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Model Lab Playgroun Parameterl] Tokens Ratio Tokens:Params Alscore ML MML GPQA HLE Training Announce Public? Paper Arch Tags
R (Chinchilla scaling= "ALScore
d s trained 20:1) " s 2 U U dataset d / Repo
(B) quick and -Pro \ 4
dirty
Step 3 StepFun https://wwws! 321 57 80l 72.9 web-scale Jul/2025 @)  hupsi//ei MoE
Qwen3_23SB_A228_ Allbaba https://hugein 235 AC A A7 A3 o 04 A 04 4 | e L L | Lel/anarc % htt|95!fth MOE Reasoning
KAT-V1-200B Kuaishou 200 https://ar MoOE Reasoning
KAT-V1-40B Kuaishou https://huggin 40 = — —_ https://ar Dense Reasoning
Qwen3-Coder-480B JN1 A1 https://huggin 480 LLM®D EIJ ||%$ 1 TE ;I D ﬂ HT :F A l\ https://av MoE
Qwen3-235B-A22B-JAllsE]E! https://huggin 235 ~ ~ ==| jJ https://ht MoE SOTA
FlexOlmo https://huggin 37 0) é b 73\ %) iEI I:I https://ar MoE
EXAONE 4.0 https://huggin 32 < ) ap g 9 el httos://un Dense Reasoning
= = = = https://w v
Kimi K2 Moonshot Al https://huggin 1000 B B I | | I O n 1 O 1 O e https://m MoE Reasoning, SOTA

Reka Al https://huggin 21 https://w Dense Reasoning

Reka Flash 3.1

Devstral Medium  \Hig] https://chat.m| 50 o o B rarzoz—" @)  htips://m Dense

Grok 4 XAl https://srokco 5000 16 66.7 88.9 144 . vec o= Jul/2025 @) hitps /i MOE | reasoning soma
Phi-4-mini-flash-reasMicrosoft https://huggin 3.8 1356 0.5 e, nabem Jul/2025 % https://az Dense
T5Gemma https://huggin 9 1112 1.0 76.7 55.7 40.4 web-scale Jul/2025 @)  htws://de Dense
MedGemma https://huggin 27 519 2.0 87 web-scale Jul/2025 % https://arx Dense

R1T2 Chimera TNG https://huggin 685 22 10.6 synthetic, weh-scale JUUZOZS % https://ar MoE

Spectra 1.1 Consortium 3.6 334 0.2 36.1 synthetic, web-scale Jun/2025 @)  nttos//ar Dense
DiffuCoder Apple https://github. 7 805 0.7 code, The Stack Jun/2025 @)  nhiws//ar Dense Diffusion
Hunyuan-A13B Tencent https://huggin 80 88 25 882 67.2 71.2 synthetic, web-scale Jun/2025 % https://h MOE

Mercury Inception https://chat.ing 90 a9 2.8 69 51 3.4 synthetic, web-scale Jun/2025 @) httos://w Dense Diffusion
Mu https://blogs.a 0.5 1000 0.1 synthetic, web-scale JUH/ZOZS @ https://bl Dense
GeminiORbhdtics On Lol WA htos://docs.ac 20 RE 5/ \F580 55 A ENID) synthetic, web-scale Jun/2025 @)  hitosy/de MoEL

ICONN-1 ICONNAI https://huggin 88 114 3.1 synthetic, web-scale Jun/2025 @) MoE
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https://huggingface.co/datasets/HuggingFaceFW/fineweb

“15 trillion tokens of the finest data the ) web
has to offer”

The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale
Guilherme Penedo, Hynek Kydli¢ek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin Raffel, Leandro Von Werra, Thomas Wolf
NeurlPS 2024 Track Datasets and Benchmarks Spotlight
https://arxiv.org/abs/2406.17557

