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eplAnyn

Ta tedevtaia xpovia, ta Meydda IMooowkd Moviéda (Large Language Models- LLMs)
kepdilouv oAoéva katl peyadutepn Snpotkotnta Adyw tng adloonpeintng anddoong toug
oe Slapopetikég epyaoieg Kat topeig enedepyaoiag uokng yAoooag. Qotdéco, ouxvd avtt-
petomni¢ouv oplopéva nmpoBArjpata mou rmeplopidouv ) XP1jon Toug Katl eyEipouv epatrpata
OXEUKA PE TV alormotia, EMmtaoooviag v £peUva YUp® Ao Tig attieg Kat tig rmbavég Avoeig
oe avutd. 'Eva ano autd ta poBAnpata eivat n dnpovpyia Hallucinations, 6pog mou napa-
1i0etat ota ayyAikd kabwg dev €xel arobobei pe dok10 1poro ota eAAnvika, SnAadn e§6dwv
mou €ivatl onNpaocloAoyikda pn oupBatég eite pe v €000 rmou H00nKe oto poviédo eite pe ta
YV®OOTA Ipaypatikd yeyovota.

H napovoa Sumdepatikn epyaocia rieptypadet ) de@pntuike] avaluon Kat avarudn evog
ouotuartog Bactopévou oe LLM yia v aviyveuor hallucination oe noAuyAwooeg e€66oug
vYAwookev poviedewv. ‘Evauvopa yia v epyaocia eivat 1o SemEVAL-2025 Mu-SHROOM
shared task mou otoxevel va mapaxkivroet ) peAétn g avixvevong hallucination 6ivo-
vtag £pdaoct) Kat otlg 181aitepeg anattroelg 10V MOAUYA®OO®V KEPEVEVY. L autd 1ad miaiowa
poteivetal pia amoteAeopatiky), Xepig exknaideuon orpatnyikr) npotporrg LLM rou evi-
OXUEL TV aviXVeuon HE Vv XP1or VoG PYAAEiou Petadpaong MOAUYAROO®OV KEPEVROV OTd
AyyAikd. To niapdv ocuotnpa ermtuyxavel otabepég arodooelg aveiaptr|tog g yAwooag oty

oroia Bpilokovtat ta npog e§étaorn Keipeva.

Atge1g KAeba

MeydAa MNwoowkd Moviéda, ZepdaApata, IToAuyAwooa keipeva, Ilpotpornn






Abstract

In recent years, Large Language Models are gaining increasing popularity due to their
remarkable performance across different natural language processing tasks and domains.
However, they often suffer from certain problems that limit their usage and raise questions
concerning their reliability. One of this problems is the generation of Hallucinations, i.e.
outputs that are semantically or factually inconsistent with their inputs or real-world
knowledge. Therefore a lot of research is conducted around their causes and possible
solutions.

This thesis describes the theoretical analysis and development of an LLM-based sys-
tem for hallucination span detection in multilingual outputs of LLMs. It arises from the
shared task of the SemEVAL-2025 Mu-SHROOM that aims to motivate the study of the
underexplored area of multilingual hallucination detection. An efficient, training-free LLM
prompting strategy is proposed that enhances detection by translating multilingual text
spans into English. The consistency of this approach highlights the effectiveness of our
translation strategy for hallucination detection, demonstrating its applicability regardless

of the source language.

Keywords

Large Language Models, Hallucination, Multilinguality, Prompting
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Kegpalato “

Extetaliévn IlepiAnywn ota EAAnvika

1.1 Ewayoyn

Ta tedevtaia xpovia ta Meyadla Meoowkd Moviéda kepdidouv £dagpog otov topéa ng
Enegepyaociag duoikrg Mwooag, A0y® 1oV €8alpetikov emdooemv T0Ug o€ pia oelpd arnod
npoBAfjpata onwg 1 mepiAnyn Keipévou, 1 PeEtadpact), 1 Andavinorn ot epetroelg K.a. Ta
poviéda autd eival eKmaldeupéva o€ TEPAOTIO OYKO KEIHEVOV KAl CUVENIOG £XOUV TNV 1KA-
VOTITA Vad araviouVv eUYARDTIA O€ EPWINOELS TIOU arnattouyv 18iaitepo Babpo katavonong ng
vAdooag. H 1600 eupéng 61adebopévn Xprjon toug Kat arod XPproteg d1adopetik®v ermredmv
£COKEIROTG e TOV TOHEA TG PNXAVIKAS PABnong enfjAbe pe v avartudn mAatpoppuov rou
KAVOUV o TPOooBACtr) 1) XP1 ot ToUG.

[Tapa tg avayvepiopéveg duvatotntég toug, ta Meyala 'ewooika Movtéda ouyva napou-
oladouv opdApata, €va ek TV oroinv sivar n napaywyr Hallucination - opog rou xpnot-
poroteitatl A0y g EAAePng GOKI10U KAl EUPERG ATOOEKTOU AVIIoTOLXOU Ota AANVIKA- KAl
SNAdvel TV MAPAYRYI] KEEVOU AIld YA®OOIKA POVIEAA ITOU ITAPOTL £ival EUYADTTIOG, TEPLEXEL
avarpiBeleg, MAN)POG KATAOKEUACHEVA YEYOVOTA 1] YEYOVOTA ITIOU £pXOVIdAl o€ aviibeorn) pe 1
YV®OO1 1ag yia Tov KOOU0 1] IANPodopieg AoXETEG 1E TV €10080 Tou §OONKe 0TO POVIEAO.

Adyw® g 1000 gupeiag xprong toug addd kat g agiag twv duvatottwv toug otav Aet-
TOUPYOUV Katd Td IIPOoBAETIOPEVA TIPOTUTIA, IIPAYLATOIIOEITAL CUCTATIKY £pEUVA YUP® ATIO
NV aviXveuon atti®v yia T€1010U £160Ug opAApiata Pe KOO TV avAarttudn cuotpdiov yid
v aviyxveuorn kat 610pOwor) Toug. Méoa amod autr), MPOKUITIEL 0Tl Td MPoBAnpata avtd sivat
TIOAUTIAPAYOVTIKA Kal Propel va ouvdéoviat pe ta dedopéva exnaideuong, v aduvapia
ouvdeong pe e§ntepikég PAoELS YVRONG K.A..

