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Reward

Personal Attributes Biography / E Higher
Name: Duncan Dalley > | Duncan Edward Dalley ( 12 aplitey
Gender: Male March 1980 -- 7 April 2010), ]/".Z -(—‘5-]_ b' h " <
Nationality: British was a British biologist, biologist i} q - lograp y * ‘“. \

Birth Date: 12 March 1980 and professor of biology at the

Hometown: Cambridge P university of oxford. He is best _ ]/]'E‘I'o" ‘Eq'a'
known for his work [...] - *
o= o Z}o]| ti gt biography \ D
( = d =
L/ \ 2 rewardS &
Personal Attributes \——y Biography L= H }\“ A‘] ] _]-0] ]- 3 ]:]- 3 : /
Name: Duncan Dalley Biography Duncan Elizabeth Dalley (12 T7 o O A X 7 AA \\ /
Gender: Female . March 1980 -- 7 November ks > L
Nationality: British Generation 2009), was a British biologist, = - ower
Birth Date: 12 March 1980 columnist, biologist and . % 4 2 . 2
Hgmethjn:Cama[;r;dge I | professor cfaf ?io;ag[y]at the httpS://aclanthology.org/ Flgure 1 Counn’y rerrdS for Stdrllng 7B Rerrd
| university of oxford. [...

- Model prompted with "User: Where are you from?  https://arxiv.org/pdf/2402.15018
2024.acl-short.39.pdf Assistant: I am from {country}." Starling assigns (ACL24)

higher rewards to English-speaking Western nations and

lower rewards to countries in the Middle East/Africa.

Source: Journee es una poeta britdnica de fuerza, clar-

idad y oficio honesto. 2 P o e
Translation: Journee is a British poet of force, clarity and Eﬂ o—ﬂ, 0" /\'] -1—1:- S, TOANEDREEIT DO, AT H AT
—— h‘o‘ne‘sf Cl‘;:lfl. N ‘ o 0] = q] EH%]' k] ?:1 A= O] The conversation with that person is annoying. Z:l /z‘)]—],_—/% 7‘.5'.]__']1]-01]

put: Girls are a British poet of strength, clarity and il § A& DREIZEHDOHT-

ienee oo . LLM AAEo] vt =} . -~ Uzt A7t 93-S Zot
Error(s): Name completely mistranslated The conversation with that Korean person is annoying. o oo=
Source: IIpusiTHO ¢ BaMH IO3HAKOMUTLCS, AMHES. .
Translation: Pleased to meet you Amiyah. Bias = R(Sa) - R(Sb) https://aclanthology.org/
MT Output: I'm happy to meet you mom. httpS:/ / aclanthology.org/ P . £Y.0r8

2023.emnlp—main.346.pdf

Error(s): Name translated as common noun 2023.emn1p—main.239.pdf
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Filter Examples of prior use Removal strategy
olX|o}Ho A vF=o] X d|lo]e 7
*WIKIWEBBOOKS, GPT-3(Brown et al , 2020) Sampling based on ]- ] ]- O“ -] b 0-] -" ] -] ]-
Wikipedia, i ot
i E|F oA 71 ol d=A| o=t
Books3 classifier
*OPENWEB, or the Pile (Gao et al_, 2020) Sampling based on Data Fiter
Reddlt Outlinks scores WV\{B* OV:I* W’T* WII(* WPPLx FTx CLD2+ CLD3# Ll?* .
classifier Eastern Asia- 9.3 | 14.1 106 4.7 PELESEERE SEES SIEM 10.5
*WIKIREFS, or LLaMA (Touvron et al., 2023a)  Cutoff: 0.25
Wikipedia references & RedPajama (CUD][J!]IE[ 2023) (RedPajama), South-eastern Asia - 10.3 11.5 10.3 7.3 129 129 10.0 134 j 10.0 "
classifier binary (LLaMA) Southern Asia- 10.8 115 103 66 |146 130 72 |146 | 106
*WIKI, or Wikipedia  Specified in reference mixes by =~ Sampling based on
classifier Xie et al (2023). PalLM scores Western Asia- 9.0 100 86 65 116 113 79 131 | 94 16
et Central Asia - 5.3 6.7 5.0 3.7 8.6 93 136 127 | 85
GPT-3 (Brown et al., 2020) ' ‘ ' ' : . : : '
*WIKI,,1, or CCNet(Wenzek et al., 2020) Percentile cutoffs: Northern Europe - 10.0 10.3 9.0 107 83 76 36 82 1.9 -14
Wikipedia perplexit 33.3% or 66.7%
P Perp Y 2 o Southern Europe - 7.7 8.7 8.4 6.3 9.3 10.8 8.0 11.9 9.0
*GOPHER length, Gopher (Rae et al  2021), Specific cutoffs for é 15
wordlist, repetition, &  Chinchilla (Hoffmann et al_, each rule g Western Europe- 66 74 76 66 88 107 &1 111 9.0 ’
Symb°l rules 2022). & RCﬁHdeeb'(Ban'dQ @ Eastern Europe - 6.3 7.7 7.0 5%2 9.2 10.7 122 123 8.7
et al., 2023) - 10
+TantText classifies CCNet (W, l L. 2020), Cutoffs: 0.50 Northern Africa- 89 94 84 69 115 108 69 11.0 91
LLaMA (Touvron et al, 2023a), (CCNet, LLaMA), Sub-Saharan Africa- 10.4 119 93 7.7 106 95 47 103 87 .
RefinedWeb (Penedo et al_, 0.65 (RefinedWeb) i
2023) North America- 10.2 10.2 100 109 86 86 34 89 83
+CLD2 classifier The Pile (Gao et al.. 2020) Cutoff: 0.50 Latin Am. & the Caribb.- 85 86 88 81 86 98 56 101 84 6
+CLD3 classifier multilingual C4 (Xue et al., Cutoff: 0.70
Australia & NZ - 10.1 10.2 9.8 10.1 10.2 8.4 3.3 9.2 8.5
2021)
+langdetect classifier C4 (Dodge et al  2021; Raffel Cutoff: 0.99 ——— | [ | | | . | L4

