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Arnayopebeton n aviypagt, anodrixeuon xou Slovopr] Tne tapovoag epyactag, €€ oAoxhipou Y TUAUITOS AUTAS, Yid
eunopd oxond. Emtpéneton 1 avatinwot), amodixeuct) xou Siovour| Yol oxomd U xepdooxomuxd, EXTOUEVTIXAC
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Epwtiuata mou agopolv 1t yerion tne epyaociog yio xepdooxomxd oxond npénel vo aneudivoviol Teog Tov
CLUYYPAPEA.

Ou amderc xa o CUUTEPAOUATO TTOU TEPLEYOVTOL GE AUTO TO EYYRUPO EXPRELOUY TOV CUYYEAUPEX Xou EV TRETEL
va epunvevdel 6Tt avuinpoownedouy Ti¢ enionueg Yéocig Tou Edvixod Metodfiou IToduteyvelou.



ITepiindm

To peydho yhwoowd povtéha (Large Language Models - LLMs) yivovtar xuplapyo xou ebxoha npoofdoiua,
odNydVTaG oe W Expnén TepLeoPEVou Tou dnuiovpYelton amd Unyovés oe SLdpopo XoVEALA ETLXOLVWVING, OTWE
EWONOELS, XOWVOVIXA UE0A, (POPOLY ATAVINCEWY EPWTHOEWY, EXTOULOEUTIXG Xou axOUYN Xo oxadNUolixd TAaloLo.
ITpbopota LLMs 6nwe to ChatGPT xaw to GPT-4, Snuioupyoiv e€oupetixnd dntouctes oanavTioels GE tiot UEYEAN
mouahlo epwTUdTwy Yenotdv. H apdpwth @lon tétolwy mapayduevwy xeyévwy xoahotd ta LLMs eAxvotixd
Yior TNV avTxatdotoon Tne avipdmivng epyaciuc oe ToAAG oevdpia. Qotdco, avnouyieg €xouy mpoxiel oyeTind
pE Ty oVl xaTdyenot| Toug, 0T 1) SLAS0CT TUPATANEOPOENONE XOL 1) TEOXATOT) BLATAUPUY WY GTO EXTUOEUTIXG
cVotnua. Aedopévou 6TL ol dvipwrol amodBouy ubvo eAaPe® XOADTERO ad TNV TOYTN OTNV AViYVEUCT) XELWEVOU
Tou dnuLovpyeltal amd Ny oV, LTEEYEL ovay XN AVETTUENG QUTOUATWY CUCTNUATWY UE GTOYO TOV PETPLACHO TNG
mdavic xoxnc YeHoNe TWV XEWévewy autdy. Auth v avdyxn mpoyuatedetal o 8° epdTnua Tou Xuvedpiou
Tnuovtinic AZohéynone (SemEval Workshop 2024).

e auth T BlatelPT), O TOYEVCUUE Vol XAVOUUE EVol 0UCLAC TS Bruo TEOC T1) Slepelvon auToU TOoU EVBLAPEPOVTOS
EPWTAUATOC, ETULYELPOVTOC VO AMAVTACOUUE oTa UogpwtApata A xou B tou 8% epwtAuatog Tou cuvedplou. (¢
onuelo exxivnone, TELPUUATIC TAXOUE PE TNV EXTUUDEVUCT] TPO-EXTUDEVUEVWY YAWOOXAOY Woviéhwy (Pretrained
Language Models - PLMs) yiot tnv aviyveuon xeyévou moparydpevou and unyovés (Machine-Generated Text De-
tection - MGTD), e€etdlovtog Ty enldpoon Tev LTEpTapUUéTpeY eXToideuong oTny petewxt| Tne axpifetoc. TIpo-
TelVOUPE TN ¥EHOT TOU TEOCUPUOYEN GUVTOVIGHOU TEOTEOTNE WS ATOTEAECUATIXY TEYVIXT] EXTIUBEVOTS TEOCHp-
poyéa mou evioyVel tepattépw Ty enidoon. Emmiéov, mpoonadfooue vo EQUpUOCOUUE TO EVEHUATE YOG GTO
o 3UOXOAO LTOEPMTNUA TNS amddoone cuyypagén (Author Atribution - AA). T v toAdYAwoon nepintwon
tou MGTD, mpoonadfooue vo evtonicoue T YAOCOO-TNYYH XoL Vo LETAPEAooUUE TohdYAwooa xetueva xa-
Ve xou var YpNOUOTOCOVUE TPOCOUPUOYELS YADGGUS Yior var EAEYEOUYE Edv Umopoly va eTuteLy YoV Tepautépw
Behtwoelg. Extog and v exnoldeuot HovTEAWY Xol TEOCUPUOYEWY, DlEpELVACOUE ETioNG Wil GAAT TEOGEYYIO).
Xenowponowdvtoe torhamid PLMs unohoylooue tnv neptmhoxdtnta otadepol urixoug.

Yuvolxd, auth 1 SwotplBr) emuyetpel var amoxahbdel Ty mpoontxy Slapdpwv Ledddwy Tpog TNy Aon Twv TEoB-
Mnudtwv MGTD xon AA, cuvdyovtag evila@épovta GUUTERHOUATA.

A€Zeig-xhedid —  Aviyveuon Kewévou nou Snuovpyeiton and Mnyoavh), Anédoon Xuyypopéa, Hlpoex-
nawdevpéva Ihwoowd Movtéha, Meydho I'hwoowxd Moviéha, lloAbyhwoorn Iepintwon, Ilepimhoxdtnra,
Iepimhoxdtnta Ltadepot Mrxoue, Exnoldevon Hpoocapuoyéa, Ilpocapoyeds Luvtoviopot Ipotponic






Abstract

Large language models (LLMs) are becoming mainstream and easily accessible, ushering in an explosion of
machine-generated content over various channels, such as news, social media, question-answering forums,
educational, and even academic contexts. Recent LLMs, such as ChatGPT and GPT-4, generate remarkably
fluent responses to a wide variety of user queries. The articulate nature of such generated texts makes LLMs
attractive for replacing human labor in many scenarios. However, this has also resulted in concerns regarding
their potential misuse, such as spreading misinformation and causing disruptions in the education system.
Since humans perform only slightly better than chance when classifying machine-generated vs. human-
written text, there is a need to develop automatic systems to identify machine-generated text with the goal
of mitigating its potential misuse. This need is addressed by the 8" task of the SemEval Workshop 2024.

In this thesis, we aimed to make a substantial step towards exploring this interesting task by addresing
subtasks A and B for the 8% SemEval task. As a starting point, we experimented on fine-tuning pre-
trained language models (PLMs) for machine-generated text detection (MGTD), examining the effect of the
hyperparameters on the accuracy. We suggest the use of prompt tuning as an effective adapter technique
that further boosts performance. Moreover, we tried to apply our findings to the more difficult subtask of
author attribution (AA). For the multilingual track of MGTD, we attempted to detect the source language
of the texts and then translated them as well as used language adapters to test if further improvements can
be achieved. Apart from model and adapter tuning, we also explored another approach. By making use of
multiple PLMs, we calculated fixed-length perplexities.

Overall, this thesis attempts to unveil the potential of methods towards the solution of the problems of
MGTD and AA, reaching insightful conclusions.

Keywords — Machine Generated Text Detection, Author Attribution, Pretrained Language Models, Large
Language Models, Multilingual, Fixed-length Perplexity, Adapter Tuning, Prompt Tuning






Euyaplotieg

Oo fideha va Toviow 6Tl To €pyo auTé dev Yo ftay duvatd ywelc TNy LTooTAELEN TOANGY avipdnwy. Oa Hieia
Vo eLyaploTRoW Witepa Tov emPBAénovTa pou, x. Utduou I'ewpyto, yio v mohdTurn xadodiynorn Tou otny
exmovnon autic e dtmhwpatixrc, xadde xou v Mogla Avpnepaiov yio T otev cuvepyaoia, TNy LTooTHELEN
xo TNV xodoplotx?) ouuBoln Tng oty epyaoio aUTY.

IToAd onuoavTixd yior uéva HTay oxXoUd 1) CUVALCONUATIXG CUVELGQORE TNG OXOYEVELNG XAl TWY QIAWY Yo Tou
pou mapelyay orydmn, othelEn xou YéMo.

Avdpeddne Anuitetog, Toding 2024
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1 Oewentixd YTroBadeo

H aviyveuon xewévou mopayouevou amd pnyav aviuetwrileto xuplng we mtedfinuo duadixic tagivéunong
(Zellers et al., 2019 [47], Gehrmannetal et al., 2019a [50], Solaiman et al., 2019 [25], Ippolito et al., 2019
[16]). Tevd , undpyouv dVo xlpiec npooeyyioels: ol emPBrendpeves uédodol (Wang et al., 2024a[63], Wang
et al., 2024b[62], Uchendu et al., 2021 [4], Zellers et al., 2019 [47], Zhong et al., 2020 [59], Liu et al., 2022
[60]) %o ou un emPrendpevec yédodot, dnwe ot pEdodol undevinric-Borfic (Solaiman et al., 2019 [25], Ippolito
et al., 2019 [16], Mitchell et al., 2023 [20], Su et al., 2023 [28], Hans et al., 2024 [1]). Evd ou enBhendpevec
pédodol divouv oyeTnd xohltepa anoteréoyata, eivan emppeneic oty unepmpocapuoyy (Mitchell et al., 2023
[20], Su et al., 2023 [28]). Qotéo0, o un emPrendpevec pédodol pnopel var amoutodv un peaklotix tpdofoon
AEUXOV-%0VTIOY 6TNY YEVWWH TRl TV xeWwévewy. To Detect-GPT [20], To onolo ypnowonotel uwévo hoyoprduixéc
mdavotntee unoroylbpevec and to poviého GPT-3 [57] o tuyaiec SiotapdEelc ToU XeEWEVOU and TO HOVTENO
T5 [15] , amodewvieTton va €xel ueyohitepn xavotnto uetodl tev uedodny undevixic-Poihc.

Avuty| 1 BatePr) nepthauPdvel éva olvoho emPBAenouevey UedddwY Yo To TEOBANUa TNg aviyveuong xewwévou
TOEOLY GUEVOU altd Uy avr xa To TpoBinua Tng anddoons cuyypopén. Metald autdy tepthauBdvetos 1 Y phon Teo-
EXTIUDEVPEVWY YAWOOIXWY LOVTEAWY Xl TpooapUoYEéwy TeAeutalag teyvohoylog, 1 aviyveuon xau 1) HETdpeaoT
TV TOADYAWCOWY XEWEVWY 0Tot AYYAxd xadde xou 0 UTOAOYIGUOC TNG TEPLTAOXOTNTAC OG TOANS LoVTERA Ylot
u&e xelyevo.

1.2 Ilpozewvdbueveg llpeoceyyliosig

1.2.1 Xvuvelcpopd
Ou ouvelopopéc authc Tne Simhwyatxhc epyasiog elvar TOAATAES xou Uropoly vo GUVOPLETOUY we e€ng:

o Exnawdedooye PLMs pe otdyo va Pektiotonoicouvye Tic mopopéTpous TOUS XoL VA TG TROCUPUOCOUUE
oTa dedopéva Tou epwTHUNTOC 0ToYoL. MetafBdhhaue TI¢ UTEETOEOUETEOVC EXTA(BELGNC Yol VoL BoVUE TG
ennpedleton 1 peteiy a€lohdynong twv epwtnudtwy MGTD xa AA, dnhoady| 1 axplBeta.

o XETNOWOTOCOUE TEOCUPUOYEIS TEOXEWEVOU VA UEWWOOUPE TIS TUQUUETEOUS EXTUUOEUCT|C TOU TEEMEL VoL
TPOCUPUOC TOUY GToL BESOUEV EXTAUBEVOTC. JUYXEXPWEVA, ECTIACUUE OTNV EXTAUBEUCT EVOC CUYXEXPLUE-
VOU TPOGUPHOYEX, aUTO) TOU CLVTOVIOUOD TEOTEOTAS, X¥MC aUTA 1 TEX VXY divel Tot XahbTERN AMOTENED-
potor (xahOtepar xou omd TNy exmaidevon dAwv tev mapauétewy) Yo to epwtnua MGTD. Edope mog
npoextelivovtal auTtéc oL TEYVIXES Yot To To BUoX0AO TEOPBANua Tne AA.

o T ta xelyeva g tohdyAwoorng nepintwong tou MGTD, npoonadfooue va evionicovue 0 YAOOGO-TNYY
XOlL VO UETOUPEAGOVUE TO XEUEVA, UEAETWVTAC ETOL WG 1) LETAPEAOT) UTOREL VOL DIEUXOAVVEL TO EQWTNUA AUTO.
TTopohdAANhaL, X ENOLLOTOLCOUE TPOCUPHOYEIS YAWOoouS xou TpocapUoyelc epyaoiog yia va ehéyEouue edv
pTopoLY Vo eTiTeUy VoLV TEEULTERE PEATIOOELS.

o Télog, utoroyioopue TNV TEPLTAOXSTNTA CUYXEXPWEVOL Urxoug axoloudlag xou yio To 800 UTOEROTAULANTA
MGTD xou AA. Tt vat to methyoupe autd, ywplooue to Phxog e axolovdiog e.oddou G xopudTiaLl Yio
xodéva omd T omola umohoyioope TN UETEWX TNG TeptAoxdTNTAS, HETABdAAOVTAC xdde opd To prxog
ouppeolopévmy xot To Brua.

1.2.2 30Ovolo Acdopévwy

Iopanedtey, TepLYEdPOUUE Ta GUVORX DEBOUEVLV TV 3 BLOPORETIXAY EPWTNUATKY TOL dlaywviouol SemEval2024.
IepthauBdvovton oTaTloTxd yior Tar UEYEDT), Tor TEDio XU TIC YEVVATRLES TV CUVOAWY DEdOUEVWY eXTalBEVOT,
BoXNAC ot AELONOYNONG XAl VI T 3 EROTAUTAL.

1.2.3 TYroephtnua A: Movéylwoor neplntwon

Acedopévo: O mnivaxac 1.1 napoucidler otationxd petald YEVWNTEIOV , TEdiWY xou CLVOAWY BEBOPEVEV.
Mezpwxny AZwordymong: H axpifelo yenowonoteiton yior Ty olohdyYnom twyv LOVIEAWY.
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1.2. Ilpotewépevee Ilpeceyyioeig

30voro IIny% davinci-003  ChatGPT Cohere Dolly-v2 BLOOMz GPT-4 Mnyavh ‘Avipwnog
Wikipedia | 3,000 2,995 2,336 2,702 - - 11,033 14,497
Wikihow 3,000 3,000 3,000 3,000 - - 12,000 15,499
Exnaidevon Reddit 3,000 3,000 3,000 3,000 - - 12,000 15,500
arXiv 2,999 3,000 3,000 3,000 - - 11,999 15,498
PeerRead | 2,344 2,344 2,342 2,344 . - 9,374 2,357
Wikipedia | - - - - 500 - 500 500
Wikihow - - - - 500 - 500 500
Aoxph,  Reddit - - - - 500 - 500 500
arXiv - - - - 500 - 500 500
PeerRead - - - - 500 - 500 500
A&olbynon Outfox 3,000 3,000 3,000 3,000 3,000 3,000 18,000 16,272
Table 1.1: Yrocpwhtnua A: MovoyAwoor Avadixy TaZivounon. Acdopévo oTATIOTINGY Yid T
olvoho Exnofdevone/Aoxric/Aohéynong
1.2.4 TYroeputnua A: IIoAbOyAwoon nepintwon
Acdouévo: O nivaxoc 1.2 mopouoidlel ta oTaTioTiXd Twv cLVOAWY dedouévwy Metpixr AZloAdynoneg:
H oxpifeio yenowomotelton yior Ty a€lohOYNoT TWV LOVTIEAWY.
30Ovolo I'\ooo davinci-003 ChatGPT LlaMa2  Jais "ANNo MnyaviA 'AvOpwnog
Ayyhxd 11,999 11,995 - - 35,036 59,030 62,994
Kuwélixo 2,964 2,970 - . . 5,034 6,000
Exnaidevon  Ouvpvtot - 2,899 - - - 2,899 3,000
Boukyédpwa | 3,000 3,000 - - - 6,000 6,000
IvBovnoloxd - 3,000 - - - 3,000 3,000
Russian 500 500 - - - 1,000 1,000
Aoxaun Apafixd - 500 - - - 500 500
Teppavixd - 500 - - - 500 500
Avyyhd 3,000 3,000 - - 9,000 15,000 13,200
, Apafind - 1,000 - 100 - 1,100 1,000
AQONYNON o | - 3,000 - - - 3,000 3,000
Ttoxd - - 3,000 - - 3,000 3,000
Table 1.2: Yrospodtnua A: IToAbOyAwoor Avadixr Talivounor. Aedopéva GTATIOTXOV Yio TA
olvoha Exnofdevone/Aoxyic/AZiohéynone (‘Alkes yevvhtpieg elvon Cohere, Dolly-v2 xouw BLOOMz)
1.2.5 TYroepwtnua B
Acedopévo: O Iivaxag 1.3 mapovoidlet tov apdud xewévwy yia xdde yevvitpla. Metpixr) AioAdéynong:
H axp{Belo yenotpomoteitar yiot Ty a€loAGYNOT TV HOVTEAWV.
3UvoAo IInvy" davinci-003 ChatGPT  Cohere Dolly-v2 BLOOMz ’'Avdpwnog
Wikipedia 3,000 2,995 2,336 2,702 2,999 3,000
Exraideuon Wikihow 3,000 3,000 3,000 3,000 3,000 2,995
Reddit 3,000 3,000 3,000 3,000 2,999 3,000
arXiv 2,999 3,000 3,000 3,000 3,000 2,998
Aoxnh PeerRead 500 500 500 500 500 500
AZiohéynon  Outfox 3,000 3,000 3,000 3,000 3,000 3,000

Table 1.3: Yrogpdtnua B: Avixyvevon 'evvAterac. Aedoyéva oTATIOTIXOY Yia To. COVORY

Exnoidevone/Aoxapic/ALiohdynonge
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.2.6 Yroepwinua I'

Acdopévar O nivaxag 1.4 napouotdlel to oTatiotixd 1wV cLVOAwY dedouévey Metpixry AElohoynong:
To Méco Andluto Tgdhpa (MAYX) yenowornoteiton yio v allohdynon e aviyvevone tou opiov omd Ta
HOVTENA.

ITeSio TevvAtela Exnaidsuvon Aoxiun AZwolbymon Y0Ovolo
ChatGPT 3,649 (232) 505 (23) 1,522 (89) 5,676 (344)
LlaMA-2-7B* 3,649 (5) 505 (0) 1,035 (1) 5,189 (6)
PeerRead LlaMA-2-7B 3,649 (227) 505 (24) 1,522 (67) 5,676 (318)
LlaMA-2-13B 3,649 (192) 505 (24) 1,522 (84) 5,676 (300)
LlaMA-2-70B 3,649 (240) 505 (21) 1,522 (88) 5,676 (349)
GPT-4 - - 1,000 (10) 1,000 (10)
LlaMA-2-7B - - 1,000 (8) 1,000 (8)
Outfox LlaMA-2-13B ; - 1,000 (5) 1,000 (5)
LlaMA-2-70B - - 1,000 (19) 1,000 (19)
Y0voho ‘Ol 18,245 2,525 11,123 31,893

Table 1.4: Yrogpwinua I': Aviyvevorn ANAayrc Enueiov. Xpnowonowotue yevhtplee GPT xou
LLaMA-2 yio nedla 6nwe allohdynom oxadnpouxcv dnpootetoeny (PeerRead) xou gortnuxéc extéoeic
(OUTFOX). O aptdude oty napévideon “()” elvar 0 aptipds tTwv mapabelyUdtey Tou TapdyovTal amoXheLoTIXd
oné LLMs, dnk., o Selxtne oplou petad avdpdrou xou unyavic toovtos e 0. LLaMA-2-7B* o LLaMA-2-7B
xenowonolnoay SlapopeTiXéC TEOTEOTES XAUTA TNV TOQY WY XEWEVOL.

1.2.7 Meédodoc

Axolovdfiocaue Tig Tapoxdte TEXVIXES Yo Vo e&epeuviiooude To tedBinuo MGTD.

Exnaidsuom TpoexToudEVUEVOY YAWCOIXOY LOVIEA®Y

Kévaye tn Behtiotonoinon yenowonowdvroag tny xhdorn AutoModelForSequenceClassification yio vo gpopté>-
coupe To Sldpopa Wovtéha.  Auth 1 xAdomn mpoclétel €vo eEwTEPO YPUUUWO OTEOUO OlUCTACEWY
otouyela_ewo0b6dou x (otouyeio e&bdou = apiude xhdoewv). O unepanapduetpol Tou petoPdloe etvat oL EToyES
e exmaldevone BedtioTonolnong, to Péyloto urxog axohovdiog xou to péyedoc maptidag. To péyloto urxog
axoloudiag elvan To pRxog Blaxpltix®y el66d0V ToL To Uovtélo déyeton cav elcodo. Ta yoviéra RoBERTa
€youv éva PEyLoTo phxoc axohoudiog 512 draxpluxdv (dnhady| uropolv va yenowonontoly e uhAxoc axohou-
Vo péyptl 512). To povtéha DeBERTa-V3 8ev éyouv npoxadopiouévo péyioto uixog aohoudiog. To povtéha
GPT-2 éyouv péyioto pnxog axoroudiog 1024. o dho T Telpduata yenowponotioope Bodud pdinong 2e-5 and
anéofeor Bdpoug 0.01. Erniong, emAéEoue vo npocapudGOUPE TNV CUVAETNOT ATWAELNS TPOXEWWEVOU VO TIEQLEYEL
ToL Bdpn TwV *AdoEWY, EVE datneolue Ty emhoyn Tng Anwhetag Ao tawpoluevne Evtporniag wg ocuvdgtnong
Adoug. H mapandvew tpononoinon neptypdpetal and:

-1
= 2 2 wibislog(pis) (1.2.1)
ieN jeC

To Bdpn yia x8de xhdon i vroroyilovtar pe Bdomn tv:

#ocryuaTwyr (1.2.2)

- HoetypaTtwy _oTny _KAaon i - FrRAaoEwY

Tao YAWOoWE LOVTENX TOU YENOLLOTOLCOHUE GTA TELOGHUATO AVUPELOVTOL TAUPAUNAT:

e roberta-base pe 125 exatoupdpto Tapapéteouc xon 9,387,342 xatwgoptdoel Tov lovvy tou 2024 !

