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ITepiAvim

Toa Meydda Ihwooicd Movtéda (LLMs) éyovv avadelyBei wg toyvpd epyadeia yia v Erelepyacia Ovoxyg
Iooag, xabodnyodpeva amd ) Saprag avavouevy xhipaxa Twy ROVTEAWY Kal TwY TUY6AwY dedouévwy
exTaidevang. Av xat TéTotot wopot eivat dtadiatpot yia YAOoTeg VYNADY TEPWY, Ol YAWTTEG YAUNAWY TOPwY
émwg 1 EAAvixy Tapapévovy onpavtixd vroekmpoow ol neves 0Ty o0y povy épevva xat avdmtvEn LLMs.

SNy mapodoa epyadio, emiSIdKOV e Vo KAAD YOV e AU TE To KeV6 kaTaakevalovTag 000 Oemedindn avvola dedo-
wévay yro v avartvgy EXAnvicedy LLMs: éva ohvodo Oedopévay mpoexmaidevong kot éva avvolo yia exmai-
devoy Paoet odnytwv (instruction tuning). [ty wpoexmaidevon, cvidéaue xat emebepyaotycapme peydtovg
6yxovg guvoptdiax®y dedopévwy amé amopmayvyToPuwynaels Bivreo tov YouTube xat emionpwy, Sounuévwy xet-
wévawy ard dnuoaing dradéatpa éyypapa PDF, xvpiwg BitBdio xar axadypmaixé viké. [t to instruction tuning,
uetappaoape vrdpyovta Eevéylwooa obvoka vimAg ToldTyTag ne pla Tpooappooévn dtadikacio uetdppa-
a6, ST PaAilovTag TOMTIOWIKT CVVAPELa kat oV{NTHTELS e taThpron Tov Thatoiov (context) ota EAAnvixa.
Katd 1 onpiovpyia twv dedopévay, epapuéoape uie oetpd Byudtwy erelepyacing, émag apaipeomn BopdPov,
KAVOVLKOTIONTT, PIATPApLo A Ut Baon T YADTTR ket apaipeoy SImASTVTWY, 08NV Tag 0T avaTTuéy evég
a&1émoTov aywyol emekepyaciag.

Ta tehixa ochvoda dedopévmy wepthauPavovy mdvw amd 2.3 Soexatopudpla Aéelg xat 6 SLoexaTopudpla
tokens, amoTeAwvTag éva onpuavtiké Briua wpog ™y exmaidevon EXAnvicwy LLMs v{yming motdtytag. H
epyaoio aVTH TPOTPEPEL TOTO ETAVAYPYTLLOTOLYTLILY TEXVIKY VTOOOUT 600 kol emLUeALéva dedopéva Tov
Voot pilovy T meAdoVTIKY épevva Kot avaTTuEn oTov Topéa Tov EXAnvikod NLP.

Aéerg Khetdid —Meydda Iwooicd Movtéda, [hdooes Xaunkav I1épwy, EXAnvixd Zovolo Aedopévav,
[Tpoexmaidevon, Exmaidevon Baoer Odnyrwv, EmPrenduevn Ipocapuoyy, Anpiovpyic Zvvédwy Aedopé-
vav, Empédeia Aedopévay, Aywyds Emetepyaciac Aedopévawv, Ilpoemetepyacio, Metemetepyaaia






Abstract

Large Language Models (LLMs) have emerged as powerful tools in Natural Language Processing, propelled by
the ever-expanding scale of model sizes and training datasets. While such resources exist for high-resource lan-
guages, low-resource languages such as Greek remain significantly underrepresented in modern LLM research
and development.

In this thesis, we address this gap by constructing two foundational datasets for Greek LLM development:
a pretraining dataset and an instruction tuning dataset. For pretraining, we collected and processed large vol-
umes of conversational data from YouTube transcripts and formal, structured texts from publicly available PDF
documents, mostly books and academic material. For instruction tuning, we translated existing high-quality
instruction corpora using a custom translation pipeline, ensuring cultural relevance and context-aware conver-
sation in Greek. Throughout the data creation process, we implemented a series of processing steps, including
noise removal, formatting normalization, language filtering, and deduplication, leading to the development of
a robust processing pipeline.

The final datasets, comprising over 2.3 billion words and 6 billion tokens, mark a significant advancement to-
ward training high-quality Greek LLMs. Our work contributes both reusable infrastructure and curated data
to support future research and development in Greek NLP.

Keywords —Large Language Models, Low-Resource Languages, Greek Dataset, Pretraining, Instruction Tun-
ing, Supervised Fine-Tuning, Dataset Creation, Data Curation, Processing Pipeline, Preprocessing, Postpro-
cessing






Evyaplotieg

Oa Nl v evyaploTion Tovg xadnynTés x. Tewpyto Ztapov xou k. Muyddn Balipydvvn yie my emiBreym avtrig
NG OITAWUATIKIG epyaTiag Kot Yio TV evkalpic TOU ROV £00TaY Ve TVY EXTIOVATW OTO pYATTYPIO ZVOTHUATWY
Texywne Nonuootvng xaw Méadnong. Emiong, evyapiots diaitepa tov x. Muyddn Balipytdvwn yia Tig 13éeg, v
xaBodynon xaw TV epTToToohYY Tou pov édeike kortd TV didpKela THG EXTOVNONG AVTYG TG EpYATiag.

Evyaptote amé xapdidg Tovg yovelg wov, Zmvpo xau Adebio, xadug xou ta adéppia pov, Avaotdon, Baoikixy xau
Mapio-Xprotive, yio )] Stapxy oTHpIEN Ko TV orydmry Tovg Gha auTa TeL ypovia.

Téhog, éva Eexwploté evyaptote oy xomeda pov Polodéva yio v xorravénom xou 0 otiptéy g o€ x40e pov Brua.
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Chapter 0. Extetapévy Iepidnym ote EXdnvixd

0.1 OzwpyTixd YwoPabpo

0.1.1 Meyara I'hwoorcd Movtéda (LLMs)

To Meydda INhwooted Movtéda (LLMs) eivou povréda pabidg uabnong mov exmardedovto oe Tepaotieg moodtyTeg
KELUEVOV UE TKOTIO THY KaTavénom xat Tapaywyn euotkis Yawooag. H mietoympia twv olyypovwy LLMs Baoile-
To TNV opyLTERTOVIKY Twy Metaoyyuatiotwy (Transformers) [1], v omoia eiofyarye Tovg unyaviopods cvto-
mpoooyys (self-attention), emitpémovtag T uovredomoinom paxpvay efaptioewy oe axolovdieg kelpévov.

Output
Probabilities

'd ™
Add & Norm
Feed
Forward
'S ™\ Add & Norm
,_.— :
s folle o] Multi-Head
Feed Attention
Forward 7 7 M x
— ]
N Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At At
\. e J L _"J
Paositional g Fositional
Encoding D @ B
I q Encoding
Input Output
Embedding Embedding

T T

Inputs Outputs
[shifted right)

Zynue 0.1.1: H apyrrextovicy twv Metaoynuatiotdy, 6mwg tpotddyke ato "Attention Is ALl You Need”
(1]

H Paoucy apyrrextoviny Twv Metaoynuatiotoy, émwg paivetar oto Zyfua 0.1.1, wepthapBdver dvo cvviotwoeg:
Tov xwdikotolyty] (encoder) xat Tov amoxwdixomoryty (decoder). Zta olyypova uovtéda, cuvavtipe Tig e£g
SLLPOPETIKEG aUPYITEKTOVIKEG TroLpaAdoryég:

* Movtéha wovo pe amokmwdLkomol Ty 6mwg T Lovtéda g otkoyévetag GPT (Generative Pretrained Transformers)

20



0.1. Oewpnrixd YéPadpo

[2,3], etvou xarTdAAnda yro. OntovpyLkég epyadieg, STwg 1) ONILOVPYIR KELUEVO, Y] TUVOIIALR ket 1) TTapary Wy
KOOLKAL.

* Movtéha puévo pe kwdxomonty émwg to BERT [4], eivou Bedtiotomomuéve yia epyacies xatoavénong
YAdoT0g, dTws v Tabvéunon, N avayvwploy ovopacévay ovtotitaey (NER) xou n amdvnon ot epwtyoelg.

* Movtéha pe xwdixomoti-amokwdikomoty (seq2seq) émwg T T'S [5] xou BART [6], eivou amodotid
0t EPYATIEG RETAPPATNG, TUVOYTIG Kol ETTOVEYYPAPYG KELUEVO.

0.1.2  Zdvola Aedopévwv Ilpoekmaidevoyg

H mpoexmaidevon amotedel To mpwto kot Depedindeg otadio oy exmaidevon Meyddwy Tdwooikwy Movrédwy.
Katé ) didpxeta g, To provréda uabaivovy yAwooikd wotifa uéon amé ta dedopéva mpoexmaidevang, xwpic Ty
QVEYK) ETOTTELRLG 1] YELPOKIVITWY EMITNUELDTEWY.

To ohvoka dedouévwy mpoexmaidevar)g amote oty, cuverag, Ta fepédia Twy LLMs, pe to uéyebog, myv morkidio
KoL TNV TOLOTY|TE, TOVG VoL ETTY)pedfouy TV 1XavOTYToL Tov oVTELOU Vet YevikeDel e Vo xatovoel T yawooo. Emioyg,
TUYOEOVTAL UE TNV EUPAVION avaduvdusvwy tkavotytwy (emergent abilities), onAady SvvatothTwy émwe 1 wepiAnym,
KETAPPATY), TUALOYITUOG Kectt AAAGY, Yot Tig OTroleg Te oVTEAL OeV €xoUY exTreudevTel [7, 8].

Amotedovvran amd Sioexatoupbpta 1) ket TploekaToupdpta tokens, Ta omolo cuALEyOVTAL A6 TOLKIAloL Ty, TG
1oTogeAideg, BiPAin, eyxvichomaidetes, axadnuaikd éyypae kot ke [9].

H moidtra tv Sedopévav eivar eioov onmavtiny ue ™y moodtnté tovg [10]. H eppdvion BopvPov, emavatauBa-
vopevwy dedouévawy v) dedopevwy oe YADTTo SlaopeTixy) amrd auTHY Tov TpoopileTea Yio T EXTaideva], Topel VoL
ETY|PERTEL QLPYNTIKA TV)V EXTTALOEVTY) Kt KorTd CUVETELL TV emidoay Tov wovtédov [11, 12]. Tia to Aéyo avtd, eivau
ATAPALTYTY 1) ePAPULOYH AVOTTNPWY PYudTtav emebepyaciag bmag:

* Kabapiopds xat xavovixomoinoy moppomoinong
* Aviyvevoy yAwooag kot PIATpApLO®A
* Agaipeoy SITASTUTWY eYYpAPwY
Tékog, 1 emthoyy] Tov TPoEKTAUIEVTIKOD TTEYOV EYEL TNUAVTIKG AVTIKTUTO TNV YPYTTIKOTY TR TOV UOVTEAOY, APOD

xaBopilel Tov TpéTO e Tov omrolo padaivel avamapaotacels ™ YAnooags [13,14]. H amdpaom avty kaptaton dueoa
KoL QT TV ETIAEY LLEVY] QLPYLTEKTOVIKY] TOU LOVTEAOU, OVAadY:

o Armadvg 1 ITApys Mwooky Movredomoinoy, (CLM/FLM): mpé@Aeyy Tov eméuevov token pe Baom

VO TotL TPOYYOUUEVE. - YPY|TLAOTIOLEITAL TE ATTOKWOLKOTOLTEG.

* Movrehomoinoy Iwoooag e Ipdbepa (PLM): Tio vor umopodv o RovTéAa kwolkomo) Th-amokwdt ool
NTH VoL EKTERODY LOVTEAOTOIN 0N YADT TG, TTpETeL v opLoTel éva TpdBepa bov To wovTéAo dev meplopiletat
gt I (causal) wpoooyy oe awté. To uovtédo mpoPémer kade token extég Tov Tpobépatos, dedomévwy
SAWY TWY TPONYOVEVWY SLKPLTIKAY.

* INwoowcey Movtedomoinoy pe Méaoxa (MLM): wpéPieymn twv xpvpuévay tokens pe paoy to cvpppals-
weva (aupidpopa) - XpYTLROTOLEITAL Te KWOLKOTIOLYTEG.
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Chapter 0. Extetapévy Iepidnym ote EXdnvixd

| targets |

Full Language Modeling May the force be with you

-

e
| targets | .

be with you

gt g

Prefix Language Modeling May the force

targetsa N

Masked Language Modeling May the force |be with yolul

Zynue 0.1.2: TTapadetyuota etoédov ket atéyov wpoPreyns ylo mpoexmardevtixé otéyo FLM, PLM xau
MLM. [14]

0.1.3 Xdvola Aedopévwy yia Instruction Tuning

Metd v odoxApway Tov oTadiov g TpoekTaidevays, To LLMs amoxtody emapxy yvway] yio Ty Topoywyn Kel-
wévov. QoT600, YioL VoL aVTATIOKPIVOVTOL [he TUVETELR T PYTEG 0OYYIEG XPYTTWY, ATAUTEITA TTEPUTEPW eVBVYPAUILTY
(alignment). H evuypapuion evty emrvyydveton uéow g exmaidevayg Baoet Odvyinwv (Instruction Tuning) %
adherg EmBhenépevy Ipooappoyis (Supervised Fine-Tuning - SFT), xatd tv omoia Ta. povtéde exmoudedovra
e (ebyn (odnyia, amavtyon) 1 Stedéyovg ToddamAdy yopwy [15].

Shupuve pe peréteg [16], n wébodog oty éxer amoderyfei 61 oy ddet Taw povTéda va yevixebovy xadiTepa, v
T TéY POV BEATIVEL TNV EVYPYTTia Ko TN axpiBeld Tovg e dyvwaTeg epyaateg (zero-shot).

Sty pdkn, Tétote ovvora dedopivwy umopoly va Syutovpyndoly péow:

* AvBparmvey emonuelwaewy
* Avtépatng onuovpylag e xpron LLMs [15,17]

* Metapoong vapydvTey ayyAopuvey cvvéiwy dedouévay [18,19]

0.1.4 ITpoxAyoeis Y Tig Mlwooeg Xapyiwv ITopwv

H amédoon twv LLMs efaprdton o peydio Pabué amé to uéyedog xar my modmyra twv dedopévav. Avté amotv-
TWYETAL TTOVG VOUOUG KALaxwang [20], ot omolol avapépovtal oe eumelplicé oyéaelg mov delxvouy 6Tt ¥ amédoay|
Ko oL SVVaTETNTES Yevixevomg Twy uovtédwy Bedticvovtal e TpoBAéyipo Tpémo pe Ty avEnom Tov peyébovg Ty
Je0OUEVWY, TWY TAPAUETPLY TOU LOVTELOV Kl TV TOPWY EXTIdEVT.