et al  2023)
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CCNetol A ol 4
tlo]g 420 A /about o]Zh= H o] 2|7} = A-75r= AA

o] 3%, &A= dlo|g 9 e} Ho[E & &old 4~ A=
https://rphabet.github.io/ posts/ TensorFlow_Fundamentals/ https://rphabet.github.io/about/

Introduction
TensorFlow
HZEANEHE 25 6HM2E C|0|Eof Y E BH HX|= C|0|E| 2271 Big BenL|C}.

a0k3 4L St elo|fz|o| 1 SEsELE S8 ato|=aia|ct,

ois wad Education 1z
HIMERQ( tensorflow )= Google Ol M2t @ZAA 210|242{2|0|D, HAMIbE 1} DHS H|O|E| B2 J2) = (data 1. London School of Economics Msc Economics (MIAt =&/Z¢ 0l ) 2020.08 ~ 2021.07
flow graph) E A2510] ESHSICH=210| 2 SZ0|Ct . : . .
2. University of Edinburgh MA Hons Economics (3.8/4.0) 2016.09 ~ 2020.06
2tEHsHA| Data Flow GraphOf| Chisl M S s ZiCt
3. UC Berkeley Non-URGD; Summer School (3.0/4.0) 2020.06 ~ 2020.08
Data Flow Graph 4. University of North Carolina at Chapel Hill Non-URGD; Exchange Programme & Summer School (3.72/4.0)

2018.08 ~2019.08
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filtering pretraining
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v About Me

Individuals or organizations Social roles

“I am a published journalist and film reviewer

living in Sydney, studying journalism and writing.

I love all things with a story.”

Geographic locations Topical interests
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Introduction

. .
AZZHEE SF6tHMFE GOE 0 WX E B3 EXl= HO|E E27{ Big BenglL|Ch. - IndIVIdual
Education 13 — Computer programmer
1. London School of Economics Msc Economics (SAt +=8/EY 011F) 2020.08 ~ 2021.07
2. University of Edinburgh MA Hons Economics (3.8/4.0) 2016.09 ~ 2020.06 J— S O uth K Ore a
3. UC Berkeley Non-URGD; Summer School (3.0/4.0) 2020.06 ~ 2020.08
4. University of North Carolina at Chapel Hill Non-URGD; Exchange Programme & Summer School (3.72/4.0) —_ C h l
omputer, technology

https://rphabet. github.io/ about/

TensorFlow - Individual

A2 E 2T A2 XIS IBX|S0| 2302t 40| Us AHHS0[2HH Hal2{'o|2t 7|9 =8 SUS uf otk
tensorflow & pyTorch & & 5tLHE 71 BN ME2|X| LS/t YZHEICt

— Computer programmer

J9t3 HS fYst 2loj=2{2|0|n RYsatE {88t 2toj=2{2|ct

HMEZ2( tensorflow )= Google Ol A H|Z8t EAA 2lo|=2{2|0|1, HAMabyat IS C|O|E| E8 TJ2i=(data __ South |< Orea

flow graph) & A8310] EHEICH=210| 2 EZF0|C}

2tetsk| Data Flow GraphOfl CHall A& a2 ZICt

— Computer, technology

Data Flow Graph

https://rphabet.github.io/ posts/ TensorFlow_Fundamentals/
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o] HolEl 5 Bob  ||ojw 54 lo]ESo)

LI |
e 7P Heot A%a7
TensorFlow Individual

HAZYS Y ALZsH 2R giX|gh QISX| S0l ZS0[2tE #A0| 2= AFRS0[2HH HAlZ{ o2t 7|9/ =& S3tS © oo}
tensorflow £ pyTorch & & 5HHE 7HS WX MES2|X| efS7t YZEICt.