Lhttps://huggingface.co/FacebookAl /roberta-base
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1.2. Ilpotewépevee Ilpeceyyioeig

e roberta-large pe 355 exatoppipla nopopétpous xou 10,043,550 xatwgoptdoeic Tov Iodvr Tou 2024 2

o deberta-v3-base pe 184 exatopudpla napopéteous (86 exatoppdpla 6T0 oxeAeTO + 98 exotoupldpia
TUPUUETPOUC GTO OTPMUL EVOWPAT®oTNC) xou 2,156,043 xatwgoptdoeic Tov Iodvn tou 2024 3

e deberta-v3-large pe 435 exatoppdpta mapopéteous (304 exatopplpio 6to oxeletd + 131 exatopudpta
TOPaPETPOUS GTO GTPONA EVowUdTtnong) xot 1,370,872 xatwpoptmoeic tov lolvn tou 2024 4

e openai-community/gpt2 pe 137 exatoppipia nopopéteouc © xou 6,820,036 xatwpopthoeic Tov lotvn
Tou 2024

e openai-community /gpt2-medium pe 355 exatoppiplo Tapapéteoug ¢ xou 249,991 xatwpopTdoELS
tov IoOvn tou 2024

Exnaidsuomn we xehor TpOoCopUoYEWY

Ae&dyaye exnaideucT) Ye ¥phoT TEOCUPUOYEWY YPNOHLOTOWMVTOS T8AL TNV xhdon AutoModelForSequenceClassi-
fication yio 0 PdpTLU TV HOVTEAWY MGTE VO SLUTNEHOOUYE TNV XEQOAT TAELVOUNONC IOV ELOAYEL 1) XAGOT) QUTH.
ITpoo¥éoaue xan exnoudeoaue mpooapuoyeic yenowonownvias T edodoug add_adapter xou train_adapter.
AZlohoyrioaue T ap)LTEXTOVIXEC TPOGORUOYEWY Yia 6 pe 8 emoyég pe To povtého roberta-base. Autd elvou
To povtého mou mpotelvetar cav Bdorn and to SemEval2024. H emhoyy and yépoug pog oautold Tou HovtEhou
duxonohoyelton xon amd To OTL ELval EAAPEV Xol EYEL XAAY) An6dOCT GUUPWVY xan Ue TNy Bihoypagplo.

‘Eotw éva UTocUVOAO TV TapopéTemy Tou poviehou O (otadepd) xou éva oivoro napouétpny & (dtou to P
umopel vo etooydel emnpdodeta 1 va évar utooivoro tou O, dnhadh ¢ C ©). Katd v Behnotonoinom, o
npocdpuoyelc BeATioTonololy Yovo 1o @ clupwva pe Ty cuvdptnon andiclog L oto ohvolo dedopévwy D:

Ox + argmingL(D;©, D) (1.2.3)

Or pyttextovixéc Tpoouppoyény tou doxudooye elvon 7

e ITpoocapuoyeic cunpdenong

O mpocapuoyelc ouupdenoNe ELICEYOLY CTEWUATA CUUPOENONE TEOCTHAS TPOPOBATNONS GE OTMOLOBHTOTE
otpwua. 'evixd, autd to otpdpata arnoteAobvton and nivaxes xdtw TEoBorAc Wapwn TOU mpofBdAouyv To
O TEWUATA XPUPWY XUTACTACEWY OTN YUUNAOTERN BIAGTUON dpottieneck, Mot UN-YeopuxotnTa £, wior téve
npofoly Wy, mou npofdiel tiow otny apyixn SIACTACT XPUPHY XATACTACEWY XAl (AL UTONOLTOUEYY GUV-
deom 1t

h < VVu;D ' f(Wdown . h) +r (124)

O ouvteheotric pelwong opilel Tov Aoyo UeTtadld g BLACTAGNEC TOU XPUPOU GTEWHATOS TOU HOVTEAOU %ol
g SLdoTUONS CUPYPOENONG:

d idden
reduction_ factor = ——udden (1.2.5)

bottleneck
e '\woowxol npocapupoyeic ~Avacteédipol Ilpocappoyeic

H Swpéppuwon MAD-X (Pfeiffer et al., 2020) [29] npoteivel yAwoowolc npocapuoyelc Teoxeévou 1o
HOVTERO VoL UGDEL UETACYNUATIOROUS TTOU APOROUY Lol GUYXEXPUEVT YAOOGA. Aol T0 HOVTERD eEXTToUdEUTE!
o€ Wa gpyasia YAWooAS WovieAonolnong, évac YAwooixde npocopuoyéds unopel va otofoytel mptv and
éva TpooappoYéa epyaoiog Tou mpoopileTar Yo TNV exTaideuoT tdvw oe po epyacio-otoyo. Etol dote

2https: / /huggingface.co/FacebookAl /roberta-large
3https://huggingface.co/microsoft /deberta-v3-base
4https: / /huggingface.co/microsoft /deberta-v3-large
Shttps://huggingface.co/openai-community /gpt2

Shttps:/ /huggingface.co/openai-community /gpt2-medium
Thttps://docs.adapterhub.ml/methods.html
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Vo eTUTOYOUUE DLYAWCOXY UETaPopd YVOoNS Undevixnc Borrg, €vag YAWOOWOC TPOCUPUOYENS UTOPE!
vo avtixataotodel and évay dAho. Apyittextovid, ol Yhwoouxol mpocopuoyelc elvon oe peydro Badud
TAPOULOL UE TOUC CUVAVELS TPOoUpUOYELS ouppoeNoNg, exTog and éva €€Tpa avTLOTEEPLUO OTEMOU HETA TO
OTPWHA EVOWOUATWONG.

e YuvTovicuwog IlpoYépatog

O ouvtovioude mpodéuatog (Li and Liang, 2021) [36] ewodyer véeg moapduetpouc ota pmiox npocoynis
TOAMATAGY XEQOADY oE xdVe oTpmdua Tou yetaoynuatiotd. o ouyxexpiéva, npocuptd exmaudelolya
Slavopata tpodéuatog PE you PV ota xhedid %o Tic TéC NG eloddov xdle xeqoiic mpocoyrc. H
w&0e xe@akt) Exel éva Sapopphoo uhixoc mpodéuatoc (wixos_mpodéuatoc):

Kean_i = poooxn(QW,?, [P, KW, [PV . vIv)]) (1.2.6)

o JLUTURVWTAG

H apyitextovin] Tou Tounuxvwt npotddnxe and Mahabadi et al., 2021 [44]. Eivow mopduota ye v
OPYLTEXTOVIXY] TWV TEOCUPUOYEWY cuupopnone. H udvn dlagpopd elvar 6Tl aviixahotd Tig ypouuixég
Tavw- xal xdtw- tpoforéc pe éva otpwua PHM. Xe avtideorn ye to ypouuxd otpmua, to otpduo PHM
xataoxevdlel Tov mivoxa Bopov Tou and BUo wxedTEPOUS TVOXES, TO OTOlo UEWWVEL TOV dpllud TwVY
TopoéTewy.  Autol ol mivaxes pmopolv va mopoyovtomointoly xat Vo HotpaoTolv HETAED OAMY TWV
OTPWUATKWY TOU TPOGUPUOYED.

o ITpoocoproy? Xouniot Baduwol

H npocapuoyy| younhot Baduot etvor pla amodotixt uédodog cuvtoviouol tou tpotddnxe and tov Hu et al.
(2021) [19]. H npoocapupoy? yopunrot oduod etodyer exnadedoytous yaunhot Baduol nivaxes anocivieong
HECU OTA OTEWUATA EVOC TROEXTALDEVUEVOU LoVTEAOL. T'lal OTOLOBHTOTE GTEOUN TOU HOVTEAOU EXPEAUCUE-
YOU ¢ TOAMAMAAGLAOUOS VXV, 0 Titvaxag Bopiy W, C R¥F yetafddeton o W, + AW = W, + BA
6mov BC R¥*" you AC R™™k. H enavanopopetponoinon yiveton we e€hc:

h=Wox + ;BAJ; (1.2.7)

o (IA)3

O mpocapuoyéag €YyUoTC UE OVAGTONY XoL EVICYUOT TV ECWTERIXMY evepyoTotfoewy (1A)3 etvou wo
anoteleopatiny pédodoc cuvioviopol mou mpotddnxe amd Liu et al. (2022) [60]. (IA)® eodyel ex-
nondedollor SLvOoUOTA OE BLOPOPETINES CUVICTOOES TOU UOVTEAOU MEeTAoyNUATIOTY), TEOYUATOTOLOVTOG
OTOLYEID TPOG GTOLYEID ETMAVAXAUINWOT] TWY ECWTEPIXWY evepYoToaewy. o onolodrrote otpdud pov-
TENOU EXPPACHUEVO W TOANATAACLACUOS TULVAXWY, O GTOLYElO TPOS GTOoLYEl0 TOAATAUCIUOUOE TIEPLY PApETAL
ano:

h=ly oWz (1.2.8)

omou, ® dnhwvel Tov otolyelo Tpog otolyelo TOAUTAACLIOUS .
e JUVTOVIOWOG TPOTEOTNAS

O ocuvtoviopds mpotpomAc elval plol AmOBOTIXY TEYVIXY cuvToviouol BeATioTonolnone mou mpotdunxe
omé Lester et al. (2021) [11]. O ocuvtoviouéc mpotponic npoodétel cuvioviowo daxpltind, o onola
AmOXOAOVVTOL LONAXESC TIPOTEPOTES, XaL To. oTolal TpoouETOUVTAL 6To Xeluevo eloddou. Ipdta, 1 axoroudia
EL06B0U T1, T2, * Ty EVOOUOTMVETOL, XoTaAYOVTaS oTov mivaxa X, C R™™® 6nou e elval 1 BidotaoT tuo
YWeou evowpdtwong. Ou poloxée mpotpomés e uixog p avamaplotdvia og P C RP*¢. Ta P, xon X,
ouvevovovta, oynpatiloviag Ty elcodo Tou axdAoLIou XWIXOTONTH ¥ ATOXWOLXOTONTY:

[P.; X,] ¢ RPHm)xe (1.2.9)

H »\don PromptTuningConfig 8éyeton tic axdrovdec mapduetpoue:

20



1.2. Ilpotewépevee Ilpeceyyioeig

— unxo¢_ mpoTpomhc: yia vo TeVel To uixog TS Hohaxnic TeoTeomiS P

— apywonoion_mpotpomic: vl vor tedel 1 pédodoc oapyxomoinone Popddyv, mou elvan elte
“tuyalo_opotduopen’ elte “amd_ xelyevo” yio vo dpyixonolnoel To BlaxElTixd NG TEOTOTAG UE [lat
EVoLPdTemon and To Aeh6yio Tou poviélou.

— xelpevo_apyixonolnong_mpotpomhc we To xeluevo mou Yo yenowponoiniel éav Yécoupe wg uédodo
apyomoinone apyxonolnor_npotponrc="and_ xelyevo"

1.2.8 Aviyvevon I'hwoooag xouw MetdppaoT

Iot Ty mohOYAwoor TeplnTwon Tou UToEpwTHRNTOS A, Helaue AVTIHETWTOL UE XEUEVOL BLUPORETIXGY YAWOTMY.
Mpéogatee peréte (Hu et al., 2020 [30]) unodewviouv 6t ta povtéha teheutaiog ey voroyiag 6mwe ta povtéha
XLM-roBERTa, €youv xoxt} ané8ocn 611 SlayAwoowt| HETopopd YVOong UeTagd ToAGY (EUYaplidyY YAWCOWMY.
O xbploc Adyog nlow and v xoxn anddoon @épeton vor elvon 1) TeELVY EAAEW) IXAVOTNTIC TWV HOVTEAWY Vo
avamapto TAOOUV OAeC TIC YAWGooEeG toodlvaya. 'Etot, gl Aoon yia TNy ToAOYAwoor Tepintwon Tou UToepwTh-
patoc A etvon va eAéyEoupe UTEEYOVTES YAWOGLXOUS TPOCUPUOYELC Xou TpoouppoYElc YAOCGUS Yiot vor aELoNOY Y-
coupe oc oo Badud xatapépvouy va emTOYOLY BlayAwooWr UeTapopd Yvwong. Mia dAAn mpocéyyion mou
doxwudooye elval 1) UETAPEOOT, OAWY TWV XEWEVLDY GTol AYYAXd TEOXEWEVOU G GUVEYELDL VoL Yenotpotointoly
UE LOVOYAWOOA HOVTEND.

Axohoudvtog TNV TEDTN TEOCEYYLOT), EVAC TPOCUPUOYENS XATOLIS CUYXEXPWEVNS YADCOUS EXTUBELIEVOS OE
Mot YAOOOA TRoEAEVUSTC UTOPEL VoL avTixaTaoToel Ue Eva TEOGURUOYEN EXTIUDEVPEVO GTY) YAWOCGU EVOLAPEPOVTOG.
Ernlone, unopolye va elodyouye emniéov mpocapUoyelc epyaoiog yio Vo SUUTERIAEBEL YVOOYN OYETX Ue TNV
epyaoio.

To cOvolo a€lohdynong Be meplelye OUWS ETIXETEC TOL VoL UTOBEXVUOUY TN YAWOOU TOV XEWEVGY, OTOTE apyixd
YEELIGTNXE VOL VLY VEVGOUUE TN YAOGOO TwV XeWEVwY. Auth 1 epyacia Sleuxohivinxe and to yeyovodg ot elyope
voL eAEEoUPE PETOED TEGOUPWY YAWOTMY amd To cUvolo aflohéynone (Ayyhxd, Itahixd, ApoBixd, Ieppavind).
Tt v aviyvevor), emhéaye va ypnotonoioouye to povtého "facebook/fasttext-language-identification" [43]
ané to anotetrpio HuggingFace. Auth cuviotd tny xuplopyn emhoyt yia aviyveuon yAbooac oto anodetriplo
e 52,630,391 xatogoptoeic tov Llolvn tou 2024. T va eléyEoupe v axpifeta Tou, eEAéyyoupe T6o0 axpBhc
elvar oty aviyveuorn YAbooog oto alvolo exnoidevone xau aglohoynong mou Hon elyav medlo ye ™y yAwooo
Tou xewpévou. Hoapoxdtw, napovaidlouue tor AT yioe xdlde YAMGoA xou yio Tt 6U0 GUVoAa:

Language Errors Percentage
and Dataset

Split

English Train | 289 out of 122,024 0.00237
Chinese Train | 222 out of 11,934 0.01860
Urdu Train 19 out of 5,899 0.00322
Bulgarian 121 out of 12,000 0.01008
Train

Indonesian 20 out of 6,000 0.00333
Train

Russian Valid | 16 out of 2,000 0.008
German Valid | 0 out of 1,000 0
Arabic Valid 2 out of 1,000 0.002

Table 1.5: Language identification errors on train and valid splits using
facebook /fasttext-language-identification

XN oUVEYEL, YO TNV UETAPEAOY) OXONOLUACUUE TNV OTEATNYIXY] UETAPEUCNS OVE TEOTIOY YLol VoL EYOUUE
xoAOTERa amotehéopota. ‘Eyovtag fon dnuovpyrioetl 1o nedlo YAMOCUC TwV XEWEVWDY XAl Yid TO 6UVOAO ol
ohOYNOMNE Yenotonoioope Ta Lovtéra tne Ouddac "Epeuvag twv I'hwoowxey Teyvoroyidv tou Exctvx, xadéva
ané to omolot apopd éva LebYog YAWOOHV:
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

e Helsinki-NLP /opus-mt-de-en &

e Helsinki-NLP /opus-mt-it-en ?
e Helsinki-NLP /opus-mt-ar-en '°

H petdgppaor ye autd tar ovtéha €dwoe MO xohd AMOTEAECUATA. € XAMOIEC MEQLTTWOELS X0 CGUYXEXPLUEVL
ota Apafixd xelpeva, énpene va nepixdPouye v xdde npdtact otoug 1,200 yapoxtrpes. E@dcov, to gpdtnua
TOU XUAOUUAOTE VoL OVTIHETWT{oOUUE BeV elvol onuactoloyind motelouvde 6Tt auTh 1 emhoyn e Yo Eyel xdmola
eniBpaon 6TO AMOTEAECUOL.

1.2.9 IIepinhoxdtnTo

H mepimhoxdtntor piog dlaxpltthc xatovounc miavotntae p elval Uior €VVold ToU YeYOLOTIOLE(TAL EUPEWS OTNY
Yewplo TAnpogoplag, Ty unyavixh uddnon xou Ty otatiotxt poviehonoinor. Opiletan we:

PP(p) :=2H®) = 9= 2up(@)logzp(a) (1.2.10)

‘Eva govtého yiag dyvewotng xatavounc mdavotntac p, unopel vo npotadel ye Bdon éva delypa exnaidevong to
onolo avtieiton amd v xatavour| p. Aedopévou evéde mpotetvopevou mdavotixol HOVTEROU (, XdmoLog Unopel
vo atohoynioel To g pe Bdon to 1660 xohd Teofiéncel éva EeywploTo delyua aflohdynong x1, T2, ..., Ty T0 Onolo
enfone avtielton and to p. H nepimhoxdtnta tou yoviélou q opiletan we:

PP(q) 1= 27t Zi=1 logato (wi2<i) (1.2.11)

O exdétne tne mopandve oyéone umopel var epunveudel we 1 diactowpolpevn eviponia, 6nou p(z) = 3 elva
7 eumelpxn} xotavouy) tou delypatog afiohéynone. Edv dewprioouvye o 1,22, ..., ¢ Vo elvan wiot axohoudia
Blopttixddv tote To logapg(xi|r < i) elvon 1 deopeuuévn log-mdavdtnta Tou 1-06TOL BloxplTino) deBopéviv
TWV TEONYOLHEVLY dlaxpettxdy. H Stadixacio yetatponhc Tou xeluévou oe dlaxpltixnd €yel dueon enldpaon otnv
neptthoxy] Tou wovtélou, YEYOVOC ou meEmel var Anydel unodn dtav cuyxplvouue BlopopeTind LOVTENA.

Edv 8e neplopllopoactay and 1o uixog cudpealduevwy tou goviéiou, o utohoylloue Ty neplmAoxdTNTL TOU
HOVTENOU auTomaALVOpoULxd, AauBdvovtoag unddn 6An v oxohoudla Bloxpltixddv mou meonyeitar. Avtideta,
n oaxoloudla Slaomdton tumixd oe unooxoloudiec (oeg ye to péyloto péyedog elcddou tou povtéhou. Edv
To Uéyloto uéyedog elo6d0L Tou Yovtélou elvan k, t6Te mpooeyyilouye TNy mlavoTnTo EVOC BloxplTiXol Ue
déoueuot we mpog to tponyolpeva k-1 Staxprtixd mapd ot dhat Tol GUPPEALOUEVT TTOU TEOTYOVVTOL.

‘Otav unoloy(Couye TNy mepimhoxdTnTa evOC HovTEAOU Yo plar oxohoudia, pilar dedeac T ahhd umtoPérTiot
npocéyylon elvor va Slaondooupe Ty axoloudla o EeywpeloTd XxoupdTiar xal Vo TpocYECOLUE TIC AMOCUVTE-
Yewévee hoyoprduxée mdavotnteg tou xdde tufpatoc aveldptnta.  Auth Telvel va elvon pior xox| mpoceéy-
yion xodods to povtého Yo €xel hyodtepa oupppaldueve ota TeploabTepa Bripata e medPiedne. Avtideta,
7 meptmhoxdTNTo EVOS UovTERoL oTadepol Uixous cuUpEalouévwy TEENEL Vo UTOAOYLOTEL Ue uiot atpatnyixn
xUALOPEVOL Topodipou. Autd cuverdyeton va olodricouue enavohouBavoueva To Toedtupo cuUPEAlouéveyY
€tol Hote To Yoviého va €xel neplocdtepa oupppalouevo 6tay xdvel tpdPBiedn. To pelovéxtnuo elvan dti owtd
anautel éva Eeywpelotod npdotio mépaoua yio xdde Sopttind. Evoc xahdc ocuufiBacudc oty mpdén elvon vo
ohlo¥noel xavelc To Topdtueo xatd Evay apliud SLaXELTIXGY ToEd XoTd Evar Sloxpttind TNV popd. Autd emitpénel
Tov unohoyloud va cuveyioel apPXETA Lo YpTyopd divovTog TapdAANAA 0TO HOVTEAO EVal HEYHAO apldud and cuy-
pealoueva dlaxpltd yio va xdvel tpofBhedn oe xde Briuc. Edv ouwe to exteléooupe autd ye éva Bripa (oo ue to
HEYLOTO Pnxog elo6d0v, TOHTE 1) TPOCEYYIoT aUTH ex@UAleToL 0TV LTOBEATIO TN oTRUTNYIXY Yweic TNy oAloUnon
napardipou, Tou culntiinxe mponyouuévee. Voo uxpdtepo To Priua, Téoa Teplocdtepa cuuppalouevo Yo Exel
To YOVTEAO Ylol VoL xdvel Ty xdde mpoBiedm xon dpa 1660 xohlTepog 0 UTOAOYLOUOC NS eptmAoxic Ba elvor.

Do xdde Tuhue, N uéon apvntue] Aoyaprduxd mdavotnta yia xdie TURUA ETOTEEPETAL WS AMWAELL UE Baon TNV
yoouuh x@dixa: chunk loss = model(chunk input ids, labels=chunk input ids).loss

8https://huggingface.co/Helsinki-NLP /opus-mt-de-en
9https: //huggingface.co/Helsinki-NLP /opus-mt-it-en
10https:/ /huggingface.co/Helsinki-NLP /opus-mt-ar-en
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1.3. Iewapotxd Mépoc

Yy npocéyyion yag e€eTdloVUE TWE 1 ETAOYT TOU HOVTEAOU, TOU BAUNTOS X0l TOU UAX0US TwY GUUPEAULOUEVLY
ennpedlel Ty axpifeio xan Ty ovaxAno.

1.3 Ileipopotind Meépog

Yy evotntol auTr] TUEOUGCIALOUUE TO AMOTEAECUATO EXTETUUEVODV TELPUUAT®Y Tou Sleloydyoue Yl Ta UT-

onpoPBAfuato MGTD xou AA. T Ty olohdynor Twv anotekeoudtoy Baollopacte ot axohovles UETPIXES:
AxpifBeia (Accuracy), Axpifeia (Precision) o Avdxinon (Recall) tou opiloviar w¢ axohovdwe:

aptdpos 6woToy TEofliédeny

Axpi] A = 1.3.1
kpipea (Accuracy) oLVOAXOC apLldude TpolAédewy ( )
, . YyeTixd delypato TOU avaxohoUVTo
AxkpiBewa (Precision) = - - . v (1.3.2)
Juvohixog aptdude SELYUATWY TOU AVaXUAOUVTOL
b 3 Bel hoU
Avixhnon (Recall) = YETIXG BelyUoTa TOU ovoxahoUvTol (1.3.3)

30OVoNo oYETUDV BELYPATWY

1.3.1 TYroepuitnua A: Movéyilwoor Avadixy) Tagivounon

Yrov Hivaxa 1.6 xou napovcidlovye tar anoTeAECUATA TOU TEOXVOTTOLY AN TNV GUYXELOY| TWV TEOGUOUOYEWY.
Xernotponolooue To Yoviélo roberta-base, urixog axohoutiag 512, pudud pdldnong 2e-5, andoPeon Bdpouc 0.01
xou 8 enoyée exnaidevone (extoc edv avagpépeton dhhog aptdudc). Katahiloye oto evdiogpépov anotéhespo 6Tt
0 ouvtoviouéde npotpomic (prompt tuning) divel oxpifeia oyedév 94% vy prompt_length 50.

