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KRB/ SraI R EARIMANEEZREE: 1) FgRERENRS

SHR; 2) ZURFLIERRIESEIE.

18 &R
WIR, PREFIIELAF

T5(11B) mT5 (13B) LLaMA ( 65B ) GPT-3 (175B)
L 17%
13%
173 65%
100% 100% B5%
GlaM (1200B) PaLM ( 540B) LaMDA (137B) Galactica ( 120B)
22% 14%10% 13% 7% 10%
48% e 0%
30% o 50% a3t
P 71 FHEHE HiE

Source: https://transformers.run/c4/c15 pretrain llms
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MT-NLG (530B )

11%
9%

56%
23%
1%

GPT-NeoX ( 208 )

8%
32%

39%

4%
16%

FHEX K45

Gopher (2808 ) Chinchilla ( 70B )
7% 6%
35% S8 390 55
CodeGen ( 16B ) AlphaCode (41B)
19%
a6 %
23% 100%


https://transformers.run/c4/c15_pretrain_llms
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EE 11D When Do You Need Billions of Words of
Pretraining Data?
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B H35E: https://arxiv.org/pdf/2011.04946 Pretralnlng Dataset Size
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mAReE " LiE"

XHE 300B
RN tokens . FESIF
GPT-1 2018 ((u/\ﬂ SR
GPT-2 2019 40GBX A <E|’33075 1/

GPT-3 2020 MASTBEUIESEBEI570GBX
Llama 3 2024 15TBY A
Qwen 2.5 2024 KAKE60TBE

I

In terms of Qwen2.5, the language models, all models are pretrained on our
latest large-scale dataset, encompassing up to 18 trillion tokens.

&R https://qwenim.github.io/blog/qwen2.5/
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| ERRIER— M EANBIEE, HESERIRMTESONSHE, 8
ﬁaem;jc, NS, SESNEEENSSS, BENLLMsHERE SIOMEE.

- < $ W
COMMON I F'-l
Q&M Thopaa gy Resol fbﬁ I.EWJ\iﬁu"gg\‘EﬂE
1A [T T TR A Hil B2 Iz 1
Overview JIIEE\ * Kot A KAl t4 TeAuIbk] | RLEE FE A
— CC-Stories Google Brain 2018-7 31 GB 3 Common Crawl, #ow
j:;i‘r’sL”O‘T";;f:’s‘l_fi;p;z;‘;ﬁta‘”5 petabytes of data, RealNews A iR 2 5 2019-5 120 GB | A:§ Common Crawl, 4z
Common Crawl BREEES PB IR, [ 2008 FLISEE C4 Google Research 2019-10 12.68TB] K1 Common Crawl, 2L ¥
HAEE, '
CLUECorpus2020 CLUE 2020-3 100 GB | 31 Common Crawl, &
Choose a crawl.. ZEEER... \, L L ) ) S ~ N g e
CC100 Facebook Al 2020-7 2.5 TB 1 Common Crawl, 100 fif 5
T el - e T g f; I £k e f— INIT_E [= R 3 2 ;
[The corpus contains raw web page data, metadata \\ HD‘LUC’UIPUI‘]' Text —IL ~H IJI }\ - H ]_IL»EHJL rJL. 2021-6 J TB Ill..x. 3 ﬁ:fﬂﬁ 200 C B
extracts, and text extracts. mC4 Google Research 2021-6 251 GB | At Common Crawl, 108 Fpif5
EREOAREWINE. TR DAL B ' _ ) ] o
OSCAR 22.01 Inria 2022-1 8.41 TBY J}:tT Common Crawl, 151 fpia 5
Common Crawl data is stored on Amazon Web Services’ I\INBXYC1 I—I-”_‘_’_'E _)[)2‘3-1 _)[)‘3 TB I | IS}\ . @.:ll‘fllﬁl Ijl . ‘I"} A@I . ‘[’E‘ Sg\j—\l’}—
Public Data Sets and on multiple academic cloud . . P . e 4 ~4 [,
matform:acrotssthe Wor‘d‘tp RefinedWeb Falcon 2023-6 4.88 TBY J}:J Common Crawl, gt
c Craw| TR A Web Services fI435t . Ao o AP o e
S v WanJuanText g AL 5085 2023-8 | 1TB | e, BRI, 1



https://commoncrawl.org/overview
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The Times Sues OpenAl and Microsoft
Over A.l. Use of Copyrighted Work

Millions of articles from The New York Tin;mra;e “f‘,?" need to train
% I 27 GiEif Copilot
chatbots that now compete with it, the la = " 0

2021 & 6 H, GitHub ] OpenAl &% 7 Copilot, AJLA“@T{ERA AT HRERMIETBRE
EENRHRIBAR”, 2021 & 8 B, OpenAl X &% T Codex, “Ali§BAIBSHIRNKIDHER
Z) Copilot H”, GitHub AAFPEAX(T 10 EEEF 100 ET78EIhE Copilot, Codex ]
Copilot #5227 “BHZ17" AFAIAKBNIILE, SERELH GitHub TFEEMME, IKIAHEL
mi#S, 2023 £ 5 A 11 B, EENMABEBLEMILX AR J. DOE 1 Fif GitHub HRM L
TED AVFHE DL B NINAIEE . ZRE S EFE GitHub, MR, OpenAl &,

https://'www.nytimes.com/2023/12/27 /business/media/new-york-times-

open-ai-microsoft-lawsuit.ntml
https://36kr.com/p/2609988349031944
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Smashwords Project Gutenberg Anna’s Archive

Search and Browse ~ Help ~

New blog post:

W Smashwords™

your ebook. you:

@ Ways to donate PayPal
Home About FAQ Sign Up

Anna’s Archive s

I The largest truly open library in human history. = We mirror Sci-Hub and LibGen. We scrape and open-source Z-Lib, DuXiu, and

Words Published 34.79 billion more. - 37,366,830 books, 106,481,092 papers — preserved forever. All our code and data are completely open source. Learn more...
Books Published: 901,708 Welcome to Project Guten berg Recent downloads: el - k4 Wh sm - Ho
Free Books: 92,456 LA Free | $0.99o0rless | $2.99orless | $5.99orless | $9.99 orless

