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AreHpa TOUYKa

1. 3a4eM YMCTUTb TEKCTOBbIE KOPMyCca

2. Kak 3TO genaTb (No3TanHo)...

3. .. aenaTtb 6bICTPO

4. HacKoONbKO «3allyMJIeHbl» NyOnnyHble KOpyca

5. KaKk BnugaeT Ha Moaesib O4MCTKa OaHHbIX
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- YTO-TO C alignment-om
- YTO-TO C AaHHbIMMW

TOYKa



Cutyauums

Ectb cBOg LLM
XOTUM €€ yNnydllnTb

- YTO-TO C apXUTEKTYPOM
- YTO-TO C alignment-om
- YTO-TO C AAHHbIMM
- OOKWMHYTb OAHHbIX
- MOYNCTUTb MMetoLLMecs

TOYKa



Cutyauums

Ectb cBOg LLM

XOTUM eé yny4yLlnTb

- YTO-TO C apXUTEKTYPOM
- YTO-TO C alignment-om
- YTO-TO C AAHHbIMM

- OOKWMHYTb OAHHbIX

- MOYUCTUTDb MMeloLLMeCd

BBoaHble

271ar: A3bIKOBAS agantaymg (~pretrain)

JlaHHBbIe: 8O0 M/IH
XXeneso: 8xH100

TOYKa



TOYKa

3a4yeM YUCTUTb TEKCTOBbIE
Kopryca



3a4yeM YUCTUTb TEKCTOBbIE Koprnyca TOUKa

TeKCTOBbIX KOopnyc /159 00y4YeHMsa HalLMX MogeNneK
[omxeH 6bIThb:

- [maHHbIE] 6ONbLUNM
- [maHHbIE] pa3HOOOPa3HbIM



3a4yeM YUCTUTb TEKCTOBbIE Kopryca TOUKa

TeKCTOBbIN KOpNYyC /19 0by4YeHMa HallmX Moaenek
[1onyKeH ObITb:

- [BaHHbIE] BONbLLINM G —
- [BaHHbIE] pa3HOOBPA3HbIM
- OTOUABTPOBAHHbLIM OT MyCcOopad




3a4yeM YNCTUTb TEKCTOBbIE Koprnyca

TOYKa

n ACL Anthology News FAQ Corrections Submissions €) Github

Deduplicating Training Data Makes Language Models Better

Katherine Lee, Daphne Ippolito, Andrew Nystrom, C

Search...

Shayne Longpre® ©"

A Pretrainer’s Guide to Training Data:
Measuring the Effects of Data Age, Domain Coverage,

Quality, & Toxicity

Gregory Yauney2©®  Emily Reif2¢  Katherine Lee23¢

EXPLORING THE LIMITS OF TRANSFER LEARNING

Denny Zhou®  Jason Wei®'!  Kevin Robinson?®
mno2®  Daphne Ippolito?® ¢

Iniversity  ® Google Research ~ * OpenAl

Data set Size GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
* C4 745GB 83.28 19.24 80.88 71.36 26.98 39.82 27.65
C4, unfiltered 6.1TB  81.46 19.14 78.78 68.04 26.55 39.34 27.21
RealNews-like 35GB  83.83 19.23 80.39 72.38 26.75 39.90 27.48
WebText-like 17GB  84.03 19.31 81.42 71.40 26.80 39.74 27.59
Wikipedia 16GB 81.85 19.31 81.29 68.01 26.94 39.69 27.67
Wikipedia + TBC  20GB 83.65 19.28 82.08 73.24 26.77 39.63 27.57




YTO Mbl XOTUM BbiKMAbIBaTb

1. Peknamy

TOYKa

Dualgen-5 - MuHokcupgun 5% 6e3 PGCocTtas: 5% Muvokcugun, 5% AsenauHosas kucnota (6e3 copepxaHus nponun
eHrnukonsa).5 % AsenauHosoi kucnoTol (B ogHoM ¢nakoHe 3 rp. kucnoTb)Euwe pa3 o6bpauwaem Bawe BHUMaHuWe, 4T
0 MPONWNEHrNNKONb, ABNAKWWMIACA NPUYMHOW NOKPAacCHEHUSs KOXW ronoBbl W 3yaa, He BxoguT B cocTaB Dualgen-5.
.Kpome Toro, o6s3aTenbHO MPOKOHCYNbTUPYWTecb C TepaneBToM, ecnu y Bac ecTb 3aboneBaHus ceppua. lpena
pat Dualgen-5 npegHa3HauyeH TONMbKO ANA HapyKHOro MPUMEHEHUS U TONbKO Ha Koxe ronosbi. N3beraiiTe KOHTaK
Ta C rnasaMm ¥ He NPUMeHsATe CPeAcTBO, eCNW Koxa ronoBbl 60NMe3HeHHa WNW paspgpaxeHa.
UT7776YMIRROR HEAD 252 X 168MM L/R HEATED MAN (UNIVERSAL COMPONENTS UT7776Y)OpurvHanbHas 3anyacTb UT
7776Y UNIVERSAL COMPONENTS n ananoru. MIRROR HEAD 252 X 168MM L/R HEATED MAN ontom B HWTABTO mo T. 8
800 511 51 33!'ApTtuxkyn UT7776YB npepacTaBneHHoMm KaTanore komnauum NitAuto Bbl MoxeTe KynuTb OpUrUMHanbH
ble 3anyacTu UNIVERSAL COMPONENTS MIRROR HEAD 252 X 168MM L/R HEATED MAN (UT7776Y) no onTOBbIM U PO3HU
YHbIM UeHaM wnu nopobpaTb BapuaHTbl 3aMeHbl UT7776Y Ha aHanoru wnum HeopuruHanbHble 3anyacTu OT Apyrux np
oussoguTenein. lokynas B Haweil KoMnaHuu, Bbl MoxeTe 6biTb yBepeHbl B UX KauyecTBe, T.K. Mbl paboTaem c npo
OyKuuel TONbKO XOpOWO 3apeKoMeHpgoBaBwWux cebs npowssoguTenei.[lns odopMneHWs 3akasa HYKHO OTNPaBUTb 3a
ABKY yepe3 ¢$opMy o6paTHOW CBA3U WM MO3BOHWUTb No 6GecnnaTHoMy Homepy: +7 (800) 511-51-33, nocne yero
Ha3oBuTe MeHepgxepy UNIVERSAL COMPONENTS UT7776Y. OH Tak Xe CMOXeT MOMOYb NPU BO3HUKHOBEHWW TPyAHOCTEe

1 nog6opa, YTOYHEHWM LEHbl U NMPoOYWM BOMpOCAM.

OnonackueaTenb Ans nonocTtu prta [pakowa TyTTu-OpytTu TM Happy Moments (Xannu MomeHTc) OnonackuBaTenb
ons nonoctu prta [pakowa TyTTu-OpytTu TM Happy Moments (Xannu MomenTc)UHpopmaumsiCoctaBAquax, Glycerin
*, Aloe Barbadensis Leaf Juicex, Aroma, Calcium Chloride, Cetylpyridinium Chloride, Citric Acid, Dis
odium EDTA, Potassium Bicarbonate, PEG-40 Hydrogenated Castor 0il, Phenoxyethanol, Sodium Saccharin,
Sodium Sulfite, Sodium Chloride, Sodium Hydroxide, Benzyl Alcohol, Limonene, CI 42090 * HaTypanbHas
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YTO Mbl XOTUM BbiKMAbIBaTb