FineWeb2: One Pipeline to Scale Them All -- Adapting Pre-Training Data Processing to Every Language
Penedo, Guilherme, Hynek Kydli¢ek, Vinko Sabol¢ec, Bettina Messmer, Negar Foroutan, Amir Hossein Kargaran, Colin Raffel, Martin Jaggi,
Leandro Von Werra, and Thomas Wolf. 2025.
arXiv [Cs.CL]. arXiv. http://arxiv.org/abs/2506.20920.
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Common Crawl https://commoncrawl.org/
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https://commoncrawl.org/

The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale
Guilherme Penedo, Hynek Kydlicek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin Raffel, Leandro Von Werra, Thomas Wolf
NeurlPS 2024 Track Datasets and Benchmarks Spotlight

FineWeb

“The performance of a large language model (LLM) depends
heavily on the quality and size of its pretraining dataset.”

REREZET /L (LLM) DIMEEEIL. €DFEFFET—xt v
FDEBEEEH A AFMET S,
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Web _—< = 7
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<I-=Last Published: Fri Jul 25 2025 15:59:28 GMT+0000 (Coordinated Universal Time) --><html data-wf-domain="commoncrawl.org” data-wf-

<style>
* {

-webkit-font-smoothing: antialiased;
-moz-osx-fent-smoothing: grayscale;

/% Invert the scrollbar colors */
*webklt scrotlba {
width: X X

) backgruund color: white; /+ Lighter shade */

/% Invert the scrollbar thumb colors */
*-webkit-scrollbar-thumb
background-color: #nﬂdeb /% Slightly darker shade */
border-radius: 6px;

/% Invert the scrollbar thumb colors on hover */
+:-webkit-scrol bar-thumb:hover
background-color: #e2e8f0; /* Slightly lighter shade on hover %/

/% Invert the scrol lbar thumb colors when active (being clicked/dragged) */
+i-webkit-scrol [bar-thumb:act ive
) background-color: #c3c9d1; / Lighter shade when active */

</style>
<lmk rel- help” href= "http ://index. conmoncrawl. org/cchot. json”>
<script type="application/[d+json™>

"@context”: "http://schema.org/",
"@type”: FA[lPag s
mangEnt\t [

"@type”: "Question”
Tname”: "What is Comnon Craul?”,
acceptedAnswgr {

type”: "Answer”

"text”: "Common Crawl is a 501(c)(3) non-profit organization dedicated to providing a copy of the Internet to Internet researchers, ¢

b
{
@tyne "Question”, .
name”: "What can you do with Common Crawl data?”,
acceotedAnswer
Jetype’t “Answer”, : : )
"text™: "The nusswbllmes are endless. People have used the data to improve language translation software, predict trends, track dis
b
{

"@typg": "Question”, ;
name”: "Can’ t Goo%le or Microsoft just do what Common Crawl does?”,
accep:edAnswg;g

nswer

pe
"text™: "0ur goal is to democratize the data so that everyone, not just big companies, can do high-quality research and analysis.”

"@typg": "Question” .
name”: "Under what terms is Common Crawl data released?”,
atceptedAnswer {
“otype”: “Answer”,
text”: "As strong believers in Open Data, we apply as few restrictions as possible to the dataset.
The terms we_add (primarily in an effort to prevent abusive or illegal usage) are escribed on our Terms of Use page.

H
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What is Common Crawl?
Common Crawl is a
501(c)(3) non-profit
organization dedicated to
providing a copy of the
Internet to Internet
researchers, companies
and individuals at no cost
for the purpose of research
and analysis.
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NeurlPS 2024 Track Datasets and Benchmarks Spotlight
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The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale
Guilherme Penedo, Hynek Kydlicek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin Raffel, Leandro Von Werra, Thomas Wolf
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Figure 1: Trafilatura-extracted WARC vs WET
28B tokens ablation study. Custom text extraction
outperforms the default WET data. No filtering or

deduplication was applied except fastText English
language filtering.
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Figure 5: Individual minhash deduplication study.
Unlike Global minhash, deduplicating individually
improves the average score.
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Figure 9: Each processing step in FineWeb pro-
vides a performance uplift. Compared to the base
filtering (Section 3.3), applying individual-crawl Min-
Hash deduplication (Section 3.4) the C4 filters (Sec-
tion 3.5), and our additional heuristic filters (Sec-
tion 3.6) each improve performance.
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The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale
Guilherme Penedo, Hynek Kydlicek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin Raffel, Leandro Von Werra, Thomas Wolf
NeurlPS 2024 Track Datasets and Benchmarks Spotlight