‘OAot autoi o1 apdyovieg evioXUOVIal IIAPATIAVE OtV MEPITIMOT TRV MOAUYA®OO®V KEl-
pévav. ITapott ta yAwookd poviéda €xouv ) duvatdtnta va YeEVIKEUOUV o 81adpopeg YA®OO-
oeg, 1a dedopéva exnaidbeuong mou adopouv kabepia amno auteg eival MOAU dvioa og OYKO,
epnodidoviag v EKPAONOT TRV 181aitEp®V POPPOAOYIKOV KAl ONACI0AOYIKOV XAPAKINP1-
OTKOV KABe yAdooag.

Ia 1oug nmapandave Aoyoug, Snpioupyeital 1 avaykn yla m dnpioupyia ouotnpdtev a-
vixveuong opaApdtev ta onoia 9a eivat anoteAeopatika Kat avegaptnta arno ) yAwooa tou
KeEVOoU TIPOg e§etaor. Ze autd ta miaiola, £xet dnuioupynBel to Mu-SHROOM shared
task, mnia ospd SoxkIPACIOV TOU TAPEXEL OAOKANPOIEVA CUVOAA SEBOUEVOV OXETIKGOV HE

opAApata YA®OOIKOV POVIEA®V, € OKOITO VA KIVITOMO)OEl TV £peUvd YUP® ATO TNV a-



Kepalat 1. Extetapévn [epidnyn ota EAAnvika

vioxveuor toug. Iir @etvr) Sokipaoia, ta ouvoda debopévav riepieixav 14 yAdooeg smexte-
tvovtag Katdutod tov TPOIo ta oUvoAda 6edopévav TV MPONYOUHEVRV IOV ITOU adopouoay ta
ayyAika.

H mapovoa Sumdopatikr, apoppopevn aro autn tn doxkipaocia, erxeipel m Sewpnti-
KI] Kal melpapatiky depedioon ya pia tétola pedétn mou otoxevel oty dnuioupyia evog
OUOTIHATOG V1A TNV aviXVEUoT opaAPATeV o TTIOAUYA®OOEG £5060UG HEYAA®Y YAWOOIK®V 110-
ViEA®v. Me autd tov tporo @Aodogel va ouvelopEpel ot evioxuon g adlormotiag Kat g
ao(AAElg Ot XPNOon TV HEYAA®V YA®OOIK®V HOVIEA®V, KAVOVTAG Td TTo akpiBr) aAdd kat
IO CUNPTEPIANTITIKA. XNV EKTETAPEVT TIEPIANYN ota EAANVIKA, PE TOV 0p0 oPpAApa evvoeital

OUYKEKPIEvVa 1) Iiepinmtwon tou Hallucination .

1.2 Oswpntiro Ynobabpo

1.2.1 TAowocowka Movtéda

H poviedonoinon tng yAwooag ivat pia anod tg mo depediwdelg epyaocieg tou topea g
Enetepyaoiag Puoikng F'Adooag kat oxetidetatl pe tnyv npodBlewn tng endpevng Aggng oe pia
npotaor 1} akoAoubia Aégewv pe Baon ta oupdpaldpeva 1 TG IPONyoUnEeveg AECETG.

Ta yA@OOo1KA povieAa PImopouv va Bpouv epappoyr) oe éva oUVOAO arto topelg onwg 1)
uyeia, n eknaideuon, n owkovopia kat n vopobeoia, os pia MAndopa epappoymv Oonwg n a-
MAVIN O] EPWIN0EWV, I UMOOTp18n enayyeApatoyv tou kKAddou oe arogdoetg, i Snuoupyia
autopatonopévev dtadikaotwv, 1 vnootpidn acbevov K.a.. Ot epapioyEg autég eKTeivo-
vtal og Topeig mou 1) euBuvn Kat 1) a§lorotia eivatl oAU onpaviikeég Kabwg tibevrat 9épata
aopdaleilag tou Xpriotn aAAd Kal og TOUEIG TIOU 0 XPHOTtNg UITOPEL va Jnv eival e§01Ke10EVOg
1] EVHEPOHEVOG ETIAPKKOG V1A TIS OXETIKEG TEXVOAOYIES.

A6 1§ anapy£g g PeAEng g Poviedonoinong g YAWooag £mg Kat onpepa, 1 e§eAgn
OTOV OUYKEKPIPEVO KAASO eival peyddn. ApXiKd, € T OTATIONKA YA®OOIKA POVIEAd, 1|
vAwooa meptypddpnke pe pabnpatika povigda Kat yla v npoBleyn g enopevng A&Eng
Xpnotponow)Onke n peBodog g exktipnong g peylotng rmbavopavelag pe Paon v oroia
ermdeyotav Kat n kataAAnAn A&gn. Kat 1€tolo eixe meplopiopious g rpog 1o péyebog 1000
TOU OUVOAMKOU Ae§idoyiou aro to oroio 9a propouoe va MmPoKUYEL 1) enOPevr] Agn 600 Kat
tou peyeboug g akodoubiag tev Aégewmv mou opilel ta oupppalopeva kabwg aratteitatl o
ouviuao6g TIOAAGV SeoPEUPEVOV TTIOAVOTHTOV.

Ia v avupetdmnon avtev 1oV npoBAnpatov, odnynbrnkape ota VEUPp®VIKA YA®OOIKA
HOVIEAQ,TTOU XPTOTHIOIIOI0UV VEUPOVIKA SiKtua yia v npoBAeyn g endpevng AéEng oe
pia akolouBia. Ta 1o oKOmo AU, erKPATNOE 1] 16éa g POVIEAOMNOINoNG TV Aéenmv pe
aplOunukd Staviopata rmou aroteAoUv ONIACI0AOYIKES AVAIAPAOTACELS TV Aégenv Kabwg
1 Aoyikr) pe v oroia Snpioupyouviat eivat 1 POcopRoinoT g opoldtnIag 1V AEEemv PEow
1OV YOVIOV rou oxnpatiovial avapeoa ota Siavyopata.

Avtiotoixa Snpioupyndnkav kat e§e1861KeUPEVEG APXITEKTOVIKEG OIIWG TA aAvadpopRKa Kat
1A OUVEAKTIKA VEUPGVIKA diKTua pe okomod va ermrpérietal 1 S1atfpnorn onpacloAoyiKAg
rAnpogopiag Kat e§aptrjoe®v IoU UMAPX0UV 0t Oe1plaKd debopéva Oreg eivatl ta YA®OoKA.