1. Peknamy

2. CKpPbITbI TEKCT

TOYKa

OcoBenas oTceyka HEeTPYAHOCTM MOANUTHIBAET aBaHTHPWCTCKU B3BanWBaBWUil WHTEPBbKBEpPa He Knafywei aHTonor
veit. MNoHuMawuwe poxawuwme 6HPOKPATUNW cCnagko cocyT. [MCTpoduk 6ymeT 3acacbiBaTbCsi. N3BHE OCTAHOBMEHHbIA K
awesBap 3TO nNo-pasaHbeMy OCTaBMBWWIA PecTNUHr. He pacnpocTpaHsemble 6ypxya NpucTynawT noaragbisaTb. biopr
ep HaHOCWUT BHYTPW npowaHus! MuHepanoruyecku nMpeayCcMOTPEHHble CEeKCTaHTbl 3TO OPKecCTPpbl. AHTPaKTbl — AOJOM
UTOBble YOABMIEHHWKW, €CNu, W TONbKO eC/UMOH 60ro60si3HEHHO NPUOGbLIKHET nepef ropiykamu.llonHoKpucTanauye
CKWIl OTTUCK WHKOTFHUTO He ype3aeT Mo-6yAHUYHOMY He MOACOBLIBAKWWX NOMTU CNefoBaTeNbCKUM Kyapswku. [yan
ucThl — 6e3Q0KyMeHTapHbie 6ynaBku, BCnea 3a STUM py6nescKuil rpaduT yseHuusan. BoanwbneHHas sepaHpa siBn
AeTCcA KOHPyUWaHCKOW TPyaoeMKocTbl. Kak 06blYHO nmpeanonaraeTcsi, CKBepHasi M MOCOMOHb KBaKawuwas KOMMYHWUC
TKa u3yyvawuwei anneropuyHocTV U NPeAcTaBNsBWMIA NUTP 3TO 3eHUT. BbigyMKa 61aroycTpOEHHO He HaKonymbiBaeT
, MpU ycnosuu, 4To 6ecnepcneKTUBHaAs NpPeAcTaBUTeNbHULA ONMOHMPYeT Mo.BecnpoueHTHbI 06paboTUMK XyeBo H
e yyacTeByeT. Kak BCeM M3BECTHO, HamnpsXeHHble WKOHKM 3TO0 6uoreorpapuuyeckue BbHrW NecTPeHbKOW aBTOMHCNeE
Kuun. MOCTOPOXEHHbI KOMMYHWCT 3aBucawuei TOMoMoruM yMeeT KpuuyaTb YepHOPabouwlw ManorpaMoTHOCTb pacKas
HHO B360/TaHHOW creuceccuu, B criyyae Tenepb HanoMaHHble MynaTel He 6yayT o6sapuBaTbCs. OM3UONOrUYHO UC
KyCaHHbll pocT aHanuaupyeT? 06WEeN3BECTHO, YTO KOpP3WHa ABNSETCH, BEPOSITHO, AABHEXOHbKO 3auKawuWuMcs aHa
61o30M.llekacTbill UBETHWK SIBNAETCH CBETO3aWWTHOW NaHuxupgoi. MUCTOroHHas anrebpa HaXOAWTCS Ha OCHOBaHM
u rny6oKoMbicneHHocTu. 06pon6aHHbie dpaku 8TO, CKOpee BCEro, 3TUNeHOBble HanageHus. OrHe3awuTHbi cymen
vcnapuTbcsi Bpoae accouwauuu. OAWHHagUATMYacOBOe NaTeHTOBaHWe MpU MOMOWM 3aXUMa SIBNAETCH 3arjyweHHbIM
OTOXAECTBNEHNEM aMepuKaHu3auuu, TONbKO KOrga NpUHaasiexauuii MOHUTOPWHI pasesBaeT.TpaHcpysus s3sewnsaeT
csi B OTAWYMe OT rnwka. o-gapruHcku He o6abuBwasicss peuenuusi He 3apynvMBaeT 3aMecTO BKIKYEHHOCTW, ecnu
ra6cbyprckue nponacT MPUCTynawT ocefaTb Mex W3BeweHus. Kpennedsle ByfnKaHupl oTnagawTt. 06CTaBrieHHbie p
afMonoKaTopbl — HeTPYAHO OMNUCaBWMecs 3NeKTPOMarHuTbl, B Cflyyae Korga napacTepHanbHOe NPOPOYEeCTBO HATYX
HO ynoMsiHaeT. [lokone oT6neckuBaswne 3TO NpodaHHble Ae3epTupbl. Pecypcocbeperawuwas reMMONOrus siBNSeTCH
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YTO Mbl XOTUM BbiKMAbIBaTb

1. Peknamy
2. CKpPbITbI TEKCT
3. Adult-KOHTEHT

4. Unsafe-KoOHTeHT

TOYKa

1. Yenyru TaHUeBansHom rpynnbt (18-25 net) Ans y4acTus B NpoBefeHnn kopnopatneos, nbunees, bankeros, ceaneb, PasHoobpasHble TaHUeBaNbHbIE H
Onucanue Tosapa: Mocne onnarel Bel NOAYYUTE apxune ¢ pelweHnem 10-TU 3aaay4 U3 metoauykun Tapra C.M. 1988 rofia And 3a04HMKOB (3apa4m: C1, C2, K1
Byayuu B UHTUMHOR OAeXAe, 3PeNan MaMa CO TOHKUM TYNOBHLLEM U NPEKPACHLIMK OBBUCLLUMMMI CUCEKAMK BKNIOHAET Ha cTone HaobopoT ceba Kamepy.

Kpatkoe onucanue 601104a - HaNWLWKTE 2-3 CTPOKK - HTO 3TO 33 BN A0, ero 0COBEHHOCTH, BKYCOBLIE KA4eCTBa. ITOT TeKCT ByAeT NOKA3LIBATLCA B KaYecTs
He Hano CTaBuTh Nepes HasBaHWAMK UHIPEAUEHTOB HYePTOUKMA, TOUKK U Apyrre 3HauKu!

Ecnu y Bac ectb pag potorpadmit npouecca nsobpaxerns 6noaa - NCNONb3yiATe 3Ty GYHKUMIO CO3AAHNA PELIenTa Mo Lwaram.

Hakoney pewwna nobasute ceoi peuent. fonro crapanace, potorpadpuposana. Bcé Hanucana, poto nobasuna. HaumHaeT sarpyarb.a NOTOM BbAa&T oy
Ouerb N6NI0 roToBUTL! J1106NI0 3KCNEPUMEHTUPOBaTL! Y MEHA BONPOC: CKaXmTe, NOXanyicTa, a poTorpadun oba3aTenbHbl MM MOXHO NPOCTO NOAENIA
2.3.1. lobaBneHue peuenToB MOXET NPOW3BOANTLCS TONBKO B CAYMae NONHOCTLIO aBTOPCKOTD W3NOXEHUS PELenTa (Npu oTCyTCTBNK Kakux-nnbo TexcTog
3apascTeyiTelJaBHO NONB3YIOCH PELENTaMM C 3TOr0 CalTa,0NeHb HPaBuTCA!M BOT BYEpa pelwnna 3aperncTpnposaTeca!XoTtena gobasuts peuent ¢ $oTo
3APaBCTRYATE OTBETLTE NOXANYACTa Ha BONPOC: Bbl BLIKNAAbIBAETE peuenTsl n GOTo K HUM BECNNaTHO: T.€, M BaM HI YTO HE NNATAT U Bbl He NaaTuTe?

He npocto cnacubo, a orpomHeRwee cnacnbo!!! lan Bam 6or 300p0BLR,HTO Bbl He 3abbiBaeTe NPO HAC, KTO eLe TONBKO YHHTCH PUCoBaTh . OTAeNbHOE ¢

BO3MOXHO, HE COBCEM NO NONE, HO NONHa, YTo Measens byaer noneseH. CemerHas poibka B UTOre - 370 MEANEHHOE ONUC3HWE MaNOW3BECTHOW MAKOTH
W kpome yKkpawwaem menko nopybneHHoi Harnen 3enexbio.MpoBepeHHbI peUenT Aena BKYCHOrO 3aBETHOMD OPrasma U3 TOW LWar 3a WaroMm c.