) N R . Datasets~ Donate Log in / Register -
Books on Sale 13,020 ; Project Gutenberg is a library of over 70,000 free eBooks e 2 <
LWARLG IO Under 20K words | Over 20K words ‘ Over 50K words ‘ Over 100K words
. Choose among free epub and Kindle eBooks, download them or read them online. You will find the world’s great literature here, with focus on
h2 Categones Author Resources for Success older works for which U.S. copyright has expired. Thousands of volunteers digitized and diligently proofread the eBooks, for you to enjoy. Datasets
All Works « s If you are interested in mirroring this dataset for archival or LLM training purposes, please contact us.
Fiction 5 n n Fundamens | E e - A . . ‘ ‘ .
1 3 i aa (gt Our mission is to archive all the books in the world (as well as papers, magazines, etc), and make them widely accessible. We believe
Adventure ROMANCE m : e ez that all books should be mirrored far and wide, to ensure redundancy and resiliency. This is why we're pooling together files from a
African American fiction WRITING PROMPTS A N . . . . .
R 5 S variety of sources. Some sources are completely open and can be mirrored in bulk (such as Sci-Hub). Others are closed and protective,
Anthologles - SRS so we try to scrape them in order to “liberate” their books. Yet others fall somewhere in between.
gt Er e i ¥ nym i [ All our data can be torrented, and all our metadata can be generated or downloaded as ElasticSearch and MariaDB databases. The raw
Business E Ny -
data can be manually explored through JSON files such as this.
Children’s books
Christian Travels ili\ Travels in Portraits of My Heath's French 7Elétna|‘ Loved and lost The twelve La Overview
Classics Eastern Africa,  Eastern Africa, women by autobiography and English pyorteissa by by Bertha M. best short si . . i ) .
Coming of age o volume 2 (0T 2)  velume 1 (of 2) Gamaliel by Benita dictionary by Gudda Clay stories in the He Below is a quick overview of the sources of the files on Anna’s Archive.
Cultural & ethnic themes $4.99 $4.99 $2.99 $9.95
Educational Add to Cart Add to Cart Add to Cart Add to Cart % mirrored by AA /
Fairy tales Some of our latest eBooks Click Here for more latest books! torrents available
Fantasy Featured New Releases Source Size Percentages of number of files  Last updated
Gothic
Graphic novels & comics » Libgen.rs [Igrs] 7,379,910 files 100% / 100% 2024-09-30
Historical Non-Fiction and Fiction 83.0TB
Holiday No fee or registration! Everything from Project Gutenberg is gratis, libre, and completely without cost to readers. If you find Project Gutenberg
Horror useful, please consider a small donation to help Project Gutenberg digitize more books, maintain its online presence, and improve Project Sci-Hub [scihub] 101,004,457 files 87.052% / 87.052% 5“"HUD‘ frozen since 2021; most
Humor & comedy Gutenberg programs and offerings. Other ways to help include digitizing, proofreading and formatting, or reporting errors. Via Libgen.li “scimag” 96.0 TB E‘\'ba‘lﬂabli throt\gh ﬁ"remf o
Inspirational 1 rgrﬂ I minor additions since
eBTar « then
= a e New donation option with Give Freely. More information....
Literary collections MOker‘ a Libgen.li 19,457,185 files 86.528% / 84.751% 2024-09-01
Literature Jameison “« . u Excluding 281.4TB Fiction torrents are behind
Mashups

No special apps needed! Project Gutenberg eBooks require no special apps to read, just the regular Web browsers or eBook readers that are
included with computers and mobile devices. There have been reports of sites that charge fees for custom apps, or for the same eBooks that are

(though IDs ~4-6M not
torrented since they overlap

Mystery & detective


https://annas-archive.org/datasets
https://www.gutenberg.org/
https://www.smashwords.com/
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E) Cornell University

arXiv is a free distribution service and an open-access archive for nearly 2.4 million
scholarly articles in the fislds of physics, mathematics, computer scisnce, quantitative
biology, quantitative finance, statistics, electrical engineering and systems science,
and sconomics. Materials on this site are not pesr-reviewsd by arXiv.

Subject search and browse:
[Physics ~ || Search || Form Interface || Catchup |

Physics

Astrophysics (estro-ph new, recent, search) Astrophysics of Galaxies; Cosmology
and Nongalactic Astrophysics; Earth and Planstary Astrophysics; High Energy
Astrophysical Phenomena; Instrumentation and Methods for Astrophysics; Solar
and Stellar Astrophysics

Condensed Matter (cond-mat new, recent, search) Disordered Systems and Nsural
Networks; Materials Science; Mesoscale and Nanoscale Physics; Other Condensed
Matter; Quantum Gases; Soft Condensed Matter; Statistical Mechanics; Strongly
Correlated Electrons; Superconductivity

General Relativity and Quantum Cosmology (gr-ge new, recent, search)

High Energy Physics - Experiment (hep-ex nsw, recent, search)

High Energy Physics - Lattice (hep-lat new, recent, search)

High Energy Physics - Phenomenclogy (hep-ph new, recent, search)

High Energy Physics - Theory (hep-th new, recent, search)

Mathematical Physics (math-ph new, recent, search)

MNonlinear Sciences (nlin new, recent, search)

includes: Adaptation and Salf-Organizing Systems; Csllular Automata and Lattice
Gases; Chaotic Dynamics; Exactly Solvable and Integrable Systems; Pattern
Formation and Solitons

Nuclear Experiment (nucl-ex new, recent, search)

MNuclear Theory (nucl-th new, recent, search)

Physics (physics new, recent, search)

includes: Accelerator Physics; Applied Physics; Atmospheric and Oceanic Physics,
Atomic and Molecular Clusters; Atomic Physics; Biological Physics; Chemical
Physies; Classical Physics; Computational Physics; Data Analysis, Statistics and
Probability; Fluid Dynamics; General Physics; Geophysics; History and Philosophy
of Physics; Instrumentation and Detectors; Medical Physics; Optics; Physics and
Socisety; Physics Education; Plasma Physics; Popular Physics; Space Physics
Quantum Physics (quant-ph new, recent, search)

