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ITepiindm

To teheutaior ypdvio, 1 eupdvion TV UeYdhov Yhwoowoy wovtéhwy (LLMs) éyel @épel emovdotacy otny
Enegepyacia Puowfic I'hdooac (NLP), adhd éyel eniong eyeipel xplowec avnouylec oyetnd ye tnv allomotin
xon TV oxp{Bela Twv anotekeoudtwy Touc. ‘Eva and ta mo meotind {ntiuoata etvon to hallucination, émou ta
LLMs napdyouv nAnpogopleg mou elval onuaclohoyixd aoLVETE(C 1 U oyxeTég pe Ty eloodo. H avtiyetodnion
awthg e TEoxAnong elvan udlotne onuaciog yio ™ Bedtinon e allomotiog twv LLMs, 1dlwe oe epyaoieg
nopaywyhc uohc Yawooas (NLG).

H napotoo Swotplfr diepeuvd anoteleopatinés pedodous yio Ty aviyvevon hallucination, ecudlovtog oe pudui-
OELC LOUPOU XOUTIOU OTIOL oL ECWTEPES Aettoupyieg Tou povtéhou dev elvon mpoofdowes. H épguva cuufdiiel
otnv aviyveuon hallucination péow tne cuypetoyric oto task 6 (SHROOM) tou SemEval-2024, to onola tep-
thoPBdver duadnr| ta€ivounon oe Hallucination xou not Hallucination oe task 6mwe n unyovind uetdppaon, n
TOEOYWYY) OPIOUWY XAl 1) TUPAYWYT Tapopedoewy. AZLOTOoIOVTIC TEO-EXTULBEUPEVO LOVTEN TTIOL €youv YiVelL
fine-tuned oe clvola Sedopévwy aviyveuonc hallucination xou e€aywyhc ocupnepaoudtwy PUOXNE YAWOOGCUC
(NLI), n epyooio auth emtuyydver onpovtxéc BEATUOOES o oyéon ue ta Pooxd cuoThyata, Ue axp{Beio Tov
ptéveL tepinou to 80%.

O1 Baowéc ocuvelopopéc authc e datpPric tepthapfBdvouy Ty avdntudn evée talivounty| Pnpopopiac cuvéiou
1oL GUVBLALEL TOANUTAS povTéha Yia T Bedtion tng aviyvevong hallucination, xododg xou piot oe Bddog avdluon
TWV TEOXANoE®Y ToL VETouy ot Sdpopec epyaoieg NLG. Ta evpriuorta mopéyouy TOAMITIUES YVOOELS OYETIXG UE TN
@Uom Twv hallucination oto LLMs xou npoc@épouv €va loyuped mhalolo yia LeANOVTIXES TeooTddeleC UETELAOUOU
autod) Tou eYYeEVoUS TEOPBAAUATOC.

AéEeic-xhetdid — Meydha yhwoowd poviédo (LLMs), aviyveuorn hallucination, Eneepyoasia Puoixic
I'\dooag (NLP), Iapaywyh Suoinic I'hédooag (NLG), povtéha padpou xoutiol, ensemble voting classifier,
fine-tuning, prompting, pnyavixy uetdpeao), TapaywY oplouwy, Topaywyn topapedoeny, Natural Language
Inference (NLI)






Abstract

In recent years, the emergence of Large Language Models (LLMs) has revolutionized Natural Language
Processing (NLP), but has also raised critical concerns regarding the trustworthiness and accuracy of their
outputs. One of the most pressing issues is hallucination, where LLMs generate information that is se-
mantically inconsistent or unrelated to the input. Addressing this challenge is paramount to improving the
reliability of LLMs, especially in Natural Language Generation (NLG) tasks.

This thesis explores efficient methods for hallucination detection, focusing on black-box settings where the
model’s internal workings are inaccessible. The research contributes to the detection of hallucinations through
participation in the SemEval-2024 Task 6 (SHROOM), which involves binary classification of hallucinations
across tasks such as machine translation, definition modeling, and paraphrase generation. By leveraging
pre-trained models fine-tuned on hallucination detection and Natural Language Inference (NLI) datasets,
this work achieves significant improvements over baseline systems, with accuracies reaching approximately
80%.

Key contributions of this thesis include the development of an ensemble voting classifier combining multiple
models to enhance hallucination detection, as well as an in-depth analysis of the challenges posed by different
NLG tasks. The findings provide valuable insights into the nature of hallucinations in LLMs and offer a
robust framework for future efforts to mitigate this inherent issue.

Keywords — Large Language Models (LLMs), hallucination detection, Natural Language Processing
(NLP), Natural Language Generation (NLG), black-box models, ensemble voting classifier, fine-tuning,
prompting, machine translation, definition modeling, paraphrase generation, Natural Language Inference
(NLI)






Euyaplotieg

To épyo autd dev Yo Htav duvatd ywelc v uroothelln xou cuuBolr tolhev avipdnwy. Ilpdta an’ 6Aa,
Yo deha vo euyoploThHow Tov emPBAENOVTA wou, x. Ltduou I'edpylo yio TNy xododrynon tou oty exmévnon
authc e Omhwpatixfc. Emniéov o Adeka va guyoptothon VYeppd tnv Mopia Avunepaiov xou tov T'ideyo
OuhavBpLovd Yo T oTEVY cuvepYasia, TNV LTOCTARIEN %ot TNV XooELoTXY) GUUBOAY TOUG amd TNV oEY T UYL
10 Téhog g epyaoiog autrig. Téhog Va Hleha va euyaploTHow TNV OLXOYEVELY O Xl TOUC QIAOUC UOU Lol TNV
oThelE1 Toug oe Aol TAL YPOVLL TV CTLOUBGY OV,

Notario-Mogla I'enyoptddou, OxtedBprog 2024
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1.1 Ewayowyn

To tehevtaio ypbvia, o topéac tne Enelepyaciac uowic I'hdooac (NLP) éyel uetopoppwidel ongovtixd ond
™V ERPEVIoT xon TNV gupelar LLOVETNON TV UEYAAWY YAWooX®Y poviéhwy (LLM). Ta povtého autd oyt pévo
€pepay ETOVACTACT GTOV TPOTO UE ToV omolo tpoceyyilovtal ol epyaoieg Quolxic YAWoous, ahAhd dnuiotpynooy
xou véeg avnouylec oyetixd ye v aflomotio Toug xou TNV axpifela TV anoteAeoudTwy Tou mopdyouv. Eva
amd Ta o TeoTd {ntApata tou avtietwnilel 1 xowotnta NLP elvon to gouvépevo twv hallucinations ota
LLMs, xatd to omolo ta povtéla mopdyouv mhnpogopiec mou dev Pooilovion ota dedopéva eloddou 1 otnv
mpoypatedTnTa. To {ATnua autd €xel CUYXEVTPWOEL ONUAVTIXY TEOGOYT) GTNV EPEUVATIXY XOWOTNTA, XaddS
enneedlel dueco v adlomotio xou TN XeNolwdTNTA TwY cuoTtnudtwy nou Bacilovtar oe LLMs oe éva gupl
pdopa epoppoydyv. Iapd Tic eviunwoloxés duvatoétnteg twv LLMs, ta hallucinations amoteholv onuavtixy
TEOXANCT, X0 E LTOVOPEDOLY TNV AELOTUO TN TWV CUCTNUETWY oL Exouy oyediaoTel yia vo Bondoly otn Mdn
ATOPACERY, OTNV TAUPAYWYY| TEPLEYOUEVOU ol GAAL.

Ipbopateg ueréteg €youv unodeilel 6ti ta hallucinations dev elvon amAidg Tuyala ¥ anopedEiua oQaApoTa, oA
avtideta elvon eyyev) otn @Uor twv LLMs, 8edopévou tou mdavoroyixol toug unofdipou. To evprjuota autd
delyvouv 6Tt T hallucinations ynogel va elvon avoamdgeuxta oe xdnoto Podud, aveEdotnta and TNy TOALTAOXO TN T
TNG QEYLTEXTOVIXAS TOU LovTélou. (d¢ ex To0Tou, 1 avTeTHOToN Touv {nTtiuatoc twv hallucinations, Wiwe oto
TA{OLO TWV EpYACLAY TtapaywYHic puotxic Yhwooac (NLG), éyet yivel évac xplowog topéac eotiaonc. otdoo,
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Topd Tov aUEAVOUEVO GYx0 epeuvy emtl Tou Yéuartog, e€uxohoulel va undpyel afloonueinTn éXkewdn cuvdrwv
BEBOPEVLY Xoll XELTNRIWY aVOPORdS EWBIXA OYEBLUCUEVWLY Yiot TNV AELOAGYNOT Xou TOV PeTelaoud Tewvy hallucination
oe epyaoieg NLG.

Ye andvinon autic e avdyxne, to task 6 tou SemEval-2024 (SHROOM: Shared-task on Hallucinations
and Related Observable Overgeneration Mistakes) Snuovpyhdnxe yio vo avtigetwnioer v tpéxinorn tou
EVTOTIOUOU GNUUCIOAOYIXE 1) OYETIXWY TORAYWYWY YAWOOWAOV xeWévwy ot gpyoaocieg NLP. Auth n epyacia
nepthauBdvel SLdpopouc Toyelc Pe TEOXAAOELS, OTWE 1) HETAPEACT], O 0pLOUOC AEEEWY 1| PEACEWY XOL 1) TRy WY N
napapedoewy. Autéd mou xohotd o SHROOM biadtepa anoutnuixd elvon 1 ouurnepiindn téco yvwotdv oo
0L ALY VWS TWV OPYLTEXTOVIXWY LOVTENOU, TOU GTREWYVEL TO 0Pl TWVY TREYOUCKY GTEATNYIX®Y aviyveuone hal-
lucination xou amoutel v avdntuén mpooeyyloewy mou elvar aviextixéc oe dlapopeTixd enlnedo dladvelas Tou
HovTENOL.

H mopodoa Simhwpatiny anooxonel ot SlegelVNoT] ATOTEAECUATIXOY Xl EVREWS EQPUPUOCIILY CTRATYIXMDY YLot
v aviyveuvon hallucination, biwe oe puduloeig black-box, émou ol ecwtepixéc Aettoupyiee Tou YovVTENOL TOL
TopdyeL To xeluevo dev elvan tpooPdotues. AxOuo xaL GTLC TEPITTMGELS GOV TO UTOXEUEVO LOVTENOD VAL YVWOTO,
onwg otov dlaywviopé SHROOM, tnpotue wa awotned black-box npocéyyion, nou onualvel éti dev avayevvdue
Tig €€6B0UC amd Tal HOVTER, 0ANE avtideTa emixeEVTpwVOPAOTE anoxheloTxd oty aviyveuor hallucination otig
undpyouces e€680UC.

INo 1o oxomd autd, a€lOTOLOVUE TEO-EXTIOUOEVUEVH UOVTEAD TTOU EVOWUATWYOUY YVMOT TV CNUICLOAOYIXOY
oyéoewv mou oyetilovtan pe to hallucinations. Méow tne telelonoinong auTdY TV UOVIEAWY OE ETUOTUEL-
wpéva napadelypoata and 1o cvvoho dedopévev SHROOM, emtuyydvoupe xatd npocéyyior oxpifeia 80% otnv
aviyveuon hallucination, n omofo Eemepvd onuavtind v apyuxh axpifBeio 74,5% tou baseline povtehouv Tou
0oUNxe and toug dopyavwtég Ttou task, 1 omola emitedyUnxe ue T yenorn Tou Mistral yovtélou avoutol
HOOLXOL.

H napotoa gpyacio cuvelspépel oe ToAAd Boowd onuela:

1. Ilpaypatomolotye fine-tuning oe povtéla npo-exmoudevuéva oe ohvoha dedouévev aviyvevong hallucina-
tions xou e€aywyhc ouunepacpdtny puoxhc Yawoooug (NLI), ta onola elvon onpoactohoyixd euduypopio-
uéva pe Tic mpoxAnoelg mou napouctdlel to SHROOM.

2. Ta exhenTUOPEVY HOVTENY EVOWUATGVOVTOL 0t éva Thaloto Tadivounth dngogoplac(Voting Classifier), to
onofo anodidel avtaywvioTixy axpifeio aviyveuong.

3. Eyeddloupe wo pédodo prompting mou evioylel TNy gpunvevowdTnTa TN aviyvevone hallucinations
xadodnywvtac ta povtéha va eaTidlouy o€ Paoixéc oNUACLONOYIXES ACUVETELES OTIC Tapay OUEVES EEHBOUC.

4. Ou petpéc ouoldTNToC TEOTACEWY, TOU TEOEEYOVTUL ANd EVOWHUATMOOEC TOU ToEdYOovIoL ond TEo-
EXTIOUDEVPEVA HOVTERD, a€lomolodvTal Yo TV TocoTixomoinor xou TNy aviyveuorn hallucinations yéow tng
oUYXEIONG TWV TAPAYOUEVKDY EEOBWY UE To SeBopEva ELGGBOU.

5. 'Oho¢ o melpapatiopss mou de&dyetar oe auth TNy epyaocia €yel oyedlaotel Mote va elvor amodoTixdg
and dmodn YeOvou ol UTOAOYLOTIXNE Aamddoong, TNedvTaS Touc TEploplodols evdg mAews black-box
nep3dhhovToc.

6. Topéyeton AenToUERTc AVAAUCT] TWV ANOTEAECUATWY, AVOAUTIXG avd epyacia, TEOCPEROVTISC TANPOPOpRies
1600 Y TNV emituy’ aviyveuor hallucination éco xou yia Tic npoxAricelc mou Y€touv oL AMOTUYNUEVES
TEQINTAOOELS, oupBdilovtac ot Baditepn xatavénon g guone tTwv hallucination otig e€66oug LLM.

Yuvodilovtag, N magodoa €peuva Oyt UOVO TEOdYEL TNV xoTdoTacn T teyvoloyiag otny aviyveuorn halluci-
nations yta LLM, oAXd& mapéyel enione to Yepéha yio UEANOVTIXEC EQYAOIEC TOU OMOGXOTOUY GTOV YETELUOUO
autol Tou eyyevolg {ntiuatog o epyasies mapaywyhc QUM YAWooac. Me 1 Siepebivnon tng dlac Tadpnmaong
NG APYLTEXTOVIXAC TOL HOVTEAOU, TNng e€eldixeuone e epyaoiog XoL TeV YETEXDY aloAdYNoNe, cuUBdAlouue
oY avdntuén mo Al TwY xot o€lOTo TWY cuoTHdTwY Tou Bacilovta oe LLM.
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1.2. Oewpnuxd TndBadeo

1.2 Oewentixd TroBadeo

1.2.1 Meydha YAWOOLXA LOVIEAL

Ta yAwooiwkd povtéda (LMs) eivon unohoyloTnd ool OYEBIUOUEVOL YLOL TNY XATAVONOT], Xl TNV TopAY»YN
e avlpdmivng YAdooog. Ilio cuyxexppéva, évo Yhwoowxd wovtého opilel wio xatavopr mdavoThTwy Téve oe
axohouldieg Aé€ewy, emtpénovtoag TNy meoliedmn e mbavoTnTag auTtdy Twv axoloutidy 1 TN dnuloveyla véou
xewévou pe Bdor uia elcodo.

Iotopind, 1 Yeuehiddne mpocéyyion yio Tnv mdavohoyixr wovielonolnon tng YAwooog tav to n-gram models.
Avutd ta povtéha axohouvdoiv tny unddeon e ohuoidag Markov, émou n mdavdtnta tng emduevng AéEng oe wa
axoloudio e€optdton and éva otadepd napdupo mponyoluevwy Aé€ewy. o mopddelyua, éva yovtého bigram
Yewpel ula tponyoduevn A&, éva trigram 600, xou éva poviého n-gram Yewpel n — 1 nponyoluevee Aé€eic. H
mdavéTnTa wag axohoudiog wy, wa, . . ., Wy, o€ évo WovTélo bigram avomapiotaton we e&hg:

Pwy,wa, ..., wy,) = Plwaw;) - P(ws|ws) -+ - Plwp|wp—1) (1.2.1)

E3¢, n uné ouvihinn mdavétnta Plwg|wk—1) extyddton and Tn oYeTIXY SUYVOTNTA TV EUPAVICENDY OTOU Wk_1
axohoudeiton and wy oto odpa exnaidevone. H exnaldeuon evog poviéhov n-gram nepthopBdvel v extiunon
ATV TWV THUVOTATWY ANd CWUATA XEWEVWY, CUVADLS ot plo | TeplocdTepe YAWOOES.

"Evog Baoxdg Teploptopndc v WovTEA®Y n-gram elval 1) aduvoplor ToUg VoL amod®oouy tn undevixée mavotnTeg
oe axohoudleg ToU BEV GUVAVTAOVTUL XAUTA TNV eXTABEVO), BEBOPEVOL TOL ATELEPOV EVPOUEC EYXVLEWY TPOTACEWY
mou pmopel vo exppdoel o Yhdooo. o v avtetdnion autold tou {nthgatog éyouv mpotadel Sidpopeg
e VWEG eEopdhuvong.

H éheuon Twv VEUPOVIXGY BIXTUWY ELCTIYOYE TNV ENOYY TOV VELPWVIXWY YAWOOWOY UOVTEA®Y, EEXIVOVTAS
ME amhd veupwvixd yYAwoowd povtéha [4]. "Eva veupwwixd yhwoowd poviéro feed-forward eivou évo amhéd
VELUPKVIXO BixTuo Tou déyeTon Evay aTadepd aptiud mponYoluEVLY MEEwY we elcodo xat eEAYEL Uiol XoTAVOUN
mdavéotnrag oo Tic mdavég enduevec Aéeic. Ilopduola ye éva povtého n-gram, €vo VEUPOVIXG YAWOOIXO
povtéro feed-forward mpofBiénel v mbavdtnTa plog AéEnNe oe cuvdptnon pe tig n — 1 nponyoluevee Aé€elc.

Mo onuavties Siéxplon HETOE) TwV LOVTEAWY N-gram Xol TV VEUPOVIXMY YAWoo®y povtéiny feed-forward
EYXELTOL OTNY avamapdo oot Twv axohovhdv hEewv. Evd ta poviéha n-gram yenoipomololv SLoxpltéc
TAVTOTNTES AEEEwY, Ta VEupwVIXA YAwaoixd povtéla feed-forward a€lomoloby Ty evowudtwon Aégewv, cuveyeic
BLAVUOUATIXES OVOTOEAC TACELS TV AEEMY. AUTO €YEL WG ATOTEAECUN AVOTERES ETUBOCELS YEVIXEUOTC, WlWS Ylot
adéateg axoloudleg A€ewv xatd TN didpxelo NG doxung.

Av xou tar vevpwvind yAwoowd povtéla feed-forward onuatoddtnoay onpavtixr npéodo otn woviehomolnom
YAWOOWY, Ta oUYYEOVA VELEWVIXE YAwoowxd povtéha Bacllovtal oe o eEeAYUEVES OPYLTEXTOVIXES, OTWC Ta
oVOBEOUXE BiXTUL X0 Ol UETACY NUATIOTES.

Recurrent neural network (RNN) To ylwoowd povtéha [36] enelepydlovton axohovdies elcddou dradoyind,
avaAbovtag pla AEEN xdde popd. Xtoy0g Toug elivon vo teoBAégouy TNy emouevn AEEN e Bdom tnv Teéyouca hEEN
X0 TNV TEONYOUUEVY Xxpu@n xatdotaoy. Xe avtideon ye ta povtéha n-gram, to RNN unopodv vo culidfouv
e€apThoElC HEYAANG epféhelac otny axoloudla eloédou, xotae dev Bacilovta oe éva otadepol peyédoug mhalolo.
H xpuen xatdotaon otoa RNNs unopel, dewpntixd, va aviinpoownelel mthnpopopieg and OAeq Ti TEONYOVUEVES
M&ec e axoloudiog, avuetoniloviac To TEPLOPLOPEVO TAACLO TWV UOVTEAWY N-gram Xol TWV VEUPWVIXOY
dixtbwyv feed-forward.

1.3 Ilpozewduevec llpooceyyioelg

1.3.1 30Ovolo AcBopévwy

Me yvopova Tig enepyodueveg npoxifoelc oto medlo tou NLG, 1o obvoho dedopévwv SHROOM emxevtpve-
Tou ool xuplopy o {NTAROTO TLV HOVTEAWY TOU Topdyouy Ypauuatxd opdd odhd avaxpB (Aavdaouéva ¥ un
UTOO TNEWOUEVE) AMOTENESUOTO. X TOUSC CUUUETEYOVTES ovatédnxe 1 Buadixy) Tavoéunom yio Tov EVIOToWUS
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hallucination oe anavtfoelc goviéhwy, eite 6Tav eivar Yvwod to poviého eite oyt (model-aware xon model-
agnostic). H epyooia mepihopPdver tpeic topelc NLG - povielonoinon opiopot (DM), uetdgpaon (MT) xou
Topory wyY) Tapoapedoewy (PG) - topéyovtac eloddouc, avapopéc xat e€68oug yia duadixf talvéunon. To alvolo
avdntuéne nepthouBdvel etéta TaEvounong and nohhaniolg avipdroug, xadiepwdvovtag pla "yeuoh" etixéta
mhetodmepeiog.

Mopy? Acdopévwy e Oheq TIC TEQINTOOELS Tl SEBOPEVA 0XOAOUTO0Y GUYXEXPULEVT LOPPT:
e src: 1 eloodog mou 56UNxE GTO POVTELO
e hyp: 1 €Zodog movu 86Unxe and To povTELO
o tgt: 1 CWOTY ANAVTINOT TOU TEPUEVOUE VO DWOEL TO LOVTENOD
o ref: nowo and 1o 'tgt’ A src’ (§ xou ta §00) mepEyeL TNV amopaitnTy TANPoopia Yol TV TAELVOUNO
o task: molog and touc teelc Topelc tou NLG (MT, DM, PG) #tav o oxonde tne ypfione Tou poviéhou

e model: to povtélo mou ypnowomodnxe (otnv mepintwon tou model-agnostic To cuyxexpiuévo eivou
&deto.

Apywd, 860nxav 80 Belypata pe Tic eTxétes toug (trial set), axohoudolueva omd dedopéva exmaldeuone
amoteholpeva and 30k model-agnostic xou 30k model-aware delypoto ywplc tic etiétec (train set). Télog,
36Onre to clvoho emxpwone (validation set) pe 499 xou 501 delypora, pe tic etxéteg toug, and model-
agnostic xou model-aware avtictoya, xou To TEAXd cOvoho allohdynore (test set) mephopPBdver 1500 deiypora
model-aware ye etxéteg xon 1500 delypata model agnostic pe etixétec.

Yt oOvoha Tou TepLhopBdvovton oL eTixéTeS, dlvovTal xou emimiéov TAnpogopies. Luyxexpiuéva divovton:
o labels: wa hoto and 5 etétec ("Hallucination’ ¥ ‘Not Hallucination’) ané 5 Swx®opetxoic avipidnoug
o label: m el eTixéta mOL TEoxUTTEL and TNV Thetodnpio Tng AMotag twv labels

o p(Hallucination:) to onoto dnhdvel Ty mdoavétnta hallucination nov TeoxINTEL KC TOGOOTO THV EUXETOV
and Ty Aota labels mou yopoxthpicay we hallucination to delyuo

A&ilel va onueiwdel otL oty TEHOTN @don Tou dlaywvopol, yac d6Onxayv povo ta train, validation xou trial
cUVoha BEBOPEVLY £V GTNY BelTEPN PAoT Uag 5OUNXE xan To test set ywplc T eTixétec. Enopévmg to nepduota
dielriydnoav oto validation set xou apydtepa, Yetd Ty ANEN ToU Blorywviopod Tou d6UNXay xo oL UTEAOLTES
eTxéTee, oto test set.

Ytov mivaxa 1.1 Belyvoupe xdmoia delyuota amd To training cOvolo dedouévwyv. Nyetxd pe to task tng
petdppaone (MT) aviyveboope éva mThRdoc YAwoody petalld twv omoiwv ta Pooowa, Apafnd, Kivélixa,
Yoruibd, Telugu, Tsonga, Uzbek, Sinhalese, Quechuan, Mizo xo dhhwv. IIknpogopiec oyetixd pe tny yAwooo
dev 86Unxay, 6moTE oL TANEoPopleg auTég Blepeuvrjinxay yeipoxivita uécw Tou sre.

1.3.2 Metpuxég

ITpoxewévou vo a&loAoYRCOVUE Ta OTOTEAEGUATO TWV TEROUATWY Yenoylomothinxay 800 PeTpixés, clUpLVA
mdvto e e odnyleg tou Semeval Sy wviopov:

e Accuracy for the binary labels ("Hallucination” and 'Not Hallucination’)

e Spearman Correlation for the percentage of Hallucination (’p(Hallucination’)).

Accuracy Accuracy [1] etvan g petpuxs| mou yenoudonoteiton yio va Selfel 1600 cuyvd To HOVTENO Unyavinhc
pdinone xdvel cwotéc npofiédec. Trnoloyileton Stoupddvtog Tov apidud Twv 6oty TEoBAEYewy pe Tov aptdud
TwV GUVOAXWY TRofBAédewy ou éyivay, dnwe galvetal xau oty enduevn e€iowon:

#Xworesllpofreers
#XvvokesIpofeers
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1.3. Ilpotewébpevee Ilpooeyyioeig

Model-agnostic

Machine Translation hyp’: "Don’t worry, it’s only temporary.", 'tgt’: "Don’t worry. It’s only temporary.",

'sr¢’: "He Bostytics. DTo Tobko BpemenHo.’, 'ref’: ’either’, *task’: "MT’, 'model’:

Definition modelling ’hyp’: ’(uncountable) The quality of being oronymy; the state of being oronymy.’,
'tgt’: 'The nomenclature of mountains, hills and other geographic rises.’, ’src’: ’An
ancient survival in Turkish <define> oronymy < /define> is quite possible , but I
have not found Nihan Dag on the relevant sheets of the 1 : 200,000 map of Turkey ,
which are very detailed in matters of oronymy ;’, 'ref’: ’tgt’, ’task’> 'DM’, 'model’: ”

Definition modelling ’hyp’: ’(intransitive, obsolete) To make a magazin of; to compose a magazin.’, 'tgt’:

’(colloquial) The act of editing or writing for a magazine.’, ’sr¢’: "Thus , though

Byron is gone after his Don Juan — Scott and Southey out of the rhyme department

— Wordsworth stamp - mastering — Coleridge ’s poetry in abeyance — Crabbe mute

as a fish - Campbell and Wilsont merely <define> magazining </define>", ’ref’:
‘tgt’, “task’ 'DM’, 'model’: ”

Paraphrase Generation ’hyp’: ’You got something for me, huh?’, ’tgt’: ”, 'src¢’: ’Got something for me?’, ref’:
‘src’, 'task’: "PG’, 'model’:

Model-aware

Machine Translation "hyp’: ’Our Mailoamiris of the System of Treatment of Ulilaes have created a place for
these little ones.’; 'tgt’: "We perceive the Foster Care System to be a safety zone for
these children.’, 'sr¢’: ’Maamiris tayo a ti Sistema iti Panangtaripato kadagiti Ulila
ket natalged a lugar para kadagitoy nga ubbing.’, 'ref’: ’either’, 'task’: "MT’, 'model’:
"facebook /nllb-200-distilled-600M’

Definition modeling ’hyp’: "To be obsequiously interested in .’, 'tgt’: ’( usually followed by over or after
) To fuss over something adoringly ; to be infatuated with someone .’, ’src’: "Sarah
mooned over sam ’s photograph for months . What is the meaning of moon 7", 'ref’:
'tgt’, "task’: 'DM’, 'model’: 'ltg/flan-t5-definition-en-base’

Paraphrase Generation ’hyp’: "Mr Barros Moura’s report looks to the future in my opinion.", 'tgt’: 7, 'src’: 'In
my opinion, the most important element of the report by Mr Barros Moura is that it

looks to the future.’, ref’: ’sr¢’, task’: "PG’, 'model’: 'tuner007/pegasus_ paraphrase’

Table 1.1: Aelyyata and to training cbvolo dedopévev

Spearman Correlation H petpix| cuoyétione Spearman [9] elvon éva otatiotind yétpo nou allohoyel v
Loy ¥ %ot T xatedduvon yiag Lovdtovne oyéong Letal 800 PeTaBANT®Y cuyXplvovTag Tic TWES xoTdTtadg Toug.
H cvoyétion Spearman eivon yprioun étov mpdxettal yio Sedopéva Tov Tepléyouy axpaies Twée (oTtny nepintwon
poc to p("Hallucination’) éyet edpoc Ty 0 €wg 1). O cuvieheotic cuoyétione xatdtone Spearman rg, TOU
avopépeTal ETiONG WS CUVTEAESTHS XaTtdTadne, XeNOLOTOLETOL VLol TNV TOCOTIXOTOIMGY) QUTHS TNS CUCYETLONG.
O timog yia T0 75 dlveTton mopaxdTe, GTOU N AVTITPOCWTEVEL TOV dpLIUd TWV CNUElWY BEBOUEVKLY GTN) OELEd ol
d umodNAGYVEL TN Blapopd oTIC TAEELS UETAUED TKV AVTICTOLY WY TYWMVY TV 800 PETOBANTOY:

63 d7

521_
" n(n? —1)

E8¢, d; elvan 1 Swopopd petald twv Baducdv twy 800 avtiotolywy Tiudy ota {edyrn dedouévamy.
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1.3.3 Baseline System

Extéc and to obvolo dedouévev, ol dopyovntés tou SHROOM napeiyav enlong éva obotnua avagopds. ¢
avapopd, yenowwonoinoav éva LLM [22] vy va a&lohoyhioouy xotd ooy ol mopaydpevee utolécels elvon
ouveneic pe 1o Topeyduevo Thaioto. ‘Onwe teptypdpeton oto paper teptypapiic Tou SHROOM [35] to template
Tou prompt Tou yenowonotinxe mpoépyetan and to Self-checkgpt [32] dnwe gobvetan oo 1.3.1. To clotnua
Tou [32], To omolo €yel cUYXEVTPMOEL Xdmolt TPOoOoY T and TNV XowoTnTa, anoTehel Wio amhf TeooéyyLon Tou
Baoileton oe éva alyypovo LLM, xon emouévewg elvar xatdAAnho yla vo YenoWeloel ¢ Bacin| Yeouuh oTo
SHROOM: avtiotouyel o wa Aoy TEoETAEYUEVY] TEOGEYYLOT Yiol TNV OVTLUETOTLOY TOU TEOBAAUITOS TOU
XAV VO AVTIUETWOTIOOVY Ol GUUUETEYOVTEC.