3psi AOTOLWHO NOACHAYT ¥ ONbITHBIE 6/1104a.CEroaHA R XOMY C3aaM NerKui B YA0BONLCTBUKM BKYCHbIR U MONOAEHBKWA PbIGHBIA BUASOPOWK.

06MNBHO A COBMPAIOCH TPaxars. PeuenTbl NOCTYNNEHWA M3 MUHTARA NPOCTbIE U CHOrCLWWbaTenbHble, XHBIKAHBSA CBapUTe BKPYTYIO, 3aTeM HaYHUTE, OueHu|
B 370 e BpemMA MOXHO NO3HaTL KOMNNEKCOB Cneuunin.BNioaa n3 NopTa. pynerta us nocneayowen.

JL0BONLHO TOXKE CAMOB3PLIB XyNnaxyn 40MUHYT 1 Neped. CpasHeHne O4eHs KaYeCTBeHHOe W HEAOPOroe, YHNTLIBAR, YTO NIYK, MaTYLLIKA.OTACNALTE MUHTE
MNpepnaraio Bam NasuTs NACNOPT 8 CAUBKAX B 3aNPETHOCTH. Puiba AOXOAUT COMHAA U HOBARA, C BOIMOXHLIM.CMOTPUTE PELENT CanaTta ¢ KPacuBLIMK NeHr
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YTO Mbl XOTUM BbiKMAbIBaTb

1. Peknamy
2. CKpPbITbI TEKCT
3. Adult-KOHTEHT

4. Unsafe-KoOHTeHT

TOYKa

1. Yenyru TaHUeBansHom rpynnbl (18-25 net) Ans y4acTus B NPOBeeHUn KopnopaTneos, wbunees, GaHkeTos, ceaneb. PasHoobpasHble TaHUeBaNbHbIE H
OnucaHwe Tosapa: Mocne onnartel Bul NONYYKTE apxue ¢ peleHrem 10-Ti 330a4 13 MeToanykn Tapra C.M. 1988 rofia AnA 3a0MHNUKOB (33paym: C1, C2, K1)

Kpatkoe onucanue b1104a - HaNWLWKTE 2-3 CTPOKK - HTO 3TO 33 BNIOAO, €ro 0COBEHHOCTH, BKYCOBLIE KA4eCTBA. ITOT TeKCT DYAET NOKA3LIBATLCA B KaYecT s
He Hano CTaBuTh Nepes HasBaHWAMK UHIPEAUEHTOB HYePTOUKMA, TOUKK U Apyrre 3HauKu!

Ecnu y Bac ectb pag potorpadmit npouecca nsobpaxerns 6noaa - NCNONb3yiATe 3Ty GYHKUMIO CO3AAHNA PELIenTa Mo Lwaram.
Hakoney pewwna nobasute ceoi peuent. fonro crapanace, potorpadpuposana. Bcé Hanucana, poto nobasuna. HaumHaeT sarpyarb.a NOTOM BbAa&T oy
OueHb N6 roToBNTL! J1106N10 3KCNEPUMEHTMPOBaTL! Y MEHS BONPOC: CKaXWTe, NOXanyiicTa, a oTorpadumn 06s3aTenbHbl WM MOXHO NPoOCTo noaeni
2.3.1. lobaBneHue peuenToB MOXET NPOW3BOANTLCS TONBKO B CAYMae NONHOCTLIO aBTOPCKOTD W3NOXEHUS PELenTa (Npu oTCyTCTBNK Kakux-nnbo TexcTog
3apascTeyiTelJaBHO NONB3YIOCH PELENTaMM C 3TOr0 CalTa,0NeHb HPaBuTCA!M BOT BYEpa pelwnna 3aperncTpnposaTeca!XoTtena gobasuts peuent ¢ $oTo
3APaBCTBYIATE OTBETLTE NOXANYACTa Ha BONPOC: Bbl BLIKNAAbIBAETE peuenTsl u GOTo K HUM BECNNaTHO: T.€, M BaM HI YTO HEe NNATAT U Bbl He NnaTuTe?

He npocto cnacubo, a orpomHenwee cnacnbo!!! ai Bam 60r 300p0BLR,HTO Bbl He 3abbiBaeTe NPO HAC, KTO eLLe TOMLKO YHMTCA pUcosats . OTaenbHoe oy

Boamoo, FEICOBCEMINONBNE, Ho NonHa, 4To Measeas GyaeT noneseH. CemenHas pbibka 8 UTOTE - 3TO ME/YIEHHOE OMMCAHME MANOW3BECTHON MAKOTH

1 kpowe ypatiach e nopySnrof vanesencv (S ST ST GG ST OpE H A O

3psi AOTOWHO NOAOAAYT ¥ ONbITHBIE 6/1K/1a.CErOAHS 5 XOMy C3aAN NIETKIN B YAOBONBCTBUN BKYCHbIM M MO/IOAEHBKMY PbIOHbBIM BUAEOPOIHK.
w.%uﬁwu NOCTYNNEHWR U3 MUHTASA NPOCTIE ¥ CHOPCWNGATENbHBIE, XHBIKAHBS CBapUTE BKPYTYIO, 3aTEM Ha4HUTE, OUeHN!
B 370 e 8pemMA MOXHO NO3HaTh KOMNNEKCOB CNeLui.BNI0Aa M3 NOPTa. PyneTa u3 nocneaylolen.

L0BONLHO TOXKE CAMOEBIPLIB XyNaxyn 40MUHYT U Nepea. CPaBsHeHe 04eHb KAYECTBEHHOE W HEAOPOTOe, YHUTLIBAR, YTO NYK, MATYLLKA.OTACNALTE MUHTE
Mpegnaraio Bam NasnTs NacnopT 8 CMBKAX B 3aNPETHOCTH. PbiBa AOXOAUT CONHARA 1 HOBAR, € BOIMOXHLIM.CMOTPUTE PELENT CaNnaTa ¢ KPacuBLIMIA NeH:
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PemMapka TOUKA

5 Impact of Quality & Toxicity Filters on Pretrained Models

Section Findings

e Quality and toxicity filters have very different effects.
e Quality filters improve performance significantly, despite removing training data.

e Quality filtering effects are not easily predicted by dataset characteristics. Future filters should
weigh more than one dimension of quality.

o Toxicity filtering trades off generalization and toxicity identification ability for reduced risk of toxic
generation.

e When optimizing for toxicity identification tasks, practitioners should use an inverse toxicity filter.

https://arxiv.ora/pdf/2305.13169
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YTO Mbl XOTUM BblIKUAbIBaTb

1. Peknamy

2. CKpPbITbI TEKCT
3. Adult-KOHTEHT
4. Unsafe-KOHTeHT

5. Oy6nukaTobl

TOYKa
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MoyeMy Hy)>XHO GUNbLTPOBaTb AaHHble?

Dun bTPaUNA OaHHbIX B AadTacCeTe NO3BOJIHET.

