CS 329X: Human-Centered LLMs
Data, Data, and Data

Collection Filtering Curation

William Held




Research

Understanding and improving the
robustness of LLMs to linguistic variation

Work

Contributor to the Llama 3 & 4 LLMs as part
of the Pretraining Data Team at Meta GenAl

Open-Source

One of the Pretraining Leads for the open-
source Marin LLMs as part of Stanford CRFM

Who am I?
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Learning Goals for Today

What is the data “supply What are the human
chain” for today’s LLMs? impacts of this pipeline?
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Data Drives LLM Progress
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Technical Challenges in
LLM Data

Collection Filtering Curation

Data does not fall from the sky! Not all data is created equal! Only some good data is “useful™
How is the data used to train How do we distinguish “good” How do we balance the diverse
LLMs collected and structured? data from “bad” data? capabilities expected in LLMs?

Data, Data, and Data | CS 329X | Will Held



BERT

English Wikipedia + BooksCorpus

Size
3x10° Tokens

Devlin et al. 2018

Collection Filtering

Both BooksCorpus and Inherently, we assume books
Wikipedia are released as single and Wikipedia to be of “high-

website dumps with clean text!  quality” so no filtering is done.

Data in Early LLMs

Curation

Uniform sampling across all
documents from the corpus to
capture the natural distribution.

Data, Data, and Data | CS 329X | Will Held
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https://arxiv.org/abs/1810.04805

GPT-2
Reddit Outbound Links with
at least 3 upvotes

Size
1x10"° Tokens

Radford et al. 2019

Collection Filtering
Documents require processing  Using human-sourced quality
to convert HTML to text and signals (Reddit Upvotes) to

remove boilerplate. GPT-2 uses  determine which webpages are
both DragNet and Newspaper high-quality for training!

Curation

Uniform sampling across high-
quality documents, which
naturally upsamples genres
popular on Reddit (e.g. news).

The first widely known GPT!

reddit

URL Domain #Docs % of Total Docs
bbc.co.uk 116K 1.50%
theguardian.com 115K 1.50%
washingtonpost.com 89K 1.20%
nytimes.com 88K 1.10%
reuters.com 79K 1.10%
huffingtonpost.com 72K 0.96%
cnn.com 70K 0.93%
cbc.ca 67K 0.89%
dailymail.co.uk 58K 0.77%
go.com 48K 0.63%

Data, Data, and Data | CS 329X | Will Held
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https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://github.com/dragnet-org/dragnet
https://github.com/codelucas/newspaper

Questions?

Data, Data, and Data | CS 329X | Will Held
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L.oss vs Model and Dataset Size
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Increasing data is a reliable lever
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https://arxiv.org/abs/2001.08361

CommonCrawl
An Open Non-Profit Crawl of the
Internet

COMMON
CRAWL

Number of Page Captures
3e+10
Collection —
Indiscriminate web crawling 2ed
from a seed set of websites to |
try and cover as much of the H
I |
web as possible! -
_— -]
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Size
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Common Crawl as the “raw” foundation for LLM data

Data, Data, and Data | CS 329X | Will Held 10


https://commoncrawl.org/

COMMON
CRAWL

There's clearly a lot more data in CC!

C

Most of it is garbage (or worse) though...

Random Sample of Common Crawl Data

How do we get usable training data at
scale from the web?

Data, Data, and Data | CS 329X | Will Held
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Three Common Types of LLM Data Filtering

Perplexity Based Rule Based Classifier Based

Filtering Filtering Filtering

Given curated “good” data, use Researchers define Given an expensive heuristic for

a lightweight language model programmatic rules of what “good” data, use a lightweight
classifier as a proxy to remove!

to remove OOD data. “good” data looks like!

Data, Data, and Data | CS 329X | Will Held 12



CCNet

CommonCrawl Filtered by
Language + PPL Filter

Size
5x10'" Tokens

Filtering

Given a CommonCrawl|
snapshot, removes
documents that are overly
“surprising” to a KenLM
model trained on Wikipedia

Wenzek et al. 2019

Common Crawl Snapshot
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Open-Data Era: Perplexity Filtering
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https://kheafield.com/code/kenlm/
https://arxiv.org/abs/1911.00359

O

Common Crawl Snhapshot

[ [

Take CommonCrawl WET (WARC Encapsulated Text)
Files and Deduplicate Paragraphs Using a HashMap

Data, Data, and Data | CS 329X | Will Held 14



Common Crawl Snhapshot

G

=) [

Common Crawl Snapshot

ufula

ulfulu

dddddd

Then, classify the languages in the document using
a FastText* Classifier trained on Translation data

* FastText is a simple bag of words classifier, we need something cheap here since it's large scale.