Context: {}

Sentence: {}

Is the Sentence supported by the Context above?
Answer using ONLY yes or no:

Figure 1.3.1: Prompt template nou yenowwonotjdnxe 6to Lovtélo avapopdc

To cuyxexpévo mhaicio towihhel avdhoya ye Ty gpyacia tou avipetonilel, Snhadn n TEOTACT-TNYH VLot TNV
TEAY WY1 TUEAPEACEWY XAl 1] TEOTACT-GTOYOG YL TNV UNYAvixy) UETAPEaoT xou Lovielonolnan oplopdy. ‘Ocov
agopd v mavétnta hallucination, to cbotnua Boasiletan oty mbavdtnta mou anodidel To poviélo otnv
e TN hEEN €€6Bou. e mepintdoeic dmou 1 €€0do¢ Bev UTOBEWVUEL GaPAS Yes 1 no, emAéyeTan Tuyala pla omd
autée, amodidovtag mdavotnta hallucination 0.5.

To anoteréopota autrig g uedodou gaivovtar otov Hivaxal.2.

Dataset Accuracy Rho
Val agnostic 0.65 0.38
Val aware 0.71 0.46
Test agnostic 0.75 0.49
Test aware 0.70 0.40

Table 1.2: Anoteléopato TOU HOVTIEAOU aVOPOEAS

1.4 Mé&Sodot

Op.otétnta Ilpotdoewy (Sentence Similarity)

H opyw mpocéyyion v v enthuon tou mpoPBAfuoatoc meplehdufave TNy ovodlaTuTwo) Tou ¢ TEOBANU
ouoldTNTog TEoTdoewy. (¢ TEOBANUA opoLOTNTAC TPOTAcEWY Vewpolue Ty dladuxacia pétenong tou Baduold
opototTNTog UeTag) B0 TpoTdoEWY Y Bdom To oNUUcIoAOYIXO Toug Tepleydpevo. H Biadixacia autr elvon onpov-
x| ot ToAée epyaoiee enedepyacioc guoxfic YAdooac (NLP), xadde emtpénel 0 olyxplon 1oV npoTtdoemy
Oyl anAod¢ oe Ae&lhoyixd eninedo oAl p€ow Tou umoxelyevou voruatéc toug. Tar Ty mpayuatomolnon authg
e epyooiag, To LovTéra cuVAHTLE avamoElo TOLY Ta XelUeva EleOB0U wE BLavOoUATA TOU XWOIXOTOL00Y TO OTUd-
olloyxo toug mepieyouevo. H opoldmnta petadd autdy Twv SLavuoudtey oTr CUVEYELL TOCOTIXOTOlELTAL e
TOV UTOAOYLOUS NG YELTVIONE TOUG EVTOC EVOC SLAVUGHATIXOU YWeou LPNirg Bldo taong.

X1 8wy yag vhonolnomn avtic e pedddou, mpoypatonotiooue dSdpopa BAUATA Y VO TPOCUPUOCOUUE TO
TEOPANU pac oe TEOPANUA OUoLOTNTOC TPOTAoEWY. Apyxd, xwdixonotjoaue 1660 T0 xeluevo-otdyo («tgt»)
660 xou To xelyevo-unddeon («hyp») yia xdde deiypa dedouévwv. Tia vo 1o xdvovue autd, XENOLLOTOLACOE
dldpopar Tpo-exmandeuuéva wovtéda and ) BiBAlodrxrn Sentence transformers, n omola elvon yvwoty yio tnv
Toedy WYY VPNAAC TOLOTNTOG SLVUGUATKY TTOU OMOTUTIVOUY ATOTEAECUATIXG TG ONUACLOAOYIXES ATOYPWOCELS
TWV TEOTdcewY. AUTA Tol SLUVOCUTO YENOEDOLY WS OVITUPACTICELS TWV TEOTACEMY, BLATNEOVTAS TO VONUL
TOUG, EVE EMTEETOLY TO Yordnuatixd Toug Yelplold. Aol ABoe TIC EVOOUUTHOOELS, UTOANOYICUUE TNV OT6CTICT
peTol Twv dtavuoudtwy ‘tgt’ xou "hyp’. To vo eaocpaicoupe wa oloxhnpwuévn a&lohdynomn e ogoldtntog,
Yenowonolioaue TOMATAES UETEIXEC amboTaoTS, ouyxexpwéva T Manhattan andotaon xou tnv cuxheldela
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1.4. Médodol

anéotaot. Autéc oL UeTpéS Log EMETEPEPAY VO TOCOTIXOTOLACOUKE TNV EXTACY NS SLopopdc 1 TNg oUdoldTnTaC
HETOEY TV (EUYOY TEOTACEWY, UETPWVTAS TOCO Anéyouy To avTloTolYo BlavOCUOTd TOUG GTOV BIUVUCUATIXG

YOPO.

Téhog, pe Bdon tic untohoyilopeves amooTdoeLs, xadoploope Eva XATIAANAO XoTGOAL Yiot TN duadixy Taglvéunon.
Autéd 10 xatdpM xodoplotnxe TELRoUATIXG apoD SOXUECTNXOY BIAPOPES TWES AMOOTACNG, EMLTEETOVTSS ETOL
vo. opiooupe éva bplo Tou Bloxplvel amoteAeopaTind TopdpoLa xou avopol Ledyn tpotdoewy. Méow authc tng
daduxaotac, Tpooopudoaue To TEOBANUA woc Gote va emttevydel n Suadxn taéivéunon. H pédodoc autr mapeliye
€var opY X6 TAULOLO YLOL TNV OVTLUETWTLOY) TOU TROBAAUATOC, AELOTOLWVTAS XUNEQWUEVES TEYVIXES TNV OUOLOTNTA
TPOTACEWY

COMET

To COMET (Crosslingual Optimized Metric for Evaluation of Translation) eivou évor tponypévo vevpwvixd
mhodoto Tou avamtOydnxe yiot Ty aflohéynon e pnyovixic petdgpaone (MT). AvantOydnxe yio var avTipete-
mloel Tig ehheldelc TwY TapaBocLoxdY peTEXGY allohbéynong 6w to BLEU xa to METEOR, ta onola Baot-
Covtau xupiwe oty emxdhudn AMEewv xou ayvoolv Tig onpactohoyée anoypwoec. To COMET ypenoiwonotel
OUYYPOVA TEOEXTUOEVPEVA DAYAWGOd HOVTEAT Yl Vo a&lohoyel TNy molotnTa Tng petdppaons Poaciloyevo
GTO VOTUA xaL 6L oty TawTion MEewv. ‘Eva and ta xbpla mheovextiuato tou COMET eivon 1 noAvyAwooxt
%ol Oy AWOOIXY| TEOGUQUOC TIXOTNTA TOU, TOU TO Yoo T8 XATIAANAO Yiot TOAAE Yhwoowxd mepB3dihovta. To
COMET éyel oyediootel yior vor ppelton Ty avdpdmivy xplon xatd tnv oa&lohdynon twv yetogppdoewy. Ex-
noudeleTon oe avlp®nives alohoyHoels ToldTnTag Xo TEoBAENEL TNV ToldTnTa TS petdgpaons pe axpifeta. To
COMET Boocileto oe 500 x0pieq opylTEXTOVIXES HOVTEAWY: TO HOVTEAO EXTUNTYA XAl TO HOVTEAO XaTdTodng TG
petdppaonec. To COMET éyel emtdyer alloonueinta anoteréopata xou Eexwploe oe SLdpopoue SlorywVIoUoUC.

To COMET etvan emlong euéhixto xan umopel va Aettoupyfioet 1600 Ue Bdom Tic avapopés 600 xal Ywelc avapopés.
Evey ol mapadooiaxée pédodor aliohéynone te MT anmoutolv avapopd petdppaons mou €yel dnutovpynlel and
avipdnoug, To COMET umopel vo aglohoyrioet ye pwovo o xelpevo mpoéheuvong. Auth n duvotdTnta €xel eun-
veuotel and o povtéha extiunong toldTnTag, To omola a€lohoYoUY TNV TOLOTNTA TNG UETAPEAOTC Y WElg avapopd.
Avti) n evehi&la emitpénel Ty npocapuoyy) tou COMET oe dAheg epyaoieg mapaywyhc QUOIXAC YADoOoAS, 6TWS
N o€loAdYNoN TG OUVETELNC X TNG peakloTixie axpifelac Twv amoteleoudtwv. H teyvixr vlomoinom tou
COMET mnepihapfdver €vay vEo Unyoviopd TeoooyNS ave GTEMOUA, TOU GUYXEVTPWVEL TANRoYoples and SLdpopa
O TEWUATA TOU TEO-EXTOUOEVUEVOU HOVTEAOU Xwdixomonth. Auto evioylel v ixavotnta tou COMET va xdvet
hentopepeic npoBiédelg oyetixd Ye Ty towdtnta Tng petdgpaons. To COMET éyel enlong e€anpetiny| anddoon
xon €xel Eeywploel oe Bidpopouc dlaywviopole. Elvou éva epyoleio alohdynone mou eltvar dlardéoipo wg ovolxtoc
%xOOWOG, XWHOTOVTAG TO TPOCITO O EPELVNTES XoU EMAYYEAULOTIES.

Fine-tune povtéia NLI

Y10 mhadowo e aviyvevone hallucination, ypnowonowjooue enione Natural Language Inference(NLI), o
TEOGEYYIOT) TOU EYEL OMUELWCEL CNUAVTIXT| TTEO0D0 Tal TEAEUTALL YEOVLAL, Wi dGOV apopd TNV XAvOTNTA TNE Vol
SUMUBEVEL o vor avohDEL ONUCLOAOYIXES TToAUThoXdTNTES TTou eLYuYEaUWiloVToL OTEVE UE TO (POUVOUEVO TOV
hallucination. To povtéha NLI éyouv oyediotel yio va vo atohoyolv ) hoyix oyéon wetold 8o tpotdoewy,
TagvopdvTag TN olvdeot Yeta€d uiog unddeong xou Wag meoxelpevng mpdtacong ot Wia and Teelg xatnyopieg:
ouvenaywyy (entailment), oudetepdtnta (neutral) ¥ avtigoon (contradiction). Avtéc ou xatnyoplec avtio-
TolyolV oth xatavdnorn tou poviélou yia To av 1 unddeon npoxdNTEL AoYixd and TNV Teoxeluevy), elval doyetn
1} QUECO AVTUPAOAEL UE QUTHV.

Aedouévne g wavoTnTde toug vo YeipllovTton Slapoponouévee oNUaclohoYéS oyéoelg, Ta wovtéha NLI
TPOGPEEOLY €Val TOAUTIHO TANICLO Yiot AVTHIETOTLION Tou {IntAuatog tne aviyvevone hallucination oe yAwoowxd
HOVTERA. LUYXEXQLUEVA, Dlapoppmoaue To Tpolinua tne aviyveuone hallucination we épyo NLI: 8edouévng tng
£l0600L Tou TapdyeTon and To HovTENo, TNV omola opllovpe we v undleon (cuuPorileton we hyp), xou Tov
avtio oo otdyo N avaopd (cupBolileton we tgt), o oTdyoc elvon var tpocdlopto tel edv 1 TpdTooT tgt cuvendye-
T, AVTLQPAOXEL 1) TUPAUEVEL OLDETERT OF oYéam Ue TNV Tpdtaot hyp. e autd to mhaicto, Ta hallucinations Yo
EXONAWVOTOY WC AVTLPAOELS 1) OUBETEPES OYETELS, TAPH (O CUVETOY WYECS.

T v eappoyh authic e Tpocéyylong, emhéZaue évo mpo-exmoudeuvuévo povtého NLI nou elvon Swdéoipo
uéow tou Hugging Face library, ocuyxexpiuéva ye v apyttextovixy mDeBERTa-v3-basel, to onolo €yel ex-
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moudeutel o W YeYIANG xAlpoxag tohdyAwooo civolo Bedouévev. H ypron autol tou poviéhou mpoopépel
capy) TAeovEXTAUATA AOYL TNE IXAVOTNTAS TOU Vo YetplleTon €vor eupd PACUA YAWCOIXWY BOUMY Xal YAWGGTOV,
xoo TOVTAC TO WBLfTEP TPOCUPUOCULO GToL TOWKIAA Xl TOAUTAOXOL SESOUEVA TTOU CUVAVTHCOYE.

INo va tpocopudcouye tepantépw To poviého NLI otig elduxée anathoelg e gpyasiag pog, To exnadedooue
Tepoutépe (finetuning) yenowwonoldvtoag T oUvola eTdpWoNG PE TIG ETETES Tous. Autd To Bua pog enétpede
Vo BLEUPUVOLPE TIC BUVATOTNTES TOU HovTENO oTo Vo evtonilel Tic Aentée daxploelc mou elvar amapaitnTes Yo
Tov evrtomiopo hallucination otic naupaydueveg e£68oug. Me autd Tov 1pdT0, EVIoYUCAUUE THY IXAVOTATA TOU VA
draplvel av 1 moparyouevn é€odog amd To poviého evduypopuileton ¥ amoxAlvel and Ty avopopd, BEATLOVOVTAC
ATOTEAEGUATIXG TNV AEBOGCY) TOU OE AUTO TO CUYXEXQLIEVO TOUEN.

Avtn) n mpocéyyion e petatponic e aviyveuone hallucination oe épyo NLI Sev mopeiye uévo évo cogpée
mhaloto v v a&lohdynon e Aoyixrc cuvoyrc UeTaEd NG mopayouevng e€600U xou TG ovapopds, ARG
pog enétpede enlong vo vo a€loToCOVE Ta TAEOVEXTAUATA TwVY cUYYPoVwY woviehwy NLI. Me tnv epopuoyn
ATV TWV HOVIEAWY, UTORECUUE Vo PEPOLUE ol Sounuévr, Tumixy pédodo oto €pyo tng aviyvevone halluci-
nation, npoo@épovtoc BeATiwpévn axpifei 6TOV EVIOTIOUS TOHTE TO TAPAYOUEVO XELUEVO NTOV CUVETES UE TNV
avapevopevn €€odo 1 napouvaiale otouyeia Peuvdaioinonge.

Fine-tune npo-exnoudsupévou Lovtéro yvia aviyveuvorn hallucination

H aviyveuorn hallucination efvar pior onuavtixy mpdxinorn otov topéa tne eneepyaciag Quoxic YAOOOUG.
Ye aut6d To xelUEVO TAUPOUGLALETOL [l TPOGEYYLOT TOU YENOWOTOLEL £Val TPO-EXTOUOEVUEVO LOVTEND Yiol TNV
aviyvevon hallucination oto clvoho dedouéveyy SHROOM. Metd and tnv apyixr exmaldeuon oto dedouéva
ocuvenaywyNS xewwévou, To Yovtého umofdiletan oe mepautépw exmaldeuoy) oe clvoha dedouévwy mepihndng,
mpoxeévou va Behtiwdel 1 txavotnTtd Tou va aviyvetel to hallucinations. To telxd poviého mopdyel plo
mdavohoywr] e£680 mou diver pa Barduoroyio miavdTnTag yia To xatd tdéco éva xelpevo nepthayBdver halluci-
nation.

H diadixaota exnoldeuone tou poviéhou yivetaw pe ) yerion emxdpwone, 61ou To Hovtého exnaudeletal e €val
Hxp6 LTOGUVORO Tou cLuVOAoL dedouévwy SHROOM. Metd to népac tng exnaldevong, To poviého afloloyelton
YENOWOTOUOVTAS €VoL XATW@AL, To onolo xadop{lel moto e€680¢ Vewpelton we opd xou mota we hallucination.
H egappoy? authc e mpocéyylone emTpEnet TNy allohdYnon Twv anoTteAeoudtwy xou T Mn anopdoewmy yio
v mapouasio hallucination.

H npotewvbpevn npocéyylon €xel apxetd mheovextriuatoa. Kotapydc, to npo-exnoudeuyévo yoviélo mou yenot-
porotelton €yel exnoudeutel o SeBOPEVA CUVETAYWYTC XEWEVOU, TEOGBIBOVTUC LoYLET XAVOTNTA GTO UOVTEAO
vou ovory vepller T ouvoy xan Tic oyéoels YeTadl Twv npotdoewy. AeldTEpov, N TPOCEYYION EMLTEETEL TNV EU-
ENXTn xATWPAWOT, BivovTag TN BuVATOTNTH TEOCUPUOYNHE TOU XATwPAlOL avdloyo pe To eninedo avoyhc Yo
hallucinations. Télog, o pnyaviouds xatwehiou mageyet yio duadxr tagvdunon yio topoucio hallucination,
xaHoTOVTAS THY OmOPUCT) O AT} Yol TR TLXT XeNo).

‘Ol autd Tor yapax et Tixd xarhoTobY TNV TEOTELVOUEVT TPOCEYYLOT| AMOTEAECUATIXY Yot AELOTLGTY) GTOV TOULd
e aviyvevone hallucination. Ou nelpapatinée alloloyhoelc €xouy dellel 6Tt To povtélo elvan euaiointo ota
hallucinations xaw urnopel vo avaryvwpioel pe axpifBela TIC TEQINTWOELS TOU ATOXAILVOUY OO TNV TEAYUATOAOYIXH
oxpiBeto. MelovTinég enextdoele auTrhg TN TPOCEYYIOEWS UTOPOUY VO TEQLAOUBAVOUY TOV EXGUYYPOVIGHO
TV dedopévwy exnaldevone ue ewixd ocevdpta hallucination xou tn yerorn mo noOAUTAOXWY POVTIEAWY TOU Vo
Behtidoouv tepantépwy TN axpifBelo xou Ty euehi&la TOU CUGTAUATOE AViyVEVOTC.

TaZwounthic ¥nygogopiag

H tehuh| poc pedodohoyr) mpocéyyion Pooiletar otnyv yehon evoc talvounty Pngogopiac yia T cuVEVKOT
TV TpolAédewy and molhamAd poviéha. O talvounthc Pmpogpoplac cuyywvelel TiC €L0OB0UC TWV HOVTENWY
xa mopdryel évar o a€lomoTo xou axplBéc amotéheopa Bacloyevog oty mAstodnela TV tpoBiédeny. Auth 1
TPOGEYYLON EMUTEETEL 6TOV TadivounTth Yngogopiog va aflomolel Tar LoVodLXd TAEOVEXTAUATA XEVE LOVTENOU Xou
va SLopivel Tuy 6V aduvaies 1 TEpLoploolE EVOS UEUOVOUEVOU HOVTEROU.

O ta€vounthc Pngogopioc urnopel va aviyvelel Sldpopoug TOTOUS AmoXAOEWY, OTKS TS CUVTAXTIXES XAl ONULAOL-
ONOYWNEC OCUVETIELES, EMWPEAOVUEVOS UTd TLC DLaPORETIXES BuVITOTNTES xde wovtéhou. H cuyxévipwon autdv
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TOV BLUPOPETIXMY TpooTTXY 0dNYel oe o axplfelc xar oloxAnpwuéves npoBAédetc, evioybovtog Tn cUVOAMXT
an6do0T %ol XNC THOVTNE TO CUCTNUO To VIEXTIXG OTNY TOAUTAOXOTNTA TV DEBOUEVLV.

Emniéov, o ta€vountric dnpogopioc mapéyel yeyollteen evehiéio oTic anogdoelc Tou, xaddc Umopel vo un-
ohoyilel 10 m0600TH TV PoVTEAWY Tou Tadvopoly éva amotéhecpo w¢ hallucination. Auth n mpooéyyion
TAPEYEL Wit Lo AETTOERT €ixbval Tou Borduot hallucination oe éva onuelo Bedouévmy xaL ETLTEENEL TNV LERAEYNON
TWV TMEPLTTOCEWY YLo TEPOUTERE avdAuaT 1) Beltioon.

H mpocéyyion tou cuvélou elvon Wftepa yeriown otnyv aviyvevorn hallucination, xadodg Bondd otny av-
TIUETOMON TNS TOAUTAOXOTNTAC XU TN METOBANTOTNTOC TwV dedouévev. Me tn cuvduaouévry npofBolr Twv
TpoPBAEPEWY TOAMATAGY HOVTEAWY, 0 Tadvounthc Yngogoplac umopel va metlyel yio mo axplfr xotavonon
twv hallucination. Me authv v TpocéyyLon, SNULOVEYHCOUE €V LoYVEO XoL TEOCUPUOCLUO GUCTNUA YId TNV
aviyveuon hallucination.

Yuvolxd, o ta€vopntic Pngogoplac dev Behtidvel wévo v oxpifeto twv tpoBiédewy, ahhd mpoo@épel xau
Lol TILO BLOPOPOTIOLNUEVT TEOGEYYLOT YIOL TNV XATAVONON TWV TOAUTAOXWY ATOTEAECUITWY XL TNV aEloAdYNo
e eymotoolvng otic npoBiédelc. H mpocéyyion tou cuvdrou xepdilel tic tpoxinoeic mou eugavilovtal otny
aviyveuon hallucination xo emBeBaichver Ty adlomiotion xon TNy emextacudTNTO TS AVONG HOG.

Prompting

Xty tedi poc mpocéyylon yia tnv aviyveuor hallucination, egapudoope tn uédodo Prompting twv Meydhwy
I'\wooxdy Movtéhwy (LLM) o¢ o e€ehiyuévn otpatnyn yio Ty evioyuon e axpiBetog xou e adlomotiog
TWV TOPAYOUEVWY omoteheoudtoy.  Auth n uédodoc ofionolel Tic mponypéveg duvatdtnteg TwV TEAEUTAlOKC
teyvohoylag LLM, emitpénovtdg pag vo napdyouye, vor a€lohoyoUlE xou VoL BEATUVOUIE cuaThaTixd Tig e€6Boug
YL TOV EVIOTIUOUO ol TOV PETELHoUS Tou mepleyouévou hallucination.

Iot vor emTOyOUPE TOUS OTOYOUC oG, YENOoLLoTooae éva eupl @dopa and LLMs, cuunepihopfovouévewy o&-
oonpelnTtoy poviéhwy 6mwe to Gemma, to Mistral xou to Llama. Autd to yovtého emAéydnpay yio Tig
EEYWPLOTEG UPYITEXTOVIXES Xl T BUVATE TOug omueia, To omola Uag TOEELYOY ULl ONOXANPWUEVT EQYONELO-
O oo Ty aviyveuon hallucination. H pedoBoloyia poc evowudtwoe yia oAl TexVixdV npoteonhc
TOU OMOCXOTOVUCAY GTY| UEYLOTOTOMAY TV SUVATOTATWY TOV UOVTEAWY Yid TOV oxpl3r] EVIOTIOUO oL TNV olv-
netodmon hallucination. Xuyxexpéva, yenowdonoioope teyvixée ue zero-shot prompts, chain of thought
reasoning, xou few-shot.

H teyvuer| zero-shot pog enétpede va {Intricovue omd ta povtéha va exteréoouy epyaoiec ywpelc mponyolueva
napadelypata, enttpénovtde toug va Boacilovton oty eXToUBELUEVY] YVOOY TOUC YLol VoL TOEdyOUV OAVTNOELS.
Avuti| 1 npocéyyion frav Wialtepa yerowun os oevdplo 6Tou Ta cuyxexpluéva napadelyuato hallucination Atov
EAGYLOTO, ETUTEETOVTAS EVPVTERY] YEVIXEUCT] OTA AMOTEAEGUATA TWY HOVTEAWY.

1.5 Ileipopotind Meépog

1.5.1 OpotdotnTta TpoTACEWY

EeXvOVTIG To TERGUOTA UAS, YPNOLOTOCOUE SLdpopa Tpo-exTaldeupéva LovTéha apyLtextovixrg transformer
Y1 VoL XWOXOTOLACOUPE To «tgty» xan To «hyp» xdde delyportoc twv dedopévwy oto validation ohvolo dedopévnv
, T600 610 G0voAo dedouévwy model-aware 660 xal 6to chvolo dedouévwy model-agnostic. To enduyevo Priua
ATOY 0 UTOAOYLOUOE TOU GXOP OUOLOTNTOC AUTKY TV 000 TEOTACEWY. YIA VO TO XAVOUUE QUTO, YPNOULOTOLCUUE
Budpopec Yet680uUC LTOAOYLOWOU ATOCTICEWY, OTWG 1) eLXAE(BELX amdoTaoT, 1 anéotacy manhattan, 1 opoldTnTa
ocuvnuitovou xan uedodoug clustering.

Y RoAoYLOWOG ANOCTACT G

I tic unohoyldpevee anoctdoels, HTay andpaltnto v xadoploTel éval XUTIAANAO XxATOPAL Yo TNV exTtéleon
duadxfc Tagvounong, o6mou xdde onueilo dedouévwyv Vo yapaxtnewldtay eite wg «Hallucinations efte wg
«Not Hallucinations. Metd tn Sieloywyn wiog oelpde SLEpeLYNTIXDY TEROUATWY YL TOV TEOCOIOPLoUS EVOS
xatdAAnhou xatw@hiou, tapatneooue 6Tl emTuyydveTton Yeyahitepn axpifela Togvounong 6tay yenotponoteitol
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

O XATOPAL 1) BLPESOC TV TWOY TwV anoctdoewy. H Siduecoc diaywpllel anoteheoyatind to clvoho de-
dopévwy e dUo Wad, dloxplvovtag Tic uPnAdTepeS TiéS and Tig youniotepes. Ta xatdtato dpia mou npoéxuday
yia xdde poviého xar ohvoho dedouévwy mapovatdlovtar 6to AppendixA.