1. TloBbICUTb KQ4yecTBO MOoOeNu

2. YCKOPUTb NpoLiecc obyyeHmns

3. CHM3UTDb 3aTpaTbl BblUNC/IUTENbHbIX PECYPCOB — ObydeHne
CTaHOBWUTCA OeleBne

TOYKa
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N3 yero cocTomT o4YMUCTKaA

Content
Filtering

Repetition
Removal

Text

Extraction

Document
Deduplication

(O]VE:1114Y;
Filtering

Test-set
Filtering

TOYKa

Raw Corpus

Filtering & Selection

Language Filtering

Metric Filtering

Statistic Filtering

+ Keyword Filtering

+ Alice is writing a paper about
§ LLMs. 485 Alice is writing  ©
! a paper about LLMs. :

De-duplication

+ Sentence-level
* Document-level

« Set-level

! Alice is writing a paper about |
| LLMs. Adiee-s "

Privacy Reduction

+ Detect Personality
Identifiable
Information (PI1)

* Remove PII

Yis

Tokenization

+ Reuse Existing
Tokenizer

+ SentencePiece

+ Byte-level BPE

de (' [Somebody] is

! writing a paper about LLMs." )

Ready to
pre-train!
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N3 yero cocTomT o4YMUCTKaA

Content
Filtering

Text Quality

Extraction Filtering

TOYKa

corpus-level

CLEAN ARTEFACTS > FILTER > DEDUPLICATE

corpus-level

L/> o

@

+ Keyword Filtering

___________________________
*Alice? ) is :
ng a paper about LLMs. |

is writing a paper about |

+ Alice is writing a paper about VA
| LLMs. 485& Alice is writing ¢+ LLMs. » -

doc-level
W COTpUS TTITCTTI X STTeCTIom P TTIVECY T 3
pre-train!
« Language Filtering « Sentence-level + Detect Personality « Reuse Existing e =
g Identifiable Tokenizer - -
M * Metric Filtering * Document-level Inf tion (PII
4 e e nformation (PII) + SentencePiece —
+ Statistic Filtering + Set-level -—
+ Remove PII + Byte-level BPE -

[Somebody] is

! Encode
i writing a paper about LLMs." )

1 32, 145,66, 79, 12, 56, ...
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Yto 6yaeM YNCTUTbL?

,ﬁ-‘] Hugging Face Q. Search models, datasets, users...

# Datasets: Ouonlp/CulturaX @ <like 510  Follow O UONLP 39

Tasks: [ Text Generation (3 Fill-Mask  Modalities: Text Formats: % parquet Sub-tasks
Size: 1B-10B  ArXiv: [ arxiv:2309.09400 Libraries: & Datasets ® Dask @ Croissant +1

CulturaX

Cleaned, Enormous, and Public: The Multilingual Fuel to Democratize Large Language Models for 167 Languages

Dataset Summary

We present CulturaX, a substantial multilingual dataset with 6.3 trillion tokens in 167 languages, tailored for large language model (LLM)
development. Our dataset undergoes meticulous cleaning and deduplication through a rigorous pipeline of multiple stages to
accomplish the best quality for model training, including language identification, URL-based filtering, metric-based cleaning, document
refinement, and data deduplication. We employ MinHash at document level to achieve fuzzy deduplication for the datasets in different
languages. Our data cleaning framework includes diverse criteria and threshold selections, guided by extensive data samples, ensuring
comprehensive noise filtering in various aspects. CulturaX is fully released to the public in HuggingFace to facilitate research and

advancements in multilingual LLMs.

TOYKa
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UTto 6yaeM UnMctuTb? TOUKa

&) HuggingFace  Q Search models, datasets, users...

Code  Language #Documents  # Tokens # Tokens (%)
0 en English 3,241,065,682 2,846,970,578,793 45.13
. [ L Russian 799,310,908 737,201,800,363 11.69
& Datasets: Ouonlp/CulturaX© ©like 510 Follow O UONLP 39
2 | es Spanish 450,937,645 373,845,662,394 5.93
Tasks: [ TextGeneration [ Fill-Mask Modalities: Text Formats: - parquet  Sub-tasks 3 de  German 420,017,484  357,030,348,021 566
4 fr French 363,754,348 319,332,674,695 5.06

Size: 1B-10B  ArXiv: [ arxiv:2309.09400 Libraries: & Datasets ® Dask @ Croissant +1

CulturaX

Cleaned, Enormous, and Public: The Multilingual Fuel to Democratize Large Language Models for 167 Languages

Dataset Summary

We present CulturaX, a substantial multilingual dataset with 6.3 trillion tokens in 167 languages, tailored for large language model (LLM)

development. Our dataset undergoes meticulous cleaning and deduplication through a rigorous pipeline of multiple stages to

accomplish the best quality for model training, including language identification, URL-based filtering, metric-based cleaning, document

800 MnH

languages. Our data cleaning framework includes diverse criteria and threshold selections, guided by extensive data samples, ensuring CT pa H " u

refinement, and data deduplication. We employ MinHash at document level to achieve fuzzy deduplication for the datasets in different

comprehensive noise filtering in various aspects. CulturaX is fully released to the public in HuggingFace to facilitate research and

advancements in multilingual LLMs.



data loss TOUYKa

CulturaX — 800 MNIH caMMoB
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ApTedaKTbl NAapCUHra

TOYKa

PermvoHanbHas cny>k6a 3aHATOCTM
TpygoycTpouna 14 000 yenoBek
PermvoHanbHas cny>k6a 3aHATOCTM
TpygoycTpoumna 14 000 yenoBek

Moyt 14 ThiCcaY XXUTENEN permoHa B 3TOM
rony Hawny paboTy C MOMOLLbIO
permoHanbHOM Cry»6bl 3aHATOCTM.
YpoBeHb 6e3paboTuLibl B JIMNeLKom
061acTV — OAUH M3 CaMblX HU3KUX B
CTpaHe — nonnpoLeHTa. B LeHTpe
3aHATOCTU JIMMYaAHaM roTOBbl NPEeaIOKUTb
cBblwe 10-TU TbiCAY BaKaHCUM.
HanbonblunM CNPOCOM Ha pbiHKe Tpyaa
MoMb3yTCa PAabOTHUKKM chepbl
06CnyKMBaAHMSA M TOProB/n, CENbCKOTO U
NNIECHOIro X034MCTBa, PbiI6OBOACTBA U
PbIGOMOBCTBA, @ TaKXXe BOOUTENN.
NcTouHuk: JNlnnerkaa NMPK30.05.2017
06:20

ELLé HOBOCTM O COBLITUM:

PermoHanbHasa cny>xk6a 3aHATOCTM
TpygoycTpoua 14 000 yenoBekK

Moyt 14 TbiCAY >XUTENEN PeErmoHa B 3TOM
rofy HalMM PaboTy C MOMOLLbIO
permoHanbHOM Cry»6bl 3aHATOCTMW.
YpoBeHb 6e3paboTuLibl B JTMNeLKon
06/1acTn — OAUH M3 CaMbIX HU3KKX B
CTpaHe — nonnpoLeHTa. B LeHTpe
3aHATOCTU NMMYaAHaM roTOBbI MPeasIoKUTb
cBbile 10-TK TbiCAY BaKaHCUIA.
HanbonbLlumMM CNpPOCOM Ha PbiHKE Tpyda
MoMb3ytoTca PaboTHUKKM chepbl
06CNY)KMBAHMSA M TOPTrOBIU, CEbCKOMO U
NIeCHOro X039MCTBAa, PbI6OBOACTBA U
PbI6ONOBCTBA, @ TaKXKe BOAMUTENM.
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Kak 6yneM 4YnctuTtb?

1. HenoBekaMm — OO0 U OOPOro
2. Ncnonb3ya LLM — Bcé ellé gonro 1 goporo

3. C NoMOLLbto COBCTBEHHOIO JIEFKOBECHOro TpaHchopMmepa
seq2seq / NER

TOYKa

25



Co6upaeM Mopenb A/ YNCTKK apTedaKToB

npoMnT A4n4a
YNCTKM
apTtedaKToB

-

HEeCKOJbKO
napTmumm
CulturaX

~

CUHTETNYECKMNE OaHHbIE,

rmapbl

(SFPSA3HBIVI TEKCT>, <OYULLEHHbIN>)

TOYKa

B

ruRoPEBert-e5-base-2k ©

Feature Extraction

# Transformers

£ Safetensors

Q’ training

goes brrr

|- @
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data loss: BblunLaeM apTedaKTbl

TOYKa

CulturaX

BblUMLLEHbl apTedaKTbl

M/1OC CaMU TEKCTa CTanu
YULLE U «HaTypalibHee»

27
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YTO Mbl XOTUM OT puUnbTpaumnm