A

Mathematics &

+ Mathematics (math new, recent, search)
includes: (see detailed description): Algsbraic Geometry: Algebraic Topology;

EE An official website of the United States government s how you know v

National Library of Medicine Q search & Login

National Center for Biotechnology Information

=N
PMC PubMed Central®

Search in PMC

Advanced | Journal List

” :
PubMed Central” (PMC) is a free full-text archive of biomedical and life sciences journal literature at the U.S. National Institutes of Health's National Library of
Medicine (NIH/NLM) :

»

USER
GUIDE
| G—

About PMC User Guide Collections
Discover a digital archive of scholarly articles, Learn how to find and read articles of interest Browse the PMC Journal List or learn about
spanning centuries of scientific research. to you. some of PMC's unique collections.

For Authors For Publishers For Developers

Navigate the PMC submission methods to Learn about deposit options for journals and Find tools for bulk download, text mining,

English Pycckmit Portugués

sci-hub

— EEIER

FHUERE 7 sbakyan  gut 8

FRBA SN RETAIEES 1 -HubSIREPMANIAN, HisEciaEn

Sci-Hubz{iERFET 88,343,822 (AT, FRRZBTH. ALIB0MITLMT
ERGEIEHH FRIMRISN. 6%22IIEEE (conference proceedings) $f
I3, SHEPENED FTHEEEMTISEMAE T, Sci-Hub HREERGTIRSG:
i, 77%5FT1980FFI20205F 36%4FET 2010520204, A TERISHIR
IR EERERTEOS %L L. Sci-HubHUERE I HTHE/9100TB,

. ey g
wp  mmp AR WEE
EF = 12,592,316 8:658,518 157
F 16,460,921 15,499,507 12,992,
24,557,530

[ J [}
= EFE O HENRE S MRS &

S _E£7& 700 9 £7£ 700 1 760 741 1 E7OD 0L T ETA_177


https://arxiv.org/
https://pmc.ncbi.nlm.nih.gov/
https://sci-hub.se/database

8.2.1 FuillZr &A#EIIR

m SRR

iE. REMERIMRNHEELAYT)IE

B The Stack

6 TB of permissive code data

Dataset Collection

Raw dataset

Find the fitered and

Programming Languages

Dataset

Size of files

Permissive

M

Apache
20

\Ekatiti Y FEFERSE, KBEh—mElE

aRBICEGIE LT iZhH
RS,

He R E RS

Get 30+ hours of free content from GitHub Universe! Watch now:

Enterprise ~  Pricing

O Product

Solutions.

&

Build and ship software on a
single, collaborative platform

Join the world’s most widely adopted Al-powered developer platform
where millions of developers, businesses, and the largest open source
community build software that advances humanity.

i Ub'

stackoverflow
ﬂ Home
B questons Every QG205 has a
€ o tab open to Stack Overflow.
28 Users For over 15 years we've been the Q&A platform of choice that millions of

people visit every month to ask questions, learn, and share technical
knowledge.

m Visit the community >

Bl Companies

LABS o
@ Jobs

B Discussions

COLLECTIVES +

©sgitee s rFz-  seEn-

[5' ' - Gitee BEMEFRRE

[N GSVVideoPlayer Spirecy
" Gitee BRI
A GVP il EBXR
passa10 pass@100
V Antv OQ’J“O ) EF ] v > DolphinScheduler dotNET
P nmE sam

Alibabafastjsonz

KWDB/kwdb

FlyFlow/FlyFlow-flowable L.

MindSeore/mindauantum

Collectives

-

B (
Fu



https://huggingface.co/datasets/bigcode/the-stack
https://github.com/
https://stackoverflow.com/
https://gitee.com/explore
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PythO n%’fﬁﬁgé& EE '::IE-_I%)UE/J*EE}_‘_-LI:I Mo FREET 2
Common Crawl, BooksCorpus FCRE R UREEEM B, ﬁ'ﬁ LaMDA (54OB) XX IE
SR, EBEER Common Crawl,
Bt s AR IR Bl & MET (GB) | J8H
CodeSearchNet (2019) GitHub Go, Java, JS, PHP, Python, Ruby PL 17 NL-PL
CodeNet (2021) ATZU, AtCoder - 8 NL-PL
THEPILE (2021) GitHub, ArXiv,... - 825 NL-PL
thestack GitHub - 3100 PL
BigQuery GitHub C/C++, Go, Java, JS, Python 340 PL
BIGPYTHON (2022) GitHub Python 217 PL
CodeParrot GitHub Python 180 PL
GCPY (2022) GitHub Python - PL
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THE UNIVERSITY Universitat d'Alacant
(_)f EDINBURGH /\

.

~ L 4

rawl

Co-financed by the European Union
Cunnectlng EuropE Faullty

Broader/Continued Web-Scale

Provision of Parallel Corpora for
European Languages

= Universidad de Alicante

>>Check More Data and News sections for updates!!!
>>

ParaCrawl Corpus release v9

This corpus is released as part of the ParaCrawl project co-financed by the European Union through the
Connecting Europe Facility.

Release 9 is the final release for ParaCrawl Action 3: “Continued Web-Scale Provision of Parallel Corpora
for European Languages'.

ParaCrawl 9 brings new content and higher quality as the result of an improved pipeline with:

« better PDF processing

« language identification based on CLD2 full instead of lite

« improved machine translation models (almast all neural) used to parallelize sentences
« neural cleaning applied for the first time

With this version, we reach the best MT results ever obtained with ParaCrawl

As a bonus, we release an English-Chinese corpus and monolingual data.