Agol xadopiotnxay o xatdQMa, 1 duader Tadvounoy meoyuatonoinxe clugwva Ue Ty oxéioudr Oi-
adixaoio:

o Tia Tig euxAeideleg anoocTdoelg xaw Tig anoc tdoelc Manhattan, apyixd xovovixomotfoope
TS UTOAOYIOHEVEG OMOCTICELS Yiol VO TIEPLOPIOOUUE TG TWESC TOUg EVTOG TOU £0poug [0, 1]. Metd v
xavovixornolnon, éva onueio dedouévev tadivourinxe we «Hallucinations €dv n xavovixononuévn ando-
1007} Tou UTEEéBatve To XxATOPAL. XNy teplntwon auth, 1 mbavétnta hallucination, nou cupBoiileton wg
p("Hallucination’), opictnxe {on e v avticTolyn XUVOVIXOTONUEVY] AT TUOT).

e I'ia TNV opoldéTNTA cUVNiTOVOUL, 1) ontola ex PUoENS amodidel pio Badporoyio opodtntag wetald
0 xou 1, ouyxpivaue t Poduoroyla ye to xatdgi. Edv n Baduoloyio opoidtnrag frav younidteen
and To XATOPAL, To onuelo dedouévwyv yapaxtnplotnxe we «Hallucination». e autd to oevdplo, 7
mdovétnto hallucination, p(’Hallucination’), unoloyiotnxe we éva peiov ) Boduoroyio opoidtntag
(dnhad¥), p("Hallucination’) = 1 - Badpoloyio opoldtnroc).

To amoteéopata yio T peteixny| axplBetag napovaidlovton otoug mivaxeg 1.3,1.4,1.5,1.6. Ta anotehéopato yia
N PETEIXY OUCYETIONG Spearman mapeyovTal oToug mivaxeg 1.7,1.8,1.9,1.10
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Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.61 0.59 0.61
stsb-roberta-large 0.7 0.7 0.7
all-distilroberta-v1 0.65 0.65 0.65
all-MiniLM-L6-v2 0.66 0.66 0.66
all-MiniLM-L12-v2 0.66 0.66 0.66
all-mpnet-base-v2 0.67 0.67 0.67
all-roberta-large-v1 0.65 0.65 0.65
paraphrase-MiniLM-L6-v2 0.66 0.67 0.67
paraphrase-mpnet-base-v2 0.7 0.7 0.7
multi-qa-MiniLM-L6-cos-v1 0.66 0.66 0.66
paraphrase-MiniLM-L12 0.67 0.67 0.67
paraphrase-MiniLM-L3 0.65 0.66 0.65
paraphrase-TinyBERT-L6 0.68 0.68 0.68
paraphrase-distilroberta-base 0.66 0.69 0.67
xlm-r-distilroberta 0.67 0.68 0.67
stsb-roberta-base-v2 0.69 0.7 0.69
stsb-roberta-large 0.7 0.7 0.7
stsb-distilroberta-base-v2 0.67 0.67 0.68
stsb-mpnet-base-v2 0.7 0.7 0.7
multi-qa-distilbert-cos-v1 0.66 0.66 0.66
multi-qa-MiniLM-L6-cos-v1 0.66 0.66 0.66
sentence-thH-base 0.71 0.71 0.71
sentence-t5-large 0.72 0.72 0.72
gtr-t5-base 0.68 0.68 0.68
gtr-tb-large 0.68 0.68 0.68
ng-distilbert-base-v1 0.65 0.65 0.65
nli-distilroberta-base-v2 0.68 0.69 0.68
sentence-transformers _paraphrase- 0.68 0.67 0.67
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.69 0.7 0.69
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.63 0.63 0.64
multilingual-cased-v2
sentence-transformers paraphrase- 0.67 0.68 0.67
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.68 0.67 0.67
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.68 0.67 0.67
multilingual
sentence-transformers_ stsb-xlm-r- 0.68 0.68 0.67
multilingual
sentence-transformers__ distiluse-base- 0.63 0.63 0.64

multilingual-cased

Table 1.3: Accuracy Tou test model-agnostic cuvéhou dedopévwv

27



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.55 0.55 0.54
stsb-roberta-large 0.59 0.6 0.6
all-distilroberta-v1 0.58 0.58 0.59
all-MiniLM-L6-v2 0.57 0.57 0.57
all-MiniLM-L12-v2 0.58 0.58 0.58
all-mpnet-base-v2 0.58 0.58 0.58
all-roberta-large-v1 0.59 0.59 0.58
paraphrase-MiniLM-L6-v2 0.56 0.58 0.56
paraphrase-mpnet-base-v2 0.59 0.59 0.59
multi-qa-MiniLM-L6-cos-v1 0.57 0.57 0.56
paraphrase-MiniLM-L12 0.56 0.57 0.56
paraphrase-MiniLM-L3 0.55 0.57 0.56
paraphrase-TinyBERT-L6 0.56 0.58 0.56
paraphrase-distilroberta-base 0.57 0.59 0.57
xlm-r-distilroberta 0.59 0.58 0.58
stsb-roberta-base-v2 0.57 0.58 0.57
stsb-roberta-large 0.59 0.6 0.6
stsb-distilroberta-base-v2 0.57 0.57 0.57
stsb-mpnet-base-v2 0.58 0.59 0.58
multi-qa-distilbert-cos-v1 0.57 0.57 0.57
multi-qa-MiniLM-L6-cos-v1 0.57 0.57 0.56
sentence-thH-base 0.6 0.6 0.6
sentence-t5-large 0.62 0.62 0.62
gtr-th-base 0.58 0.58 0.58
gtr-tb-large 0.59 0.59 0.59
ng-distilbert-base-v1 0.58 0.58 0.58
nli-distilroberta-base-v2 0.58 0.58 0.58
sentence-transformers _paraphrase- 0.57 0.58 0.57
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.58 0.58 0.58
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.56 0.56 0.56
multilingual-cased-v2
sentence-transformers paraphrase- 0.59 0.58 0.58
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.57 0.57 0.57
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.57 0.57 0.57
multilingual
sentence-transformers_ stsb-xlm-r- 0.58 0.59 0.58
multilingual
sentence-transformers__ distiluse-base- 0.56 0.56 0.56

multilingual-cased

Table 1.4: Accuracy tou test model-aware cuvoiou dedouévemv
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Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.67 0.65 0.67
stsb-roberta-large 0.74 0.74 0.74
all-distilroberta-v1 0.68 0.68 0.68
all-MiniLM-L6-v2 0.69 0.69 0.69
all-MiniLM-L12-v2 0.69 0.69 0.69
all-mpnet-base-v2 0.68 0.68 0.68
all-roberta-large-v1 0.71 0.71 0.71
paraphrase-MiniLM-L6-v2 0.74 0.71 0.74
paraphrase-mpnet-base-v2 0.72 0.72 0.72
multi-qa-MiniLM-L6-cos-v1 0.71 0.71 0.71
paraphrase-MiniLM-1.12 0.74 0.72 0.74
paraphrase-MiniLM-L3 0.7 0.7 0.69
paraphrase-TinyBERT-L6 0.71 0.72 0.7
paraphrase-distilroberta-base 0.72 0.73 0.72
xlm-r-distilroberta 0.72 0.73 0.72
stsb-roberta-base-v2 0.75 0.75 0.75
stsb-roberta-large 0.74 0.74 0.74
stsb-distilroberta-base-v2 0.73 0.74 0.72
stsb-mpnet-base-v2 0.75 0.75 0.75
multi-qa-distilbert-cos-v1 0.69 0.69 0.69
multi-qa-MiniLM-L6-cos-v1 0.71 0.71 0.71
sentence-thH-base 0.73 0.73 0.73
sentence-t5-large 0.74 0.74 0.74
gtr-t5-base 0.69 0.69 0.69
gtr-tb-large 0.7 0.7 0.7
ng-distilbert-base-v1 0.69 0.69 0.69
nli-distilroberta-base-v2 0.72 0.72 0.72
sentence-transformers _paraphrase- 0.73 0.72 0.73
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.73 0.73 0.74
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.66 0.66 0.67
multilingual-cased-v2
sentence-transformers paraphrase- 0.72 0.73 0.72
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.72 0.72 0.72
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.72 0.72 0.72
multilingual
sentence-transformers_ stsb-xlm-r- 0.72 0.73 0.73
multilingual
sentence-transformers__ distiluse-base- 0.66 0.66 0.67

multilingual-cased

Table 1.5: Accuracy Tou validation model-agnostic cuvéhou dedouévwy
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Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.53 0.53 0.53
stsb-roberta-large 0.58 0.59 0.58
all-distilroberta-v1 0.57 0.57 0.56
all-MiniLM-L6-v2 0.56 0.56 0.56
all-MiniLM-L12-v2 0.57 0.57 0.57
all-mpnet-base-v2 0.56 0.56 0.56
all-roberta-large-v1 0.57 0.57 0.57
paraphrase-MiniLM-L6-v2 0.55 0.57 0.55
paraphrase-mpnet-base-v2 0.57 0.59 0.57
multi-qa-MiniLM-L6-cos-v1 0.55 0.55 0.55
paraphrase-MiniLM-L12 0.57 0.57 0.57
paraphrase-MiniLM-L3 0.54 0.56 0.54
paraphrase-TinyBERT-L6 0.55 0.56 0.55
paraphrase-distilroberta-base 0.55 0.55 0.55
xlm-r-distilroberta 0.57 0.57 0.56
stsb-roberta-base-v2 0.56 0.58 0.56
stsb-roberta-large 0.58 0.59 0.58
stsb-distilroberta-base-v2 0.55 0.56 0.56
stsb-mpnet-base-v2 0.56 0.56 0.57
multi-qa-distilbert-cos-v1 0.55 0.55 0.55
multi-qa-MiniLM-L6-cos-v1 0.55 0.55 0.55
sentence-thH-base 0.58 0.58 0.58
sentence-th-large 0.61 0.61 0.6
gtr-th-base 0.56 0.56 0.55
gtr-tb-large 0.57 0.57 0.57
ng-distilbert-base-v1 0.56 0.57 0.56
nli-distilroberta-base-v2 0.57 0.57 0.57
sentence-transformers _paraphrase- 0.55 0.58 0.55
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.58 0.59 0.57
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.53 0.53 0.54
multilingual-cased-v2
sentence-transformers paraphrase- 0.57 0.57 0.56
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.55 0.55 0.55
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.55 0.55 0.55
multilingual
sentence-transformers_ stsb-xlm-r- 0.57 0.58 0.57
multilingual
sentence-transformers__ distiluse-base- 0.53 0.53 0.54

multilingual-cased

Table 1.6: Accuracy Tou validation model-aware cuvélou Sedouévwy
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.35 0.33 0.36
stsb-roberta-large 0.56 0.56 0.56
all-distilroberta-v1 0.43 0.43 0.43
all-MiniLM-L6-v2 0.43 0.43 0.43
all-MiniLM-L12-v2 0.44 0.44 0.44
all-mpnet-base-v2 0.47 0.47 0.47
all-roberta-large-v1 0.45 0.45 0.45
paraphrase-MiniLM-L6-v2 0.46 0.47 0.46
paraphrase-mpnet-base-v2 0.54 0.53 0.54
multi-qa-MiniLM-L6-cos-v1 0.46 0.46 0.46
paraphrase-MiniLM-1.12 0.5 0.49 0.51
paraphrase-MiniLM-L3 0.41 0.43 0.41
paraphrase-TinyBERT-L6 0.48 0.5 0.48
paraphrase-distilroberta-base 0.48 0.5 0.48
xlm-r-distilroberta 0.48 0.49 0.48
stsb-roberta-base-v2 0.54 0.56 0.54
stsb-roberta-large 0.56 0.56 0.56
stsb-distilroberta-base-v2 0.49 0.51 0.49
stsb-mpnet-base-v2 0.56 0.56 0.56
multi-qa-distilbert-cos-v1 0.46 0.46 0.46
multi-qa-MiniLM-L6-cos-v1 0.46 0.46 0.46
sentence-thH-base 0.57 0.57 0.57
sentence-t5-large 0.59 0.59 0.59
gtr-t5-base 0.48 0.48 0.48
gtr-tb-large 0.5 0.5 0.5
ng-distilbert-base-v1 0.42 0.42 0.42
nli-distilroberta-base-v2 0.49 0.52 0.49
sentence-transformers _paraphrase- 0.5 0.49 0.5
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.54 0.55 0.54
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.41 0.41 0.41
multilingual-cased-v2
sentence-transformers paraphrase- 0.48 0.49 0.48
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.49 0.49 0.49
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.49 0.49 0.49
multilingual
sentence-transformers_ stsb-xlm-r- 0.5 0.51 0.5
multilingual
sentence-transformers__ distiluse-base- 0.41 0.41 0.41

multilingual-cased

Table 1.7: Yuoyétion Spearman tou test model-agnostic cuvélou dedopévwv
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.04 0.04 0.05
stsb-roberta-large 0.11 0.12 0.2
all-distilroberta-v1 0.12 0.12 0.14
all-MiniLM-L6-v2 0.1 0.1 0.11
all-MiniLM-L12-v2 0.11 0.11 0.14
all-mpnet-base-v2 0.1 0.1 0.1
all-roberta-large-v1 0.12 0.12 0.12
paraphrase-MiniLM-L6-v2 0.12 0.11 0.16
paraphrase-mpnet-base-v2 0.11 0.12 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.12
paraphrase-MiniLM-L12 0.09 0.11 0.11
paraphrase-MiniLM-L3 0.06 0.11 0.07
paraphrase-TinyBERT-L6 0.14 0.12 0.16
paraphrase-distilroberta-base 0.13 0.13 0.14
xlm-r-distilroberta 0.1 0.1 0.1
stsb-roberta-base-v2 0.16 0.13 0.2
stsb-roberta-large 0.11 0.12 0.2
stsb-distilroberta-base-v2 0.11 0.11 0.16
stsb-mpnet-base-v2 0.11 0.14 0.15
multi-qa-distilbert-cos-v1 0.1 0.1 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.12
sentence-thH-base 0.15 0.15 0.15
sentence-t5-large 0.16 0.16 0.16
gtr-t5-base 0.15 0.15 0.15
gtr-tb-large 0.14 0.14 0.14
ng-distilbert-base-v1 0.15 0.11 0.18
nli-distilroberta-base-v2 0.1 0.11 0.13
sentence-transformers _paraphrase- 0.15 0.11 0.2
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.12 0.13 0.12
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.12 0.06 0.13
multilingual-cased-v2
sentence-transformers paraphrase- 0.1 0.1 0.1
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.14 0.13 0.14
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.14 0.13 0.14
multilingual
sentence-transformers_ stsb-xlm-r- 0.15 0.14 0.16
multilingual
sentence-transformers__ distiluse-base- 0.12 0.06 0.13

multilingual-cased

Table 1.8: Yuoyétion Spearman tou test model-aware cuvélou Bedouévey
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.44 0.43 0.44
stsb-roberta-large 0.63 0.63 0.63
all-distilroberta-v1 0.53 0.53 0.52
all-MiniLM-L6-v2 0.54 0.54 0.54
all-MiniLM-L12-v2 0.53 0.53 0.53
all-mpnet-base-v2 0.55 0.55 0.54
all-roberta-large-v1 0.54 0.54 0.54
paraphrase-MiniLM-L6-v2 0.57 0.57 0.57
paraphrase-mpnet-base-v2 0.62 0.62 0.61
multi-qa-MiniLM-L6-cos-v1 0.56 0.56 0.56
paraphrase-MiniLM-L12 0.61 0.59 0.61
paraphrase-MiniLM-L3 0.52 0.53 0.52
paraphrase-TinyBERT-L6 0.56 0.59 0.56
paraphrase-distilroberta-base 0.6 0.62 0.6
xlm-r-distilroberta 0.57 0.59 0.57
stsb-roberta-base-v2 0.63 0.63 0.63
stsb-roberta-large 0.63 0.63 0.63
stsb-distilroberta-base-v2 0.6 0.62 0.6
stsb-mpnet-base-v2 0.64 0.64 0.64
multi-qa-distilbert-cos-v1 0.56 0.56 0.56
multi-qa-MiniLM-L6-cos-v1 0.56 0.56 0.56
sentence-thH-base 0.63 0.63 0.63
sentence-t5-large 0.65 0.65 0.65
gtr-t5-base 0.56 0.56 0.56
gtr-tb-large 0.58 0.58 0.58
ng-distilbert-base-v1 0.53 0.53 0.53
nli-distilroberta-base-v2 0.6 0.63 0.6
sentence-transformers _paraphrase- 0.62 0.6 0.62
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.64 0.63 0.63
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.54 0.53 0.54
multilingual-cased-v2
sentence-transformers paraphrase- 0.57 0.59 0.57
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.58 0.58 0.58
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.58 0.58 0.58
multilingual
sentence-transformers_ stsb-xlm-r- 0.62 0.62 0.62
multilingual
sentence-transformers__ distiluse-base- 0.54 0.53 0.54

multilingual-cased

Table 1.9: Yuoyétion Spearman tou model-agnostic cuvélou dedouévmv
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.05 0.06 0.07
stsb-roberta-large 0.13 0.13 0.23
all-distilroberta-v1 0.12 0.12 0.15
all-MiniLM-L6-v2 0.1 0.1 0.12
all-MiniLM-L12-v2 0.11 0.11 0.16
all-mpnet-base-v2 0.11 0.11 0.11
all-roberta-large-v1 0.12 0.12 0.12
paraphrase-MiniLM-L6-v2 0.14 0.13 0.18
paraphrase-mpnet-base-v2 0.13 0.14 0.13
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.13
paraphrase-MiniLM-1.12 0.1 0.12 0.13
paraphrase-MiniLM-L3 0.07 0.12 0.07
paraphrase-TinyBERT-L6 0.15 0.13 0.17
paraphrase-distilroberta-base 0.15 0.16 0.16
xlm-r-distilroberta 0.11 0.12 0.11
stsb-roberta-base-v2 0.17 0.14 0.21
stsb-roberta-large 0.13 0.13 0.23
stsb-distilroberta-base-v2 0.16 0.15 0.2
stsb-mpnet-base-v2 0.13 0.15 0.15
multi-qa-distilbert-cos-v1 0.1 0.1 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.13
sentence-thH-base 0.17 0.17 0.17
sentence-t5-large 0.19 0.19 0.19
gtr-t5-base 0.16 0.16 0.16
gtr-tb-large 0.15 0.15 0.16
ng-distilbert-base-v1 0.17 0.12 0.19
nli-distilroberta-base-v2 0.13 0.15 0.17
sentence-transformers _paraphrase- 0.16 0.13 0.21
multilingual-MiniLM-L12-v2
sentence-transformers _ paraphrase- 0.14 0.15 0.14
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.15 0.08 0.16
multilingual-cased-v2
sentence-transformers paraphrase- 0.11 0.12 0.11
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.15 0.14 0.15
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.15 0.14 0.15
multilingual
sentence-transformers_ stsb-xlm-r- 0.16 0.16 0.17
multilingual
sentence-transformers__ distiluse-base- 0.15 0.08 0.16

multilingual-cased

Table 1.10: Yuoyétion Spearman tou validation model-aware cuvéiou dedopévwv
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Opadoroinom

M dhhn uédodog mou yenouylomoioaue yio va BeAtidcouue 1 dadacion Taglvounong Hray 1 opadonoinom.
Yuyxexpwéva, utoloyicoue tny andotoaon petalld tou otdyou (tgt) xou tne unddeone (hyp) npoodiopilovrac
NV amoAUTY Blopopd LETAZ) TV AVTIOTOLY WY BLUVUCUOTIXGDY OVATUPAUoTACEWY TOUG. AuTH 1) UeTpxr] Xenoluevoe
¢ Bdon yio Ty opadonoinon twv onueiwy dedouyévmy. I'a Tov oxond autd, yenoylonojoope Tov ohydprduo K-
means, o onolog elval XATIAANAOC Yol TNV XUTATUNOT) DEDOUEVWV OE BDLAXELTEC CUCTABES UE BdoT TNV opoLoTNTOL.
O¢étovtac Tov apliud TV cLoTAdWY ot 800, eTBLOEAUE Vo XaTNYOoELOTOAoOLUE T LebYT OTOXWV-UTOYECEWY
oe 800 ouddeg, evtonilovtac étol potifa ¥ xowvd onuelo petadd Twv dedopévwy.

To anoteréopato e cuvotadomoinone ftay cuvenh Ye To eupfuato Tou mpoéxuday Yéow g uedodou ToE-
wounong ue Bdomn v andc oot ToU TEPLYRAPNXE OTO TEONYOoUUEVO UToxe@dhao. ‘Onwe galveton 6Tov Tivoaxa
1.11, n mpocéyyiomn opadonolnone mapelye MAPOUOLES XATNYORLOTOOELS, EVICYUOVTOS TepauTtépw TNV oviex-
TxéTNToL TNg etddou umohoylopol andotoonc. Autd Ta cuyxploo ATOTEAESUATO UTOBNADYVOUY OTL oL oL
800 TEYVIXEC Elval EYXUPEC X0 CUUTANPOUITIXES YIA TO CUYXEXPULEVO EpY0, TPOCPECOVTOS DLOPORETIXES OTTIXES
YoVieg yia TNV UTOXElPEVY XaTavouY) TwY SEBOUEVWLV, EVE TUPIAANAL ATOBIBOLY CUUPWVES TAEVOUNOELS.
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Model Test- Test-aware  Val- Val-aware
agnostic agnostic
bert-base-uncased 0.61 0.52 0.67 0.56
stsb-roberta-large 0.7 0.53 0.73 0.56
all-distilroberta-v1 0.65 0.52 0.65 0.55
all-MiniLM-L6-v2 0.64 0.52 0.69 0.54
all-MiniLM-L12-v2 0.66 0.53 0.67 0.56
all-mpnet-base-v2 0.66 0.51 0.68 0.52
all-roberta-large-v1 0.65 0.57 0.7 0.55
paraphrase-MiniLM-L6-v2 0.66 0.52 0.73 0.54
paraphrase-mpnet-base-v2 0.69 0.52 0.71 0.56
multi-qa-MiniLM-L6-cos-v1 0.65 0.53 0.7 0.55
paraphrase-MiniLM-L12 0.67 0.53 0.73 0.56
paraphrase-MiniLM-L3 0.65 0.53 0.69 0.56
paraphrase-TinyBERT-L6 0.67 0.56 0.70 0.54
paraphrase-distilroberta-base 0.66 0.56 0.72 0.54
xlm-r-distilroberta 0.68 0.52 0.72 0.566
stsb-roberta-base-v2 0.7 0.57 0.74 0.56
stsb-roberta-large 0.7 0.53 0.73 0.56
stsb-distilroberta-base-v2 0.67 0.51 0.72 0.54
stsb-mpnet-base-v2 0.70 0.53 0.75 0.56
multi-qa-distilbert-cos-v1 0.64 0.52 0.68 0.53
multi-qa-MiniLM-L6-cos-v1 0.65 0.53 0.70 0.55
sentence-thH-base 0.7 0.58 0.73 0.57
sentence-th-large 0.71 0.59 0.73 0.59
gtr-th-base 0.64 0.57 0.68 0.55
gtr-tb-large 0.67 0.59e 0.7 0.57
ng-distilbert-base-v1 0.64 0.52 0.68 0.54
nli-distilroberta-base-v2 0.67 0.52 0.73 0.55
sentence-transformers _paraphrase- 0.68 0.52 0.73 0.55
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.69 0.54 0.73 0.53
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.63 0.55 0.66 0.53
multilingual-cased-v2
sentence-transformers paraphrase- 0.68 0.52 0.72 0.56
xIm-r-multilingual-v1
sentence-transformers__ distilbert- 0.68 0.56 0.72 0.54
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert-  0.68 0.56 0.72 0.54
multilingual
sentence-transformers_ stsb-xlm-r- 0.68 0.57 0.71 0.53
multilingual
sentence-transformers__ distiluse-base- 0.63 0.55 0.66 0.53

multilingual-cased

Table 1.11: Accuracy ypnowonoudvtoc tTov akyderduo opadonoinone Kmeans
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1.5.2 COMET

Onwe avagépidnre mponyovuévee, to COMET eotidlel oto task tne petdgppaong oAld unopel va epoplooTel
xon oe dAAa task tou NLG. Etot, apyilouye ta nelpdpata yio o task tng yetdgppaong xou éneita cuveyilovye
ota unéiouna tasks.

It vou Tpoty LU TOTOLACOUPE Lot AETTOUERY] a€lohoyNo, Slaxplvaue mpdta Tt oyetixd onpelor dedouévmv mou
apoEOLY €WK TN UNYovixY| YETAPEaoT). XENOWOTOWWVTAS dUTE Tor onuelal DEBOUEVLY, EQUOUOCUUE TO UETEO
oUyxpione COMET vy va e€dyoupe wa nocotuxy| Boduoroyia, n omolo xuyaliveton omd undév €mg éva, ue
LVPNAOTEPES TIWESC VAL UTOBNAWVOUY avTERT, TOLOTNTOL PETAPpaons. Auth 1 uédodoc aflohdynone mapelye éva
AVTIXELEVIXS HETEO YIA TO OGO XAAd TOL HOVTEAN AMEDWTAY OGOV apopd TNV oxplBela, TNV EVYEPELX XAl TY) GUVO-
A modtnta e petdppaonc. Ta anoteléopato authc e adloldynone, Omne Tpoéxudoay and To TELPdUATS
o, mapovatdlovtal otov Ilivoxa 1.12, tpocpépovtag TANeogopieg YLor T GUYXELTIXT omOd0CT TWV UTd eEétao
HOVTEAWY.

30volo dedopévemy Accuracy Rho
Val agnostic 0.82 0.718
Val aware 0.71 0.64
Test agnostic 0.78 0.6
Test aware 0.75 0.61

Table 1.12: Accuracy xou Yuoyétion Spearman oto MT task ypnowonowdvtac to COMET

Yoveyilovtac o melpdpotd pag, epappélovue tny B pedodoroyio xou ota undrowna tasks (DM and PG)
napovatdlovtac Ta anotehéopata otoug Ilivaxee 1.13 and 1.14

Dataset Accuracy Rho
Val agnostic 0.68 0.48
Val aware 0.68 0.54
Test agnostic 0.69 0.5

Test aware 0.65 0.46

Table 1.13: Accuracy xou Xuoyétion Spearman oto DM task yenowonowbdvrag to COMET

Dataset Accuracy Rho
Val agnostic 0.68 0.54
Val aware 0.8 0.27
Test agnostic 0.74 0.47
Test aware 0.84 0.42

Table 1.14: Accuracy xou Yuoyétion Spearman oto PG task ypnowonowwdvtac to COMET

Agob umoloyioaye to anoteréopata yio to task Eeywpelotd, To evvomoiioope Yl Vo BydAoupe TEAXA
anoteléoopto afloAdynone yia ohdxhnpa ta cOvolo dedouévwy, ta omola paivovton otov Ilivaxa 1.15

1.5.3 Finetuning NLI pwovtéio

Ye auth TNV evOTNTA, TEPLYPAPOVUE TA TELRGMUATA TOU Tpaypatonoidnxay yior Ty oloAGYNoN TNS OTOTEAES-
HOTIXOTNTAC TNS TEpatTépy eEXTUldeUoTS HoVTERWY cuunepaopol puoic yYawhooas (NLI) otnv aviyveuon hal-
lucination ntov napdyovton and yeydho yhwoowd poviéda (LLM). Xenowwonotfiooye mpo-exnoudeupévo povtéha
NLI o to exmondedoaye Tepaltépw YENOLLOTOLMVTIS To cUvolo dedouévwy validation tou SHROOM. Eudu-
yeauuilovtog autd o wovtéra ue to €pyo tne aviyveuone hallucination, to exnoudedoope vo aflohoyolv
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Dataset Accuracy Rho
Val agnostic 0.74 0.55
Val aware 0.58 0.17
Test agnostic 0.73 0.53
Test aware 0.57 0.15

Table 1.15: Accuracy xou Xuoyétion Spearman yio 6Aa to task yenowponouwdvtog to COMET

oyéon UETAEY wag npdtaonc-otdyou (Boaouxh odfdeiar) xou pag uvnddeone (é€odoc and to LLM). Xt cuvéyelw,
7 unddeon talivopeiton elte we ouvemaydpevr, elite wg avTipatxy, lte we oudétepn ooV agopd Tov 6ToYO,
TapéyovTag €va mhaloto yio TNy aviyveuor hallucination.