1. BUHaAPHYIO MEeTKY /19 KaXXO0ro N3 JOKYMEHTOB:
OCTaBNATb NN HET

2. XopoLwunn precision:
He XOTUM BbIKWObIBaTb INLLHEE

TOYKa
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YTO Mbl XOTUM OT puUnbTpaumnm

1. BUHaAPHYIO MEeTKY /19 KaXXO0ro N3 JOKYMEHTOB:
OCTaBNATb NN HET

2. XopoLwunn precision:
He XOTUM BbIKWObIBaTb INLLHEE

3. OTAenbHble KpUTEepUmn:
+ BKJ1/BbIK/T Ha pPa3HbIX 3Tanax
+ pa3Hble MoOPOru On4a pasHbIX JaTaceTos/3agau

TOYKa
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YTO Mbl XOTUM OT puUnbTpaumnm

1. BUHaAPHYIO MEeTKY /19 KaXXO0ro N3 JOKYMEHTOB:
OCTaBNATb NN HET

2. XopoLwunn precision:
He XOTUM BbIKWObIBaTb INLLHEE

3. OTAenbHble KpUTEepUmn:
+ BKJ1/BbIK/T Ha pPa3HbIX 3Tanax
+ pa3Hble MoOPOru On4a pasHbIX JaTaceTos/3agau

B urtore:
XOTUM YMETb OL€HUBATb TEKCTA MO KPUTEPUSIM 1 HQ OCHOBAHUUN
3TUX OLIEHOK peLwldaTb, OCTAB/ISIeM Mbl TEKCT UJTU HET

TOYKa
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Kakune Kputepmum CTouUT y4nUTbIBATb

RESEARCH

RedPajama-Data-v2: An open dataset with 30
trillion tokens for training large language
models

OCTOBER 30, 2023 - BY TOGETHER

Quality signals indicating how natural a given piece of text is. This includes simple heuristic
measures such as the number of sentences, the number of words, the fraction of all-caps
words, among others.

Quality signals indicating how repetitive a given piece of text is. Here follow the Gopher rules
(Rae et al.) and compute the fraction of characters that appear in duplicated word n-grams and
the fraction of characters in the most frequent word n-gram appearing in the documents.

Content-based quality signals are comprised of signals that take the content into account such
as the density of words appearing in a list of blocked words (similar to C4), or documents which
come from a list of domains flagged as containing potentially harmful or otherwise offensive
content.

ML-based quality signals revolve around the idea of measuring how similar a given text is to a
high-quality domain. Here we use fasttext classifiers trained on various high quality domains
such as Wikipedia, as well as importance weights as proposed by Xie et al.

Deduplication signals with pre-computed Minhash signatures (with 128 permutations) which can
be used for fuzzy deduplication at different degrees.

TOYKa

«HaTypanbHOCTb TEKCTa» —
3BPUCTUKM Ha OCHOBE
KONMYeCcTBa CTPOK/CroB/Ta,

«PeneTaTMBHOCTb TEKCTa» —
SBPUNCTUKM Ha OCHOBe
MOBTOPEHMM

«BpegHOCTb TEKCTa» —
SBPUCTUKM Ha OCHOBE
CMMCKOB 3anpeLlgHKm

«lMoxoxecTb Ha BUKU» —
Mopoensb (fasttext),
OLIeHMBAOLLLAA MOXOXKECTb
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Kakune Kputepmum CTouUT y4nUTbIBATb

RESEARCH

RedPajama-Data-v2: An open dataset with 30
trillion tokens for training large language
models

OCTOBER 30, 2023 - BY TOGETHER

Quality signals indicating how natural a given piece of text is. This includes simple heuristic
measures such as the number of sentences, the number of words, the fraction of all-caps
words, among others.

Quality signals indicating how repetitive a given piece of text is. Here follow the Gopher rules
(Rae et al.) and compute the fraction of characters that appear in duplicated word n-grams and
the fraction of characters in the most frequent word n-gram appearing in the documents.

Content-based quality signals are comprised of signals that take the content into account such
as the density of words appearing in a list of blocked words (similar to C4), or documents which
come from a list of domains flagged as containing potentially harmful or otherwise offensive
content.

ML-based quality signals revolve around the idea of measuring how similar a given text is to a
high-quality domain. Here we use fasttext classifiers trained on various high quality domains
such as Wikipedia, as well as importance weights as proposed by Xie et al.

Deduplication signals with pre-computed Minhash signatures (with 128 permutations) which can
be used for fuzzy deduplication at different degrees.

TOYKa

«HaTypanbHOCTb TEKCTa» —
3BPUCTUKM Ha OCHOBE
KONMYeCcTBa CTPOK/CroB/Ta,

«PeneTaTMBHOCTb TEKCTa» —
SBPUNCTUKM Ha OCHOBe
MOBTOPEHMM

, «BpegHOCTb TEKCTa» —
SBPUCTUKM Ha OCHOBE
CMMCKOB 3anpeLlgHKm

«lMoxoxecTb Ha BUKU» —
Mopoensb (fasttext),
OLIeHMBAOLLLAA MOXOXKECTb

MANLONLELD

qUOTON

33



Kak nog6upaTtb noporun? TOUKa

1. A HY>XHO NI X BOOGLLEe NnoabupaTb?



Kak nog6upaTtb noporun? TOUKa

1. A HY>XHO N1 X BOObLLE NoabumpaTtsh? (aa)

2. Kak?



Kak noa6upaTb noporu?

1. A HY>XHO N1 X BOOOGLLE nNoabumpaTb? (aa)

2. Kak?

"mean_number_of_words_by_line": {
"left_border": 7,
“right_border": 160600,
"description": "Mpwu <7 B ocHoBHOM ornasnenus/peknama/ToBapel KaTtanora"

}l

TOYKa

019 KayKO0ro
Kputepus

npocMoTpeTb
30-40 TeKcTOB B

OKPECTHOCTAX &
OT nopora

noABUHYTbCA

HanTn
(M He HanTK)
nepenioMHyio
TOUKY

MOCMOTpPETb Ha
pacnpepeneHue
MeTOK




00NN
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CrtaTncTtuvyeckume d)MﬂprbI! 4YTO NMOMOrakoT Bbl4YULLATb

"entropy_of_unigram_distribution": {

"left_border": 2.5,

"pright_border": 20,

"description": "Mpu <2.5 TekcTta npeacTasnswT coboil NpPocTo 3aronoBkun"
I8
"fraction_of_char_in_duplicated_Sgram": {

"left_border": 0,

"pight_border": 0.54,

"description": "Mpu >0.54 B ocHOBHOM peknama"
&
"fraction_of_char_in_top_4gram": {

"left_border": 0,

"pight_border": 0.2,

"description": "Mpu >0.2 B ocHoBHOM peknama"
h
"mean_length_of_words_after_normalization": {

"left_border": 0,

"right_border": 10,

"description": "Mpu >10 nonapawTcs TEKCTa CO CKNEEHHbMW BMECTe cnosamu"
I8
"mean_number_of_words_by_line": {

"left_border": 7,

"pright_border": 1000,

"description": "flpu <7 B oCHOBHOM ornasnexus/pexnama/ToBapsl KaTanora"
H
"mean_ratio_of_numerical_characters_by_line": {

"left_border": 0,

"pight_border": 0.5,

"description": "Mpu >0.5 nonapawTcs CNUCKW HOMEPOB TenedoHOB W apTUKynos"
H
"mean_ratio_of_upper_letters_by_line": {

"left_border": 0.0001,

"pight_border": 0.07,

"description": "Mpu cnuwkom maneHbkom (0) u cnuwkom Gonbwom (>0.07) 3HayeHusx - peknama"

}
"number_of_lorem_ipsum": {
"left_border": 0,
"right_border": 1,
"description": "Mpu 60nbwev nopore 3aneTawT TEKCTa C HENOYWWEHHbMU pbibamn"

h

42
43
44
45
46
47
48
49
50
51
52
53
54
5§
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
R?