Data, Data, and Data | CS 329X | Will Held
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https://fasttext.cc/docs/en/language-identification.html

G G

Common Crawl Snhapshot
Common Crawl Snapshot
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Then, remove documents that have “un-natural”
language as measured by a Wikipedia N-Gram LM

Data, Data, and Data | CS 329X | Will Held 16



G G

Common Crawl Snhapshot
Common Crawl Snapshot

%ﬁﬂl ﬁ'vjl 0 m M Qo

Then, remove documents that have “un-natural”
language as measured by a Wikipedia N-Gram LM

Data, Data, and Data | CS 329X | Will Held 17



Questions?

Data, Data, and Data | CS 329X | Will Held 18



C4

CommonCrawl Filtered by
Human-Written Heuristics

Size
3x10" Tokens

Filtering

Given a CommonCrawl
snapshot, trains removes
documents & passages that fail
any of the following rules.

Raffel et al. 2019

We only retained lines that ended in a terminal punctuation mark (i.e. a period,
exclamation mark, question mark, or end quotation mark).

We discarded any page with fewer than 3 sentences and only retained lines that
contained at least 5 words.

We removed any page that contained any word on the “List of Dirty, Naughty, Obscene
or Otherwise Bad Words”.%

Many of the scraped pages contained warnings stating that Javascript should be
enabled so we removed any line with the word Javascript.

Some pages had placeholder “lorem ipsum” text; we removed any page where the
phrase “lorem ipsum”™ appeared.

Some pages inadvertently contained code. Since the curly bracket “{” appears in
many programming languages (such as Javascript, widely used on the web) but not in
natural text, we removed any pages that contained a curly bracket.

Since some of the scraped pages were sourced from Wikipedia and had citation markers
(e.g. [1], [citation needed], etc.), we removed any such markers.

Many pages had boilerplate policy notices, so we removed any lines containing the
strings “terms of use”, “privacy policy”, “cookie policy”, “uses cookies”, “use of
cookies”, or “use cookies”.

To deduplicate the data set, we discarded all but one of any three-sentence span
occurring more than once in the data set.

Open-Data Era: Rule Based Filtering

Data, Data, and Data | CS 329X | Will Held
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https://arxiv.org/abs/1910.10683

Mostly Low Quality

COMMON
CRAWL

GPT-3 Corpus

CommonCrawl Filtered by a
Classifier trained on the GPT-2
Corpus

Train Model

— To Distinguish

Size

11
4x10'" Tokens These Sources

URL Domain #Docs % of Total Docs
. . bbc.co.uk 116K 1.50%
F I I t e r I n theguardian.com 115K 1.50%
g washingtonpost.com 89K 1.20%
nytimes.com 88K 1.10%
. reuters.com 79K 1.10%
Given a CommonCrawl huffingtonpost.com 72K 0.96%
snapshot, keep only the “false cnn.com 70K 0.93%
y " £ cbc.ca 67K 0.89%
positives that are c;la.ssmed as e p— Sgic i
similar to GPT-2 training data. go.com 48K 0.63%

Mostly High Quality

Radford et al. 2019

Open(ish)-Data Era: Classifier Based Filtering

Data, Data, and Data | CS 329X | Will Held 20


https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
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Open(ish)-Data Era: Classifier Based Filtering
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Three Common Types of LLM Data Filtering

Perplexity Based
Filtering

Given curated “good” data, use
a lightweight language model
to remove OOD data.
Examples:

 Dolma CC (AllenAlI) (2024)

* LLama 1 Training Data (2022)

Rule Based
Filtering

Researchers define programmatic
rules of what “good” data looks
like!
Examples:

 RefinedWeb (2023)

* FineWeb (2024, Reading Today!)

Classifier Based
Filtering

Given an expensive heuristic for
“good” data, use a lightweight
classifier as a proxy to remove!
Examples:

* RedPajama (2023)

 FineWeb-Edu (2024)

* Nemotron-CC (2024)

* Llama 3 & 4 (2024 & 2025)

 DCLM (2024)

Data, Data, and Data | CS 329X | Will Held
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COMMON
CRAWL

There's clearly a lot more data in CC!
We can also clearly get some good data
from it!