Xernowponoloope éva mpo-exmondeupévo povtého NLI and tn Bihodxn Hugging Face, ouyxexpyéva apyitex-
tovufic mDeBERTa-v3-base. Auté to yoviého, uépog tng teltng emavdhndng tng owoyévelng DeBERTa
(Decoding-enhanced BERT with disentangled attention), exnowdedtnxe oe éva peydho noAOYAWSCO GUVORO
dedopévwy, xaoTdvTae To dploto utodriplo Yo Ty epyooio yac. H mpo-exnoidevon oe éva 1600 peYdAng
xhipoxag olvoho dedopévwy emétpede 6To LOVTEND VoL GUANEBEL €val EUPD PACUA YAWGOIXWDY YoROXTNELO TLXDY
xou potiBwv oe Sdpopec YAdooes, tpocépovtas wa otadepr| Bdom yia Ty enelepyaoia evos eLEEOS PACUATOC
YAWGOIXWY Bopdv. Autd fray {oTXAC ONUAGIAS VLol TOV YELPIOUO TNE TOAUTAOXOTNTOC Xok TNS UETOBANTOTHTOG
LV 0eBOUEVKY UE TO onold EPYAC TAXIUE, TOGO GO0V aPopd TN YAWCOLXY| TOLUAOUOE@I0 HGO XL TOL YAUEAUXTNELO-
TG TEPLEYOUEVOU.

To povtého NLI elye %00 exnoudeutel oto noAOYAwGGo clvolo dedouévwy multilingual-nli-26lang-2mil7 xou
oto o0Ovolo dedouévwy emxdpwone XNLI, to onola neplelyay Teelc eTixétes: «oUVETAYWYN», “oudétepn’ Xou
“avtipaon”. Katd tn didpxeia tng exmaldevone, avtiotoyioope v etnéta «Ilopoucdnoeicy otnv «oavtipaons
xa TNV eTxéta <Oyl mapaoUoeicy 0Ty «CUVETAYWYY)», ONUIOVEYMVTOS Wiol Suadxr TavOUNa Yl VoL avo-
TOEOC THOOUUE UE GUPNVELX TNV TUPAUGUNGLOYOVO QOGT TOU TEPLEYOUEVOL. AUTOC O UETACY NUATIOROG arhonoinoe
1 Braduxaoto expdinone TopéyovTtag Blaxpltéc eTUXETEC GTO HOVTERO Yia TN Bidxplon petalld mopacUnoloyovewy
X0l U] ToeaoUnoLoYOVWY TEPITTWOOEWY.

Tehxd, o cuvduooudg eVOC LoyUEOD TEO-EXTOUOELUEVOU UOVTEAOU Ue TNV e€edixeupévr yua xdde epyaoia
telelonolnon pog emétpede vo avantiioupe évo eCoupeTind egeldixeuuévo epyaheio Yl v aviyveuon hallu-
cination oe mapayoueveg amavtioeg. H ixavédtnta tou yovtélou va Aettoupyel anotekeoyatind oto mAalolo tng
epyooiag pac evioyvinxe, Swogaiilovtac 6Tt Yo unopovoe vo xdvel tig axplBelc dloaxploeic mou amoutolvral ylot
N Bertinon e cuvohixic ToldTNToC Xou KELOTUG Tl TOU TAPAY OUEVOU TERLEYOUEVOU.

Metd v exnaidevon, ot mpofrédelc Tou yovtélou alohoyinxay yenoiponowdvtos wo Podporoyla cuverory-
WYNC XU EQPUPUOCTNXE €V TEOCEXTIXA ETAEYHEVO XUTWEAL Yiar T1) Sidxptor ueto€l hallucination xan un hallu-
cination. Méow mepopatiopo, dmotwoope Ot éva xatweil 0,8 Behtiotonoinoe Ty axpifeia Tou doxiuao-
TixoU pag cuvorou. Emmiéov, yio tov unohoyloud tou mococtol hallucination yia xdde onueio dedopévwy,
APAUEECUUE TO TOCOGTO CUVETAYWYNE amd To 1.

Ou unepnopduetpol mou yenotwonoidnxay yio to finetuning tou povtéhou NLI tautilovton pe exelveg mou
yenowonoldnxay xatd Ty exnaidevon tou apyxol wovtéhou. H emdoyy| twv uneprnopoyétpny axohovinoe
Lol OELRA TIELOUUATOY, ToL oTtolal amédwoay onuoavTixd younidtepo enineda oxplBelac. Oployéva and ta telpduoto
epgavilovtan otov Hivaxa 1.16, eved yior Aemtopepic TEPLYpOPY| TWV TOPUUETEWY TOU YENOWOTOL UMY YLot TNV
exmaldevor autod Tou povtéhou NLI nepiypdpeton otov Ilivoxa 1.17.

To anoteréopata TpLy xou HeTd To finetuning gouvovton otov Iivoxa 1.18

Fine-tune npo-exnoudsupuévou poviého yia aviyveuon hallucination

To finetuned povtého unoBridnxe oe yio ohoxhnpwuévn Sodixactio exmaldeuone xou afloAdynong, o€loToLdVTaS
to dedouévor SHROOM rnou nopelyav ot Slopyavwtég tou task. To dedopéva autd ftoav amapaitnTa Yo T
exnaf®eucT Tou povtélou WoTe va aviyveVel ye axp{Bela ta hallucinations otic mopayodpeves e€6doug. Buy-
XEXPWEVA, TO UOVTEAD eXTToudENTNXE Ypnouylonowwvtag Tto validation cOvolo dedopévwyv,ue Tig ETIXETES YLol TNV
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epochs Ir warmup ratio weight decay accuracy

5 2e-05 0.06 0.01 0.83
10 2e-06 0.1 0.01 0.75
5 2e-04 0.01 0.05 0.53
5 2e-05 0.05 0.001 0.8
5 2e-06 0.08 0.1 0.79

Table 1.16: Accuracy oto trial-set yio tov xadopioud twv uneprnapauétpnv. H npdtn oeipd delyvel tic
UTEPTUPAUETEOUG TToL ETAE YOy,

Hyperparameter Value

train dataset validation set (1,000 samples)
learning rate 2e-05

epochs 5

warm-up ratio 0.06

weight decay 0.01

Table 1.17: Trepnoapduetpol mov yenotponodnxay yia To fine-tuning

test agn test aware val agn val aware  trial
Before finetuning 0.744 0.736 0.772 0.735 0.812
After fine-tuning 0.751 0.77 - - 0.83

Table 1.18: Accuracy twv nli yovtéhwyv mptv o uetd to finetuning

aviyvevon hallucination, xou 1 omédocy| Tou a€lohoyHINXE GTN GUVEYELL YENOULOTOLOVTAS EVOL SOXLIAUT TIXO
OGUVORO YLl Vo DLacQoNoTeL OTL YEVIXEVETOL XOhd O XavoupLa DEDOUEVAL.

Y @don tne npoenelepyaciog, xdle onuelo BedOPEVLY TPOETOWAOTNXE TPOGEXTXE YA TNV ELOAYWYT GTO
povtého. E€aydyaue 8o Baoixd otouyelo and xdile nepintwon: v unddeon (hyp) xaw Tov atdyo (tgt). To hyp
QVTITPOCWNEVE TNV TopayOuevn €€000 and to Yovtého nou énpene va a&lohoyniel yio hallucinations, eved to tgt
yenoipeve we avagpopd N Baou ahrideia, tapéyovtag tn Bdon yia obyxplon. Autd ta otolyelo TpogodoThdnx oy
OTN GUVEYELL GTO LOVTERO YLol VoL Tou emiTeédouy va aflohoyhoeL edv 1 Topayouevy é€odog evduypaupileton ye
T0 xelyevo avapopdg 1 anoxiivel ue Tpdmoug mou uTodniwvouy hallucinations.

INo va evioyooupe TEpaTERW TNV ANOBOCT| TOU HOVTEROL GGOV 0Popd OGO TNV axp(Beld 630 ot TNV XAVOTNTY
Tou va TpoBiénel Ty mdavétnta hallucination (p(‘Hallucination’)), egopudoaye pla otpatnynf) SimAAC ex-
naldevong. Auth 1 otpatnywr Aoy xodoploTixig onuaciag Yo T BeAtiotonoinom twv teofAédewy Tou pov-
Téhou xau N Bertiwon e eveli&lag Tou.

Yy npdTn enavdhnd, exnoudelooye t0 HoviEho yenouonowdvtog duadixéc etétec: '0” yia hallucinations
xat '17 v un hallucinations. Aut| n duadueh tagivounon enétpede 6To UOVTEND Vo hofdvel anhéc anopdoelg
OYETIXA PE TO av Wi Bedouévrn unddeon nepielye ¥ oyt tapancdnoloydvo nepleyduevo.

Y Seltepn enavdindr, axolouldoaue wa o Blapoponoinuévn TeocEYYLoT, Yenowlornownvtag etixéteg float
TOU OVTLTPOCWTELAY TO cuuThipwua e Tdavdtntoe hallucination, ¥ (1-p(‘Hallucination’)). Autéd enétpelde
GTO HOVTENO Vo Topdyel Wa mo Aentouept| Paduohoylo mdavotnrag, aviixatontellovtac tnv mdavétnta hal-
lucination otnv napayouevn é€08o xou Oyl amhoe amodidovtae wior duadixn) eTxéto. XpENOoUWOTOWVTIS AUTEC
TI¢ oLveyelc TWES, TO LOVTENO UTOPOUGE VoL amoTUNOOEL xohlTepa To Pardud ofefondtntac 1 epmioToodvng Tou
oyetileton Ye ¢ npofrédelc Tou.

Avuth) 1 mpocéyyion Bimhic exmaldevong npocépepe apxetd mhcovexthota. Ilpdtov, enétpede oo poviéro va
TOREYEL TAUTOY POV Lo SUadXY) ETIXETA TTOV UTOBELXVUEL TNV Topoucia 1 Ty arovasia hallucination xou wior Bord-
pohoylo mbavotntac nou nocotixomolel v mdavotnta hallucination. Autd poc enétpede vo egloopponroovue
peTagd e Mg xoatnyopix®y anogdoewy oyetixd Ye ta hallucinations xou ToautdyEOVO VoL ATOXTACOLUE Wlot
BardUtepn EOVOL TNG EUTIE TOGLYNG ToV povTélou otig tpofiédeic Tou. H Baduoroyio mdavotnroe fitay Wioitepa
yehown yio oevdpla 6Tou ypeelaldToy W To AETTOUEPNS XATAVONOT TWV ATOTEAECUSTWY TOU LOVTEAOU, OTKEC

39



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

OTAY amATOUVTAY TEPALTERW avDpdTvVY avordewenon 1) Beitiowon.

YUVoAXd, aUTdC 0 GUYBVUGHOS BUUBIXDY xot TIAVOTIXDY ATOTEAECUATWY, oL emtTedYINUE UECK TN Slodixaaiog
BLMAYC exmtafdevong, EVIoYUOE TNV TEOGUQUOCTIXOTATA XAl TNV ATOTEAEOUATIXOTNTA TOU UOVTEAOU GTNV aviyVEUoT
hallucination. Emlong, mapeiye wa mio oAoxAnpwuévr xotavénoT Twy AmoTEAECUITWY TOU TUpdYoVTol and TO
povtElo, dcarilovtag 6ti n aviyvevon hallucination vtav 1600 axeiBric 660 xou dlopatixy. Ot utepmoapdueTeol
yia T Aentopepn pvduion neptypdpovtar avaiutixd otov Hivenxa 1.19.

Ta amoteréopata gaivovtar oto Iivana 1.20

Hyperparameter Value
train dataloader validation set (1,000 samples)

evaluator trial set (80 samples)

epochs 5

evaluation steps 10,000

warm-up steps 10% of train data for warm-up

Table 1.19: Yrepnapdyetpol mou yenowonojdnxay yia to finetuning tou povtéhou

acc rho acc acc trial
test-agn test-agn test-aware test-aware
0.778 0.668 0.795 0.685 0.85

Table 1.20: Anoteléopata and to Fine-tune hal-detect model’s

1.5.4 ToaZwountrc ¥Yneogpopliag

Xty el Hog TROCEYYLOT), VLOUETAOOUE Wil TEY VXY cUVOAOL YVWo T we Voting Classifier yio va feitidicoupe
™V evpwotia xou TV axpifela Tov TPOYVKWGTIXOU Wog povtéhou. O tofivounthc Yngogoplag Aettoupyel ue Bdon
™V apY) TNG CLYXEVTPWONC TWV ATOTEAECUATLY TOAMITADY UEHOVOUEVKDY TOELVOUNTMV Yiol Vo XAToAREEL oe
war tehxr) omogaot. Kéde to€ivounthic evidg tou cuvohou mapdyel Ty medBAedr) Tou yia TNy xAdon e£6dou
pe Bdomn ta dedopéva elg6dou Tou Tou divovton xou o tadivountic dngopoploc evomolel autéc Tic TeoPiéderls.
H el mpoPhenduevn xhdomn xadopileton pe Pnpogoplio mhetodngplag, pe tnv onola 1 xhdor mouv Aopfdver Tov
peYohUTERO aptdpd Pripwy amd Toug emuépous ToklvounTéc emAEYETAUL WS TeEhXT] €£080¢.

H 80voun authc Tng Tpoogyyiong cUVOAOU EYXELTOL TNV XAVOTNTA TNE VoL a&LloToLel To LOVADLXE TAEOVEXTHUOTOL
xdde cuoTaTol TaEVouNTH. LNV NERITTWOT KOG, EVOWUATOOUUE SL8pPopa HOVTEND, OTO TEOTYOVUEVA XEQSAOULAL.
SUYAEXQIIEVL, YENOWOTOLACUUE TO TPO-EXTOUOEVUEVO HovTENo aviyvevorng hallucination, tn fine-tuned exdoy
Tou xou To fine-tuned povtého NLI, xadévo omd ta omola exmoudedtnxe yiot Vo avTiUETWTIoEL TO €pyo omod
BLAPOPETIXEC OTTIXES YWVIES XOl PEGW BLAPOPETIXWY LEVOBOROYLOY. LuvdudlovTac auTd To SlapopeTind LOVTEAD,
unopécope Vo 0lOTOHoOUKE Ta eMépouc TAeovexTAaTa xdde tpocéyyiong. Optopévol Taglvountég unopel vo
elvat O AATEAANAOL Yot CUYXEXPWEVES TTUYEC 1 YAUPAXTNELOTIXG TwV Jedouévmv- €tol, ol Tpofiédelc Toug
avtxatonteilouv avtéc Tic anoyphoelc. (20Tdo0, EMTEETOVTNG O TOMMATAS LOVTEND VO GUVELGQEPOUV OTN|
dradixacion AMng anogdoewy, to abvoho Bondd oty eglcoppdmnon midoavay aduvomay ¥ tpoxatoddeny Tou
unopel vo tpoxtouy dtav otnelbuacte oe Eva HOVO HOVTERO.

To anoteréopota authc Tng uedodou napgousidlovtar atov Ilivoxa 1.21, o onolog métuye Ty uPnAdTeen axplBela
and Okec Tic uToBoréc Pog Yo Tov Slorywvlopd Semeval.

1.5.5 Prompting

‘Onwe oulnthdnxe tponyouuévwe, 1 TENXT UaC TPOGEYYLON ETXEVTPWINXE Gty epapuoyY) Tou Prompt Engi-
neering. It v évopén autic e yedodou, oyedidioope xou epoapubéoaue zero-shot prompting, avonticoov-
Té4C TNV OF Wit OEWRE LOVTEAWY, cupTepthaBovopévey Ty LLaMA-2 (7B, 13B xou 70B), LLaMA-3 70B xou
GEMMA, peto€l dAwv. 21N cUVEYEL, EMEXTEIVUUE THY TEOCEYYIOT HOC OOTE Vo cuumepthdBouue xan few-
shot prompting xou Siepevvioaye nepautépn ) culloyiotxh e ahuoidoc oxédne (Chain of Thought-CoT)
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Method acc.T rhot
Model-aware

Baseline Model 0.745 0.488

Fine-tune hal-detect model 0.795 0.685

NLI model 0.77 0.591

Voting Classifier-majority vote 0.799 0.691
Voting Classifier-averaged per- 0.799 0.693

centage

Model-agnostic
Baseline Model 0.697 0.402
Fine-tune hal-detect model 0.778 0.668
NLI model 0.751 0.548

Voting Classifier-majority vote 0.78 0.632
Voting Classifier-averaged per- 0.78 0.643
centage

Table 1.21: Anotehéoparta yia tnv uédodo tou Tagvountrh Unpogoplag. Ta évtova yedupota SnAGVoLY Ta
XUAVTERA AMOTEAETUATA

EVOWUATOVOVTOG T prompts mou ametxovileton otov mivaxa 1.25. Ta anotedéopota xdie avtioTowyne pedodou
-zero-shot, few-shot xaw CoT- napousidlovton avtiotoiya otov Ilivaxa 1.22, otov Iivaxa 1.23 xou otov Ilivaxa
1.24, avtlotorya. To anoteAéopata AUTA TEOGPEEOUY Lo CUYXELTIXY AVIAUCT) TV ETUDOCEWY O DLUPOPETLXS
HovTéAa xou TeYVIXEC prompting.

Model Acc test-agnostic Acc test-aware
Llama-2 7b 0.60 0.62

Llama-2 13b 0.64 0.67

Llama-2 70b 0.77 0.75

Llama-3 70b 0.77 0.75

Gemma 2b 0.60 0.61

Gemma 7b 0.74 0.7

Mistral 7b 0.46 0.47

Table 1.22: Anoteréoparta yio Zero-shot prompting

Model Acc test-agnostic Acc test-aware
Llama-2 7b ok ok

Llama-2 13b 0.42 0.51

Llama-2 70b 0.62 0.64

Llama-3 8b ok ok

Llama-3 70b 0.62 0.65

Gemma 2b 0.57 0.55

Gemma 7b ok ok

Mistral 7b 0.5 0.54

Table 1.23: Anoteréopata yia Few-shot prompting

IMopatnehoeig: To anoteréopota and o TEWRGUATE Lo BElYVOUY OTL TO TLO OTMOTEAECUATIXG UOVTENO OF
autd To mhaiolo elvar to LLaMA-2 70B, Wbidtepa dtav yenowonoleitan to zero-shot. Auth 1 avodtepn omo-
Boon umopel va anodoVel oTny TEONYUEVY] JEYLITEXTOVIXY) TOU UOVTEAOU, GE GUVBUACUS UE TNV ATAOTOINOY TOU
prompting, nou emtpénel v axpPBéctepn enelepyaoin e ewwddov. Emmiéov, mupatneriooue uio tdomn oe
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Model Acc test-agnostic Acc test-aware
Llama-2 7b 0.63 0.65

Llama-2 13b 0.58 0.56

Llama-2 70b 0.57 0.61

Llama-3 8b ok ok

Llama-3 70b 0.58 0.62

Gemma 2b 0.59 0.63

Gemma 7b 0.60 0.63

Mistral 7b 0.49 0.46

Table 1.24: Anoteréopata yia CoT prompting

Method Prompt

Zero-shot Prompting [Sentence 1]: Freedom is worthless.
[Sentence 2|: Freedom is invaluable.
Is the Sentence 1 supported by the
Sentence 27
Answer with Yes or No.

Few-shot In the following example, the Sentence
1 is supported by the Sentence 2:
example 1
In the following example, the Sentence
1 is not supported by the Sentence 2:
example 2
Now, it is your turn to evaluate the
following example.

[Sentence 1]: hyp

[Sentence 2]: tgt

Is the Sentence 1 supported by the
Sentence 27

Answer with Yes or No.

Chain-of-Thought [Sentence 1]|: Freedom is worthless.
[Sentence 2]: Freedom is invaluable.
Is the Sentence 1 supported by the
Sentence 27
Answer with Yes or No.
Explain your answer.

Table 1.25: Prompts mou yenowonotidnxay yia v xdide pédodo

uxpoTEPa WovTéAa, 6mwe to LLaMA-TB, va napoucidlouy yepoAnntixt] cuuneplpopd, anodldovtoac otadepd o
eviodar eTixéta o€ Oha Tor onuela dedopévmv. Tuyxexpiéva, To Hoviého talvopoloe xdde Tepintwmon elte we
«Hallucination» elte w¢ «Not Hallucinations, avdloyo ye T Sloudp@won tng exXnaideustic Tou, odNYHOVIaC
oe dloyxwuéva tocootd recall, 6mwe gaitveton otov Iivaxa 1.27. Emmiéoyv, to euphuatd yoc umodetxviouy 6T
o) awEavoTay 1 TOAUTAOXSTNTA TOL prompt, 1 XATAVONGT ok 1) GUVOAXT| oxp(Belal TOL LOVTENOU UELDVOVTAY
onpovTixd. Autéd avadeviel Ty evacdnolor AUTWY TwV LOVTEAWY GTNY TOAUTAOXOTNTA TwV prompt, Ue To UTEpR-
Bohuxd meplmioxa prompting va 081 yolV o€ YELWUEVT adBOCT] Xol UELWUEVT] XATAVONOY TN EXACTOTE EQYATLUC.
Emuniéov, otov Ilivaxa 1.23 xou otov Iivaxa 1.24, ov xatoywphcelc mou onuetdvoviar ye ** urodeviouy
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TEQLTTOOCELS OTIOV Ol AMAVTNOELS TOU HOVTEAOU NTaV EVIEANS OoYETES PE TNV £l0080, xooTOVTAUS aBlVATN TNV
egaywyn éyxuene andvinons. Mepwd napadelypota tétowwy anavtioewy apouctdlovton otov Ilivaxa 1.26

Movzélo

Elcodoc

Armdvinon

Llama-3 8b

gemma 7b

"[Sentence 1]: Tom thought Mary probably
wouldn’t give up French.

[Sentence 2|: Tom thought Mary would
probably fail her French test.

Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

Explain your answer.

First, you will be provided with 2 examples
with the correct answer, similar to the
question you will need to answer.

[Sentence 1]: Freedom is worthless.
[Sentence 2]: Freedom is invaluable.

Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

[Correct Answer]: No, Sentence 1 is not
supported by the Sentence 2.

[Sentence 1]: This isn’t your house anymore.
[Sentence 2|: You don’t live here anymore.
Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

[Correct Answer]: Yes, Sentence 1 is
supported by the Sentence 2.

Now, it is your turn to evaluate the following
example

[Sentence 1]: Can anyone corroborate that?
[Sentence 2]: Can anyone back you up on
that? Sentence 1 is not supported by the
Sentence 2 Answer with Yes or No.

https://www.duolingo.com /bookmark/1206a4

#+ The answers for each sentence:
**Freedom and Can Anyone
Corroborate/Back Me Up?** ##4
Sentences about freedom : (sentence one) -
FREEDOM IS WORTHLESS / (sentense
two)-FREEDOM HAS VALUE . The
sentences are saying different things despite
using seemingly synonymous phrases like
'freedom’, valuable & useless’. They differ in
tone of voice , purpose as well context which
significantly impacts their meanings even
though they both deal broadly around
concepts related directly opposite from
valuedness versus worthlessness.. Therefore I
believe these statements do NOT carry
identical semantic weight hence my response
was NO.¥*—***gentences regarding living
space:** - [Sentece One| THIS AIN2019T
YOUR HOUSE ANYMORE./-[Sentence
Two]-YOU DONT LIVE HERE AGAIN
AND THE ANSWER FOR BOTH
SENTENCES ARE YES BECAUSE THEY
CARRY SAME MEANING BUT JUST
WITH DIFFERENT WAYS OF SAYINGS
THAT STILL HAVE A LIKE TO ONE
Another.

Table 1.26: Anavtrioelg doyeteg ue v elcodo Tou wovtélou

Yy el pog npoonddeia vo BEATIOCOUYE TIC ETBOOELS, EeVTpwITxaUe 0TV TeAElonoinoT Twy zero-shot
Tou yenowomoidnxay oto LLaMA-2 70B, mou eiye nponyoupévwe emdellet v udpmidtepn axplBeta and dha
To povtéha. T xdde ouyxexpyévo task, mpocopudoaue Ta prompts Gote vo UdUYEOUUIOTOOY XaAOTERO YE
Ti¢ anoutioelg tng epyactag. To tpomonoinuéva prompts yio xdde task mepliypdpovton Aemtouepds oTov mivaxo
1.28. Ta anoteAéopato UETA AMO AUTES TLC TEOCIPUOYES TapEyovTol oTov Tivaxa 1.29, To onolo amodexviel yia
G W popd 6Tt Tar uPNASTERA AmOTENEOUOTA TIPOEPYOVTOL ANd ToL AMAG prompts.

43



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Model Recall test-agnostic Recall test-aware
Hallucination/Not Hallucination /Not
Hallucination Hallucination

Llamma-2 7b 0.25/0.85 0.39/0.76

Llamma-2 13b 0.29/0.82 0.29/0.82

Llamma-2 70b 0.5/0.95 0.52/0.88

Llamma-3 70b 0.53/0.93 0.41/0.95

Gemma 2b 0.04/0.99 0.03/0.96

Gemma 7b 0.49/0.91 0.42/0.87

Mistral 7b 0.5/0.93 0.4/0.8

Table 1.27: Recall for each dataset of zero-shot prompt

Task Prompt

DM [Sentence 1]: src
[Sentence 2|: hyp
[Sentence 3|: tgt
A machine was given the task of giving
the definition of Sentence 1. The
machine’s answer was Sentence 2 while
the expected answer was Sentence 3.
Did the machine answer correctly?
Answer with Yes or No.

PG [Sentence 1]: src
[Sentence 2|: hyp
A machine was given the task of giving
a paraphrase of Sentence 1. The
machine’s answer was Sentence 2
Did the machine answer correctly?
Answer with Yes or No.

MT [Sentence 1]: src
[Sentence 2|: hyp
[Sentence 3|: tgt
A machine was given the task of giving
the translation of Sentence 1. The
machine’s answer was Sentence 2 while
the expected answer was Sentence 3.
Did the machine answer correctly?
Answer with Yes or No.

Table 1.28: Prompts nou ypnowomoidnxay yio xdde Task

Model Accuracy test-agnostic Accuracy test-aware

Llamma-3 70b 0.66 0.63

Table 1.29: Anoteléopata yio tor Blapopetind prompts tou xde task
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1.6 XOvodn

H napotoa dimhwyatixn acyoridnxe ye to xplowwo {ftnua twyv hallucination oto Meydia 'Awoowd Movtéia
(LLMs), 1diwe 6T0 mha{oto tev epyaotody mopaywyhc guowic Yhdooos (NLG), 6nou tétoio o@dhpote unopoly
Vo utovopeloouy Ty odtomotion Twv cuotnudtwy NLG. H eugela uiodétnon twv LLMs oe Sidpopouc topeic
éyel auihoel T onuacia ™g avanTuéng Loyupwy YEVOBWY Yia TNV aviyveuor xat Tov Yetplacud twv hallucina-
tion, Wiwe oe mepBdAhovta black-box 6mou 1 ecwtepiy Aettovpyia TV HOVTEAWY Topauével dyvwotr. Méow
e ouppetoyfc oto SemEval-2024 Task 6 (SHROOM), ) épeuva auty| diepedivnoe véec mpooeyyioels yio v
aviyveuon hallucination mou e@apuélovton oe amoutnTX00E TOUEIC OTWE 1) WY oVIXY) UETAPEATT), 1) LOVTEAOTOLNGCT,
OPLOUWY XOL 1) TUEAYWYT| TUPAPEACEWY.