ITpocappoyéog xou Y rep- KX\domn 0 KXdom 1 SuvoAiix
TP AURETEOL AxpiBeia
AxpiBeia  AvdxAnorn AxpiBeior  AvdxAinoy
Xwplc adapter config, 6 enoyéc 0.8303 0.812 0.8334 0.8499 0.8319
DoubleSeqBnConfig 0.8964 0.4212 0.6463 0.956 0.7021
SeqBnConfig 0.9336 0.5453 0.7013 0.9649 0.7657
ParBnConfig 0.9056 0.7360 0.7959 0.9307 0.8382
SeqBnInvConfig 0.9363 0.5532 0.7052 0.966 0.77
PrefixTuningConfig ~ (flat=False,  pre- | 0.8504 0.7274 0.7821 0.8843 0.8098
fix_length=10)
PrefixTuningConfig ~ (flat=False, pre- | 0.9042 0.8287 0.8560 0.9206 0.8770
fix_length=50)
PrefixTuningConfig  (flat=False, pre- | 0.8714 0.6157 0.7254 0.9179 0.7744
fix length=100)
PrefixTuningConfig  (flat=False, pre- | 0.8522 0.6214 0.7251 0.9025 0.7691
fix_length=200), 7 enoyéc
LoRAConfig(r=8, alpha=16) 0.9219 0.6256 0.7377 0.9521 0.7971
LoRAConfig(r=8, alpha=16) 0.9219 0.6256 0.7377 0.9521 0.7971
CompacterConfig 0.8880 0.5656 0.7044 0.9355 0.7599
TA3Config ye merge adapter 0.9360 0.7241 0.7929 0.9553 0.8453
TA3Config ywplc merge adapter 0.9420 0.6941 0.7766 0.9614 0.8345
PromptTuningConfig(prompt length=20),| 0.9949 0.7542 0.8177 0.9965 0.8814
7 enoyéc
PromptTuningConfig(prompt _length=>50),| 0.9510 0.9168 0.9271 0.9573 0.9381
7 enoyéc
PromptTuningConfig(prompt length=100)| 0.9916 0.8431 0.8751 0.9936 0.9221
6 enoyéc

Table 1.6: Yrogpminua A: MovoyAwoorn Avadixry Tagivounon. Exnaldevon Hpocopuoyéa
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Y1 ouvéyela, telpapatilOUACTE UE TO XEPEVO 0Py IXOTOINONG TNG TPOTEOTHS CUVTOVIGHOV TROXELUEVOU VoL SOVUE
oV UTOPOUUE VO ETLTUYOUUE 0O XOAUTEQO amOTEAECUATA, TEAL UE TO HOVTENO Toberta-base, yenowwomolcv-
Toc v Swdppworn config = PromptTuningConfig(prompt length=>50, prompt init = "from string",
prompt _init text = Text). Ae domotdveton nepautépn Behtiwon yio to TAfdoc xewéveny Tou doxyldooue

onwe gaiveton otov Iivaxa 1.7.

Keipevo

AxpiBeiar  Avdxinom

KA\don 0

AxpiBeiar  Avdaxinom

K\don 1

JuvoAixA
AxpiBeia

"Question: Is the text generated by human
or machines. The machines used for genera-
tion are davinci-003, ChatGPT, Cohere, Dolly-v2,
BLOOMz and GPT-4. For human-generated text
choose 0, else for machine-generated text choose
1." , olvolo exnaideuonc

0.9631

0.8238

0.8591

0.9715

0.9014

"Question: Is the text generated by human
or machines. The machines used for genera-
tion are davinci-003, ChatGPT, Cohere, Dolly-v2,
BLOOMz and GPT-4. For human-generated text
choose 0, else for machine-generated text choose
1." , obvolo exnaldeuong + cldvolo Boxiunc

0.9931

0.7833

0.8355

0.9951

0.8945

"Question: Is the text generated by human or ma-
chines? For human-generated text choose 0, else
for machine-generated text choose 1.") , cOvolo
exnoldevong

0.9289

0.9078

0.9183

0.9372

0.9232

"Question: Is the text generated by human or ma-
chines? For human-generated text choose 0, else
for machine-generated text choose 1." , clOvolo
exnaddevone + ocOvoho Soxuhc

0.9884

0.8464

0.8771

0.991

0.9224

"For human-generated text choose 0, else for
machine-generated text choose 1." | clUvolo ex-
natdevone

0.9385

0.8409

0.8685

0.9502

0.8983

"For human-generated text choose 0, else for
machine-generated text choose 1." , cOvolo ex-
nafdevone + clvolro doxiung

0.9857

0.7522

0.8155

0.9902

0.8772

"""Question: Is the text generated by human or
language models?

Context: For human-generated text choose 0, else
for machine-generated text choose 1. The lan-
guage models used for generation are davinci-003,
ChatGPT, Cohere, Dolly-v2, BLOOMz and GPT-
4. Machine-generated text tends to be misclassi-
fied as human-generated""", cOvolo exnaldevong

0.9417

0.8456

0.8722

0.9526

0.9018

"""Question: Is the text generated by human or
language models? Context: For human-generated
text choose 0, else for machine-generated text
choose 1. The language models used for genera-
tion are davinci-003, ChatGPT, Cohere, Dolly-v2,
BLOOMz and GPT-4. Machine-generated text
tends to be misclassified as human-generated""",
o0Ovolo exnaldevong

0.9459

0.8712

0.8913

0.9549

0.9152

"Question: Is the text generated by human or
machine? 0: human; 1: machine", cOvohlo ex-
naldevone

0.9353

0.87

0.8895

0.9455

0.9097

Table 1.7: Yroepdinuo A: MovoyAwoon Avadix Tagivounor. Exnaldevon cuvtoviopo
TpoTeomN ¢ UeTABdANOVTAC TO XelPEVO OpyLxoTolinoNg
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1.3. Iewapotxd Mépoc

Ye pat tpoondielal VoL GUVBUAGOUUE TA TOEOTAVG EVLHUATA, XAVUUE EXTEVY] TELOGUATA EXTODEUCTC Y PN OULOTOUDV-
TG oL puIPO pdinomg 2e-5 xou andoPeon Bapoug 0.01. ‘Otav dev dieuxpvileto, 1 exnaldevon fray yio 1 enoyn
xou yenotporoidnxe wévo to clvoro exnaldevong yio tny exnaideuon. Ta yoviéra nou doxpdotnray (oli pe
Toug avtioTolyoug Ypdvoug extaideucne tou amoutoly avé enoyn) eivon to: roberta-base (01:25h), roberta-large
(5:10h), deberta-v3-base (2:15h), deberta-v3-large (7:30h), gpt2 (1:40h) and gpt2-medium (5:40h).

Movtélo Y reprnopdpetpor Class 0 Class 1 SuvoAtxy
axeiBeia
AxpiBeia  AvéxAnon AxpiBeio  Avdxinon
roberta-base max_len =512, bs=16, 0.8499 0.5688 0.6999 0.9092 0.7475
roberta-base max_len=512, bs=16, | 0.9272 0.9385 0.9438 0.9334 0.9358
PromptTuningConfig
(prompt_ length=>50)
roberta-base max_len=>512, bs=16, | 0.9499 0.9111 0.9225 0.9566 0.9350
PromptTuningConfig
(prompt_ length=50), 7
ETOYEC
roberta-base max_len=512, bs=16, | 0.9979 0.7733 0.8297 0.9985 0.8916
8 emoyéc, olvolo ex-
nafdevone  +  obvolo
doxwnic
roberta-base max_len=>512, bs=16, 6 | 0.8151 0.7237 0.7732 0.8516 0.7909
ETOYEC
roberta-base max_len=>512, bs=16, | 0.9950 0.7679 0.8261 0.9965 0.8880
PromptTuningConfig
(prompt_ length=50),
7 enoyéc, olvoho ex-
nafdevone +  obvolo
doxwnic
roberta-base max_ len =256, bs=32 0.9147 0.8215 0.8523 0.9308 0.8789
roberta-base max_len=256, bs=32, 3 | 0.8728 0.8085 0.8376 0.8934 0.8531
ETOYEC
roberta-base max_len=256, bs=32, 7 | 0.8768 0.8641 0.8787 0.8903 0.8778
ETOYEC,
roberta-base max_len =256, bs=16 0.8780 0.8575 0.8738 0.8923 0.8758
roberta-base max_len=256, bs=32, | 0.9228 0.9341 0.9398 0.9294 0.9316
PromptTuningConfig
(prompt_ length=50)
roberta-base max_len=256, bs=16, | 0.9337 0.9267 0.9342 0.9405 0.9340
PromptTuningConfig
(prompt_length=50), 7
enoyéc
roberta-base max_len =128, bs=16 0.8702 0.8496 0.8669 0.8854 0.8684
roberta-base max_len =128, bs=32 0.9063 0.8754 0.8907 0.9182 0.8979
roberta-base max_ len =128, bs=64 0.8917 0.8697 0.8848 0.9046 0.8880
roberta-base max_len=128, bs=32, 7 | 0.9000 0.8172 0.8474 0.9179 0.8701
EMOYEC
roberta-base max_len =64, bs=128 0.8997 0.6419 0.7429 0.9353 0.7960
roberta-large max_len =512, bs=4 0.6618 0.2504 0.5662 0.8843 0.5833
roberta-large max_len =256, bs=16 0.8778 0.8061 0.8368 0.8986 0.8547
roberta-large max_ len=256, bs=32, | 0.8784 0.7435 0.7964 0.9069 0.8293
PromptTuningConfig
(prompt_length=>50)
roberta-large max_len =128, bs=32 0.9133 0.8380 0.8637 0.9281 0.8853
roberta-large max_len =64, bs=64 0.8750 0.6731 0.7555 0.9131 0.7991
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deberta-v3-base max_len =1024, bs=8, | 0.994 0.4991 0.6877 0.9973 0.7607
peft

deberta-v3-base max_len =1024, bs=4 0.9536 0.3419 0.6234 0.9849 0.6797

deberta-v3-base max_len =1024, bs=4, | 0.9854 0.4285 0.6581 0.9943 0.7256
peft

deberta-v3-base max_len =512, bs=8 0.8402 0.7303 0.7820 0.8744 0.8060

deberta-v3-base max_len =512, bs=8, | 0.9903 0.3144 0.6167 0.9972 0.6730
peft

deberta-v3-large max_len =512, bs=4, | 0.9292 0.1541 0.5641 0.9894 0.5928
peft

gpt2 max_len =1024, bs=4 0.8 0.7151 0.765 0.8384 0.7798

gpt2 max_len =512, bs=16, | 0.8627 0.4473 0.6519 0.9357 0.7038
peft (c_attn, ¢_proj)

gpt2 max_len =512, bs=8 0.8234 0.7769 0.8081 0.8493 0.8149

gpt2 max_len =512, bs=4 0.8268 0.7148 0.7703 0.8646 0.7935

gpt2 max_len =512, bs=2 0.8203 0.7555 0.7937 0.8504 0.8054

gpt2 max_ len =256, bs=16 0.8863 0.8198 0.8475 0.9049 0.8645

gpt2 max_len=256, bs=16, | 0.7255 0.8013 0.8016 0.7259 0.7617
PromptTuningConfig
(prompt_length=>50)

gpt2 max_len =128, bs=64 0.8919 0.7577 0.8072 0.917 0.8414

gpt2 max_len =128, bs=32 0.9028 0.7421 0.7992 0.9278 0.8396

gpt2-medium max_len =1024, bs=1, 0.7947 0.7128 0.7625 0.8335 0.7762

gpt2-medium max_len =512, bs=4, | 0.872 0.6532 0.7445 0.9133 0.7898
peft(c_attn, ¢_proj)

gpt2-medium max_len =512, bs=4 0.8064 0.6257 0.7186 0.8641 0.7510

gpt2-medium max_len =512, bs=2, | 0.7804 0.4352 0.6352 0.8893 0.6737
peft(c_attn, ¢_proj)

Table 1.8: Yroepwinua A: Movéyiwoorn Avadixry Tagivounon. Exnaideuon

'Onwe nopatnpobue otov Iivaxa 1.10, 1 axpiBelo Twv govtéAny dev audveton Tépo amd TNV T TOU ETUTUY Y AVE-
Ton xatd TNy 1n emoyn. Enlong ol peyahitepec exddoelg dev anodidouy xahbtepa anoteAéopato eEantiog xo Tou
Teploptopévou dladéotuou LALxol. Muo %ok Tonctix| Qadveton vo ebvan 1) pelwor tou urxoug oxohoudiag oe 128,
pLoe ohAary) mou Blvel xahbTepal amoTeAéoUaTa O oNUavTIXG Alydtepo ypdvo. H axpifeia mou emtuyydveton ei-
vou YOpw oto 0.9. H mpotpony| cuvtoviopol gaiveton va diver pior oxpifeio yopw oto 0.94 pe pio poévo enoyn
exmaldevong.

1.3.2 TYroepohtnua A: IToAbyAwoor Avadixy) Tagivounon

Ye autd To onuelo dlegdyope TEWAUATA Yol TNV AVTIUETOTLOT XEWEVWY BLopope XY amd Tar AyyAwd. ‘Onwg
Topatneolue and tov mivaxa 1.9 6t to xlm-roberta-base €yer peydhn oxpifeia yio o Teppovind (0.8714), ta
Itouxd (0.8305) xon tor ApaPixd (0.8716) eved alioonueieta yaunif yio to Ayyhxd (0.7059). And v dAin,
10 roberta-base éyel udmhotepn anddoon yio Tor AyyAxd (0.7899) oddd mohD younhh Yo Tic SAAe YAdooEC.
Enopévwe, ta povtéha autd meénel va cuVBLACTOOY TROXEWEVOL VoL €Youpe LPNAGTeEn axp(fela ol tar AyyAxd
XE(UEVOL ATOTEAOVY TO UEYUAUTEQO U€ROC TOU GUVOAOU AELONGYNOTC.

H petdgpaon twv ToAIYAOCOWY XEWEVKDY xaL 1) xeYion Tou roberta-base yia ta petagpacuéva xefuevo de divel
xoAd amoteréopata. H ypron yhwoooy tpocapuoyémy xat tpocoppoyéwy epyactiag enlong de golveton va €xel
xdmolo. GUUBOAY.

1.3.3 TYroepwtnua B

Do Oha o melpdpata extaldevone ypnoporomaoope puU6 padnone 2e-5, uéyedog noptidag 16 xou urxog oxolou-
Vloc 512 (extdc dpa dieuxprvileton dlopopetind)

26



1.3. Iewapotxd Mépoc

I'oooa K\dor 0 K\dom 1
AxpiBeia Avdxinon AxpiBeia Avdxinon
xlm-roberta-base, 4 eroyéc, toAVYAwcco cOvoro exnaildevone xow ToOAVYAwooco ocOvoho a&LoAdynone
Avyyhixd 1 0.3718 0.6440 1
leppovixd 0.9857 0.7557 0.8019 0.9890
Ttohixd 1 0.6608 0.7468 1
Apoafxd 0.9959 0.7333 0.8045 0.9973
roberta-base, 4 enoyég, ToOAOYAwWoco cOVOAO exnaUdevong o TOAVYAwScso cUvolo a&lordéynoneg
Avyyhxd 0.9999 0.5512 0.7169 0.9999
Depuovixd 0.2850 0.0183 0.4929 0.9540
Ttohixd 1 0.4554 0.6475 1
Apofuxd 0.1143 0.008 0.5116 0.9437
roberta-base, 5 enoxég, LOVOYA®SSO GUVOANO EXTIABELCYG Ko LETAPEACUEVO TOAVYAWSco cOVolo a&loldynoneg
Avyhxd 0.8193 0.7978 0.8261 0.8451
Depuovixd 0.9249 0.558 0.6836 0.9547
Ttohuixd 0.9989 0.6236 0.7265 0.9993
Apafxd 0.8965 0.026 0.5299 0.9973
xlm-roberta-base, 4 enoyég, toAVyYAwococo cOvoro exnaidsvong (pe xo Yweic la) toAdyAwooco cbvolo agitoréynong (la)
Avyyhxd 1 0.3827 0.648 1
Teppovixd 0.9816 0.728 0.7839 0.9863
Troud 1 0.8136 0.8430 1
Apofuxd 0.9957 0.6903 0.78 0.9973
xlm-roberta-base, 5 eroyxéc, povéyAwooco cOvoro exnaidesvone (la) xow ToAOYAwoco cUvolo agiordynoneg (la)
AvyyAxd 0.928 0.4081 0.6511 0.9721
Feppovind 0.9941 0.2807 0.5813 0.9983
Ttohixd 1 0.3856 0.6195 1
Apafind 0.9966 0.2927 0.6086 0.9991
xlm-roberta-base, 5 enoyxég, toAbOyAwooco cOvoro exnaidesvong (latta) xou moAbdyAwooco test (latta)
Avyyhua 0.9658 0.5198 0.6995 0.9838
Ieppovixd 0.9735 0.6233 0.7230 0.9830
Ttohixd 0.9990 0.9444 0.9473 0.9990
Apoafixd 0.9816 0.4256 0.6555 0.9927
xmod-base, 3 enoyéc, toAVYAwcco ocOvoho exnaidevone (la) xou ToAVyYAwooco cOvolo agltordéynoneg (la), bs=8
Avyyhd 0.9996 0.3687 0.6428 0.9999
Depuovixd 0.6946 0.9986 0.9976 0.5611
Troud 0.9955 0.8749 0.8884 0.9961
Apofuxd 0.8834 0.3786 0.6284 0.9546

Table 1.9: Yrogpdtnua A: IToAOyAwoor Avadixr TaZivounor. I'hwoowol tpocapuoyeic xou
TPOGUPUOYELS epyooiog
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KX\dom 0 KX\dom 1 K\dor 2 KX\don 3 KX\dom 4 KX\dorn 5 | Tuvoluxy
axpifeia
P R P R P R P R P R P R
roberta-base, 5 enoyég, npocalinomn (A + B cOvola dedopévmv) ‘
0.9986 0.939 | 0.6529 1 [ 0.9923 0.6503] 0.7450 0.701 | 0.9539 0.9993] 0.9951 0.8797 | 0.8615

roberta-base, 5 enoyég, npocadinon (A + B ocbvola dedopévmv), yweic Bden ‘

0.9975 0.8133] 0.6929 0.9993] 0.9936 0.728 | 0.7199 0.7163] 0.9740 0.9983 | 0.8585 0.8497 [ 0.8508

roberta-base, 1 emoy? ‘

0.9995 0.6893] 0.6388 1.0 | 0.9896 0.6013] 0.5761 0.5877| 0.7980 0.9993] 0.9803 0.848 [ 0.7876

roberta-base, 8 enoyég ‘

0.9996 0.9203] 0.7041 0.9993] 0.9966 0.6896 | 0.6707 0.7123] 0.9715 0.9997 | 0.9852 0.864 [ 0.8642

roberta-base, 8 etoyxég, max len=256, bs=32 ‘

1 0.8407] 05399 1 [ 0.9910 0.9517] 0.8396 0.3436] 0.9022 0.999 | 0.9570 0.7943] 0.8215

roberta-base, 5 enoyéc ‘

0.9996 0.872 | 0.713 1 | 0989 0.633 | 0.664 0.715 | 0.9196 0.9993] 0.9692 0.8923 ] 0.8519

roberta-base, 8 enoyég ‘

0.9996 0.9203] 0.7041 0.9993] 0.9966 0.6896 | 0.6707 0.7123] 0.9715 0.9997 | 0.9852 0.864 [ 0.8642

roberta-base, 8 emroy€c on 20,000 instances ‘

0.9995 0.6777] 0.6647 0.9997] 0.9977 0.437 | 0.5357 0.6783] 0.8562 0.998 | 0.8590 0.8143[ 0.7675

roberta-base, 1 emoy” on 20,000 instances ‘

0.9957 0.5407]| 0.5770 0.9963] 0.9733 0.073 | 0.3604 0.5337] 0.7912 0.9943 | 0.7963 0.731 [ 0.6448

llama-2-7B, max length =128, bs=8, peft, 1 emroy” on 20,000 instances ‘

01667 1 |0 0o Jo 0o Jo o Jo o Jo 0 01667

roberta-base, PromptTuningConfig(prompt length=50), 8 enoyéc ‘

0.9363 0.191 | 0.4964 0.9647] 0 0 | 0.5025 0.759 | 0.5548 0.9787] 0.9850 0.549 | 0.5737

roberta-base, PromptTuningConfig(prompt length=100), 8 enoyxég ‘

0.9751 0.248 | 0.4487 0.964 | 0.025 0.0007| 0.5223 0.6917| 0.5730 0.9867| 0.9847 0.5163 ] 0.5679

roberta-base, PromptTuningConfig(prompt length=50), 1 emox® ‘

0.9115 0.0927] 0.2637 0.9737] 0.1925 0.036 | 0.1524 0.046 | 0.4318 0.666 | 0.5736 0.1 | 0.3191

deberta-v3-base, max len=1024, 4 enoyéc, bs=4 ‘

1 0.4207] 0.4526 0.9997] 0.25  0.0083] 0.7758 0.7807] 0.9977 0.9993] 0.6083 0.8087] 0.6696

Table 1.10: Yrospwinua B: MovéyAwoon Avadixr Tadivounor . Ytatiotuxd dedouéva ylo o
olvoho Exnofdevone/Aoxyric/Agohbéynong
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H mpdtn 8o fitay 1 enadEnomn tou unogpwthipatog B pe detypota and to unogpdtnua A. Autd duwe de xatolfyel
oe xolUtepa anoteléopata. ‘Evoag Adyoc yio autd elvon 6Tl 1) enadEnon npoxodel avicoopotia 6To GUVOAO Be-
dopévwy tou B, 1 onola avicoopornio de gatvetan var avtio toduileton e v yeron Bapdv. Xe enduevo nelpayo
N xeron tev Bapdv gaiveton va cuvelo@épel xatd wévo 0.01 yio v axpifeia. O mpocopuoyéas cuvtovio-
pol mou Biver 0.94 oxpiBeta yia To uTogpdTNUA A, QOIVETOL VoL ATOTUYYAVEL YIol TO TLO SUGKONO UTOEPOTNUAL
B, auté g anddoone ocuyypagéa. Enlong, nelpopatiloUaoTe Vo YeNOWOTOOOUPE Eva UEYUADTERO LOVTENO
meta-llama/Llama-2-7b, to onolo tehixd divel moA) xoxd anoteréopota 6tav exnaudedetar ot 20,000 deiyyporta.
Yuyxpluxd, to roberta-base divel wa axpifeto YOpw oto 0.8 dtav exnawdedeton o wévo 20,000 Selyporta xon 1

enoyN.