IR

=, ﬂ!.?&f"'%‘lslz

IINITAUS prompsit Gmmscuen

INOLOGIES

A
[ty

&

TIaHEE,

[adad3] [bible] [bianet] [books] [CCAligned] [CCMatrix] [CAPES] [DGT] [DOGC] [ECB] [EhuHac]
[EiTB] [Elhuyar] [ELITR_ECA] [ELRC] [EMEA] [EUbooks] [EU] [Europarl] [EuroPat] [finlex] [fiskma]
[giga] [GNOME] [GlobalVoices] [hren] [infopankki] [JRC] [KDE4/dod] [livdever] [MBS] [memat]
[MontenegrinSubs] [MultiUN] [MultiParaCrawl] [MultiCCAligned] [MT560] [NC] [Ofis] [00/003]
[subs/16/18] [Opus100] [ParaCrawl] [ParCor] [PHP] [QED] [sardware] [SciELO] [SETIMES] [SPC]
[Tatoeba] [Tanzil] [TEP] [TED] [tico19] [Tilde] [Ubuntu] [UN] [UNPC] [WikiMatrix] [Wikimedia]
[Wikipedia] [WikiSource] [WMT] [XhosaNavy]

Home / Query / WordAlign / Wiki

MultiUN

This is a collection of translated documents from the United Nations originally compiled by Andreas Eisele
and Yu Chen (see http://www.euromatrixplus.net/multi-un/). Please cite MultiUN: A Multilingual corpus from
United Nation Documents, Andreas Eisele and Yu Chen, LREC 2010

7 languages, 21 bitexts

total number of files: 489,334

total number of tokens: 1.99G

total number of sentence fragments: 81.41M

Please cite the following article if you use any part of the corpus in your own work:
J. Tiedemann, 2012, Parallel Data, Tools and interfaces in OPUS. In Proceedings of the 8th International
Conference on Language Resources and Evaluation (LREC 2012)

Download

Below you can download data files for all language pairs in different formats and with different kind of
annotation (if available). You can click on the various links as explained below. In addition to the files shown
on this webpage, OPUS also provides pre-compiled word alignments and phrase tables, bilingual
dictionaries, frequency counts, and these files can be found through the resources search form on the top-

level website of OPUS.
Bottom-left triangle: download files Upper-right triangle: sample files

+ ces = sentence alignments in XCES format
leftmost column language IDs = tokenized corpus files in

« view = bilingual XML file samples
* upper row language IDs = monolingual XML file

XML samples
« TMX and plain text files (Moses): see "Statistics” below = rightmost column language IDs = untokenized corpus
= lower row language IDs = parsed corpus files (if they files -
exist) o
u1]
ar de en es fr ru zh
ar view view view view view view ar 1]

de ces view view view view view de

SHIBERIAE,

English / Franqais / Espafiol / Pyccknit / 932 / a.yell

United Nations, Department for General Assembly and

Conference Management

Introduction = Download Corpus Disclaimer File Document Test and
statistics and terms | organization metadata development
of use and format sets

Machine Readability

United Nations Parallel
Corpus

Introduction

The United Nations Parallel Corpus v1.0 is composed of official records
and other parliamentary documents of the United Nations that are in
the public domain. These documents are mostly available in the six
official languages of the United Nations. The current version of the
corpus contains content that was produced and manually translated
between 1990 and 2014, including sentence-level alignments.

The corpus was created as part of the United Nations commitment to
and as a reaction to the growing importance of

| machine translation (SMT) within the Department for Gene
Assembly and Conference Manage CM) translation services
and the United Nations SMT system, Tapta4UN

multilingualism

statistica



https://paracrawl.eu/
https://opus.nlpl.eu/legacy/MultiUN.php
https://conferences.unite.un.org/uncorpus
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Pile: 20205, 825GHUIERI (FEIEL

PubMed Central

Pile-CC

Bibliotik

FreeLaw

IO34EIE: hitps://arxiv.org/pdf/2101.00027. pdf

OpenWebText2

StackExchange

PG-19

Wikipedia

Github

DM Math

Component

Pile-CC

PubMed Central
Books3"
OpenWebText2
ArXiv

Github

FreeLaw

Stack Exchange
USPTO Backgrounds
PubMed Abstracts
Gutenberg (PG-19)"
OpenSubtitles’
Wikipedia (en)”
DM Mathematics’
Ubuntu IRC
BookCorpus2
EuroParl’
HackerNews
YoutubeSubtitles
PhilPapers

NIH ExPorter
Enron Emails®

The Pile

Raw Size

227.12 GiB

90.27 GiB

100.96 GiB

62.77 GiB
56.21 GiB
95.16 GiB
51.15 GiB
32.20 GiB
22.90 GiB
19.26 GiB
10.88 GiB
12.98 GiB
6.38 GiB
7.75 GiB
5.52 GiB
6.30 GiB
4.59 GiB
3.90 GiB
3.73 GiB
2.38 GiB
1.89 GiB
0.88 GiB

825.18 GiB

Weight

18.11%
14.40%
12.07%
10.01%
8.96%
7.59%
6.12%
5.13%
3.65%
3.07%
2.17%
1.55%
1.53%
1.24%
0.88%
0.75%
0.73%
0.62%
0.60%
0.38%
0.30%
0.14%



https://arxiv.org/pdf/2101.00027.pdf
https://github.com/EleutherAI/the-pile
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(TN HHEER)

com
org
co.uk

net
com.au
edu

ca

info
org.uk
in

qov

eu

de

co
co.za
us

ie
CO.Nnz
ac.uk

Top-level domain

10° 100
# tokens (log scale)

—_
[=]
=]

1B §5E:  https://arxiv.org/pdf/2104.08758.pdf

10t

Website

patents.google.com
en.wikipedia.org
en.m.wikipedia.org
www.nytimes.com
www.latimes.com
www.theguardian.com
journals.plos.org
www.forbes.com

www. huffpost.com
patents.com
www,scribd.com
www.washingtonpost.com

www.fool.com
ipfs.io

Documentation Levels for
CommonCrawl-based Datasets

www.frontiersin.org
www.bhusinessinsider.com
www.chicagotribune.com
www.booking.com
www.theatlantic.com
link.springer.com
www.aljazeera.com

www. kickstarter.com
caselaw.findlaw.com
www.ncbi.nlm.nih.gov

www.npr.org
107 108
# tokens (log scale)

Metadata

Included data

J

Excluded data

=

IMBERE: https://github.com/allenai/allennlp/discussions/5056

—~_

<
-

Provenance
Utterance Date

Machine or human authored
Social biases

Data contamination
Medical or health data

Demdg raphic identities

10°
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E5E. EEREANSESENIIEENES G AP ESIEE=3o1mk. B3
3TB MAEE, 90TB B3 &3EH0 181GB X150k,

3500

3500
3000 3000
2500 2500
2000 2000
1500 1500
e 1000
500 l . 500 I
0 0 — -
C4 GFT3 The-pile WuDaoCopora CLUECorpus2020 M6 PANGU-a WuDaoCopora
Fig. 1. Comparison with other Chinese corpora. Fig. 2. Comparison with other language corpora.