C

Is that all we need for pretraining?

Data, Data, and Data | CS 329X | Will Held 23



Dataset Size

1TB -

10GB A

100MB -

1MB -

Dataset

Dolmino DCLM HQ

Dolma peS2o

FineMath 3+

Dolma Arxiv

Dolma StackExchange

StarCoder

Dolma Algebraic Stack

Dolma Open Web Math

Dolma Megawika

Dolma Wikipedia

Marin 2025

Code

(4775 GB) Government & Legal
r—

(1172 GB)

CAP -
USGPO -

UK Hansard - |

PEPs
Regulations.gov -

Stack V2
USPTO A

Kandpal et al. 2025

Source Type Tokens Words Bytes Docs
Pretraining ¢ OLMo 2 1124 Mix
DCLM-Baseline Web pages aall 3.32T 21327 2.95B
Dataset Sampling prop. Epochs Disk size Seeriiader
filtered version Code 83.0B 70.0B 459B 78.7TM
CommonCrawl 67.0% | 33TB from OLMoE Mix
Percentage C4 15.0% 1.06 783 GB peSEQ Dt 1 Academic papers 58.68B 51.1B 413B  38.8M
Github 4.5% 0.64 328 GB X“’m R _— i _ 5 \
i ; 1 20. 19. 2 -
s Wikipedia 4.5% 245  83CB SN, i/[  papers . 813 . 313 o . @ 95M
— AF¥ixr 259 1.06 92 GB Alfge.bralf: Stack' | Math proofs code 11.88B 10.8B 44.0B 2.83M
StackExchange 2.0% 1.03 78 GB Wikipedia &5 Wildbooles  preyalopedis 37B  3.16B  162B 6.17M
6.3% Total 3.90T 3.48T 22.38T 3.08B
Touvron et al. 2023
5.2% Soldaini et al. 2024
3.2%
[ J [ J
At a big company, many data engineers
[ J [} [} [}
are working on collecting & filtering new
[ J
datasets for particular use-cases!
Component Raw Size Weight Epochs Effective Size Mean Document Size
0.8% Pile-CC 227.12GiB  18.11% 1.0 227.12 GiB 433 KiB
PubMed Central 90.27 GiB  14.40% 2.0  180.55 GiB 30.55 KiB
R Books3' 100.96 GiB  12.07% 1.5 15144 GiB 538.36 KiB
0.7% I th t h m t f OpenWebText2 62.77 GiB  10.01% 2.0 12554 GiB 3.85 KiB
n e O p e n J e Sa e I S ru e O r ArXiv 56.21 GiB  8.96% 2.0 11242 GiB 46.61 KiB
. Github 95.16 GiB  7.59% 1.0 95.16 GiB 5.25 KiB
different labs and research groups! &
g p e Stack Exchange 3220GiB  5.13% 2.0 64.39 GiB 2.16 KiB
USPTO Backgrounds  22.90 GiB  3.65% 2.0 45.81 GiB 4.08 KiB
PubMed Abstracts 1926 GiB  3.07% 2.0 38.53 GiB 1.30 KiB
Gutenberg (PG-19)" 10.88 GiB  2.17% 2.5 27.19 GiB 398.73 KiB
_ OpenSubtitles’ 1298 GiB  1.55% 1.5 19.47 GiB 30.48 KiB
Wikis Web el _ Public Domain Wikipedia (en)" 6.38GiB  1.53% 3.0 19.13 GiB 1.11 KiB
« (528 GB) (260 GB) 376 GB Online Forums Books . ; ; . .
—_ = U105 (165 GB) (244 GB) other  feucational DM Mathematics' 775GiB  1.24% 2.0 15.49 GiB 8.00 KiB
i ' O {29 GB) (15 GB) Ubuntu IRC 552GiB  0.88% 2.0 11.03 GiB 545.48 KiB
BookCorpus2 6.30GiB  0.75% 1.3 9.45 GiB 369.87 KiB
EuroParl " 459GiB  0.73% 2.0 9.17 GiB 68.87 KiB
HackerNews 390GiB  0.62% 2.0 7.80 GiB 4.92 KiB
YoutubeSubtitles 3.73GiB  0.60% 2.0 747 GiB 22.55 KiB
é s O Y O OT VY 0OUO YOO O m®Yy o PhilPapers 238GiB  0.38% 2.0 476 GiB 73.37 KiB
5% O3 0 % g gg %E = Z883 E 5 <3%5 NIHExPorFer* 1.89GiB  0.30% 2.0 379 GiB 2.11 KiB
ZE OF S asgg £ E 3 @ D¢ 3 o @ = E Enron Emails 0.88GiB  0.14% 2.0 1.76 GiB 1.78 KiB
z X o Qo < c o O + 5
=& N £3 983 893 § £33 The Pile 825.18 GiB 1254.20 GiB 5.91 KiB
< g 3 = g_: > O © &
= B e 2 Gao et al. 2020
— B
-
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https://marin.readthedocs.io/en/latest/reports/marin-8b-retro/
https://arxiv.org/abs/2302.13971
https://arxiv.org/abs/2402.00159
https://arxiv.org/abs/2101.00027
https://arxiv.org/abs/2506.05209