Ipdypart, 1 avdmtvgy Meyddwy Thaooixdy Movtédwv Baoiletar xatd xdplo Adyo oty Swbeoipwbmnta Tepdotioy
TOTOTYTwY dedopmévay amé dlapopes TYés, Kuping ote Ayyhcd. Kot cvvémeia, o1 Aeydueveg yAdoves yaundy mo-
pwv (low-resource languages), 6mwg T EXAnvikd, Tapaprévouy onuavticd VToekTpoonmodreves oTe. TEPLOTOTEPOL
ovvola OedopEVwY UEYAANG KAILAKAG.

H el yAwooa, av xat mAodate o op@oAcyia ket TOMTITUIKY) TYUATin, TATYEL A6 TTEPLOPLTILEVY] TIeLpoVTia:
o0 OadixTvo Kot et TNV arovaio amodotikwy tokenizer. Ot wapdyovtes avtol kabioTody TOADTAOKY THY AvdTTVEY
Meyddwy Ihwoocwy Movtélwy vimig motétyrag ota EAAnvikd.
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Zynue 0.1.3: H amédoon twv Thwooikwy Movtélwy Bedticivetar yior ueyoditepo avvola dedouévay,
"Scaling Laws for Neural Language Models" [20]

Axdpun xou o€ TpdTPaTes Oebvelc Tpoomadetes yio T TUALOYY et IULoVPYin LeYAAWY TOAVYAWTTIIWY OEDOUEVLY,
émwg o CulturaX [21], mC4 [22], TeuKen-7B [11, 23] xow HPLT [24], ) eAAvvixn yAwooo keddreTon wepto-
pLOWEVQL, T6OO € bYKo 600 Kt o€ TolktAia BepaTodoying.

Lo Ty WV TIRETOTION AVTWY TwY TPOXAYTEWY amarTodvTal oToyevuéveg Tpoomadeteg cvAoy, xabapiouod Kot
emuéAetag EAANVICDY Oedopévay, kATt Tov amoTeAel Baoikd aTéyo TG Tapolong epyaTing.

Akloonpelreg Tpdopates mpoomdfetes yio T Snuiovpyla eddnvicwy LLMs eivou to Meltemi [18] xat To LLaMA-
Krikri [25].

0.1.5 Baowkéc 'Evvoreg

Sy Tapovoa evETHTA YiveTau CUVOTITIKY avapopd Kou emeEnyyom Ty epyakelwy xat TeVIKGY oV Ypnotpomol)in-
KoLy XaTA TY) CUAROYY Kl TNV emeepyacio Twy dedopévay:

¢ Zvotnpate Avayvapioys Optdiog (ASR): Emitpémovy ) petatpomy) axovatiewy dedopévay oe ypamtéd
xetuevo. Ta olyypova povtéda eivat xata Baoy Badid vevpwvikd dictva, kot 1 Aetrtovpyin Tovg wepthauBavet
auvBwg T axdAovfo oTadua:

1. Ipoemeepyacio: agaipeor SoptBov amd to nynrinsd ohjue.
2. Nevpwvixdé Aixtvo: (CNN, RNN, Transformers, Conformers) yiee Tv avtiotoiytoy euvytixey
movadwy ot xelpevo [26].
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3. T\wootkd Movtédo: yia ) Siépbwon xou mpdPeyn twv o mhavay Aékewy ¥ ppdoewy.

* Ontiky) Avayvapioyn Xopaxtipwy (OCR): H péfodog ebaywyns xetuévov amé capmuéva éyypape 1| pw-
Toypaies. Zvvnbuwg xpnotpomototy cvvdvacus Zuvekietikay (CNN) xar Avadpopidy Nevpwvikwy At-
xtowy (RNN), 1 apyrrextovikés Paciopéves otovg Metaoynuatiotes.

s Avayvapioy Iwooag (LID): H avtéuoaty avayvopton g YAOoog evég Kelévo elval amapaiTyTy yio
™V aaipeon ketuévawy mov dev epthapBdvovtal oo Ae§ihéylo Tov wovtédov mpog exmaidevom [11]. Zvvi-
Buwg xpnotpomoloty otatioTikég rebbédove, dmwg To Bag-of-n-grams [27], 1 apyitextovikég Bactouéveg oTovg
Metaoynuatiote.

* Agaipeon AmAdtumwy: H ddikacio apaipeang dimidtumwy (deduplication) eivau xpiowun yie ™ dta-
o@alan g motdtTag Twv dedopévawy. TToddég uedéteg éxouy avaddoet Ty avdyxy yio apaipeay) OLTASTL-
WY KELUEVWY, E0TIALOVTOG APYLKA TTY]Y ATOd0TIKGTY TR TWY VTTOLOYLTTIKGY TOPWY, avaPEPOVTaG 6TL TETOLEG
TEXVIKEG ETIITPETIOVY T7) YP1YOPOTEPY TVYKAION TwY LOVTELWY TeTVYaUvOVTaG (Dter 7] Kot KA TEpoL ATOTEAE-
ouatae [28].

To onuavtixétepo TpdBANUa 0TV Drrapén SimddTuTwy xatd ™Y exmaidevoy evég LLM eivou 611 wpoxaody
vrepmpooapuoy] (overfitting) oe emavakapBavéueva potiBa, 0dyodv T povTéL o€ EUPAVITY TPOKATAAY-
VEWY, LELWYOUY TNV TOIKIAOMOPPIR TWY YAWTTIKWY dopwy Tov mabaivel To movTédo Kt Yevikng Brdmtovy
Tig eTwTEPLKEG doég TPoToYTg (attention) Twv ovTELWY, 03N ywVTaG To Ot ooy udveva] (memorization)
avti g yevikevang [20, 29].

Xpnapomodnxe o akyépibuog MinHash [30, 31] oe cvvdvaousd pe Locality Sensitive Hashing (LSH)
[32], woTe va aveyvedovow xat vo aatpodval £yypada ue VYNAH oRoldTNTR, YWplG avdyxy Yo TAYpY ob-
yrproy. H nébodog ety eivau evpéwg xpnatpomolodpevy] yio. Tov evTomiapmé dpotwy eyypapwy [33], eve éxel
amoderyOel melpapaTicd 6Tt TPOTPépEL TV KaUTEp LooppoTia peTabd axpiPelag, avdxAnovg kat vToroyL-
oTIKYg amodoTikéTyTag [34].

0.2 Anuiovpyio Zvvodwv Aedopevay Ilpoexmaidsvog

"Evog amé Tovg Baaticots atéyovs TG mapodaag epyaaiag eivor 1 0 utovpyin evd cuvoAoy Oedopevmy TPoEKTaIdEVaNG

eYAaANG KALaKAG Yic TNV eEAANVIKH YADTTQ.

Tiee ) dnutovpyio evog TéToloV TUVOLOV, 0601 KE EUPaTy) TETO TTYY TOLKIAOOPPIca Kol TOV 6YKO TwY 0edOUEVWY, 600
xou oY emebepyacio xat To PIATPAPIOUA TOVG, WOTE Vo ST PaALoTel 1) TOLSTNTA Kt ) YAWOTIKY KATAAANASTHTL
Ty dedopévay. Ot 000 xkdpleg Tyég Tov yprotuotoly ke eiveu:

s Amopayvyropuvioels amé Bivreo YouTube
* 'Eyypapa PDF amé dnpéoia amobetrpia
0.2.1 XvAdoyy xou EmeEepyacio Aedopévwry amé to YouTube

To YouTube amrotelei éva peydo amobetypio meptexoumévo, To omoio mepthaprBaver ueyddovg dykovg cuVopIALAKDY
dedouévay oe xadnuepwi, avemionun YAwooo. Ztny Tepimtwoy T eAANVIKAG YADTTag, AmoTeAE! wic ad Tig Alyeg
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0.2. Anovpyio Zvvéhav Aedopévay ITpoexmaidevang

UeyaAng xhipaxag, onuoata dtabéatpes myés mov Tapéyovy mpéaBacm ot alyypovo, TpayuaTiké didAcyo Tt Eve VpD
Paopa epatoroyiog.

T ™) cvAAoyn Twv amopayvyTopuvioeny Bivteo, oxedidatye kot vAomordnxe évag aywybs TOAADY oTadiny, 6Twg

paivetar oo Zynua 0.2.1.
YouQIL:
|

ZuAAoyn AloTtag
KavaAlwv

Ma Kade Kavait

Afqun Alotag Bivteo
Kot Metadedouévwy

Ma kabe Bivteo

AloOéatpot
YriétitAoy

\y ( —
r]Lp[] Apxeiov =
Hxov

Residential Proxy

|
l Transcript API

-
I'

=

i ]
" | —
/

Zynue 0.2.1: Aywydg cvidoyng amopayvnto@uwvioewy améd to You Tube

To mpaito Pripa apopd ™Y emAoyn kavatwy. Avty wpoypatomomdnke e peydho Pabud avtdpata, pe Texvikég
amdgeang ool (web-scraping) yio )y ebpeom) Twv SnuoPAéoTepwy EAATVIKGY Kavahiav avd xorryoplo e Oeparo-
Aoyla Teprexopévov. H Moo avty ot ovvéyeta eréyyBnxe yepoxivyrayie ty apaipeon §evéylmoowy xat xatnpyn-
KEVRY KaVaALWV, Ko ERTAOUTIOTY)KE TEPITEPW UE EMIAEYEVEL Kavadia, Ko AloTeG avamapaywyng, divovTag Eupacy]
e Bivreo xou podcasts vimAvig ToL6TNTaG TTEPLEXOUEVOD, e TwOTH dpBpwan Kot cuvéTeln oY EAAVIKY YAooa. H
apycy cuddoyn TepthapPaver 238 kavdAte kot 65 MioTeg avamapaywyys, e éve abvoro amé 778,998 Bivreo.

211 CUVEXELD, YioL TY TUAAOYY] TWY aTopay VY TopwyY|oewy (transcripts) Twy mapamdve Bivreo, xpnotpwomorydvxe
1 BiPAob7xn YouTube Transcript API [35]. Amé ) Swdixacio avty, e&iydnoay amopayvnropuivoetg yio to
21% tow cvikexBévtay Bivteo g apyikig cvAoys, kabwg Ta Teptaadtepa Bivteo dev O1ébetay véTiTAovg. Tiar
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TNV TEPAUTEP® EVITYVTY) TOV TOPATEVL TUYOLOV dedouévwy, Ypnatpomotnfnke emmAéov To TVoTrme Aveyvwplays

Ouwuthiog (ASR) Whisper 1 OpenAl [36], Aéyw ¢ vimAng amddoorg Tov ote EAAnvika.

T va 1ooppomn oty ot emdboelg xau ) amodotixdtnTa, ypnotuomomdice i xBavtiouévy éxdoon Tov Whisper-
Large-v2, pe ) Ponfeta ¢ BipAio0vxng faster-whisper [37]. Avty v Aoy mapeiye v xadtepy tooppotrio pe-
TeE) axpiBetag xat vTodoyloTikod k60 TOVG. Abyw TV ATAUTATEWY TE VTOAOYLOTIKOVG TTEPOUG, Ol ATOUAYVYTOPw-
VOELG TEPLOPITTNKAY Te €VoL KPS o000 TS emtheyuévay Bivreo vimAng motdtytag amd Tig axdiovbeg xaryopies:
Aioteg avamapoywyns, Xetpoxivnta emdeyuéva, Eidvoeig ket Iotopicd, culdéyovtag emmAéov 983 amopoyvy to-
pwvyoels Bivreo.

O amopayvyropavioels Tov eEydnoay amd v mapatdve dadikacia Ytav ot peydio Padué BopvPndels, Tapov-
awafovrog ovv 9y odduate mov TpoxvTTOVY amd ovoThwate ASR addd xat arwé T phon Tov TepLexopEvo, STwg:

* Mepux) 7 ohuie] amwdeta onpelowy otiéng
* 'EXkerim xepataiov

* Opboypagixd Adbn

o Aékerg Siotaypod (.. eee, Yu)

* Ewoaywyés xavakiav xat diagnuicelg

H mopovaic TéTolwy CQaAUATOY UELOVEL THUAVTLKA TNV TOLOTHTAL TOV CUVEAOV kot KabIoTE TIg ATOUayVTOPWYY-
gelg A TaAAAeG Yo YpHom oe Tpoexmaidevan) Meyddwy Ihwoaikdy Movtédwy, Adyw g emipporis TG ToL6TNTag
Twv Sedopévwy oY amédooy Twv uovtédwy [S, 38]. I v ebaopddion ¢ motdtnTag, eoTidoaue ot Telg Eeywpt-
oTég epyaoieg yi Tov xabaplopmé Twv sEaydpevay xetpévav: apaipeoy SopdBov, kavovikomoinoy keluévov Kt
emavapops onpeiny otifng kot kepodaiwy.

Apyixd, ebetdonie xou ablodoyBnxe 1 ypNon epyakeln avorytod xwdika (open-source) yia Emetepyacia Quoting
INwooag (NLP) ote eAdnviicd, ket avyxexpipnéve T GR-NLP-TOOLKIT [39], Greek BART (seq2seq) [40]
xou Greek BERT [41].

To povtéda avtd Tapéyovy Paoixég AettovpycdTnTes, adAd Oev eivou o Béon vo vrooTpiEoVY TV TOAVTTAdIKY
emebepyaoio mov amouteital. Xuvends, eEetdonpe ) XpNoy Meyddwv Mwootkdy Movtédwy yi ) diépbuoy
TOY CPUAATWY, OPULWIUEVOL AT6 Tig EXTEVElG UEAETEG TWY TekevTaiwy ety Tov emBeBaucivovy Ty amodoTikdTyTa
twv LLMs oe moddég epyacieg NLP [42--44].

'Etot, pe Ty xatéddniy xabodynon (prompting), ypnotpomorfnxe to novtédo gpt-40-mini g OpenAl yia

dopfwan Twv mpoavapepbévtwy opaiudtwv.

Tékog, Yo T S1eo@aAon THG YAWTTLKHG KATUAAYASTY TawG, vAoTowOvke nin Sadixacio 000 oTadiny Yo Ty ovi-
YVEVT] KLl QTTOUAKPUYTY] QTTOUOY VY TOPWINTEWY oV Bev avaryvapilovtay pe vimAn Beoudtyta we eddyvixée, ypn-
awpomotwvteag o ovtéda fastText [27,45] (1o otadio) xou GlotLID [46] (20 otddio).

0.2.2 Efaywyn xat Enegepyacio Eyypbpwv PDF

e oavtifeoy e Tov TPOPOpLIKS AbYO, TOLYPATTE EYYpada TpooPépovy TpdTbaa gt emiom o, Sounuévo Aéyo, o omoiog
elvaLl ATAPAITTOG Yol TNV EXTIAUIOEVTY) YAWTTIRWY ROVTEAWY YEVIKNG YpNoMs. Tia v Siao@aAiotel éva avTimpoowmev-
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0.3. Anwovpyia Zvvélov Instruction Tuning

TIKO Oely et YPoTTTY)g EAANVIKNG YAWTT0G Te TotictAio Toméwy, TUAAEYDice VAIKS atrd Tig adhovbeg Tyéc:

1. Efvicé Apyeio Awdaxtopikayv Atatpipwv: Mia myy amd didaxtopixés datpdég ot omoleg exmovyiniay ota
eEMIKE TaveTioTAUIA, Kabg ket avTég Tov exTovyOnkay amé EXAnveg ot mavemotiuia Tov ebwTepikod
Kt everyvaploTnay o Tov apuodio eBvikd popén, Tov AOATAIL

2. ebooks.edu.gr: O emionuog Ympraxds xwpog Tov Ymovpyeiov Tlawdeiag, Opnoxevpatwy & Abintiounod
(YITAIOA) yiee 0 018807 Twv ym@raxmy pop@wv twv oxolxwy Bipiinv. TTepéyet 6da Ta oyolikd Pi-
BAioyioto Anpotixs, o [vpvaato, To Teviké xou to Emayyedpaticé Adxeto (EITA.A) oe diaopeg Ymeraxée
popc.