1B PHE:  https://lwww.sciencedirect.com/science/article/pii/S2666651021000152 IMBEG&E: https://data.baai.ac.cn/details/WuDaoCorporaText
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Pile 825 GB

TigerBot pretrain_en 51 GB

36.2% 7.6%  15% 38.1%
33.9% 30.2% 35.9% -

TigerBot pretrain zh 50.3% - 25.9% -

BBT-FinCorpus 4zl
FinCorpus 4rf 60 GB
FinGLM HE 69 GB

Medical-pt Zyy 632 MB

Proof-Pie-2 ®=x 55

B
TigherBot-law A 29.9 MB
8

TransGPT-pt

256 GB

/NTEI /A N
ST
A TR
VSSHEp N
ArXiv,
NS
FEARSCHY

BFFEAR S
TRHE |

R
OpenWebMath

TR A L

FRHTE . FEACIE A
S Eanv R

Wan.JuanText 1TB 96.8% - 0.07% 2.1%
318X
SEINLPEIESE N * Huatuo-26M

o #ihik: https://github.com/Freedomintelligence/Huatuo-26M Ostars 218
o {1 Huatuo-26M EI2459 1 HE AR ERESIRE,

AR B X IEHURE

[ smoothNLP || CCKS | | OpenkG |

[ mingsi4 [ Fioa ][ re |

o f@f: BENMRIENEREEYE

CBLUE

Y,
4 FARE SR A A
SahErE B

o Hihik: https://github.com/CBLUEbenchmark/CBLUE ) stars 727
o & WY EFENAEEME (SEARE. XAME)

cMedQA2 (108K)

o #Bit: https;//github.com/zhangsheng93/cMedQa2 € Stars < 300
o & RNEXZHENELHEE, BT105%

ERBEHR FEERibiR

xywy-KG(294K=7T4H)

/’
o

o #Bhik: https://github.com/Toyhom/Chinese-medical-dialogue-data € Sters 12

o #Bfk: https:/github.com/baiyang2464/chatbot-base-on-Knowledge-Graph € Star

o fEf: 44.1KSLHK 294.1K =504

39Health-KG (210K=Jt4H)

o #Bhk: https://github.com/zhihao-
o fEfh: BIE1SHYSE, Hep72EsTil

T REEES
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¢ MedMentions

o JtBhk: https://github.com/chanzuckerberg/MedMentions O stars 312
o &1 EFPubmed BENAMEFTAGEHERIESE

* webMedQA

o #thik: https;//github.com/hejunging/webMedQA | € Stars | 60
o fEifh: EFFIRE

* COMETA

o Miht: https://www.siphs.org/
o fAfh: MR RBETSIRRERIIE, AR TEMNLP2020

* PubMedQA

o Hihik: https://arxiv.org/abs/1909.06146
o fEifN: EFPubmediBANNIESAIEARE

¢ MediQA

o lﬂ’,i_ﬂ:: https://sites.google.com/view/mediqa2021
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8.2.2 ZIRTAMREE
ZIRSHREEAMRAIESRNER D2, AMSZUETasRNEs

HelSZSMERIIRNEIRSRIR, FAREFRISREE 7 EMSEFECRIEA

G IS FeAumF] B TF AL

Flickr [202] 2014 3SR T, BESK 5 s v, N TARE

COCO [23] 2014 33 JPIE A, R 5 AR S, 2022 ARRAT T T.AT {ZIE K COCO-T00M
Conceptual Captionﬁ 2018 30 JiskE B, RRuk 5 S&ANA B, 2021 4R %A 1200 J75kE 1Y Conceptual12M
WIT [157] 2021 3700 Jy 55 & S Zika, kA4 aF

a2t 58 2022 1L 4 okt e

LAION-5B [152] 2022 58 L4 Ok} Zib s, i LAION2B-en (304 ) 2514E
WuDaoMML 2022 6.5 2.4 18 S 15

SIRSEIRESE

— LRI AE RS

AE{EH ARBTG5,

IHMRB R SRz (RS




8.2.2 ZIRTAMREE
ZIRSEIRE Wrém?ﬁﬁuﬂm(ﬁ?)ﬁﬁouEwE?LLLﬂ

FIELBSRB ARRESRIEE, 32

S BRRNBIRSERINER.

M5PRODUCT M57= 53

About £y

The M5Product dataset is a large-scale multi-modal pre-training
dataset with coarse and fine-grained annotations for E-products.

MSProduct HiRSER — P AMENSEEISHIRSE, SENEFR
BN RN R,

+ 6 Million multi-modal samples, 5k properties with 24 Million values

* 600 JEETHAR, Sk1EME, 2400 5 ME

* 5 modalities-image text table video audio

- 5 FhiEES - BT RIES R

+ 6 Million category annotations with 6k classes
* 600 hERliERE, BE 6k

*» Wide data source (1 Million merchants provide)
« ZEYEIRER (100 HEEsiEM)

Sampler E#¥
The data acquisition page is shown as follows.

HIEFBIEY M.