O1 Baowée ouvelo@opéc autrc Tne epyasiag tepthauBavouy T Aettopepy| pOdULoT| TEO-EXTOUOEVUEVGDY UOVTEAGDY
oe cUvola dedopévwy aviyvevone hallucination xou e€aywyric ouunepaoUdTeY PUOIXAS YADOGOS, ETITUY YAVOV-
TAC AVOTEPES EMBOoEC o alyxplon pe ta Booixd wovtéda. H evowpdtmon autdy twv povtéhwy o €vo mAol-
oo ta&vounty Pngogopiog Exel emdellel avtaywviotixg oxpifBeio otny aviyvevon hallucination oe cOvola de-
dopévwy mou elte yvwplloupe to poviého elte 6yl. Emmiéov, n mapodoa €peuva EGHyYaYE Uio VEX TROGEY YoM
prompting yio ™ Beitiwon e epunvevolpdTTag, xododnydvTag to Lovtéla vo evtonilouv oNuacloloYLXES
OCUVETIELEC GTA TORAYOUEVOL ATOTEAECHATA. XENOULOTOIWVTAS UETEIXES OPOLOTNTAS TROTACEWY, 1) uedodoroyla
enétpede mepoutépw pla tocotnt| alohdynon Twv hallucination, Baciouévn ot olyxpeion petofd Twv napoyd-
HEVOY XEWEVWV X0l TWV XEWEVKY ELGOBOL.

To anoteréopato mov emtebydnxay otnv napovoo dwtelBr vroypopuilovy ) duvatdtnto GUVBUACHOD TOA-
AATAGY OTEATNYIXGY, cuunepthaufoavouévwy tou finetuning, twv uedddwy cuvOoL xou TWV CNUACIONOYIXWY
HETEIXY, Yiot TN Bedtinon tng oxpifBeiag aviyvevong hallucination. H avdluon twv potlBwy opoiydtwy oe Si-
apopeTIXES epyaoieg Tapelye enlone moAITIUES TANEOoQOpiee Yia Tn @Uom Twy hallucination, anoxwAlnTovtag Toug
BlapopeTinole Baduoie npdxinong mou YEtouv ol Slagopetixol TOnol epyaoldv NLG. o topddelyua, 1 avdteen
an6doom mov mopatneRinxe otn Anwovpyia Hopagppdoewy cuvddet e tic eyyeveic Wi6TNTES TNC Epyaoiag, EVE
N youniétepn oxplBeio ot Moviehonolnom oploutdv avtavaxAd Tn UEYUAUTERT, Buoxolla Tng axel3olc uov-
telonoinong oplouwyv. Emmkéov, n pehétn twv o@oiudtev pe Bdon v moavétnta Onapéne hallucination
avédelle tnv Suoxolla Tov UTdpyEL GTOV YopuxTnelold Twy hallucination axdua xou and avipndroug.

Ev xatoheldt, n nopodoa €peuva mpowdel tnv teyvoroyia aviyvevong hallucination yio LLMs npotelvovtag plo
oelpd pedodwy mou elvor T600 ATOTEAEOUATIXES OGO ol UTOAOYLOTIXA amodoTixéc uéoo oe W ddtaln black
box. To evprporta Yétouv ta Yepéhia yia gehhoviixés epyaoiec tou anooxonolyv otny evioyvon tne a&lomotiog
TV ovoTudtwy Tou Bacilovtoar oe LLM pe v avtiyetoniorn g eyyevols npdxinone twv hallucination.

MeAhovTixég epyaoieg

1. Texvixéc npocapocuéveg oTic epyacies: Avintuln eleldixeupévmy Ledddwy TPocUpUOCUEVELV
ot YopoxTneLoTxd xdle epyaciog topaywyhc puoixic YAdooos (NLG). AauBdvovtoc unddn tn povoadixn
PUOY XA TG AMATHTELS EQYACIOY OTLC 1 TepiAndm, 1 uetdppacn xat 1 topaywyr SAGYwY, elvor duvatody
va dnutovpyndoly mo anoteleopatixéc npooeyyloelg aviyvevone hallucination.

2. TIohutpomixég npooeyyioelg: Enéxtaon tou nedlov g épeuvag hote va cuunepthdfel xat dhhoug
Topelg, Omwg 1N amdVINoN EpWTHCEWY PE BAoT xdmolec exoveg xan 1 mapaywYr Aeldvteg emdvwy. H
dlepelvnon tneg aviyvevorng hallucination oe toAutpomxés epyaoieg, 6mou to xelyevo napdyeton oe GUVOL-
aopo6 UE GAAES Lop@éc BedoUEvmy, Ba unopoloe va 0dNYNoEL GE O OAOXANEWUEVES Xou LoYLEES uedddoug.

3. Evooudtwon e§wtepixdyv Bdoewv yvoong: Awepelvnon tne xenone tou Retrieval-Augmented
Generation (RAG) xat dhhev texvixddv yio T Behtiowon tne emodfdevone e axpiPelac twy YEYovoTwyY
oTo mopayouevo mepleyouevo. H o€ionoinon ewtepixdyv Pdoewy yvoong, énwe T Wikidata 7 Bdoeic
BEBOUEVLV EWDIXWY TOYEWY, Vo uropoloe va Bondoetl otny emxdpwor TNg aANFoPAVELNS TWV TUPAYOUEVKY
ATOTEAECUATOV.

4. EEnyrhowpes texvixéc texvnTthAc vonpuooLvng (XAI): Avdntudn uedédwy enelnynpotindtntog
yior Ty amdxTnoy BodUtepng xatavonong e guone twv hallucination xou Ty xotovonon Twv UTOXEUEVLY
AOYWV Yol TNV EUPAVLOT| TOUC.

5. Auvtopatr diopdwon hallucination: Ilépo and v aviyveuon hallucination, Siepeuvion uedddwy
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7

v TNV oautépaTy Bépdwor 1 avotedenor TwV ATOTEAEOUATMY TOV UOVTEA®Y WOTE Vo elval GUVETH ¢
TEOC TAL YEYOVOTAL.
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Chapter 2

Introduction

In recent years, the field of Natural Language Processing (NLP) has been significantly transformed by the
advent and widespread adoption of Large Language Models (LLMs). These models have not only revolu-
tionized the way natural language tasks are approached but have also raised new concerns regarding their
reliability and the accuracy of the outputs they generate. One of the most pressing issues confronting the NLP
community is the phenomenon of hallucinations in LLMs, wherein models produce information that is not
grounded in the input data or factual reality. This issue has garnered considerable attention in the research
community, as it directly affects the trustworthiness and utility of LLM-based systems across a wide array
of applications [44],[20], [19], [52], [53]. Beyond hallucinations, LLMs have also been studied in areas such as
reasoning, where researchers investigate the models’ capabilities in interpreting complex puzzles and riddles,
further exploring the depth of LLMs’ understanding [40], [39], [15]. Despite the impressive capabilities of
LLMs, these hallucinations present a significant challenge, as they undermine the dependability of systems
designed to assist in decision-making, content generation, and more. Recent studies have suggested that
hallucinations are not merely incidental or avoidable errors but are instead intrinsic to the nature of LLMs,
given their probabilistic underpinnings. These findings indicate that hallucinations may be inevitable to some
extent, regardless of the sophistication of the underlying model architecture [51]. As such, addressing the
issue of hallucinations, particularly in the context of Natural Language Generation (NLG) tasks, has become
a critical area of focus. Furthermore, the field of Explainable AI (XAI) has contributed valuable insights for
understanding model behavior, especially through counterfactual explanations that reveal how minor input
changes can affect outputs. This research on counterfactuals has been pivotal in exploring ways to control
and predict LLM outputs, providing frameworks that enhance transparency and reliability in NLP systems
[31],[14]. However, despite the growing body of research on the topic, there remains a notable scarcity of
datasets and benchmarks specifically designed to evaluate and mitigate hallucinations in NLG tasks [26, 6,
7, 38].

In response to this need, the SemEval-2024 Task 6 (SHROOM: Shared-task on Hallucinations and Related
Observable Overgeneration Mistakes) [35] has been introduced to address the challenge of identifying seman-
tically unrelated generations in NLP tasks. This task encompasses several challenging domains, including
Machine Translation, Definition Modelling, and Paraphrase Generation. What makes SHROOM particularly
demanding is the inclusion of both known and unknown model settings, pushing the boundaries of current
hallucination detection strategies and requiring the development of approaches that are robust across varying
levels of model transparency.

This thesis aims to explore effective and broadly applicable strategies for hallucination detection, particularly
in black-box settings where the internal workings of the model generating the text are not accessible. Even
in cases where the underlying model is known, such as in the SHROOM competition, we adhere to a strictly
black-box approach, meaning that we do not regenerate outputs from the models but instead focus solely on
the detection of hallucinations in the existing outputs!.

1Even in the model-aware setting of SHROOM, we do not re-generate the outputs using the given models, therefore we
continue operating in a completely black-box setup.
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To this end, we leverage pre-trained models that incorporate knowledge of semantic relationships relevant
to hallucinations. Through fine-tuning these models on labeled instances from the SHROOM dataset, we
achieve an approximate accuracy of 80% in detecting hallucinations, which significantly surpasses the baseline
accuracy of 74.5% achieved using an open-source Mistral instruction-tuned model?.

This work makes several key contributions:

1.

We fine-tune models pre-trained on hallucination detection and Natural Language Inference (NLI)
datasets, which are semantically aligned with the challenges presented by SHROOM.

. The fine-tuned models are integrated into a Voting Classifier framework, which yields competitive

detection accuracy in the SHROOM tasks.

. We design a novel prompting method that enhances the interpretability of hallucination detection by

guiding models to focus on key semantic inconsistencies in generated outputs.

. Sentence similarity metrics, derived from embeddings produced by pre-trained models, are leveraged

to quantify and detect hallucinations by comparing the generated outputs to the input data.

. All experimentation conducted in this work is designed to be time and computationally efficient, ad-

hering to the constraints of a fully black-box environment.

. A detailed analysis of the results, broken down by task, is provided, offering insights into both the

successful detection of hallucinations and the challenges posed by failed instances, contributing to a
deeper understanding of the nature of hallucinations in LLM outputs.

In sum, this research not only advances the state of the art in hallucination detection for LLMs but also
provides a foundation for future work aimed at mitigating this inherent issue in natural language genera-
tion tasks. By exploring the intersection of model architecture, task specificity, and evaluation metrics, we
contribute to the development of more reliable and trustworthy LLM-based systems.

2https://huggingface.co/ TheBloke/Mistral-7B-Instruct-v0.2-GGUF
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3.1 Large Language Models

Language Models (LMs) are computational frameworks designed to understand and generate human language.
More precisely, a language model defines a probability distribution over sequences of words, enabling the
prediction of the likelihood of these sequences or the generation of new text based on an input.

Historically, the fundamental approach for probabilistic language modeling has been n-gram models. These
models follow the Markov chain assumption, where the probability of the next word in a sequence is con-
ditioned on a fixed window of preceding words. For example, a bigram model considers one preceding
word, a trigram two, and an n-gram model considers n — 1 preceding words. The probability of a sequence
w1, Wa, - .., W, in a bigram model is represented as follows:

Plwi,wa, ..., w,) = P(wa|wr) - P(ws|ws) -+ P(wn|wy—1) (3.1.1)

Here, the conditional probability P(wy|wy—1) is estimated by the relative frequency of occurrences where wy,_;
is followed by wy in the training corpus. Training an n-gram model involves estimating these probabilities
from text corpora, typically in one or more languages.

A key limitation of n-gram models is their inability to assign non-zero probabilities to sequences not encoun-
tered during training, given the infinite range of valid sentences a language can express. Various smoothing
techniques have been proposed to address this issue.

The advent of neural networks introduced the era of neural language models, starting with simple feed-forward
neural language models [4]. A feed-forward neural language model is a straightforward neural network that
takes a fixed number of preceding words as input and outputs a probability distribution over possible next
words. Similar to an n-gram model, a feed-forward neural language model predicts the probability of a word
conditioned on the n — 1 preceding words.

A major distinction between n-gram models and feed-forward neural language models lies in the representation
of word sequences. While n-gram models use discrete word identities, feed-forward neural language models
leverage word embeddings, continuous vector representations of words. This results in superior generalization
performance, particularly for unseen word sequences during testing.
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Although feed-forward neural language models marked a significant advancement in language modeling,
modern neural language models are built on more sophisticated architectures such as recurrent networks and
transformers.

Recurrent neural network (RNN) language models [36] process input sequences sequentially, analyzing one
word at a time. Their goal is to predict the next word based on the current word and the previous hidden
state. Unlike n-gram models, RNNs can capture long-range dependencies in the input sequence, as they do
not rely on a fixed-size context. The hidden state in RNNs can, in theory, represent information from all
preceding words in the sequence, addressing the limited context of n-gram models and feed-forward neural
networks.

3.2 Transformers

Large Language Models (LLMs) represent sophisticated language models characterized by vast numbers of
parameters and exceptional learning capacities, typically pre-trained on extensive unstructured text corpora.
Modern LLMs are built predominantly on the Transformer architecture [48], which eliminates the need for
recurrence and instead employs a self-attention mechanism to capture global dependencies between inputs and
outputs. The Transformer consists of two primary components: the encoder and decoder. These components
are essential for sequence-to-sequence tasks like machine translation, where the encoder processes the input
sequence and the decoder generates the corresponding output sequence.

The core components of the Transformer architecture are summarized below:

1. Input Representation: The input sequence is initially embedded into continuous vector representa-
tions. Positional embeddings are then added to these vectors to encode the position of each token in
the sequence.

2. Encoder: The encoder is composed of a stack of identical layers, each containing two sub-layers:

e Multi-Head Self-Attention: This sub-layer computes a weighted sum of embeddings, enabling
each token to focus on different parts of the input sequence. Multiple attention heads operate in
parallel, capturing various relationships between tokens.

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 layer introduces
non-linearity and further refines the token embeddings.

Residual connections [18], followed by layer normalization [3], are applied around each sub-layer.
3. Decoder: The decoder also consists of a stack of identical layers, but with three sub-layers:

e Masked Multi-Head Self-Attention: Similar to the encoder’s self-attention mechanism, this
sub-layer includes a mask to prevent the model from attending to future positions during training.

e Multi-Head Encoder-Decoder Attention: This sub-layer attends to the encoder’s output,
allowing the decoder to focus on relevant parts of the input sequence during generation.

e Position-wise Feed-Forward Neural Network: Like the encoder, this sub-layer further refines
the token representations after attention.

As with the encoder, residual connections are applied around each sub-layer, followed by layer normal-
ization.

4. Output Generation: The output of the final decoder layer is transformed into probability distri-
butions over the output vocabulary using a linear transformation followed by a softmax activation
function. During training, the model is provided with an input sequence to predict the next word.

Since its introduction [48], several variations of the Transformer architecture have been proposed. A key
distinction among these variations lies in the masking pattern applied to the inputs, which provides the
contextual information needed for the model to generate accurate predictions.
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Figure 3.2.1: Transformer Architecture

Encoder-Decoder: As initially proposed, the Transformer consisted of two components: the encoder and
decoder. The encoder processes the input sequence, creating context-rich representations that the decoder
uses to generate the output sequence step-by-step. Prominent pre-trained models using the encoder-decoder
architecture include BART [25] and T5 [42].

Decoder-Only: Although the encoder-decoder structure was the original Transformer variation, modern
LLMs primarily use a decoder-only architecture. In this design, models are trained as standard language
models, learning to predict the next token in a sequence. Unlike the encoder-decoder architecture, decoder-
only models do not process input and output sequences separately; all tokens are processed equally, with
conditioning based only on prior tokens due to the causal masking pattern. This design is simpler and ideal
for autoregressive next-token prediction tasks. Notable LLMs using this architecture include the GPT series
[5, 41] and several other recent models [50],[47].

Encoder-Only: Additionally, an encoder-only variant of the Transformer exists, where only the encoder
stack is employed. This architecture forms the foundation of models such as BERT [10] and its derivatives,
which are designed primarily for tasks like text classification and sentence representation.

Overall, Transformers have revolutionized NLP by efficiently handling sequential data, enabling parallel pro-
cessing, and capturing long-range dependencies within texts. The attention mechanism allows Transformers
to model relationships between input and output data without the need for convolutions or recurrent units,
achieving state-of-the-art performance on numerous language processing tasks.

3.3 LLMs Hallucinations

NLP hallucinations have emerged as a critical challenge in the development of natural language generation
(NLG) systems, and research in this field has been rapidly evolving, exploring hallucinations from diverse
perspectives. Broadly speaking, hallucinations in NLP can be categorized based on whether the generated
outputs are unfaithful to the input, inconsistent within the generated text, or incongruent with real-world
knowledge [53]. Among these, factual hallucinations—where the model generates information not supported
by external factual sources—have gained considerable attention. This is largely because factual hallucinations
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are easier to detect and correct through comparison with existing databases or knowledge repositories [29,
24, 7, 37, 6, 38]. Several recent studies have made significant progress in building frameworks and tools to
address this issue, leading to more reliable and accurate detection mechanisms [8, 11, 28|.

Despite these advancements in factual hallucination detection, other forms of hallucinations—such as seman-
tic and fluency-based hallucinations—remain underexplored, making it difficult to develop benchmarks and
automated evaluation techniques that cover all types of hallucinatory outputs. Semantic hallucinations, for
instance, involve cases where generated content is internally coherent but semantically incorrect or misaligned
with the input. The inherent subtlety of such hallucinations makes the construction of comprehensive bench-
marks and evaluation systems more challenging [2, 23, 33, 12]. Moreover, many of the current techniques for
hallucination detection depend on probing the model itself, which becomes impractical in scenarios where the
model is proprietary, closed, or inaccessible. This limitation is a significant barrier to the broader application
of these methods in real-world scenarios, where the system generating the outputs may be opaque or entirely
unavailable to the researcher.

In response to this gap, the SHROOM framework has been introduced, focusing primarily on the concept of
semantic faithfulness rather than factual correctness. SHROOM diverges from traditional methods by advo-
cating for detection techniques that do not require access to the model that generated the outputs. Instead,
it evaluates hallucinations based on the provided input and output alone. This design makes SHROOM
applicable even when the underlying NLG model is inaccessible, as is often the case with closed commercial
systems. However, a trade-off in SHROOM’s approach is its reliance on ground-truth outputs, which must
be available for meaningful evaluation, since the input alone may not provide sufficient semantic context to
determine whether the output is hallucinatory. This approach differs from other black-box methodologies
that rely on model probing [33], further underscoring the importance of adaptable hallucination detection
methods that can operate across different settings.

The recognition that hallucinations frequently occur in NLG models has been well-established, with early work
by Vinyals and Le [49] and later studies such as Raunak et al. [43] and Maynez et al. [34] highlighting this
phenomenon across various domains. Nevertheless, there is still minimal consensus on the optimal framework
for detecting and addressing hallucinations in NLG systems. This lack of agreement can be attributed to the
diversity of tasks that NLG encompasses, ranging from machine translation and summarization to dialogue
systems, each of which may exhibit different types of hallucinations [21]. As a result, the community has yet
to converge on a standardized approach that can address hallucinations across multiple tasks.

Guerreiro et al. [17] have attempted to address this issue by proposing a taxonomy of hallucinations that
categorizes different types of hallucinatory outputs, such as oscillatory productions—where a model generates
repetitive or redundant text—and fluent but detached outputs, which, though linguistically coherent, are
semantically disconnected from the input. While this taxonomy represents an important step toward better
understanding hallucinations, it has certain limitations. For example, the taxonomy conflates fluency with
semantic correctness, especially in cases where oscillatory productions are involved, and focuses primarily on
extreme cases of hallucinations, such as fully detached outputs. Yet, intermediary hallucination cases—those
that are not as obvious but are more challenging to detect—are often more frequent and have greater relevance
for practical applications. Moreover, the taxonomy primarily addresses machine translation (MT), whereas
hallucinations also occur in other NLG tasks, including text summarization and open-domain dialogue systems
[46].

Several studies have developed benchmarks for hallucination detection, each catering to different aspects of
NLG. Li et al. [27] introduced the HaluEval benchmark, which employs an annotation framework focused
on fact-checking but does not necessarily center on the model’s input. While this benchmark provides
valuable insights, it has certain limitations: annotators are required to search the internet for supporting
evidence, which can make the annotation process cumbersome. Furthermore, HaluEval annotates outputs
from a popular but closed and commercial large language model (LLM), limiting the transparency and
generalizability of findings from future research based on the benchmark. Other benchmarks, such as those
by Liu et al. [30] and Zhou et al. [54], introduce synthetic hallucinations by manipulating training data for
token-level detection, while Lin et al. [29] focus on factual claims supported by publicly available knowledge
bases. Duziri et al. [13], on the other hand, emphasize knowledge-based dialogue systems, using natural
language inference (NLI) to identify hallucinations without relying on the model itself.
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Our work builds on this body of research, particularly aligning with approaches like that of Dziri et al. [13],
which rely solely on the input-output relationship rather than probing the underlying model. This is crucial,
as it allows for the detection of hallucinations in scenarios where the model is inaccessible or proprietary,
thus broadening the applicability of hallucination detection methods. While many existing benchmarks and
tools focus heavily on factual hallucinations or rely on extensive fact-checking protocols, our approach places
greater emphasis on semantic faithfulness, aiming to develop robust methods that can handle a wide range
of NLG tasks, irrespective of model transparency.
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4.1 Dataset

Driven by upcoming challenges in the NLG landscape, SHROOM dataset focuses on the prevalent issues
of models generating linguistically fluent but inaccurate (incorrect or unsupported) outputs. Participants
were tasked with binary classification to identify instances of fluent overgeneration hallucinations in model-
aware and model-agnostic tracks. The task encompasses three NLG domains—definition modeling (DM),
machine translation (MT), and paraphrase generation (PG)—with provided checkpoints, inputs, references,
and outputs for binary classification. The development set includes annotations from multiple annotators,
establishing a majority vote gold label.

4.1.1 Data format

In all cases, data follow a specific format:
e src is the input given to a model, hyp is the output generated by the model
e tgt comprises the ground truth output for this specific model

e ref indicates whether target, source or both of these fields contain the semantic information necessary
to establish whether a datapoint is a hallucination,

task refers to the task being solved and

e model to the model being used (in the model-agnostic case the model entry remains empty).
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Initially, 80 labeled trial samples were released, followed by unlabelled training data which contain 30k model-
agnostic and 30k model-aware instances. Finally, the labeled validation set contains 499 and 501 samples for
model-agnostic and model-aware settings respectively, while the test set comprises 1500 model-agnostic and
1500 model-aware labeled samples. Additional information provided in the labeled splits are labels, which
contains a list of ‘Hallucination’ and ‘Not Hallucination’ labels as provided by 5 annotators per sample,
the final label occurring via majority voting over the aforementioned list and p(Hallucination), denoting the
probability of hallucination as the percentage of agreeing annotators on the ‘Hallucination’ label.

During the first phase of the competition, only the validation set was released, hence the experiments were
conducted on the validation set, as opposed to the second phase, when the final experiments were performed
on the test set.

In Table 4.1 we present some examples from the unlabelled training dataset containing model-agnostic and
model-aware instances. Regarding the machine translation (MT) task, we could detect a variety of languages,
including Russian, Arabic, Chinese, Yoruba, Telugu, Tsonga, Uzbek, Sinhalese, Quechuan, Mizo and others.
Language information was not provided, so we manually explored the src samples in terms of linguistic
variability.

Model-agnostic definition modeling (DM) hypotheses contain some ‘qualifiers’, which may guide a model
under usage to return a more suitable definition. For example, in the context of the hypothesis containing
the definition "(obsolete) An odour," the term "obsolete" indicates that the provided definition is no longer
in common use or is outdated. The word "obsolete" is used as a qualifier to convey that the term or concept
being defined, in this case, "An odour," was once used to represent a specific meaning but is no longer
considered current or applicable in contemporary language.

Another notable observation is that model-aware paraphrase-generation (PG) contains no information in tgt.

4.1.2 Exploratory data analysis

Trial set We explore the frequency of each task occurring within samples from different dataset splits,
commencing from the initially released trial set. In Figure 4.1.1 we present the task distribution of the first
80 trial samples.

Unlabelled data (training set) Figure 4.1.2 represents the distribution in the training set. In both
model-agnostic and model-aware settings each task contains an equal number of samples (10k samples per
task in each setting). In our methodologies, we abstained from utilizing the provided unlabeled training
dataset as it did not align with our main approaches.

Validation set Moving on to labeled data, we commence with the validation (dev) set, for which we present
per task distributions in Figure 4.1.3. We observe a difference in the distribution of labels in comparison to
the balanced training set distribution of Figure 4.1.2; nevertheless, since we do not exploit any unlabelled
instance, this does not pose a limitation for us at this point.

We proceed with studying the validation set label distribution. Related results are presented in Figure 4.1.4,
denoting label imbalance in both model-agnostic and model-aware settings.

The distribution of hallucination probability is presented in Figure 4.1.5. As expected, low p("Hallucination’)
values are more common (indicating that fewer annotations voted for the presence of a hallucinatory instance),
since 'Not Hallucination’ is the majority label in both settings. Ideally, we wish borderline probabilities to
be low: The highest the disagreement for a certain sample, the closest to the 0.5 threshold the hallucination
probability will be (a p("Hallucination’)=0.4 denotes that 3/5 annotators voted for 'Not Hallucination’, while
the rest 2/5 voted for the opposite; on the other hand, a p("Hallucination’)=0.6 denotes that 3/5 annotators
voted for "Hallucination’, while the rest 2/5 voted for 'Not Hallucination’. Therefore, the highest uncertainty
is observed close to the 0.5 boundary). This requirement is adequately satisfied especially in the model-
agnostic case (left plot of Figure 4.1.5), where p("Hallucination’)=0.6 is the least frequent.

Further insights can be obtained by looking at Figure 4.1.6: when smaller dots are assigned to probabilities
close to the 0.5 threshold, the annotators’ disagreement is lower, therefore classifying a sample as 'Halluci-
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Model-agnostic
Machine Translation ’hyp’: "Don’t worry, it’s only temporary.", 'tgt’: "Don’t worry. It’s only temporary.",
‘src¢’: ’He Bostmyiics. DTo TosibKo Bpemenno.’, 'ref’: ’either’; 'task’: 'MT’, 'model’: ”
Definition modelling ’hyp’: ’(uncountable) The quality of being oronymy; the state of being oronymy.’,
'tgt’: "The nomenclature of mountains, hills and other geographic rises.’, ’src’: ’An
ancient survival in Turkish <define> oronymy < /define> is quite possible , but I
have not found Nihan Dag on the relevant sheets of the 1 : 200,000 map of Turkey ,
which are very detailed in matters of oronymy ;’, 'ref’: ’tgt’, ’task’> 'DM’, 'model’: ”
Definition modelling ’hyp’: ’(intransitive, obsolete) To make a magazin of; to compose a magazin.’, 'tgt’:
’(colloquial) The act of editing or writing for a magazine.’, ’sr¢’: "Thus , though
Byron is gone after his Don Juan — Scott and Southey out of the rhyme department
— Wordsworth stamp - mastering — Coleridge ’s poetry in abeyance — Crabbe mute
as a fish - Campbell and Wilsont merely <define> magazining </define>", ’ref’:
'tgt’, ‘task’ 'DM’, 'model’: ”
Paraphrase Generation ’hyp’: "You got something for me, huh?’, 'tgt’: ”, ’src’: ’Got something for me?’, 'ref’:
‘src’, 'task’: "PG’, 'model’: 7

Model-aware

Machine Translation ’hyp’: ’Our Mailoamiris of the System of Treatment of Ulilaes have created a place for
these little ones.’, 'tgt’: "We perceive the Foster Care System to be a safety zone for
these children.’, 'sr¢’: ’Maamiris tayo a ti Sistema iti Panangtaripato kadagiti Ulila
ket natalged a lugar para kadagitoy nga ubbing.’, 'ref’: ’either’, 'task’: "MT’, 'model’:
"facebook /nllb-200-distilled-600M’

Definition modeling ’hyp’: 'To be obsequiously interested in .”, 'tgt’: ’( usually followed by over or after
) To fuss over something adoringly ; to be infatuated with someone .’, ’sr¢’: "Sarah
mooned over sam ’s photograph for months . What is the meaning of moon 7", 'ref’:
'tgt’, "task’: ’DM’, 'model’: ’ltg/flan-t5-definition-en-base’

Paraphrase Generation ’hyp’: "Mr Barros Moura’s report looks to the future in my opinion.", *tgt’: 7, ’src’: ’In
my opinion, the most important element of the report by Mr Barros Moura is that it
looks to the future.’, ref’: ’src¢’, task’: "PG’, 'model’: 'tuner007/pegasus_ paraphrase’

Table 4.1: Examples from the unlabelled training set.

nation’ or 'Not hallucination’ is less uncertain. Indeed, the less frequently appearing p(’Hallucination’)=0.4
and p('Hallucination’)=0.6 values in the model-agnostic case denote high separability between halluci-
nated and non-hallucinated samples. However, highly certain values, such as p(’Hallucination’)=0.0 and
p("Hallucination’)=1.0 only rank in the middle, therefore even if samples are separable with low uncertainty,
some minor disagreement persists (1/5 annotators frequently disagrees with the rest). Overall, annotators
are almost equally confident in classifying 'Hallucination’ and 'Not Hallucination’ samples, as indicated by
the matching pattern regarding label uncertainty for both labels. The model-aware case is more confusing,
with p(’Hallucination’)=0.6 scoring the highest; therefore, classifying a sample as 'Hallucination’ is often
accompanied by high uncertainty. On the contrary, uncertainty is lower for the 'Not Hallucination’ label,
with p("Hallucination’)=0.0 ranking as the second most frequent probability. We can conclude that in the
model-aware setting of the validation set, annotators are more confident in recognizing the 'Not Hallucination’
class in comparison to the 'Hallucination’ one.