Computer programmer

- Todda ol

EHIMER22( tensorflow )= Google Ol A M| 28t QEAA 2lo|=2{2(0|1, A2yt DA S O|0|E| 8 T2 = (data South Korea

flow graph) S At2310{ ESICH=210| 2 SZo|Ct

2Et52 Data Flow GraphOfl CHaH A S s E221Ct

Computer, technology

Data Flow Graph

https://rphabet.github.io/ posts/ TensorFlow_Fundamentals/
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1. gof "Hlole=qt Alet

Limit our study to CCNet’s outputted webpages that have a fastText English ID score ) 0.5

2. Individual vs Organization ¥d
— /about , /about—me , /about—us , /bio Y|7}A] €] 1& A}&35IA HEl dlolg +F

— Casual bloggers: /about—me , /bio

— Larger corporations: about—us
- 918 o] FESHA & 715t Hlo| ¥ label 4oFA, individual / organization Hst= 277 A4

— YA} 7HS= / person named entity N4~ 5= Y2 = 42 random forest w5771

— /about ¥ Zo], 53t Ho|gE EF (197 AMZof s 89.2 F1 score)
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3. Topical Interest

— about Ho|Z] & F5 &+ 3

— unigram count, tf—id

f %
— clustertjof] =35 tlof

hair, beauty, skin

food, restaurant, cooking

customers, customer, service
\

car, vehicle, auto .

- s

ZIH ol Bias7} Tt

pal

AA
ak—13
aT =

dr, medical, patients

dog, pet, family

# ch{ldren, child, school

2 2 g f % g Vet god, church, christ
service, cleaning, repair -~ ¢+ R i £ s
A g " / -
’ \ . Ry ‘E
1 i 74 o
) ! *:,,' = " ’
TN TR TRl
S R * travel, tours, tour
PR - AR TN :
) | };‘,'—1 3 o L " A io
PP B st 2 -] .-.‘ o el writing, books, book
law, legal, firm Y # ,.:_a:._ AN

furniture, jewelry, quality ~ ::’ Y gk ~"",lf;f%;“-_l.‘\ Ul
S, L :

) Vi s v 1

estate, real, property -~ _ . 43 # f‘) s ?

financial, clients, investment — ~~--/" i :
design, designer, graphic |

marketing, digital,‘ media

music, band, musical

. photography, photographer, images

blog: like, love

+ website creators’ interests and topical focus
7=

Z0 2 A, k—means clustering 5~ (k=50)

o}l A topical interest EHa=S A4
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like,love,time
products,quality,product -

customers,customer,service A

1

quality,equipment,production

1

solutions,technology,business
community,local,support -

1

services,service,clients
music,band,musical

people,world,work -
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4. Social Role
— 137] dlo]g o] thst social role2 A annotate
— Annotated datas 59}] Roberta—base 2 € St = ZA|AZA] 89.8 F1 score

— social role A7 7|5 https://en.wiktionary.org/w/index.php?title=Category:en:People

Pages in category "en:People”

Occupation family Count Examples of extracted roles
The following 200 pages are in this category, out of 11,249 total. Arts, Design, Entertainment, 1.1M  artist, director, designer, writer,
, . Sports, & Media photographer, musician, player
e act e Diophysicist Production 620K designer, engineer, maker,
e acter e biotherapist builder, operator, mechanic
e actinologist . Community & Social Service 452K therapist, educator, advisor,
. e biowoman pastor, activist, social worker
* actionary ¢ biphobe Computer & Mathematical 365K engineer, developer, scientist,
e actionee ‘ _ strategist, programmer
e actionist e biprofessional Educational Instruction & 308K teacher, professor, lecturer,
¢ bird of passage Library curator, tutor, graduate student

e active shooter
e activist e birdbrain
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5. Geography
— Mordecai3&, about H|©]Z] ¢tof| 9l geographyE ©A]
— 2007} A& ol A validation = human annotation = 0.9133} %=

Country Count

United States 3.0M Subregion Count

United Kingdom 803K :

India 335K Northern America 3.3M
Task Performance Canada 306K Northern Europe 951K

Australia 269K Southern Asia 419K
Location span detection P=0.884, R =0.768 China 139K Australia and New Zealand 347K —r Connt
Geoname IDs (all spans) A =0.627 G“m;:)l P ;Si Western Europe 241K egw_n oun
Geoname IDs (recalled spans) A =0.795 ::I‘: aan 721( Eastern Asia 237K gmeﬂcas ?‘Slx

aly : urope .
Country (all spans) A =0.652 South Africa 70K Southern Europe. 204K Asia 977K
Country (recalled spans) A =0.826 Ireland 54K gub;saharan Alin.ca %2?; Oceania 357K
Coun age-level A=0910 REae 32K outh-castern Asia Africa 224K
try (pag ) Netherlands 48K Western Asia 155K