At a big company, many data engineers
are working on collecting & filtering new
datasets for particular use-cases!

In the open, the same is true for
different labs and research groups!

Curation

Given all these datasets, how do
we actually sample data in
order to train our model?

Data, Data, and Data | CS 329X | Will Held
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Types of LLM Data Curation for Pretraining

Heuristic
Curation

We can sample data according
to our beliefs about it's relative

quality or based purely on high-

level metrics such as size.

Training
Dynamics

We can use the degree to which
our model is able to learn
different training domains to
inform curation!

Resource
Optimization

Given some definition of our
downstream goals, we can
curate our data to optimize this

definition of final model quality.

Data, Data, and Data | CS 329X | Will Held
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Types of LLM Data Curation for Pretraining

Heuristic
Curation

We can sample data according
to our beliefs about it's relative

quality or based purely on high-

level metrics such as size.

Training Resource
Dynamics Optimization

We can use the degree to which Given some definition of our

our model is able to learn downstream goals, we can curate
different training domains to our data to optimize this

inform curation!
 DoReMi (2023)

definition of final model quality.
* Perplexity Correlations (2025)

* Online Data Mixing (2024) « UtiliMax (2025)

» Aioli (2025)

 Scaling Laws for Optimal Data
Mixtures (2025)

Lots of research here!

Data, Data, and Data | CS 329X | Will Held
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https://arxiv.org/abs/2305.10429
https://arxiv.org/abs/2312.02406
https://arxiv.org/abs/2411.05735
https://arxiv.org/abs/2409.05816
https://arxiv.org/abs/2501.11747
https://arxiv.org/abs/2507.09404
https://arxiv.org/abs/2507.09404

Types of LLM Data Curation for Pretraining

Heuristic Training Resource
Curation Dynamics Optimization

We can sample data according We can use the degree to which Given some definition of our

to our beliefs about it's relative our model is able to learn downstream goals, we can
quality or based purely on high- different training domains to curate our data to optimize this
level metrics such as size. inform curation! definition of final model quality.

* Proportional Sampling
« Uniform Sampling
 UniMax (2023)

Most open models
are herel

Data, Data, and Data | CS 329X | Will Held 28


https://arxiv.org/abs/2304.09151

Questions?

Data, Data, and Data | CS 329X | Will Held 29



Instruction Tuning

Templated Training Data Ultra-Curated Web Data Synthetic Data From Industry Models
Super-Natural Instructions LIMA [Reading for Today] Alpaca
» 1.6K+ tasks * Hand Curated Small set of 1000 » Dataset of 52K examples from text-
» Tasks contributed by community (via examples from high quality web data. davinci-003 using self-instruct
GitHub) * Performance surprisingly close to
frontier models at the time! Nvidia Nemotron post-training data
Flan * Prompts: public datasets (e.q.,
» 1.8K+ tasks MAMmMoTH2 WildChat) or synthetically-generated,
» Scraped by Google * Curated WeblInstruct, 10M instructions then filtered
from Common Crawl * Generated synthetic responses from
* Filter: train fastText classifier on quiz Llama, Mixtral, DeepSeek r1, Qwen
sites

 Extract: use GPT-4 and Mixtral to
extract QA pairs

Data, Data, and Data | CS 329X | Will Held 30


https://aclanthology.org/2022.emnlp-main.340/
https://github.com/google-research/FLAN
https://arxiv.org/abs/2305.11206
https://tiger-ai-lab.github.io/MAmmoTH2/
https://crfm.stanford.edu/2023/03/13/alpaca.html
https://huggingface.co/datasets/nvidia/Llama-Nemotron-Post-Training-Dataset

Discussion time!