Téhoe, Soxudooaye vo petoatpédouye To unoep®tNnue B 610 unogpdtnua A yio va enwgekndoldue tne peyding
axpifelac mov emTUYOHE OE QUTO TELY. LUy YWVELoOUE TIC xAdoelc 1 ewe b oe pla ohhd To anmotéheoua Aoy
N TOAD xaxt| avéxknom yio TRV xAdon 0, oaxduo yewpdtepn xou amd dtav €xoude xou T 6 xhdoec. Auth
Yo enidooT pmopel T vor amododel GTo YEYOVOS OTL QUTYH 1) GUYXOVEVGT) XAACEWY Xt Td AL TO Vol
exnaldevone ur toopponnuévo. To anoteréopata goaivovton xar otov nivoxa 1.10

1.3.4 IIepinhoxdtnTo

INo tov unohoYLoud NG TERITAOXOTNTAG, DoXIdoauE Vo ywpicouue TNV axolovdio elc6d0L oe xouudTio (oo ue
10 Wixoc BAuatog xau yenoonoioope we todtvountés to dévtpa anogdoewy Light GBM [34] o XGBoost
[56]. Aoxpdoope enione vo cuVBLACOUUE SLaPOPETIXG LOVTERX Xau BLopopeTixd Wixog Brinatog xou SloThuatog
oLUPEAlOUEVWLV.

1.3.5 Yroepwtnua A

Xenowonotfiooe to model = LGBMClassifier(max _depth=3, objective="binary’) xoat model2 = XGBClas-
sifier(max_depth=3, learning rate=0.2, n_ estimators=40, objective="binary:hinge") petd and wio yeipw-
VOXTIXT] SOXUT) UTERTOROUETRWY, APTVOVTIS TIC TEQICOOTERES TOROUETPOUS OTIC TPOTEWVOUEVES TWES TOUG.

Movztéro (BApa/MAxog Tuppealopévwy) KXdom 0 KXdom 1 Suvoiix
AxpiBeia
AxpiBeia Avédxinon AxpiBeia AvdxAinoy
gpt2 (1024) 0.7480 0.9072 0.8961 0.7238 0.8109
gpt2 (512) 0.7648 0.9074 0.8993 0.7477 0.8235
gpt2-x1 (1024) 0.7762 0.9449 0.9380 0.7537 0.8445
gpt2-x1 (512) 0.7819 0.9508 0.9447 0.7603 0.8507
gpt2-x1 (256) 0.7866 0.9649 0.9601 0.7634 0.8591
gpt2-x1 (128) 0.8084 0.9564 0.9527 0.7951 0.8717
gpt2-x1 (64) 0.7934 0.9491 0.9441 0.7766 0.8585
gpt2-x1 (256,/1024) 0.7795 0.9470 0.9405 0.7578 0.8476
gpt2-x1 (256) + gpt2-x1 (128) 0.7926 0.9638 0.9593 0.7719 0.8630
gpt2 (512) + gpt2-x1 (512) 0.7770 0.9505 0.9439 0.7534 0.8470
gpt2-x1 (128,/256) 0.7657 0.9375 0.9291 0.7406 0.8341
gpt-neox-20b (1024) 0.6558 0.9904 0.9838 0.5301 0.7486
Llama-2-7b-hf (1024) 0.7221 0.9949 0.9930 0.6539 0.8158
roberta-base (512) 0.7062 0.9869 0.9815 0.6289 0.7989
roberta-large (512) 0.6438 0.9921 0.9860 0.5038 0.7356
dolly-v2-12b (512) 0.7321 0.9978 0.9971 0.6698 0.8256
dolly-v2-12b (1024) 0.7192 0.9978 0.9969 0.6479 0.8140
dolly-v2-12b (1024) + dolly-v2-12b (512) 0.7303 0.9978 0.9971 0.6668 0.8240
dolly-v2-12b (512) + gpt2-x1 (512) 0.7824 0.9877 0.9854 0.7516 0.8637
gpt-neox-20b (1024) + gpt2-xl (1024) 0.7783  0.9422 00354  0.7574 0.8451
Llama-2-7b-hf (1024) + gpt2-x1(1024) 0.7639 0.9231 0.9143 0.7422 0.8281
gpt2-x1 (1024) + roberta-base (512) 0.7564 0.9701 0.9637 0.7176 0.8375
gpt2-x1 (1024) + gpt2(1024) 0.7673 0.9458 0.9379 0.7407 0.8381
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gpt-neox-20b (1024) + gpt2-x1 (1024) + dolly-v2-12b (1024) 0.8214  0.9850 0.9835  0.8064 0.8912
gpt-neox-20b (1024) + gpt2-xl (1024) + dolly-v2-12b (1024) + | 0.8062  0.9336 0.9815  0.7863 0.8800
Llama-2-7b-hf (1024)

gpt-neox-20b (1024) + gpt2-xl (512) + dolly-v2-12b (512) 0.8468  0.0844 09835  0.839 0.9080
gpt-neox-20b (1024) + gpt2-xl (128) + dolly-v2-12b (512) 0.8417  0.9894 0.9886  0.8318 0.9066
Llama-2-7b-hf (1024) | gpt2-x1(1024) + dolly-v2-12b (1024) | 0.7501  0.9827 09783  0.704 0.8363

Table 1.11: Yrospwinua A: Movéyhwoorn Avadixr Tagivounon. Light GBM Tolivountic ya

OXOp TEPLTAOXOTNTAC

Movtéro KAdon 0 KAidon 1 Suvoiixn
axpiBeia
AxpiBeia AvdxinofixpiBeio AvaxAnen

gpt2 (1024) 0.7547 0.9017 0.8922 0.7351 0.8142
gpt2 (512) 0.7656 0.9069 0.8990 0.7489 0.8239
gpt2-x1 (1024) 0.8149 0.9182 0.9165 0.8115 0.8622
gpt2-x1 (512) 0.7863 0.9486 0.9429 0.7669 0.8532
gpt2-x1 (256) 0.8121 0.9522 0.9488 0.8009 0.8727
gpt2-x1 (128) 0.8068 0.9570 0.9533 0.7928 0.8708
gpt2-x1 (64) 0.7922 0.9496 0.9445 0.7748 0.8578
gpt2-x1 (256,/1024) 0.7943 0.9392 0.9342 0.7801 0.8557
gpt2-x1 (128/256) 0.7764 0.9309 0.9239 0.7576 0.8399
gpt2-x1 (256) + gpt2-x1 (128) 0.8123 0.9527 0.9494 0.8009 0.8730
gpt-neox-20b (1024) 0.6613 0.9894 0.9827 0.5421 0.7545
Llama-2-7b-hf (1024) 0.7596 0.9905 0.9881 0.7167 0.8467
roberta-base (512) 0.7138 0.9851 0.9795 0.643 0.8054
roberta-large (512) 0.6469 0.9919 0.9858 0.5105 0.7391
dolly-v2-12b (512) 0.7326 0.9978 0.9970 0.6708 0.8260
dolly-v2-12b (1024) 0.7212 0.9977 0.9968 0.6513 0.8157
dolly-v2-12b (512) + gpt2-x1(512) 0.7953 0.9876 0.9857 0.7702 0.8734
gpt-neox-20b (1024) + gpt2-x1 (1024) 0.7871 0.9373 0.9315 0.7708 0.8499
Llama-2-7b-hf (1024) + gpt2-x1 (1024) 0.8143 0.9182 0.9164 0.8107 0.8618
gpt2-x1 (1024) + roberta-base (512) 0.8006 0.9487 0.9443 0.7863 0.8634
gpt2-x1 (1024) + gpt2 (1024) 0.7592 0.9523 0.9440 0.727 0.8340
gpt-neox-20b (1024) + gpt2-x1 (1024) + dolly-v2-12b (1024) 0.7897 0.9876 0.9856 0.7623 0.8693
gpt-neox-20b (1024) + gpt2-x1 (512) + dolly-v2-12b (512) 0.8205 0.9864 0.9850 0.8049 0.8911
gpt-neox-20b (1024) + gpt2-x1 (128) + dolly-v2-12b (512) 0.8234 0.9882 0.9870 0.8084 0.8938
gpt-neox-20b (1024) + gpt2-x1 (1024) + dolly-v2-12b (1024) + | 0.7815  0.9880 | 0.9857  0.7503 | 0.8632
Llama-2-7b-hf (1024)

Llama-2-7b-hf (1024) + gpt2-x1 (1024) + dolly-v2-12b (1024) 0.7688 0.9874 0.9847 0.7316 0.8531

Table 1.12: Yrocpwtnua A: MovoyAwoorn Avadixry Tagivounorn. XGBoost Tofivounthc yia

OX0p TMEQLTAOXOTNTAS

Iopatneolue, xohdtepa anoteréouato 6TAV YENOWOTOWVUE UixpOTERO W0 PBriuatog yior Tol dloo TAUAT..
Enlong, ta yovtéla gpt2-x1 and dolly-v2-12b divouv 1o xoAlTeEQ AMOTEAEGUAT W HOVTERA YEVVATEIES TWV
xewévov. O ouvduoouds mou divel pior oxpifela médve and 0.9 elvon twv poviéhwy EleutherAl/gpt-neox-20b
(512) + Gpt2XL(512) + dolly-v2-12b (512). To XGBoost diver Tor xaAOTEPR AMOTEAECUATO EXTOC OIS TNV
xoAUTERT) TepinTwoN.

1.3.6 Yroepwtnua B

Xpnowonofjooye model = LGBMClassifier(max_depth=3, n_estimators=10, objective="multiclass’,
num_ class=6) xou model2 = XGBClassifier(max depth=3, learning rate=0.2, objective="multi:softmax",
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num_ class=6) petd omd wo yeipevoxtixy) doxiu UTERTOPUUETEWY, APRVOVTAS TIC TEPIOCOTEPES TOPAUETEOUS
OTIC TPOTEWVOUEVES THIES TOUC.

KAdon 0 KXdon 1 KAidon 2 Khdon 3 KAidon 4 KAdon 5 Suvohuxn
oaxeiBela

P R P R P R P R P R P R
bloomz-560m (512)

0.7586  0.7657 | 0.3414  0.8077 | 0.0627 0.0213 [ 0.1780 0.2673 | 0.5821  0.2707 | 0.1709  0.0543 [ 0.3645
bloomz-560m (1024)

0.6728  0.7943 | 0.3490 0.8387 | 0.0434 0.0123 | 0.1667 0.2643 | 0.5940 0.139 | 0.1631  0.051 | 0.3499
bloom-560m (512)

0.5799  0.8967 | 0.3265 0.8077 | 0.0728 0.027 | 0.1684 0271 |0 0 It 0 | 0.3337
bloomz-7b1l (512)

0.7752  0.9103 | 0.3763  0.8103 [ 0.0817  0.0223 [ 0.2088  0.4137 | 0.5581  0.2307 | 0 0 | 0.3979

bloomz-560m (512) + bloomz-7bl (512)
0.6659  0.8377 | 0.3591 0.8033 | 0.0822  0.0247 | 0.2258  0.3767 | 0.5913 0.082 | 0.1417  0.0563 | 0.3634
gpt2 (1024)
0.9546  0.4693 | 0.3097 0.8587 | 0.0523 0.015 | 0.1526  0.2043 | 0.4247  0.4237 | 0.2714  0.0307 | 0.3336
gpt2-x1 (512)
0.9663 0.554 | 0.3349  0.8703 | 0.0649  0.0147 | 0.1898  0.2687 | 0.4119  0.4887 | 0 0 | 0.3661
gpt2 (1024) 4 gpt2-x1 (512)

0.9202  0.7577 | 0.3382  0.8687 | 0.0630  0.015 | 0.2123  0.3167 | 0.5817  0.4817 | 0.6536  0.0333 | 0.4122
dolly-v2-3b (512)

05623 0.761 | 0.4212 0.8567 | 0.0528 0.01 [ 0.2442 0.5193 [ 0.2362 0.07 | 0 0 | 0.3695
dolly-v2-12b (1024)

0.3797  0.4093 | 0.3110 0.738 | 0.0224  0.0063 | 0.4003  0.4893 | 0.1902  0.1343 | 0.4625  0.1563 | 0.3223

dolly-v2-3b (512) + dolly-v2-12b (1024)
0.6546  0.5863 | 0.4377 0.85 | 0.0596 0.0133 | 0.3585 0.4933 | 0.4563 0.332 | 0.9677 0.808 | 0.5138
Mistral-7B-v0.1 (1024)

0.7331  0.6127 | 0.3198  0.7003 | 0.0538  0.0197 [ 0.2697 0.3577 | 0.3286  0.3983 | 0.2676 0.019 [ 0.3513
llama3-8B (1024)

0.9029  0.6293 | 0.3704 0.824 | 0.0768 0.0183 | 0.2684  0.4053 | 0.1321  0.1203 | 0.3384  0.1417 | 0.3565

gpt2-x1 (512) + dolly-v2-12b (1024)
0.7873  0.5947 | 0.4037 0.868 | 0.0628 0.015 | 0.3499  0.5047 | 0.4992  0.4077 | 0.9687  0.578 | 0.4947
gpt2 (1024) + gpt2-xl (512) + dolly-v2-3b (512) + dolly-v2-12b (1024)
0.8557  0.6087 | 0.4450 0.8573 | 0.0667 0.014 | 0.3644  0.5467 | 0.5710  0.476 | 0.9670  0.791 | 0.5489
gpt2 (1024) 4 gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) 4+ bloomz-7b1l
0.8142 0.593 | 0.4350 0.8673 | 0.0711  0.0153 | 0.3573 0.521 | 0.5581  0.4533 | 0.9709  0.7903 | 0.5401
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gpt2 (1024) 4 gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + bloomz-7b1l + bloomz-560m
0.7087 0.57 | 0.4537 0.859 | 0.0541 0.0117 [ 0.3659 0.5463 | 0.5221  0.418 | 0.9769  0.7747 [ 0.5299

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + llama38b (1024)
0.8586  0.5647 | 0.4505 0.9107 | 0.0766 0.0123 [ 0.4449 0.603 | 0.5489 0.4883 | 0.9905 0.906 | 0.5808

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024)
0.8678  0.6017 [ 0.4584 0.929 [ 0.0519  0.0093 | 0.4783  0.6363 | 0.5864 0.5113 | 0.9948  0.8933 | 0.5968

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024) + llama38b (1C
0.8712  0.5707 | 0.4666 0.9273 | 0.0486  0.0093 | 0.4779  0.6567 | 0.5696 0.517 | 0.9962  0.8807 | 0.5936

Table 1.13: Yroepwinua B: Aviyvevon I'evvAterag. Light GBM Tolivoptic yia oxop

TEQLTAOXOTNTOG
KXdon 0 KXdon 1 KXdon 2 KXdon 3 K\don 4 K\don 5 Yuvorixy
axpiBela
P R P R P R P R P R P R

bloomz-560m (512)
0.6690 0.828 | 0.3446 0.808 | 0.0642 0.021 | 0.2028 0.2187 | 0.5762  0.0983 | 0.2117  0.178 | 0.3587

bloomz-560m (1024)
0.6658  0.7923 | 0.3701  0.8183 | 0.0457 0.0123 | 0.2008  0.2833 | 0.5831 0.131 | 0.2034  0.141 | 0.3631

bloom-560m (512)
0.5379  0.802 | 0.3468 0.7997 [ 0.065  0.0217 | 0.2045 0.2633 | 0.1615 0.0207 | 0.2004  0.091 | 0.3331

bloomz-7bl (512)
07207 0915 [ 0.3768 0.825 [ 0.0827 0.0213 | 0.2305 0.318 | 0.4882 0.0827 | 0.2589 0.19 | 0.392

bloomz-560m (512) + bloomz-7b1l (512)
0.7963  0.753 | 0.3913  0.827 | 0.0654 0.0177 | 0.2912  0.4533 | 0.8322  0.3687 | 0.2081  0.1397 | 0.4266

gpt2 (1024)
0.9661 0.3797 | 0.3284 0.845 [ 0.0462 0.0123 [ 0.1691 0.2237 | 0.3927  0.3573 | 0.2001  0.107 [ 0.3208

gpt2-x1 (512)
0.9685 0.5433 | 0.3621  0.8387 | 0.0735 0.0176 | 0.1963 0.319 | 0.4039 0.414 | 0.2507 0.0583 [ 0.3652

gpt2 (1024) + gpt2-xl (512)
08675 0.74 [ 0.3996 0.8317 [ 0.0854 0.0223 | 0.2641  0.493 | 0.6576  0.3227 | 0.2886  0.129 | 0.4231

dolly-v2-3b (512)
0.5484  0.7403 | 0.4020 0.842 | 0.0574 0.0133 | 0.2406  0.4417 | 0.1565 0.0447 | 0.2360  0.0477 | 0.3549

dolly-v2-12b (1024)
0.3475  0.373 | 0.3250 0.8163 | 0.0216  0.0057 | 0.4 0.488 | 0.1807 0.1113 | 0.3568 0.113 | 0.3179

dolly-v2-3b (512) + dolly-v2-12b (1024)
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0.7524  0.6837 | 0.4418 0.851 | 0.0901 0.0147 | 0.3748 0.489 | 0.5977 0.4423 | 0.9666 0.926 | 0.5679

Mistral-7B-v0.1 (1024)
0.6456  0.6007 | 0.3372  0.704 | 0.0521 0.0187 | 0.2773  0.435 | 0.2685  0.2003 | 0.3164  0.0977 | 0.3427

llama3-8B (1024)
0.9230  0.5753 | 0.3625 0.8093 | 0.0830  0.0217 | 0.2559  0.4277 | 0.1290  0.1113 | 0.3627  0.1263 | 0.3453

gpt2-x1 (512) + dolly-v2-12b (1024)
0.8025 0.5147 | 0.4012 0.874 [ 0.0802 0.0173 | 0.3757 0.542 | 0.4766  0.4493 | 0.9482 0.549 | 0.4911

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024)
0.8519 0.621 | 0.4626 0.8817 [ 0.1952 0.038 [ 0.3960 0.5937 | 0.6340 0.4653 | 0.9666 0.906 | 0.5843

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) 4 bloomz-7bl
0.8798  0.576 [ 0.4665 0.8747 [ 0.1607 0.033 | 0.4024  0.607 | 0.5980 0.489 | 0.9592  0.9007 | 0.5801

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + bloomz-7b1l + bloomz-560m
0.8891  0.5957 | 0.4694 0.878 | 0.1095 0.018 | 0.4318 0.6267 | 0.6877 0.61 | 0.9526  0.9113 | 0.6066

gpt2 (1024) 4+ gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + llama38b (1024)
0.7990  0.6123 | 0.4697 0.9287 [ 0.0932  0.0123 | 0.5553  0.7017 | 0.6543  0.5477 | 0.9668  0.9893 | 0.632

gpt2 (1024) 4 gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024)
0.8247  0.6337 | 0.4911  0.9593 | 0.0905 0.014 [ 0.5484 0.7483 | 0.7041 0.5323 | 0.9824  0.9853 | 0.6455

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024) + llama38b (1C
0.7879  0.4967 | 0.4915 0.9607 | 0.1030  0.016 | 0.5611  0.7503 | 0.6212  0.5537 | 0.9580  0.9877 | 0.6275

Table 1.14: Yrospwinua B: Aviyvevorn FevvAtelac. Talvountic XGBoost yia oxop
TEQLTAOXOTNTOG

Iopatnpobye 6t to o dGoxolo autd npoPfinua odnyel o younhdtepee e axpifeloc apob yenotuonololue
HOVO 3 amd TIC YEVWATPLES oL yenotdomotfinxay Yo Ty TapaywyY Twv xelévewy. To xdplo cuunépacua elvon
OTL 6TV YPNOLLOTOLOVUE TAUTOYPOVA SLPORETIXS HEYEDT TOU (Blou LoVTENOU YEVVHTELYL, EYOVUE HEYEAN adEnom
ota eyédn axpiPelac xon avdxdnone tne avtiotoryne tédne (gpt2-x1 (512), gpt-2 (1024), dolly-v2-3b (512),
dolly-v2-12b (1024), bloomz-7b xot bloomz-560m).

1.4 Xvunepdopota

Ye auth ) pehétn, dedyape pat oelpd and extevh mewpdpata Yo o epwthpata MGTD xou AA. Aoxwdooye di-
QUPOPETIXES UPYLTEXTOVIXEC TPOCUPHOYEWY UE TO HovTéNo roberta-base yio var Solue nwg emnpedletan 1 axplBela
petoBdriovtag Tov oprdud emoywy xan Uixog axoroudiog Bloxpltixwy. Ia v mohdyAwoor nepintwor, Si-
QMO TWOOHE WS TO HOVOYAwooo roberta-base €yel xahbtepn enidoorn and to nollyAwoco xlm-roberta-base
ota AyyAid xelpeva, mou anoteAolv XL To HEYUAUTERO TUNHA TOU cuvoAou a&lohdynone. Emyeiprooue enlong
VO UETOPEACOUME Tol XeUEVa xohdS Xl Vo YENOWOTOLACOUUE YAWOOLXOUS TROCURUOYEIC XaL TEOGUQUOYES Ep-
vootag. Téhog, emPBeBardoope TKC 1) UETEIXY TNG TEPLTAOXOTNTAS UTOREL VoL AmOTEAECEL Wit EVOANoXTIXT uédodo
emPrenduevne udinone. H ypron evoc uixpdtepou Briuatog dlaywpelopod g axoroudiog el6O80U Yo TOUS UT-
ohoYlopoUg TNE TeptmAoxoTnTag 0dnYel o xaAUtepa anoteAéopata. Enlong, o unoloyiopude neptmAoxdtntog Ye
o govtéha yevvntewdv Bloomz, GPT-2 xou Dolly tautdypova od¥iynoe oe xoAbtepa anoteAéopATL.

Khelvovtac auth ) bt Yo Béhaue va mpotelvoupe pepinée xateudivoelg yia tepantépw PBeAtiwon authg
e epyaoiog mou {owe eunveloouY xan Yol EVOLUPEROVTES dlapopeTinéc Tpooeyyioes. Apyxd, Yo uropoloe
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va Blpeuvniel 1 TapdAANAN YeNon CTUMOTIXWY OTOLYEWY, UETPXNAG TEQLTAOXOTNTAS Xol EXTULBEVONS TPOEX-
TUSEVUEVWY YAWOOXOY HOVTEAWY Gt éval evialo cUotnua. ‘Ocov a@opd TNy eXTalBEUOY) YAWGOIXOY LOVTEAGY
X0l TpooupUoYEwyY, elvan 1 duvath 1 aflomolnor uedodwy ensembling yia éva xaAlteEpo TEMNUS OmOTEAEGUAL
Io v mepintwon g YeTeixAC TEQLTAOXOTNTAS, EMEWDY] O UTOAOYLOUOC UE IWBLWTXE HoVTERX Bev elvol eQIXTOC,
yeewdletan 1 mpooEyylon e péow evog mopaniiolou peyédoug mou Yo utoloyileton pe Bdon ta mopaydueva
xelpeva xou ywele npdofaocn otig nopauétpous. Xe xdie mepintwon, 1 doxiur) LLMs yeydhng xhipoxog Yo €xet
Hovo vonua av eupedolv ol xatdAinhol utohoyioTixol mépot.
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Chapter 2

Introduction

The proliferation of Large Language Models (LLMs) has led to a significant increase in the volume of machine-
generated text (MGT) across a wide range of domains. This rise has sparked concerns regarding the potential
for misuse in fields such as journalism, education, academia, etc (Uchendu et al., 2023 [3], Crothers et al., 2023
[22]. Moreover, it poses challenges to maintaining information integrity and ensuring accurate information
dissemination. As such, the ability to accurately distinguish between human-written content and machine-
generated content has become paramount for identifying potential misuse (Jawaharetal et al., 2020 [23], Stiff
and Johansson, 2022 [53], Macko et al., 2023 [17]).