E T L] w N
; HEEET AL L
‘ &

¢ Flleszff [} P master £A ~

| Preview & | Code i Blame 2 Raws [ &

gy e e

@ Dataset iiE

TVQA is a large-scale video QA dataset based on 6 popular TV shows
(Friends, The Big Bang Theory, How | Met Your Mother, House M.D.,
Grey's Anatomy, Castle). It consists of 152.5K QA pairs from 21.8K
video clips, spanning over 460 hours of video. The questions are
designed to be compasitional, requiring systems to jointly localize
relevant moments within a clip, comprehend subtitles-based dialogue,
and recognize relevant visual concepts. Download TVQA data from
J/data.

TVOA BETF 6 M ISBIIHEREE QA SiEE ( (2%

I2Y . (EEAEE) . (BEEmELE) . (EFEL), (T
JEAEE) . (HE) ) . SHEFES 218K ST 152.5K QA

FERk, PSTRTREBRIT 460 N, XEEEERITMEERN, BB
ESGHFEEN BETNERN, BRETFENEE, FiR3EX
EILREES. M /data TS TVOA HUE.

* QA example QA 7={F

e 5 r . i
e L [l &gl DM

See examples in video: click here
TEABTPRIT: St

sl Ll s

TVQA /READMEmd Top iEEEE

Dataset statistics

@ Hovbees and Cratts

HowTol100M
23611 tasks
136.6M clips

EnF LT (Alt+A)

IIlL

Open{=) atalab

YFCC100M
OpenDatalab/YFCC100M
Video Image ﬂ,)

Large Model Pre-training

Image Classification

Image Retrieval MIT

1.3KB 9.4k

@ OpenDatalab

Elntroduction [BEDownload

RN

fo e
i

YFCC100M E—PEERHE 1 ZMEFTSNEIEE, HbAH 9920 B4
R 80 E"\?Jj'fﬁ FrEXYEHEEMIRESITINL. SiEEFNENE
AITSERELETTEIEST, flirFlickr i MR, FraZER, B, &
., bR, HEER(TE. EECER. ZESIRE T M Flickr F 2004 Erkirs
2014 SEXXEEEFAAIAE, WANHERAEAR S EtheE,

REX


https://xiaodongsuper.github.io/M5Product_dataset/
https://github.com/jayleicn/TVQA
https://www.di.ens.fr/willow/research/howto100m/
https://opendatalab.com/OpenDataLab/YFCC100M
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e W CEEE
.15 GiD o XIS

A E R E—FE |
hE=phEHS, #6% |
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B LM EBE, '
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« B F
o« MH5

T FE R E—A ek |
RSB, EMIE :

= A IS =poi

| Fori |

o« 1HANARNRE!
=8 (PI)
o #EBR PO

| [F5] EEéﬁ'%—ZE
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_________

- SHERDIHER

« SentencePiece

code( [FHE] EE%I
l% AEATSMER |
. ) |

L - — e = = = = —

FEHRER=TIE (Quality Filtering) .

%] 8.2: UL KA

U )1 2 0 Bcd s AL SRR AR ) s T 1
EE (De-duplication) .

[SFAMER (Privacy Redaction) &ﬁﬂﬂs (Tokenization) /MU,




$1§IJ o DeepMind 2021-12-08
Scaling Language Models: Methods, Analysis
& Insights from Training Gopher
ZiEHTML Tag, MixEARE y
diEBERE ﬁlﬁv I

Text
Extraction

Content
Filtering

Quality
Filtering

Test-set
Filtering

Document
Deduplication

Repetition
Removal

\

Pz

ERESTA

https://arxiv.org/pdf/2112.11446

DI &


https://arxiv.org/pdf/2112.11446
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_ ul%ﬁiﬁﬁlﬁﬁiﬁ

YlEE— AN NBLSS HKERHI MR AR

WUIER ST A Fie B RN iR S R
?E'ﬁl?-:ﬂ{E BB E

EEST A e, i
u EA%U\*L*;IEMJE*¥$1}"£§E§ g&*;g:

Qd Microsoft phi-1/phi-1.5/phi-2{X%&1.3B-2.7B

AIELE

I FRIMBEF

-TF.ES! Engfﬁjﬁg

iz )0l

B EE

FHECE M

-

£

EISERABIRYEIHE

SHIEBIERETE[1]

e R R G E25URIRE
m Perplexity1’E7EJl‘ﬁlﬁﬂgfﬁiiiﬁﬁ?ﬂ%f_ﬁﬂ[z]

[1] Leo Gao. 2021. An empirical exploration in quality filtering of text data. arXiv preprint arXiv:2109.00698.
[2] Max Marion et al. 2023. When less is more: Investigating data pruning for pretraining lims at scale. arXiv preprint arXiv:2309.04564.

5.80

Test Set Perplexity

5.65 A

5.60 A

- R

5.70 1

—e— Random
Perplexity

—e— Memorization

—e— EL2N

------- No Pruning

10% 20% 30% 40% 50% 60% 70%

= 75&% , 12&1—%65 Data Remaining After Pruning

A




Perplexity EE

A better model is better at predicting upcoming words, and so it will be

less surprised by (i.e., assign a higher probability to) each word when it
occurs in the test set.

perplexity(W) = P(wiwy...wn) v

P RR R R AP IR B e s

|
Q_
hacl
=
S|
S

perplexity (W) =

=
=L
]
=
]
E
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m HIEEENER
0 4R 1
O R G ST 1]
O RAEERNIEIZING: - BHERRAR AR R(2]

'“by combining fantastic ideas, interesting arrangements,
and follow the current trends in the field of that make you
more inspired and give artistic touches. We’d be honored if
you can apply some or all of these design in your wedding.
believe me, brilliant ideas would be perfect if it can be applied

v BRIEEEHERERT

in real and make the people around you amazed!
61,036iR

[1] Katherine Lee et al., 2022. Deduplicating training data makes language models better. ACL.
[2] Nikhil Kandpal et al., 2022. Deduplicating training data mitigates privacy risks in language models. ICML.
[3] Amro Abbas et al., 2023. Semdedup: Data-efficient learning at web-scale through semantic deduplication. arXiv preprint arXiv:2303.09540.