3. OpenBook, free-ebooks, eBooks4Greeks: Wnpraxd amobetypia e yrdidde eddnvixa ym@roxa BidAia mov
elTe elvau OYbatog YpYoms elTe davépovtat eredBepa kot VOPIpa 00 S1adiKTVO aTd TOUG OYIrLoVEYODE 1 TOVG
£100TEC TOVC,.

H eEaywyn twv xeypévery amd Ta cvldeypéva apyeie Tporypotomow|fnxe xatd xdpto Aéyo pe ™ xpYom s BBAobi-
116 PyMuPDF [47], ue m) ypfion g oolag e£vynoay o xabapd mepreydueva amd my mhetoyn@lo tov mapamdve
eyypagwv PDF, ota omola To xelpevo elvar evowpatopévo oo apyelo.

o vrdhorme apyela, yio Te omoie 1) arevfelog egaywyv'] KELUEVOV eV NTAY EQLKTY), TO Kel[AEVO DEV NTOY EVOWUOTE-
WEVO, e aTTOTENET LA OL ETTLUEPOVG TEAIDEG VoL avTIUeTwTI oV Tan WG etcbveg, TBavag TpoepYdUEVEs aTd TapwrévaL EY-
ypopo. T to pikpd avtd vrogvvodo epapudatrray Texvixis OTTinng Avayvapiays Xepaxtipwy (OCR), koTe
VoL UETATPOUTIEL TO TrEpLEXOULEVO TwY apYElwV Ot eTebepydaiLiy) opPY] KELUEVO. ZVVOAIKA, TO TEMKS VTOTVVOAD TwY
eyypapwy mov amartovaay OCR frav uikpétepo Tov 3% Tov cuvdAov.

T mv ebaopdion g modyTag Twv efayBévrwy xeuévay, epapuéoyray Ta Tapaxdte Biuate emeEepyaciog
xout xefoplopod:

1. Kavovixomoinoy Atdragys ke Moppomoinong: Apopd 1y apaipean BopdBov mov opeideton oty popdi
Tov Bifhioy, xou mepthapmBavet Ty eppivioy emavaioppavéuevwy xepakidwy ko vTosEddwy, aptduwd ceAi-
dac, K.

2. Evromopég Mwooog kot @udtpapiope: o ) Slaoc@ddion ¢ YAwTTIkg TUVETELAG T 6Ao TO TUVOAD
dedopévay, YprotuotolvTag T dtadikacio 0o atadiwy we Ta wovtéda fastText xat GlotLID, émwg mept-

YPAPNKE TTYY TPONYOUUEVY] EVOTYTAL.

3. Agqaipeay AimAdtuTav: Xpnatpomoiwytag tov akydptduwo MinHash LSH uéow ¢ viomoinamg g BiBito-
071 text-dedup [48], chote v evtomigovue ke va apoupéaovue Eyypape. VARG OUOISTY TG Y TAVTETN U,
To oTroloL epPovifovTay o TEpLoTbTEpe A Wio TYég ) TEpLei oy eTavoATVELG TEPLEXOULEVOD.

0.3 Awmiovpyta Zvvorov Instruction Tuning

H exmaidevon Meyddwv Ihwooixkay Movtédwy Bdoet odnywdv (instruction tuning) wailet xaboprotiné pélo oty
evfuypapuioy Tovg pe Tig TPoBETEL TWY YPNTTWY, ETITPETOVTAG ToVG Vo ReTaBoDy attd TV yevin TpoPey] emd-
wevng Aééng oty Tpnom xou axorotfnoy avBpamivwy odnytdv. Me Tov Tpémo avtd, PedtidveTar 1 amwddoon Twv
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Chapter 0. Extetapévn HeplAnln ota EAANV LKA

LOVTELWY T€ VOl EVPD PATUOL EPYALTLLIY Keil EVITYVETOL Y] LKAVOTYTA TOUG Vet dAANAETILOPOVY UE ATPAAELDL UE TOVG XPT-
oeg [49]

Aedopévo 6TL Oev vmapyov dedéatua dedopéva. preydAov GyKov avToD TOV TOTOV Yo TYY EAANVIKH YAOTT, ETIAE-
YOnxe 1 oTPATNYIKY TG RETAPPATY)G VTTaPYSVTWY TVVSAwY dedopévwy. H mpocéyyion avty éxet ypnotpomornBei
exTeVaG 0€ cuvapelc mpoomafeteg exmaidevang LLMs oe yAwooeg yauniwv wépwv [18,19,25]. Q¢ Bday, ypnotpo-
motBcay Ta axdrovbe dbo aivora vimAvg ToLbTHTAG:

* WildChat: Amote)eiton amd 1 exatoppdpto Siadbyovg moIamA®Y Yopwy uetakd ypnotew xat chat-bots.
ITepiéxet évoevpd Paouo aAAAeTIOpaTewy CUUTEPIALBOVOULEVOY SLPOPOVILEVLY AUTNIATWY YPNTTWY, EVOLA-
Aeryr) xedduxa xou Qepdtov, Tohitikég cvlnmoetg k.. [50].

¢ UltraChat: Zvv0etixé ghvolo dedopévay ue dtaddyovg ToAAATADY YOPwY, OYUIOVPYYEVRY a6 TV Tpo-
copolwoy cvvoporing ueta&d dvo mpaxtépwy ChatGPT, émov o évag mailet To pdho Tov ypNo™) Yo T On-
mLovpylo epTHTEWY, EV® 0 GAAOG Tapayel Tig avTioTotyes amavtyoels. H xdpla apyy Tov cuvdrov eivou va
avoeL T Totxthopop@ia Twv dedoutvawy, ot avtifeon ue Ta meploobTepa cvola dedopevwy mov eoTidlouy
0 TUYKEKPLUEVEG EPYRTIEG OTIWG ATAVTY|TELG T EPWTNTELS, ETTaveYYpadn kot aivoym. [51]

Apyicd eketaoyiay 8bo amé o duopiiéoTepa movtéa wyovikng petappacyc: to Helsinki-NLP Opus-MT
[52] xat To NLLB-200 (No Language Left Behind) ¢ Meta [52]. TTapétt amodidovy txavomomtixd oe amAéc
LETaPPATELG ETITESOV TPETATNG, TEPLopiloVTaL TNUAVTIKG TE TUVOIALLKS TEPLEYOUEVO UEYAANG EXTATTS, KUPIwG
Woyw Twv pkpdy Tapabdpwy cvpppalopévey (context windows) pe 512 xou 1024 tokens avtiotorya. H avéyxy
TERAYLTUOD 0OYEL T€ atedheter TUVOYNG ket Addy aTNy evaddoryy péAwv, kabioTadvTag To akaTéAAAa Yie vimMAng
TOLSTYTOG UETAPPATELG OLAGYOV.

Avnifétwg, Ta olyypova Meydda Thwoorca Movtéda vrootnpilouy evpd mapddupo cuugpaloutvwy xat n txoavétyTd
Tovg éxel uedetnOel 1luTépwg Adyw TG TNAVTIKOTYTAG THG WXAVIKAG ETAPPaaTS, wg tio o' Tig Depediides ep-
yaoieg ¢ Emebepyacioc vowig Thdooag (NLP) [53]. Me Baon ) obyypovy épevva, Ta LLMs eivar ebatpetixd
IKOVE O€ UETAPPATELG UEYEAWY EXTATEWY KeLEvo [54], EemepvarvTag Ty moL6TY o OYUOPLADY VTEYPETIRY UETAPPL-
one [55].

Lo v epyasia g uetappacng ypnotmomotyinxe o wovréro Claude Sonnet g Anthropic, péow g mAatép-
wag Amazon Bedrock. To povtédo emdéxfnie Aoyw ¢ 1oyvprig amédoang Tov o€ TOAVYAWTTIKEG EpYaTiE Kol TG

VMg acpifetag oTig petappdaets [S6].
ITpw ) peTdPpacy], epapudotnxe wpoemeEepyacio yio Tov xafaploud Twy apyixwy cuvslwy. Zvykexpiuéva, apot-
pEON KoY daddyol pe:
* Keva 7 un puoka upvipate
s Amlétvma
* Iepeybpevo oe uy vrootnpIlbpeves yAoooeg
"Emerta, tpomomorydnxay ot didhoyot wate va axorovdnBel xowvy) uop@omoinen ote civora dedomévawy, RETATpETO-

V166 Tovg o1y wopdr Chat-ML » omoia yprjotomoteiton evpéng xou dopel Ta Oedouéva wg wia Aloe amd uyvouore
mov yapaetnpilovran amé To pého Tov "ouvTAxTY" TV PNYDRATOS, WG e5YG:
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{"role™: "user", "content": "Prompt 1"},
{"role": "assistant", "content": "Answer 1."},
{"role": "user", "content": "Prompt 2"},
{"role": "assistant", "content": "Answer 2."},

Lo Ty xaB0d1ynom ¢ LeTadPpaans, TXEIATTY KAV EXTEVY Prompts e gageic 00 yleg yto:

* Awtipnay] Tov apytKkoD VoraTog

* ITapdherym un uetappdotwy ototyelwy (1.y. snippets kwdtie)

* Amouyy| evepyvg amavTY|oYG AT TO POVTELD

* IToMTIoMKY] TPOCOPUOYY|: ETAPPATY) PPATEWY, IBIWUATWY 1] TOPAJEIYIATWY TTO EAANVIKS TOAITITILKS

Tlaioto

O a1éy06 V6 £XTEVODG TEPLYPAPTG HTAY VL ATOTAPNVITTEL 0 pELOG TOU UOVTELOV Kell ) ALVALIEVOUEVT] LLOPPT) TOV TreLpet-
YOUEVOV ATTOTEAETUATOG, ATTOTKOTRVTAG TAPAAAN AL TTNY atoTpoTy TLhavwy TPaApaTwy Tov Tepartrpnbnray xatd
TN PATT) TWY APYLKWY BOKIUGY, 6TiwG ¥ TpooTadela, ETAPPATTG ATTOTTOTUATY KWK 1 AAAWY U1 UETAPPATLAGY
oToLyElwY, ) axoVTLL ATAVTY|O Te EPWTYTELG TOV KELWLEVOY, Kot TaepaBiacels T {nTodpevng cupmepLpopds.

Metd Ty mopaywyn Twv ReTappacuévwy cuvoiwy, axorovbnoe peterebepyacio, xatd v omola:

* Evtomiomyiay kot agaipénkay Sladéyol we wy puatky xpnom g eEAAVIKYG

* Amoppi@lniay TepITTWTELG e ATUVETEL POAWY 1) AOVVOLILEG OTTOVTYTELG

0.4 ZratioTika kot AvaAvoy Zuvehwy Aedopevny

H mapodoa evéyra cvvoyiler T fagixd yopaxmploTicd Twv TEAK®Y cUVOAwY Sedouévwy, T6TO Yo TNV TPOEK-
maidevam 600 xou yie TV exmaidevan Baoet odnywy. Iapovaialovron otatiotied ueyédy drwg aptduds eyypapwy,
AéEewv xou tokens, xaldg xau 1 emidpaoy Ty PryudTwy xabapiopod oY TEAKY TOTETHTA Kaut TOLOTYTAL TwY Sedo-
UEVaY.

0.4.1 Xdvola Aedopévwv Ipoexmaidevoyg

To dedopéva mpoexmaidevang amotelobyTar amd Vo kVpleg TYés: amopayvyTopuwynoel YouTube xat éyypoago
PDF.

H dadicacio cuidoyng dedopmévay amé to YouTube mepiddufave apyiicd 778,998 Bivteo amd 238 kavddio xou 65
MoTeg avamapaywyys, katryoptomonuéve oe 18 Bepatinég evotyeg me oy to mepteyduevd Tovg. H dadikaaio
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MUY VTOTITAWY T TUVIVATULG [LE TIG AVTOUATEG ATOUAYVYTOPWYYTEL UEow cVaTYaTwY ASR eixe g amotédeapa
™ ebaywyn 165,758 apyeiwv amopayvyropwvoewy, Sniadh mepimov 21% g apxtxig cuiloyns.

H epappoyn twy Prudtwv mpoemetepyaciag yio xavovixomoinoy, emavapopd onuelwy otibng, dopbuoeig xat apai-
pean Bopupwdovg 1 un eEXANVLKOD TEpLeOEVOD, elye wg aToTEAET A TH SNUIovpYia evds VYMAYG TToL6TNTag TVVEAOY
xaBuepvod, cuvourhiaxod Adyov. T tedixd otatioTikg Taepovatdlovton atov Iivea 0.4.1:

Iivaxag 0.4.1: YouTube: Zratiotixd Hpoemebepyaouévay Amopayvyropuvioewy

Katnyopio # AmopayvnroQuvioewy ITnbog Aékewv ITh#00g Tokens
Emeyuéva 8,479 32,406,415 70,773,827
Aloteg Avamtapaywyns 4,646 21,650,973 47,479,107
Exmoudevtia 1,838 6,145,491 13,313,326
Néa 108,701 226,853,323 505,022,794
IToArtixy 2,472 25,313,555 55,532,496
IoTopixa 76 67,788 165,836
ABnTica 5,763 22,590,427 51,020,406
Opnoxeia 1,307 6,460,612 14,273,951
Apnynoelg 623 1,572,275 3,342,010
Mayetpuey 1,707 2,955,733 6,736,421
Yoyoywylo 4,567 9,943,517 22,087,924
Iotodéyta 3,207 6,389,353 13,876,388
Tneomrtina Ipoypdupote 1,873 6,161,805 13,543,198
Kprtinég 834 2,167,610 4,418,575
Gaming 3,174 13,211,476 29,214,264
IToudtkd TTeprexbuevo 550 6,293,984 16,116,640
Movawn 0 0 0
AXke (un xaTryoptomotnuéver) 5,536 17,980,533 39,555,767
Ydvolo 155,353 408,164,870 906,472,930

Akiler va ompetwBel 611, mapd ™) cvvolikn ueiwoy Tov TARBous TwY Pivreo, o aptBubs Twv tokens oo Tehkd vro-
olvodo elvau avgnuévos xatd 54% (Zxfua 0.4.1), yeyovég mov opeidetar xuplng oty avacdvbeomn Tpotdoewy, ™Y
amoxatdoTaoy oTitng ko ) 0tépbwan YAwootkdy Aabwy.