S LI AREEE  FineWeb-Edu

« 15 b —2 v aA—nRZh 5 [H
BHME (educational value) | 250
DEWXELITZED T 13 b= g
DY 7 O—/RXAAFER §:j

. FIE oL

0 . 60 120 180 240 300 360

¢ E%ﬁ @ |— I— l\/l ( L | a m a B 3 B 7 O B - —— FineWeb-Edu {Dutsr?mmg mke{rj.‘im“mm] —— SlimPajama
Instruct) #fE->T, Y7L LT " bame1  Damats  — Tepie
\\/\O — = \ —— FineWeb (Ours) — CC-100 —— Oscar
160,000V = 7 > D [ BRI
'f I_.J 7& 0~hH X /7— — )L C E Ej] qu'f ﬂﬂ Figure 10: Comparing FineWeb datasets to other
public datasets. Base FineWeb shows strong perfor-

% D) %:t% % IE%’—“F 7L\_ t J% 7Lck [_/ T $§ 7LGL E mance, with the educational suﬁset (FineWeb—Edu)

Ej] N % ”%{% surpassing all other public datasets and further en-
JJ AR . .
hancing the aggregate score by approximately 2%.
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The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale
Guilherme Penedo, Hynek Kydlicek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin Raffel, Leandro Von Werra, Thomas Wolf
NeurlPS 2024 Track Datasets and Benchmarks Spotlight
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« TCERETREZRAZISEWERIDENRT 2B

(1l

Hi## Instruction:
V>8R] ICBET A XEDLS. T—LDRFTHERKT T 7y b 7+x—LEHEL TSN,

TV>oo8&E] (U2 olX5 A, T=78: Zelda ll: The Adventure of Link) (&, fERE & VY 1987F1B14H ICHFEINT=T7 7
SY—aAVEa2a— R TARIVRTLAT I aryA—ILT LAV T —Lhy RNy Td—B850%4 MLBEETIE [THE

LEGEND OF ZELDA2 VY > 7 D EB&] ¢RI N, TLECMTIL [T X DER/S— 2 U7 D0ERR] &L TWa,

H## Response:
[ D8] OFFTERIF1987F1B14H T, w7/ 7 v b 74—LlE7 73— a2 —K TA RISV AT LTI,
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1. Instruction Tuning

=127 E (Post Training)

H#it# Instruction:
TLERBEVARTLEZEATERICERBTI NI RS~
MZDODWTEHZ TLIEE L,

H### Response:
TLEREV AT LDEAIZIZWS DOEERRA ~
fAH Y EFT, UTFICZEOELRBEBHZZEIT TCHAET,
1. ¥*Z—XDnH** £9. ECHEBIBEL T2
Heaex BEEICIBIET 2 2 ENEETY, ACEE
DHEE, SMEOIUMREICL > TRER S X T LA
B bhnTT,
2, XL E X ...

Pre-training Mid-training Post-training>

= E

=

< 20T tokens < 300B tokens < 10B tokens

LLM-jp-3.1 €T LD
e ANEIA [EXF LWHA] 2B RTABZIEICTET VA F a2 —=v 7

2. Learning from Human Feedback (LHF)

H#it# Instruction:
R ENTERRT DT A,
BoTtwxd, | |

o —EEBERY L

H### Response:

MmzZTHuunnrd,

A—ALHA—FFELZEBVET, [—H#IC
L WERIE—&ETNGW] &AL 270D

i
Z

T L7
& %A

Ce

H### Response:
A —=ILIZL7z1Z 2 Ay
D ED T AL

B, heEE<DTIHN?
BSEBEBHLHLDTITH?.
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A= VIR ERETILDOERE
e A—TVREEBTTIICH, WAWALRREENH

e ETFIILBEEAEY T yO—RECHIEICE 72T — & IZ A%émfu
R WIS E KR

(B&) HETIVF—FTVHEETILOMRE : OLMo (Allen Institute for Al) https://allenai.org/olmo
“We believe it is essential for the research community to have access to powerful, truly open LMs.”