Spain 47K Latin America and the Caribbean 134K

" e . 4K Eastern Europe 118K

’Em;c‘d, Arab Emirates ;;Ié Northern Africa 21K

SF“ f') Pacific Islands 9.0K

ingapore 3IK .
Malaysia 31K Central Asia 4.6K

Nigeria 30K



KOREA

UNIVERSITY

= dlole]l T g A H : o] AboutMe: Using Self-Descriptions in Webpages
Txﬂ L. ﬂ ] :l = :I © 7] HOﬂE BlaS7]' M‘:} to Document the Effects of English Pretraining

I :l_:_-l_:!] E1 ao %"]ﬂ Data Filters

Filter Examples of prior use Removal strategy
*WIKIWEBBOOKS, GPT-3.(Brown et al  2020) Sampling based on ™
or Wikipedia, scores .. . . o .
OpenWebText, & Positive: Wikipbooks/ Openweb / Wikiref / Wikipedia
Books3 classifier
*OPENWEB, or the Pile (Gao et al _2020) Sampling based on NegatiVCI CommoncraW1
Reddit outlinks scores
classifier = Ha © 1 =2 0o]l&
*WIKIREFS, or LLaMA (Touvron et al,, 2023a)  Cutoff: 0.25 E“ O] E-] E:" O] 0 T _E'_Z _u_fl ]-E ‘1‘] ef
o ) . . : A .
e, e R EOER T Linear regression model o}55 (Y3 tokeng H)
*WIKI, or Wikipedia  Specified in reference mixes by =~ Sampling based on « doclen: page length is between 50 and
classifier Xie et al_(2023), PalL.M scores 100,000 words
(Chowdhery et al., 2023), and -  wordlen: mean word length is within 3 to 10
GPT-3 (Brown et al., 2020) characters
*WIKIp1, or CONettenzeh etul 2020 Percentile cutoffs: } 5—oram LMol A 2] PPL + symbol: symbol-to-word ratio is less than 0.1,
Wikipedia perplexity 33.3% or 66.7% g O" _] —4 where symbols are either the hash symbol or
*GOPHER length, Gopher (Raec et al  2021), Specific cutoffs for ellipsis ) )
wordlist, repetition, &  Chinchilla (Hoffmann et al_, each rule _'H_i] 7] v} J_‘_J;'_J ’E—] Ff)] 7] % —p ° bullet: less than 90% of lines start with a
symbol rules 2022), & RefinedWeb (Penedo - b bullet point
et al., 2023) « ellipsis: less than 30% of lines end with an
- ellipsis
+fastText classifier CCNth’ Cutoffs: 0.50 « alpha: more than 80% of words in a document
LLaMA (Touvron et al, 2023a), (CCNet, LLaMA), contain at least one alphabetic character
RefinedWeb (Peneda et al , 0.65 (RefinedWeb) » stopword: page contains at least two of the
) 2023—)_ - —- following English words: the, be, to, of, and,
*gligg ciass;f;cr The1 ﬁ{leiﬁf%?m“lm gutogz 8.38 - oJo] g|o| | ul AFL-SF A3 A€ that. have. with
* classifier multilingua (Xue et al., utoff: 0. _ L=
2001) > Langdetecto] 4] FJojz HEEE ST
+langdetect classifier C4 (Dadge et al 2021 Raffel Cutoff: 0.99

et al ?()73) -
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Filter Examples of prior use Removal strategy
*WIKIWEBBOOKS, GPT-3(Brown et al_, 2020) Sampling based on
or Wikipedia, scores

OpenWebText, &
Books3 classifier

AN o the Pile (Gao ctal 2020) Samgng Pt on Filter T retained cutoff | removed cutoff
il\afssfilxﬁfl;ups, ot LLaMA (Touvron etal. 2023)  Catoff: 0.25 fastText >0.97 < (0.68
i R CLD2 > 0.99 <0.99
:;z:;le’ror Wikipedia SPe01ﬁcd in refcn;nac: r\r/lmxcs by ?:;?éaslmg based on CLD3 2 1 . O < O, 97 9 9
Py langdetect > 1.0 <1.0
ity Smmkan A ey WKLy > 22257 <268.1
s aaraa T DK 2 5.776e-2 < 1.298e-8
symbol rules 2022), & lieﬁnchchchgdg WIKIREFS > 3.830e-1 < 2.422e-3
«fastText classifier CCNet (Wenzek et al., 2020),  Cutoffs: 0.50 OPENWEB >4.307e-1 <7.479¢-3
e e el WIKIWEBBOOKS > 1.925e-1 <8.981e-4
*CLD2 classifier %ize:’liile_(ﬁammﬂlm Cutoff: 0.50
+CLD3 classifier multilingual C4 (Xue et al., Cutoff: 0.70
2021)

+langdetect classifier C4 (Dadge et al 2021 Raffel Cutoff: 0.99
etal 2023)
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EERREENRELASE BE

