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Outline

• Popular open-source pre-training datasets and how they are obtained 


• Discussion of popular LLM benchmarks



transformer 

Longest_German_word_you_know

20, 30, 1, 12, 11, 1, 3, 1, 56, 1, 2 

tokenizer

next token predicted probability
30 0.6 0 … … … … … … … …

1 0 0.5 … … … … … … … …

12 … … 0.01 … … … … … … …

Training sequence:

Training a GPT

Loss: cross-entropy between coming token and predicted probability, for 
each position in the sequence



Language model training

stage pre training post training

method next token 
prediction

next token prediction, 
reinforcement learning

data huge amounts of 
high-quality text

few high quality examples and/or 
comparison data/and reward 

functions 

outcome base model: GPT, 
LLaMa

ChatGPT, ChatLLaMa, thinking 
models, agentic models
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Pretraining data is often web filtered data
LLaMA pretraining data

Touvron et al., ‘LLaMA…’, 2023

https://www.washingtonpost.com/

Majority of training data is filtered web-data
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• Training data of closed (OpenAI, Antrophic) and many open models (Llama, Mistral, 
DeepSeek) is not public


• Reasons: Data is critical ingredient and copyright concerns


• Curation of training data is critical for performance


• Curation strategies:


• filtering


• removing duplicates


• mixing and weighting data sources


• generating synthetic data 
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Curation of pretraining data



WebText and OpenWebText
• Very early, OpenAI internal Dataset of millions of webpages that GPT2 has 

been trained on


• ``We scraped all outbound links from Reddit, a social media platform, 
which received at least 3 karma. This can be thought of as a heuristic 
indicator for whether other users found the link interesting, educational, or 
just funny’'


• Pages are de-duplicated and light-cleaned with some heuristics


• 8M documents, 40GB of text



Feb/March 2024 snapshot: ca. 100 TB of compressed data
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Data curation pipeline

 
Common 

Crawl 
data

Training 
data

heuristic 
cleaning deduplication

machine 
learning based 
quality filtering

9

text 
extraction



Popular Pretraining datasets
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heuristic filtering & 
deduplication

machine-learning based 
quality filtering

C4 𒒬 none

FineWeb 𒒬 none

RefinedWeb 𒒬 none

Dolma CC 𒒬 some wiki based

RedPajama 𒒬 some wiki based

DCLM-Baseline 𒒬 extensive based on 
instruction fine-tuning data

FineWeb-Edu 𒒬 extensive based on 
educational data



Thematic categorization
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C4 FineWeb
Refined

Web

Advertisement

Health,Wellness & Fitness
Food & Nutrition
Lifestyle & Recreation

News & Media
Science
Technology
Education

Business & Finance
Politics & Policy

Arts & Entertainment
Society & Culture
Community

Other

Dolma

CC

Red

Pajama

V2

DCLM
FineWeb

Edu

Figure 3: Categorization of datasets into 13 thematic categories. Similarly filtered datasets
have comparable categorical distributions.

see Appendix E. This is also reflected in the high accuracy a model attains when classifying
DCLM sequences as seen in Tables 1 and 5.

Another example is FineWeb-Edu. Most of the sequences are educational and scientific,
and thus classifying educational and scientific sequences as FineWeb-Edu sequences can work
relatively well, see Appendix E for examples.

For other datasets, it is harder to point to specific individual patterns that make them
distinguishable, for example we found C4 and FineWeb sequences very hard to distinguish for a
human, but easy for the model (see Section 4.2). This might be because the model sees millions
of examples from which several subtle features can be picked up.

5 Bias propagation

From our dataset classification experiments, we observe that each dataset exhibits inherent
biases not apparent to humans but detectable by classifiers. We now explore how these biases
propagate to text generated by LLMs trained on those datasets.

We consider the following three publicly available LLMs pre-trained on individual datasets
from the seven datasets considered in this study:

• Falcon-7B: A 7B parameter model pretrained on 1.5 trillion tokens from the RefinedWeb
dataset by TII (Technology Innovation Institute) [Alm+23].

• DCLM-7B: A 7B model pretrained on 2.5 trillion tokens from the DCLM-Baseline dataset
by the DCLM team [Li+24].