‘Ogov agopa ta éyypapa PDF, 1 apyuch cvddoyn meprhapmBove 25,214 éyypapa amd 5 dnpopeTikég mnyés. H
eEarywyn KeléVoy ATay EQLKTY Yiat TO UEYRAVTEPO TOTOTTS TWY TEPLTTWIEWY, OLLLOPPRVOVTAG EVaL APy TVVOLO
24,469 opyelwy Kelpévov.

H epappoyn v Brudtwy mpoemebepyaiog yia xoavovikomoinom, apaipeoy wn exAnvixod Tepteyouévon xou SLTAS-
TUTIWY £YYPAPWY, 00YY|T€ TTOV KaBaplopd ToV TVVEAOV te To Tekd ahvolro va mepthapBaver 20,965 éyypogo. To
OUYKEVTPWTIKA OTaTIOTIRA Tapovatafovton atoy Ilivaxa 0.4.2:
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les Ap1Buog Tokens Npw kat Metd tnv MNpoeneEepyaaia

5 4 +49.3% Tokens ApyLKd

Tokens MeTd tnv MpoeneEepyaoia

AplBuog Tokens

+57.2% .
+63.9% +61.4% +70.7% I +54.4%
+71. B
+50.3% +19.5% +63.5% o5 30047.108 0 il F43.7%96.1% 39 50, . [+119.9%
0 T T T T T I. T T T T T T T T T T T
D S T A R N ST P ORI
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Syua 0.4.1: Amopoyynropwviioes YouTube: ApiOuée Tokens wpw xau petd v Ipoeetepyacio

Iivaxag 0.4.2: "Eyypaga PDF: Ztatiotixa [poemetepyaousvwy Keipévoy

Inyy # Eyypapuv IThn00¢ Aékewv ITAn00¢ Tokens
Adactopticég Alotpidés 14,889 1,175,320,836 3,240,554,150
OpenBook 5,245 194,908,100 522,816,594
free-ebooks 207 3,725,473 9,689,594
ebooks.edu.gr 590 26,243,090 66,710,705
eBooks4Greeks 34 1,320,121 3,691,865
Tdvoho 20,965 1,401,517,620 3,843,462,908

To Zynua 0.4.2 amotumaver v e&éMén Tov TANBoug Twy tokens avé Ty, oo SidPopa oTdia TG emebepyaciag.

Eivau eppavyc 1 avoryxandtnto Toov emipnépovg prudtwy T Tpoemetepyaciag, xabag odynoay oty agaipeoy 3,504
EYYPAPWY, TUVELTQEPOVTAG TTOY kabapLahd, TNV KavovIkoToinay Kot T YAWTTIKY) GUVETELRL TOV TeAkoD GUVOAoV.

0.4.2 Xdvolo Aedopévwv Instruction Tuning

H xoraokevy) Tov cuvélov dedopévawy exmaidevomng pacet odnywv mepidapBdvel T weTdppoom) S0 cuveAwy weyding
xhipacag xa VARG TordtTag: To WildChat xat o UltraChat.
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1e9 Ap1Buoc Tokens Mpw kat Metd tnv MNpoeneEepyaaia
Tokens Apykd
3.5 m Tokens MeTd Trnv Kavovlkonoinarn
11.0% BN Tokens MeTd To MAWOOKG PIATPAPLOpa
i Tokens Metd tnv Apaipean AmASTUNIWY
3.0 1
2.5 1
%]
=
g
© 2.0
v
0
=
<
=%
< 151
1.0
-34.2%
0.5
; -50.7% 14 30
00 ‘ 36.9% _ : 14.3%
ABAKTOPLKEG AlATPLREG OpenBook free-ebooks ebooks.edu.gr eBooks4Greeks

Synua 0.4.2: "Eyypapa PDE: Apibudg tokens mwpty xau petd amé xafe Prime Ipoeeepyaciag

ITpwv to oTadio g uetaPpacns, apatpediay dirdétumor diddoyot xat dddoyor e AavBaouévn uoppomoinam 1
0t YAWOTUEG TTIG OToleg OEV AVAUEVETAL KAAY] ATOO0T KETAPPATYG ATO TO YPY|TLAOTOLOVDUEVO uovTERD. Eldikd yio
to UltraChat, Aéyw meplopiopdv, emebepydotxe mévo éva vroovvoro 187,281 Steddywv. Metd amd avtiy ™
Baoen wpoetebepyaaia, Ta 800 avTd oivoda TepidauBavay 872,409 Suaddyovg moddamhiv yopwy, TeptéyovTag
ovvolixka 5,007,190 unvopare.

Katé ) didpxera g petappaons ovuetwdnkoy meplotactaxd cQAALATR 06 TO UOVTEND, ToL OTOl0L 0OTYNTOLY TTYY
aTWAELL £VOG UipoD épovg Twv guvouthiay. Emmiéov, optopévol diddoyot dev ueTappaoTay amé To ROVTEAD,
aAdd evToTioTnKaY 0N CUVEXELa ket aPatpédnxay ue ) ypHomn Tov PidTpov YAwaaag dbo otadivwy. Ta oTaTioTig
TOV UETAPPATULEVOV TUVOLOV Paivovtar atov TTivaxa 0.4.3.

Tivaxag 0.4.3: Zhvolo Aedopévawy yia Instruction Tuning: TeAkd Etatiotixd

ITyyn # Ahoywy # Mnpopatay ITA700¢ Aékewv ITh#00g Tokens
WildChat 516,416 1,957,146 322,748,446 786,024,679
UltraChat 185,748 1,851,404 192,496,635 2,029,116,445
Zhvoro 702,164 3,808,550 515,245,081 1,237,701,959

To givodo meprhaufaver 700 yrhiadeg Sieddyovg vimMAig ToL6TNTAG, oL oToiol PTopody Vo XpyotpoTo 9oty yio
emPAemépevy mpooapuoyn e ChatML poppomoinay.
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0.4.3 Zvvoymn AmoteheopaTwy
To ™y odoxApwar g avalvarg, o Tlivaxag 0.4.4 wapovaidler o emiorémoy Twv Telikwy ueyebwy Tov cuvé-

hov Sedopévav petd amd Sl Ta Pripata emebepyaciog oTa Tpi Kpla CRPATE KeLUEVRV: ATORAYVITOPWVIOEL
YouTube, Eyypago PDF xat Aiédoyor yio Instruction Tuning:

IMivacag 0.4.4: Tedrxa Ztotiotivd Twv Xvvéday Aedopévwy

ITnyn # Eyypapuv # Aodbywy IThn0og AéEewy ITh00g Tokens
Amopoyvyropuvioetg YouTube 155,353 - 408,164,870 906,472,930
‘Eyypago PDF 20,965 -- 1,401,517,620 3,843,462,908
Awgdoyot Instruction Tuning - 702,164 515,245,081 1,237,701,959
Zvvoho 176,318 702,164 2,324,927,571 5,987,637,797

To mapamavew ohvola dedopévay amoTeloly T YAwTTKH BATY Vi THY TPOEXTAIOEVTY) ket TNV ETOTTEVOULEVY] EXTIOL-
Sevon Bdoetl 0dnyLwy povTérwy eEAAvikig YADooog Leyddng xhipaxag, cvvdvalovtag cuvoAka wepimov 2.3 Sioexa-
ToppdpLa Aéetg xou 6 Sioexatoppbpto tokens.

* Zuvolid mAnbog Aékewv: 2.3 dioexaTopudpta
* Zvvolxo wAvPog tokens: 6 dioexaTopudplo
* Zdvolo eyypapwy: 176,318

¢ Xdvolo duddywv: 702,164

0.5 Zvpumepacpata

0.5.1 Zdvoyy

O a1éyog ™¢ Tapovaag epyadiog eivar vo avTipeTwmioel kic awé Tig Bactidtepeg mpolmodiTels yin ™Y kaTaoKEVY
Meyddwy Ihwooikdy Movtédwy (LLMs): ) onuovpyio cuvélwv dedopévwy peyddng xAipaxag, vimivg motdty-
Tog xeu Oepotiig Torkiding. Avoryvapilovtog 6Tt v) EAAVIKY YADTTO TOPOUEVEL ULt VTTOEKTIPOTWTODULEVY YAWTTOL
oTo YWpo Twv ovyypovay LLMs, emxevtpwdixaue oty cvikoyn, emebepyacio xat empéletn 0o Pacikwv ToTwy
TWUATWY KeLUEVOL: VoG TUVELOV TpoexTaddeVaTg Kt £vOG TUVOLOV eXTaideva|g Yo BeATioTooi o) 00N YIHY.

T ™)y Tpoexmaidevan, avtAndnke cvvoprhioxéds Aéyog amé to YouTube xou mio emionuog, Oepatind eotiaouévog
Aéyog amd éva evpd paaua eyypapwy PDE. Ot avtiotoryor unyaviouol cuddoyrg mepthdufavoy otpatnyicés xo-
Baprouod, xavovixomoinang, Prhtpapiouatog yAwoaag ko apaipeang OimAdtumwy. To BYuate avtd amodeiybnwoy
xplotpa yia ) Stthpnom g YAwootkng motdtyTag e Y egderym BopvBov, emavadiyewy Kot uy eAAnvikod Te-
pleyou£vou.

Tt exmraidevon Baoet 00nyLev, petappaotyray 000 peydio ovvora dedopévay dladéyov (WildChat xeu UltraChat)
YPNOLUOTOLOVTAG oL TTpoTEyYLoy Bactouévn oe prompting yie palicn wetappooy péow LLMs. Me ) Bonfeia
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TPOTEXTIKWY PYudTwy mpoeTeepyaciog xou emxvpwong, daoPaioaus 4Tt ol peTappaopsivol SldAoyol dlaTypovy
puokdTTaL, axpifeta xou yAwootkn cvvoyn ota EXAnvikd.

To Tehixd amotédeopa elvar éva emipernuévo cvvodo mov TepthapPBivel Thve amd 2.3 Soexatoppbpla Aéelg ko
6 dwoexatoppwbpla tokens - wic xpiotuy vrodouy yiew ueAlovtixég Tpoomaete TpoETAIOEVTYG ket TPOTEAPUOYAS
ednvicay LLMs.

0.5.2 Emidpaoy

To cvola Sedopévwy mov Onuiovpydnxay oe avTy| TNV epyacio amoTeAody éva onuavTicd Brina Tpog TV avamTuén
LoYVpaY Xat oEISTILOTWY YAWTTIKWOY LOVTE WY Yl TV eAAVIXKY] YAcooo. Eva amd o Paotid emrebypata eivar y
dnuLovpyia TOLOTIRWY TUVOAWY OeBOUEVWY, EIOLKA TPOTUPUOTIMEVWY TTIG AVAYKES TNG EAANVIKYG YAWTTAS.

Emmiéov, ot Sradicacies, T epyadeia xat ot uebodoloyieg mov oyedidotnray éxovy akio mépay TNG TVYKEXPLUEVYG
mepimTang. Mmopody va emavaypyotpomomBody 1 va emextaloly Yo cuveyy edTAOVTIONS TwY dedouévay 1 vou
TPOTAPUOTTOVY Tt AALeG YADTTEG YANAWY TOpwY We Tapbuoles TPokAYTels. Ot emthoyég oxedaTiuod - 6Twg To
PrATpdpLopa e BAan ) YAWTTR, 1) KavovikoToinay kopPoToinays, 1 apaipeay) ATASTUTwY Kot 1) kabodyoduevy
uetd@paoy pe LLM - evioydouy éva avamtvooéuevo olkoso e epyadeiny yio ) Onutovpyic dedomévwy oe yAwo-
O1KA, VTOETPooWToD eV TeptBaAlovTa.

0.5.3 Mellovrixy Epyooio

H mapodon epyacio avoiyel Tov dpbuo yio Sidpopes eTeXTATELS Kot epEVYNTIKEG kaTevBDvaeLs.

IMpwTo am’ Ao, ATOUTEITEL TEPAITEPW ERTAOVTIOIOG TOV TVVOLOV Trpoekmaidevays. I1apott 1 xhipaxe Twv cUA-
hexOévtaw dedopévwy eivat 101 UeYEAN, 1 EVOWUATWIY emiTAéoy Trywy Do propodae va evioyvoet T Depmartiny] kot
YAwooua mworkidia. Tétoteg Tnyé mepidauBavovy dedopméva. avorytig mpéaPaang, 6muwg v eddyvixy Wikipedia, dv-
wéato xvepyyTind apyein, Tpoxtikd Bovdyg, voumika keipeva, xadwg xat To EAANVIRG TUYUATO TOAVYADTTIRGDY
ovvérwy érwg Ta Common Corpus [57], HPLT [24, 58], CulturaX [21] xeu Common Crawl.

‘Ogov apopd v exaidevay Paoel 0dnywv, meAlovikég epyaaies Ho mpémet va oTOXEDTOVY TTYY EVOWUATWIY €Y-
Yevidg EAAVIREY 08N YL@Y, €ite péow crowdsourcing eite pe avBpwmiveg emonueldoes, woTe v cuuTANpwiel To
KETOPPaTIUEVO VALKS Kot Vo eviaxvlel n molTiopch xou Bepaticy cuvapeta. Tlepoutépw emextaaeis wepthapBavovy
™ duovpyia ToAvTpoTLKWY 0Nyt (multi-modal instructions) ket cvvéAwy a&lodéynoyg (evaluation sets)
yto benchmarking eAAnvixcyy LLMs.

Tékog, éva mAMpeg pipeline exmaidevong LLM mepidauPaver ovvibwg otédia evbuypaupions, émwg 1) Tpocapuroyy
TPOTIRNTEWY - T.X., Evioyv Ty Mabnon ue AvBpwmvy Avarpopodétnay (RLHF) [59] 1) Apean Bedtioromoinay
potipnoewy (DPO) [60] - xou n wpocappoyn ao@adetag [61]. Av xau avtd T otddia Bpioxovtar extés Tov me-
diov uedétyg TN Tapovaag epyaaiog, Ta BepéAia mov TievTan ot emtimedo wiyaviiyg dedouévwy amoTeAolY averyraic
wpoiméfean yio Ty vAoToingy Tovg.

Svvoyilovag, v mapodon epyacia wapéyel éva loyvpé Bepedio yio Ty avdmTuEn vimANg ToLdTY TG EAAYVIKGDY TVVE-
dwv Oedopéva yio Ty exmaidevon LLMs, vroypapuilovrog m) onuacio Twv KALUAKODEVOY Kol dvatrepory@yLhwy
otV JedoUEVLY.
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Chapter 1

Introduction

Large Language Models (LLMs) have revolutionized the field of Natural Language Processing (NLP), pow-
ering applications ranging from conversational agents and writing assistants to code generation and scientific
research. The remarkable capabilities of LLMs in understanding and generating human language rely on train-
ing with massive amounts of high-quality textual data, according to the scaling laws. As a result, data curation
has become a major concern, making data collection, processing, and filtering one of the primary costs of train-
ing such models.