OLMo 2 32B (2025.5.1) : the first fully-open model to outperform GPT3.5-Turbo and GPT-40 mini on a suite of
popular, multi-skill academic benchmarks.

> Full training data used for these models, including code that produces the training data.

> Full model weights, training code, training logs, training metrics, and inference code.

> 500+ checkpoints per base model, from every 1000 steps during the training process.

» Adapted versions of the 7 billion parameter model, and an intermediate checkpoint before preference-tuning.

> Evaluation code.

> Fine-tuning code and adapted models.

> All code, weights, and intermediate checkpoints are released under the Apache 2.0 License.
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KARBEEBEET /LD [[HEE]  (Idiosyncrasies)

Mingjie Sun, Yida Yin, Zhiqgiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language
Models.” ICML 2025 https://arxiv.org/abs/2502.12150

T FRAIDOLLMZFETESH?

« ChatGPT, Claude, Grok, Gemini, and DeepSeek® 5 D D5
TIIFEE 97.1 THERIEE


https://arxiv.org/abs/2502.12150

LI

Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu:

ICML 2025

https://arxiv.org/abs/2502.12150

ER T XM ZED LMD R E

R

Prompt: Now everyone in a room is silent and working on their own thing, and you need to break the silence with a three-sentence joke. What would you say?

ChatGPT

Claude

§

§

§

4__L

§

DeepSeek

Why don't scientists trust
atoms? Because they make
up everything! And speaking
of making things up, | told my
computer | needed a break,
and it said, "No problem, I'll
go on a byte-sized vacationl”

Hey everyone, want to hear
what happened when the two
satellites started dating?
They had a great first date,
but things fell apart after
that .. Turns out they had too
much space between theml

Hey, did you know | just got a
new job at the calendar
factory? The hours are great,
but the days are really hard
to get off. And the worst part?
Every time | try to take a
break, | get a month behindl

A snail went to buy a car. The
salesman told him, "We have
a great deal on this one, but it
doesn't come with a shell "
The snail looked surprised
and asked, "Well, how am |
supposed to drive it?"

Why did the scarecrow win
an award?

Because he was outstanding
in his field!

...Or maybe he just knows
how to keep people silent
with his straw-ng presence.

Figure 1. Our framework for studying idiosyncrasies in Large Language Models (LLMs). We show that each LLM is unique in
its expression. In the example shown here on ChatGPT, Claude, Grok, Gemini, and DeepSeek, a neural network classifier is able to
distinguish them with a near-perfect 97.1% accuracy.
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https://arxiv.org/abs/2502.12150

Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language Models.”
ICML 2025 https://arxiv.org/abs/2502.12150

s )1 e

4 )
SO 1k — AHAHBL2
7> TH50% AP
ooy | PIEREE , o a— & 9T%DIE
— =" s _ A=A 23
E ?‘5_ %_____9__ ,._E- ____‘:\,.a-“"' fﬁ_,-'ﬁ ﬁq:—l— /
== C —O -
S 50t A
e _A” chat
3 e A-—XT ~O— instruct
8 25 A ——A-—A&
© ~A~- base
0 | 1 | | | 1 1 | ] |
1 2 4 8 16 32 64 128 256 512 _
input sequence length for the classifier ANTHEFRAPDRS

Figure 2. Ablations on input length of text embedding models.
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Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language Models.”
ICML 2025 https://arxiv.org/abs/2502.12150