Test set As for the test set, Figure 4.1.7 represents the number of samples per task for both settings.
Note that the test task distribution is similar to the validation distribution of Figure 4.1.3with PG being a
minority label in all cases.

In terms of ground-truth label (Hallucination vs Not Hallucination), Figure 4.1.8 highlights some label imbal-
ance, rendering the prediction of ‘Not Hallucination’ more possible in a random setup for both model-agnostic
and model-aware settings. This label distribution matches the validation set label distribution (Figure 4.1.4),
for which 'Not Hallucination’ was the majority class as well.

Hallucination probability per setting is depicted in Figure 4.1.9, with lower hallucination values in the range
[0, 0.2) being more common. This is again somehow expected since 'Not Hallucination’ is the majority class in
test labels. More insights can be obtained by looking at Figure 4.1.10, which relates the hallucination probabil-
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Figure 4.1.1: Distribution of per task samples in the initially released trial set.

ity with the label. Especially in the model-agnostic setting (Figure 4.1.10 - left), the p("Hallucination’)=0.4
and p(’Hallucination’)=0.6 values are the lowest (smaller dots), while p("Hallucination’)=0.0 is the high-
est, denoting that annotators are often certain regarding non-hallucinated samples. Certainty for hallu-
cinated samples is somehow lower, as p(’Hallucination’)=1.0 lies somewhere in the middle. Nevertheless,
p("Hallucination’)=0.8 is the second more frequent value denoting that 4/5 annotators frequently annotate
a sample as "Hallucination’. By observing the right plot of Figure 4.1.10, we conclude that certainty is lower
in the model-aware setting. Even though p("Hallucination’)=0.0 remains the most frequent probability, in-
dicating high agreement regarding non-hallucinated samples, the p("Hallucination’)=0.6 value stands in the
second place. Therefore, many samples classified as "Hallucination’ achieved this label with low agreement
(3/5 annotators). Also, the p("Hallucination’)=0.2 and p(’Hallucination’)=0.8 are the lowest, denoting that
higher agreement (4/5 annotators agreeing) is rare for both 'Hallucination’ and 'Not Hallucination’ labels.
We can assume that model-aware samples are harder by nature to be classified in any of the labels.
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Figure 4.1.2: Distribution of unlabelled training samples per task in both model-agnostic and model-aware

settings.
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Figure 4.1.3: Distribution of labeled validation samples per task in both model-agnostic and model-aware
settings.
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Figure 4.1.4: Distribution of validation labels in both model-agnostic and model-aware settings.
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Figure 4.1.5: Distribution of hallucination probability (majority voting among human annotators’ labeling)
in both model-agnostic and model-aware settings in the validation set.
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Figure 4.1.6: Distribution of hallucination probability in each validation label ("Hallucination’ vs 'Not
Hallucination’). Annotators significantly agree on whether a sample contains a hallucination or not.
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Figure 4.1.7: Distribution of labeled test samples per task in both model-agnostic and model-aware settings.
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Figure 4.1.8: Distribution of test labels in both model-agnostic and model-aware settings.
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Figure 4.1.9: Distribution of hallucination probability (majority voting among human annotators’ labeling)
in both model-agnostic and model-aware settings in the test set.
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Figure 4.1.10: Distribution of hallucination probability in each test label ("Hallucination’ vs 'Not
Hallucination). Annotators significantly agree on whether a sample contains a hallucination or not.
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4.2 Metrics

In order to evaluate the results of the experiments we used two metrics, according to the evaluation method
of the Semeval completion: Accuracy for the binary labels ("Hallucination’ and ’'Not Hallucination’)and
Spearman correlation for the percentage of Hallucination (’p(Hallucination’)).

4.2.1 Accuracy

Accuracy[1] is a metric used to determine how frequently a machine learning model makes correct predictions.
It is calculated by dividing the number of correct predictions by the total number of predictions made, as

shown in the following equation:
CorrectPredictions

AllPredictions

Accuracy = (4.2.1)

In simple terms, accuracy tells us how often the model gets it right.

4.2.2 Spearman Correlation

The Spearman correlation[9] is a statistical measure that assesses the strength and direction of a monotonic
relationship between two variables by comparing their ranked values. For instance, a data series such as [58,
70, 40] would be ranked as [2, 1, 3]. The Spearman correlation is particularly useful when dealing with data
containing outliers. To quantify this correlation, the Spearman rank correlation coefficient r;, also referred
to as the rank coefficient, is employed. The formula for r, is given below, where n represents the number
of data points in the series, and d denotes the difference in ranks between corresponding values of the two
variables:

2
o1 ST 122

Here, d; is the difference between the ranks of the two corresponding values in the data pairs.

Systems were evaluated according to two criteria: the accuracy that the system reached on the binary
classification, and their calibration, measured as the Spearman correlation of the systems’ output probabilities
with the proportion of the annotators marking the item as overgenerating. The systems were ranked by
accuracy and break possible ties using spearman correlation.
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4.3 Methods

4.3.1 Sentence Similarity

The initial approach to solving the problem involved reframing it as a task of sentence similarity. Sentence
similarity refers to the process of measuring the degree of similarity between two textual inputs based on their
semantic content. This process is central to many natural language processing (NLP) tasks, as it enables
the comparison of sentences not merely on a lexical level but through their underlying meaning. To perform
this task, models typically represent the input texts as vectors, or embeddings, that encode their semantic
information. The similarity between these embeddings is then quantified by calculating their proximity within
a high-dimensional vector space.

In our implementation of this method, we took several steps to adapt the sentence similarity task to our
specific problem. First, we encoded both the target (’tgt’) and hypothesis ("hyp’) texts for each datapoint.
To do this, we utilized various pre-trained models from the Sentence _transformers library, which is known for
generating high-quality sentence embeddings that capture semantic nuances effectively. These embeddings
serve as vector representations of the sentences, preserving their meaning while allowing for mathematical
manipulation.

After obtaining the embeddings, we computed the distance between the 'tgt’ and "hyp’ vectors. To ensure
a comprehensive evaluation of similarity, we employed multiple distance metrics, specifically the Manhattan
distance and the Euclidean distance. These metrics allowed us to quantify the extent of difference or similarity
between the sentence pairs by measuring how far apart their corresponding vectors are in the embedding
space.

Finally, based on the calculated distances, we established an appropriate threshold for binary classification.
This threshold was determined by experimenting with various distance values, allowing us to define a cutoff
point that effectively distinguishes between similar and dissimilar sentence pairs. Through this process, we
transformed the sentence similarity task into a binary classification problem, where the similarity score was
used to classify each sentence pair as either similar or dissimilar based on the predefined threshold.

This method provided an initial framework for tackling the problem, leveraging well-established techniques
in sentence similarity to compare the semantic content of textual inputs and determine the necessary classi-
fication.

4.3.2 COMET

COMET [45], (Crosslingual Optimized Metric for Evaluation of Translation) is an advanced neural framework
developed to address the shortcomings of traditional machine translation (MT) evaluation metrics such as
BLEU and METEOR. These conventional metrics primarily rely on surface-level lexical overlap between a
machine-generated translation and a reference text, often missing deeper semantic nuances, especially when
translations are highly fluent but non-literal. In contrast, COMET utilizes state-of-the-art pretrained cross-
lingual language models , such as XLM-RoBERTa, enabling it to assess translation quality based on meaning
rather than mere word matching.

One of COMET’s defining features is its multilingual and cross-lingual adaptability . By employing mul-
tilingual pretrained models, it supports a wide range of languages, including those with limited available
data. Furthermore, the framework is flexible enough to extend its capabilities to languages that were not
directly represented during its training phase. This makes COMET particularly valuable for diverse linguistic
contexts.

At its core, COMET is designed to emulate human judgment in evaluating translations. It is trained on human
quality assessments, such as Direct Assessments (DA) , where human evaluators score the adequacy and
fluency of translations, and Human-mediated Translation Edit Rate (HTER) , which measures the amount of
effort required to correct a translation. By learning from these human-provided evaluations, COMET aligns
closely with the way humans assess translation quality, allowing it to make reliable predictions at the segment
level.

COMET is built around two primary model architectures: the Estimator model and the Translation Ranking
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model . The Estimator model directly predicts a quality score by considering the machine translation output
alongside a reference translation and, optionally, the source text. It is trained to regress on human judgment
scores, such as DA or HTER, and provides a numeric score reflecting the quality of the translation. The
Translation Ranking model, on the other hand, is designed to compare multiple translation hypotheses,
ranking them based on their similarity to the reference and the source text. This model is particularly
effective in differentiating between high-performing translations, where subtle differences in quality might
not be captured by traditional metrics.

An additional strength of COMET lies in its flexibility to operate both in reference-based and reference-
free modes. While traditional MT evaluation methods require a human-generated reference translation,
COMET can function without one by leveraging the source text to generate a quality score. This reference-
free evaluation capability is inspired by Quality Estimation (QE) models, which assess translation quality
without needing a reference, further expanding COMET’s applicability in practical settings.

COMET’s technical implementation includes an innovative layer-wise attention mechanism , which pools
information from various layers of its pretrained encoder model. Instead of relying solely on the final layer
of the model, it assigns different weights to different layers, each capturing various linguistic features such
as syntax and semantics. This comprehensive approach enhances COMET’s ability to make fine-grained
predictions about translation quality.

In terms of performance, COMET has achieved state-of-the-art results . It was a standout in the WMT 2019
Metrics Shared Task , where it demonstrated a high level of correlation with human judgments, outperforming
other metrics such as BLEU, CHRF, and BERTScore. Notably, COMET has proven to be particularly robust
in evaluating high-performing MT systems, where traditional metrics often struggle to differentiate between
similar outputs.

COMET is also widely used and available as an open-source tool , making it accessible to both researchers
and professionals in the industry. Its flexibility allows for fine-tuning and customization, enabling it to be
adapted for other natural language generation (NLG) tasks beyond machine translation, such as evaluating
the coherence and factual accuracy of outputs from large language models.

In summary, COMET represents a significant advancement in the field of MT evaluation, offering a more
nuanced, semantically driven approach to assessing translation quality. Its reliance on pretrained multilingual
models, alignment with human judgment, and adaptability for reference-free evaluation make it a valuable
tool in both research and practical applications.

4.3.3 Fine-tune NLI models

In the context of detecting hallucinated answers, we also employed Natural Language Inference (NLI) models,
an approach that has seen substantial progress in recent years, particularly in its ability to capture and analyze
semantic complexities that closely align with the phenomenon of hallucination. NLI models are designed to
assess the logical relationship between two sentences, classifying the connection between a hypothesis and a
premise into one of three categories: entailment, neutral, or contradiction. These categories map onto the
model’s understanding of whether the hypothesis follows logically from the premise, is unrelated, or directly
contradicts it.

Given their capacity to handle nuanced semantic relationships, NLI models offer a valuable framework for
addressing the issue of hallucination detection in language models. Specifically, we framed the problem
of hallucination detection as a task of NLI: given the input produced by the model, which we define as
the hypothesis (denoted as hyp), and the corresponding target or reference (denoted as tgt), the task is
to determine whether tgt entails, contradicts, or remains neutral with respect to hyp. In this context,
hallucinated content would manifest itself as contradictions or neutral relationships, rather than entailments.

To implement this approach, we selected a pre-trained NLI model available through the Hugging Face li-
brary, specifically the mDeBERTa-v3-base architecture!, which has been trained on a large-scale multilingual
dataset. The use of this model, which is based on DeBERTa’s third iteration, offers distinct advantages due
to its capability to handle a broad range of linguistic structures and languages, making it highly adaptable
to the varied and complex data we encountered.

Thttps://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
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To further tailor the NLI model to the specific demands of our task, we fine-tuned it using our annotated
validation set. This step allowed us to calibrate the model to detect the subtle distinctions necessary for
identifying hallucinations in generated outputs. By fine-tuning the model on a dataset that reflected the
unique challenges of hallucination detection, we enhanced its ability to discern whether a model-generated
output aligned with or deviated from the reference, effectively improving its performance in this specific
domain.

This approach of converting hallucination detection into an NLI task not only provided a clear framework
for assessing the logical coherence between the generated output and the reference but also allowed us to
leverage the strengths of state-of-the-art NLI models. By applying these models, we were able to bring a
structured, formal method to the task of hallucination detection, offering improved accuracy in identifying
when generated text was consistent with the expected output or exhibited elements of hallucination.

4.3.4 Fine-tune hallucination detection model

Our next technique involves the fine-tuning of a pre-trained classifier that is specifically designed for hal-
lucination detection, with the goal of learning to differentiate between hallucinated and non-hallucinated
instances within the SHROOM dataset. The primary objective of this approach is to enable the model to
capture the subtle distinctions and patterns that characterize hallucinated content, thereby improving its
ability to flag such occurrences in generated text.

To implement this, we utilized a pre-trained model based on the microsoft/deberta-v3-base architecture,
provided through Hugging Face?. This particular model is uniquely suited for the task of hallucination
detection due to its initial training on Natural Language Inference (NLI) data, which equips it with a strong
foundation in determining textual entailment and relationships between sentences. In its pre-trained form,
the model excels at identifying whether a hypothesis (generated text) is entailed, contradicted, or unrelated

to a premise (reference text), which is a key element in identifying hallucinated content.

Following this initial training, the model underwent further fine-tuning using datasets focused on summariza-
tion tasks that include annotations related to factual consistency. These datasets are enriched with examples
where the generated text is compared against reference summaries, with labels indicating whether the gener-
ated summaries maintain factual consistency or deviate into hallucination. This additional fine-tuning step
is critical, as it helps the model adapt from a general NLI task to a more specialized domain of hallucination
detection, particularly in the context of summarization and natural language generation tasks.

The output of this hallucination detection model is expressed as a probability score ranging from 0 to 1. A
score closer to 0 indicates that the model has detected the presence of hallucinated content in the generated
text, implying a significant divergence from factual accuracy. Conversely, a score approaching 1 suggests that
the model perceives the generated content as factually consistent with the reference text or input data. The
probabilistic nature of the model’s output allows for a more nuanced evaluation of the content, providing a
measure of the model’s confidence in the factual accuracy of the generated hypotheses. This probabilistic
framework is particularly valuable as it enables flexible thresholding, which can be adjusted depending on
the desired level of tolerance for hallucinated content in different applications.

To tailor the model to the specific requirements of our task, we undertook a fine-tuning process using an
annotated validation set comprising 1000 samples from the SHROOM dataset. This dataset had been pre-
labeled with instances of hallucinated and non-hallucinated content, allowing the model to adapt to the
specific intricacies of our domain. By fine-tuning the model on this domain-specific data, we aimed to
improve its ability to detect hallucinations in SHROOM instances, accounting for the unique variability
and complexity inherent in this dataset. This process enhanced the model’s sensitivity to the patterns
and characteristics typical of hallucinated content within the SHROOM domain, ensuring a more accurate
detection of such instances.

Furthermore, we applied a thresholding approach to translate the model’s probabilistic outputs into actionable
decisions. Specifically, we set a threshold at 0.5, meaning that any prediction with a score greater than 0.5 is
considered to indicate factual consistency between the input and output. On the other hand, predictions with
a score below this threshold are flagged as potentially hallucinatory instances, signaling that the generated

2https://huggingface.co/vectara/hallucinationcvaluation,odel
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content may diverge from factual accuracy or truthfulness. This thresholding mechanism not only simplifies
the interpretation of the model’s probabilistic scores but also provides a clear, binary classification for practical
use.

By adopting this approach, we were able to systematically evaluate the output of the model and make consis-
tent decisions regarding the presence of hallucinations. This method enhances the reliability and robustness
of hallucination detection in the generated content, providing a structured and adaptable framework for
improving the factual integrity of language model outputs.

4.3.5 Voting Classifier

In our final methodological approach, we implemented a sophisticated ensemble technique known as the
Voting Classifier. This strategy is based on the concept of aggregating predictions from multiple models,
combining their outputs to arrive at a more reliable and accurate result. The Voting Classifier works by
gathering input from each of the individual classifiers—namely, the pre-trained hallucination detection model,
its fine-tuned version, and the fine-tuned NLI model—and determining the final prediction based on a majority
vote. This majority voting system ensures that the label assigned to each data point reflects the consensus
of the ensemble, rather than relying on the potentially biased output of a single model.

The advantage of using a Voting Classifier lies in its ability to harness the unique strengths of each partici-
pating model, which may excel in different aspects of hallucination detection. For example, one model might
be particularly adept at identifying syntactic inconsistencies, while another is better at detecting semantic
misalignments. By combining these diverse perspectives, the Voting Classifier produces a more balanced
and robust prediction, reducing the likelihood of error or misclassification. Additionally, this ensemble tech-
nique helps to counteract the weaknesses or limitations inherent in any one model. If one of the models
performs poorly on a specific type of input, the other models can compensate, thereby enhancing the overall
performance and making the system more resilient to the complexities of the dataset.

The ensemble approach is particularly beneficial in the context of hallucination detection, where the task
involves recognizing subtle and varied types of discrepancies between the generated outputs and reference
data. The inherent complexity and variability of such data make it challenging for a single model to consis-
tently deliver high accuracy across all cases. By aggregating the predictions of multiple models, the Voting
Classifier can better capture these nuanced differences, contributing to a more precise and comprehensive
understanding of the hallucinations present in the dataset.

Moreover, the Voting Classifier not only improves binary classification decisions (i.e., determining whether a
data point is hallucinated or not) but also adds flexibility through its probability-based outputs. In addition
to the majority vote for binary labels, the classifier can calculate the percentage of models that flagged a given
output as hallucinated, providing a clearer picture of the ensemble’s overall confidence in its predictions. This
percentage-based approach gives users a more detailed insight into the degree of hallucination in a particular
data point, making it easier to prioritize cases for further investigation or refinement.

By adopting this ensemble methodology, we have created a more resilient and adaptable system for halluci-
nation detection. The Voting Classifier not only enhances predictive accuracy but also offers a more nuanced
approach to understanding complex model-generated outputs, ensuring that our detection process is both
reliable and scalable across a diverse range of data. This approach underscores our commitment to addressing
the intricate challenges posed by hallucination detection and reinforces the robustness of our overall solution.

4.3.6 Prompting

In our final approach to detecting hallucinations, we implemented Large Language Model (LLM) Prompt
Engineering as a sophisticated strategy to enhance the accuracy and reliability of generated outputs. This
method leverages the advanced capabilities of state-of-the-art LLMs, enabling us to effectively generate,
evaluate, and refine outputs systematically to identify and mitigate hallucinated content.

To achieve our objectives, we employed a diverse array of LLMs, including notable models such as Gemma
and Llama. These models were selected for their distinct architectures and strengths, which provided us with
a comprehensive toolkit for hallucination detection. Our methodology incorporated a variety of prompting
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techniques designed to maximize the models’ potential for accurately identifying and addressing hallucina-
tions. Specifically, we utilized zero-shot prompts, chain of thought reasoning, and few-shot learning strategies.

The zero-shot prompting technique enabled us to ask the models to perform tasks without prior examples,
allowing them to rely on their trained knowledge to generate responses. This approach was particularly useful
in scenarios where specific examples of hallucinations were scarce, allowing for broader generalization in the
models’ outputs.

In addition, the chain of thought reasoning technique encouraged the models to engage in step-by-step
reasoning, guiding them to break down complex problems into manageable parts. This method enhanced the
models’ ability to track logical coherence and identify inconsistencies that may indicate hallucinations. By
explicitly modeling the reasoning process, we fostered a deeper understanding of the relationships between
concepts and improved the models’ critical evaluation of their outputs.

Furthermore, our implementation of few-shot learning strategies allowed us to provide the models with a
limited number of examples to help them understand the context and nuances of the task. This adaptability
enabled the models to learn from specific instances while minimizing the need for extensive supervision. By
exposing the models to various examples of both accurate and hallucinated content, we empowered them to
infer patterns and make informed judgments about the reliability of their generated responses.

Ultimately, our approach aims to harness the strengths of LLMs in understanding and generating human-like
language while ensuring that the generated content remains factually accurate and free of hallucinations. By
combining advanced prompting techniques with diverse LLMs, we are not only enhancing the models’ perfor-
mance but also contributing to the broader discourse on responsible Al development and deployment. This
work underscores the importance of rigorous evaluation methods in the field of natural language processing,
paving the way for future advancements in ensuring the integrity and reliability of Al-generated content.
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5.1 Baseline System

Besides the dataset, the organizers of this shared task provided also a baseline system. As a baseline for the
task, they used an LLM [22] to evaluate whether the generated hypotheses are coherent with the provided
context. As described in the task description paper [35] the prompt template used derives from Self-checkgpt
[32] as shown in 5.1.1. The system of [32], which has gathered some attention from the community, constitutes
a straightforward approach based on a modern LLM, and is therefore well-suited to serve as a baseline in
the shared-task: it corresponds to a reasonable default approach to tackle the problem the participants were
challenged with.

Context: {}

Sentence: {}

Is the Sentence supported by the Context above?
Answer using ONLY yes or no:

Figure 5.1.1: Prompt template used in the baseline system

The specific context varies depending on the task addressed, i.e. the source sentence for the paraphrase
generation task, and the target sentence for machine translation and definition modeling tasks. As for the
probability of hallucination, the system relies on the probability assigned by the model to the first output
word. In cases where the output does not clearly indicate yes or no, randomly one is selected, attributing a
hallucination probability of 0.5.

The baseline system’s results are shown in Table 5.1 below.

Dataset Accuracy Rho
Val agnostic 0.65 0.38
Val aware 0.71 0.46
Test agnostic 0.75 0.49
Test aware 0.70 0.40

Table 5.1: Results of Baseline System

5.2 Sentence Similarity

Starting our experiments, we used various pre-trained transformer models to encode the ’tgt’ and the "hyp’
of each datapoint in the validation dataset, both model-aware and model-agnostic datasets. The next step
was to calculate the similarity score of these two sentences. to do so, we used a variety of distance calculating
methods including Euclidean distance, manhattan distance, cosine similarity, and a few clustering methods.

5.2.1 Calculate Distance

In the initial phase of our experiments, we employed several pre-trained transformer models to encode both
the target (’tgt’) and the hypothesis ("hyp’) for each data point in the validation dataset. This process was
applied across both model-aware and model-agnostic datasets. The objective of this step was to compute
a similarity score between the two sentences, representing the target and the hypothesis. To achieve this,
we utilized various distance calculation methods, including Euclidean distance, Manhattan distance, cosine
similarity, and a clustering algorithm.

For the computed distances, it was necessary to determine an appropriate threshold to perform binary
classification, where each data point would be labeled as either a ’Hallucination’ or 'Not Hallucination.’
After conducting a series of exploratory experiments to identify a suitable threshold, we observed that higher
classification accuracy was attained when the median of the distance values was used as the threshold. The
median effectively separates the dataset into two halves, distinguishing the higher values from the lower ones.
The thresholds derived for each model and dataset are presented in the App. A.
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Once the thresholds were determined, the binary classification was carried out according to the following
procedure:

e For the Euclidean and Manhattan distances, we initially normalized the computed distances to
constrain their values within the range [0, 1]. Following normalization, a data point was classified as
a ’Hallucination’ if its normalized distance exceeded the threshold. In this case, the probability of
hallucination, denoted as p("Hallucination’), was set equal to the corresponding normalized distance.

e For the cosine similarity, which inherently yields a similarity score between 0 and 1, we compared
the score against the threshold. If the similarity score was lower than the threshold, the data point was
labeled as a 'Hallucination’. In this scenario, the probability of hallucination, p(’Hallucination’), was
computed as one minus the similarity score (i.e., p("Hallucination’) = 1 - similarity score).