People Create The Data

-+ 90% Confidence Interval
108 Estimated Available Data
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Human Challenges in
LLM Data

Ownership Bias & Utility to All

Representations
Data does not fall from the sky! Not all data is created equal! Only some good data is “useful™!
Who owns data and how much When we distinguish “good” When we prioritize data from
control do they have over the data from “bad” data, who certain distributions, who is
use of their data in LLMs? benefits and who could be likely to benefit most?
harmed?

Data, Data, and Data | CS 329X | Will Held 33



Ownership

As Language Models become more
widely used, what rights do we have
as the sources of data they were
trained on?

Data, Data, and Data | CS 329X | Will Held 34



Data Ownership - Copyright is King!

Copyright protection applies to 'original works of authorship fixed in any tangible medium of
expression, now known or later developed, from which they can be perceived, reproduced, or otherwise
communicated, either directly or with the aid of a machine or device'

» Copyright applies to specific works, not to the ideas underlying those works!
» Copyright applies retroactively once registered.
» Since copyright applies only to the specific instance of work, the threshold is relatively low.

Most of the internet is either explicitly (due to website terms of service) or implicitly copyrighted!
This means if you want to train a LLM you only have two routes

* Pay the rights holders money for a license!

* Argue that you don’t need to pay them due to fair use

I am not a lawyer, but some real smart lawyers are looking at this:
https://simons.berkeley.edu/news/large-language-models-meet-copyright-law

Data, Data, and Data | CS 329X | Will Held 35


https://simons.berkeley.edu/news/large-language-models-meet-copyright-law

Copyright is not the only data ownership mechanism

Robots.txt is a file websites can host at their root that defines their rules for how web-scrapers should
access them.

Before LLMs, the vast majority of websites had relatively permissive scraping rules so that they could be
indexed by search engines!

NonhUg]ore and more websites are disabling crawlers to prevent their data from being used for AL
90%

80% g SN =
70% - . B
60% - -
50% - D G-Ext. =L
il d GPTBof
40%
30%- GPT-4
20% . ¢ ChatGPT) |
109 - - | Forecast
U% | | | | i I T I (T s ]
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Robots.txt Restrictions

@ Full restrictions ® Pattern-based restrictions @ Disallow private directories Other restrictions Crawl delay specified © Sitemap provided
@ No restrictions or sitemap No Robots.txt

Longpre et al. 2024

Data, Data, and Data | CS 329X | Will Held


https://arxiv.org/abs/2407.14933

Copyright is not the only data ownership mechanism

Even for data which is determined to be fair use, a website may have terms of service which make
crawling the website illegal (since you add additional load to their servers or other concerns)

For example, YouTube's terms of service prohibits downloading videos, even if the videos are licensed
under Creative Commons. ToS is often not enforced, but is commercially restrictive!

100%
90%
80% -
70% -
60% -
50% -
40% -
30%-
20%-
10% -

0% -

® GDPR Ad.)

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
ToS Restrictions
® No Crawling & Al @ No Crawling @ No Al @ Non-Commercial Use Non-Compete No Re-Distribution

Conditional Use ~ @ Unrestricted Use No Terms Pages

Longpre et al. 2024
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https://arxiv.org/abs/2407.14933

BERT

English Wikipedia + BooksCorpus

Size
3x10° Tokens

Devlin et al. 2018

Collection Filtering

Both BooksCorpus and Inherently, we assume books
Wikipedia are released as single and Wikipedia to be of “high-

website dumps with clean text!  quality” so no filtering is done.

Data in Early LLMs

Curation

Uniform sampling across all
documents from the corpus to
capture the natural distribution.

Data, Data, and Data | CS 329X | Will Held
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https://arxiv.org/abs/1810.04805

BERT

English Wikipedia + BooksCorpus

Size
3x10° T

Devlin et al. 2018

Collection Filtering

Both BooksCorpus and Inherently, we assume books
Wikipedia are released as single and Wikipedia to be of “high-

website dumps with clean text!  quality” so no filtering is done.

Data in Early LLMs

Curation

Uniform sampling across all
documents from the corpus to
capture the natural distribution.

The training data
for BERT was in

violation of
Smashwords terms
of service, but not

copyright!

Data, Data, and Data | CS 329X | Will Held

39


https://arxiv.org/abs/1810.04805

How far can we get with truly open data?