\o® @ SemDeDup Radius (eps)
i o | - (only compare within same cluster)
I\ g ® o ® o o Cluster1,2,3keptdata
8 ) 2 e 3 ﬂ ;EL IE — ﬂ ;E% E ‘N ™ 4 e \\ * @ @ C(luster1,2, 3 removed duplicates
3 \
E ® p K L® [] f o/
e s 5 . : .
- ﬁi n%iﬂg% lm; ;£ g\ ® » " ./ '.".f«
= RS
. . N o) 2= ' 8
Q N-gram-and-hashing &% FERYTTA 3| TN
\ A ™
= Line-level / document-level / both o o)
O
0 R R R AOIC
..l_; , / _ ’/
. \ NP . . \ = NP v L & ) F '
QIENERETGE: ARENESEIES] a| O
MinHash Y5 4 language Pre-trained embedding dimension 1

Article Talk Read Edit View history Tools

From Wikipedia, the free encyclopedia

In computer science and data mining, MinHash (or the min-wise independent permutations locality

sensitive hashing scheme) is a technique for quickly estimating how similar two sets are. The scheme \
published by Andrei Broder in a 1997 conference,!'! and initially used in the AltaVista search engine to
detect duplicate web pages and eliminate them from search results.'?! It has also been applied in large-
scale clustering problems, such as clustering documents by the similarity of their sets of words.!"!

[1] Katherine Lee et al., 2022. Deduplicating training data makes language models better. ACL.
[2] Nikhil Kandpal et al., 2022. Deduplicating training data mitigates privacy risks in language models. ICML.
[3] Amro Abbas et al., 2023. Semdedup: Data-efficient learning at web-scale through semantic deduplication. arXiv preprint arXiv:2303.09540.


https://en.wikipedia.org/wiki/MinHash

8.2.3 HiRWIE — [RFAMIBR
B EHENEIEMRGE:
IEE— AN NB S R R A RS
A JTEEHN B EE
] IE'*L\HHIJI!?EKJ*'*MEdz — BEIIE
B GFEdRESIEEEENZCENMNYNEESEEHNNEEA[1]

Toxicity Filtering, LM-XL C4 Wiki Web Books Biomed  Academic Sense Sets Average

29 Inverse Filter Inverse T=0.5 (73%) n 2.1 22 2.7 1.2 6.4 -3.1 I“
8
Full Dataset -4
% ul) ./ Full Dataset (100%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

- T=0.7 o= __
ik TN T=0075 (01%) 12 ““
- 3/

W

2.5

-0

T=0.95 (84%) -1.2 1.0 3.7 0.3 32 1.0

--2

T=0.9 (73%) -0.3 0.8 1.8 1.0 1.9 1.2

—6%1 Most Filtering L4

—~60% =50% —40% =30% =20% =10% 0% 10% 70"/ T=0.7 (46%) -1.2 0.8 1.7 0.8 2.0 0.7 I
Toxic Generatlon Score

Ip s toxic mare Mx C

& Z - %Wﬁ%f?/\fmé’@ﬁﬁ C TR E B R ANE BHA G BB 7
u %ﬂiﬁlﬁlru;ﬂgﬁifﬁ*ﬂﬂﬂﬂBﬁﬁlﬁ‘é%%ﬂ&ﬁ&ﬁ%?&i’l%%ﬂgm%{[2][3]

[1] S. Longpreet al. 202 1A Pretrainer’s Guide to Training Data: Measuring the Effects of Data Age, Domain Coverage, Quality, & Toxicity. 2023.
[2] Suchin Gururangan et al. 2022. Whose language counts as high quality? measuring language ideologies in text data selection. EMNLP 2021.
[3] Shangbin Feng et al. 2023. From pretraining data to language models to downstream tasks: Tracking the trails of political biases leading to unfair nlp models. ACL 2023.

Toxicity Identification Score
|
~N




8.2.3 #iFNIE
m 73Rk

HIF5i7A99315)88 (Word-based Tokenizer) B EL T h9931758 (Character-based Tokenizer)
Let’s do tokenization! L e |t | “|s|d|Jo|[t|o]|k|e|n]|i|z|a]|t]|i]|o]|n !
Let s do tokenization

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

HIFF15/9931588 (Subword-based Tokenizer)

Let’s </w> do</w> tokéen ization</w> I</w>

“UnfOftunately” = “un” + “for’ + “tun’ + “ate’ + ;cly.!r

Fis FELEHR IR — B,

fign,  “annoyingly” RJREHIAVIR— 1 FUAYE, RAILAZ#E/ “annoying” F1
‘ly" . XFREERIEE(F AR ZAY AR IS EINEE, FERT "annoyingly” FIE X
EH “annoying” 1 “ly” E’\JE‘S/E\.)‘U%O

Source:



https://huggingface.co/learn/nlp-course/

8.2.3 #iE4LIE
m 3iEk

HF 515180951785 (Word-based Tokenizer) HIFFR89917)88 (Character-based Tokenizer)
Let’s do tokenization! L e t ‘ S d o t 0 k e n i zZ |a|t i o n !
Let ’s do tokenization !

____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________

FPX4mMBtRIC{t(Byte-level BPE)

Byte Pair Encoding Data Compression Example

Let’s </w> do</w> token ization</w> I</w>

aaabdaaabac

un” + “for” + “tun” + “ate” + “ly”

aaabdaaabac Replace z = aa

Replacement Table

ZabdZabac e el o e e
H e pair eplacemen
WordPiece Tokenizer | X &
i 2YdZYac Replace X = 2Y ab Y

JEHLD\E$: I have a new GPU E XanC Final compressed string
fRCXA: [T, ‘have’, ‘@', ‘new’, ‘gp’, '#u, .1 |

Unigram Tokenizer (SentencePiece or Unigram)

Source: https://huggingface.co/learn/nlp-course/


https://huggingface.co/learn/nlp-course/

8.2.3 MiENIE
H BPE
import tiktoken

enc = tiktoken.encoding_for_model("gpt-do")

(enc.encode("{R%F, FIEEFSINLP"))