TOYKa

"number_of_sentences": {

b

"left_border": 2,
"pright_border": 5000,
"description": "Cnesa oTCekaeM 3arofioBKu, a cnpasa - CMNWCKM WCTOYHMKOB/asTopos/Ta"

"number_of_words_after_normalization": {

h

"left_border": 50,
"right_border": 1000000000,
"description": "Otcekaem cnesa 3aronosku 6es Tena Tekcrta"

"patio_of_bad_words": {

b

"left_border": 0,
"right_border": 0,
"description": "OTnuyHo oTcekaeT MopHocanTs"

"patio_of_lines_ending_ellipsis": {

h

"left_border": 0,
"pright_border": 0.51,
"description": "CnpaBa - peknaMa, CNUCKM 3aronoBKOB HOBOCTEN, KNUKGEnTH'"

"patio_of_symbols_to_words": {

h

"left_border": @,
"right_border": 0.03,
"description": "CnpaBa - cnucku HOBOCTei wnu copgepxaHue pedepatos"

"ratio_of_unique_words": {

b

"left_border": @,
"pight_border": 0.98,
"description": "3HayeHus okono O HyXHb, TK Tyda NonapawT, HanpuMep, PEuUEnTb U KHUTK,

"ratio_of_uppercase_only_words": {

i

"left_border": 0,
"right_border": 0.05,
"description": "Cnpaea - peknama"

"patio_of_words_containing_no_alphabetic": {

}

"left_border": 0.05,
"right_border": 0.4,
"description": "Cnesa u cnpasa peknama"

a BOT TeKkc’
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data loss: ctatuctnuyeckue euUnbTpbI

CulturaX

BblUMLLEHbl apTedaKTbl

CTaTUcCtnyeckmne Cbl/lﬂ bTPbl

TOYKa
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Kakune Kputepmum CTouUT y4nUTbIBATb

RESEARCH

RedPajama-Data-v2: An open dataset with 30
trillion tokens for training large language
models

OCTOBER 30, 2023 - BY TOGETHER

Quality signals indicating how natural a given piece of text is. This includes simple heuristic
measures such as the number of sentences, the number of words, the fraction of all-caps
words, among others.

Quality signals indicating how repetitive a given piece of text is. Here follow the Gopher rules
(Rae et al.) and compute the fraction of characters that appear in duplicated word n-grams and
the fraction of characters in the most frequent word n-gram appearing in the documents.

Content-based quality signals are comprised of signals that take the content into account such
as the density of words appearing in a list of blocked words (similar to C4), or documents which
come from a list of domains flagged as containing potentially harmful or otherwise offensive
content.

ML-based quality signals revolve around the idea of measuring how similar a given text is to a
high-quality domain. Here we use fasttext classifiers trained on various high quality domains
such as Wikipedia, as well as importance weights as proposed by Xie et al.

Deduplication signals with pre-computed Minhash signatures (with 128 permutations) which can
be used for fuzzy deduplication at different degrees.

TOYKa

«HaTypanbHOCTb TEKCTa» —
3BPUCTUKM Ha OCHOBE
KONMYeCcTBa CTPOK/CroB/Ta,

«PeneTaTMBHOCTb TEKCTa» —
SBPUNCTUKM Ha OCHOBe
MOBTOPEHMM

, «BpegHOCTb TEKCTa» —
SBPUCTUKM Ha OCHOBE
CMMCKOB 3anpeLlgHKm

«lMoxoxecTb Ha BUKU» —
Mopoensb (fasttext),
OLIeHMBAOLLLAA MOXOXKECTb

MANLONLELD

qUOTON
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YTO XOTUM OL,eHUBaTb MoaeNnbKon?

[TOXOXKeCTb Ha BUKW (rnouemy?)

TOYKa

40



YTO XOTUM OL,eHUBaTb MoaeNnbKon?

HexeorxeeroHaBr A

-  @AMHCTBO TeMbl (integrity)
- HacbiweHHocTu pakTamm (factuality)
- AocToBepHOCTb (truthfulness)

TOYKa

41



integrity: eaUHCTBO TeMblI

TOYKa

MOXXHO 03arnaBUTb TEKCT 1 BblOENNTb B HEM rMaBHYO MbICJlb

ryn

- CTaTbd BUKUTNeONN

- CKa3Ka O emnHopore
- onmcaHune nemsaxa
- MaTepHad YacCTyLlKa
- aHeKOoT

He rypg,

CMMCOK TPeaoB
CMMCOK PaKTOB

CMMCOK aHeKOO0TOB
PaHOOMHbIN HabOopP CNoB

42



factuality: HacbiLLeHHOCTM daKTamMu

TOYKa

DaKTaMmn cyMTaeM yTBEPXKOEHUA KOTOPble MOTyT 6biTb
nepeuncnonib3oBaHbl AN 06yYeHUS 3HaHVAM O peaslbHOM MUpe

ryn

- CTaTbs BUKMMeOUMn

- UCTOpMYecKad crpaBKa
(mMopsaoK cobbiTuI)

- onucaHue paHTe3n-MMpa

- OMMCaHME MeCTHOCTU

- WHCTPYKUMS

He rypg,

OonMMcaHme nemsarka
MoOBeCTBOBaHMe (noen-nocnan)
3MOLMOHaNbHbIM OT3bIB

43



truthfulness: npaBguBoOCTb

ryn

CTaTba BUKMMNEOMn
ncTopmyeckas
crpaBka (mopagok
COObLITVN)
MHCTPYKLMS
ornuvcaHue nemnsax<a

noBeCTBOBaHWE B
CTWnI1e noesi-rnocrarn

SMOLIMOHASIbHbIM OT3bIB

TOYKa

TeKCT He NPOTUBOPEYUT COMMOoN-sense 3HaHMUAMM O peaslbHOM MUpe

He rypg,

onmcaHune NoBagokK
eounHopora

CKa3Ka npo den
aHeKOoT Npo
aBTOCTOMLLMKA C
nnaHeTbl Mapc
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Co6upaeM Mmogenu gna oueHku text-quality TOUKa

NMPOMMNT O1d

D
pPasMeTkM 3 / CUHTETUYECKME \ A
Kputepures o~

BanMaaLMoHHas

a aCGCCOpb']—[ BbIGOPKa
/"u” training © evaluation
goes brrr goes brrr

0.9 ROC-AUC
Ha OT6BJ'IaHCl/IpOBaHHbIX MeTKax

OaHHble,
TEKCT + 3 MEeTKU

e N\ (<TekcT>,

<integrity_mark>,
<factuality_mark>,

HECKOMbKO K<truthfu/ness_mark> )/
napTMLMmM

CulturaX

\ /

© ruRoPEBert-e5-base-2k © @0@ MoaVGULIMPYEM

. APXUTEKTYPY
f8  Feature Extraction # Transformers & Safetensors
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Co6upaeM Mmogenu gna oueHku text-quality TOUKa

NMPOMMNT O1d

D
pPasMeTkM 3 / CUHTETUYECKME \ A
Kputepures o~

BanMaaLMoHHas

a aCGCCOpb']—[ BbIGOPKa
/"u” training © evaluation
goes brrr goes brrr

0.9 ROC-AUC
Ha OT6BJ'IaHCl/IpOBaHHbIX MeTKax

OaHHble,
TEKCT + 3 MEeTKU

e N\ (<TekcT>,

<integrity_mark>,
<factuality_mark>,

HECKOMbKO K<truthfu/ness_mark> )/
napTMLMmM

CulturaX

\ /

© ruRoPEBert-e5-base-2k © @0@ MoaVGULIMPYEM

. APXUTEKTYPY
f8  Feature Extraction # Transformers & Safetensors
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Moaudukaumusa apxmTeKTypbl

[CLS] The cat sat on
vector vector vector vector vector

Encoder Layers

N | Y,

(e)( )= )= =)