In response to these challenges, SemEval2024 is introducing a shared task (Task 8) that focuses on the
detection of machine-generated text across multiple generators, domains, and languages. It is providing
large-scale evaluation datasets for three subtasks with the primary goals of fostering extensive research in
MGT detection, advancing the development of automated systems for detecting MGT, and reducing instances
of misuse:

Subtask A: Human vs. Machine Classification. The goal of this subtask is to accurately classify a text
as either produced by a human or generated by a machine. This is the basic, but one of the most common
use-cases of MGTD systems for preventing the misuse of LLMs. This task is divided into two tracks: (i)
The monolingual track, which focuses solely on English texts; and (ii) The multilingual track, which involves
texts in a variety of languages, thereby expanding the diversity and complexity beyond existing benchmarks.

Subtask B: Multi-Way Generator Detection. This task aims to pinpoint the exact source of a text,
i.e., determine whether it originated from a human or a specific LLM (GPT-3, GPT-3.5, GPT-4, Cohere,
DALL-E, or BLOOMz). Determining a particular LLM that potentially generated the given text is important
from several perspectives: it can help to narrow down the set of LLMs for more sensitive white-box detection
techniques or in cases where the generated material is harmful, misleading, or illegal, it might be useful for
addressing ethical concerns and legal obligations.

Subtask C: Changing Point Detection. The goal of this subtask is to precisely identify the exact
boundary (changing point) within a text at which the authorship transitions from a human to machine
happens. The texts begin with human-written content, which at some point is automatically continued by
LLMs (GPT and LlaMA series). The percentage of the human-written section varies from 0 to 50 percent.
This task takes into account the fact that in many malignant use-cases of LLMs, the part of the text might
be written by a human and a part might be generated by a machine. It is hard to classify a text as machine-
generated if a big chunk is actually human-written. This is a way to obscure the usage of LLM, and the
formulation of Subtask C addresses this challenge.

In this thesis, a comprehensive range of implementations for Machine-Generated Text Detection (MGTD) is
presented, addressing subtasks A and B of the competition. Several experiments were undertaken for each
of the proposed methods, resulting in comprehensive contributions to this intriguing task:

e We fine-tuned pre-trained Language Models (PLMs), examining how hyper-parameters can affect per-
formance for the problems of MGTD and AA.
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e We experimented on adapter tuning and specifically prompt tuning, achieving competitive results.

e For the multilingual task of MGTD, we attempted to detect the source language of the texts and
translate them. We also found if language and task adapters can lead to further improvements

e Lastly, We calculated fixed-sequence length perplexity using multiple PLMs and measured its effective-
ness as a metric for the subtasks of MGTD and AA
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3.1 Large Language Models - LLMs

A language model is a probabilistic model of a natural language. Large language models (LLMs), currently
their most advanced form, combine larger datasets, feed-forward neural networks and transformers.

3.1.1 N-gram models

The first methodology for language modeling was n-grams models. These are purely statistical models and
are based on the assumption that the probability of the next word in a sequence depends only on a fixed
size window of previous words. A bigram model considers one word, a trigram two, and in general a n-gram
considers n-1 previous words.

Hence, the probability P(ws,...,w,) of observing the word sequence wq,...,w, can be approximated (ac-
cording to n-grams models assumption) by the probability of observing it in the shortened context window
of the previous n-1 words (n-th order Markov property):

P(wl, cee ,wn) = HP(wi|w1, cee ,wi_l) ~ HP(wi|wif(n71)a ce ,wi_l) (3.1.1)

The conditional probability for each word and its previous context can be calculated from n-gram model

frequency counts:
count(W;—(n—1y,- -, Wi—1,W;)

P(wilwi—(n-1), ..., wi-1) = (3.1.2)

count(W; — (n—1y,- -, Wi—1)
The estimation of these probabilities constitutes the training of an n-gram model. In some cases, the language
model is estimated with a specific fixed vocabulary. As a result, an issue that arises is how the out-of-
vocabulary (OOV) words will be handled. One of the approaches to this, is to ignore the OOV words, in
which case the n-gram probabilities are smoothed over all the words in the vocabulary even if they were not
observed. One other approach is to represent all OOV words with a special token (e.g. <unk>).

3.1.2 Neural models

N-gram models were superseded by neural networks. A neural network (also artificial neural network
(ANN) or neural net (NN) ) is a model inspired by the structure and function of biological neural
networks. The two broad types of ANNs are the uni-directional Feedforward Neural Networks (FFNs) and
the Recurrent Neural Networks (RNNs).

Deep learning is the subset of machine learning based on neural networks with representation learning.
The ’deep’ refers to the use of multiple layers in the network. A hierarchy of layers is used to transform input
data into a slightly more abstract representation. Most deep learning models are based on multi-layered
neural networks such as convolutional neural networks and transformers.

Feedfoward neural networks (FNNSs) have a uni-directional flow of information from input nodes to
output nodes, without any cycles or loops. They process data in a sequential manner (i.e. one word at a
time) but lack the ability to maintain any past context. Additionally, they necessitate for a fixed length of
the input sequence length depending on the number of input neurons.

Recurrent neural networks (RNNs) [39] have a bi-directional flow. They analyze input sequences
sequentially but they predict the subsequent word by considering the current word and the previous hidden
state. The hidden state can in principle represent information about all of the previous words all the way
back to the begging of the sequence. Consequently, RNNs do not face the limited context problem observed
in n-gram models and FNNs. Furthermore, they can process a sequence of varying length in contrast to
FNNs.

The RNNs have an infinite impulse response and they can be conceptualized as directed acyclic graphs
that can be unrolled and replaced with a FNN. This architecture allowed for the capture of contextual
information and inter-word dependencies, representing a significant improvement over conventional word
embeddings. However, early RNNs encountered difficulties in modelling long-range dependencies due to the
vanishing gradient problem. To address this problem, later extensions such as Long short-term memory
(LSTM), Gated Recurrent Unit (GRU) etc have been proposed.
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3.1.3 Transformers

A transformer is a deep learning architecture developed by Google scientists and presented in the 2017
paper "Attention is all you need" [58]. The transformers architecture [58] replaced sequential processing with
a self-attention mechanism, enabling words to interact directly regardless of their proximity in the text. More
specifically, at each layer, each token is contextualized within the scope of the context window with other
(unmasked) tokens via a parallel multi-head attention mechanism allowing the signal for key tokens to be
amplified and less important tokens to be diminished. This innovation facilitated the ability of transformers
to more efficiently capture extensive dependencies compared to conventional approaches and RNNs. The
lack of recurrent units also requires less training and has therefore been adopted for training LLMs on large
datasets. The attention mechanism simulates how human attention works by assigning varying levels of
importance to different words in a sentence. For each word, soft weights are calculated for its numerical
representation (embedding) within a specific context window. Soft weights can adapt and change with each
use of the model. The correlation of words are captured in neuronal weights either from self-supervised
pretraining or supervised fine-tuning.

The Transformer architecture is summarised below:
1. Tokenizer

The tokenizer converts text into tokens (returns input ids and attention mask). Tokens are used
instead of words to account for polysemy. The input ids are often the only required parameters to be
passed to the model as input. They are token indices, numerical representations of tokens building the
sequences that will be used as input by the model. Each tokenizer works differently but the underlying
mechanism remains the same. The tokenizer takes care of splitting the sequence into tokens available in
the tokenizer vocabulary. The tokens are either words or subwords. To indicate the tokens of subwords
are not separate words but parts of the same word, a double-hash prefix may be used. These tokens
are then converted into ids which are understandable by the model. The tokenizer returns a dictionary
with all the arguments necessary for its corresponding model to work properly. The token indices are
under the key input_ids. The tokens can be decoded back to words.

The attention mask indicates to the model which tokens should be attended to, and which should
not. For example, when a sequence needs to be padded up to a specified length, the list of ids will
be extended with padding indices and the attention mask will serve as a binary tensor indicating the
position of the padded indices so that the model does not attend to them.

2. Embedding layer

The embedding layer converts tokens and positions of the tokens into vector representations. Word
representations or embeddings are real-valued vectors that encode the meaning of the word in a way
that words closer in the vector space are semantically more similar. The positional encodings are
fixed-size vector representations that encapsulate the relative positions of tokens.

3. Encoder
The encoder consists of a stack of identical layers. Each layer has two sub-layers:
e Multi-Head Self-Attention

This sub-layer computes a weighted sum of embeddings, allowing each word to focus on different
parts of the input sequence. Therefore, the encoder is bidirectional. Attention can be placed on
tokens before and after the current token. Multiple attention heads run in parallel, capturing
different relationships between words.

e Position-wise Feed-Forward Neural Network

After the attention mechanism, each token’s representation is passed through a position-wise
feed-forward neural network. This introduces non-linearity and further refines the token represen-
tations.

Residual connections[residual-connections], followed by layer-normalization[layer-normalization]|
are employed around each of the sub-layer.
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4. Decoder

The decoder also consists of a stack of identical layers, each containing three sub-layers:

o Masked Multi-Head Self-Attention

This sub-layer acts similar to the corresponding encoder’s sub-layer, but with a mask applied to
prevent attending to future positions during training. Attention cannot be placed on future tokens
and this allow for autoregressive text generation

e Multi-Head Encoder-Decoder Attention

This sub-layer focuses on the encoded input sequence, allowing the decoder to consider the relevant
parts of the input during sequence generation.

e Position-wise Feed-Forward Neural Network

Similar to the encoder, this sub-layer follows the attention mechanisms.

As with the encoder, residual connections are used around each sub-layer, followed by layer-
normalization.

5. Output Generation

The output of the final decoder layer is transformed into probability distributions over the output
vocabulary using a linear transformation followed by a softmax activation. Throughout the training
process, the model is fed with a word sequence as input to predict the subsequent word.

Several architectural variations of the Transformer have been proposed since it was first introduced by [58].
The masking pattern used on the inputs, which acts as contextual information for the model to generate a
prediction, is a key distinction between these systems. In large language language models, the terminology
is somewhat different than the terminology used in the original Transformer paper:

e Encoder-Decoder (full encoder, autoregressive decoder)

As previously indicated and originally proposed, the Transformer consisted of two stacks (Fig. 3.1.1):
the encoder and the decoder. The encoder processes the input sequence and generates context-rich
representations, which are used by the decoder to generate the output sequence step by step. Notable
pretrained language models using an encoder-decoder architecture include BART [bart| and T5 [t5].
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Figure 3.1.1: The Transformer - model architecture. The original Transformer follows this overall
architecture using stacked self-attention and point-wise, fully connected layers for both the encoder and
decoder, shown in the left and right halves of figure respectively[58]

e Decoder-Only (auto-regressive encoder, auto-regressive decoder)

While the encoder-decoder design serves as the foundational variation of the Transformer model, con-
temporary LLMs predominately employ a decoder-only architecture. These models have the capability
to train as a conventional language model, wherein they learn to predict the next token in a given
sequence. Decoder-only models lack the ability to process or represent the input sequence and out-
put sequence separately. All tokens are treated equally during processing, and conditioning is only
dependent on prior tokens due to the causal masking pattern, implying that the representation of
any conditioning text is intrinsically weaker. However, this produces a simpler architecture that is
well-suited to a standard auto-regressive next-step-prediction pre-training objective. Notably, this ar-
chitecture is the foundation of the GPT series of models [gpt3, 45] as well as numerous other recent
LLMs |[bloom, palm, lamdal].

¢ Encoder-Only (full encoder, full decoder)

As an aside, there is an additional prevalent architectural variant that employs only a Transformer
encoder layer stack. This model architecture serves as the foundation for the ubiquitous BERT [bert]
and its derivatives.

Overall, Transformers have revolutionised the field of NLP due to their capacity to efficiently manage se-
quential data, enabling parallelization and capturing long-range dependencies in texts. Using the attention
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mechanism to establish dependencies between input and output data, demonstrate that there is no require-
ment for convolutions or recurrent units to achieve state-of-the-art performance in linguistic tasks.

3.1.4 Large Language Models (LLMs)

LLMs are advanced computational models with vast parameter sizes and notable for their learning capabili-
ties. They acquire these abilities by pre-training on large unstructured text corpora in a self-supervised and
semi-supervised process. All modern LLMs are now built on Transformer architecture [58|, which eschews
recurrence and instead relying entirely on an attention mechanism to draw global dependencies between input
and output. LLMs can be used for text generation by taking an input text and repeatedly predicting the
next token or word. The largest and most capable LLMs are built with a decoder-only transformer-based
architecture.

Pre-training is a crucial phase in the construction of LLMs, wherein the model undergoes training on an
extensive, unlabeled dataset through the process of self-supervision. The selection of a pre-training objective
can have a substantial influence on the subsequent applicability of the LLM. In this section, we provide an
overview of the fundamental concepts behind the prevalent token-level pre-training objectives that have been
extensively studied and documented in academic literature.

e Masked Language Modeling (MLM) was proposed by [bert]. Encoder-only models are commonly
pre-trained with a masked language modeling objective. In the input text, either individual tokens or
sequences of tokens are substituted with a designated mask token. The model is then trained to predict
the omitted tokens.

e Causal Language Modeling (CLM) is used to train auto-regressive models, like encoder-decoder
or decoder-only models, by predicting the next token given a prior sequence. This process enforces a
causal relationship, where the model only attends to tokens that come before the predicted token in
the sequence.

e Next Sentence Prediction (NSP) attempts to predict whether a given pair of sentences is con-
secutive or not. This objective mainly serves as a supplementary task in the pre-training phase of
encoder-only models and facilitates the model’s acquisition of sentence associations.

Pre-training LLMs on textual corpora embeds substantial factual knowledge in their parameters, which is
essential for excelling in various downstream applications. These models often require further alignment
to desired behaviors, typically achieved through supervised fine-tuning on instruction-following tasks and
preference learning from human feedback.

With the wide success of pre-trained large language models, a range of techniques has arisen to adapt these
general-purpose models to downstream tasks. ELMo (Peters et al., 2018) [38] proposed freezing the pre-
trained model and learning a task-specific weighting of its per-layer representations. However, since GPT
(Radford et al., 2018) [5] and BERT (Devlin et al., 2019) [26], the dominant adaptation technique has been
model tuning (or “fine-tuning”), where all model parameters are tuned during adaptation, as proposed by
Howard and Ruder (2018) [24].

More recently, Brown et al. (2020) [57] showed that prompt design (or “priming”) is surprisingly effective
at modulating a frozen GPT-3 model’s behavior through text prompts. Prompt engineering is the process
of structuring an instruction that can be interpreted and understood by a generative AI model. A prompt
can be a query, a command or a longer statement containing context, instructions and conversation history.
A prompt may include a few examples for the model to learn from, an approach called few-shot learning.
Prompt engineering is enabled by in-context learning, defined as a model’s ability to temporarily learn from
prompts. This ability is an emergent ability of large language models such that its efficacy increases at a
greater rate in larger models than in smaller models. An example of the significance of this emergent ability
is found in chain-of-thought prompting (which improves after 62B). In contrast to training and fine-tuning
which are not temporary, what has been learnt during in-context learning is of a temporary nature.

The practice of “freezing” pre-trained models is appealing, especially as model size continues to increase.
Rather than requiring a separate copy of the model for each downstream task, a single generalist model
can simultaneously serve many different tasks. Unfortunately, prompt-based adaptation has several key
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drawbacks. Task description is error-prone and requires human involvement, and the effectiveness of a
prompt is limited by how much conditioning text can fit into the model’s input. As a result, downstream
task quality still lags far behind that of tuned models. For instance, GPT-3 175B fewshot performance on
SuperGLUE is 17.5 points below fine-tuned T5-XXL (Raffel et al., 2020) [14] (71.8 vs. 89.3) despite using
16 times more parameters.

While prompt design involves selecting prompt tokens from a fixed vocabulary of frozen embeddings, prompt
tuning can be thought of as using a fixed prompt of special tokens, where only the embeddings of these prompt
tokens can be updated. Unlike the discrete text prompts used by GPT-3, soft prompts are learned through
back-propagation. Prompt tuning is a further simplification for adapting language models. Lester et al.,
2021 [11] freeze the entire pre-trained model and only allow an additional k tunable tokens per downstream
task to be prepended to the input text. This “soft prompt” is trained end-to-end and can condense the signal
from a full labeled dataset, allowing to outperform few-shot prompts and close the quality gap with model
tuning. Prompt tuning alone (with no intermediate-layer prefixes or task-specific output layers) is sufficient
to be competitive with model tuning. At the same time, since a single pre-trained model is recycled for all
downstream tasks, we retain the efficient serving benefits of frozen models.

Normally, prompting is done by prepending a series of tokens, P, to the input X, such that the model
maximizes the likelihood of the correct Y , Pry(Y|[P; X]), while keeping the model parameters, 9, fixed.
In GPT-3, the representations of the prompt tokens, P = p1,ps, ..., p,, are part of the model’s embedding
table, parameterized by the frozen ¥. Finding an optimal prompt thus requires the selection of prompt
tokens, through either manual search or non-differentiable search methods (Jiang et al., 2020 [64]; Shin et
al., 2020 [54]). Prompt tuning removes the restriction that the prompt P be parameterized by 9; instead the
prompt has its own dedicated parameters, fp , that can be updated. While prompt design involves selecting
prompt tokens from a fixed vocabulary of frozen embeddings, prompt tuning can be thought of as using a
fixed prompt of special tokens, where only the embeddings of these prompt tokens can be updated. Our new
conditional generation is now Prg.op(Y|[P; X]) and can be trained by maximizing the likelihood of Y via
back=propagation, while only applying gradient updates to 8p. There are many possible ways to initialize
the prompt representations. The simplest is to train from scratch, using random initialization. A more
sophisticated option is to initialize each prompt token to an embedding drawn from the model’s vocabulary.
Conceptually, our soft-prompt modulates the frozen network’s behavior in the same way as text preceding the
input, so it follows that a word-like representation might serve as a good initialization spot. For classification
tasks, a third option is to initialize the prompt with embeddings that enumerate the output classes, similar
to the “verbalizers” of Schick and Schiitze (2021) [49]. Since we want the model to produce these tokens in
the output, initializing the prompt with the embeddings of the valid target tokens should prime the model
to restrict its output to the legal output classes.

Pre-trained 1
Model Tuning Model 1 Prompt Tuning
(11B params) 1
al e N : Mixed-task
TaskA 32 | TaskAModel | , Batch
Batch (11B params) | AT a
) cl c1 | Pre-trained
b1 ( y 1 B Bl b Model
TaskB [—] | TaskBModel | 1 a2 (11B params)
Batch (11B params) | 1
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Figure 3.1.2: Prompt Tuning [prompt-tuning|
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3.2 Machine-Genrated Text Detection - MGTD

Detecting machine-generated text is primarily formulated as a binary classification task (Zellers et al., 2019
[47], Gehrmannetal et al., 2019a [50], Solaiman et al., 2019 [25], Ippolito et al., 2019 [16]), naively distin-
guishing between human-written and machine-generated text. In general, there are two main approaches:
the supervised methods (Wang et al., 2024a[63], Wang et al., 2024b[62], Uchendu et al., 2021 [4], Zellers et
al., 2019 [47], Zhong et al., 2020 [59], Liu et al., 2022 [60]) and the unsupervised ones, such as zero-shot
methods (Solaiman et al., 2019 [25], Ippolito et al., 2019 [16], Mitchell et al., 2023 [20], Su et al., 2023 [28],
Hans et al., 2024 [1]). While supervised approaches yield relatively better results, they are susceptible to
overfitting (Mitchell et al., 2023 [20], Su et al., 2023 [28]). Meanwhile, unsupervised methods may require
unrealistic white-box access to the generator. Detect-GPT [20], which uses only log probabilities computed
by the GPT-3 [57] model and random perturbations of the passage from T5 [15], is found to be the more
discriminative zero-shot method. Background information on each subtask, respectively is provided below.

3.2.1 Subtask A: Mono-lingual and Multi-lingual Binary Classification

Given the prevalence of the binary classification task, various benchmarks assess model performance in both
mono-lingual and multi-lingual settings. HC3 (Gu et al., 2023 [9]) compares ChatGPT-generated text with
human-written text in English and Chinese, utilizing logistic regression models trained on GLTR Test-2
features (Gehrmannetal et al., 2019a [50]) and RoBERTa (Liu et al., 2019 [61])-based classifiers for detection.
GLTR assumes that most models sample from the top of the language distribution of the model, so it
performs tests by calculating probabilities and their rank as well as the entropy of the given text as a whole.
Benchmark results by Wang et al., 2024b [62] include evaluations of several supervised detectors, such as
RoBERTa (Liu et al., 2019 [61]), XLM-R (Conneau et al., 2019 [6]), logistic regression classifier with GLTR
features (Gehrmannetal et al., 2019b [51]), and stylistic features (e.g., stylometry (Li et al., 2014 [27]), NELA
(Horne et al., 2014 [8]) features). Macko et al., 2023 [17] create a similar resource called MULTITuDE for 11
languages in the news domain and conduct an extensive evaluation of various baselines. The SemEval2024
workshop extends the previous works by providing evaluation setup for multiple domains, multiple languages,
and for state-of-the-art LLMs, including ChatGPT and GPT-4.

3.2.2 Subtask B: Multi-Way Generator Detection

Multi-way generator detection, attributing texts not just to their machine-generated nature but also to specific
generators, resembles authorship attribution. Existing detection tools typically rely on access to LLMs and
can only differentiate between machine-generated and human-authored text, failing to meet the requirements
of fine-grained tracing, intermediary judgment, and rapid detection. Munir et al., 2021 [52] find that texts
from language models (LMs) have distinguishable features for source attribution. Uchendu et al., 2020 [2]
addresses three authorship attribution problems:

1. determining if two texts share the same origin,
2. discerning whether a text is machine or human-generated, and
3. identifying the language model responsible for text generation.

Approaches like GPT-who by Venkatraman et al. (2023) [48] employ UID-based features to capture unique
signatures of each language model and human author, while Rivera Soto et al. (2024) [46] leverages represen-
tations of writing styles. LLMDet [32] can source text from specific LLMs, such as GPT-2, OPT, LLaMA,
and others, by calculating proxy perplexity using next-token probabilities of salient n-grams.