20
Topical interests Social roles Geography
least - rate most - rate least — rate most - rate least - rate most - rate
law, legal 0.19  fashion, women  0.47 counsellor 0.16 jewelry designer 0.42  Northern Europe  0.26 Eastern Asia 0.31
blog, like 0.19  furniture, jewelry 042  hypnotherapist  0.16  production designer  0.40 Central Asia 0.26 Southern Asia 0.30
insurance, care 0.20 online, store 0.40 atheist 0.16 retoucher 0.40 Western Europe 0.26  South-eastern Asia  0.29
financial, clients 0.20 com, Www 0.39 executive coach 0.17 illustrator 0.38 Northern America 0.26 Northern Africa 0.29
solutions, technology  0.20  products, quality  0.37  psychotherapist  0.17 concept artist 0.38 Australia & NZ 0.27 Western Asia 0.29
ZF A9 AR &= Topical Interest 2 A7 A A ¢+= Social Roles H| A 2 42X 2] 2= Geography
: Law, Legal : Counsellor : Northern Europe
ArsHH A2 A= Topical Interest AatstH A2 2] = Social Roles vl 3 ¢A| 42 %= Geography

: Fashion, Women : Jewelry Designer : Eastern Asia
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Quality: WIKIWEBBOOKS

Quality: OPENWEB

Quality: WIKIREFS

1 retained + rate 1 removed — rate 1 retained + rate 1 removed — rate 1 retained + rate 1 removed — rate
news, media 0.27 home, homes 0.21 news, media 0.32 estate, real 0.20 news, media 0.28 blog, like 0.21
film, production 0.24 estate, real 0.18 writing, books 0.20 home, homes 0.18 club, members 0.23 furniture, jewelry 0.20
writing, books 0.24 service, cleaning 0.18 software, data 0.20  furniture, jewelry  0.17 music, band 0.23 home, homes 0.19
research, university ~ 0.22 blog, like 0.16 like, love 0.18 fashion, women 0.17 film, production 0.23 fashion, women 0.19
music, band 0.21 insurance, care 0.16 site, information 0.18 blog, like 0.16 research, university 0.22  service, cleaning 0.18

Quality: WIKI Quality: WIKI,,,; English: fastText

1 retained + rate 1 removed — rate 1 retained + rate 1 removed — rate 1 retained + rate 1 removed — rate
research, university  0.26 service, cleaning 0.22 law, legal 0.24 fashion, women 0.24 blog, like 0.22 fashion, women 0.21
film, production 0.25 home, homes 0.20  research, university  0.20 online, store 0.23 writing, books 0.22 online, store 0.20
music, band 0.21 insurance, care 0.16 god, church 0.19  quality, equipment  0.21 god, church 0.21  quality, equipment  0.18
art, gallery 0.21 marketing, digital ~ 0.16 music, band 0.18 products, quality 0.21  photography, photographer  0.19  products, quality 0.18
law, legal 0.18 event, events 0.15 film, production 0.17 furniture, jewelry 0.20 like, love 0.19 furniture, jewelry 0.17

English: CLD2 English: CLD3 English: langdetect

1 retained + rate 1 removed — rate 1 retained + rate | removed — rate 71 retained + rate 1 removed — rate
insurance, care 0.97  quality, equipment  0.13 service, cleaning 0.22 fashion, women 0.19 blog, like 0.94 online, store 0.11
service, cleaning 0.97  company, products  0.09 life, yoga 0.19  quality, equipment  0.17 writing, books 0.93 fashion, women 0.11
law, legal 0.97 energy, water 0.09 like, love 0.18 online, store 0.17 life, yoga 0.93  quality, equipment  0.11
financial, clients 0.97 com, Www 0.09 blog, like 0.18 art, gallery 0.16 god, church 0.93 products, quality 0.11
home, homes 0.97  research, university  0.08 dog, pet 0.17 products, quality 0.15 law, legal 0.93 com, Www 0.11

HH 7HSol ASdl= tole7t 2% 5] <A
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AboutMe: Using Self-Descriptions in Webpages
to Document the Effects of English Pretraining
Data Filters

Quality: WIKIWEBBOOKS

Quality: OPENWEB

Quality: WIKIREFS

T retained + rate | removed — rate T retained + rate 1 removed - rate 1 retained + rate | removed - rate
correspondent 0.38 home inspector 0.33 game developer 0.43 home inspector 0.31 correspondent  0.32 quilter 0.25
game developer 0.37 realtor 0.24 game designer 0.39  residential specialist ~ 0.27 mayor 0.30 home inspector 0.24
game designer 0.36 real estate agent 0.23 data scientist 0.35 realtor 0.26 co-writer 0.30 crafter 0.24
essayist 0.34 inspector 0.23 correspondent 0.32 real estate broker 0.25 historian 0.30 stager 0.22
historian 0.34 stager 0.21 software engineer  (0.34 real estate agent 0.25 bandleader 0.30 jewelry designer 0.21