H enavdaotaon 1pfe wotooo pe v apXtieKtoviky tou Transformer rou emtuyyavet tmyv



1.2.2 MeydAa Mweoowd Moviéda

Satfjpnon pakpwvov eaptroemv tautdxpova pe v napalAnlornoinon g ernegepyaciag
péo® tou pnyaviopou g [poooxng. O pnxaviopog tng Ipocoxng §aAeipel v avaykn
yia avadpopr] Kal ermrpenet v enegepyaocia 0Ang g e100dou areubeiag pe tov Suvapt-
KO TIpoo610p1opo v onpeiov rmou da 600sl mpoooxr), akP1BOG OM®G KAl 1] IIPOCOXI] TOU

avBporou.

1.2.2 MeyaAa 'wooika Movtéda

Ta Meyada MNeooika Movtéda eival ta 1o uypndou emredou Katl EUPERS XPTOTLOIT010-
Upeva yAwoolkd povigda. Baoidoviat otnv apyitektovikn tou Transformer xat emtuy-
XAVouv OTOX0Ug MEPAV TNG HOVIEAOIIOINOoNG NG YAWOOAg IOV €KTEIVOVIAL OV KATAVOIN 01
avlpOIMVEV EVIOAGOV KAl TNV evappovion pe g aviporuveg afieg. To Baowko toug rAso-
VEKTNA ITOU ta dtagpoporiotel anod adda poviéda nou Baocidovial oe texvikeg fabiag pabnong,
etvat n eknaibevuorn toug oe TIOAU peyddo oyko Sedopévav. Kat tétolo ta kabiotd wava va
1AaBouv MOAUAOKOUG OUCYETIONOUG Kat 1otiBa g yAwooag PEom g PeydAng audnong tev
MAPAPETIP®V TOUG Kal H1eUKoAUvel 1 dadikaoia yevikeuong oe véa Sebopéva Kat epyaoieg

OTa OrToid PIOPEL va PNV £€X0UV eMAKP18(OG MTPOEKTTAIOEUTETL.

1.2.3 Hallucinations

[Tapd tg duvatdtnieg 1OV NeYAA®V YA®OOIK®V POVIEA®V, TIOAAEG POPEG UTTOPEPOUV ATIO
opdApata otny £5066 toug. Mia tétola nepinwon eival n mapaywyny Hallucination , 6nAadn
KEWEVOU TIOU @aivetal eUAOyo adldd €pxetat o avtibeon eite pe v €icodo mou 600nke yia
va napayOel eite pe yvootd yeyovota. Tetolou eidoug opadpata, meplopi{ouv tn Xprion tev
PEYAA®V YAQOOIKOV POVIEA®V KAl @G €K TOUTOU PEAET®VIAL CUCTPATIKA QOTE va dnpioup-
ynOeti pia oAorAnpepévn £1Kova Toug rou Ya 0dNyroel OtV ATTOTEAEOPATIKY] AVITHETOITION)
TOoUgG.

Z1a npetapXika rnpoBAnpata g peAéng toug, eivat n katatagn toug oe katwyopieg. H

A0V ETTIKPATECTEPT] KATYOP10ITOiNon ou utobetoupie Kat edw eival n akodoudn:

1. Zuykpouorn M€ )V £10060 : T0 YA®OOIKO HPOVIEAO TIAPAYEL TIEPIEXOHEVO TTOU SEV ATIAVIAEL

1) Stapoporoteitat and v epINor 1ou Satunebnke yla va 1o napdaget

2. Eowtepikn) oUyKpOUOoT) otnVv £§080: 1] ardvinor T0U YAOOOIKOU Hoviédou riepthapBavet

6edopéva nou eivatl aAAnAoarnoxkAsiopeva

3. ZUYKPOUOI] HE TPAYHATIKA YEYOVOTA: TO HPOVIEAO MAPAYEL TIEPIEXOHEVO TTOU TIEPLEXEL

avaAndn, avakpiBr) 1| teAeiwg KAataoKeEUaopéva yeyovota

1.2.4 M£6obotl Avixveuong

Ia wmyv avixvevon tov Hallucinations 6wagopeg péBodor €xouv mpotabei, KATOEG €K
TV oroiev £otialouv 0e KATOWM OUYKEKPIPEVI £pyaAcia OTI®G 1 PEtadpacn 1) 0e KArmola
OUYKEKPIEVI Katnyopia onwg n dnuioupyia peudov yeyovotwv. Emiong KAToleg aro tig

1eB0d0oUGg £XOUV CUYKEKPIHEVA TIPOATIATTOUNEVA © 1] IIPOO0BAOT 08 KATIOW 30T YVAOO1G TTOU
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MEPLEXEL TNV TTANPOPOPIA TTOU OXETICETAL HIE TO TEPIEXOHEVO TRV E1008GV-£E08®V 1] 1] EVOOPAT®-
On €VOG HPOVIEAOU TIOU AVAKTIA TETOEG OXETIKEG TTANPOPOPIeg , 1) IPooBaoct otig evdlapeoeg
KPU(PEG KATAOTACELS TOUG TIOU PITOPOUV va 000UV TANPOodOopieg OXeTKA pe v PeBaiotn-
1A TOU POVIEAOU KAtd tv ermdoyr Kabe AEng mou undapyetl oy £5066 tou k.a.. Karmoieg
pébobot, avupetnmidouv to mPdBAnpa g aviyveuong oPpaipdrev g éva npobAnua tadi-
vOpnong oe opdApa 1 0x1, Pe OKOITO TV PETAPOPd YVOONG A0 POVIEAQ ITOU EIITUYXAVOUV
KaAég ermubooeig oe avtiotoixeg Siadikaoieg 6nwg ya rapddetypa povieda rmou aloAoyouv
) AOY1KY] 0X€01n petady dU0 MPOTACcE®V OIS KATNYOPieg ouvenaywyr), oudetepn 1) aviibeon).
‘AXAeg Auoelg, ipoteivouv 1 SetypatoAnyia moAAamiev anaviroseyv yia 1o 1810 epotnpa pe
oKoro va arogpeuxOel n mepintwon 1ou opaipatog. TeAog, poteivoviat 1€00601 TTou oKoTTE-
UOUV O€ IO YEVIKEUPEVEG OTPATNYIKEG TTOU HITOPOUV va Bpouv edpappoyn oe apadsiypata

avegapTIwg £pYAoiag KAt POVIEAOU IOV td €XEl TAPAEL.