While significant progress has been made in developing LLM:s for widely spoken languages such as English and
Chinese, low and medium-resourced languages remain underrepresented. Greek, a morphologically rich lan-
guage with deep cultural and historical significance, continues to suffer from its relatively limited presence on
the web - the primary source of training data. Even in recent initiatives for the creation of large-scale multilin-
gual datasets, Greek remains significantly underrepresented.

This work aims to address this gap by focusing on the acquisition, exploration, and preparation of a large-
scale pretraining dataset and a high-quality instruction tuning dataset, both essential components for training
a Greek LLM. For the pretraining corpus, we collected data from diverse sources, including contemporary, real-
world dialogues from YouTube and formal, structured language from documents such as theses and ebooks. To
construct the instruction tuning dataset, we translated existing high-quality English instruction corpora using
a custom translation pipeline. This method, widely adopted for low-resource languages, was carefully adapted
to ensure cultural relevance and context-aware conversation in Greek, rather than word-for-word translation.

Dataset quality assurance was a key focus throughout this work. We addressed challenges such as noise removal,
formatting normalization, language identification, and deduplication through the combination and implemen-
tation of widely adopted techniques. As a result, we developed a robust pipeline for processing Greek corpora,
which can be reused to further expand the Greek dataset in future works.

The final datasets, comprising billions of words and tokens, represent a substantial contribution toward the
development of open and competitive Greek LLMs. This work aims to support future research efforts and
help bridge the gap in Al resources for low-resource languages like Greek.

The outline of this thesis is as follows:

* First, we provide the necessary theoretical background on Large Language Models and their reliance on
data, along with key concepts used in the dataset creation process.

* Next, we present the methodology and implementation details of the data collection, processing, and
filtering pipelines for each dataset.

* Finally, we analyze the resulting datasets, including descriptive statistics and the impact of preprocessing
steps.
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Chapter 2. Preliminaries — Theory

2.1 Overview of Large Language Models (LLMs)

2.1.1 Transformer Architecture

Large Language Models (LLM:s) are deep learning models trained on vast amounts of natural-language text to
generate coherent and contextually relevant output. Most modern LLMs are built on the Transformer archi-
tecture [1], which introduced self-attention mechanisms to efficiently model long-range dependencies in se-
quences. Transformers scale to hundreds of billions of parameters and are typically trained in a self-supervised
manner, learning directly from raw text without the need for manually labeled data.
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Figure 2.1.1: The Transformer architecture, as proposed in "Attention Is All You Need" [1]




2.2. Pretraining Datasets

2.1.2 Architectural Variants

The transformer model originally utilized both an encoder and a decoder with multi-head attention mecha-
nisms, as illustrated in Figure 2.1.1. The encoder is fed the sequence of input tokens and outputs a sequence of
vectors of the same length as the input. Then, the decoder autoregressively predicts the target sequence token-
by-token, conditioned on the output of the encoder. The original encoder-decoder (seq2seq) architecture is
used by models like T'S [S] and BART [6], combining both representation learning and generation capabilities,
making them particularly effective for tasks like machine translation, summarization, and text rewriting.

Since the introduction of the Transformer, various architectural variants have been proposed. These mainly
differ in the masking patterns applied to the input sequences, leading to better results in specific tasks.

Decoder-only (causal) models such as the GPT family (Generative Pretrained Transformers) [2, 3] are well-
suited for generative tasks, such as open-ended text generation, conversational agents, and code generation.

Encoder-only models like BERT [4], are optimized for language understanding tasks such as classification,
named entity recognition (NER), and question answering.

2.2 Pretraining Datasets

Pretraining datasets form the foundation of LLMs, enabling them to learn general linguistic knowledge, syn-
tactic structures, semantic relationships, and world knowledge by predicting tokens in large-scale unstructured
text. These corpora typically span billions to trillions of tokens and are sourced from diverse domains, such as
web crawls, books, encyclopedias, academic papers, and more [9].

Numerous studies have shown that model performance is often constrained not by its size, but by the quality
and diversity of the pretraining data [10]. High levels of duplication, oft-topic text, or low-quality sources can
degrade model behavior or limit generalization.

Therefore, constructing effective pretraining data requires more than just scale - it demands rigorous prepro-
cessing steps such as deduplication, normalization, filtering, and language identification [11, 12].

2.2.1 Pretraining Objectives

The choice of pretraining objective can have significant impact on the downstream usability of the LLM, as it
determines how the model learns linguistic representations from unlabeled data. The most commonly used
objectives [13, 14] are:

* Causal or Full Language Modeling (CLM/FLM): The model is trained to predict the next token given
only a unidirectional context - mostly used in decoder-only architectures.

* Prefix Language Modeling (PLM): For encoder-decoder models to perform language modeling, a pre-
fix where the attention mask is allowed to be non-causal needs to be defined. Similar to standard lan-
guage modeling, the model is tasked to predict each token outside the prefix given all previous tokens.
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* Masked Language Modeling (MLM): Random tokens in the sequence are masked, and the model is
trained to recover them using bidirectional context. This approach is used in encoder-only models.

[ targets |

Full Language Modeling May the force be with you
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Fowmm Y
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e —

Prefix Language Modeling May the force

targets N

Y

Masked Language Modeling May the force be with you

Figure 2.2.1: Input and targets tokens in full, prefix, and masked language modeling training objec-
tives. [14]

2.2.2 Emergent Abilities

LLMs have demonstrated impressive performance across a wide range of tasks - including summarization, code
generation, translation, reasoning, and more - without requiring task-specific training [7]. This phenomenon,
often referred to as emergent abilities, is attributed to the scale and diversity of the pretraining data [8].

2.3 Instruction Tuning Datasets

Pretrained LLMs are powerful language generators, but without alignment, they often produce outputs that
are irrelevant, verbose, or fail to follow user instructions. Instruction tuning - also referred to as Supervised
Fine-Tuning (SFT) - bridges the gap between general-purpose LLMs and user-facing assistants. It teaches
models to follow task-specific instructions, answer questions, and engage in helpful, safe dialogue by training
on curated (instruction, response) pairs or multi-turn conversations [15].

Research in recent years has shown that instruction tuning on large models helps them generalize better and
improves their zero-shot accuracy [16] and user alignment, as shown in Figure 2.3.1.

Instruction datasets are typically constructed using one or more of the following methods:
* Human annotation: Annotators manually write instructions and ideal responses. This approach yields
high-quality data but is time-consuming and expensive.

* LLM-generated conversations: A common technique is to prompt LLMs (e.g., GPT-4, LLaMA,
Claude) to generate instructions and multi-turn conversations, either via prompting, crowdsourcing,
or by engaging two LLMs in a simulated multi-turn conversation with different roles [15, 17].

* Translation from English: For low-resource languages where native instruction data is scarce, translat-
ing existing English instruction datasets ofters a practical and scalable alternative. This method has been
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Figure 2.3.1: Instruction tuning boosts generalization, "FLAN Model" [16]

used by LLMs for low-resource languages [18, 19] in order to take advantage of existing high-quality
datasets.

2.4 LLMs for Low-Resource Languages

2.4.1 Challenges and Dataset Limitations

The scaling laws for neural language models [20] refer to empirical relationships, showing that both model
performance and generalization improve predictably with increased data size, model parameters, and training
compute.

However, this presents a major challenge for low-resource languages like Greek, which remain underrepre-
sented in large-scale multilingual corpora.

The Greek language, although rich in morphology and cultural significance, sufters from limited web pres-
ence and the absence of efficient tokenizers [25]. These factors complicate efforts to build high-quality LLMs
without specialized data curation.

2.4.2 Related Work

Several recent multilingual initiatives have included Greek as part of large-scale LLM training, offering valuable
guidance for research:

* CulturaX [21], one of the largest such datasets, includes 43B Greek tokens from OSCAR [62], mC4
[22], and other filtered corpora.
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Figure 2.4.1: Language modeling performance improves with larger datasets, "Scaling Laws for Neu-
ral Language Models" [20]

* TeuKen-7B [11, 23] supports all 24 official EU languages, including Greek.

* HPLT [24] includes high-quality multilingual data from web content, filtered books, scientific articles,
and other curated texts, ensuring robust training material.

* Meltemi [18] and LLaMA-Krikri [25] are recent open-source efforts focused specifically on Greek.

Despite this progress, a dedicated, high-quality Greek pretraining and instruction-tuning dataset remains lar-
gely absent in the public domain.

2.5 Automatic Speech Recognition (ASR) Systems

Automatic Speech Recognition (ASR) is the task of converting spoken audio into written text. It plays a crucial
role in subtitle generation, transcription, and conversational Al. Early ASR systems were built with separate
modules: acoustic models (e.g., Hidden Markov Models - HMMs), pronunciation lexicons, and language mod-
els.

Modern ASR systems are end-to-end neural models, including the following model families:

¢ CTC-based models (Connectionist Temporal Classification)
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* Encoder-decoder (seq2seq) models with attention

* Transformer-based models, often using Conformers (convolution-augmented transformers) for ro-
bust audio encoding [26]

ASR output typically contains artifacts such as punctuation loss, casing errors, or substitution of phonetically
similar words, especially in noisy environments or domain-specific contexts.

2.6 Optical Character Recognition (OCR)

Optical Character Recognition (OCR) refers to the process of converting scanned documents or images into
textual format. It is essential in digitizing printed or handwritten materials, facilitating tasks such as document
indexing, automated data entry, and text recognition in natural scenes.

Traditional OCR pipelines relied on rule-based image preprocessing, character segmentation, and handcrafted
feature extraction followed by classification (e.g., with Support Vector Machines or k-NN).

Modern OCR systems use deep learning models, and are typically based on:

* CRNN:s (Convolutional Recurrent Neural Networks): CNN for image feature extraction, combined
with RNN decoder (with CTC loss) for recognizing character sequences.

* Transformer-based architectures: Especially Vision Transformers (ViT) and encoder-decoder models
for multilingual or noisy documents.

OCR challenges include character confusion (e.g., between Greek and Latin alphabets), missing punctuation,
inaccurate line segmentation, and loss of diacritics. These issues are especially critical in multilingual or histor-
ical texts.

2.7 Language Identification

Language Identification (LID) is the task of detecting the language of a given piece of text, often a preprocessing
requirement for filtering multilingual corpora and removing texts that are not included in the vocabulary of
the model to be trained [11].

This is usually done using statistical methods, such as Bag-of-n-grams [27], or Transformer-based architectures.
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2.8 Deduplication

2.8.1 Why Deduplication Matters

Large-scale corpora often include overlapping or duplicated content, particularly when documents are sourced
from public repositories that republish open material (e.g., Creative Commons books, textbooks used across
institutions). The deduplication process is crucial for ensuring data quality. Many studies have analyzed the
need for removing duplicate texts, initially focusing on computational resource efficiency, noting that such
techniques enable faster model convergence while achieving equal or better results [28].

The most significant issue with duplicates in LLM training is that they cause overfitting on repetitive patterns,
lead models to exhibit biases, reduce the diversity of linguistic structures the model learns, and generally harm
the internal attention mechanisms of models, pushing them toward memorization rather than generalization
[20,29].

2.8.2 MinHash with Locality-Sensitive Hashing

The most common method for scalable duplicate detection is MinHash with Locality-Sensitive Hashing
(LSH) [33]. After extensive testing, it has been shown to offer optimal balance between precision, recall, and
computational efficiency for deduplicating large volumes of data [34].

Candidate
. pairs:
Document— IS_zifzthIE:e — thosl,e palis
Hashing of sighatures
that we need
to test for
The set of strings Signatures: similarity
of length k that short integer
appear in the vectors that
docment represent the
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Figure 2.8.1: MinHash LSH Method for Detecting Similar Documents [63]

MinHash [30, 31] allows for rapid estimation of document similarity based on the Jaccard coefficient, con-
verting each text (in the form of shingles or n-grams) into a compact signature used for efficient comparison
and detection of highly similar texts.
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Figure 2.8.2: Hashing and Similarity estimation with MinHash [63]

Meanwhile, LSH [32] provides an effective mechanism for clustering documents with similar features into
buckets, enabling fast search and comparison without requiring a full pairwise comparison across all texts.
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Figure 2.8.3: Similarity detection via Locality-Sensitive Hashing [63]
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Chapter 3
YouTube Transcripts —
Collection and Processing

Spoken and conversational language represents a key element of a well-rounded pretraining dataset.
YouTube offers a vast and diverse repository of user-generated content that naturally captures informal, spoken
language. In the case of the Greek language, it stands as one of the few large-scale, publicly available sources
that provide access to contemporary, real-world dialogue across a wide range of domains.

This chapter presents the methodology for constructing a high-quality Greek text dataset from YouTube videos.
It includes the selection of relevant channels and playlists, the extraction of transcripts using subtitle tracks
and automatic speech recognition (ASR) systems, and the application of rigorous preprocessing techniques to
correct transcription errors, restore punctuation, and filter out non-Greek or low-quality content.
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Chapter 3. YouTube Transcripts — Collection and Processing

3.1 Transcript Collection

For the transcript acquisition process, we designed a pipeline involving multiple stages, including scraping, API
interactions, and the deployment of ASR models, as illustrated in Figure 3.1.1.

The following sections describe the components of this pipeline in detail.

You([TH)

Channel Selection

(for each channel)

Scrape Video List &
WIS EEIE!

(for each video)

Available
Transcripts

Extract Raw =
. —
Audio

Residential Proxy

|
You[T)

Transcript API
f=

Figure 3.1.1: Pipeline for YouTube Transcript Extraction

3.1.1 Channel Selection Strategy

To maximize thematic coverage and language quality, a semi-automated channel selection process was imple-
mented. Initially, a list of the top Greek-speaking YouTube channels was retrieved using web scraping from
speakrj, which maintains ranked lists of channels per country and content category based on popularity, yield-
ing an initial list of 493 channels. Each channel was manually reviewed to verify the language, relevance, and
appropriateness of the content. Non-Greek or deleted channels were filtered out, and the remaining channels
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3.1. Transcript Collection

were grouped into the following 16 categories:

* Educational

* News

* Politics

* Historical

* Sports

* Religion

¢ Story-Telling
* Cooking

* Entertainment
* Vlogs

* TV Shows & Series
* Reviews

* Gaming

* Kids Content
* Music

* Other (uncategorized)

To further enhance quality and diversity, additional channels and playlists were handpicked, focusing on videos
and podcasts with clear speech and structured language.

This process resulted in a final set of 238 YouTube channels and 65 playlists, from which video URLs were
extracted using Python libraries scrapetube [64] and YT-DLP [65]. After deduplication (e.g., overlapping
videos in channels and playlists), a total of 778,998 unique video URLs were identified.

3.1.2 Transcript Extraction Pipeline

The transcripts were extracted in textual format using the YouTube Transcript API [35] library, which fetches
subtitle tracks without relying on the official YouTube data API - thus avoiding quota limitations and geo-
restrictions. Three types of transcripts were considered in order of preference:

1. Manually-created transcripts in Greek

2. Auto-generated transcripts in Greek (from YouTube)
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3. Automatic translations of manually-created transcripts in English

To enable large-scale extraction while avoiding request throttling or IP bans, the pipeline employed artificial
delays and the usage of residential proxy networks. The extraction process took approximately 30 days, dis-
tributed across multiple machines, resulting in the collection of 164,809 transcripts as shown in Table 3.1.1.