3.2.3 Subtask C: Change Point Detection

Change point detection, which is closely tied to authorship obfuscation (Macko et al., 2024 [18]), extends
beyond binary/multi-class classification to an adversarial co-authorship setting involving both humans and
machines (Dugan et al., 2023 [37]). Machine-generated text detection methods are vulnerable to authorship
obfuscation attacks such as paraphrasing (Crothers et al., 2022[21]; Krishna et al., 2023[31]; Shi et al., 2023
[65]; Koike et al., 2023) [40], back-translation, and change point detection. Related to Subtask C, (Gao et
al.,2024 [12]) introduces a dataset with mixed machine and human-written texts using operations such as
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polish, complete (Xie et al., 2023 [66]), rewrite (Shu et al.,2023 [35]), humanize (adding natural noise (Wang
et al.,2021 [10])), and adapt (Gero et al., 2022 [33]). Kumarage et al. (2023) [55] uses stylometric signals to
quantify changes in tweets and detect when Al starts generating tweets. Different to our task, they focus on
human-to-Al author changes within a given Twitter timeline.
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Chapter 4

Approach

In this section, we describe a wide range of experiments we undertook for MGTD and AA. Firstly, we highlight
the main contributions of this thesis, and then we present the dataset and provide an in-depth explanation
of the implemented approaches.
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4.1 Contributions

The contributions of this dissertation are multiple and can be summarized as follows:

e We fine-tuned pre-trained language models (PLMs) examining which hyperparameters contribute the
most to the maximization of the accuracy for the subtasks of MGTD and AA.

e We experimented on adapter tuning and specifically prompt tuning (it yielded the best results among
adapters), achieving competitive results, better than those of fine-tuning at a fraction of time and
computational cost.

e For the multilingual task, we attempted to use detection and translation models for the multilingual
texts and also tested the application of language and task adapters.

e Additionally, we calculated fixed-sequence length perplexity using multiple PLMs and measured its
effectiveness as a metric for our task.

4.2 Dataset

Below we describe the datasets and evaluation metrics for all subtask tracks, including the size, domains,
generators, and language distribution across training, development, and test splits.

4.2.1 Subtask A: Monolingual Track

Data: Table 4.1 presents statistics across generators, domains, and splits. The training set encompasses
domains such as Wikipedia, WikiHow, Reddit, arXiv, and PeerRead, comprising a total of 56,400 machine-
generated and 63,351 human-written texts. BLOOMz is utilized as an unseen generator in the development
set, which contains 2,500 machine-generated and 2,500 human-written texts. For the test set, OUTFOX is
introduced as the surprising domain, and GPT-4 serves as the surprising generator, with a dataset of 18,000
machine-generated and 16,272 human-written texts. Metrics: Accuracy is used to evaluate detectors.

Split  Source davinci-003 ChatGPT Cohere Dolly-v2 BLOOMz GPT-4 Machine Human
Wikipedia 3,000 2,995 2,336 2,702 - - 11,033 14,497
Wikihow 3,000 3,000 3,000 3,000 - - 12,000 15,499

Train Reddit 3,000 3,000 3,000 3,000 - - 12,000 15,500
arXiv 2,999 3,000 3,000 3,000 - - 11,999 15,498
PeerRead 2,344 2,344 2,342 2,344 - - 9,374 2,357
Wikipedia | - - - - 500 - 500 500
Wikihow - - - - 500 - 500 500

Dev Reddit - - - - 500 - 500 500
arXiv - - - - 500 - 500 500
PeerRead - - - - 500 - 500 500

Test  Outfox 3,000 3,000 3,000 3,000 3,000 3,000 18,000 16,272

Table 4.1: Subtask A: Monolingual Binary Classification. Data statistics over Train/Dev/Test splits

4.2.2 Subtask A: Multilingual Track

Data: Table 4.2 presents the dataset statistics. The training set encompasses texts in English, Chinese,
Urdu, Bulgarian, and Indonesian, totaling 76,863 machine-generated and 80,994 human-written texts. The
development set includes Arabic (sourced from Wikipedia), Russian, and German (sourced from Wikipedia),
each contributing 2,000 texts from both machine-generated and human-written sources. In the test set, Italian
is introduced as the unexpected language, with OUTFOX and News serving as new domains for English,
Arabic, and German texts. This set comprises 22,100 machine-generated and 20,200 human-written texts.
Metrics: Accuracy is used to evaluate detectors.
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Split Language davinci-003 ChatGPT LlaMa2 Jais Other Machine Human
English 11,999 11,995 - - 35,036 59,030 62,994
Chinese 2,964 2,970 - - - 5,934 6,000
Train  Urdu - 2,899 - - - 2,899 3,000
Bulgarian 3,000 3,000 - - - 6,000 6,000
Indonesian - 3,000 - - - 3,000 3,000
Russian 500 500 - - - 1,000 1,000
Dev Arabic - 500 - - - 500 500
German - 500 - - - 500 500
English 3,000 3,000 - - 9,000 15,000 13,200
Test Arabic - 1,000 - 100 - 1,100 1,000
German - 3,000 - - - 3,000 3,000
Italian - - 3,000 - - 3,000 3,000

Table 4.2: Subtask A: Multilingual Binary Classification. Data statistics over Train/Dev/Test splits
(Others generators are Cohere, Dolly-v2 and BLOOMz)

4.2.3 Subtask B

Data: In Table 4.3, we incorporate texts from five generators (davinci-003, ChatGPT, Cohere, Dolly-v2, and
BLOOMz) alongside human-written texts. The development set features texts from the PeerRead domain,
while the test set introduces OUTFOX (specifically, student essays) as the unexpected domain. Metrics:
Accuracy is used to evaluate detectors.

Split Source davinci-003 ChatGPT Cohere Dolly-v2 BLOOMz Human
Wikipedia 3,000 2,995 2,336 2,702 2,999 3,000

Train Wikihow 3,000 3,000 3,000 3,000 3,000 2,995
Reddit 3,000 3,000 3,000 3,000 2,999 3,000
arXiv 2,999 3,000 3,000 3,000 3,000 2,998

Dev PeerRead 500 500 500 500 500 500

Test Outfox 3,000 3,000 3,000 3,000 3,000 3,000

Table 4.3: Subtask B: Multi-Way Generator Detection. Data statistics over Train/Dev/Test splits

4.2.4 Subtask C

Data: The training and development sets for subtask C are PeerRead ChatGPT generations, with 5,349 and
505 examples respectively (first row of Table 4), and the test set is the combination of the test column of Table
4, totaling 11,123 examples. Metrics: The Mean Absolute Error (MAE) is used to evaluate the performance
of the boundary detection model. It measures the average absolute difference between the predicted position
index and the actual changing point.
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Domain Generator Train Dev Test Total
ChatGPT 3,649 (232) 505 (23) 1,522 (89) 5,676 (344)
LlaMA-2-7TB* 3,649 (5) 505 (0) 1,035 (1) 5,189 (6)
PeerRead LlaMA-2-7B 3,649 (227) 505 (24) 1,522 (67) 5,676 (318)
LlaMA-2-13B 3,649 (192) 505 (24) 1,522 (84) 5,676 (300)
LlaMA-2-70B 3,649 (240) 505 (21) 1,522 (88) 5,676 (349)
GPT-4 - - 1,000 (10) 1,000 (10)
LlaMA-2-7TB - - 1,000 (8) 1,000 (8)
Outfox LlaMA-2-13B ; - 1,000 (5) 1,000 (5)
LlaMA-2-70B - - 1,000 (19) 1,000 (19)
Total all 18,245 2,525 11,123 31,893

Table 4.4: Subtask C: Change Point Detection. We use generators GPT and LLaMA-2 series over
domains of academic paper review (PeerRead) and student essay (OUTFOX). The number in “()” is the

number of examples purely generated by LLMs, i.e., human and machine boundary index=0.
LLaMA-2-7TB* and LLaMA-2-7B used different prompts.
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4.3 Method

We followed various approaches to investigate the MGTD tasks from several different perspectives. More
specifically, we tried adapter-tuning, fine-tuning and calculation of perplexity metric. The calculation of
the perplexity metric is another approach specific to the task at hand. For all experiments we made use of
Kaggle’s free Nvidia Tesla P100 GPU. The other GPU option Kaggle offers is Nvidia Tesla T4 GPU.

GPU Model | Architecture CUDA Cores Memory
P100 Pascal 3,584 16GB of HBM2 memory
T4 Turing 2,560 16 GB of GDDR6 memory

Table 4.5: Comparison of P100 and T4 NVIDIA Tesla GPUs

In all the following approaches we addressed the machine-generated text detection as a classification problem.

4.3.1 Fine-tuning

We performed fine-tuning using AutoModelForSequenceClassification class for loading the Transformers. This
method adds a linear output layers of dimensions in_features x (out features = number of classes). The
hyperparameters we varied are the epochs of fine-tuning, the maximum sequence length and the batch size.
The maximum sequence length is the token length of the input ids that the model accepts as input. The
RoBERTa models have a maximum sequence length of 512 (can be used with a predetermined sequence
length of up to 512). The DeBERTa-V3 models do not have a predetermined maximum sequence length.
The GPT-2 models have a maximum sequence length of 1024. For all the experiments, we used a learning
rate=2e-5 and weight decay = 0.01. We also chose to customize the loss function so as to incorporate weights
in the Cross Entropy Loss.

. -1
p(i) = > wiyilog(pi ) (4.3.1)
i€N jeC
The weights for each class i are calculated according to the following formula

#samples

P = . - 4.3.2
v #samples _in_class_1 - #classes ( )

The Pretrained Language Models (PLMs) employed in our experiments are reported bellow:
e FacebookAl/roberta-base !
e FacebookAl /roberta-large 2
e microsoft /deberta-v3-base 3
e microsoft /deberta-v3-large 4
e openai-community/gpt2 °
e openai-community /gpt2-medium ©

We also provide a comparison of them in the table 4.6, useful for making our hyperparameter choices,

Lhttps://huggingface.co/FacebookAl /roberta-base
2https://huggingface.co/FacebookAl /roberta-large
Shttps: //huggingface.co/microsoft /deberta-v3-base
“https://huggingface.co/microsoft /deberta-v3-large
Shttps:/ /huggingface.co/openai-community /gpt2
Shttps://huggingface.co/openai-community /gpt2-medium
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Model Parameters Downloads in | Training time in
June 2024 hours per epoch per
100,000 samples for

max_length—512

FacebookAl /roberta-base 125M 9,387,342 01:25

FacebookAl /roberta-large 355M 10,043,550 5:10

microsoft /deberta-v3-base 184M (86M backbone + 98M Em- | 10,043,550 2:15
bedding layer)

microsoft /deberta-v3-large 435M (304M backbone + 131M | 1,370,872 7:30
Embedding layer)

openai-community /gpt2 137M 6,820,036 01:40

openai-community /gpt2-medium 355M 249,991 05:40

Table 4.6: Comparison of RoOBERTa, DeBERTa-V3 and GPT-2 model variations of Hugging Face repository

DeBERTa (Decoding-enhanced BERT with disentangled attention) [41] improves the BERT [26] and
RoBERTa [61] models using two novel techniques. The first is the disentangled attention mechanism, where
each word is represented using two vectors that encode its content and position, respectively, and the atten-
tion weights among words are computed using disentangled matrices on their contents and relative positions,
respectively. Second, an enhanced mask decoder is used to incorporate absolute positions in the decoding
layer to predict the masked tokens in model pre-training.

Like BERT, DeBERTa is pre-trained using masked language modelling (MLM). MLM is a fill-in-the-blank
task, where a model is taught to use the words surrounding a mask token to predict what the masked
word should be. DeBERTa uses the content and position information of the context words for MLM. The
disentangled attention mechanism already considers the contents and relative positions of the context words,
but not the absolute positions of these words, which in many cases are crucial for the prediction.

DeBERTa-V3 [42] improves the original DeBERTa model by replacing masked language modelling (MLM)
with replaced token detection (RTD), a more sample-efficient pre-training task.

GPT-2 is a transformers model pretrained on a very large corpus of English data in a self-supervised fashion.
This means it was pretrained on the raw texts only, with no humans labelling them in any way (which is
why it can use lots of publicly available data) with an automatic process to generate inputs and labels from
those texts.

4.3.2 Adapter Tuning

The adapter library, as introduced by Poth et al., 2023 [13], offers modularity through composition in the
use of parameter-efficient methods, enabling the design of complex adapter setups. Each module employed
capture a specific functionality of the model, such as task or language capacities.

We performed adapter tuning by using AutoModelForSequenceClassification for the base model so as to
retain the classification head the model inherits from this class. We added and trained the adapters by using
the methods add _adapter and train_adapter of the adapters module. We tested the adapter architectures by
tuning FacebookAlI/roberta-base model for 6-8 epochs. This is the baseline model proposed by SemEval2024
Workshop organizers as well. The choice of this model for the comparison of the adapters can be justified by
the fact that it is a lightweight model that performs very well on the task, as will be shown next.

Let the parameters of a language model be composed of a set of pre-trained parameters © (frozen) and a set
of parameters ® (where ® can either be newly introduced or ® C ©). During fine-tuning, adapter methods
optimize only ® according to a loss function L on a dataset D:

Ox +— argmingL(D;©, D) (4.3.3)

The adapter architectures we tested ” are reported bellow:

Thttps://docs.adapterhub.ml/methods.html
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¢ Bottleneck Adapters

Bottleneck Adapters introduce bottleneck feed-forward layers in each layer of a Transformer model.
Generally, these adapter layers consist of a down-projection matrix Wy,,n that projects the layer
hidden states into a lower dimension dpottieneck, @ non-linearity f, an up-projection W,,, that projects
back into the original hidden layer dimension and a residual connection r:

h < Wup : f(Wdown . h) +r (434)
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Figure 4.3.1: Visualization of possible adapter configurations with corresponding dictionary keys

Depending on the concrete adapter configuration, these layers can be introduced at different loca-
tions within a Transformer block. Further, residual connections, layer norms, activation functions and
bottleneck sizes ,etc., can be configured. The most important configuration hyperparameter to be high-
lighted here is the bottleneck dimension. In adapters, this bottleneck dimension is specified indirectly
via the reduction factor attribute of a configuration. This reduction factor defines the ratio between
a model’s layer hidden dimension and the bottleneck dimension, i.e.:

d s
reduction__ factor = _“hidden (4.3.5)
bottleneck

Adapters comes with pre-defined configurations for some bottleneck adapter architectures proposed in
literature:

— DoubleSeqgBnConfig, as proposed by Houlsby et al. (2019) places adapter layers after both the
multi-head attention and feed-forward block in each Transformer layer.

— SeqBnConfig, as proposed by Pfeiffer et al. (2020) places an adapter layer only after the feed-
forward block in each Transformer layer.
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— ParBnConfig, as proposed by He et al. (2021) places adapter layers in parallel to the original
Transformer layers.

e Language Adapters - Invertible Adapters

The MAD-X setup (Pfeiffer et al., 2020) [29] proposes language adapters to learn language-specific
transformations. After being trained on a language modeling task, a language adapter can be stacked
before a task adapter for training on a downstream task. To perform zero-shot cross-lingual transfer,
one language adapter can simply be replaced by another. In terms of architecture, language adapters
are largely similar to regular bottleneck adapters, except for an additional invertible adapter layer after
the LM embedding layer. Embedding outputs are passed through this invertible adapter in the forward
direction before entering the first Transformer layer and in the inverse direction after leaving the last
Transformer layer. Invertible adapter architectures are further detailed in Pfeiffer et al. (2020) [29] and
can be configured via the inv__adapter attribute of the BnConfig class.

e Prefix-Tuning

Prefix Tuning (Li and Liang, 2021) [36] introduces new parameters in the multi-head attention blocks in
each Transformer layer. More specifically, it prepends trainable prefix vectors P¥ and P" to the keys
and values of the attention head input, each of a configurable prefix length (prefix length attribute):

head; = Attention(QWS, [PK, KWK, [PV, VvWY]) (4.3.6)

Figure 4.3.2: Nlustration of the Prefix Tuning method within one Transformer layer. Trained components
are colored in shades of magenta.

e Compacter

The Compacter architecture proposed by Mahabadi et al., 2021 [44] is similar to the bottleneck adapter
architecture. It only exchanges the linear down- and up-projection with a PHM layer. Unlike the
linear layer, the PHM layer constructs its weight matrix from two smaller matrices, which reduces the
number of parameters. These matrices can be factorized and shared between all adapter layers. You
can exchange the down- and up-projection layers from any of the bottleneck adapters described in the
previous section for a PHM layer by specifying use _phm=True in the config.
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A

L\_

4

J

Figure 4.3.3: Illustration of the Compacter method within one Transformer layer. Trained components are
colored in shades of magenta.

e LoRA

Low-Rank Adaptation (LoRA) is an efficient fine-tuning technique proposed by Hu et al. (2021) [19].
LoRA injects trainable low-rank decomposition matrices into the layers of a pre-trained model. For any
model layer expressed as a matrix multiplication of the form, the weight matrix W, C R%* changes to
Wy + AW = W, + BA, where BC R™" and AC R"™*. The reparameterization happens as follows:

h =Wz + %BAJ? (4.3.7)
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= oy
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Figure 4.3.4: Tlustration of the LoRA method within one Transformer layer. Trained components are
colored in shades of magenta.

° (IA)3

Infused Adapter by Inhibiting and Amplifying Inner Activations ((IA)3) is an efficient fine-tuning
method proposed within the T-Few fine-tuning approach by Liu et al. (2022) [60]. (IA)3 introduces
trainable vectors into different components of a Transformer model, which perform element-wise rescal-
ing of inner model activations. For any model layer expressed as a matrix multiplication of the form ,
it therefore performs an element-wise multiplication with , such that:

h=ly @ Wz (4.3.8)

Here, ® denotes element-wise multiplication where the entries of [y are broadcasted to the shape of W.

e Prompt Tuning

Prompt Tuning is an efficient fine-tuning technique proposed by Lester et al. (2021) [11]. Prompt
tuning adds tunable tokens, called soft-prompts, that are prepended to the input text. First, the input
sequence ri,To,- - ‘T, gets embedded, resulting in the matrix X, C R™*® where e is the dimension of
the embedding space. The soft-prompts with length p are represented as P, C RP*. P, and X, get
concatenated, forming the input of the following encoder or decoder:

[P.; X.] C R(ptn)-e (4.3.9)

The PromptTuningConfig has the following properties:
— prompt_length: to set the soft-prompts length p

— prompt_init: to set the weight initialisation method, which is either “random uniform” or
“from_string” to initialize each prompt token with an embedding drawn from the model’s vo-
cabulary.

— prompt_init text as the text use for initialisation if prompt init="from string"
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4.3.3 Language Identification and Translation

For the multilingual track of Task A, we had to deal with multilingual texts. Recent studies (Hu et al.,
2020 [30]) indicate that state-of-the-art models such as xlm-roberta perform poorly on cross-lingual transfer
across many language pairs. The main reason behind such poor performance is presumed to be the current
lack of capacity in the models to represent all languages equally in the vocabulary and representation space.
Therefore, one solution was to text existing language and task adapters that promise to perform cross-lingual
transfer. Another solution was to translate all the given texts in English and test how accurate monolingual
models are.

By following the first direction, one can simply replace a language-specific adapter trained for a source
language with a language-specific adapter trained for a target language at inference time. This, however,
requires that the underlying multilingual model does not change during fine-tuning on the downstream task.
In order to ensure this, additional task adapters need to be introduced so as to capture task-specific knowledge.

The test set though, did not contain the language of the texts, so we needed to perform language identification.
This task was facilitated by the fact that we had to choose only among the four languages of the test split
(English, Italian, Arabic, German). For the identification task, we chose to use "facebook/fasttext-language-
identification" model [43] from HuggingFace repo. This is the prevalent tool for identification in the repo
with 53,690,474 downloads last month (May, 2024). To test its effectiveness we checked its detection accuracy
in the train and valid splits which already had labels indicating the language of the texts. Below we present
the errors for each language for both splits.

Language Errors Percentage
and Dataset

Split

English Train | 289 out of 122,024 0.00237
Chinese Train | 222 out of 11,934 0.01860
Urdu Train 19 out of 5,899 0.00322
Bulgarian 121 out of 12,000 0.01008
Train

Indonesian 20 out of 6,000 0.00333
Train

Russian Valid | 16 out of 2,000 0.008
German Valid | 0 out of 1,000 0
Arabic Valid 2 out of 1,000 0.002

Table 4.7: Language identification errors on train and valid splits using
facebook /fasttext-language-identification

In most error cases, the detection model misclassified a text as an English one. When we performed the same
procedure for the test split, in only 12 samples, the model outputted a different language from the four given
and so we had to manually label them. Although we run the risk of texts wrongly classified as English ones
(as was the case on the other splits), no further manual checks where performed.

With an eye to the approach of translation, we attempted to translate the test split texts, as we had already
created the labels for the language of the texts. The strategy we chose was to translate the texts sentence-
by-sentence as we observed that for bigger chunks, all translation models tended to be repetitive in their
responses. At first, we tried the M2M100 model [7] for translation but it did not work. It returned repetitive
translations even for single sentences. Next, we tried the models of Language Technology Research Group at
the University of Helsinki, which are designed for specific language pairs:

e Helsinki-NLP /opus-mt-de-en ®

e Helsinki-NLP /opus-mt-it-en ?

8https://huggingface.co/Helsinki-NLP /opus-mt-de-en
9https://huggingface.co/Helsinki-NLP /opus-mt-it-en
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e Helsinki-NLP /opus-mt-ar-en 19

The translations of these models were of very good quality. In some cases, and specifically in Arabic texts,
we even had to perform truncation of sentences to a length of around 1,200 characters. The task is not a
semantic one so this choice is not going to have an impact on the classification afterwards.

The additional multilingual PLM used for the multilingual track were:
e FacebookAl/xIm-roberta-base !
2

e facebook/xmod-base !

A comparison of them with FacebookAl/roberta-base, which was also tested for its multilingual capacity is
also provided:

Model Parameters Downloads in June 2024
FacebookAl /roberta-base 125M 9,387,342
FacebookAl/xlm-roberta-base 279M 6,074,204
facebook /xmod-base 270M shared + 7M per lan- | 9,444

guage/module

Table 4.8: Comparison of RoBERTa, XLM-R and X-MOD models of Hugging Face repository

The language adapters trained on Wikipedia that were used are:
e "ar/wiki@Qukp" (Arabic)
o "de/wikiQukp" (German)
e "en/wiki@Qukp" (English)
e "id/wiki@Qukp" (Indonesian)
e "it/wiki@Qukp" (Italian)
e "zh/wiki@Qukp" (Chinese)
The language adapters trained on CC-100 that were used are:
e "AdapterHub/xmod-base-ar _ AR" (Arabic)
e "AdapterHub/xmod-base-bg BG" (Bulgarian)
e "AdapterHub/xmod-base-de DE" (German)
e "AdapterHub/xmod-base-en XX" (English)
e "AdapterHub/xmod-base-id ID" (Indonesian)
e "AdapterHub/xmod-base-it IT" (Italian)
e "AdapterHub/xmod-base-ur  PK" (Urdu)
e "AdapterHub/xmod-base-zh CN" (Chinese)

The adapter modules of the model AdapterHub/xmod-base are activated by using the command
set_default language() and specifying one of the languages as follow: "ar_ AR" (Arabic), "bg BG" (Blugar-
ian), "de_ DE" (German), "en  XX" (English), "id ID" (Indonesian), "it IT" (Italian), "ur_PK" (Urdu)
and "zh CN" (Chinese).