TOYKa
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Moaundunkauma apxmMTeKTypbl TOUKa

[ tabelnr || label2 | label3

|

=
[CLS] The cat sat on
vector vector vector vector vector

Encoder Layers

& | Y,
(e)( )= )= =)




Moaundunkauma apxmMTeKTypbl TOUKa

[ label_1 ][ label_2 ][ label_3 ] [ label_1 ][ label_2 ][ label_3
[Clg The cat sat on [CLIS_1] [CLS_2] [CLS_3] The cat

4 N 4 N

Encoder Layers Encoder Layers

N | Y, N | Y,

(e)( )= )= =) (o) (esn)(esa ) J =)




MeTpUUYKM MOU METPUUKHU

TOYKa

Run Experiment Run step/eval/roc-auc_factuality step/eval/roc-auc_integrity step/eval/roc-auc_truthfulness
() Name Name Date Duration :
(O - gorynych default 00:34:44 - 26 Dec, 24 2hrs 57min 0.91514552 0.78804731 0.95506716
O - multicls default 14:30:15 - 24 Dec, 24 1hrs 54min 0.92073202 0.80765069 0.95137656
(3J - onecls default 12:41:12 - 24 Dec, 24 1hrs 54min 0.90556252 0.76862907 0.9148761
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Text-quality: 4To noMoraeT BbluULLATb

V000U NN W

Tl el
N RO

e

"factuality": {
"left_border": 0.05,
"right_border": 1,
"description": "Mpu <0.05 TekcTa npeacTasnawT coboi peknamy u nepenuckn Ha dopymax"
|
"integrity": {
"left_border": 0.2,
"pight_border": 1,
"description”: "Mpun <0.2 nonapawTcs CNWCKW KOHTAKTOB, MWKCb HECBA3aHHLIX TEKCTOB, CNUCKW Tpeaos/HosocTen"

I3

TOYKa
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data loss: text-quality

BblYMLLEHbI apTedaKTbl
CcTaTUCTUYecKmne GUNbTPLI -21%

text-quality

TOYKa

CulturaX
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Recycling TOUKa

= ©Youilube” BacauTe 3anpoc = a) @
{speach! b pycon.ru
e Y HaC y>Xe €CTb MO[€EJ1b
tone-of-voice!
o 7
AdaBauTe
nepevcnosib3oBaTb
ENM3ABETA MYWKAPEBA, TOUKA - 6paHHas peyb
cuorers T ANOTHER LLM BENCHMARK. WHY? - nonuTUKa/penurmusa/ta
> M o2/ - CTPYKTYPHOCTb
Enu3zagerta lMywkapeea. Yet another LLM benchmark. Why?
e Buaeo ¢ MeponpusTHii {speach! R Cr e @Y — - HETOKCUMYHOCTb
- JTEKCUKa
- OOGBLEKTUBHOCTb
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tone-of-voice: UTo NoMoraerT BbluYULLATb

O 00300 NN

NWN AR RNNRNRNONNRNRNNRRRRR B |32 3 |3
NN R OOV NDEWNNRPE OO0 DNNR®

"foul_language":
"left_border":

"right_border":

"description":

}'

{

0:3;

1,
"Mpu <06

"forbidden_topics": {

"left_border":

"right_border":

"description":
}'
"objectivity": {

"left_border":

"right_border":

"description":
}I
"red_flags": {
"left_border":
"right_border":
"description":
}I

"vocabulary": {
"left_border":

"pright_border":

"description":
¥
"structure": {
"left_border":

"pright_border":

"description":

I3

0.03,
1:
"Mpu <0

0.02,
1,
"Mpu <06

8.4
1,
"Mpu <06

0.01,
1,
"Mpu <0

0.1,
1!
"Mpu <0

.3 nopHyxa, npocTuTyuus, nepebpaHku u HaumoHanusm"

.3 wecTkasa nponaraHga, nopHyxa, Hacunue"

.02 Bcakue pBaveTpenb"

.1 ApoBUTbIE KOMMEHTH "

.01 deTvumsm, 300pUNNUA, HAPKOTUKW, TeppaxTh"

.01 gwanorm c ¢opyMOB B OCHOBHOM"

TOYKa
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data loss: tone-of-voice TOUYKa

CulturaX

BblYMLLEHbI apTedaKTbl
CcTaTUCTUYecKmne GUNbTPLI -21%
text-quality

tone-of-voice 2%




why so fast?

TOYKa

1. TpoueccUuM 3HKOAEPOM KaXKbl TEKCT MO OTAENbHOCTMU

2. GPU-bound pa6oTta -> Multi-GPU.

- Accelerate - ynpaBneHune napannenbHbIMK BblIYNCIEHNAMM

- onnxruntime - cobmpaeM CTaTUYHbIN rpad.

- Kak coBMellaTtb Accelerate (knagét B mamMaTtb Hy>kHom GPU gaHHble)
c onnxruntime (MaTpuyku Tyga-ctoga cymTaeT)?

- Mpwuberaem K 10 Bindings - nogaém B onnxruntime ykasaTenu Ha Hy>XHble
TEH30pPbl B BUOEOMaMATH

3. PacuéTt Ha 8xH100 90 yacoB (019 ntoboro™ nHaekca)



N3 yero cocTomT o4YMUCTKaA

Content
Filtering

Text Quality

Extraction Filtering

TOYKa

corpus-level

CLEAN ARTEFACTS > FILTER > DEDUPLICATE

corpus-level

L/> o

@

+ Keyword Filtering

___________________________
*Alice? ) is :
ng a paper about LLMs. |

is writing a paper about |

+ Alice is writing a paper about VA
| LLMs. 485& Alice is writing ¢+ LLMs. » -

doc-level
W COTpUS TTITCTTI X STTeCTIom P TTIVECY T 3
pre-train!
« Language Filtering « Sentence-level + Detect Personality « Reuse Existing e =
g Identifiable Tokenizer - -
M * Metric Filtering * Document-level Inf tion (PII
4 e e nformation (PII) + SentencePiece —
+ Statistic Filtering + Set-level -—
+ Remove PII + Byte-level BPE -

[Somebody] is

! Encode
i writing a paper about LLMs." )

1 32, 145,66, 79, 12, 56, ...
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YTo Mbl NOHMMaeM nog, gegynnmkaumen?

1. denoynnmkaunma no TeKCTY,
6onbLine obLime NoACTPOKM

2. lenoynnmnkauns no cMbichny,
CeMaHTUMKa

TOYKa

59



YTo Mbl NOHMMaeM nog, gegynnmkaumen?

1. denoynnmkaunma no TeKCTY,
6onbLine obLime NoACTPOKM

2. lenoynnmnkauns no cMbichny,
CeMaHTUMKa

MinHash + LSH

TOYKa
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denynnukauusa no tekcty: MinHash + LSH TOUYKa

- ___minhash g

1. JOKYMeHT pa3éuBaeTcs Ha h-rpaMMmbl

2. Ong KayXgowm n-rpamMmmbl cunTaeTca k xawemn

3. [1nga kaxxgoro 13 k xawen BbibnpaeTca MUHUMYM cpedu N-
rpaMM OOKYMeHTa

4. [1oKyMEHT rnpeBpalLlaeTca B BEKTOpP AJIMHbI kK
- J




denynnukauusa no tekcty: MinHash + LSH TOUYKa

/

1.