• FineWeb-Edu-1.8B: A 1.8B parameter model trained by Huggingface on 350 billion tokens
from the FineWeb-Edu dataset. The smaller model size and fewer pretraining tokens for
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DCLM-Baseline pipeline
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Construction of DCLM-BASELINE 
heuristic 
cleaning

deduplication machine learning 
based quality filtering
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Step 3: Machine learning-based quality filtering

Binary classification, keep top 10%:


• Negative data: pretraining data


• Positive Data: instruction fine-tune 
data

14



Example instruction finetuning data from 
OpenHermes 2.5

Human: A factory produces 250 widgets every day. 
How many widgets will the factory produce in a 
year, assuming it operates 365 days a year? 
 
GPT: To find the total number of widgets produced 
in a year, we can multiply the daily production 
rate by the number of days in a year: 
 
Total widgets = Daily production * Number of 
days\n = 250 * 365 
 
Calculate the result: 
 
Total widgets = 91,250 
 
So, the factory will produce 91,250 widgets in a 
year if it operates 365 days a year.
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Improved data yields better models and/or 
cheaper to train models

• Better training 
data = better 
model 
performance 
when trained 
on the data
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Beyond web-filtered data

• Many other data sources exists and are useful


• Often data sources are combined, but how to weight them is difficult

Olmo 3, 2025



Stages of pre-training

• Pre-training on web-scale data


• Mid-training on high quality tokens


• Long-context extension: Continued 
pre-training on a mix of long and 
regular length sequences 

Olmo 3, 2025



Dataset classification experiment for pretraining 
data

Text 1: Made it back, can I come inside for a change? Made of glass and 
falling fast all the way! Thanks for correcting Tokyo Police Club - 
Miserable lyrics! 
Task: C4 or FineWeb? 
 
Text 2: Jamie Oliver is a famous CHEF from the UK. Here you can learn how 
to make scramble eggs in three different ways: English, French and 
American way! ENJOY IT! 
Task: C4 or FineWeb? 
 
Text 3: Short-term and long-term changes in the strength of synapses in 
neural networks underlie working memory and long-term memory storage in 
the brain. 
Task: C4 or FineWeb? 
 
Text 4: Yesterday, we indulged in all the goodness of sweets, so I 
thought it only appropriate that we feature the other side of the coin: 
Salty. Now, I’m a girl who loves her potato chips. 
Task: C4 or FineWeb?
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Dataset classification

• Text sequences can be well classified according to datasets


• For humans this task is very difficult. C4 vs FineWeb:


• Human: 63%


• GPT: 85.3% 
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Measuring Bias of Web-filtered Text Datasets and  Bias Propagation Through Training, 2025



Bias propagation through models
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random 
token DCLM-7B random 

sequence

random 
token Dolma-7B random 

sequence

random 
token FineW-2B random 

sequence

84% accuracy of classifying 
generated sequences with 
classifier trained on pertaining 
data!


vs. 93% on original data

Measuring Bias of Web-filtered Text Datasets and  Bias Propagation Through Training, 2025



Discussion

Q1: GPT2 (early LLM) was 
already good at cooking 
recipes - why?


22

Q2: Why does GPT5.4 make this naive mistake?



Summary pre-training data for LLMs
• Pre-training data is primarily curated web data


• Data curation is critical for LLM performance


• Better data means a model performs better when trained on it


• Synthetic data is becoming increasingly relevant


• Further reading:


• DataComp-LM: In search of the next generation of training sets for language 
models, 2024


• Olmo 3, 2025



Evaluation



Why evaluate models?
• Model selection: Customer [individual, 

company] decides which model to 
use


• Evaluation is critical for progress in AI: 
Improving on benchmarks has been 
the main way machine learning 
progresses


• Developers need to measure the 
comparative capabilities of model  
architecture, training data, etc


• Safety and risk assessment, scientific 
understanding



Evaluation approaches
• Perplexity: How well does the model predict the next token on a sequence?