Table 3.1.1: Statistics of Initial Transcripts Collection

Category # of Videos # of Collected Transcripts
Handpicked 17,052 8,352
Playlists 6,949 4,417
Educational 6,417 1,677
News 561,317 110,729
Politics 5,693 2,498
Historical 122 47
Sports 53,579 6,239
Religion 4,103 1,332
Story-Telling 1,609 640
Cooking 7,578 1,898
Entertainment 19,841 4,621
Vlogs 7,797 3,284
TV Shows & Series 10,122 2,850
Reviews 3,253 855
Gaming 16,191 3,186
Kids Content 2,812 551
Music 32,295 5,790
Other (uncategorized) 22,268 5,843

3.1.3 ASR Alternatives

While the transcript extraction process yielded a substantial amount of text, approximately 79% of the videos
lacked any form of subtitles. To address this limitation and expand the dataset, we evaluated multiple Auto-

matic Speech Recognition (ASR) systems:

* Google Cloud Speech-to-Text (https://cloud.google.com/speech-to-text)

¢ Amazon Transcribe (https://aws.amazon.com/transcribe/)

Vosk (https://alphacephei.com/vosk/)

OpenAl Whisper (https://openai.com/index/whisper/)

The first two are cloud-based services provided by their respective companies, accessible via APIs. Both per-

formed well in Greek during testing. However, the associated usage costs rendered them impractical for large-

scale transcription.
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3.2. Preprocessing and Cleaning

The remaining two options are open-source models that can be hosted locally, while Whisper is also oftered as
a paid service through OpenAl's APL

Vosk is a lightweight model optimized for real-time transcriptions. However, our experiments indicate that it
either sacrifices transcription quality for speed or lacks sufficient training in Greek.

In contrast, OpenAl's Whisper is a Transformer-based encoder-decoder model (sequence-to-sequence), trained
on large-scale multilingual datasets including Greek. According to the original publication [36], the large mod-
els achieve a state-of-the-art Word Error Rate (WER) of approximately 10% in Greek.

Self-hosting Whisper, however, is resource-intensive, requiring roughly 10 GB of VR AM for the large model.
To balance performance and efficiency, we employed a quantized version of Whisper-Large-v2 using the faster-
whisper [37] library. This solution provided the best trade-oft between accuracy and computational cost. Due
to the resource demands of this process, the ASR transcription was limited to 983 manually selected, high-
quality videos from the following categories: Playlists, Handpicked, News, and Historical.

3.2 Preprocessing and Cleaning

The subtitle and ASR-derived transcripts collected from YouTube contain various forms of noise due to the
informal nature of spoken content, transcription errors, lack of punctuation, and filler phrases. Effective pre-
processing is critical for ensuring that the dataset meets the quality standards required for LLM pretraining.

3.2.1 Normalization and Punctuation Restoration

The raw transcripts - especially those automatically generated by YouTube or produced via Whisper (ASR) -
often lacked punctuation and capitalization and exhibited spelling and grammatical inconsistencies. The im-
pact of data quality on downstream task performance has been investigated in several papers [5,38]. To address
these issues and ensure high-quality, structured text suitable for pretraining, we focused on three separate tasks
for cleaning the extracted texts:

* Noise removal: Elimination of non-linguistic artifacts, including timestamps, filler words (e.g., "uhh",
"hmm"), channel branding ("don't forget to like and subscribe"), and repeated or incomplete phrases.

* Text normalization: Spelling and grammar errors correction, as well as common mistakes that are in-
troduced by ASR, including misheard homophones and missing accents.

* Punctuation and capitalization restoration: Restoration of the missing punctuation marks and pro-
per casing, both essential for readability and tokenization efficiency [66].

For this purpose, various open source NLP tools and models were evaluated, including GR-NLP-TOOLKIT
[39], the sequence-to-sequence model Greek BART [40] and the transformer-based model Greek BERT [41].

These tools provide core functionalities such as tokenization, spelling correction, and normalization - all tai-
lored to the morphological complexity of Greek. They proved useful for basic error correction and sentence
processing, particularly for texts with moderate levels of noise.
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However, given the complexity of this task - which requires understanding the context and addressing various
errors arising during transcription - the usage of large language models (LLMs) offers significant advantages.
The capability of LLMs in various NLP tasks has been extensively studied in recent years [7,42--44]. LLMs are
pretrained on vast amounts of data, enabling them to deeply comprehend linguistic structures and recognize
complex textual patterns, making the punctuation restoration and normalization process highly effective.

After evaluating smaller open-source models on a pilot dataset of 10 manually reviewed transcripts, we investi-
gated the usage of popular LLMs like ChatGPT, DeepSeek and Mistral through their APIs. Each model was
assessed based on output fluency, grammaticality, fidelity to the original content, and consistency across these
samples. The OpenAl API proved to be the most reliable. After comparative evaluation of gpt-4o, gpt-4o-
mini, and gpt-3.5-turbo, the model selected for large-scale use was gpt-40-mini, which offered the best balance
between correction quality and inference cost.

After selecting the model, we experimented with various prompts to guide it toward the intended behavior for
transcript correction. The final prompt we used can be seen in Figure 3.2.1:

Clean and correct a Greek text transcript by fixing grammatical and
syntactical errors, misspelled words, and typos. Add punctuation and
capitalization, and remove redundant phrases and speech disfluencies.

# Steps

1. Grammatical and Syntactical Corrections: Identify and correct any
grammatical, syntactical, or sentence structure issues within the
transcript.

2. Spelling and Typographical Errors: Detect and fix misspelled
words and typographical errors.

3. Punctuation and Capitalization: Insert appropriate punctuation
marks and capitalize words as per standard Greek language rules.

4. Remove Redundancies: Eliminate redundant phrases such as channel
intros, prompts to like/subscribe, advertisements, and speech
disfluencies like "eee" or "xup".

# Output Format

Provide the full cleaned and corrected text in Greek as a single
continuous passage, retaining the original meaning but with improved
readability and correctness.

# Notes

- Focus on maintaining the original intent and meaning of the
transcript despite any corrections made.

- Be cautious of regional dialects or collogquialisms that may not
conform strictly to standard Greek but are necessary for context.
- Consider the flow of the conversation in the transcript, ensuring
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that it remains coherent and clear after edits.

Figure 3.2.1: YouTube Transcript Cleaning Prompt

Many of the transcripts exceeded the maximum token limit of 16,384 tokens, requiring a preliminary chunking
process to ensure compliance with the model's context window. Given the lack of punctuation in the raw
transcripts, we employed a word-based adaptive chunking method, which splits the text into smaller chunks
that stay within the model's token limit. A small overlap window was used between chunks to preserve context
and continuity.

An example of a text correction on a random excerpt from a transcript can be seen in Figure 3.2.2 below.

Input: Output:

IoOVT ypP oufpou odUcoela poalwd o O 0Oduocéag avepalivel oto UTlwpa

E0 meplAnyn o oduococéac avePalivel OTIOU €Xel TLC €YKATAOTACELC TOU O
o010 UYwua 6muo €xel TLC EGtuoxiog, tov omolo xeiLpotdvnoe
EYKATACTACE LG TOU O XeLpoTdvLloe uneUbuvo via To XLAL&deQ

UneUObuvo yvIa Ta XLAL&DeQ youpoUv Lo mpLlyv @eUyel yLX TNV
voupduvia mplv oUyel yia Inv tpla Toola. H ABnv& tov oupPRouldelfel vo
n ouuRouldn va fexklVvhoel fexLvhoel, amd TNV OPATN UéPA IIOU
OUVOVTIOVING TOV €UuaLOoC TPEOIN épToce oTnv IB&KN, OUVAVIQOVIAQ
népa xkLOAaC mou éetoce oInv LO&KDN Tov EUpato. O EvGuxiog,

elval Tng abnvédg o e€UuaLog IPOKE LPEVOU VO ao@aAicel TOU
IPOKe LPEVOU Vo aoceaAi{cel ToOU ndumnoloug Xolpoug tou Oduococéaq,
OTAUTIOAAOUC XNPOUG TOU 0dUuooéa XxTllel pe toug PBonbolg TOU £€Va
XxTl{lel pe toug PBonbolg TOU éVa toxupd AlBLvo teixocq.

Loxupd AlBLvo tolxocg

Figure 3.2.2: Transcript Correction Example

3.2.2 Language Detection and Filtering

Language detection is a critical quality assurance step in multilingual and low-resource dataset construction,
especially when working with noisy, user-generated content such as YouTube transcripts. Although the selected
channels are primarily Greek-speaking, the extracted transcripts may still contain mixed-language content, code-
switching, or entirely non-Greek segments due to creators uploading multilingual content.

To ensure that the final dataset contains only Greek-language text, we applied a two-stage document-level lan-
guage filtering process using the following tools:

¢ fastText Language Identification: A lightweight and efficient LID model capable of predicting 176
languages, including Greek [27,45]. fastText provides fast inference and reasonable accuracy, making it
well-suited for large-scale filtering.
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* GlotLID: A more recent open-source LID model supporting over 2000 languages, including low-re-
source ones. It has been shown to outperform several standard baselines (CLD3, fastText, OpenLID,
and NLLB) in terms of F1 score and false positive rate (FPR) [46].

The filtering pipeline proceeded as follows:

1. For each transcript, an initial prediction and confidence score were generated using fastText. Due to its
speed and acceptable accuracy, fastText was selected as the first-stage filter.

2. Transcripts predicted as non-Greek (i.e., language label not equal to  label el) or with confi-
dence scores below 80% were immediately discarded.

3. Transcripts that passed the fastText filter were then passed to GlotLID for validation. If GlotLID also
identified the text as Greek, the transcript was accepted into the final dataset.

This two-stage filtering approach was designed to balance efficiency and accuracy. It plays a vital role in ensuring
linguistic consistency across the dataset, reducing the risk of vocabulary pollution from unrelated languages,
and ultimately improving the robustness of downstream model training.
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Chapter 4
PDF Documents —
Extraction and Preparation

In contrast to spoken language, written documents provide structured, formal, and domain-specific uses of
language that are essential for training general-purpose language models. To complement the conversational
nature of the YouTube dataset we created in Chapter 3, this chapter focuses on the extraction and preparation
of written Greek text from a diverse collection of PDF documents.

The selected sources include academic dissertations, school textbooks and publicly available e-books, covering
a broad spectrum of topics. The chapter details the extraction pipeline, which combines digital text parsing
and optical character recognition (OCR) for scanned documents, and outlines the preprocessing steps used to
clean formatting artifacts and ensure consistency and usability in the final corpus.
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Chapter 4. PDF Documents — Extraction and Preparation

4.1 Source Selection

To ensure a representative sample of written Greek across a variety of domains and registers, PDF documents
were collected from the following main sources:

1. National Archive of PhD Theses: A source of doctoral dissertations awarded by Higher Education
Institutions (HEIs) in Greece as well as Ph.D. Theses awarded to Greek scholars by foreign HEIs and
certified by the Hellenic N.A.R.I.C.

2. OpenBook: A repository with thousands of Greek digital books that are either in the public domain or
are freely and legally distributed online by their creators or publishers.

3. free-ebooks: A digital library offering free access to Greek-language books in PDF format. All titles
are either licensed under Creative Commons or have been published with explicit permission from the
authors, ensuring legal and ethical distribution.

4. ebooks.edu.gr: The official digital platform of the Greek Ministry of Education, offering free access to
the full range of Greek school textbooks in digital format. It provides students and educators with down-
loadable textbooks, interactive learning materials, and additional educational resources, supporting all
levels of primary and secondary education in Greece.

5. eBooks4Greeks: The Free Digital Library eBooks4Greeks is an open-access platform that, since 2010,
has been offering legal Greek free ebooks and audiobooks, which are either in the public domain or

provided by their authors and publishers.

These sources provide high-quality, structured Greek text spanning a wide range of domains, genres, and levels
of formality. From academic theses and school textbooks to fiction and instructional material, this diversity
ensures a linguistically rich and balanced dataset. Furthermore, all documents are distributed under open or
permissive licensing, meaning that the resulting dataset can be safely reused for research and model training.

4.2 Extraction Process

The textual content of the collected PDF documents was extracted using a hybrid pipeline designed to handle
both digitally encoded (text-based) and scanned (image-based) PDFs. Two primary tools were used:

¢ PyMuPDF: A high performance Python library for data extraction, analysis, conversion and manipu-
lation of PDF documents [47].
¢ Tesseract OCR: An open-source Optical Character Recognition engine, employed for scanned PDFs

where textual content was not natively extractable [67].

For the majority of documents, PYMuPDF was able to extract well-structured text directly from the content
stream. Documents processed this way were parsed page-by-page to retain layout consistency and minimize
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4.3. Preprocessing and Cleaning

structural noise. Basic heuristics were applied inline during extraction to discard completely empty pages and
trim leading/trailing whitespace.

However, a small subset of documents - particularly older theses and scanned books - contained image-based
content in which the text was not digitally encoded. In such cases, PyMuPDF's text extraction returned either
empty or sparse output, triggering a fallback to OCR-based processing.

To identify these scanned-only documents, we applied a simple rule-based heuristic, based on the assumption
that each file was either fully scanned or fully readable. If the total extracted text length (excluding whitespaces)
was below a threshold of 1000 characters, the document was marked for OCR. This method allowed efficient
automatic detection without requiring exhaustive manual inspection.

For these documents, pages were rendered as high-resolution images (300 DPI) using PyMuPDF and then
processed using PyTesseract, a Python wrapper for the Tesseract OCR engine. OCR was performed with the
e 11 language setting, optimized for modern Greek.

Despite this effort, manual inspection of a sample of OCR outputs revealed considerable noise and poor linguis-
tic quality. Common issues included misrecognized characters (especially between Greek and Latin alphabets),
missing or broken punctuation, and sentence fragmentation. Due to these limitations, all OCR-processed doc-
uments - accounting for approximately 3% of the collected PDFs - were excluded from the final dataset.

4.3 Preprocessing and Cleaning

A series of preprocessing steps was applied to improve the extracted text's structure, consistency, and qual-
ity. These steps aim to remove formatting artifacts, ensure language purity, and eliminate redundant content,
preparing the dataset for downstream usage in model pretraining.

4.3.1 Layout and Formatting Normalization

Compared to spoken or transcribed data, written documents often contain layout-specific noise that must be
addressed. These include headers, footers, irregular line breaks, and hyphenation at the end of lines.

* Header and footer removal: Repetitive elements such as document titles, page numbers, chapter &
section headings, and footnotes were identified and removed using rule-based regular expressions.

* Whitespace normalization: Excessive line breaks, tabs, and multiple consecutive spaces were replaced
with single spaces or paragraph breaks when appropriate, resulting in improved sentence segmentation
and overall readability.

* Hyphenation correction: Words broken across lines due to hyphenation (e.g., "dtepuy-veia") were re-
stored by detecting hyphenation patterns and rejoining the split parts using rule-based regular expres-
sions.