. Adna kaxxgon n-rpamMmbl cdyUuTaeTceq k xawen

. Ona Kaxgoro 13 k xallen BbiIbUpaeTca MUHUMYM cpenn N-

LHOKYyMeHT pa36MBaech Ha N-rpaMmmbli

rpaMM JOKYMeEHTa

JOKYMEHT NpeBpaLlaeTca B BEKTOP AMUHDbI k

Ecnv ABaQ BEKTOPA (AOKYMEHTA) N1EXXAT B OAHOM 6QKeTe (MMerT

Bce BeKTOpa 6blOTCH Ha KYCOUYKM (6aKeTbl) pazmMepa m

OMNHAKOBbIV KYCOYEK), TO OHU - AY6/INKATbI

https://hugqingface.co/blog/dedup
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depynnukauma no Tekcty: MinHash + LSH

9 @click.option("--minhash-hashes-number",

10 type=int,

11 default=256)

12 @click.option("--minhash-ngrams-number",
13 type=int,

14 default=5)

15 @click.option("--1lsh-band-size",

16 type=int,

17 default=8)

_—

5—FpaMMbI
256 xsuiein

GakeTbl no 8

TOYKa

63



Jenynnukaumua no cMmbicny: ?

TOYKa
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OJenpynnunkaumsa no cMmbicny: BeKTOprIl‘/'I MOUCK

. © Tochka-Al ruRoPEBert-e5-base-2k ©
3 M 6eﬂ"ﬂle p. [ E8  Feature Extraction # Transformers & Safetensors
BekTo pHas BLL [ facebookresearch / faiss ]

TOYKa
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OJenpynnunkaumsa no cMmbicny: BeKTOprIﬁ MOUCK

3 M 6eﬂ|ﬂle p. (] ruRoPEBert-e5-base-2k ©

Feature Extraction # Trans formers 8 Safetensors

BekTtopHaga b/;

=) (2

facebookresearch / faiss ]

800 MnH » AOJIIO!

TOYKa
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OJenpynnunkaumsa no cMmbicny: BeKTOprIl‘/'I MOUCK

. © Tochka-Al ruRoPEBert-e5-base-2k ©
3 M 6eﬂ"ﬂle p. [ Ed  Feature Extraction # Transformers & Safetensors
BekTo pHas BLL [ facebookresearch / faiss ]

1.  Faiss GPU nHpekc B shard-pexuime.
2. Approximate search: Becb MHOeKC pa3gendeTtca Ha ~20k aueeK BopoHoro,

MLLIEM CHa4Yana caMble moaxoadalime guyemnku,
a 3aTeM nueM cpegmn coaoep>xXmMMoro ToJ1IbKO aTUX a4eeK

14 _LOOKUP_SIZE = 2048
15 _THRESHOLD = 0.92

20 yacosB

https:/github.com/facebookresearch/faiss/wiki/Faster-search

TOYKa
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Kak 3To 06beaunHsaTb

MinHash+LSH

3HaEeM, UYTO Mapa TekCToB A B
neXkaT B ogHoM bakeTe

e5 + cosinsim

3HaeM, YTo
TeKCT B oueHb 61M1M30K TeKCTY A

TOYKa
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Kak 3To 06beauHATbL

MinHash+LSH

3HaEeM, UYTO Mapa TekCToB A B
neXkaT B ogHoM bakeTe

3HaeM Napbl NOXOXXUX TEKCTOB

e5 + cosinsim

3HaeM, YTo
TeKCT B oueHb 61M1M30K TeKCTY A

3HaeM Napbl NOXOXUX TEKCTOB

TOYKa
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Kak 3To 06beamnHATb TOUYKa

MinHash+LSH e5 + cosinsim
3HaeM, YTO MNapa TeKCTOB AnB 3HaeM, YTOo
exxatT B OgHOM 6aKeTe TekcT B o4ueHb 6}'II/I3OK TEKCTY A
3HaeM napbl MOXOXXUX TEKCTOB 3HaeM napbl NOXOXUX TEKCTOB
CMUCOK

pebep

rpad

KOMITOHEHTblI CBA3HOCTU

(knacTepa)
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YTo panbLie genaTtb AenaTtb ¢ Knacrepamu?

1. 3Haem MNPoO KakKne-T1o TeKCTa, UTO OHU MNJIIOXMNe -> BblKMObIBaeM
BECb K/NMaCTep NMOXOXMX Ha HNX TEKCTOB, CHNTAA €ro
naoxXmM KnactepomMm

2. OcTaBngeM TOMIbKO MO OgHOMY NMPpUMepY B
XOpOoLIUMX KJlacTepax

TOYKa
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data loss: pegynnunkauus TOUKa

CulturaX

BblYMLLEHbI apTedaKTbl
CcTaTUCTUYecKmne GUNbTPLI -21%
text-quality

tone-of-voice 2%

oenyrninKaunma
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Pe6anaHcCUpoOBKa TeM

6 Impact of Domain Composition on Pretrained Models

Section Findings

stream performance.

domains.

TOYKa

e Inclusion of Common Crawl, OpenWeb and Books have the strongest positive effects on down-

Data source heterogeneity is more important than data quality or size.

e Itis beneficial to include as many pretraining data sources as possible.

e Targeted data helps targeted evaluations, but not always as much as including heterogeneous web

https://arxiv.ora/pdf/2305.13169
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Pe6anaHcCUpoOBKa TeM

1. ECTb BEKTOpa C npoLoro atana (e5)
2. XOTM YeCTHYIO KJlacTepusaumio

3. Ho y Hac MUNNTNOHDbI COMNJTIOB

TOYKa
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Pe6anaHcCUpoOBKa TeM

1. ECTb BEKTOpa C npoLoro atana (e5)
2. XOTM YeCTHYIO KJlacTepusaumio

3. Ho y Hac MUNNTNOHDbI COMNJTIOB

1.  Wcnonb3yem BIRCH...

2.  HowmMnnemMeHTaumsa m3 sklearn nagaet ¢ segfault, ecnu 3anyckaTtb €€ Ha 60/bLLIOM
KonnyecTBe aaep

3. TMoatomy nepenwmcanu BIRCH Ha PyTorch

4., PacuyéTt Ha 64 x AMD EPYC 7003 npoxogumT 3a 20 4acoB

TOYKa
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data loss: pe6anaHc TemM

CulturaX

BblUMLLEHbI apTedaKThbI
CTaTUCTUYeckme GUNbTPLI
text-quality

tone-of-voice

aoenynnmKauma
pebanaHc TeM

TOYKa
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TOYKa

UYTO B ntore



data loss

CulturaX

BblUMLLEHbI apTedaKThbI
CTaTUCTUYeckme GUNbTPLI
text-quality

tone-of-voice

aoenynnmKauma
pebanaHc TeM

rotoBo!

TOYKa
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Kak 3To B utore BnusieT Ha Mmogersb

PaCcTUT KavecTBO

nydule cxoaoumTtcd

metric.name="step/eval/loss"

TOYKa

26 !
i
i
i
25 !
i
i
1
24 !
i
i
23 i
: - —Steps—i
+ T T 1
4000 6000 8000
metric.name="step/train/loss"
7]
6
5 |
4
—
Steps—
T T T T T 1
39 2000 4000 6000 8000 10000
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Why so fast? TOUKa

Mbl ymMmeeM Unctmntb 800 MJTH TeKCTOB 32 17 AHEeNn BLE -
Ha TeKyLleM erese " ‘ -/




nToro

1. Curated oTKpbITble OaTaceThbl HE TaKMUe YXX U curated

TOYKa
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nToro

1. Curated oTKpbITble OaTaceThbl HE TaKMUe YXX U curated

2. DunbTpauma JaHHbIX 3HAYUTETbHO YCKOPSAET obydeHume 1
NOBbILLAET KOHEYHYIO TOYHOCTb

TOYKa
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nToro

1. Curated oTKpbITble OaTaceThbl HE TaKMUe YXX U curated

2. DunbTpauma JaHHbIX 3HAYUTETbHO YCKOPSAET obydeHume 1
NOBbILLAET KOHEYHYIO TOYHOCTb

3. Old but gold: trash in — trash out

TOYKa
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TOYKa

EnvsaBera
AdaHacbeBa

Senior Data Scientist B Touke
tg: @digitaljay @
N "‘”33 K

T éﬁ”w‘g

ML-KaHanb4yumK

@MLTOCHKA
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