The results for the accuracy metric are presented in the 5.2,5.3,5.4,5.5. Meanwhile, the results for the
Spearman correlation metric are provided in 5.6,5.7,5.8,5.9
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Model Acc Acc Cos Acc
Euclidean Similarity Manhattan

bert-base-uncased 0.61 0.59 0.61
stsb-roberta-large 0.70 0.70 0.70
all-distilroberta-v1 0.65 0.65 0.65
all-MiniLM-L6-v2 0.66 0.66 0.66
all-MiniLM-L12-v2 0.66 0.66 0.66
all-mpnet-base-v2 0.67 0.67 0.67
all-roberta-large-v1 0.65 0.65 0.65
paraphrase-MiniLM-L6-v2 0.66 0.67 0.67
paraphrase-mpnet-base-v2 0.70 0.70 0.70
multi-qa-MiniLM-L6-cos-v1 0.66 0.66 0.66
paraphrase-MiniLM-L12 0.67 0.67 0.67
paraphrase-MiniLM-L3 0.65 0.66 0.65
paraphrase-TinyBERT-L6 0.68 0.68 0.68
paraphrase-distilroberta-base 0.66 0.69 0.67
xlm-r-distilroberta 0.67 0.68 0.67
stsb-roberta-base-v2 0.69 0.70 0.69
stsb-roberta-large 0.70 0.70 0.70
stsb-distilroberta-base-v2 0.67 0.67 0.68
stsb-mpnet-base-v2 0.70 0.70 0.70
multi-qa-distilbert-cos-v1 0.66 0.66 0.66
multi-qa-MiniLM-L6-cos-v1 0.66 0.66 0.66
sentence-th-base 0.71 0.71 0.71
sentence-t5-large 0.72 0.72 0.72
gtr-th-base 0.68 0.68 0.68
gtr-t5-large 0.68 0.68 0.68
ng-distilbert-base-v1 0.65 0.65 0.65
nli-distilroberta-base-v2 0.68 0.69 0.68
sentence-transformers _paraphrase- 0.68 0.67 0.67
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.69 0.7 0.69
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.63 0.63 0.64
multilingual-cased-v2
sentence-transformers paraphrase- 0.67 0.68 0.67
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.68 0.67 0.67
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.68 0.67 0.67
multilingual
sentence-transformers_stsb-xlm-r- 0.68 0.68 0.67
multilingual
sentence-transformers_ distiluse-base-  0.63 0.63 0.64

multilingual-cased

Table 5.2: Accuracy of model-agnostic test set

74



5.2. Sentence Similarity

Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.55 0.55 0.54
stsb-roberta-large 0.59 0.6 0.6
all-distilroberta-v1 0.58 0.58 0.59
all-MiniLM-L6-v2 0.57 0.57 0.57
all-MiniLM-L12-v2 0.58 0.58 0.58
all-mpnet-base-v2 0.58 0.58 0.58
all-roberta-large-v1 0.59 0.59 0.58
paraphrase-MiniLM-L6-v2 0.56 0.58 0.56
paraphrase-mpnet-base-v2 0.59 0.59 0.59
multi-qa-MiniLM-L6-cos-v1 0.57 0.57 0.56
paraphrase-MiniLM-L12 0.56 0.57 0.56
paraphrase-MiniLM-L3 0.55 0.57 0.56
paraphrase-TinyBERT-L6 0.56 0.58 0.56
paraphrase-distilroberta-base 0.57 0.59 0.57
xlm-r-distilroberta 0.59 0.58 0.58
stsb-roberta-base-v2 0.57 0.58 0.57
stsb-roberta-large 0.59 0.60 0.60
stsb-distilroberta-base-v2 0.57 0.57 0.57
stsb-mpnet-base-v2 0.58 0.59 0.58
multi-qa-distilbert-cos-v1 0.57 0.57 0.57
multi-qa-MiniLM-L6-cos-v1 0.57 0.57 0.56
sentence-th-base 0.60 0.60 0.60
sentence-t5-large 0.62 0.62 0.62
gtr-th-base 0.58 0.58 0.58
gtr-t5-large 0.59 0.59 0.59
ng-distilbert-base-v1 0.58 0.58 0.58
nli-distilroberta-base-v2 0.58 0.58 0.58
sentence-transformers _paraphrase- 0.57 0.58 0.57
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.58 0.58 0.58
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.56 0.56 0.56
multilingual-cased-v2
sentence-transformers paraphrase- 0.59 0.58 0.58
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.57 0.57 0.57
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.57 0.57 0.57
multilingual
sentence-transformers_stsb-xlm-r- 0.58 0.59 0.58
multilingual
sentence-transformers_ distiluse-base-  0.56 0.56 0.56

multilingual-cased

Table 5.3: Accuracy of model-aware test set

75



Chapter 5. Experiments

Model Acc Acc Cos Acc
Euclidean Similarity Manhattan

bert-base-uncased 0.67 0.65 0.67
stsb-roberta-large 0.74 0.74 0.74
all-distilroberta-v1 0.68 0.68 0.68
all-MiniLM-L6-v2 0.69 0.69 0.69
all-MiniLM-L12-v2 0.69 0.69 0.69
all-mpnet-base-v2 0.68 0.68 0.68
all-roberta-large-v1 0.71 0.71 0.71
paraphrase-MiniLM-L6-v2 0.74 0.71 0.74
paraphrase-mpnet-base-v2 0.72 0.72 0.72
multi-qa-MiniLM-L6-cos-v1 0.71 0.71 0.71
paraphrase-MiniLM-1.12 0.74 0.72 0.74
paraphrase-MiniLM-L3 0.70 0.70 0.69
paraphrase-TinyBERT-L6 0.71 0.72 0.7
paraphrase-distilroberta-base 0.72 0.73 0.72
xlm-r-distilroberta 0.72 0.73 0.72
stsb-roberta-base-v2 0.75 0.75 0.75
stsb-roberta-large 0.74 0.74 0.74
stsb-distilroberta-base-v2 0.73 0.74 0.72
stsb-mpnet-base-v2 0.75 0.75 0.75
multi-qa-distilbert-cos-v1 0.69 0.69 0.69
multi-qa-MiniLM-L6-cos-v1 0.71 0.71 0.71
sentence-th-base 0.73 0.73 0.73
sentence-t5-large 0.74 0.74 0.74
gtr-th-base 0.69 0.69 0.69
gtr-t5-large 0.70 0.70 0.70
ng-distilbert-base-v1 0.69 0.69 0.69
nli-distilroberta-base-v2 0.72 0.72 0.72
sentence-transformers _paraphrase- 0.73 0.72 0.73
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.73 0.73 0.74
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.66 0.66 0.67
multilingual-cased-v2
sentence-transformers paraphrase- 0.72 0.73 0.72
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.72 0.72 0.72
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.72 0.72 0.72
multilingual
sentence-transformers_stsb-xlm-r- 0.72 0.73 0.73
multilingual
sentence-transformers_ distiluse-base-  0.66 0.66 0.67

multilingual-cased

Table 5.4: Accuracy of model-agnostic validation set
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5.2. Sentence Similarity

Model Acc Acc Cos Acc
Euclidean Similarity Manhattan
bert-base-uncased 0.53 0.53 0.53
stsb-roberta-large 0.58 0.59 0.58
all-distilroberta-v1 0.57 0.57 0.56
all-MiniLM-L6-v2 0.56 0.56 0.56
all-MiniLM-L12-v2 0.57 0.57 0.57
all-mpnet-base-v2 0.56 0.56 0.56
all-roberta-large-v1 0.57 0.57 0.57
paraphrase-MiniLM-L6-v2 0.55 0.57 0.55
paraphrase-mpnet-base-v2 0.57 0.59 0.57
multi-qa-MiniLM-L6-cos-v1 0.55 0.55 0.55
paraphrase-MiniLM-L12 0.57 0.57 0.57
paraphrase-MiniLM-L3 0.54 0.56 0.54
paraphrase-TinyBERT-L6 0.55 0.56 0.55
paraphrase-distilroberta-base 0.55 0.55 0.55
xlm-r-distilroberta 0.57 0.57 0.56
stsb-roberta-base-v2 0.56 0.58 0.56
stsb-roberta-large 0.58 0.59 0.58
stsb-distilroberta-base-v2 0.55 0.56 0.56
stsb-mpnet-base-v2 0.56 0.56 0.57
multi-qa-distilbert-cos-v1 0.55 0.55 0.55
multi-qa-MiniLM-L6-cos-v1 0.55 0.55 0.55
sentence-th-base 0.58 0.58 0.58
sentence-t5-large 0.61 0.61 0.6
gtr-th-base 0.56 0.56 0.55
gtr-t5-large 0.57 0.57 0.57
ng-distilbert-base-v1 0.56 0.57 0.56
nli-distilroberta-base-v2 0.57 0.57 0.57
sentence-transformers _paraphrase- 0.55 0.58 0.55
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.58 0.59 0.57
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.53 0.53 0.54
multilingual-cased-v2
sentence-transformers paraphrase- 0.57 0.57 0.56
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.55 0.55 0.55
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.55 0.55 0.55
multilingual
sentence-transformers_stsb-xlm-r- 0.57 0.58 0.57
multilingual
sentence-transformers_ distiluse-base-  0.53 0.53 0.54

multilingual-cased

Table 5.5: Accuracy of model-aware validation set
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan

bert-base-uncased 0.35 0.33 0.36
stsb-roberta-large 0.56 0.56 0.56
all-distilroberta-v1 0.43 0.43 0.43
all-MiniLM-L6-v2 0.43 0.43 0.43
all-MiniLM-L12-v2 0.44 0.44 0.44
all-mpnet-base-v2 0.47 0.47 0.47
all-roberta-large-v1 0.45 0.45 0.45
paraphrase-MiniLM-L6-v2 0.46 0.47 0.46
paraphrase-mpnet-base-v2 0.54 0.53 0.54
multi-qa-MiniLM-L6-cos-v1 0.46 0.46 0.46
paraphrase-MiniLM-L12 0.5 0.49 0.51
paraphrase-MiniLM-L3 0.41 0.43 0.41
paraphrase-TinyBERT-L6 0.48 0.5 0.48
paraphrase-distilroberta-base 0.48 0.5 0.48
xlm-r-distilroberta 0.48 0.49 0.48
stsb-roberta-base-v2 0.54 0.56 0.54
stsb-roberta-large 0.56 0.56 0.56
stsb-distilroberta-base-v2 0.49 0.51 0.49
stsb-mpnet-base-v2 0.56 0.56 0.56
multi-qa-distilbert-cos-v1 0.46 0.46 0.46
multi-qa-MiniLM-L6-cos-v1 0.46 0.46 0.46
sentence-th-base 0.57 0.57 0.57
sentence-t5-large 0.59 0.59 0.59
gtr-t5-base 0.48 0.48 0.48
gtr-t5-large 0.5 0.5 0.5
ng-distilbert-base-v1 0.42 0.42 0.42
nli-distilroberta-base-v2 0.49 0.52 0.49
sentence-transformers _paraphrase- 0.5 0.49 0.5
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.54 0.55 0.54
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.41 0.41 0.41
multilingual-cased-v2
sentence-transformers paraphrase- 0.48 0.49 0.48
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.49 0.49 0.49
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.49 0.49 0.49
multilingual
sentence-transformers_stsb-xlm-r- 0.5 0.51 0.5
multilingual
sentence-transformers_ distiluse-base-  0.41 0.41 0.41

multilingual-cased

Table 5.6: Spearman Correlation of model-agnostic test set

78



5.2. Sentence Similarity

Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.04 0.04 0.05
stsb-roberta-large 0.11 0.12 0.2
all-distilroberta-v1 0.12 0.12 0.14
all-MiniLM-L6-v2 0.1 0.1 0.11
all-MiniLM-L12-v2 0.11 0.11 0.14
all-mpnet-base-v2 0.1 0.1 0.1
all-roberta-large-v1 0.12 0.12 0.12
paraphrase-MiniLM-L6-v2 0.12 0.11 0.16
paraphrase-mpnet-base-v2 0.11 0.12 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.12
paraphrase-MiniLM-1.12 0.09 0.11 0.11
paraphrase-MiniLM-L3 0.06 0.11 0.07
paraphrase-TinyBERT-L6 0.14 0.12 0.16
paraphrase-distilroberta-base 0.13 0.13 0.14
xlm-r-distilroberta 0.1 0.1 0.1
stsb-roberta-base-v2 0.16 0.13 0.2
stsb-roberta-large 0.11 0.12 0.2
stsb-distilroberta-base-v2 0.11 0.11 0.16
stsb-mpnet-base-v2 0.11 0.14 0.15
multi-qa-distilbert-cos-v1 0.1 0.1 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.12
sentence-th-base 0.15 0.15 0.15
sentence-t5-large 0.16 0.16 0.16
gtr-t5-base 0.15 0.15 0.15
gtr-t5-large 0.14 0.14 0.14
ng-distilbert-base-v1 0.15 0.11 0.18
nli-distilroberta-base-v2 0.1 0.11 0.13
sentence-transformers _paraphrase- 0.15 0.11 0.2
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.12 0.13 0.12
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.12 0.06 0.13
multilingual-cased-v2
sentence-transformers paraphrase- 0.1 0.1 0.1
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.14 0.13 0.14
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.14 0.13 0.14
multilingual
sentence-transformers_stsb-xlm-r- 0.15 0.14 0.16
multilingual
sentence-transformers_ distiluse-base-  0.12 0.06 0.13

multilingual-cased

Table 5.7: Spearman Correlation of model-aware test set
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Model Rho Rho Cos Rho
Euclidean Similarity Manhattan

bert-base-uncased 0.44 0.43 0.44
stsb-roberta-large 0.63 0.63 0.63
all-distilroberta-v1 0.53 0.53 0.52
all-MiniLM-L6-v2 0.54 0.54 0.54
all-MiniLM-L12-v2 0.53 0.53 0.53
all-mpnet-base-v2 0.55 0.55 0.54
all-roberta-large-v1 0.54 0.54 0.54
paraphrase-MiniLM-L6-v2 0.57 0.57 0.57
paraphrase-mpnet-base-v2 0.62 0.62 0.61
multi-qa-MiniLM-L6-cos-v1 0.56 0.56 0.56
paraphrase-MiniLM-L12 0.61 0.59 0.61
paraphrase-MiniLM-L3 0.52 0.53 0.52
paraphrase-TinyBERT-L6 0.56 0.59 0.56
paraphrase-distilroberta-base 0.6 0.62 0.6
xlm-r-distilroberta 0.57 0.59 0.57
stsb-roberta-base-v2 0.63 0.63 0.63
stsb-roberta-large 0.63 0.63 0.63
stsb-distilroberta-base-v2 0.6 0.62 0.6
stsb-mpnet-base-v2 0.64 0.64 0.64
multi-qa-distilbert-cos-v1 0.56 0.56 0.56
multi-qa-MiniLM-L6-cos-v1 0.56 0.56 0.56
sentence-th-base 0.63 0.63 0.63
sentence-t5-large 0.65 0.65 0.65
gtr-t5-base 0.56 0.56 0.56
gtr-t5-large 0.58 0.58 0.58
ng-distilbert-base-v1 0.53 0.53 0.53
nli-distilroberta-base-v2 0.6 0.63 0.6
sentence-transformers _paraphrase- 0.62 0.6 0.62
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.64 0.63 0.63
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base-  0.54 0.53 0.54
multilingual-cased-v2
sentence-transformers paraphrase- 0.57 0.59 0.57
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.58 0.58 0.58
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.58 0.58 0.58
multilingual
sentence-transformers_stsb-xlm-r- 0.62 0.62 0.62
multilingual
sentence-transformers__ distiluse-base-  0.54 0.53 0.54

multilingual-cased

Table 5.8: Spearman Correlation of model-agnostic validation set

80



5.2. Sentence Similarity

Model Rho Rho Cos Rho
Euclidean Similarity Manhattan
bert-base-uncased 0.05 0.06 0.07
stsb-roberta-large 0.13 0.13 0.23
all-distilroberta-v1 0.12 0.12 0.15
all-MiniLM-L6-v2 0.1 0.1 0.12
all-MiniLM-L12-v2 0.11 0.11 0.16
all-mpnet-base-v2 0.11 0.11 0.11
all-roberta-large-v1 0.12 0.12 0.12
paraphrase-MiniLM-L6-v2 0.14 0.13 0.18
paraphrase-mpnet-base-v2 0.13 0.14 0.13
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.13
paraphrase-MiniLM-1.12 0.1 0.12 0.13
paraphrase-MiniLM-L3 0.07 0.12 0.07
paraphrase-TinyBERT-L6 0.15 0.13 0.17
paraphrase-distilroberta-base 0.15 0.16 0.16
xlm-r-distilroberta 0.11 0.12 0.11
stsb-roberta-base-v2 0.17 0.14 0.21
stsb-roberta-large 0.13 0.13 0.23
stsb-distilroberta-base-v2 0.16 0.15 0.2
stsb-mpnet-base-v2 0.13 0.15 0.15
multi-qa-distilbert-cos-v1 0.1 0.1 0.11
multi-qa-MiniLM-L6-cos-v1 0.1 0.1 0.13
sentence-th-base 0.17 0.17 0.17
sentence-t5-large 0.19 0.19 0.19
gtr-t5-base 0.16 0.16 0.16
gtr-t5-large 0.15 0.15 0.16
ng-distilbert-base-v1 0.17 0.12 0.19
nli-distilroberta-base-v2 0.13 0.15 0.17
sentence-transformers _paraphrase- 0.16 0.13 0.21
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.14 0.15 0.14
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.15 0.08 0.16
multilingual-cased-v2
sentence-transformers paraphrase- 0.11 0.12 0.11
xlm-r-multilingual-v1
sentence-transformers__ distilbert- 0.15 0.14 0.15
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.15 0.14 0.15
multilingual
sentence-transformers_stsb-xlm-r- 0.16 0.16 0.17
multilingual
sentence-transformers_ distiluse-base-  0.15 0.08 0.16

multilingual-cased

Table 5.9: Spearman Correlation of model-aware validation set
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5.2.2 Clustering

Another method we employed to enhance our classification process was clustering. Specifically, we calculated
the distance between the target (tgt) and hypothesis (hyp) by determining the absolute difference between
their respective vector representations. This metric served as a foundation for clustering the data points. To
this end, we utilized the K-means algorithm, which is well-suited for partitioning data into distinct clusters
based on similarity. By setting the number of clusters to two, we aimed to categorize the target-hypothesis
pairs into two groups, thereby identifying patterns or commonalities among the data.

The clustering results were consistent with the findings obtained through the distance-based classification
method described in the previous subsection. As demonstrated in Table 5.10, the clustering approach pro-
vided similar categorizations, further reinforcing the robustness of the distance calculation method. These
comparable results suggest that both techniques are valid and complementary for this task, offering different
perspectives on the underlying data distribution while yielding congruent classifications.
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5.2. Sentence Similarity

Model Test- Test-aware Val- Val-aware
agnostic agnostic
bert-base-uncased 0.61 0.52 0.67 0.56
stsb-roberta-large 0.7 0.53 0.73 0.56
all-distilroberta-v1 0.65 0.52 0.65 0.55
all-MiniLM-L6-v2 0.64 0.52 0.69 0.54
all-MiniLM-L12-v2 0.66 0.53 0.67 0.56
all-mpnet-base-v2 0.66 0.51 0.68 0.52
all-roberta-large-v1 0.65 0.57 0.7 0.55
paraphrase-MiniLM-L6-v2 0.66 0.52 0.73 0.54
paraphrase-mpnet-base-v2 0.69 0.52 0.71 0.56
multi-qa-MiniLM-L6-cos-v1 0.65 0.53 0.7 0.55
paraphrase-MiniLM-L12 0.67 0.53 0.73 0.56
paraphrase-MiniLM-L3 0.65 0.53 0.69 0.56
paraphrase-TinyBERT-L6 0.67 0.56 0.70 0.54
paraphrase-distilroberta-base 0.66 0.56 0.72 0.54
xlm-r-distilroberta 0.68 0.52 0.72 0.566
stsb-roberta-base-v2 0.7 0.57 0.74 0.56
stsb-roberta-large 0.7 0.53 0.73 0.56
stsb-distilroberta-base-v2 0.67 0.51 0.72 0.54
stsb-mpnet-base-v2 0.70 0.53 0.75 0.56
multi-qa-distilbert-cos-v1 0.64 0.52 0.68 0.53
multi-qa-MiniLM-L6-cos-v1 0.65 0.53 0.70 0.55
sentence-tb-base 0.7 0.58 0.73 0.57
sentence-th-large 0.71 0.59 0.73 0.59
gtr-th-base 0.64 0.57 0.68 0.55
gtr-t5-large 0.67 0.59e 0.7 0.57
ng-distilbert-base-v1 0.64 0.52 0.68 0.54
nli-distilroberta-base-v2 0.67 0.52 0.73 0.55
sentence-transformers paraphrase- 0.68 0.52 0.73 0.55
multilingual-MiniLM-L12-v2
sentence-transformers paraphrase- 0.69 0.54 0.73 0.53
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.63 0.55 0.66 0.53
multilingual-cased-v2
sentence-transformers paraphrase- 0.68 0.52 0.72 0.56
xlm-r-multilingual-v1
sentence-transformers_ distilbert- 0.68 0.56 0.72 0.54
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.68 0.56 0.72 0.54
multilingual
sentence-transformers_ stsb-xIm-r- 0.68 0.57 0.71 0.53
multilingual
sentence-transformers_ distiluse-base-  0.63 0.55 0.66 0.53

multilingual-cased

Table 5.10: Kmeans Accuracy
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5.3 COMET

As previously discussed, COMET focuses on Machine Translate task but it can be used for different NLG
tasks. So, our focus was exclusively directed towards the task of translation. To evaluate the quality of
the generated translations, we employed COMET, a widely recognized and robust benchmark in the field of
machine translation. COMET assesses translation quality by leveraging both the reference translation and
the source, offering a comprehensive performance measure.

To conduct a detailed evaluation, we first distinguished the relevant data points specific to the translation
task. Using these distinct data points, we applied the COMET benchmark to derive a quantitative score,
which ranges from zero to one, with higher values indicating a superior translation quality. This evaluation
method provided an objective measure of how well the models performed in terms of accuracy, fluency, and
overall translation quality. The results of this evaluation, as obtained from our experiments, are presented
in Table 1.12, offering insights into the comparative performance of the models under examination.

Dataset Accuracy Rho
Val agnostic 0.82 0.718
Val aware 0.71 0.64
Test agnostic 0.78 0.6
Test aware 0.75 0.61

Table 5.11: Accuracy and Spearman Correlation on MT task using COMET, with a threshold of 0.75

Continuing our experiments we tested COMET in the rest tasks (DM and PG) and the results are shown in
Tables 5.12 and 5.13

Dataset Accuracy Rho
Val agnostic 0.68 0.48
Val aware 0.68 0.54
Test agnostic 0.69 0.5

Test aware 0.65 0.46

Table 5.12: Accuracy and Spearman Correlation on DM task using COMET, with a threshold of 0.55

Dataset Accuracy Rho
Val agnostic 0.68 0.54
Val aware 0.8 0.27
Test agnostic 0.74 0.47
Test aware 0.84 0.42

Table 5.13: Accuracy and Spearman Correlation on PG task using COMET, with a threshold of 0.55

After calculating the results for each task separately, we combined them to get a final score for the whole
dataset. These results are shown in Table 5.14

5.4 NLI models

In this section, we outline the experiments conducted to evaluate the effectiveness of fine-tuned Natural
Language Inference (NLI) models in detecting hallucinations produced by large language models (LLMs).
We employed pre-trained NLI models and further fine-tuned them using a task-specific dataset curated to
better capture hallucination instances. By aligning these models to the task of hallucination detection, we
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Dataset Accuracy Rho
Val agnostic 0.74 0.55
Val aware 0.72 0.53
Test agnostic 0.73 0.53
Test aware 0.74 0.53

Table 5.14: Accuracy and Spearman Correlation on all tasks using COMET, with different threshold per
task

trained them to assess the relationship between a target sentence (ground truth) and a hypothesis (output
from the LLM). The hypothesis is then classified as either entailed, contradicted, or neutral concerning the
target, providing a framework to detect inconsistencies or fabricated content.

We utilized a pre-trained NLI model from the Hugging Face library, specifically the mDeBERTa-v3-base
architecture. This model, part of the third iteration of the DeBERTa (Decoding-enhanced BERT with
disentangled attention) family, was trained on a large multilingual dataset, making it an excellent candidate
for our work. The pre-training on such a large-scale dataset enabled the model to capture a broad spectrum
of linguistic features and patterns across various languages, offering a solid foundation for processing a wide
array of linguistic structures. This was crucial for handling the complexity and variability of the data we
worked with, both in terms of linguistic diversity and content characteristics.

Thanks to its disentangled attention mechanism, the mDeBERTa-v3-base model’s ability to manage multi-
lingual inputs effectively made it highly adaptable to tasks involving different languages and dialects. This
mechanism allows the model to better separate positional information from content, enhancing its under-
standing of language, and making it particularly suited to our task of processing intricate and diverse linguistic
data.

The NLI model had already been trained on the multilingual-nli-26lang-2mil7 dataset and the XNLI validation
dataset, both containing three labels: ’entailment,’ 'neutral,” and ’contradiction.” During training, we mapped
the "Hallucination’ label to ’contradiction’ and the 'Not Hallucination’ label to ’entailment,’ creating a binary
classification to clearly represent the hallucinatory nature of the content. This transformation simplified the
learning process by providing distinct labels for the model to differentiate between hallucinatory and non-
hallucinatory instances.

However, we didn’t solely rely on the pre-trained model’s capabilities. To address the specific demands of our
project, we fine-tuned the model using a carefully annotated validation set that reflected the unique require-
ments of hallucination detection. This fine-tuning process enabled the model to detect subtle distinctions
necessary for identifying hallucinations in model-generated outputs. In this context, hallucinations refer to
cases where a model produces content that is not grounded in or supported by the original reference data—a
common issue in text generation tasks.

By fine-tuning the mDeBERTa-v3-base architecture on a dataset designed specifically to address these chal-
lenges, we enhanced its sensitivity to both syntactic and semantic discrepancies. This additional training
allowed the model to more effectively determine whether a generated output was aligned with the reference
text or if it deviated in subtle, often misleading ways. This improvement not only boosted the model’s overall
performance in detecting hallucinations but also increased its reliability in handling the specific types of data
we encountered, resulting in significant improvements in accuracy and reliability.

Ultimately, combining a powerful pre-trained model with task-specific fine-tuning enabled us to develop a
highly specialized tool for detecting hallucinations in generated outputs. This careful calibration enhanced
the model’s ability to operate effectively within the context of our work, ensuring it could make the precise
distinctions needed to improve the overall quality and trustworthiness of the generated content.

Following training, the model’s predictions were assessed using an entailment score, and a carefully chosen
threshold was applied to distinguish between hallucinations and non-hallucinations. Through experimen-
tation, we determined that a threshold of 0.8 optimized the accuracy of our trial set. Additionally, for
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calculating the percentage of hallucinations for each data point, we subtracted the entailment percentage
from 1.

The hyperparameters utilized for the NLI model fine-tuning mirrored those employed during the training of
the initial model. The selection of hyperparameters followed a series of experiments, which yielded signifi-
cantly lower levels of accuracy. Some of the experiments are displayed in Table 5.15 while a detailed account
of the parameters employed for training this NLI model is outlined in Table 5.16.

epochs Ir warmup ratio weight decay accuracy

5 2e-05 0.06 0.01 0.83
10 2e-06 0.1 0.01 0.75
5 2e-04 0.01 0.05 0.53
5 2e-05 0.05 0.001 0.8
5 2e-06 0.08 0.1 0.79

Table 5.15: Accuracy on trial-set from experiments with hyperparameters. The first row displays the
hyperparameters chosen for finetuning

Hyperparameter Value

train dataset validation set (1,000 samples)
learning rate 2e-05

epochs 5

warm-up ratio 0.06

weight decay 0.01

Table 5.16: Hyperparameters used for NLI fine-tuning

The results before fine-tuning and after are shown in the Table 5.17

test agn test aware val agn val aware  trial
Before finetuning 0.744 0.736 0.772 0.735 0.812
After fine-tuning 0.751 0.77 - - 0.83

Table 5.17: Accuracy of nli models before and after finetuning
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5.5 Fine-tune hallucination detection model

Our fine-tuned model underwent a comprehensive training and evaluation process, leveraging the SHROOM
data provided by the task organizers. This data was essential in training the model to detect hallucinations
in generated outputs accurately. Specifically, the model was trained using an annotated validation set, which
contained ground-truth labels for hallucination detection, and its performance was then assessed using a trial
set to ensure it generalized well to unseen data.

In the pre-processing phase, each data point was carefully prepared for input into the model. We extracted
two key components from each instance: the hypothesis (hyp) and the target (tgt). The hyp represented
the generated output from the model that needed to be evaluated for hallucinations, while the tgt served as
the reference or ground truth, providing the basis for comparison. These components were then fed into the
model to allow it to assess whether the generated output aligned with the reference text or deviated in ways
that indicated hallucination.

To further enhance the model’s performance in terms of both accuracy and its ability to predict the probability
of hallucination (p(‘Hallucination’)), we implemented a dual-training strategy. This strategy was crucial for
optimizing the model’s predictions and improving its flexibility. In the first iteration, we trained the model
using binary labels: ’0’ for hallucination and ’1’ for non-hallucination. This binary classification allowed the
model to make straightforward decisions about whether or not a given hypothesis contained hallucinated
content.

In the second iteration, we took a more nuanced approach by using float labels that represented the com-
plement of the probability of hallucination, or (1-p(‘Hallucination’)). This allowed the model to produce a
more detailed probability score, reflecting the likelihood of hallucination in the generated output rather than
simply assigning a binary label. By employing these continuous values, the model could better capture the
degree of uncertainty or confidence associated with its predictions.

This dual-training approach offered several advantages. First, it enabled the model to simultaneously provide
a binary label indicating the presence or absence of hallucination and a probability score that quantified the
likelihood of hallucination. This allowed us to balance between making categorical decisions about hallucina-
tions while also gaining a deeper insight into the model’s confidence in its predictions. The probability score
was particularly useful for scenarios where a more granular understanding of the model’s output was needed,
such as when further human review or refinement was required.

Additionally, this approach provided flexibility in model deployment, as we could tailor the system to different
use cases. In some instances, the binary label would suffice, especially in high-precision applications where a
clear-cut decision is essential. In others, the probability score could be leveraged to prioritize or flag outputs
for closer inspection, especially when the model indicated a moderate likelihood of hallucination.

Overall, this combination of binary and probabilistic outputs, achieved through the dual-training process,
enhanced the model’s adaptability and effectiveness in detecting hallucinations. It also provided a more
comprehensive understanding of model-generated outputs, ensuring the detection of hallucinations was both
precise and insightful. The hyperparameters for fine-tuning are comprehensively detailed in Table 5.18.