10https:/ /huggingface.co/Helsinki-NLP /opus-mt-ar-en
Hhttps: / /huggingface.co/Facebook Al /xIm-roberta-base
12https://huggingface.co/facebook/xmod-base
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4.3.4 Perplexity

The perplexity PP of a discrete probability distribution p is a concept widely used in information theory,
machine learning, and statistical modeling. It is defined as:

PP(p) :=2H®) = 9= 2. p(@)logzp(a) (4.3.10)

A model of an unknown probability distribution p, may be proposed based on a training sample that was
drawn from p. Given a proposed probability model g, one may evaluate q by asking how well it predicts a
separate test sample x1, x2, ..., x; also drawn from p. The perplexity of the model q is defined as:

PP(q) := 27 % Zi=1 logads (w:lw<i) (4.3.11)

The exponent can be interpreted as the cross-entropy, where p(z) = % is the empirical distribution of the
test sample. If we consider xy, 3, ..., to be a tokenized sequence length. The logapg(x;|z < i) is the log-
likelihood of the i-th token conditioned on the preceding tokens, according to our model. The tokenization
procedure has a direct impact on a model’s perplexity which must be taken into consideration when comparing

different models.

If we weren’t limited by a model’s context size, we would evaluate the model’s perplexity by autoregressively
factorizing a sequence and conditioning on the entire preceding subsequence at each step.

Instead, the sequence is typically broken into subsequences equal to the model’s maximum input size. If a
model’s max input size is k, we then approximate the likelihood of a token by conditioning only on the k-1
tokens that precede it rather than the entire context. When evaluating the model’s perplexity of a sequence, a
tempting but suboptimal approach is to break the sequence into disjoint chunks and add up the decomposed
log-likelihoods of each segment independently. That tends to be a poor approximation as the model will have
less context at most of the prediction steps. Instead, the PPL of fixed-length models should be evaluated
with a sliding-window strategy. This involves repeatedly sliding the context window so that the model has
more context when making each prediction. The downside is that it requires a separate forward pass for
each token in the corpus. A good practical compromise is to employ a strided sliding window, moving the
context by larger strides rather than sliding by 1 token a time. This allows computation to proceed much
faster while still giving the model a large context to make predictions at each step. Running this with the
stride length equal to the max input length is equivalent to the suboptimal, non-sliding-window strategy we
discussed above. The smaller the stride, the more context the model will have in making each prediction,
and the better the reported perplexity will typically be.

For each chunk, the average negative log-likelihood for each token is returned as the loss. chunk loss =
model(chunk input ids, labels=chunk input_ids).loss

In our method we examine how stride, the model and the strategy followed for breaking the sequence interferes
with the accuracy and precision and recall.
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Experiments

In this section, we will present the results of various experiments we conducted, in order to investigate the
We specifically addressed the SubTask A and B of the
SemEval Workshop. For every experiment we report the precision and recall of each class as well as the total
accuracy (the metric used in the competition). In addition, we accompany the results with the time usage
for all experiments. Apart from the quantitative results, we further provide insights for a more intuitive

MGTD task from several different perspectives.

understanding of the results of our approaches.
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Chapter 5. Experiments

5.1 Preliminaries

5.1.1 Metrics

The metrics that were used for evaluating the classification performed by each model were: accuracy, precision
and recall

Accuracy

Accuracy is the proportion of correct predictions (both true positives and true negatives) among the total
number of cases examined.

number of correct predictions TP + TN (5.1.1)
accuracy = = 1.
Y total number of predictions TP + TN + FP + FN

Precision and Recall

Precision and recall are performance metrics that apply to data retrieved from a collection, corpus or sample
space. In our classification problem, the retrieval is the assignment of each instance to a class. Precision (also
called positive predictive value) is the fraction of relevant instances among the retrieved instances. Written
as a formula:

Precisi Relevant retrieved instances TP (5.1.2)
recision = = 1.
All retrieved instances TP + FP

Recall (also known as sensitivity) is the fraction of relevant instances that were retrieved. Written as a
formula:

Relevant retrieved instances TP
Il = = 5.1.
Reca All relevant instances TP + FN (5.1.3)

relevant elements

false negatives true negatives

true positives false positives

retrieved elements

How mary retriewed Howw

tems are relewvantc? items

Precision = Recall =

Figure 5.1.1: Precision and Recall
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5.2. Results

5.2 Results

5.2.1 Subtask A: Monolingual Binary Classification

Firstly, we attempted to test how different adapter architectures compare when used for adapter tuning with
roberta-base model. We used max_len=512, learning rate=2e-5, weight decay = 0.01 and 8 epochs of
training (unless specified otherwise). We found interestingly that prompt tuning yields an accuracy score of
almost 94% for prompt length=>50 and just 1 epoch of training.

Adapter and Hyperparameters Class 0 Class 1 Accuracy
Precision Recall Precision Recall

No adapter config, 6 epochs 0.8303 0.812 0.8334 0.8499 0.8319

DoubleSeqBnConfig 0.8964 0.4212 0.6463 0.956 0.7021

SeqBnConfig 0.9336 0.5453 0.7013 0.9649 0.7657

ParBnConfig 0.9056 0.7360 0.7959 0.9307 0.8382

SeqBnInvConfig 0.9363 0.5532 0.7052 0.966 0.77

PrefixTuningConfig ~ (flat=False, pre- | 0.8504 0.7274 0.7821 0.8843 0.8098

fix_length=10)

PrefixTuningConfig ~ (flat=False,  pre- | 0.9042 0.8287 0.8560 0.9206 0.8770

fix_length=>50)

PrefixTuningConfig ~ (flat=False, pre- | 0.8714 0.6157 0.7254 0.9179 0.7744

fix_length=100)

PrefixTuningConfig  (flat=False, pre- | 0.8522 0.6214 0.7251 0.9025 0.7691

fix_length=200), 7 epochs

LoRAConfig(r=8, alpha=16) 0.9219 0.6256 0.7377 0.9521 0.7971

LoRAConfig(r=8, alpha=16) 0.9219 0.6256 0.7377 0.9521 0.7971

CompacterConfig 0.8880 0.5656 0.7044 0.9355 0.7599

TA3Config with merge adapter 0.9360 0.7241 0.7929 0.9553 0.8453

TA3Config without merge adapter 0.9420 0.6941 0.7766 0.9614 0.8345

PromptTuningConfig(prompt length=20), | 0.9949 0.7542 0.8177 0.9965 0.8814

7 epochs

PromptTuningConfig(prompt length=>50),| 0.9510 0.9168 0.9271 0.9573 0.9381

7 epochs

PromptTuningConfig(prompt _length=100)| 0.9916 0.8431 0.8751 0.9936 0.9221

6 epochs

Table 5.1: Subtask A: Monolingual Binary Classification. Adapter Tuning

Bearing in mind that prompt tuning performed the best among the adapters, We perform further prompt
tuning with roberta-base varying this time the text used for initialization. config = PromptTuningCon-
fig(prompt length=50, prompt_init = "from _string", prompt_init text = Text)
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Text Class 0 Class 1 Accuracy
Precision Recall | Precision Recall
"Question: Is the text generated by human or ma- | 0.9631 0.8238 | 0.8591 0.9715 | 0.9014

chines. The machines used for generation are davinci-
003, ChatGPT, Cohere, Dolly-v2, BLOOMz and GPT-
4. For human-generated text choose 0, else for machine-
generated text choose 1." | train

"Question: Is the text generated by human or ma- | 0.9931 0.7833 | 0.8355 0.9951 | 0.8945
chines. The machines used for generation are davinci-
003, ChatGPT, Cohere, Dolly-v2, BLOOMz and GPT-
4. For human-generated text choose 0, else for machine-
generated text choose 1." | train + valid

"Question: Is the text generated by human or machines? | 0.9289 0.9078 | 0.9183 0.9372 | 0.9232
For human-generated text choose 0, else for machine-
generated text choose 1.") | train

"Question: Is the text generated by human or machines? | 0.9884 0.8464 | 0.8771 0.991 0.9224
For human-generated text choose 0, else for machine-
generated text choose 1." , train + valid

"For human-generated text choose 0, else for machine- | 0.9385 0.8409 | 0.8685 0.9502 | 0.8983
generated text choose 1." | train

"For human-generated text choose 0, else for machine- | 0.9857 0.7522 | 0.8155 0.9902 | 0.8772
generated text choose 1." | train + valid

"""Question: Is the text generated by human or language | 0.9417 0.8456 | 0.8722 0.9526 | 0.9018
models?

Context: For human-generated text choose 0, else for
machine-generated text choose 1. The language models
used for generation are davinci-003, ChatGPT, Cohere,
Dolly-v2, BLOOMz and GPT-4. Machine-generated text
tends to be misclassified as human-generated""", train

""MQuestion: Is the text generated by human or lan- | 0.9459 0.8712 | 0.8913 0.9549 | 0.9152
guage models? Context: For human-generated text
choose 0, else for machine-generated text choose 1.
The language models used for generation are davinci-
003, ChatGPT, Cohere, Dolly-v2, BLOOMz and GPT-
4. Machine-generated text tends to be misclassified as
human-generated""", train

"Question: Is the text generated by human or machine? | 0.9353 0.87 0.8895 0.9455 | 0.9097

0: human; 1: machine", train

Table 5.2: Subtask A: Monolingual Binary Classification. Prompt Tuning by varying initialization
text
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As we can see from the table 5.2, all prompt text initializations give a worse accuracy compared to ran-
dom initialization. The use of the valid dataset also results to lower performance. The best performing
prompt_init text is : "Question: Is the text generated by human or machines? For human-generated text
choose 0, else for machine- generated text choose 1.
In this prompt text, we specify the task by including the key word Question. As we can see from other
prompt texts, the use of extra information as context leads to performance degradation. Finally, the use of
text in a verbalizer form, as proposed in the prompt tuning paper [11], does not yield better results.

In an effort to combine the above findings, we performed finetuning using again a learning rate 2e-5. When
not specified, finetuning was 1 epoch long and only on the train set of the respective task. The models
used for finetuning (and their respective training times per epoch) are: roberta-base (00:50h), roberta-large

(1:30h), deberta-v3-base, deberta-v3-large, gpt2 and gpt2-medium.

Model Hyperparameters Class 0 Class 1 Accuracy
Precision Recall Precision Recall
roberta-base max_len =512, bs=16, 0.8499 0.5688 0.6999 0.9092 0.7475
roberta-base max_len=512, bs=16, | 0.9272 0.9385 0.9438 0.9334 0.9358
PromptTuningConfig
(prompt_length=>50)
roberta-base max_len=512, bs=16, | 0.9499 0.9111 0.9225 0.9566 0.9350
PromptTuningConfig
(prompt_ length=50), 7
epochs
roberta-base max_len=>512, bs=16, 8 | 0.9979 0.7733 0.8297 0.9985 0.8916
epochs, train+valid
roberta-base max_len=512, bs=16, 6 | 0.8151 0.7237 0.7732 0.8516 0.7909
epocﬁs
roberta-base max_len=512, bs=16, | 0.9950 0.7679 0.8261 0.9965 0.8880
PromptTuningConfig
(prompt_length=50), 7
epochs, train+valid
roberta-base max_len =256, bs=32 0.9147 0.8215 0.8523 0.9308 0.8789
roberta-base max_len=256, bs=32, 3 | 0.8728 0.8085 0.8376 0.8934 0.8531
epochs
roberta-base max_len=256, bs=32, 7 | 0.8768 0.8641 0.8787 0.8903 0.8778
epochs,
roberta-base max_len =256, bs=16 0.8780 0.8575 0.8738 0.8923 0.8758
roberta-base max_len=256, bs=32, | 0.9228 0.9341 0.9398 0.9294 0.9316
PromptTuningConfig
(prompt_length=>50)
roberta-base max_len=256, bs=16, | 0.9337 0.9267 0.9342 0.9405 0.9340
PromptTuningConfig
(prompt_length=50), 7
epochs
roberta-base max_len =128, bs=16 0.8702 0.8496 0.8669 0.8854 0.8684
roberta-base max_len =128, bs=32 0.9063 0.8754 0.8907 0.9182 0.8979
roberta-base max_len =128, bs=64 0.8917 0.8697 0.8848 0.9046 0.8880
roberta-base max_len=128, bs=32, 7 | 0.9000 0.8172 0.8474 0.9179 0.8701
epochs
roberta-base max_len =64, bs=128 0.8997 0.6419 0.7429 0.9353 0.7960
roberta-large max_len =512, bs=4 0.6618 0.2504 0.5662 0.8843 0.5833
roberta-large max_len =256, bs=16 0.8778 0.8061 0.8368 0.8986 0.8547
roberta-large max_len=256, bs=32, | 0.8784 0.7435 0.7964 0.9069 0.8293

PromptTuningConfig
(prompt_ length=50)
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roberta-large max_len =128, bs=32 0.9133 0.8380 0.8637 0.9281 0.8853

roberta-large max_len =64, bs=64 0.8750 0.6731 0.7555 0.9131 0.7991

deberta-v3-base max_len =1024, bs=8, | 0.994 0.4991 0.6877 0.9973 0.7607
peft

deberta-v3-base max_len =1024, bs=4 0.9536 0.3419 0.6234 0.9849 0.6797

deberta-v3-base max_len =1024, bs=4, | 0.9854 0.4285 0.6581 0.9943 0.7256
peft

deberta-v3-base max_len =512, bs=8 0.8402 0.7303 0.7820 0.8744 0.8060

deberta-v3-base max len =512, bs=8, | 0.9903 0.3144 0.6167 0.9972 0.6730
peft

deberta-v3-large max len =512, bs=4, | 0.9292 0.1541 0.5641 0.9894 0.5928
peft

gpt2 max_len =1024, bs=4 0.8 0.7151 0.765 0.8384 0.7798

gpt2 max_len =512, bs=16, | 0.8627 0.4473 0.6519 0.9357 0.7038
peft (c_attn, ¢_proj)

gpt2 max_len =512, bs=8 0.8234 0.7769 0.8081 0.8493 0.8149

gpt2 max_len =512, bs=4 0.8268 0.7148 0.7703 0.8646 0.7935

gpt2 max_len =512, bs=2 0.8203 0.7555 0.7937 0.8504 0.8054

gpt2 max_len =256, bs=16 0.8863 0.8198 0.8475 0.9049 0.8645

gpt2 max_len=256, bs=16, | 0.7255 0.8013 0.8016 0.7259 0.7617
PromptTuningConfig
(prompt_length=>50)

gpt2 max_len =128, bs=64 0.8919 0.7577 0.8072 0.917 0.8414

gpt2 max_len =128, bs=32 0.9028 0.7421 0.7992 0.9278 0.8396

gpt2-medium max_len =1024, bs=1, 0.7947 0.7128 0.7625 0.8335 0.7762

gpt2-medium max len =512, bs=4, | 0.872 0.6532 0.7445 0.9133 0.7898
peft(c_attn, ¢_proj)

gpt2-medium max_len =512, bs=4 0.8064 0.6257 0.7186 0.8641 0.7510

gpt2-medium max_len =512, bs=2, | 0.7804 0.4352 0.6352 0.8893 0.6737
peft(c_attn, ¢_proj)

Table 5.3: Subtask A: Monolingual Binary Classification. Finetuning

Surprisingly, in all cases, the accuracy of the models does not increase when fine-tuning for more than 1
epoch. No further improvement is observed even after 7 epochs of training. Also, the larger versions of
the models do not yield better results as the available hardware does not allow for a bigger batch size. A
good practice to achieve better performance is lowering the max len from 1024 or 512 to 256 and 128. By
using a lower max_len, training time decreases proportionately. Without using any adapter, roberta-base
can achieve an accuracy of around 0.9. The use of PromptTuningConfig leads to an accuracy of 0.9358 for
just 1 epoch of training. Using a peft adapter gives a slightly higher accuracy compared to if it was not used
(with the same hyperparameters) and also allows for bigger batch sizes.

In conclusion, ROBERTa models perform very well on the task compared to theoretically superior DeBERTa
and GPT-2 models. This result might be due to the superior quality of the bidirectional representations
inherent in the masked language modeling objective employed by the RoBERTa language model compared
to the GPT-2 language model, which is limited by learning only unidirectional representation (left to right).
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5.2.2 Subtask A: Multilingual

Language Class 0 Class 1 Accuracy
Precision Recall Precision Recall
xlm-roberta-base, 4 epochs, multilingual train set and multilingual test set
English 1 0.3718 0.6440 1 0.7059
German 0.9857 0.7557 0.8019 0.9890 0.8724
Ttalian 1 0.6608 0.7468 1 0.8305
Arabic 0.9959 0.7333 0.8045 0.9973 0.8716
roberta-base, 4 epochs, multilingual train set and multilingual test set
English 0.9999 0.5512 0.7169 0.9999 0.7899
German 0.2850 0.0183 0.4929 0.9540 0.4863
Ttalian 1 0.4554 0.6475 1 0.7277
Arabic 0.1143 0.008 0.5116 0.9437 0.4983
roberta-base, 5 epochs, monolingual train set and translated multilingual test set
English 0.8193 0.7978 0.8261 0.8451 0.8230
German 0.9249 0.558 0.6836 0.9547 0.7564
Ttalian 0.9989 0.6236 0.7265 0.9993 0.8115
Arabic 0.8965 0.026 0.5299 0.9973 0.5350
xlm-roberta-base, 4 epochs, multilingual train set (with and without la) multilingual test set (la)
English 1 0.3827 0.648 1 0.711
German 0.9816 0.728 0.7839 0.9863 0.8572
Ttalian 1 0.8136 0.8430 1 0.9068
Arabic 0.9957 0.6903 0.78 0.9973 0.8512
xlm-roberta-base, 5 epochs, monolingual train set (la) and multilingual test set (la)
English 0.928 0.4081 0.6511 0.9721 0.7081
German 0.9941 0.2807 0.5813 0.9983 0.6396
Italian 1 0.3856 0.6195 1 0.6928
Arabic 0.9966 0.2927 0.6086 0.9991 0.6629
xlm-roberta-base, 5 epochs, multilingual train set (la+ta) and multilingual test (latta)
English 0.9658 0.5198 0.6995 0.9838 0.7666
German 0.9735 0.6233 0.7230 0.9830 0.8032
Ttalian 0.9990 0.9444 0.9473 0.9990 0.9717
Arabic 0.9816 0.4256 0.6555 0.9927 0.7228
xmod-base, 3 epochs, multilingual train set (la) and multilingual test set (la), bs=8
English 0.9996 0.3687 0.6428 0.9999 0.7044
German 0.6946 0.9986 0.9976 0.5611 0.7799
Ttalian 0.9955 0.8749 0.8884 0.9961 0.9355
Arabic 0.8834 0.3786 0.6284 0.9546 0.6805

Table 5.4: Subtask A: Multilingual Binary Classification. Language and Task Adapters

We observe that xlm-roberta-base has a high accuracy for German (0.8714), Italian (0.8305) and Arabic
(0.8716) but a relatively low for English (0.7059). On the other hand, roberta-base has a higher accuracy for
English (0.7899) but a very low for the other languages. Therefore, we could use these models together to
achieve a higher accuracy. This is very important as the English texts have the biggest support in the test
split, so even an increase in accuracy of just 0.1 can dramatically improve overall accuracy.

The translation of the multilingual texts and the use of roberta-base for the translated texts does not yield
good results. The use of language and task adapters also seems to offer nothing.

67



Chapter 5. Experiments

5.2.3 Subtask B

For all finetuning experiments we use learning rate=2e-5, batch size = 16, max length = 512 (except otherwise
specified)

Class 0 Class 1 Class 2 Class 3 Class 4 Class 5 Accuracy
P R P R p R P R P R P R
roberta-base, 5 epochs, augmentation (A+B datasets) ‘
0.9986 0939 [0.6529 1 | 09923  0.6503 [ 0.7450 0.701 [ 0.9539  0.9993 [ 0.9951 0.8797 [ 0.8615

roberta-base, 5 epochs, augmentation (A+B datasets), no weights ‘
0.9975  0.8133 [ 0.6929 0.9993 [ 0.9936  0.728 [ 0.7199  0.7163 | 0.9740 0.9983 | 0.8585  0.8497 | 0.8508

roberta-base, 1 epoch ‘
0.9995 0.6893 [ 0.6388 1.0 [ 0.9896 0.6013 [ 0.5761 0.5877 | 0.7980 0.9993 | 0.9803 0.848 | 0.7876

roberta-base, 8 epochs ‘
0.9996  0.9203 [ 0.7041  0.9993 | 0.9966  0.6896 [ 0.6707 0.7123 | 0.9715  0.9997 [ 0.9852 0.864 | 0.8642

roberta-base, 8 epochs, max len—=256, bs=32 ‘
1 0.8407 [ 0.5399 1 | 09910 0.9517 [ 0.8396 0.3436 | 0.9022 0.999 [ 0.9570 0.7943 [ 0.8215

roberta-base, 5 epochs ‘
09996 0.872 [0713 1 [ 0989  0.633 [0.664 0715 [ 09196 0.9993 | 0.9692 0.8923 | 0.8519

roberta-base, 8 epochs ‘
0.9996  0.9203 [ 0.7041  0.9993 [ 0.9966  0.6896 | 0.6707  0.7123 | 0.9715 0.9997 | 0.9852 0.864 | 0.8642

roberta-base, 8 epochs on 20,000 instances ‘
0.9995  0.6777 [ 0.6647 0.9997 | 0.9977 0.437 [ 0.5357 0.6783 | 0.8562  0.998 [ 0.8590 0.8143 | 0.7675

roberta-base, 1 epoch on 20,000 instances ‘
0.9957  0.5407 [ 0.5770 0.9963 | 0.9733  0.073 [ 0.3604 0.5337 [ 0.7912 0.9943 | 0.7963 0.731 [ 0.6448

llama-2-7B, max length =128, bs=8, peft, 1 epoch on 20,000 instances ‘
0.1667 1 IE 0 It 0 IE 0 It 0 IE 0 | 0.1667

roberta-base, PromptTuningConfig(prompt length=>50), 8 epochs ‘
0.9363  0.191 [ 0.4964 0.9647 [ 0 0 | 05025 0.759 | 0.5548 0.9787 [ 0.9850 0.549 [ 0.5737

roberta-base, PromptTuningConfig(prompt length=100), 8 epochs ‘
09751 0248 [ 0.4487 0964 [0.025  0.0007 [ 0.5223 0.6917 | 0.5730 0.9867 | 0.9847 0.5163 | 0.5679

roberta-base, PromptTuningConfig(prompt length=50), 1 epoch ‘
09115  0.0927 [ 0.2637 09737 [ 0.1925 0.036 | 0.1524 0.046 [ 0.4318 0.666 | 05736 0.1 | 0.3191

deberta-v3-base, max len—1024, 4 epochs, bs—4 ‘
1 0.4207 [ 0.4526  0.9997 | 0.25 0.0083 [ 0.7758  0.7807 | 0.9977  0.9993 [ 0.6083  0.8087 [ 0.6696

Table 5.5: Subtask B Data statistics over Train/Dev/Test splits

Our first idea of augmenting Subtask B train set with instances from Subtask A gives a worse result compared
to if only Subtask B is used. One basic reason for this is the fact that data augmentation makes the train
set imbalanced and the use of weights cannot help with this. We even try to set the weights equal to 1 so as
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to see the performance boost they offer. For this specific experiment, the use of weights for the classes seems
to add just 0.01 to accuracy. The Prompt Tuning Configuration that gives a 94% acccuracy for SubTask A,
fails to deliver good results for the Subtask B, the task of author attribution. We also experiment on using
meta-llama/Llama-2-7b, a larger model to see if that can deliver better results. We choose SubtaskB for this
purpose, as it has a significantly smaller train set. Trained on just 20,000 samples of the train set for one
epoch and evaluated on the entire test set, its accuracy is close to 0. Roberta-base gives a high accuracy of
around 0.8 even when trained on only 20,000 samples and for 1 epoch.