[177519, 40824, 70104, 64550, 45, 19318]

from tiktoken._educational import *

enc = SimpleBytePairEncoding.from_tiktoken("cl100k_base")

tokens = enc.encode("Hi, I am learning NLP")

learning


https://huggingface.co/learn/nlp-course/

8.2.4 HBIEREX R

B RIS
HiEHDHXIEEEERERN. Gopher BIPAHIT ¥ —R5IiHFISEE [138], AIRIEN

BEEELLHsE IR SRR IE X A PIHIRESC RAIEEN [127], SR —ISEMRI
BISGEERS 2R, thasESi#(E LLMs EELh4RIRAY;ZLaES [164, 138],

T5(11B) mT5 (13B) LLaMA ( 65B ) GPT-3 (175B) MT-NLG (530B ) Gopher (280B ) Chinchilla ( 70B )
1 11% 7% 5%
5% 17% ”,
13% 35% 39%
- o 235 56% 1:1 55%
100% 100% B5% 1%
GlaM (1200B) PaLM ( 540B) LaMDA (137B) Galactica ( 120B) GPT-NeoX ( 20B) CodeGen ( 16B) AlphaCode (41B)
. M%m% 13% 7% 10% 8% . 154
42% 38% 2%
48% e 46% 996
4%
30% o 50% a3t 165 0n o
P 71 FHEHE HiE e 143

Source: https://transformers.run/c4/c15 pretrain llms


https://transformers.run/c4/c15_pretrain_llms

8.2.4 {RBIEEEXR
m il EiEE — Scaling Laws

OpenAl Kaplan’s Scaling Laws

= EEEIGITEERER T, REMEEEE
HEFERERR
L(N) = (N,/N)*"; ay ~0.076, N, ~ 8.8 x 10"* (non-embedding parameters)
L(D) = (D./D)*®; ap ~ 0.095, D, ~ 5.4 x 10" (tokens)
« BB EERVEN, SURAEMNRE AN
ROZEIZIEK, (BEREA/NIEEN 1ZE R

Data Size Bottleneck

4.5 :
D lwe.. L]
Er ., .,
‘- .......... &, o .°. | DataSize
4.0 e o 2IM
g : .;;;; .‘!_:::.: .............. @ i iiiisssannnanranaann ° 43M
2 3 5 e AL ZTTI [ PP @®......4 9. ® 86M
— . TEaalieal, [ AT Wi, [ ] ® 172M
" g S
e TR e ... o 344M
~ 3.0 R Ml ... o 68sM
........ .. e 14B
22.0B
2.51
——— T T T T T T
106 107 10® 10°

Params (non-embed)
Source: https://arxiv.org/abs/2001.08361

DeepMind Chinchilla Scaling Laws

»  FTAY scaling law 1B
. R A B
L(N,D)=E+ ~a T DB

 BEEIGTREEEK, SURHEMEE /N
ZLAJ T F—EANEE K N, o< C* and D,y o< C*

1T
—— Approach 1
1008 —— Approach 2
" —— Approach 3
| - -
% 10B Kaplan et al (2020)
g Y¢ Chinchilla (70B)
& 1.08 # Gopher (2808B)
% GPT-3(175B)
¥¢ Megatron-Turing NLG (530B)
100M
,/
10h{|01?‘ 101 1021 1023 102
FLOPs

Source: https://proceedings.neurips.cc/paper_files/paper/2022/hash/cle2faff6f588870935f114ebe04a3e5 -Abstract-Conference.html
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m Tl 5 &8 iE R E

S ERNTHIIGRIERE LLMs HantaEss —

B HEEREEFRRER
SR | RN R AT S
RS AMNLEN TR, MRBISMEEHIRS
SHISTIEIEMMAMEITRE, SMEENE F TS E thi TS BT AYeS

EED 4B ea+ 2B REHRYI & KE?

FUEiEL: https://blog.csdn.net/u011559552/article/details/142217358
FEiE2: https://github.com/lonePatient/awesome-pretrained-chinese-nlp-models
FEiE3: https://gitee.com/oschina/awesome-llm
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8.2.4 IRBIEREEX R

B FlGFHERE — AIWEFR (BIATE)
0 T I SRR TP SR IR IR X Fr & SRR TR
0 FAVRSS 5B BES 53 RS RARR
0 R AR ST SR AE P ARISE | FRE

PubCLS NewSum TwiERC

o -- -n -~ H- . FINETUNING PRETRAINING
--- -- E.H LM-SmarL | LM-XL || LM-SmarL | LM-XL
s .. Doma | Task ™ | T || TD | TD

T I B PusCLS | 582 084|563 080/ 002 001|059 0.67

=74 AN

Pretrain Years
[ N

NEWS | NewSuwm | 0.80  0.82 | 291 092 ||-031 029|073 045
E ---- . PouArr |3.74 0.84|4.93 089 || 0.50 021|028 0.56
-- . WITTER | - ERC | 049 073 | 053 0.82| 0.05 027|023 0.72
- --“ ms e Science | AIC 0.94 083|024 036 0.11 0.18"|0.23 0.66

-- MEean | 2.36 081 | 2.84 076 0.08 0.07 | 041 0.61

2016
Ev. IYars

25‘-J:Fﬁl_. ¥JJ}IIQ".F§5HEEIG5IEJR HE, REWREEIEN LLMs TE5eRY

SEER, FEHTHEBE, MTiER LLMs {EiZ{tin5 1568

[1] Shayne Longpre et al. 2023. A pretrainer's guide to training data: Measuring the effects of data age, domain coverage, quality, & toxicity. arXiv preprint arXiv:2305.13169.
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https://www.bilibili.com/video/BV18z4y1J763/?spm_id_from=333.337.search-card.all.click&vd_source=dcdf7189a3746be0a3a8f3a14bd3df03
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void vecAdd(float *xa, float *b, int n) {
for (int i = 0; i < n; i++) {
bl[i] = alil]l + bl[il];
}

// Kernel function to add the elements of two arrays

@2 NVIDIA. __global__ void add(int n, float *x, float *y) {

for (int 1 = 0; i < n; i++)

CU DA y[il = x[i] + y[il;
®
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