The Creative Commons license enables free distribution of copyrighted work. In theory, anyone is free
to utilize these sources to train models (in addition to anything else)

Examples: Wikipedia, Open Courseware, Khan Academy

Code
(4775 GB) Government & Legal _ '
—— (1172 GB} Wikis Web A%aadEeTslc Public Domain

O 1B - : » (528 GB) (268 GB) 376 cB)  Online Forums Books ettt
N — e . (165 GB) (244 GB) Other ducationa
e . ' 3 T . Resources
N 2268 (15 GB)
— [ '
O 10GB A
7y
(O
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1Y)
O 100MB - 1

1MB -
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Kandpal et al. 2025
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https://arxiv.org/abs/2506.05209

How far can we get with truly open data?

The CommonPile focuses on collecting as much data as possible that is released under this permissive

license!

The resulting model trained on this data is ~3 years behind the “open-weights” state-of-the-art.

Performance
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1 Comma vO.1-1T
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e
# “ 4
q
* / ::
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/ # P
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ARC-C ARC-E MMLU Bool@ HSwag OBQA CSGA PIGA SIGA HumEval MBPP
Knowledge/Reasoning Coding

Kandpal et al. 2025
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https://arxiv.org/abs/2506.05209

Bias & Representation

As Language Models become more
widely used, whose perspectives do
Language Models represent?



Before filtering, bias exists from available web data

Unlabeled Data Production
Global Internet Users Per Country

Held et al. 2024

Data, Data, and Data | CS 329X | Will Held 43


https://arxiv.org/abs/2311.08391

Before filtering, bias exists from available annotated data

Annotation
Language Resource Papers Per Country

Held et al. 2024

Data, Data, and Data | CS 329X | Will Held 44


https://arxiv.org/abs/2311.08391

Bias & Risks: A Case Study on Quality Filters

Mostly Low Qualit
’ ? ’ 6)‘?9 Keep Only Documents
o. &,
C o M M o N S 4, which are “misclassified”
\s:s\/. O/-»
— > };' %

as high-quality

C

CRAWL ;
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Bias & Risks: A Case Study on Quality Filters

SnoSites.com
High School News WordPress
Template used by 2483 Schools

across the United States 63290 What are the human attributes
: %&&.}c 6, —— reflected in data
910K Articles B ,,% % | o
1410 schools v labeled as high-quality

1329 ZIP codes
All 50 States & Washington D.C.

Gururangan et al. 2022
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https://arxiv.org/pdf/2201.10474

Topical Bias in Quality Classification

Top Source Domains

URL Domain #Docs % of Total Docs
bbc.co.uk 116K 1.50%
theguardian.com 115K 1.50%
washingtonpost.com 89K 1.20%
nytimes.com 88K 1.10%
reuters.com 79K 1.10%
huffingtonpost.com 72K 0.96%
cnn.com 70K 0.93%
cbc.ca 67K 0.89%
dailymail.co.uk 58K 0.77%
go.com 48K 0.63%

Topical Biases

announcements .—_MQO ¢ %
campus-life I‘H

@)
o
q»
),
@
=
<T
0.0 0.2 0.4 0.6 0.8 Ll
Gururangan et al. 2022 p(high quality)
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Socioeconomic Bias in Quality Classification

Dependent variable: P (high quality)
Observations: 968 schools

Feature Coefficient
Intercept 0.076

% Rural —0.069™""
% Adults > Bachelor Deg. 0.059**
logo(Median Home Value) 0.010"
loga(Number of students) 0.006™
loga(Student: Teacher ratio)  —0.007

Is Public 0.015*
Is Magnet 0.013

Is Charter 0.033
R? 0.140
adj. R? 0.133

Gururangan et al. 2022
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Length Bias in Quality Classification

O
o)

o
~

O
o))

median quality
of BooksCorpus

<
IS

P(high quality)
-
LN

o
w

O
N

=
=

nonfiction fiction poetry drama
Pulitzer Prize Category

Gururangan et al. 2022
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What does this definition of “quality” end up capturing?

@ High Factuality News
1.4 | w== Low Factuality News

0.0 0.2 0.4 0.6 0.8 1.0
P(high quality)

Gururangan et al. 2022
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Utility to All

As people invest more in LLM data, do
these investments map uniformly to
what people want LLMs to be good at?
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How is utility measured at big companies?