ER T TNA T &7
DEIEAE T > XL ANEZ - L1-18E D

(EIEA AN )

chat 1nstruct base 2 TH MR H
original 97.1 96.3 87.3 + 1) &H A0
removing special characters  95.1 93.8 154

[ shuffling words 88.9 88.9 68.3 ) = B D) 45 A
shuffling letters 39.1 38.6 38.9 =

/

Table 8. Classifications with only words and letters. While re-
moving special characters and shuffling words have little impact
on accuracies, shuffling letters greatly reduces the performance.
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Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language Models.”
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here

according to \

according

the text
while
PaEed oan Our products feature innovative . Kai Fusser
here’s a Sunlmar?' sustainable materials, =uch a5 believes that traditional cardio ...
appears 1o Cerianivl If you're looking for cheese provided, are
\ when j alternatives to replace Brie in your ... | the key details about Armon Binns' ..
Cwverall while there are challenges, many winter sports in the
GPT-4o T _ e
Tanzania is making progress ... Pyrenees are similar to those found
~urel Here's a simple guide to cooking | This be a fragment of
a juicy salmon fillet: __. poetry that creates a pastoral __.
ChatGPT
Grok Gemini DeepSeek
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Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language Models.”
ICML 2025 https://arxiv.org/abs/2502.12150

ESl A S G A W

OE®REZZBRWL S ENEZE L1555 DML
/E WX T Dé)\
chat instruct base MRe £ V) &
original 07.8 06.3 87.3 B 738 WY
paraphrasing 914 92.2 71.7
[ translating 901.8 927  74.0 J aﬁ NAHE 5/

summarizing  58.1 57.5 447
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Mingjie Sun, Yida Yin, Zhiqiu Xu, J Zico Kolter, Zhuang Liu: “ldiosyncrasies in Large Language Models.”
ICML 2025 https://arxiv.org/abs/2502.12150

1 )2 CatGPTIC S X THREZ arBAS B 5

1. Descriptive and Detailed Tone: Often uses namrative styles with an 1. Concize and Straightforward Tone: Generally adopts a more direct,
informative, engaging, or vivid fone. factual, or succinct tone.
2. Specific and Technical Word: Employs descriptive and technical 2. Functional and Clear Word Choices: Prefers simple or aclion-oriented
vocabulary, enhancing depth and specificity. language prioritizing clanty and practicality.
3. Structured and Contextual Opening Lines: Typically begins with 3. Immediate and Direct Opening Lines: Often staris with a
context-zetting or narrative introductions. straightforward statement or summary without extended context.
4. Markdown Formatting for Organization: Utilizes various markdown 4. Minimal Markdown or List Use: Relies on plain listz or simple
elements like headings, lists, and bold text for clarity. formatting for quick reference.
2. Comprehensive and In-Depth Content: Offers rich detail, focusing on 2. Focused and Summarized Content: Concenftrales on essential points
explanations, background, and broader topics. and specific phenomena, avoiding extensive detail.
Figure 9. Results of our open-ended language analysis on and . features descriptive language, sophisticated
markdown formatting, and in-depth details, while highlights straightforward tone, minimal structure, and summarized content.
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c HAADSLETILDORXRE (FDLS5ET—KTIEIN-DH)
HNHERI T 5 7?

e LLMICE >~ TBEERINT-TFX b ZE ABIIHENTETSD
7

People who frequently use ChatGPT for writing tasks are accurate and
|~ METRIC & NONEXPERTS & EXPERTS robust detectors of Al-generated text (Russell et al., ACL 2025)
Ave. TPR 56.7 Qﬁ?\ / R i} e
: 7 - H =
Avg. FPR 51.7 7 HIALLMZE D NIBES
Avg. Confidence 4.03 4.39 —aps
(iR TE B

Table 1: On average, nonexperts perform similar to
random chance at detecting Al-generated text, while
experts are highly accurate.
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'In Alaska, a pilot drops turkeys

to rural homes for Thanksgiving

A half-dozen villagers in Napakiak. on the
Euskokwim Biver’s west bank. gathered near a
gravel airstrip last Thursday to watch a small plane
circle overhead. .. This crowd was waiting for a
seasoned pilot who had a tradition: dropping
Thanksgiving turkeys to homes scattered across
miles of tundra and frozen waterways.