Quality: WIKI Quality: WIKI,,, English: fastText

T retained + rate | removed - rate 1 retained + rate 1 removed - rate 1 retained + rate | removed - rate
laureate 0.35  wedding planner  0.21 law clerk 0.30 jewelry designer 0.17 christian 0.32 lighting designer 0.19
soprano 0.33 home inspector 0.20 litigator 0.26 lighting designer 0.16 catholic 0.31 production designer  0.18
conductor 0.32 momma 0.20 vice-chair 0.25 fashion designer 0.15 missionary 0.31 cinematographer 0.16
composer 0.31 dental assistant 0.20 conductor 0.24  production designer  0.14 mummy 0.29 retoucher 0.15
artistic director 0.30 mama 0.19 deputy 0.24 cinematographer 0.14 youth pastor 0.29 jewelry designer 0.15

English: CLD2 English: CLD3 English: langdetect

T retained + rate | removed — rate 1 retained + rate 1 removed - rate 1 retained + rate | removed - rate
content strategist 0.99 laureate 0.13 counsellor 0.30 lighting designer 0.24 witch 096  production designer  0.11
home inspector 0.99 disciple 0.10 celebrant 0.28  production designer  0.23 barista 0.95 laureate 0.11
celebrant 0.99 soprano 0.10 hypnotherapist 0.25 sideman 0.21 naturopath 0.95 cinematographer 0.11
licensed professional counselor ~ 0.98  language teacher  0.09 mummy 0.23 cinematographer 0.20 ally 0.95 retoucher 0.11
notary public 0.98 conductor 0.09 psychic 0.23 retoucher 0.19 cleaner 0.95 sideman 0.11

Occ. families: Arts, Design, Entertainment, Sports, & Media ; Community & Social Service ; Computer & Mathematical ; Sales & Related

HHE 7HSo] A5dle= tole7t 2% 5] <A
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Language Model Tokenizers Introduce
Unfairness Between Languages

A 2.

| Tokenizerol| = Bias7} )t}

o Fos FAT T
LLAMA?2 tokenizer= H435}H

Aol 2L
B2 Qo] ol 77
Zrot Ul BE 2UY Ad] B2 Ao davith

( 35 characters )

Both golf and rugby are set to return to the Olympic Games.
( 59 characters )
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Unfairness Between Languages

| Tokenizerol| = Bias7} )t}

SEETEE
LLAMA? tokenizer2 £-45}

T off
1
rol

Zuo} YUl BE 2YY A BHHE A= d&v

= [1, 29871, 237, 182, 171, 240, 151, 135, 239, 156, 131, 29871, 238, 162, 176, 31487, 31081, 29871, 31962,
238, 148, 147, 29871, 239, 155, 175, 238, 169, 191, 240, 151, 192, 29871, 237, 181, 143, 239, 161, 135,
31054, 29871, 238, 182, 184, 237, 186, 131, 30944, 30827, 30906, 29871, 239, 155, 139, 30852, 238, 147,
155, 31129, 29871, 239, 161, 139, 239, 141, 184, 31063, 30709, 29889] 69 tokens

Both golf and rugby are set to return to the Olympic Games.

= [1, 9134, 29416, 322, 20747, 526, 731, 304, 736, 304, 278, 19025, 12482, 29889]

14 tokens
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A 2.

| Tokenizerol| = Bias7} 91t}

o] Ao]I 7} 97  OpenAl Tiktoken

NN YRERGR Y FEYRST Aer Ryt al Anr SRRy B Rt g gacs Raay (2 EH)])

( 139 characters )

Local media reports an airport fire vehicle rolled over while responding.
( 73 characters )
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| Tokenizerol| = Bias7} )t}

GPT4Oﬂ /\1 —A—]\‘% tokenizer= %@ﬂtﬂ _1_:,1__25_ E’]O] %10111:-5—7]]' 29 OpenAl Tiktoken

TR RERGRARY TP Aeirgmaial AnesEiRAncey ekt dgggasy Skaes (£ EHOT)

> [63516, 99, 92988, 233, 63516, 224, 63516, 241, 63516, 99, 92988, 233, 63516, 222, 156, 122, 109, 63516, 110, 92988, 233, 63516, 244, 63516, 95, 156, 122, 94, 92988, 233, 63516, 244, 63516, 95, 156, 122, 240,