Category Benchmark
MMLU (5-shot)
sy MMVLU (o-shot, coT)
I\'HWLU-PI'G (5-shot, CoT)
[FEval
Code HumanEwval (o-shot)
MBPP EvalPlus (o-shot)
GSMBK (s-shot, coT)
Al MATH {5-c0, 605
Reusoning ARC Challenge (o-shot)
GPQA (0-shot, CoT)
BFCL
Tool use
Nexus
ZeroSCROLLS/QuALITY
Long context InfiniteBench/En.MC
NIH /Multi-needle
Multilingual MGSM (0-shot, coT)

Agentic coding
SWE-bench Verified

Agentic terminal
coding
Terminal-Bench

Agentic tool use
r2-hbench

Computer use
SWorld

High school math
competition

AIME 2025

Graduate-level
reasoning

CGPOA Diamond

Multilingual Q&A
MMMLU

Visual reasoning
MMMLU (vahdation)

Financial analysis
Finance Agent

Claude
Sonnet 4.5

77.2%
82.0%

with parallel test-time
compite

50.0%

etail

86.2%

Adrline
70.0%

Telacom

98.0%

61.4%

100%

{python)

87.0%

(o tonlks)

83.4%

89.1%

77.8%

55.3%

Claude
Opus 4.1

74.5%
79.4%

with parallel test-time
Compute

46.5%

Retail

86.8%

Adrline
63.0%
Tilecom

71.5%

44.4%

78.0%

81.0%

89.5%

77.1%

50.9%

Claude

Sonnet 4

72.7%
80.2%

with parallel test-time

compurte

36.4%

Retail
83.8%

Alfrline

63.0%

70.5%

76.1%

86.5%

74.4%

44.5%
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GPT-5

72.8%

GFT-5
74.5%

GPT-5-Codex

43.8%

Eetail

81.1%
Adriine
62.6%

Telecom

96.7%

99.6%

{pyvthon)

94.6%

(mo ponks)

85.7%

89.4%

84.2%

46.9%

Gemini
25Pro

67.2%

25.3%

88.0%

86.4%

82.0%

29.4%

52



What would be useful to those not already using LLMs?

Task

Technology Navigation

Obtain and Understand Information
Calculation Tasks

Writing & Reading

Learning New Skills

Cooperating, Coordinating, & Negotiating
Communication Tasks

Physical Tasks

Caring for Others

Creative Tasks

Given Examples

uploading tax documents, scheduling online appointments
understanding information related to health or politics
budgeting, measurement conversions

writing emails, reading documents

recipes, languages, hobbies

shared expenses, planning a family trip

giving instructions, explaining something

cleaning, cooking, yard work

emotional support, caring for children, sick person, pet
designing, imagining, crafting

1 Non-Adopter * : p-value < 0.05

1 Adopter Im portance ** : p-value < 0.01

*¥x . p-value < 0.001

18.4%

15.9% 16.0%

12.8%
12.0%

Physical*** Caring for ** Creative** Technology*** Writing and*
Tasks Others Tasks Navigation Reading
Valued more by non-adopters Valued more by adopters
Zhou 2025
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How well aligned are investments into research with these goals?

Worker-rated Automation Desire

&
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N

R&D Opportunity Zone ' Automation “Green Light” Zone
1
l Tax Preparers: 1
! Quality Control
Computer \ = E.S_;%“e:g::' Sﬁstetg] Mangers!
Scientists: : Fv?ith clients. Check regularly
Approve, | g Mechanical ~ reported quality
Technical pﬁa? rr}mltnr_ i Engineers:. ® -' ;:nnt:d data.
: : d adajus |
Wiiers:  Speraiional o4 ¢ fove o Industry Investment
distribution °Ud9€tS- | i on o i AT Task
Video Game of material. : ° * 0o In dSKS
gﬁl%efﬁfi L e @ © ®, 0 o0 e -|ee © 00 0
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Art Directors: e
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féurerr; ® ® .:‘IGu'n.pute: e e meeting agendas in AI TaSkS
monitors. - ' Network .. )
Ticket Agents: . Support Logistics Analysts:
Trace lost, delayed, . Specialists: ~ Contact potential
or midirected ' Research vendors to :
baggages for ' hardware or determine material
customers. . software availability.
. products.
. . i - -
Low Priority Zone . Automation “Red Light” Zone
1 2 3 a 5

Al Expert-rated Automation Capability

Shao et al. 2025
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https://arxiv.org/abs/2506.06576

Questions?
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