• Benchmarks 

• Usually a verifiable task: Problem, model answers, automatic verification (correct/
incorrect), report average of results (e.g., 70%)


• Examples:


• Reasoning: Hellaswag, GPQA Diamond, Humanity’s last exam


• General: MMLU


• Math: GSM8K, MATH, AIME


• Code, agentic: SWE-Bench, Terminal Bench


• Evaluating open-ended outputs: LLM as a judge, grading against rubrics 


• Human preference-based evaluation: Chatbot arena



Perplexity

• The perplexity measures how well a LLM predicts the next token


• Given a test set with i tokens 


• 


• Where : Probability of i-th token according to model

t1, t2, . .

perplexity = exp (−
1
N

N

∑
i=1

log P(ti))
P(ti)



• Cheap and dense signal


• Measures prediction, not 
capability 



Benchmarks on verifiable tasks
• Format: 


• Problem


• Model answers


• Automatic verification (correct/incorrect)


• Report average of results (e.g., 70%)


• Historically often from [school, college, professional] exams


• Historically often multiple choice or very simple verification (e.g., is the 
solution to a math problem X)



• 70k multiple choice questions, focused on common sense reasoning


• A question and 4 possible continuations.


• Situation: "A person is mixing ingredients in a bowl." 
Option A: "They then pour the mixture into a pan." 
Option B: "They turn on the faucet." 
Option C: "They plug in the kettle." 
Option D: "They sit down and start watching TV."


• Situation and options are concatenated, and we evaluate what’s most likely according to the 
LLM



Measuring massive multitask language 
understanding (MMLU) benchmark

• Benchmark proposed by Hendrycks et al., 2020


• Multiple choice questions from various fields: Humanities, social sciences, 
hard sciences, and other areas


• Questions collected by graduate and undergraduate students from sources 
online


• 15908 questions split into development, validation, and test set, test set has 
14079 questions


• Inspection of the dataset: https://huggingface.co/datasets/cais/mmlu/
viewer/college_medicine/dev?row=0

https://huggingface.co/datasets/cais/mmlu/viewer/college_medicine/dev?row=0
https://huggingface.co/datasets/cais/mmlu/viewer/college_medicine/dev?row=0
https://huggingface.co/datasets/cais/mmlu/viewer/college_medicine/dev?row=0








• Typically prompted with 5-
shot evaluation, i.e., we 
repeat 5 questions with 
answer and then phrase the 
actual question 

Question: …  
Choices: …  
Correct answer: B 

Question: …  
Choices: …  
Correct answer: B 

Question: Glucose is transported into the 
muscle cell: 

Choices: 
A. via protein transporters called GLUT4. 
B. only in the presence of insulin. 
C. via hexokinase. 
D. via monocarbylic acid transporters. 

Correct answer: 



Grade School Math 8k (GSM8K)
• 8.5K high quality grade school math word problems written by human problem 

writers

• Test multi-step reasoning abilities

Question:  
Natalia sold clips to 48 of her friends in 
April, and then she sold half as many clips 
in May. How many clips did Natalia sell 
altogether in April and May? 
 
Answer:  
Natalia sold 48/2 = <<48/2=24>>24 clips in 
May. Natalia sold 48+24 = <<48+24=72>>72 
clips altogether in April and May. #### 72



SWE Bench

• Given codebase and issue description, write pull request


• Evaluation: Unit tests

SWE-BENCH: CAN LANGUAGE MODELS RESOLVE REAL-WORLD GITHUB ISSUES?, 2024



Task familiarity

• Evaluation performance depends 
strongly on how well prepared the 
model is for the given task 


• See Dominguez-Olmedo et al. 
``Training on the Test Task 
Confounds Evaluation and 
Emergence’’, 2024

Test-time RL alignment exposes task familiarity  artifacts in 
LLM benchmarks, 2026



Evaluating open-ended outputs
• Problem: Most benchmark questions/tasks have one clear answer or can be 

verified, but many tasks are open-ended: E.g., legal report writing


• LLM-as-a-judge: Uses an LLM to score output like a human would


• Issue: Is limited by the capabilities of the judge model


• Rubrics: Decompose quality into explicit criteria (e.g, has issue X been 
mentioned in the report) 


• LLM judge only needs to score the criterion; weaker judges can work


• Issue: Constrained by rubrics, difficult if there are multiple solution paths



Human preference based evaluation

• Chatbot arena:


• User types a query, 
gets two responses, 
rates which is better


• ELO ratings based on 
pairwise comparisons 
are computed



Summary evaluation

• Evaluation is critical for progress in AI: Improving on benchmarks has 
been the main way machine learning progresses 


• Level of task-preparation is important and can cofound evaluations


• Benchmarks are useful for model comparisons, less so as absolute 
performance measures


• Test/training set overlap can cofounder evaluations


• Further reading: Moritz Hardt ``The Emerging Science of Machine Learning 
Benchmarks’’, 2026. 