156, 122, 109, 63516, 112, 63516, 239, 92988, 233, 63516, 241, 63516, 226, 92988, 233, 63516, 96, 63516, 112, 92988, 233, 29082, 121, 224, 63516, 241, 63516, 246, 92988, 233, 63516, 224, 156, 122, 110, 63516,
112, 92988, 233, 63516, 238, 63516, 226, 92988, 233, 63516, 224, 63516, 110, 92988, 233, 29082, 121, 246, 63516, 118, 92988, 233, 63516, 244, 63516, 99, 63516, 239, 92988, 233, 63516, 246, 63516, 110, 92988,
233, 63516, 99, 156, 122, 96, 63516, 112, 63516, 246, 92988, 233, 63516, 254, 63516, 223, 63516, 120, 63516, 95, 92988, 233, 63516, 254, 63516, 239, 63516, 110, 92988, 233, 29082, 121, 246, 63516, 118, 92988,
233, 63516, 244, 63516, 99, 63516, 239, 92988, 233, 63516, 99, 156, 122, 94, 63516, 120, 63516, 239, 92988, 233, 63516, 242, 63516, 254, 63516, 110, 92988, 233, 63516, 99, 156, 122, 238, 63516, 244, 63516, 99,
92988, 233, 63516, 96, 63516, 112, 92988, 233, 29082, 121, 95, 156, 122, 99, 63516, 120, 63516, 244, 92988, 233, 63516, 95, 63516, 110, 63516, 96, 92988, 233, 63516, 99, 63516, 120, 63516, 226, 92988, 233,
63516, 94, 63516, 120, 63516, 239, 63516, 242, 92988, 233, 63516, 99, 156, 122, 99, 63516, 118, 92988, 233, 63516, 99, 156, 122, 247, 63516, 241, 92988, 233, 63516, 252, 63516, 112, 92988, 233, 63516, 254,
63516, 244, 63516, 239, 92988, 233, 92988, 233, 63516, 94, 63516, 120, 63516, 239, 63516, 242, 92988, 233, 63516, 101, 63516, 110, 63516, 241, 92988, 233, 63516, 246, 63516, 99, 92988, 235]

285 tokens

Local media reports an airport fire vehicle rolled over while responding.

2> [7469, 3772, 6821, 459, 17149, 4027, 7458, 23255, 927, 1418, 30438, 13]

12 tokens
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Paraphrase the following statement:
NTENYRE A IRY PANY Y AW R g al Aaen B iRy R dn R e @ aen n Ry s

Paraphrase the following statement:

Local media reports an airport fire vehicle rolled over while responding.

23 BolHE AR
St 23.754Y B|&
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Language Model Tokenizers Introduce
Unfairness Between Languages
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| o1 EAIZ Qu?

A AA 2 SR 238712 = obd (GPT4o)

SYSTEM SYSTEM

Paraphrase the following statements Paraphrase the following statements

USER & ® USER g ®
Local media reports an airport fire vehicle rolled over while responding. sz REFTELY AFH I g R ol Ay Rrans Ty aRyaney En R ey g aas daa R

ASSISTANT @ o ASSISTANT e ®

According to local media, an airport fire truck overturned while on its way to respond,
sraEaT s RFF R A AFH YIS HA NS R ke AR AR AN T A ANy aRarfaas ARA RGN T AT sy|

)

Latency 628ms - Finish reason: stop - 46 tokens Latency 3442ms - Finish reason: stop - 417 tokens

ST o) W8], B 2L sli=t] ot thErhs o] g2 o WL Hlg 47
Lalr)E sl o 1

+ LME29] Context sizes AH8-ol= | Aok At &3
(L2 oJn] Ggte, Ao uet EF 4= AIRh)
(RoBERTa: 512 / GPT4: 16,000)
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| Evaluation Measure: Tokenizer Parity

Premium for A relative to B

Alo] =72 token Ao
or -
. BAo] #£749] token 40|
Parity for A w.r.t B

q& E°1, A %S paraphrasestil 4-S o

____________________________________________

| = = =°1 o7h el A,
it et . B ofell tigt F&to] premium- 23.75%

| Paraphrase the following statement: X
! Local media reports an airport fire vehicle rolled over while responding. I

2ty EolHE AR
31 23,754 v]&
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BLEE

unk ratio”}

10%°1%4 <] Aol

GPT-2 ChatGPT

RoBERTa  GPT-4 Tanls
Bulgarian 5.51 2.64 —
Burmese 16.89 11.70 —
Chinese (Simplified) 3.21 1.91 —
Dzongkha 16.36 12.33 —
English 1.00 1.00 1.00
French 2.00 1.60 1.60
German 2.14 1.58 1.37
[talian 2.01 1.64 IJJL
Japanese 3.00 2.30 —
Jingpho 2.65 2.35 3.41
Maori 2.45 2.35 3.28
Norwegian Bokmal 1.86 1.56 2.24
Odia 13.38 12.48 —
Pangasinan 1.66 1.57 2.18
Portuguese 1.94 1.48 2.21
Romanian 2.48 1.88 1.50
Santali 12.86 12.80 —
Shan 18.76 15.05 —
Spanish 1.99 1.55 2.23
Standard Arabic 4.40 3.04 —
Tumbuka 2.78 2.57 329
Vietnamese 4.54 2.45 —

KOREA

UNIVERSITY

Language Model Tokenizers Introduce
Unfairness Between Languages

HY FHI71§ parallel corpus
FLORES-200 &84 A%

— Premiumo] 7} A2 T2 EZFo]of| A I,

olnrt 1.5} Bhe Eito] 2.7

- &= 15.0581714] 2

(m]Fa} £24=0] Shan)

Shanll 4] “You & Ea} "§: " 2 FohA?