1.2.5 Hallucinations oe noAUyAwooa Reipeva

[Tapdt n peAétn oXeTKA Pe TV avixveuor odpalpdtev ouveyidetal oAU evepyd, dlaite-
po PBdpog Sivetal pog To mapov oIV ayyAlkn yAwooa Kat 0 mapdyoviag g yAoooag Sev
AapBdvetat cuyxvd urnoyiv 1] AapBavetat yia e181KEG EPUTIMOELS OTIOG AUTH) TS HETAPPAOTS.

Qot600, cUpPevVa Pe TV Undpxouoa £psuva, @aitvetal ot naidel 16aitepo poAo kat ev-
dexonévag va amatteital £10aywyr vEmV Pefodmv Kal PETPIK®V yia TV Snpioupyia emuxn-

HEVOV KAl OUVETIOV OTPATYIK®V.

1.2.6 Mu-SHROOM Shared Task

To Mu-SHROOM (Multilingual Shared Task on Hallucinations and Related Observable
Overgeneration Mistakes) sival 1o mp®to onjeio avapopdg yia v avixveuor MOAUYA®Ool-
kov Hallucinations , avupetoni{oviag éva onpuaviiko Kevo OtV £€peUva yid TS YAOOOeS e
TMEPLOPIOPEVOUG TTOPOUG AOY® NG arouoiag Kabiepopévav onpeiov avapopdg.

To cUotHa Mo avarntyooeTatl e aUtd ta rmiaiotla, SEKvAel and 1) CUYKEKPEvE dokipa-
ola pe okoro v oxediaon evog MAA1ciou rou AapBavel UTIOYv TOU Ti§ 181aiTePEg ATIATINOE1S
1OV YAROO®OV, X®OPI§ OH®G va mapouotdadel CUNIIEPLPOPA TTOU e§aptdtal arod v Mpog e§eta-
on yA®wooa 1] 1 OUYKEKPIPEVH Katnyopila epyaciag 1 Katnyopiag opAaApatog otnv oroia

gpruntouy ta {euyn e1006wv- e§66wv rmou rapéxovrat.

1.3 Mé£06odot

1.3.1 ZuUvolo Asdopivav

IMa ) dnpioupyia Tou TEAIKOU CUCTNIATOS XPEIAOTNKE HEYAAOS aplBog SlepeuvnukmV
nepapdatev. 'a 1o okoro autd Xpnoono}fnke 1o cUvoAo 6e60EVOV TIOU TIAPEXOTAV 0T
rmAaiola tou SemEval-2025 Task-3 1o oroio 9a anoxkalAeitat oto £&ng Kvpto Zvvodo Agdo-
UEVOV KAl aroteAeital ano 1€00epa UMTOCUVOAQ : 10 ouvolo-Seiypa, o oUvoAo eknaidsuong,
10 OUVOAO ETUKUPOONS KAl T0 0UVOAO §okipov. T'a ta mpornapaoKeuaotikda elpdpata Xpnot-

PoroOnKe CUPRIMANPOPUATIKA £va PIKPO UTIOCUVOAO TOU 0UVOAOU Hedopiévev 1ou rtapexotav



1.3.1 Zuvolo Aedopévav

ota rmiaiowa tou SemEval-2024 Task-6 agotou urnéotrn kataAAnAn eneepyaoia rou Ya a-
vaAubel mapaxkdate, kat 9a arokaleitatl oto £§1g Aeutepevov Zuvofo Acboucvov.

Aopr Ta ouvolda &edopévev tou Kuping ouvodou Sedopévav akoloubouoav aviiotoyn
Sdourn pe pikpES dradoponoiroeg.

To ovvofo-betypa iou §60nke yla va e§okewOOUV 01 cUpPPETEXOVIeG/0Uoeg e ) dopun
TOU oUVvOAoU debopévav anotedoutav aro oXIe rapadeitypata os tpelg S1aPopeTIKEG YAOOOEG
1pia ota ayyAika, pia ota 1omavika kat 6vo ota yaddikd. Ta xapaktnpiotika toug gival ta

akolouba:
e id ,0 aviwv ap1Budg tou napadeiypatog
e lang , 0 KOSIKOG TNG YADOOAG TOU KEIPEVOU
e model_input , n eicodog rou 660nKe oTO PLOVIEAO
e model_output_text , n £§060g rou naprjyaye 1o poviédo
e model_id , o k@d1kdg TOU poviEAOU

e soft_labels , ta opdApata mou avixveubnkav, ylia kabéva and ta onoia mapEXETE O
XOAPAKIPAag arod Tov oroio &ekvdel, 0 Xapaktrpag oto oroio teAeidvel kat pia rmba-

votnta va eivat ipdypatt opdipa

e hard labels n Aiota pe 10 0UVOAO T®V OCPAAPATOV TIOU aviyveubnkav pe rmbavotnta

nave aro 0.5

Ta U0 tedeutaia XapakinP1oTika eival Kat autd rou aroteAouyv Tig ermonpavoetg, dniadr)
€Kelva Ta XapaKtplotika rnou 9¢Aoupie va ipoBAETeL T0 POVIEAO Pag.

To ouvojlo emikUpwong anoteAeitat aro 10 uroouvola Xwplopéva avda yAwooa pe 50
Setypata 1o kaBéva. Ot Siapopetikeg YAwooeg etvat : ta ApaBikd, ta 'eppavikd, ta AyyAika,
1a Iortavikd, ta @wvdavdikd, ta F'addikd, ta Iviikd, ta Itadikd, ta Zoundikd kat ta Kwvédika.

Ta xapaxtnploukd tov deiypdiov eival ta i6ta pe tou ouvolou delypartog.