['hese normalization steps improved tokenization consistency and made the text more suitable for use in lan-
ps imp y
guage modeling tasks.
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4.3.2 Language Detection and Filtering

Although the collected PDF documents were manually curated and predominantly written in Greek, a small
amount of non-Greek or bilingual content appeared in the corpus.

To filter out such content, we applied the same two-stage language detection pipeline described in Section 3.2.2,
using fastText for initial classification and GlotLID for high-confidence validation. Only documents confi-
dently classified as Greek were retained.

This ensured language consistency across the dataset, preventing cross-lingual contamination and improving
downstream model performance.

4.3.3 Deduplication

As explained in Section 2.8, deduplication is a crucial preprocessing step in LLM training, as the presence of
repeated content can lead to memorization, overfitting, and reduced linguistic diversity.

In order to efficiently handle the removal of exact and near-duplicate documents, a two-stage deduplication
process was implemented. The first stage used simple exact document name matching detection, in order to
quickly remove documents that were downloaded more than once due to existence in multiple sources.

For the second stage, we followed standard practices in large-scale corpus cleaning, by applying document-level
deduplication using MinHash with Locality-Sensitive Hashing (LSH). This method has been employed for
identifying duplicate documents in many large-scale dataset collection efforts, such as CulturaX [21], HPLT
(24,58], GPT-X [11], FineWeb Datasets [68], Zyda-1.3T [69], Meltemi [18] and Liama-Krikri [25].

In this work, we adopted the approach followed by CulturaX and Meltemi, based on the MinHashLSH im-
plementation from the text-dedup library [48], representing each text with word-level 5-grams and a Jaccard
threshold of 0.8 to determine duplicate texts, meaning that pairs of documents with an estimated Jaccard
similarity above 0.8 were flagged as duplicates. From each duplicate group, only the longest document was
retained.

This process successfully identified and removed thousands of near-duplicate documents across multiple sources
(e.g., identical books republished in different repositories), resulting in a cleaner and more compact dataset.
Deduplication also reduced the risk of overrepresentation of specific phrases or writing styles, thereby improv-
ing the generalizability of any models trained on the data.
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Chapter 5
Instruction Tuning Dataset —
Creation and Adaptation

Instruction tuning plays a key role in aligning large language models (LLMs) with human intent. While pre-
training provides models with a general understanding of linguistic structure and world knowledge, instruction
tuning enables them to transition from generic next-word prediction to explicitly following human instruc-
tions. This improves model performance across a wide range of tasks and enhances their ability to interact

helpfully, safely, and reliably with users [49].

In this chapter, we describe the process of creating a Greek instruction-tuning dataset by translating existing
English instruction corpora using large language models. We also discuss the structure of instruction datasets,

challenges in translation, and design decisions made for this work.
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Chapter 5. Instruction Tuning Dataset — Creation and Adaptation

5.1 Base Instruction Sets

To construct our Greek instruction tuning dataset, we selected two large-scale, publicly available corpora: Wild-
Chat and UltraChat.

These were chosen for their size, open licensing, diversity of task types, and multi-turn conversational structure.

5.1.1 WildChat

WildChat is a comprehensive multi-turn, multilingual dataset consisting of 1 million timestamped conversa-
tions, encompassing over 2.5 million interaction turns collected by oftering online users free access to OpenAl's

GPT-3.5 and GPT-4 via a chatbot service.

The dataset contains a broad spectrum of user-chatbot interactions not previously covered by other instruction
fine-tuning datasets, including ambiguous user requests, code-switching, topic-switching, political discussions,
etc. [50].

The version of the dataset that we used (allenai/WildChat-1M) only contains non-toxic user inputs and re-
sponses, yielding a total of 837,989 multi-turn conversations in 68 languages.

5.1.2 UltraChat

UltraChat is a synthetic multi-turn instruction-following dataset built from simulated conversations between
two ChatGPT agents, where one plays the role of the user to generate queries, and the other generates the
responses.

Unlike other datasets that tend to use specific tasks, such as question-answering, rewriting, and summariza-
tion, the primary principle of this dataset is to make the data as diverse as possible [51]. The conversations are
composed of three sectors:

* Questions about the World: General knowledge and conceptual queries covering various topics, span-
ning areas such as technology, art, and entrepreneurship.

* Writing and Creation: Creative prompts such as email composition, poetry, storytelling, etc.

* Assistance on Existent Materials: Several tasks based on existing materials, including but not limited
to rewriting, continuation, summarization, and inference.

The version of the dataset that we used (stingning/ultrachat) includes 1,468,199 multi-turn conversations in

English.

These datasets provided the foundational content for translation, ensuring coverage across factual, creative, and
instructional domains in a multi-turn format.
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S.2. Limitations of Standard Translation Models

5.2 Limitations of Standard Translation Models

We initially tested two open-source machine translation models:

* Helsinki-NLP Opus-MT [52], trained on the OPUS dataset and supporting over 90 languages.

* NLLB-200 (No Language Left Behind) [70], Meta's multilingual model covering 200+ languages.

While these models perform well on short, sentence-level translations, they struggle with long-form, conversa-
tional translation due to their limited context windows of 512 and 1024 tokens respectively. Thus, the transla-
tions of the long conversations required chunking, leading to loss of coherence across dialog turns and incorrect
role adaptation.

These limitations made them unsuitable for high-quality instruction tuning data generation.

5.3 Using LLMs for Translation

Machine translation (MT) is a fundamental and long-established task within Natural Language Processing
(NLP). With the rise of large language models (LLM:s) and their impressive performance across various NLP
tasks, a significant amount of research has shifted toward evaluating their effectiveness in M T applications [53].

LLMs have demonstrated notable advantages, particularly in scenarios involving the translation of long docu-
ments [54], thanks to their ability to preserve context. In fact, these models have been shown to outperform
popular commercial translation services such as Google Translate and DeepL, especially when assessed through
human evaluation [55].

5.3.1 Model Selection

For the translation task we were given access to Anthropic’s Claude model, which has demonstrated strong
multilingual capabilities and translation accuracy [56].

After comparative testing between Claude's base models Haiku and Sonnet, we selected Sonnet for its superior
fluency and contextual fidelity.

5.3.2 Preprocessing

For both translated datasets, we used some basic preprocessing steps before translation, in order to assure the

quality of the data:

1. Empty content filtering: Conversations with missing or empty messages were discarded.
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2. ChatML Formatting: Each conversation was transformed to a ChatML-like format, commonly used
in instruction-tuned models such as GPT-4, Mistral, and Claude. The data is structured as a list of
role-based messages like:

{"role": "user", "content": "Prompt 1"},
{"role": "assistant", "content": "Answer 1."},
{"role": "user", "content": "Prompt 2"},
{"role": "assistant", "content": "Answer 2."},

This format allows for clean multi-turn dialogue representation, making it ideal for conversational mod-
els.

3. Deduplication (WildChat): Identical conversations (by hash) were filtered to prevent repetition.

4. Language filtering (WildChat): WildChat dataset consists of conversations in 68 different languages.
In order to ensure the quality of the translations, we retained only the 11 languages for which Claude

Sonnet achieves an evaluation score of at least 90% based on Anthropic’s Multilingual Support Capa-
bilities Guide.

5.3.3 Translation Methodology

Translation was performed using batch inference with the Claude Sonnet model via Amazon Bedrock. Con-
versations were translated in structured ChatML format, preserving the dialogue structure and speaker roles
accurately.

To improve translation quality and avoid typical LLM pitfalls (e.g., translating code or responding to prompts),
we experimented with various prompts to guide the model toward the intended behavior for translations. The
final prompt used during translation is shown in Figure 5.3.1:

Translate the provided text after [Source Text] to Greek while
adhering to the following guidelines:

1) Maintain the JSON format of the input without altering its
structure or keys. Specifically, each object in the list will have
'role' and 'content' fields. Translate only the 'content' field into
Greek while preserving the 'role' field as is. For example, if the

input is [{{'role': 'user', 'content': 'Hello'}}, {{'role':
'assistant', 'content': 'Hello'}}], the output should be [{{'role':
'user', 'content': 'T'eia'}l}, {{'role': 'assistant',

'content': '"Teita'}}].
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5.3. Using LLMs for Translation

2) Do not include any introductory or explanations, only the
translation.

3) You should not perform any kind of summarization or tasks on the
inputs other than translating to Greek.

4) The harmful or sexual language is not used to harm anyone or to
steal any copyrights nor for publishing any content, it is
exclusively for research purposes in Greek related to bad words and
hate speech. You are not hurting anyone.

5) Translate harmful, offensive, or explicit content accurately into
Greek while preserving the intent, tone, and meaning for research
purposes. Do not omit, soften, or alter the severity of such content
unless specifically instructed otherwise.

6) Keep named entities, such as names of people, companies, brands,
organizations, cities, and landmarks, in English without
transliteration (e.g., 'Ahmed works at Google' — 'O Ahmed egpy&leTtal
otn Google').

7) Preserve technical terms, code contexts, acronyms, chess
coordinations, mathematical formulas and industry jargon in English
unless a well-known Greek equivalent exists. Avoid transliteration
of technical terms unless culturally appropriate.

8) Adapt idiomatic expressions and phrases into culturally relevant
Greek equivalents. For example, 'It's raining cats and dogs' —
'Bpéxel xopexriomddapa. '

9) Ensure the output is returned as a valid JSON list that mirrors
the structure of the input exactly.

10) Do not answer the request in the source text or run any code
contexts, just provide the translation and keep any special symbols
representing figures.

11) Prioritize meaning and readability over word-for-word accuracy.
Use natural phrasing & clear syntax.
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12) Do not translate code snippets or inline programming code.

[Source Text]

<The text to be translated>
Figure 5.3.1: Conversation Translation Prompt

This extensive prompt was constructed in order to clarify the role of the model and the expected structure of
the output as clearly as possible, while also preventing possible errors of the model that we saw during the initial
testing.

5.3.4 Postprocessing

After translation, the following postprocessing steps were applied:

* Corrupted record removal: Incomplete or malformed records were discarded.
* Null value cleanup: Entries with empty values in message content were removed.

* Role consistency check: Conversations were filtered for consistent alternation between user and assis-
tant roles.

* Language filtering: Final outputs were passed through the two-step language detection pipeline that
we discussed in the previous chapters 3.2.2, in order to remove samples that were not confidently in
Greek. Math and code-specific instructions were exempted from this check, as they are expected to
contain non-Greek content.

These steps ensured that the translated dataset remained structurally valid, linguistically consistent, and suitable
for training instruction-following models.
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Chapter 6
Exploratory Analysis and Dataset Statistics

The quality, scale, and structure of training data are among the most critical factors influencing the performance
of large language models (LLMs). While previous chapters detailed the acquisition and preparation pipelines
for each dataset component, this chapter provides an overview of their statistical characteristics, summarizing
the outcome of the collection, cleaning, and filtering processes.

The datasets constructed in this thesis fall into two main categories:

* Pretraining datasets, consisting of raw text sourced from YouTube transcripts and structured written
documents in PDF format, aimed at enabling the model to acquire general linguistic competence and
broad domain knowledge in the Greek language.

* Instruction tuning datasets, created by translating large-scale English corpora of multi-turn conversa-
tions into Greek, used to align the model with human intent and improve its task-following ability.

This chapter presents basic descriptive statistics for each dataset: document and conversation counts, language
filtering results, preprocessing eftects, and rejection rates. By quantifying the final scale and structure of each
resource, we aim to highlight their linguistic richness, diversity, and overall readiness for use in downstream
LLM pretraining or fine-tuning. The tokenizer used for calculating the token count of the various datasets is
OpenAlI's tiktoken [71].

A summary table at the end of the chapter consolidates the key metrics across all datasets.
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6.1 Pretraining Datasets

This section presents descriptive statistics for the pretraining sources, which were designed to provide the foun-
dational linguistic knowledge for Greek language modeling. The data includes large volumes of unstructured
text from YouTube videos and structured, written text from PDF documents.

6.1.1 YouTube Transcripts

YouTube served as the primary source of real-world spoken and conversational Greek. The full collection
pipeline - including channel scraping, transcript extraction, and the preprocessing steps detailed in Chapter 3 -
is evaluated at three key stages:

* Initial scrape: The number of YouTube channels and videos per content category.

* Raw transcripts: Counts of videos, words, and tokens before cleaning.

* Processed transcripts: Counts after punctuation restoration, grammar correction, and language filter-
ing.

66



6.1. Pretraining Datasets

Initial Collection Statistics

Metadata were gathered for 238 channels and 65 playlists spanning 18 categories, totaling 778,998 candi-
date videos (Table 6.1.1).

Table 6.1.1: YouTube: Initial Channel and Video Count per Category

Category # Channels # Videos
Handpicked 36 17,052
Playlists 65 6,949
Educational 7 6,417
News 19 561,317
Politics 4 5,693
Historical 1 122
Sports 12 53,579
Religion 3 4,103
Story-Telling 4 1,609
Cooking 10 7,578
Entertainment 32 19,841
Vlogs 16 7,797
TV Shows & Series 6 10,122
Reviews 3 3,253
Gaming 18 16,191
Kids Content 5 2,812
Music 38 32,295
Other (uncategorized) 24 22,268
Total 303 778,998

Raw Transcript Statistics (before processing)

The combination of downloaded and ASR-generated transcripts yielded raw text for 165,758 videos (~21%
of the scraped total). Category-level word and token counts before any preprocessing steps were applied are

67



Chapter 6. Exploratory Analysis and Dataset Statistics

listed in Table 6.1.2.

Table 6.1.2: YouTube: Raw Transcript Statistics

Category # of Transcripts % Collected Word Count Token Count
Handpicked 8,733 51.2 23,522,002 45,030,928
Playlists 4,670 67.2 15,067,949 28,973,386
Educational 1,946 30.3 4,581,225 8,855,738
News 110,776 19.7 172,592,516 338,344,247
Politics 2,498 43.9 17,858,987 34,405,567
Historical 80 65.6 61,708 138,798
Sports 6,205 11.6 15,665,664 29,896,913
Religion 1,332 32.5 4,470,461 8,728,432
Story-Telling 640 39.8 1,158,867 2,194,404
Cooking 1,898 25.0 2,261,354 4,580,674
Entertainment 4,621 23.3 7,687,113 14,275,332
Vlogs 3,284 42.1 5,188,215 9,656,954
TV Shows & Series 2,850 28.2 3,662,897 6,904,665
Reviews 855 26.3 1,795,225 3,167,766
Gaming 3,186 19.7 9,601,091 17,037,981
Kids Content 551 19.6 3,471,113 7,327,948
Music 5,790 17.9 8,452,611 15,452,182
Other (uncategorized) 5,843 26.2 13,608,527 25,613,523
Total 165,758 21.3 310,707,525 600,585,438

Processed Transcripts Statistics (After Cleaning and Filtering)

Before cleaning, the entire Music category was discarded. Captions from music videos mostly consisted of

song lyrics, which contribute limited value as conversational data and are better collected in high quality from

specialized lyric repositories (e.g., greeklyrics.gr). Moreover, transcripts with less than 50 words were marked

as noisy and therefore removed from the dataset.