The pilot, 47-year-cld Alaskan flyer Erik Fosnes,
has been doing this for nearly a decade, working
with volunteers from a regicnal nonprofit called
Deelta North Cutreach. “We tried shipping turkeys
one year by cargo, but half never made it in time ™
said Fosnes, unning a hand through the frost on his
jacket sleeve after landmg “So I said, “What if [
just fly them in myself?"™ He shrugged as if that
were the mest ordinary idea, then laughed. “Folks
around here have gotten used to it.”

I
L3R TE AHDH

ml

Annotator #4

&\ content writer,
equently uses ChatGPT
Annotator's Decision
& Al-generated

T Comnes

[Least Confident) Mozt Confidant)

Explanation '

... Lotz of the gquotes felf realistic, buf
many of the quotes did nof need a
narration alongside if such as with “He_
shrugged as if that were the most

ordingry ideq, then lqughed.” ... could
 have been shortened to get mare facts in

about what people in Alaska face and
why they face such limifed

transportation from the rest of the

Looks human-written I,

Looks Al-generated

2025/8/4

waorld. Also, it gof sentimenfal and
corny at fimes foo.

i
2
il
iﬂ

) -

RSN T F A b
?

People who frequently use ChatGPT for writing tasks
are accurate and robust detectors of Al-generated text
(Russell et al., ACL 2025)

[ METRIC o NONEXPERTS ¢ EXPERTS
Ave. TPR 56.7 @
Avg. FPR 51.7 1.0
Avg. Confidence 4.03 4.39
Table 1: On average, nonexperts perform sj

random chance at detecting Al-generated
experts are highly accurate.
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N =
\ /L /\ - Adjecti Adverb Control
— I——I jectives verbs ontrols
- commendable | meticulously consider
S _:I:- /1 7[— 3/ -':—-E innovative reportedly conclusion
-1 )j)() X /ff d\ 1 ~ meticulous lucidly furthermore
—1 A == : : .
intricate innovatively relative
notable aptly technical
versatile methodically blue
A o2 k noteworthy excellently red
10 « Chatgpt invaluable compellingly yellow
0.003 Delves pivotal impressively before
§ paadl potent undoubtedly after
o™~ -
2 Delves L:’;' 0.002 4 Tresh- schola.rly earlier
< _ @ ingenious strategically later
N « Steatotic o ] ] ] )
N Underscores 2 0.0014 Gray, Andrew. 2024. “ChatGPT ‘Contamination’: Estimating the
3 * .* -Delved ’ L : : ” .
8 ] . B e eeing Prevalence of LLMs in the Scholarly Literature.” arXiv [Cs.DL].
% 10 0.000 - arXiv. http://arxiv.org/abs/2403.16887.
g i " «Underscore -
® aGr:a lincase . . *Garnered . = _ W
5 s, Migning' * Offering 8% DIFZFE > TAINC K B ERK L FIE
g s " '“ _ ’ ' Pwotal
g <) P ghictany “The Al text detector erroneously
w : R "« Additionally . P
identi fied up to 8% of the known
10° T N o s Y real abstracts as Al-generated text.”
107 10° 107 107" 10°

Rashidi, Hooman H., et. al. 2023. “The ChatGPT
Conundrum: Human-Generated Scientific Manuscripts
Misidentified as Al Creations by Al Text Detection Tool.”
Journal of Pathology Informatics 14 (100342): 100342.

Frequency in 2024

Kobak D, et.al. Delving into LLM-assisted writing in biomedical publications through
excess vocabulary. Sci Adv. 2025 Jul 4;11(27):eadt3813. doi: 10.1126/sciadv.adt3813.
Epub 20;5/ul 2. (Fig. 2 (A)) - \ \
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