To ovvoo exkmaibeuong eival €éva oUVOAO X®PIS EMIONPAVOELS KAl OUVEN®SG Oev TEPt-
AapBavel ta 6U0 tedeutaia XApPAKINPEIOTIKA TOV IIPONYOUHEVROV dU0 ouvoAdwv. Avii autou

nepidapBavel 6U0 véa XapaKInPloTKA :
e model_output_tokens ,ta tokens tng e§66ou tou poviEdou
e model_output_logit ,ta logits g €§66ou tou poviédou

ZuvoAikd anaptidetal amno 1€éooepa UTTIocUVoAa e avico apldpo derypatev: 809 betypata
yla ta ayyAikd, 492 yia ta ornavikd, 1850 delypata yia ta yaAdikd kat 200 yia ta Kivedka.

To ovvoo dokyuev anotedeital and 14 urtooUvoda xwplopéva ava yAwooa, pe ta ida
XAPAKINPIOTIKA PE T0 oUVoAo exmaideuong. ITo ouykekpipéva €xel: 150 belypata ya ta
ApaBika, ta Feppavikd, ta dwAavdika, ta Faddika, ta Iviikd, ta [tadika kat ta KiwveQika,
100 &eiypata yia ta Katadavikd, ta Togxika kat ta @apot, 154 detypata yia ta AyyAikd, 152
detypata yia ta Iortavika, 90 detypata ya ta Bdokika kat 141 Seiypata yia ta coundika.

To Acutepevov Zuvofo Asdopuévamv anotedoutav and éva Pikpo urtoocuvoldo pe 180 Seiy-

pata pe ta akéiAouba Xapakinpelotka:
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id ,0 au&wv ap1Bpog tou napadeiyparog

e src , n £l0060g TT0U 60ONKE OTO JLOVIEAO

e hyp , n £§06og nou maprnyaye 1o poviedo

e tgt, n erubupntr) £§060G-0TOX0G IO MPEMEL VA TTAPAYEL TO POVIEAO Yia auty) v 10060

e task , pia ouvtopoypagia rmou deiyxvel oe rmola Katnyopia epyaciag ek twv Metagpaon,

Opiopodg kat ITapagppaon avhket 1o deiypa
e labels , o1 sronpeidoelg ou 86Onkav oto deiypa wg Lpdipa/ Oxt Zpdipa
e label 1 srmonpeioon mou Sivetal 0to POVIEAO ®G MAEOYPNPIA TOV ETUHIEPOUS

e p(Hallucination) o0 A6yog TV E£MIONUEINOE@V TIOU TO KATETASAV ®G OPpAApa mpog 1o

OUVOAO TQV ETTIONHEINOEDV

Ta 6etypata eixav ermAexOel KAtaAANA®G GOTE TO CUVOAO va €ival 100PPOIINHEVO €XO0-
vtag 60 Getypata amo kdBs katnyopia epyaciag kat oe kabe katnyopia 30 delypata mou
etvatl yapaxkuplopéva og opdipata katr 30 detypata mou va eival xapakinpiopéva og oxt

opaipara.

1.3.2 Awepeuvnuiri Avalduon Aedopévav

To xoppat 1ng Siepeuvnuikng avaiuong Sedopévev mepieixe Eva ouvolo aro Siadikaoieg
He oKomo va avaAuBouv ta XapaKinplotika Kabe ouvolou Hebop€vev Kal va eviorotouv
evbexopeva potiBa péoa oe autd. ®a Mapouc1acToUV GUVOITTIKA TA AroteAéopata.

ApXIKQ, Tpayuatornoi}fnke pia otatiotiky avdaAuor, OXEUKA [E T0 UHKOG TV IPO-
10V KAl TV AL§e@V PEOA OTIG TPOTACELS PIE OKOTIO VA EVIOITIOTOUV CUCKETIOEIG TOU PUHKOUG
He 1 YA®ooa Kat va aglornonfouv ta CUPIEPACHATA OXETIKA UE Td HOPPOAOYIKA XapaKir)-
plotika g yAoooag. Kan tétolo 9ewprOnke mmpoamnattovpevo yla v KaAutepn uAomnoinon
NG piag MPoogyylong mou epappocajle ToU AMAltel mMP®IA va X®P10ToUV Ta KElpeva og UTio-
népn. Qotdoo, arnod v avdaduor autr) §ev MPOEKUYPE KAIO10 181aitep0 XAPAKTINPIOTIKO IT0U
va adopd IV EKACTOTE YAQDOOd, OUTE (PAVNKE VA KIVETAl 0 TIOAU TEPLOPIopEva mAdiola to
HNKOG TV £§06wV.

AxoAoUbwg, £€ylve oNpactodoyiky avdduon tev dedopévev e okomod va yivel adlornoin-
O TI10 OUYKEKPIPEVROV TEXVIKQOV O€ MEPIMIOON TOU ITapatnpoutav Karola opolopopdia o
autd. Autr) ieplddpBave, 1oV XapakPlopo v {euyov e1068ou-e§66ou tou ayyAikou ou-
vodou HebopEvav g TIPOg TO £160G TV EMONPNACPEVOV OPAARATOV [0V TEPIEXOUV. To
ONPavUKOTEPO €UPNHA IOU MIPOEKUYWe amnd auty) 1) diaowkaoia, eival ot oupdeva pe Tg
ermonpavoelg, o opdipata Yewpouviav Kat ot A&gelg movu eixav karoo d¢pa opOoypadiag
KA1 OUVETIOG aUTo U100e)OnKe KAl EMEKTEIVE TOV OPLOHO KAl TIG KATNYOPLOMOOELG [TOU

elyav 9epediwbetl anod ) PBAoypadia.



1.3.3 Metpikég

Eidog ZpaApatog ‘ Ap19pog mapadertypatev
Zuykpuon E1006u-Efo6u 10
Avaxpifseia T'eyvotwv 31
Eowtepiky) oUyrpuUon otnv £§6 6
pdypapia 8

Table 1.1. Tatwounon opaiuatov oe Karnyopieg oto ayyAukd oUvoAo emKUP&ONG

Emiong €ywve avdAuorn aviXveuong OVOHACTIKNAG OVTOTHTAG 0T KOPPATIA T®V IIPO-
1doe®V IOV gixav srmonuavoel g opaipata Je OKOo va @avel edv evroridovial ta odpAai-
Pata mo ouxva oe AEEElg OUYKEKPIIEVNG OVIOTTAG, ATl OrOU MPOLKUWE OTL Yid OAES Tig
YAOOEG UTIEPTEPOUV TA OUOCLAOTIKA, Td KUPla ovopatd, ot apifpoi érweg ot nuepounvieg Kat

1a prpata. HapatiBetat éva eviektiko napadeiypa yia ta ayyAikda oto ypaenpa 1.1.