The results are shown in Table 5.19

Hyperparameter Value

train dataloader validation set (1,000 samples)
evaluator trial set (80 samples)

epochs 5

evaluation steps 10,000

warm-up steps 10% of train data for warm-up

Table 5.18: Hyperparameters used for the hallucination detection model fine-tuning
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acc rho acc acc trial
test-agn test-agn test-aware test-aware
0.778 0.668 0.795 0.685 0.85

Table 5.19: Fine-tune hal-detect model’s results

5.6 Voting Classifier

In our final approach, we adopted an ensemble technique known as the Voting Classifier to improve the
robustness and accuracy of our predictive model. The Voting Classifier operates on the principle of aggre-
gating the outputs of multiple individual classifiers to arrive at a final decision. Each classifier within the
ensemble generates its prediction for the output class based on the given input data, and the Voting Classifier
consolidates these predictions. The final predicted class is determined by a majority vote, whereby the class
that receives the highest number of votes from the individual classifiers is selected as the final output.

The strength of this ensemble approach lies in its ability to harness the unique advantages of each constituent
classifier. In our case, we incorporated several models, from previous chapters. Specifically, we utilized the
pre-trained hallucination detection model, its fine-tuned version and the fine-tuned NLI model, each of which
was trained to address the task from different perspectives and through varying methodologies. By combining
these diverse models, we could capitalize on each approach’s individual strengths. Certain classifiers may be
better suited to specific aspects or characteristics of the data; thus, their predictions reflect these nuances.
However, by allowing multiple models to contribute to the decision-making process, the ensemble helps to
balance out any potential weaknesses or biases that may arise when relying on a single model.

Moreover, the Voting Classifier serves as an effective strategy for mitigating the risks of overfitting or bias
that may be present in individual models. While any single model may exhibit limitations due to noise or
variability within the dataset, the ensemble method distributes the predictive responsibility across multiple
classifiers, thus reducing the impact of any particular model’s deficiencies. This approach is particularly
valuable when dealing with complex and heterogeneous datasets, as it increases the likelihood that diverse
patterns within the data are captured and accurately modeled.

Through its collective decision-making framework, the ensemble technique enhances the overall predictive
performance of the system. By pooling the predictions of various classifiers, the Voting Classifier provides
a more reliable and consistent prediction than any single model could achieve on its own. This approach
proved especially effective in addressing our dataset’s inherent complexity and variability, contributing to a
more nuanced and accurate understanding of the underlying phenomena. The Voting Classifier allowed us to
navigate the intricacies of the data better, ensuring that the final predictions were well-rounded and repre-
sentative of the multiple factors at play, ultimately leading to improved model generalization and predictive
accuracy.

The results of this method are shown in Table 5.20, which achieved the higher accuracy of all of our submis-
sions for the Semeval competition.
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Method acc.T rhot
Model-aware

Baseline Model 0.745 0.488

Fine-tune hal-detect model 0.795 0.685

NLI model 0.77 0.591

Voting Classifier-majority vote 0.799 0.691
Voting Classifier-averaged per- 0.799 0.693

centage

Model-agnostic
Baseline Model 0.697 0.402
Fine-tune hal-detect model 0.778 0.668
NLI model 0.751 0.548

Voting Classifier-majority vote 0.78 0.632
Voting Classifier-averaged per- 0.78 0.643
centage

Table 5.20: Final results for model-aware and model-agnostic variants. Bold denotes best results. The two
Voting Classifiers differentiate from the method applied to calculate the p(‘Hallucination)
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5.7 Prompting

As previously discussed, our final approach centered on applying Prompt Engineering. To initiate this
method, we designed and implemented a zero-shot prompt, deploying it across a range of models, including
LLaMA-2 (7B, 13B, and 70B), LLaMA-3 70B, and GEMMA, among others. Following this, we extended our
approach to include a few-shot prompt and further explored the Chain-of-Thought (CoT) reasoning by incor-
porating the prompt illustrated in Table 5.24. The outcomes of each respective prompting method—zero-shot,
few-shot, and CoT—are systematically presented in Table 5.21, Table 5.22, and Table 5.23, respectively. These
results offer a comparative analysis of the performance across different models and prompting techniques.

Model Acc test-agnostic Acc test-aware
Llama-2 7b 0.60 0.62

Llama-2 13b 0.64 0.67

Llama-2 70b 0.77 0.75

Llama-3 70b 0.77 0.75

Gemma 2b 0.60 0.61

Gemma 7b 0.74 0.7

Mistral 7b 0.46 0.47

Table 5.21: Results for Zero-shot

Model Acc test-agnostic Acc test-aware
Llama-2 7b oK ok

Llama-2 13b 0.42 0.51

Llama-2 70b 0.62 0.64

Llama-3 8b oK ok

Llama-3 70b 0.62 0.65

Gemma 2b 0.57 0.55

Gemma 7b ok ok

Mistral 7b 0.5 0.54

Table 5.22: Results for Few-shot

Model Acc test-agnostic Acc test-aware
Llama-2 7b 0.63 0.65

Llama-2 13b 0.58 0.56

Llama-2 70b 0.57 0.61

Llama-3 8b ok ok

Llama-3 70b 0.58 0.62

Gemma 2b 0.59 0.63

Gemma 7b 0.60 0.63

Mistral 7b 0.49 0.46

Table 5.23: Results for CoT

Observations: The results from our experiments indicate that the most effective model in this context
is LLaMA-2 70B, particularly when utilizing the zero-shot prompting approach. This superior performance
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Method

Prompt

Zero-shot Prompting

Few-shot

Chain-of-Thought

[Sentence 1]: Freedom is worthless.
[Sentence 2|: Freedom is invaluable.
Is the Sentence 1 supported by the
Sentence 27

Answer with Yes or No.

In the following example, the Sentence
1 is supported by the Sentence 2:
example 1

In the following example, the Sentence
1 is not supported by the Sentence 2:
example 2

Now, it is your turn to evaluate the
following example.

[Sentence 1]: hyp

[Sentence 2[: tgt

Is the Sentence 1 supported by the
Sentence 27

Answer with Yes or No.

[Sentence 1]: Freedom is worthless.
[Sentence 2|: Freedom is invaluable.
Is the Sentence 1 supported by the
Sentence 27

Answer with Yes or No.

Explain your answer.

Table 5.24: Prompts used for each method

can be attributed to the model’s advanced architecture, coupled with the prompt’s simplification, enabling
more precise input processing. Additionally, we observed a tendency in smaller models, such as LLaMA-7B,
to exhibit biased behavior by consistently assigning a single label to all data points. Specifically, the model
would classify every instance as either "Hallucination" or "Not Hallucination," depending on its training
configuration, leading to inflated recall rates, as shown in Table 5.25.

Model Recall test-agnostic Recall test-aware
Hallucination/Not Hallucination/Not
Hallucination Hallucination

Llamma-2 7b 0.25/0.85 0.39/0.76

Llamma-2 13b 0.29/0.82 0.29/0.82

Llamma-2 70b 0.5/0.95 0.52/0.88

Llamma-3 70b 0.53/0.93 0.41/0.95

Gemma 2b 0.04/0.99 0.03/0.96

Gemma 7b 0.49/0.91 0.42/0.87

Mistral 7b 0.5/0.93 0.4/0.8

Table 5.25: Recall for each dataset of zero-shot prompt

Moreover, our findings suggest that as the complexity of the prompt increased, the model’s comprehension and

91



Chapter 5. Experiments

overall accuracy significantly declined. This highlights the sensitivity of these models to prompt complexity,
with overly intricate prompts leading to reduced performance and diminished understanding of the task at
hand. Furthermore, in Table 5.22 and Table 5.23, the entries marked with ** indicate cases where the model’s
responses were entirely irrelevant to the input, making it impossible to extract a valid answer. A couple of
completely irrelevant responses and the models that produced them are shown in Table 5.26

Model

Input

Output

Llama-3 8b

gemma 7b

"[Sentence 1]: Tom thought Mary probably
wouldn’t give up French.

[Sentence 2]: Tom thought Mary would
probably fail her French test.

Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

Explain your answer.

First, you will be provided with 2 examples
with the correct answer, similar to the
question you will need to answer.

[Sentence 1]: Freedom is worthless.
[Sentence 2|: Freedom is invaluable.

Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

[Correct Answer|: No, Sentence 1 is not
supported by the Sentence 2.

[Sentence 1]: This isn’t your house anymore.
[Sentence 2|: You don’t live here anymore.
Is the Sentence 1 supported by the Sentence
27

Answer with Yes or No.

[Correct Answer]: Yes, Sentence 1 is
supported by the Sentence 2.

Now, it is your turn to evaluate the following
example

[Sentence 1]: Can anyone corroborate that?
[Sentence 2]: Can anyone back you up on
that? Sentence 1 is not supported by the
Sentence 2 Answer with Yes or No.

https://www.duolingo.com/bookmark/1206a4

#+4+ The answers for each sentence:
**Freedom and Can Anyone
Corroborate/Back Me Up7** #4444
Sentences about freedom : (sentence one) -
FREEDOM IS WORTHLESS / (sentense
two)-FREEDOM HAS VALUE . The
sentences are saying different things despite
using seemingly synonymous phrases like
'freedom’, valuable & useless’. They differ in
tone of voice , purpose as well context which
significantly impacts their meanings even
though they both deal broadly around
concepts related directly opposite from
valuedness versus worthlessness.. Therefore I
believe these statements do NOT carry
identical semantic weight hence my response
was NO.¥*—***gentences regarding living
space:** - [Sentece One| THIS AIN2019T
YOUR HOUSE ANYMORE./-[Sentence
Two|-YOU DONT LIVE HERE AGAIN
AND THE ANSWER FOR BOTH
SENTENCES ARE YES BECAUSE THEY
CARRY SAME MEANING BUT JUST
WITH DIFFERENT WAYS OF SAYINGS
THAT STILL HAVE A LIKE TO ONE
Another.

Table 5.26: Outputs completely irrelevant to input

In our final effort to enhance performance, we focused on refining the zero-shot prompts used in LLaMA-
2 70B, which had previously demonstrated the highest accuracy across tasks. For each specific task, we
systematically adjusted the prompts to better align with the task requirements. The modified prompts for
each task are detailed in Table 5.27. The results after these adjustments are provided in Table 5.28, which
once again demonstrates that the highest results come from simple prompts.
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Task Prompt

DM [Sentence 1]: src
[Sentence 2|: hyp
[Sentence 3|: tgt
A machine was given the task of giving
the definition of Sentence 1. The
machine’s answer was Sentence 2 while
the expected answer was Sentence 3.
Did the machine answer correctly?
Answer with Yes or No.

PG [Sentence 1]: src
[Sentence 2|: hyp
A machine was given the task of giving
a paraphrase of Sentence 1. The
machine’s answer was Sentence 2
Did the machine answer correctly?
Answer with Yes or No.

MT [Sentence 1J: src
[Sentence 2|: hyp
[Sentence 3|: tgt
A machine was given the task of giving
the translation of Sentence 1. The
machine’s answer was Sentence 2 while
the expected answer was Sentence 3.
Did the machine answer correctly?
Answer with Yes or No.

Table 5.27: Prompts used for each Task

Model Accuracy test-agnostic Accuracy test-aware

Llamma-3 70b 0.66 0.63

Table 5.28: Results from task separation prompt
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5.8 Overall Results

Following the completion of all experiments, the results are summarized in Table 5.29, which presents the
highest accuracy achieved by each method.

Method Model-Aware Test Set Model-Agnostic Test Set
Baseline System 0.75 0.70
Sentence Similarity 0.75 0.62
COMET 0.73 0.74
NLI Model 0.75 0.77
Vectara Hallucination Model 0.77 0.79
Voting Classifier 0.78 0.80
Prompting (Zero-Shot) 0.77 0.75

Table 5.29: Accuracy results for all methods on the Model-Aware and Model-Agnostic test sets.

The highest accuracy was achieved using the Voting Classifier method, which also represented our top sub-
mission for the SemEval-2024 Task 6 competition [16].

While the accuracy metric provides an indication of the proportion of correct predictions, it does not offer
insights into the nature of the errors or their underlying causes. To address this, we present an analysis of
the errors associated with each method, categorized by label.

In Figure 5.8.1, the bar plots illustrate the percentage of errors for each label, calculated relative to the initial
number of samples per label in both the model-aware and model-agnostic test sets.

60 60 60

[ Model-Agnostic Test-set [ Model-Agnostic Test-set [ Model-Agnostic Test-set
50 B Model-Aware Test-set 50 B Model-Aware Test-set 50 B Model-Aware Test-set
40 40 40
30 30 30
20 20 20
10 10 10

P " 0 v m— 0 rp—n r—
Hallucination Not Hallucination Hallucination Not Hallucination Hallucination Not Hallucination
Sentence Similarity COMET NLI

60 . 60 . 60 .

3 Model-Agnostic Test-set 3 Model-Agnostic Test-set [ Model-Agnostic Test-set
50 EEE Model-Aware Test-set 50 EE Model-Aware Test-set 50 B Model-Aware Test-set
40 40 40
30 30 30
20 20 20
10 10 10

0
Hallucination Not Hallucination Hallucination Not Hallucination Hallucination Not Hallucination
Vectara Model Voting Classifier Prompting

Figure 5.8.1: Percentage of errors per label in the model-agnostic and aware test set.
In Figure 5.8.2, the bar plots illustrate the percentage of errors for each label, calculated relative to the initial
number of samples per task in both the model-aware and model-agnostic test sets.

In Figure 5.8.3, the bar plots illustrate the percentage of errors for each label, calculated relative to the initial
number of samples per p("Hallucination’) in both the model-aware and model-agnostic test sets.

We observe that the Paraphrase Generation task demonstrates superior performance compared to the other
tasks, which is expected given the nature of paraphrasing. In contrast, the Definition Modeling task exhibits
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Figure 5.8.2: Percentage of errors per task in the model-agnostic and aware test set.
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Figure 5.8.3: Percentage of errors per p(’Hallucination’) in the model-agnostic and aware test set.

significantly lower accuracy, which is also reasonable due to the inherent difficulty associated with generating
accurate definitions.

An important observation regarding p(Hallucination) is the marked disparity in error rates when
p(Hallucination) equals 0.6 or 0.4. This variation can be attributed to the manner in which p(Hallucination)
is computed, reflecting the level of agreement among the five annotators. The discrepancies indicate that even
among multiple annotators, consensus on whether a case constitutes a hallucination is not always achieved.
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Conclusion

This thesis has addressed the critical issue of hallucinations in Large Language Models (LLMs), particularly
in the context of Natural Language Generation (NLG) tasks, where such errors can undermine the reliability
of NLP systems. The widespread adoption of LLMs across various domains has heightened the importance of
developing robust methods to detect and mitigate hallucinations, especially in black-box settings where the
inner workings of the models remain opaque. Through participation in the SemEval-2024 Task 6 (SHROOM),
this research has explored novel approaches to hallucination detection that apply to challenging domains such
as Machine Translation, Definition Modelling, and Paraphrase Generation.

Key contributions of this work include the fine-tuning of pre-trained models on hallucination detection and
Natural Language Inference datasets, achieving superior performance compared to baseline models. The
integration of these models into a Voting Classifier framework has demonstrated competitive accuracy in
detecting hallucinations across model-aware and model-agnostic test sets. Additionally, this research has
introduced a novel prompting approach to enhance interpretability, guiding models to identify semantic
inconsistencies in the generated outputs. By employing sentence similarity metrics, the methodology has
further enabled a quantitative assessment of hallucinations, grounded in the comparison between generated
and input texts.

The results achieved in this thesis underscore the potential of combining multiple strategies, including fine-
tuning, ensemble methods, and semantic metrics, to improve hallucination detection accuracy. The analysis
of error patterns across different tasks has also provided valuable insights into the nature of hallucinations,
revealing the varying degrees of challenge posed by different types of NLG tasks. For instance, the superior
performance observed in Paraphrase Generation is consistent with the task’s inherent properties, whereas
the lower accuracy in Definition Modeling reflects the greater difficulty of accurately modeling definitions.
Furthermore, the study of annotation disagreement in p(Hallucination) scores has highlighted the complexities
involved in achieving consensus on the presence of hallucinations, suggesting areas for further refinement in
evaluation protocols.

In conclusion, this research advances the state of the art in hallucination detection for LLMs by proposing a
range of methods that are both effective and computationally efficient within a black-box setup. The findings
lay a foundation for future work aimed at enhancing the reliability of LLM-based systems by addressing the
intrinsic challenge of hallucinations. Future directions could involve refining annotation strategies, exploring
hybrid detection methods that combine model-internal and external evidence, and expanding the evaluation
to a wider array of NLG tasks and model architectures. By continuing to investigate the interplay between
task-specific factors, model design, and detection techniques, the NLP community can move closer to building
more trustworthy language generation systems.

Future Work

1. Task-Specific Techniques: Develop specialized methods tailored to the characteristics of each Nat-
ural Language Generation (NLG) task. By considering the unique nature and requirements of tasks
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such as summarization, translation, and dialogue generation, it is possible to create more effective
hallucination detection approaches.

2. Multi-Modal Approaches: Expand the scope of research to include other domains, such as visual
question answering and image captioning. Exploring hallucination detection in multi-modal tasks,
where text is generated in conjunction with other data modalities, could lead to more comprehensive
and robust methods.

3. Integration of External Knowledge Bases: Investigate the use of Retrieval-Augmented Generation
(RAG) and other techniques to enhance the verification of factual accuracy in generated content.
Leveraging external knowledge bases, such as Wikidata or domain-specific databases, could help validate
the truthfulness of generated outputs.

4. Explainable AI (XAI) Techniques: Develop explainability methods to gain deeper insights into
the nature of hallucinations and understand the underlying reasons for their occurrence. Techniques
such as attention visualization, counterfactual analysis, and interpretable models could help elucidate
the sources of errors in generated text.

5. Automatic Hallucination Correction: Beyond detecting hallucinations, explore methods to auto-
matically correct or revise model outputs to make them factually consistent.
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Appendix A. Thresholds Used for Sentence Similarity

Model Threshold Threshold Threshold
Euclidean Cosine Manhattan
Similarity
bert-base-uncased 0.83 6.96 151.74
stsb-roberta-large 0.7 20.47 514.38
all-distilroberta-v1 0.61 0.88 19.21
all-MiniLM-L6-v2 0.63 0.86 13.39
all-MiniLM-L12-v2 0.63 0.86 13.37
all-mpnet-base-v2 0.65 0.84 18.33
all-roberta-large-v1 0.65 0.83 21.14
paraphrase-MiniLM-L6-v2 0.66 5.36 83.37
paraphrase-mpnet-base-v2 0.7 2.52 54.28
multi-qa-MiniLM-L6-cos-v1 0.68 0.8 12.4
paraphrase-MiniLM-L12 0.68 4.1 63.68
paraphrase-MiniLM-L3 0.62 3.714 57.87
paraphrase-TinyBERT-L6 0.65 5.2 114.91
paraphrase-distilroberta-base 0.66 13.16 288.61
xlm-r-distilroberta 0.69 5.17 111.42
stsb-roberta-base-v2 0.67 14.08 307.57
stsb-roberta-large 0.7 20.47 514.38
stsb-distilroberta-base-v2 0.67 13.84 301.1
stsb-mpnet-base-v2 0.69 2.63 56.52
multi-qa-distilbert-cos-v1 0.65 0.83 18.34
multi-qa-MiniLM-L6-cos-v1 0.68 0.8 124
sentence-th-base 0.9 0.45 9.85
sentence-th-large 0.89 0.48 10.6
gtr-th-base 0.78 0.66 14.67
gtr-th-large 0.8 0.64 14.08
ng-distilbert-base-v1 0.59 12.28 271.32
nli-distilroberta-base-v2 0.7 12.5 270.87
sentence-transformers_ distilbert- 0.91 4.19 92.43
multilingual-nli-stsb-quora-ranking
sentence-transformers paraphrase- 0.72 3.63 56.32
multilingual-MiniLM-L12-v2
sentence-transformers _paraphrase- 0.76 2.17 46.39
multilingual-mpnet-base-v2
sentence-transformers__ distiluse-base- 0.7 0.75 13.35
multilingual-cased-v2
sentence-transformers _paraphrase- 0.69 5.17 111.42
xlm-r-multilingual-v1
sentence-transformers-quora-distilbert- 0.91 4.19 92.43
multilingual
sentence-transformers_stsb-xlm-1- 0.75 10.74 234.54
multilingual
sentence-transformers_ distiluse-base- 0.7 0.75 13.35

multilingual-cased

Table A.1: Threshods used for model-agnostic test set
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Model

Threshold Threshold Threshold

Euclidean Cosine Manhattan
Similarity

bert-base-uncased 0.82 7.78 170.22
stsb-roberta-large 0.61 23.86 601.39
all-distilroberta-v1 0.57 0.93 20.27
all-MiniLM-L6-v2 0.6 0.9 13.99
all-MiniLM-L12-v2 0.6 0.9 13.93
all-mpnet-base-v2 0.62 0.87 18.75
all-roberta-large-v1 0.58 0.92 23.43
paraphrase-MiniLM-L6-v2 0.6 5.6 86.48
paraphrase-mpnet-base-v2 0.64 2.8 60.36
multi-qa-MiniLM-L6-cos-v1 0.6 0.89 13.83
paraphrase-MiniLM-L12 0.59 4.53 70.71
paraphrase-MiniLM-L3 0.57 4.1 64.03
paraphrase-TinyBERT-L6 0.6 5.43 120.02
paraphrase-distilroberta-base 0.58 14.06 306.93
xlm-r-distilroberta 0.61 5.47 117.34
stsb-roberta-base-v2 0.58 16.71 363.02
stsb-roberta-large 0.61 23.86 601.39
stsb-distilroberta-base-v2 0.58 15.16 328.85
stsb-mpnet-base-v2 0.59 2.98 64.07
multi-qa-distilbert-cos-v1 0.6 0.9 19.76
multi-qa-MiniLM-L6-cos-v1 0.6 0.89 13.83
sentence-th-base 0.89 0.48 10.55
sentence-th-large 0.87 0.52 11.49
gtr-th-base 0.74 0.73 15.98
gtr-t5-large 0.76 0.69 15.22
ng-distilbert-base-v1 0.55 13.11 289.75
nli-distilroberta-base-v2 0.65 13.5 295.03
sentence-transformers _paraphrase- 0.64 4.08 63.35
multilingual-MiniLM-L12-v2
sentence-transformers paraphrase- 0.69 2.42 51.78
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base-  0.56 0.91 16.14
multilingual-cased-v2
sentence-transformers _paraphrase- 0.61 5.47 117.34
xlm-r-multilingual-v1
sentence-transformers_ distilbert- 0.88 4.83 106.69
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.88 4.83 106.69
multilingual
sentence-transformers_stsb-xlm-1- 0.67 12.04 265.35
multilingual
sentence-transformers_ distiluse-base-  0.56 0.91 16.14

multilingual-cased

Table A.2: Threshods used for model-aware test set
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Appendix A. Thresholds Used for Sentence Similarity

Model Threshold Threshold Threshold
Euclidean Cosine Manhattan
Similarity
bert-base-uncased 0.82 7.18 156.9
stsb-roberta-large 0.69 21.01 531.35
all-distilroberta-v1 0.61 0.89 19.36
all-MiniLM-L6-v2 0.63 0.86 13.36
all-MiniLM-L12-v2 0.63 0.86 13.29
all-mpnet-base-v2 0.65 0.84 18.18
all-roberta-large-v1 0.66 0.82 20.83
paraphrase-MiniLM-L6-v2 0.64 5.33 82.99
paraphrase-mpnet-base-v2 0.68 2.58 55.66
multi-qa-MiniLM-L6-cos-v1 0.68 0.8 12.43
paraphrase-MiniLM-L12 0.66 4.18 64.48
paraphrase-MiniLM-L3 0.61 3.72 57.97
paraphrase-TinyBERT-L6 0.65 5.1 113.03
paraphrase-distilroberta-base 0.66 13.19 286.01
xlm-r-distilroberta 0.69 5.07 110.05
stsb-roberta-base-v2 0.65 14.65 321.02
stsb-roberta-large 0.69 21.01 531.35
stsb-distilroberta-base-v2 0.66 13.98 304.57
stsb-mpnet-base-v2 0.67 2.73 59.05
multi-qa-distilbert-cos-v1 0.66 0.82 18.15
multi-qa-MiniLM-L6-cos-v1 0.68 0.8 12.43
sentence-th-base 0.9 0.45 9.91
sentence-th-large 0.88 0.49 10.81
gtr-th-base 0.78 0.66 14.55
gtr-th-large 0.8 0.64 14.17
ng-distilbert-base-v1 0.58 12.43 275.89
nli-distilroberta-base-v2 0.69 12.7 275.14
sentence-transformers _paraphrase- 0.7 3.72 57.37
multilingual-MiniLM-L12-v2
sentence-transformers paraphrase- 0.73 2.25 48.38
multilingual-mpnet-base-v2
sentence-transformers_ distiluse-base- .68 0.78 13.67
multilingual-cased-v2
sentence-transformers _paraphrase- 0.69 5.07 110.05
xlm-r-multilingual-v1
sentence-transformers_ distilbert- 0.91 4.21 93.05
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.91 4.21 93.05
multilingual
sentence-transformers_stsb-xlm-1- 0.74 10.99 242.3
multilingual
sentence-transformers_ distiluse-base-  0.68 0.78 13.67

multilingual-cased

Table A.3: Thresholds used for model-agnostic validation set
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Model

Threshold Threshold Threshold

Euclidean Cosine Manhattan
Similarity

bert-base-uncased 0.82 7.7 168.92
stsb-roberta-large 0.62 23.78 601.14
all-distilroberta-v1 0.58 0.92 20.07
all-MiniLM-L6-v2 0.6 0.89 13.88
all-MiniLM-L12-v2 0.61 0.88 13.58
all-mpnet-base-v2 0.64 0.85 18.71
all-roberta-large-v1 0.59 0.91 23.07
paraphrase-MiniLM-L6-v2 0.62 5.42 84.84
paraphrase-mpnet-base-v2 0.67 2.68 58.15
multi-qa-MiniLM-L6-cos-v1 0.6 0.89 13.74
paraphrase-MiniLM-L12 0.62 4.38 68.36
paraphrase-MiniLM-L3 0.57 4.04 62.72
sentence-th-base 0.88 0.48 10.66
sentence-th-large 0.87 0.51 11.27
gtr-th-base 0.74 0.73 16.04
gtr-th-large 0.77 0.68 15.03
ng-distilbert-base-v1 0.52 13.04 288.21
nli-distilroberta-base-v2 0.66 13.01 281.91
paraphrase-TinyBERT-L6 0.6 5.34 118.35
paraphrase-distilroberta-base 0.6 13.79 299.17
xlm-r-distilroberta 0.62 5.43 117.06
stsb-roberta-base-v2 0.6 16.08 351.81
stsb-roberta-large 0.62 23.78 601.14
stsb-distilroberta-base-v2 0.6 14.56 313.91
stsb-mpnet-base-v2 0.6 2.89 62.41
multi-qa-distilbert-cos-v1 0.59 0.91 20.06
multi-qa-MiniLM-L6-cos-v1 0.6 0.89 13.74
sentence-transformers _paraphrase- 0.66 4.0 61.87
multilingual-MiniLM-L12-v2
sentence-transformers paraphrase- 0.7 2.35 50.43
multilingual-mpnet-base-v2
sentence-transformers  distiluse-base-  0.57 0.91 16.06
multilingual-cased-v2
sentence-transformers _paraphrase- 0.62 5.43 117.06
xlm-r-multilingual-v1
sentence-transformers_ distilbert- 0.89 4.69 102.91
multilingual-nli-stsb-quora-ranking
sentence-transformers-quora-distilbert- 0.89 4.69 102.91
multilingual
sentence-transformers_stsb-xlm-1- 0.69 11.9 260.67
multilingual
sentence-transformers__ distiluse-base-  0.57 0.91 16.06

multilingual-cased

Table A.4: Threshods used for model-aware validation set
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