Subsequent normalization, punctuation restoration, grammar correction, and two-stage language filtering (Sec-
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tion 3.2) produced a high-quality subset, shown in Table 6.1.3.

Table 6.1.3: YouTube: Processed Transcripts' Statistics

Category # of Transcripts # Filtered Out Word Count Token Count
Handpicked 8,479 254 32,406,415 70,773,827
Playlists 4,646 24 21,650,973 47,479,107
Educational 1,838 108 6,145,491 13,313,326
News 108,701 2,075 226,853,323 505,022,794
Politics 2,472 26 25,313,555 55,532,496
Historical 76 4 67,788 165,836
Sports 5,763 442 22,590,427 51,020,406
Religion 1,307 25 6,460,612 14,273,951
Story-Telling 623 17 1,572,275 3,342,010
Cooking 1,707 191 2,955,733 6,736,421
Entertainment 4,567 S4 9,943,517 22,087,924
Vlogs 3,207 77 6,389,353 13,876,388
TV Shows & Series 1,873 977 6,161,805 13,543,198
Reviews 834 21 2,167,610 4,418,575
Gaming 3,174 12 13,211,476 29,214,264
Kids Content 550 1 6,293,984 16,116,640
Music 0 5,790 0 0
Other (uncategorized) 5,536 307 17,980,533 39,555,767
Total 155,353 10,405 408,164,870 906,472,930

Excluding the Music category, a total of 4,615 videos were removed from the dataset (~3% of the raw set).
Despite this reduction in sample size, the total token count increased by approximately 54%. This behavior is
expected and results from the nature of the preprocessing pipeline:

* Sentence reconstruction: Broken or fragmented lines were merged and missing punctuation was re-

stored, transforming incomplete phrases into full, syntactically valid sentences. This process naturally

increased the number of whitespace-delimited tokens.

* Text normalization: Additional tokens were introduced through grammar corrections and the res-

olution of ASR artifacts, including the splitting of erroneously merged words and the restoration of

omitted function words.

Summary

Opverall, the YouTube collection and preprocessing pipeline yielded:

* Raw total: 165.8 K videos, 310.7 M words, 600.6 M tokens.

* Processed total: 155.4 K videos, 408.2 M words, 906.5 M tokens.
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Figure 6.1.1: YouTube Transcripts: Token counts per category before and after preprocessing

* Processing impact:

— —2.9% in transcript count
— 4+35.1% in word count

— +53.9% in token count

These results confirm the effectiveness of the preprocessing pipeline: it successfully filters out irrelevant or
low-quality content while significantly enhancing the linguistic density and quality of the retained transcripts.
The resulting dataset provides broad coverage of spoken Greek across a variety of domains, including podcasts,
interviews, commentary, and educational material, and forms a critical component of the pretraining corpus

for Greek LLMs.

70



6.1. Pretraining Datasets

6.1.2 PDF Documents

PDF documents were used to capture structured and domain-specific written Greek, complementing the con-
versational content extracted from YouTube. The dataset includes dissertations, school textbooks, ebooks, and
other public resources collected from five major online repositories (see Chapter 4).

This section presents the evolution of the dataset across five key stages of the extraction pipeline:

* Initial Collection Statistics

* Raw text statistics (before preprocessing)
¢ Layout and formatting normalization

* Language detection and filtering

* Deduplication

These breakdowns highlight both the effectiveness and the trade-offs introduced by each step, providing insight
into data quality control and supporting reproducibility for future work.

Initial Collection and Extraction Statistics

A total of 25,214 PDFs were collected from the following sources:

Table 6.1.4: PDF Documents: Initial Document
Count per Source

Source # Documents
PhD Theses 15,669
OpenBook 7,958
free-ebooks 372
ebooks.edu.gr 1,131
eBooks4Greeks 84
Total 25,214

Raw Text Statistics (before processing)

The extraction process described in Section 4.2 resulted in collecting raw text for 24,469 PDFs (~97% of the
scraped total). Source-level word and token counts before any preprocessing steps were applied are listed in

Table 6.1.5.
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Table 6.1.5: PDF Documents: Raw Documents' Statistics (per Source)

Source # Documents % Extracted Word Count Token Count
PhD Theses 15,626 99.7 1,240,109,966 3,641,854,144
OpenBook 7,327 92.1 271,808,984 794,482,445
free-ebooks 340 91.4 5,664,593 15,352,205
ebooks.edu.gr 1,124 99.4 51,297,564 135,435,992
eBooks4Greeks 52 61.9 1,536,671 4,305,488
Total 24,469 97.0 1,570,417,778 4,591,430,274

Layout and Formatting Normalization

The first preprocessing step involved removing layout-specific noise such as headers, footers, irregular line
breaks, and hyphenation (see Section 4.3.1). This normalization process resulted in a reduction of 19.8 M
words and 231 M tokens across the dataset, as shown in Table 6.1.6.

Table 6.1.6: PDF Documents: Statistics after Normalization

Source # Documents Word Count Token Count
PhD Theses 15,626 1,224,310,913 3,456,018,381
OpenBook 7,327 268,523,131 757,267,182
free-ebooks 340 5,639,723 14,572,286
ebooks.edu.gr 1,124 50,605,964 128,476,046
eBooks4Greeks 52 1,530,038 4,145,574
Total 24,469 1,550,609,769 4,360,479,469

Language Detection and Filtering

The second step involved document-level language filtering, removing texts not confidently identified as Greek
(see Section 4.3.2). The results are shown in Table 6.1.7:
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Table 6.1.7: PDF Documents: Statistics after Language Filtering

Source # Documents # Filtered Out Word Count Token Count
PhD Theses 14,897 729 1,176,094,814 3,242,741,398
OpenBook 6,684 643 243,955,260 651,598,940
free-ebooks 321 19 5,499,775 14,214,951
ebooks.edu.gr 978 146 46,388,067 118,401,026
eBooks4Greeks 45 7 1,440,321 3,980,056
Total 22,925 1,544 1,473,378,237 4,030,936,371
Deduplication

Finally, during the last step, all exact and near duplicate documents were removed using a two-stage deduplica-
tion process. The final size of the PDF documents' dataset after deduplication is presented in Table 6.1.8:

Table 6.1.8: PDF Documents: Statistics after Deduplication

Source # Documents # Filtered Out Word Count Token Count
PhD Theses 14,889 8 1,175,320,836 3,240,554,150
OpenBook 5,245 1,439 194,908,100 522,816,594
free-ebooks 207 114 3,725,473 9,689,594
ebooks.edu.gr 590 388 26,243,090 66,710,705
eBooks4Greeks 34 11 1,320,121 3,691,865
Total 20,965 1,960 1,401,517,620 3,843,462,908
Summary

Figure 6.1.2 visualizes the evolution of token counts across all major processing stages: raw extraction, normal-

ization, language filtering, and final deduplication.

* Raw total: 24.5 K documents, 1.57 B words, 4.59 B tokens.
* Processed total: 21 K documents, 1.4 B words, 3.8 B tokens.
* Processing impact:

— —14.3% in document count
— —10.8% in word count

— —17.2% in token count
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leg Raw vs Processed Token Counts by Source

Raw Tokens
H Tokens after Normalization
I Tokens after Language Filtering
mm Tokens after Deduplication

Token Count

-36.9% :50.7% 14.3%

U T
PhD Theses OpenBook free-ebooks ebooks.edu.gr eBooks4Greeks

Figure 6.1.2: PDF Documents: Token counts per source before and after each processing stage

This overview illustrates the removal of malformed or non-Greek content and highlights the overall effective-
ness of deduplication in reducing redundancy while preserving linguistic diversity.
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6.2 Instruction Tuning Dataset

To align the language model with task-oriented and conversational capabilities, we constructed an instruction
tuning dataset by translating two large-scale, multi-turn English corpora - WildChat and UltraChat - into
Greek, as described in Chapter S.

This section presents the core statistics across three key stages of this process:

* Original instruction tuning datasets
* Translated datasets (after null/error removal)

* Final filtered data (after Greek language validation)

Original Instruction Datasets

After some basic preprocessing (see Section 5.3.2), the original combined dataset consisted of over 2 million
multi-turn conversations, comprising more than 7 million individual user/assistant message pairs.

Due to access limitations, only a small subset of UltraChat dataset was processed - 187,281 out of 1,468,199
conversations - leading to the initial dataset presented in Table 6.2.1.

Table 6.2.1: Instruction Tuning: Original Datasets’ Statistics

Source # Conversations # Messages Word Count Token Count
WildChat 685,128 3,140,358 528,787,616 912,120,285
UltraChat 187,281 1,866,832 193,634,532 270,947,516
Total 872,409 5,007,190 722,422,148 1,183,067,801

Translated Datasets

During translation, some batches failed due to rate limits, JSON formatting issues, or partial API timeouts.
These issues led to the loss of a small portion of the conversations, which were automatically excluded from
the final corpus. Additionally, conversations containing null, malformed, or unstructured outputs (e.g., not
following ChatML formatting) were removed during postprocessing.

Table 6.2.2: Instruction Tuning: Translated Datasets' Statistics

Source # Conversations # Messages Word Count Token Count
WildChat 599,508 2,504,702 384,295,777 935,630,139
UltraChat 187,193 1,865,954 193,542,252 454,035,341
Total 786,701 4,370,656 577,838,029 1,389,665,480
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Despite a reduction in the number of conversations, messages, and words, we observe a slight increase in total
token count. This is likely due to the tokenizer not being optimized for Greek, causing Greek words to be split
into more tokens than their English counterparts.

Language Detection and Filtering

To ensure that all translated content was indeed in Greek, the earlier described two-stage language detection
pipeline was applied (Section 5.3.4), resulting in the final instruction tuning dataset shown in Table 6.2.3.

Table 6.2.3: Instruction Tuning: Statistics after Language Filtering

Source # Conversations # Messages Word Count Token Count
WildChat 516,416 1,957,146 322,748,446 786,024,679
UltraChat 185,748 1,851,404 192,496,635 451,677,280
Total 702,164 3,808,550 515,245,081 1,237,701,959
Summary

The final dataset includes multi-turn dialogues across a wide range of tasks - including creative writing, reason-
ing, summarization, user assistance, and general knowledge - translated into Greek. The use of ChatML-style
role formatting ensures compatibility with widely adopted instruction-tuned model architectures and facili-
tates smooth integration during supervised fine-tuning stages.

* Raw total: 0.87 M conversations, 0.72 B words, 1.18 B tokens.
* Post-Translation total: 0.79 M conversations, 0.58 B words, 1.39 B tokens.
* Processed total: 0.7 M conversations, 0.52 B words, 1.24 B tokens.

This curated instruction dataset will serve as the foundation for supervised fine-tuning and alignment of future
Greek language models.
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les Raw vs Processed Token Counts by Dataset

Token Count

[ Raw Tokens
I Translation Tokens
 Language Filter Tokens

wildChat

UltraChat

Figure 6.2.1: Instruction Tuning: Token counts per dataset before and after each processing stage
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6.3 Summary Table

To conclude the analysis, Table 6.3.1 presents an overview of the final dataset sizes after all processing steps
across the three main corpora: YouTube Transcripts, PDF Documents, and the Instruction Tuning Dataset.

Table 6.3.1: Final Dataset Statistics Summary (Post-Processing)

Source # Documents # Conversations Word Count Token Count
YouTube Transcripts 155,353 - 408,164,870 906,472,930
PDF Documents 20,965 -- 1,401,517,620 3,843,462,908
Instruction Tuning Dataset - 702,164 515,245,081 1,237,701,959
Total 176,318 702,164 2,324,927,571 5,987,637,797

This summary facilitates quick comparison across sources and highlights the scale, diversity, and richness of the
collected data. Together, these datasets form the linguistic foundation for pretraining and supervised instruc-
tion tuning of large-scale Greek language models, combining for a total of approximately 2.3 billion words
and 6 billion tokens.
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Chapter 7

Conclusion

7.1 Summary

The goal of this thesis is to address one of the most fundamental prerequisites for building Large Language
Models (LLMs) - the construction of large-scale, diverse, and high-quality datasets. Recognizing that Greek
remains a low-resource language in the current LLM landscape, we focused on collecting, processing, and cu-
rating two essential types of corpora: a pretraining dataset and an instruction tuning dataset.

For pretraining, we sourced real-world conversational Greek from YouTube and more formal, domain-specific
language from a diverse selection of PDF documents. The collection pipelines included robust strategies for
cleaning, normalization, language detection, and deduplication. These steps proved crucial for preserving lin-
guistic quality while eliminating noise, redundancy, and non-Greek content.

For instruction tuning, we translated two existing large instruction datasets - WildChat and UltraChat - using
a hybrid pipeline based on prompt-guided batch inference with LLMs. Through carefully designed prepro-
cessing and validation steps, we ensured that the translated conversations retained naturalness, accuracy, and
consistency in Greek.

The result is a curated dataset of more than 2.3 billion words and 6 billion tokens - a critical building block
for future efforts in Greek LLM training and fine-tuning.

7.2 Impact

The datasets constructed in this thesis constitute a significant step toward enabling the development of power-
tul and reliable LLMs for the Greek language. By combining conversational, domain-specific, and instruction-
following text, this work addresses both the scale and diversity required for modern language model training.

One of the key contributions of this work is the creation of high-quality pretraining and instruction datasets
specifically tailored to the needs of the Greek language.

Moreover, the pipelines, tools, and methodology established have value beyond this specific project. They can
be reused or extended for continuous dataset expansion, or adapted to other low-resource languages with sim-
ilar challenges. The design decisions made - including language filtering, layout normalization, deduplication,
and LLM-guided translation - contribute to a growing body of tools and practices for dataset creation in un-
derrepresented languages.



Chapter 7. Conclusion

7.3 Future Work

We conclude by outlining several directions for future work that can build on this research.

As a primary direction, further expansion of the pretraining corpus is essential. Despite the large scale of
the collected data, additional sources can significantly enrich the linguistic variety and domain coverage. These
may include publicly available data - such as Greek Wikipedia, government portals, parliamentary records, and
legal codes - as well as the Greek portions of multilingual datasets like Common Corpus [57], HPLT [24, 58],
CulturaX [21], and Common Crawl.

On the instruction tuning side, future work should aim to include natively authored Greek instructions,
either via crowdsourcing or human annotation, to complement the translated dialogues and introduce more
cultural and domain-specific instructions. Additional extensions include the creation of multi-modal instruc-
tions and evaluation sets specifically designed to benchmark Greek LLMs.

Furthermore, beyond pretraining and instruction tuning, a complete LLM training pipeline typically includes
alignment stages such as preference tuning - e.g., Reinforcement Learning from Human Feedback (RLHF)
[59] or Direct Preference Optimization (DPO) [60] - and safety tuning [61]. While these stages fall outside
the scope of this work, the data engineering foundations established are critical prerequisites for such efforts.

In summary, this thesis lays a solid foundation for the development of high-quality Greek datasets for LLM
training and emphasizes the importance of scalable and reproducible data pipelines.
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