NER-Analysis of marked hallucination spans in en

INT)

PROPN

Number of words in most frequent entities in en

NUM
200 - VERB

175 ADJ

150 1 SCON)

AUX

PRON
ADV

125 1 ADP

100

Number of words

~
o
L

50 -

259

DET PROPN NOUN ADP CCONJ

(a) ITévte TI0 OUXVEC OVOUAOTIKES OVTOTNTEG OTA (b) Avaiuvon Avixvevong Ovouaotikrg Ovtotn-
ayyiwa tag ota AyyAwka

Figure 1.1. ZUvofo snuctpwong ayyAkad

TE€Aog, WG TIPOG TO 11 EMMONPACHEVO OUVOAO eKTAideuong, PAvnKe Ot 01 Sakpiteg eicodot
eivatl oAU AlyotePOL Ao 10 CUVOAO TV SEYHATOV ITOU UNIAPX0UV, MPAyHa Iou dswprdnke
ot prnopel va cuvbuaotel pe KAMola avaAuorn rou adopd Ot E0MTEPIKES KATAOTACELS TV
poviédev dedopévou ot mapéxovial kat ta logits, tokens twv £566wv Kal EMOPEVRS 1|

Sradikaoia Yupidetl derypatoAnyia e§6dwv yia v i6wa eicodo.

1.3.3 Metpirég
IMa v agloAdynorn v anotedecudtov Xpnotponot)onKayv ot U0 PETPIKEG e TIG OIToieg

£ywve Kat 1 a§lodoynon otnv Soxpaoia.

1. Intersection-over-Union (IoU) , 1@V Xapaktip®v rmou oupnepidapbdavoviatl og opdipa-
1A OTIG EMNONIAVOELS HE AUTOUG TTOU IPOoBAETIOVIAl anod 10 cUotNid Pag og opdaipata,

rou Seiyvel mooo kadda svioriovial Ta opadpata o rmnedo ¥xapaxkypa
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2. Correlation (Cor) , 6nAadn n ocuoyétion g mbavotntag rmou anodidetl 1o cuctpa ota
Sragopa roppdata mg €§66ou Pe TV MPAYHATIKI MBavotnta arno TG eroniavoelg,

ou deiyvel To oo Kadd avatibetat auvtn n mbavotnta.

1.3.4 Evtonopdg LpaApatov og IIpo6Anpa Ta§ivopnong

Kata 10 mpoto koppdtt tov melpapdiov, £Y1ve 1) IIPOCEYYIOoT) TOU EVIOITIOHOU COAAPATOV
®G éva rpoBAnpa taivopnong Kat CUVEN®S 1) AViXVEUor arattouce duo otadia: tng rpoe-
negepyaoiag Kat g tagivopnong.

Kata to otadio tng nposnefepyaociag, ta Keipeva 1ov 508wV 1OV YAOOOIKOV HOVIEAGV
Xwpidovial oe piKkpOTEPA PEPT TaA oroia ot ouvéxela odnyouvial 0Toug Tagvounteg yla va
1a ta§vopfjoouv wg Lpdipa/oxt ZedApa. Auto oupbaivel npoxeiévou va kabopiotel ek
TRV TIPOTEPRV £VAG XOPOG PE mBavda KOPpAtia Iou PUIopouV va aroteAouv opdaipata, Kadog
0 OKOTIOG £ival T0 POVIEAO va evioridel eKeiva ta Koppdtia ornou Bpioketal to opaipa, pe
tétola akpiBela ®ote teAdka av apaipebouv, n undéAotrn POTact) va sivat opbr.

Qg TEXVIKEG Yl TOV TEPAXIOHO TRV MPOTACEDV O MIKPOTEPA KOPpATia ulobetriOnkav

apX1Ka ot akoAoubeg T€0oEPIS:

1. Tuxaiog tepax1op0g og KOPPATIA IOV aroteAouvial and pia €mg révie AEgelg
2. Tepaxiopog oe empPEPOUG MPOTACELS HE XPHOT) Tou epyaldeiou Stanza

3. Tepayiopdg oe AEEe1g KAl OTr) OUVEXELA TASIVOUN 0T POVO TV AEEE®V TTIOU AVI)KOUV OTIg
10 OUXVEG OVOHLACTIKEG OVIOTITEG OTIRG AUTEG ITPOKUITIOUV ATIO AVAAUGT TV TIPOTACEDV

pe xpron tou gpyadeiou Named-Entity Recognition- NER Stanza

4. Tepaxiopog g mpotacng o EMPIEPOUS YEYOVOTA KAl TTAPAPPACT] TOUG HE TPOIIO IOV

Kpatave 1a cupdpalopeva g npotaong Pe XPHnor YAOOOIKOV POVIEAGV.

Kata 1o otadio tng tafivopnong, ta KOPpdtd tev Ipotdoe®y Oneg [POKUITIOUV At
10 mponyoupevo otddio mpénet va tafivopunbouv og LpdApa/ oxt Zedipa. Ta 1o okoro

auto xpnotpornot}fnkav ot akdéAoubot t€ooeptg TPOot tagvopnong:

1. MovtéAa rtou untoAoyidouv v opo1dIa T®V MIPOTACERDV
2. MovtéAd oupnepaoPdtoV PUOIKAS YADOOAS
3. MeydAa Nwoowkd Movtéda

4. Yuvbuaopog 1oV rmaparnave

[Ma toug TPOIIoUG IOV ArAttovy Ty Urnapdn g MPaypatikhg Ardvinong oto PO,
TIPOKEIPEVOU va OPlotel autr] Xpnowornrofnke to Llama 3.1-8B ®ote va mapdaget ana-

VI0E1g OTIg £10060UG.



1.3.5 Evtoruopog Zeadpdtov pe MeydAa MNooowka Moviéda

1.3.5 Evtonopog Z¢paipdtwv pe Meydda F'Awooika Movtéda

L1 OuvEXeLd, ECETACTNKE 1) MEPIITROT TG AVAITIUENG £VOG OUOTIATOS o Pacietat oe
peydAa yAwooikd poviéda yia v aneubeiag aviyveuon tov opaipdtev oug nipotdoelg. Ta
nelpapata eotiaocav oe 580 KOPPATIA : TEXVIKEG TIPOTPOIING KAl TEXVIKEG PETAPPAOTG.

