294-288 (Fall 2025) [link]

https://drive.google.com/file/d/1XE8UYd5koxtHdcox4sM1sp-IDopOZuiO/view?usp=sharing
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Open-ended questions
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• If model-based filtering is ultimately applied, why heuristic filtering at all? Wouldn’t model-based 
methods always be stronger?


• Model-based filtering: DCLM’s “AskLLM” baseline is essentially FineWeb’s approach, but DCLM 
found it worse than a bi-gram model. What’s the difference between DCLM’s AskLLM and 
FineWeb’s approach?


• We learned filtering mainly based on Common Crawl, but there are other data sources covered 
in “Acquisition” (books, math, and code). Would the same heuristic/model-based filtering 
pipeline apply? How might filtering strategies differ by source type?


• In 2019, C4 intentionally removed code. Now, we’re intentionally curating code data. What 
changed?


• If infinite compute (token budget) is given, do we still want to do filtering?
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Up next: Post-training!



Questions?



Acknowledgement
UC Berkeley Fall 2025 CS 294-288 Slides made by Jongho Park & Prasann Singhal 

Presentation by Kyle Lo (Ai2), Pratyush Maini (CMU & Datology)