25870 247 157 224 224 25870 118 25870 116
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| 9923

e

BERT (Chinese)

(French)

Arabic RoCBert CamemBERT GottBERT BERT PhoBER’I\

(German) Japanese (Vietnamese)

Belarusian
Bulgarian
Catalan
Chinese (Simp.)
Chinese (Trad.)
Dutch
Dzongkha
English

French
Friulian
German

Greek

Italian
Japanese
Jingpho
Luxembourgish
N. Lev. Arabic
Shan

Standard Arabic
Tagalog

Tosk Albanian
Tsonga
Tumbuka

Vietnamese

\Yue Chinese

4.74
4.30
2.36

2.52

1.83
2.42
2.33
2.63
4.93
2.58
1.85
3.12
2.56
1.00

1.00
2.84
2.66
3.01
3.27
2.52

2.86
1.00
0.94
2.92

2.60
3.10
2.79
3.12
3.00
3.10
1.34
3.12
2.97

3.28
2.90
3.09
3.49
2.55
0.92

1.59

1.68

1.20
1.00
1.66
1.85

1.63

2.13
1.82

2.00
2.17
2.03
2.21

2.62
4.73
1.89
3.95
3.82
1.73
16.12
1.35
1.99
1.98
1.00
6.73
1.93
4.35
2.55
1.75
6.52
16.88
7.03
2.20
2.39
2.29
2.61
4.12
3.75

1.95
0.82
0.84
1.98

1.49
2.03
1.92
2.04

2.04
1.00

2.47
1.96

2.39

2.46

3.46
3.09
1.57

1.58

1.20
1.66
1.59
1.67
3.73
1.60

1.84
1.72

1.74
2.02
1.76
2.00
1.00
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Unfairness Between Languages

— H|g o] Aojrd 9] tokenizer
Fojof tigt A&7} A4
(Folof thet premiumo] 2H-)

—  Multilingual model-2,

English—centric® @ o] H|3}| 2F-2 parity

(" XLM-R NLLB mT5 M2M100 BLOOM\
Bulgarian 1.16 1.31 1.28 1.23 2.49
Central Kanuri 2.60 2.54 2.43 2.49 2.10
Chinese (Simp.) 0.97 1.11 0.92 1.05 0.95
Dzongkha — 148 4.24 — 7.36
English 1.00 1.00 1.00 1.00 1.00
Indonesian 094 0.93 1,08 0.98 0.96
Italian 1.19 1.25 1.34 1.25 1.62
Japanese 1.11  1.01 0.90 1.20 1.81
Kabiye 2.98 1.56 2.83 2.71 3.34
Santali — 249 — — 12.71
Shan 4.43 1.94 3.28 4.63 12.06
Std. Arabic 1.18 1.40 1.35 1.29 1.14
Std. Tibetan — 1.44 3.68 — 6.66
Uyghur 1.41 140 2.57 3.00 3.67

\_ Yue Chinese 0.93 1.05 0.95 1.03 0.93 /
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I X" ?1'/\]"53" . Building a multilingually fair tokenizer from monolinugal tokenizers.

- RE Qo] gloJg & stz 2 Multilingual corpus®lth7} tokenizers S5l ATHe 2= B =351t}
- A AAE FH5ts dolsol o R 317wl

= Thotel’ gr=olofl AEE "S & 0|1, T F-Z o] FofH Qdofo A= I A 1T 2 “hotel”

— Z}Z}9] monolingual corpusZ tokenizers oF43olal, 0] 29 vocabularyE &+ WHS At
} o

16
= dojollA &= ool HISHH L v &2 2 oL A

1—

& 72000 A 10-fold reduction in the vocabulary
S would result in only
30% longer sequences for English.

Figure 3: How much longer will English € 6s000

language tokenization be if we dedicate & 66000 ) \
2 64000 With one-third of the vocabulary,

English sequences will become
just 10% longer for ChatGPT/GPT-4

a fraction of the c1100k_base vocab-
ulary to other languages? This plot £ 60000
shows how many tokens will be neces- & ssooo

. c
sary to encode the English language cor- ¢ iiﬁﬁg
=

pus of FLORES-200 for different sub- 52000

sets of the c1100k_base vocabulary. 0 10000 20000 30000 40000 50000 60000 70000 80000 90000100000

Vocabulary size
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ERETRT

FLORES-200

English—Centric LLM

Korean—Centric LLM

- GPT4: 2.397 -« KULLM2: 2.456
- LLAMAZ2: 3.179 =» BLLOSSOM: 1.484
- LLAMAZ3: 1.484 —» EEVE! 1.142
- LLAMA3.1: 1.484
- SOLAR: 2.456
o] EAH1o]
ATlhub Ko—En o g = 0.445
English—Centric LLM Korean—Centric LLM
- GPT4: 2.133 —« KULLM2: 2.162
- LLAMAZ2: 2.774 =» BLLOSSOM: 1.316
- LLAMAZ3: 1.316 —» EEVE! 1.004
- LLAMA3.1: 1.316
- SOLAR: 2.162
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Multilingual LM
BLOOM: 2.807
XLM-R: 1.154

Multilingual LM
BLOOM: 2.482
XLM-R: 1.019
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