ZT1g TEXVIKEG MPOTPOMNG stetdoinke 1 Pedtinon v anotedeopdtov pe arneubeiag
TIPOTPOITIEG, HE XPNON eKpAadnong pe napadeiypata, pe mpotport) yia aAlucida okEYng Kat
duvatotnta napaynyng anaviioe®v otig £10080ug.

ZT1G TEXVIREG PETAPPAONG eieTAoTNKE 1) H1aPOPOIIOiNoT Ao v AN g Petappa-
01ng, O£ PETAPPAOCT] HE XPHON TOU PeYAAOU YAWOOIKOU HOVIEAOU KAl PE XPHO0T) £5OTEPIKOU
epyaldeiou petadpaong T000 Ao Td AyyAKA IPoG T YADOOod TV KEWPEVAOV 000 KAl ATlO I

YA®©OOO TOV KEPEVOV OTA AYYALKA.

1.4 TIIeipapatiko Mépog

1.4.1 Zvotnpa Avagopag

To ouotpa avadopdag rmou opilotnKe and 1oug H10pyavetég eixe Vo mpooeyyioelg: v
Tuyaia rmou anoteAeital anod v MePInI®OT TIOU 0A01 01 XAPAKTINPEG ETIONPAivovadl ®G oPpAA-
pata Kat v mePintoon mou Kavévag Xapaktpag dev ermonpaivetal g opaipa, Kat eKeivn

ou Paocidetal og éva VEUP®VIKO AmAoiko cuotnpa.

1.4.2 Evtonmopog Z¢paipatev og [Ipo6Anpa Ta§ivopnong

‘Ocov agopd v MPOCEYY1OT] TG AVIXVEUONS TV OPAAPATt®V g rpoBAnua tadvounong,
£€yvav BOKIEG 1€ TO EMIONPACHIEVO OUVOAO SOKIPAV Yia KABe yAwooa katl kaBs cuvbuaocpod
tagivounty) Kat Tporou TEPAX1IOUoU TV ITIPOTATEDV.

TV MePIn@on mou o ta§lvountg 1tav 1o HoviéAo mou eEetddet v opo1dtId TV IIpo-
1Aos®V, Xpnotpono|fnkav Ipia poviéda Kat £yive diepeuivnon e XPL o1 ToU SeUTEPEVOVIOG
OUVOAOU 5edopEVOV OXETIKA PE TIS KATAAANAEG OPLAKEG TIHEG TTOU ETPENE va Ul0BetnBouv
®SG TIPOG TNV ouvnuitovoeldr] opodNIa KAT® arnd v oroia éva kKoppdat dewpeital opai-
pa kat avuotpodpws. Ma tov urnodoylopod tng mbavotntag kabs koppdtt va eival opaipa
Xpnowporow)énke n tpr 1- opodtnta

X 0Aeg 11 AAAEG IEPUTIOOELS TO Meipapa g taivopnong rpaypatornoifnKe Ipetg Qopeg
Kat 1 mbavomta opioinNKe @G T0 CUVOAO TRV TMEIPAPATOV ITIOU XAPAKINP1OAV TO €KACTOTE
KOPPATt ©¢ ZpaApa mpog 10 oUvolo TV nelpapdtov, SnAadr) ta tpia nepdpata.

LV [EPII®ot To0U ouviuaopou TV tagivopntev, yia Kabe ta§vountr) Xpnotponoron-
Ke 1 1€6060g TEPaX1010U nou £8moe Ta KaAutepa anoteAéopata oto IIPROTo oTddio.

Ta Baoikd ocupnepdopatd moU IPOEKUYPAV Ao AUt TV NTPOCEYY1on €ival Ta akoiouba:

1. O tepayiopog pe Xpnon PeydA®v YAOOOIK®V HoVvIEAmV dev ftav 1I81a1tépeg anoteAeopa-
TIKOG. XKOTIOG NG Pebodou nrav évag 1mo eKAemTIopEvog S1aX®P10P0S O TIPOTACELS
rou 9a aropdveve ta Pikpotepa duvatd yeyovota kat 9a enavadiatuneve TG mpo-

tdoeig Satnpwviag £tol ta oupgpalopeva rou da frav Xprjotpa yia tmy aloAoynor)
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TOoU Koppatioy. Qotdoo Tig TEPLOoOTEPES POPES 1 dladikaoia autr) KatéAnye va mpo-
oopo1Aadel Tov anio Slaxwplopod O TPOTACELG, Ol OTIOleg PAAlota o KABe mepimimon
Sev avtiotoyidoviav pe 0OOTo TPOIo og KOppAtia tng 5060u, Pe amotédeopa va punv

agloroteitat 6An auvtr) n Swabikaoia.

. H petpkn) ng ocuoxétiong tov mbavottov ntav o oAU xapnid emineda katr auvto

ouvéBaive 6101 1 enavdAnyn OV nEepapdtev 8ev pocipepe KAt ot Sadikaoia,
KaBog 18iwg yla mo peydAa Koppdtia Kepévou, Ta poviéda €dwvav mavia ta i6ia

arnoteAéopata.

. O1 161eg o1 péBodot tagivounong arotedouv aduvapia tou ouotnpatog Kabwg dev a-

reubuvovial oe 0Aeg TG Katnyopieg opadpatov apou yia rapddetypa dev AapBavetat
unioyw 1 €10060g, aAdd £011AdoUV KUPI®MG OV EIMKUP®ON TV YEYOVOT®V TTOU ava-

@époviat.

. O mpokaBopiopog tev mbavev Koppatiev onou Bpioketal 1o opddpa eprodilet tov

TTOAU OUYKEKPIHIEVO EVIOIIONO TV 0pIeV TV OPAAPATOV Oreg ival KAl 1o {Ntoupevo
g Soxkpaoiag, Kabmg 1 ermIUyia oe autd da PIropouce va ATrOTEAE0EL KAl TNV apXt)
yla v emiduon 1oV opaApdiov apalpeviag autd Kat avilkadiotoviag td 1e 1 00T

mAnpogopia

IMa toug napandve Adyoug 0dnynbrikajpie ota akoAouba melpdapard.