One last idea was to attempt to first distinguish between machine and human generated text by mapping all
labels other than 0 to 1. In this way, we want to see if we can leverage the high accuracy of Subtask A and
then make a further classificiation between the generators. This approach yields a very bad recall for class
0, compared to the recall achieved for the more complex problem of distinguishing between 6 classes. This
outcome can be once again attributed to the fact that the train set in SubTask B becomes imbalanced as five
classes are merged to one. The use of weights for classes cannot zero out this effect of imbalanced dataset,
as was also shown before.
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5.2.4 Perplexity

For the calculation of perplexity for both MGTD and AA, we partition the sequence into chunks of length
stride and then we make use of Light GBM [34] and XGBoost [56] Decision Trees.

5.2.5 Subtask A

For MGTD, we use model = LGBMClassifier(max depth=3, objective="binary’) and model2 =
XGBClassifier(max_depth=3, learning rate=0.2, n_estimators=40, objective="binary:hinge") after a man-
ual hyperparameter grid search, leaving for most parameters their default values. The results are presented

below for both classifiers.

Model (Stride/Context Length) Class 0 Class 1 Accuracy
Precision Recall Precision Recall

gpt2 (1024) 0.7480 0.9072 0.8961 0.7238 0.8109
gpt2 (512) 0.7648 0.9074 0.8993 0.7477 0.8235
gpt2-x1 (1024) 0.7762 0.9449 0.9380 0.7537 0.8445
gpt2-x1 (512) 0.7819 0.9508 0.9447 0.7603 0.8507
gpt2-x1 (256) 0.7866 0.9649 0.9601 0.7634 0.8591
gpt2-x1 (128) 0.8084 0.9564 0.9527 0.7951 0.8717
gpt2-x1 (64) 0.7934 0.9491 0.9441 0.7766 0.8585
gpt2-x1 (256,/1024) 0.7795 0.9470 0.9405 0.7578 0.8476
gpt2-x1 (128/256) 0.7657 0.9375 0.9291 0.7406 0.8341
gpt2-x1 (256) + gpt2-x1 (128) 0.7926 0.9638 0.9593 0.7719 0.8630
gpt2 (512) + gpt2-x1 (512) 0.7770 0.9505 0.9439 0.7534 0.8470
gpt-neox-20b (1024) 0.6558 0.9904 0.9838 0.5301 0.7486
Llama-2-7b-hf (1024) 0.7221 0.9949 0.9930 0.6539 0.8158
roberta-base (512) 0.7062 0.9869 0.9815 0.6289 0.7989
roberta-large (512) 0.6438 0.9921 0.9860 0.5038 0.7356
dolly-v2-12b (512) 0.7321 0.9978 0.9971 0.6698 0.8256
dolly-v2-12b (1024) 0.7192 0.9978 0.9969 0.6479 0.8140
dolly-v2-12b (512) + gpt2-x1 (512) 0.7824 0.9877 0.9854 0.7516 0.8637
gpt-neox-20b (1024) + gpt2-xl (1024) 0.7783 09422 | 0.9354  0.7574 | 0.8451
Llama-2-7b-hf (1024) + gpt2-x1(1024) 0.7639 0.9231 0.9143 0.7422 0.8281
gpt2-x1 (1024) + roberta-base (512) 0.7564 0.9701 0.9637 0.7176 0.8375
gpt2-x1 (1024) + gpt2(1024) 0.7673 0.9458 0.9379 0.7407 0.8381
gpt-neox-20b (1024) + gpt2-x1 (1024) + dolly-v2-12b (1024) 0.8214 09850 | 0.9835  0.8064 | 0.8912
gpt-neox-20b (1024) + gpt2-xl (1024) + dolly-v2-12b (1024) + | 0.8062  0.9836 | 0.9815  0.7863 | 0.8800
Llama-2-7b-hf (1024)

gpt-neox-20b (1024) + gpt2-x1 (512) + dolly-v2-12b (512) 0.8468 0.9844 0.9835 0.839 0.9080
gpt-neox-20b (1024) + gpt2-xl (128) + dolly-v2-12b (512) 0.8417 09894 | 0.98%6  0.8318 | 0.9066
Llama-2-7b-hf (1024) + gpt2-x1(1024) + dolly-v2-12b (1024) 0.7501 0.9827 0.9783 0.704 0.8363

Table 5.6: Subtask A: Monolingual Binary Classification. Perplexity scores Light GB Classifier

Model Class 0 Class 1 Accuracy
Precision Recall Precision Recall
gpt2 (1024) 0.7547 0.9017 0.8922 0.7351 0.8142
gpt2 (512) 0.7656 0.9069 0.8990 0.7489 0.8239
gpt2-x1 (1024) 0.8149 0.9182 0.9165 0.8115 0.8622
gpt2-x1 (512) 0.7863 0.9486 0.9429 0.7669 0.8532
gpt2-x1 (256) 0.8121 0.9522 0.9488 0.8009 0.8727
gpt2-x1 (128) 0.8068 0.9570 0.9533 0.7928 0.8708
gpt2-x1 (64) 0.7922 0.9496 0.9445 0.7748 0.8578
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gpt2-x1 (256,/1024) 0.7943 0.9392 0.9342 0.7801 0.8557
gpt2-x1 (128,/256) 0.7764 0.9309 0.9239 0.7576 0.8399
gpt2-x1 (256) + gpt2-x1 (128) 0.8123 0.9527 0.9494 0.8009 0.8730
gpt2 (512) + gpt2-x1 (512) 0.8094 0.9346 0.9312 0.801 0.8644
gpt-neox-20b (1024) 0.6613 0.9894 0.9827 0.5421 0.7545
Llama-2-7b-hf (1024) 0.7596 0.9905 0.9881 0.7167 0.8467
roberta-base (512) 0.7138 0.9851 0.9795 0.643 0.8054
roberta-large (512) 0.6469 0.9919 0.9858 0.5105 0.7391
dolly-v2-12b (512) 0.7326 0.9978 0.9970 0.6708 0.8260
dolly-v2-12b (1024) 0.7212 0.9977 0.9968 0.6513 0.8157
dolly-v2-12b (512) + gpt2-x1(512) 0.7953 0.9876 0.9857 0.7702 0.8734
gpt-neox-20b (1024) + gpt2-x1 (1024) 0.7871 0.9373 0.9315 0.7708 0.8499
Llama-2-7b-hf (1024) + gpt2-x1 (1024) 0.8143 0.9182 0.9164 0.8107 0.8618
gpt2-x1 (1024) + roberta-base (512) 0.8006 0.9487 0.9443 0.7863 0.8634
gpt2-xl (1024) + gpt2 (1024) 07592 0.9523 | 0.9440  0.727 0.8340
gpt-neox-20b (1024) + gpt2-xl (1024) + dolly-v2-12b (1024) 0.7807  0.9876 | 0.9856  0.7623 | 0.8693
gpt-neox-20b (1024) | gpt2-xl (512) + dolly-v2-12b (512) 0.8205  0.9864 | 0.9850  0.8049 | 0.8911
gpt-neox-20b (1024) + gpt2-xl (128) + dolly-v2-12b (512) 0.8234 09882 | 0.9870  0.8084 | 0.8938
gpt-neox-20b (1024) + gpt2-xl (1024) + dolly-v2-12b (1024) + | 0.7815  0.9880 | 0.9857  0.7503 | 0.8632
Llama-2-7b-hf (1024)

Llama-2-7b-hf (1024) + gpt2-xl (1024) + dolly-v2-12b (1024) | 0.7688  0.9874 | 0.9847  0.7316 | 0.8531

Table 5.7: Subtask A: Monolingual Binary Classification. Perplexity scores XGBoost Classifier

Both classifiers give very similar results. Firstly, we study the influence of stride length using gpt2-xl. Starting
from 1024, accuracy keeps increasing until 128, which is the optimum stride length with an accuracy of 0.8717.
Gpt2-x1 and dolly-v2-12b , as generators for the MGTD task, lead to a high accuracy with the right stride
length. When combined, they even present a further improvement (0.8637). Further gains are achieved
(accuracy of 0.9080) when we also make use of the significantly larger gpt-neox-20b (512). Last, the use of
different stride and context length surprisingly does not yield better results.

5.2.6 Subtask B

For AA, we make use of model = LGBMClassifier(max _depth=3, n_estimators=10, objective="multiclass’,
num_ class=6) and model2 = XGBClassifier(max depth=3, learning rate=0.2, objective="multi:softmax",
num_ class=6), after a manual hyperparameter grid search, leaving for most parameters their default values.
The results are presented below for both classifiers

Class 0 Class 1 Class 2 Class 3 Class 4 Class 5 Accuracy
P R P R P R P R P R P R

bloomz-560m (512)

0.7586  0.7657 | 0.3414  0.8077 | 0.0627 0.0213 | 0.1780  0.2673 | 0.5821  0.2707 | 0.1709  0.0543 | 0.3645

bloomz-560m (1024)

0.6728  0.7943 | 0.3490 0.8387 | 0.0434 0.0123 [ 0.1667 0.2643 | 0.5940 0.139 | 0.1631  0.051 [ 0.3499

bloom-560m (512)

0.5799  0.8967 | 0.3265 0.8077 | 0.0728 0.027 [ 0.1684 0271 |0 0 IE 0 | 0.3337

bloomz-7b1 (512)

0.7752  0.9103 | 0.3763  0.8103 | 0.0817  0.0223 | 0.2088  0.4137 | 0.5581  0.2307 | 0 0 | 0.3979
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bloomz-560m (512) + bloomz-7b1 (512)
0.6659  0.8377 | 0.3591  0.8033 | 0.0822  0.0247 | 0.2258  0.3767 | 0.5913  0.082 | 0.1417  0.0563 | 0.3634

gpt2 (1024)
0.9546  0.4693 | 0.3097 0.8587 | 0.0523 0.015 [ 0.1526 0.2043 | 0.4247  0.4237 | 0.2714  0.0307 | 0.3336

gpt2-x1 (512)
0.9663 0.554 | 0.3349  0.8703 [ 0.0649 0.0147 [ 0.1898 0.2687 | 0.4119  0.4887 | 0 0 | 0.3661

gpt2 (1024) + gpt2-x1 (512)
0.9202 0.7577 | 0.3382  0.8687 | 0.0630 0.015 [ 0.2123 0.3167 | 0.5817 0.4817 | 0.6536 0.0333 [ 0.4122

dolly-v2-3b (512)
05623 0.761 | 0.4212 0.8567 | 0.0528 0.01 | 0.2442 05193 | 0.2362 0.07 |0 0 | 0.3695

dolly-v2-12b (1024)
0.3797  0.4093 | 0.3110 0.738 | 0.0224  0.0063 | 0.4003  0.4893 | 0.1902  0.1343 | 0.4625  0.1563 | 0.3223

dolly-v2-3b (512) + dolly-v2-12b (1024)
0.6546  0.5863 | 0.4377 0.85 | 0.0596 0.0133 [ 0.3585 0.4933 | 0.4563 0.332 | 0.9677 0.808 [ 0.5138

Mistral-7B-v0.1 (1024)
0.7331  0.6127 | 0.3198  0.7003 | 0.0538  0.0197 [ 0.2697 0.3577 | 0.3286  0.3983 | 0.2676 0.019 [ 0.3513

llama3-8B (1024)
0.9029  0.6293 | 0.3704 0.824 | 0.0768 0.0183 | 0.2684  0.4053 | 0.1321  0.1203 | 0.3384  0.1417 | 0.3565

gpt2-x1 (512) + dolly-v2-12b (1024)
0.7873  0.5947 | 0.4037 0.868 | 0.0628 0.015 | 0.3499  0.5047 | 0.4992  0.4077 | 0.9687 0.578 | 0.4947

gpt2 (1024) + gpt2-x1 (512) 4 dolly-v2-3b (512) + dolly-v2-12b (1024)
0.8557  0.6087 | 0.4450 0.8573 | 0.0667 0.014 [ 0.3644 0.5467 | 0.5710 0.476 | 0.9670 0.791 [ 0.5489

gpt2 (1024) 4 gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) 4 bloomz-7bl
0.8142 0.593 | 0.4350 0.8673 | 0.0711 0.0153 | 0.3573 0.521 | 0.5581 0.4533 | 0.9709  0.7903 | 0.5401

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + bloomz-7b1l + bloomz-560m
0.7087 0.57 | 04537 0.859 | 0.0541 0.0117 | 0.3659 0.5463 | 0.5221  0.418 | 0.9769  0.7747 | 0.5299

gpt2 (1024) + gpt2-xl (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + llama38b (1024)
0.8586  0.5647 | 0.4505 0.9107 | 0.0766 0.0123 | 0.4449 0.603 | 0.5489  0.4883 | 0.9905 0.906 | 0.5808

gpt2 (1024) 4 gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024)
0.8678  0.6017 | 0.4584 0.929 [ 0.0519 0.0093 | 0.4783 0.6363 | 0.5864 0.5113 | 0.9948  0.8933 | 0.5968

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024) + llama38b (10
0.8712  0.5707 | 0.4666 0.9273 | 0.0486 0.0093 | 0.4779 0.6567 | 0.5696 0.517 | 0.9962  0.8807 | 0.5936

Table 5.8: Subtask B: Multi-way Generator Detection. Perplexity scores Light GBM Classifier

Class 0 Class 1 Class 2 Class 3 Class 4 Class 5 Accuracy
P R P R P R P R P R P R
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bloomz-560m (512)

0.6690 0.828 | 0.3446 0.808 [ 0.0642 0.021 [ 0.2028 0.2187 | 0.5762 0.0983 | 0.2117 0.178 | 0.3587
bloomz-560m (1024)

0.6658  0.7923 | 0.3701  0.8183 | 0.0457 0.0123 | 0.2008  0.2833 | 0.5831 0.131 | 0.2034  0.141 | 0.3631
bloom-560m (512)

05379  0.802 [ 0.3468 0.7997 [ 0.065  0.0217 | 0.2045  0.2633 | 0.1615  0.0207 | 0.2004  0.091 | 0.3331
bloomz-7b1 (512)

0.7207  0.915 | 0.3768 0.825 | 0.0827 0.0213 | 0.2305 0.318 | 0.4882  0.0827 | 0.2589  0.19 | 0.392

bloomz-560m (512) + bloomz-7bl (512)
0.7963 0.753 | 0.3913 0.827 [ 0.0654 0.0177 [ 0.2912  0.4533 | 0.8322  0.3687 | 0.2081  0.1397 | 0.4266
gpt2 (1024)
0.9661 0.3797 | 0.3284 0.845 [ 0.0462 0.0123 [ 0.1691 0.2237 | 0.3927 0.3573 | 0.2001  0.107 [ 0.3208
gpt2-x1 (512)
0.9685  0.5433 | 0.3621 0.8387 | 0.0735 0.0176 | 0.1963 0.319 | 0.4039  0.414 | 0.2507  0.0583 | 0.3652
gpt2 (1024) + gpt2-x1 (512)

08675 0.74 [ 0.3996 0.8317 [ 0.0854 0.0223 | 0.2641 0.493 | 0.6576  0.3227 | 0.2886  0.129 | 0.4231
dolly-v2-3b (512)

0.5484  0.7403 | 0.4020 0.842 [ 0.0574 0.0133 [ 0.2406  0.4417 | 0.1565 0.0447 | 0.2360  0.0477 [ 0.3549
dolly-v2-12b (1024)

0.3475  0.373 | 0.3250 0.8163 | 0.0216  0.0057 | 0.4 0.488 | 0.1807 0.1113 [ 0.3568 0.113 | 0.3179

dolly-v2-3b (512) + dolly-v2-12b (1024)
0.7524  0.6837 | 0.4418 0.851 | 0.0901 0.0147 [ 0.3748 0.489 | 0.5977 0.4423 | 0.9666 0.926 | 0.5679
Mistral-7B-v0.1 (1024)

0.6456  0.6007 | 0.3372  0.704 | 0.0521 0.0187 | 0.2773  0.435 | 0.2685  0.2003 | 0.3164  0.0977 | 0.3427
llama3-8B (1024)

0.9230  0.5753 | 0.3625 0.8093 | 0.0830  0.0217 | 0.2559  0.4277 | 0.1200  0.1113 | 0.3627  0.1263 | 0.3453

gpt2-x1 (512) + dolly-v2-12b (1024)
0.8025 0.5147 | 0.4012 0.874 [ 0.0802 0.0173 | 0.3757 0.542 | 0.4766  0.4493 | 0.9482 0.549 | 0.4911
gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024)

0.8519 0.621 | 0.4626 0.8817 [ 0.1952 0.038 [ 0.3960 0.5937 | 0.6340 0.4653 | 0.9666 0.906 | 0.5843

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + bloomz-7b1 (512)

0.8798 0.576 | 0.4665 0.8747 | 0.1607 0.033 | 0.4024 0.607 | 0.5980 0.489 | 0.9592  0.9007 | 0.5801

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + bloomz-7bl (512) + bloomz-560m

0.8891

0.5957 | 0.4694

0.878 [ 0.1095

0.018 | 0.4318

0.6267 | 0.6877

0.61 | 0.9526

0.9113 | 0.6066

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + llama38b (1024)
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0.7990  0.6123 | 0.4697 0.9287 | 0.0932  0.0123 | 0.5553  0.7017 | 0.6543  0.5477 | 0.9668  0.9893 | 0.632

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024)
0.8247  0.6337 | 0.4911 0.9593 | 0.0905 0.014 | 0.5484  0.7483 | 0.7041  0.5323 | 0.9824  0.9853 | 0.6455

gpt2 (1024) + gpt2-x1 (512) + dolly-v2-3b (512) + dolly-v2-12b (1024) + mistralvl (1024) + llama38b (1
0.7879  0.4967 | 0.4915 0.9607 | 0.1030  0.016 | 0.5611  0.7503 | 0.6212  0.5537 | 0.9580  0.9877 | 0.6275

Table 5.9: Subtask B: Multi-way Generator Detection. Perplexity scores XGBoost Classifier

The main interesting finding in this experiments set is that when using two different model size variants, the
precision and recall of the respective class tremendously increase, especially when using XGBoost. That is
the case for gpt2-x1 (512) and gpt-2 (1024), for dolly-v2-3b (512) and dolly-v2-12b (1024) and bloomz-7b and
bloomz-560m. For the Dolly variants (class 5), the accuracy and recall increase up to 0.966 and 0.926. For
the Bloomz variants (class 4), we have an increase up to 0.8322 and 0.3687. For the GPT-2 models (class
1 and 3) the precision and recall for class 3 jump to 0.2641 and 0.493. The combined use of both Bloomz,
GPT-2 and Dolly variants has an accuracy of 0.6066. Overall the best result (0.6455) is attained when we
combine gpt2 (1024), gpt2-x1 (512), dolly-v2-3b (512), dolly-v2-12b (1024) and mistralvl (1024).
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Conclusion

In this study, we conducted extensive experiments and analyses on the novel Machine-Generated Text De-
tection (MGTD) task. As a start, we tested different adapter architectures using roberta-base and notably
found that prompt tuning can give an accuracy of around 0.94. Next, we performed fine-tuning on RoBERTa,
DeBERTa and GPT-2 models. The superiority of RoBERTa compared to GPT-2 for this task can be put
down to the bidirectionality of RoOBERTa encoder model as well as its less parameters that suit to available
hardware. We observed that lowering max length down to 128 can give an accuracy of around 0.9 for roberta-
base. The combined use of these two techniques does not give a further improvement. Data augmentation
(mixing train and valid splits), training for more than 1 epoch and using larger size versions of the models
seem to not offer anything. For the multilingual track, roberta-base performs better than xlm-roberta-base
on the English texts that have by far the biggest support in the test split. So, their combined use for the task
is necessary to achieve better results. Translation of texts and the use of roberta-base does not yield good
results. The same happens when we attempt to use language and task adapters for this task. For the author
attribution task, we attempted to see how meta-llama/Llama-2-7b performed as the dataset of the task was
significantly smaller, without any good results. Data augmentation with subtask A data also gave worse
results. Last, transforming subtask B to subtask A by switching the appropriate labels, also surprisingly was
not a good option. The use of perplexity metric for addressing both MGTD and AA offered quite insightful
conclusions. For both subtasks, the use of a smaller stride gave better results. The use of more than one
variants of the models Bloomz, GPT-2 and Dolly simultaneously (these models were also two of the text
generators) drastically boosted accuracy, while the use of EleutherAI 20b variant led to an accuracy of above
0.9 for subtask A. The two decision tree algorithms had similar results. For the XGBoost classifier, the use
of different size variants of the available model generators led to high precision and recall for the respective
classes.

In conclusion, we would like to propose some avenues for further enhancing this research or inspire alternative
approaches. Firstly, it is worth considering the potential of integrating stylistic features, fine-tuning and
perplexity in a single system. An alternative methology involves the use of ensembling techniques for further
performance boosts. As far as perplexity metric is concerned, further hyperparameter adjustments such as
choosing optimum stride and sequence or modifying the function calculations can prove beneficial. The lag in
performance here stems from the fact that generator models such as chat-gpt, davinci and cohere are private.
For these models, a proxy metric should be employed based on texts produced by them.

Limitations

The present study is accompanied with specific limitations. Initially, it should be noted that our machines
do not utilise very large LLMs with a parameter count exceeding 1.5 billion for finetuning and 20 billion
for perplexity calculations due to constraints in computational resources. Nevertheless, it is plausible that
increasing the scale of these models would likely result in improved Furthermore, given the constraints
imposed by limited resources, our findings have the potential to inspire researchers with restricted access to
computing resources to replicate and expand upon our work. This allows for a broader range of individuals
and organisations, regardless of their financial capabilities, to engage in such experimentation.
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