1.4.3 Evtomopodg E¢paipatev pe Meyada NAwooira Movtéda

AxoAoUbwg efetdonke n xprion Meyddwv MNewooikov Moviédewv yia v aneubeiag a-

viXveuon opaApdtev oe Keipeva.

IIponapaokevaotika Ietpapata Katd ta mporapackeuaotika melpapatd, Xpnotpo-

noiBnke 10 Seutepetov oUVOAO Heboptvav yia va e§etaoctel 0 TPOIOG TOU H1aPOPETIKESG

TEXVIKEG TIPOTPOIT|G Fonbouv otnv avixveuor oV oPaApPdIiov Kat 1 1Kavotnid Mmapayeyns

anavioenv otig £10060ug. O Adyog Iou Xpnotpornotr)fnke auto 1o ouvolo dedopévav, eivat

TO YEYOVOG OTL TIEPIEIXE TTI0 ATTAEG ETIONPAVOEIS G EZPpAApa/ oxt ZpdaApa Kal 10 YEYOvog OTl

€1X€ KAl T 0®OTI) Ardavinorn os Kabe epoOtnor).

Ta nelpdpata avtd ekteAéotnkay yla 6Uo peydAa yAwooikd poviéAa, to Llama 3.1-4058B

1

kat to Claude 3.5 Sonnet 2.

'meta.llama3-1-405b-instruct-v1:0
2anthropic.claude-3-5-sonnet-20241022-v2:0
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Experiment

Prompt

Experiment 1: ZS

”Given the {input} and the {output}, is the output a halluci-
nation? Reply with Yes/No”

Experiment 2: ZS + Hypoth-
esis

"Given the {input}, the {output} and the {hypothesis}, is the
output a hallucination? Reply with Yes/No”

Experiment 3: ZS + CoT+
Hypothesis

"Given the {input}, {output} and the {hypothesis} is the out-
put a hallucination? Firstly, explain your thought and in
the end write the word Yes or No if it is or it is not a hallu-
cination respectively."

Table 1.2. [Ipotpomég yia ta S1agOopeTiKd TPOTapacKeEUAoTIKA TEPAUATA

Model | Exp.1 | Exp.2 | Exp.3

Llama 0.52 0.55 0.61

Claude | 0.51 0.55 0.63

Table 1.3. Anotejléopuata yia ta S1apopetiKd TEWAUATa Ue xpnon tov SU0 HoVTEA®U

Ta aroteAéopata rou @aivoviat otov mivaka 1.3 deixvouv ot 1 IIPoTPOort) yia avarrtudn

aAuoibag oxkéyng eival kpiown yia myv Bedtioon tov anotedeopdiov, eve Ta anotedéopata

OXETIKA 1€ TNV OPO10TTA TV MPOTACERDV TIOU TAPNYAyadVv Td PHOVIEAd KAl T@V MPAYHATIKGOV

ATAVIAOE®V 0TS £10080Ug 08rynoav oto va Jewpnbel EMAPKAS N 1KAVOTNTA TOV POVIEADV

va rmapdyouv arnavinoelg Kat §ev Kpibnke okOImpn 1 eVOOPAT®OOL KArnolag BAong yveong n

€VOG OUOTHATOS avAKINong dedopévav.

Ta IIPOonapacKEUACTIKA ITEIPAPATA OUVEXIOTNKAV HE XP1)01 TOU OUVOAOU EMKUPKONG ATtd

10 Baoiko ouvoldo Sebopévav Kal eplAdpBavav Mepapatiopoug oXETKA pe ) BeAtiotono-

101 TOV MPOTPOTIWV, KAl Ol CUVEXEWA TNV S1EPEVUVNOT NG £MMiB00NG TV §U0 POVIEAGV otV

aviyxveuorn opaApdtov Xopig anavifoesig 1 He anaviroslg amno 1o 1610 1) 1o aAdo poviédo.
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Freguency of Component in Top-3 Components of each Language

10 A

Frequency

T T T
C L C,CH C,LH LLH LCH
Component

Figure 1.2. Awdypauua mouv Seixvet v ouxvotnia pe mu onoia ovvduacuol povtéjlov kat
aravinoeov 6ivouv ta kaduvtepa anoteféouara otg 61apopeTKeg YAWOoeS

Ta Baokd cupnepaocpata aro 10Ug cuviuaopoug 1eBodmv Kat ta IPonapaoKeEUAoTIKA

newpdparta givat ta egng:

1. Aev unipxe pia pébodog, dnAadn évag ouvduaocog POVIEAOU KAl ATIAVINOE®Y, TIOU O

KABe mepimtoon va £€81ve ta kaAutepa arotedéopara.

2. Ta anoteAéopata Xepig anavinoelg 6gv HIav UITOoUVOAO TV ATOTEAEOPATOV HE ara-
VINOE1g Kat auto ouveBatve §10T1 OP1OPEVES (POPEG 1] TIAPOXT] TNS ATIAVINONG OTO J1OVIEAO
TO £KAVE VA E0TIACEL ATIOKAEIOTIKA OTIS H1aPOopES TV HUO aravir|oe®Vv KAl KAt eMEKTAON

o€ opAApata rmou oxeti{ovial fe ta yeyovota Kat va ayvor|oet £1ot dAAa €161 opaApdatov

IIepapata IIpotponedv APpOTou rmpoadlopiotnkav ot IPEIG 1o aroteAeopatikoi cuvdua-
opotl aro 10 0tadlo TV IIPOTIAPACKEUACTIKGOV TMEIPAPATOV, Kal BACEL TOV OUPIIEPACPATOV
mou Seixvouv 0Tl €va Teipapa Sev PUIopel va avilKAataot|Oel ATOTEAECUATIKA Ta UrtoAotra,
U100etOnKe 1 ITPOOEYY101 TOU ouvduaopoU teVv relpapdiov. Edo §60nke diattepn épgpaon
Kdl OtV autopatonoinon g dtadikaociag avilotoiy1iong 1oV arnoteAeopdiav ota Keipeva,
®ote va aglorolouvial MANP®S Ol aravifoelg rmou divovial anod ta YA®ooIKA Povieda Xwpig

va xpetddetat va aropeuxBei n avarttudn g aiuoidag g oréWng.

IIeiwpapata Mestagppaong

Agotou emAéxOnkav ot KatdAAnAeg Potporeg, peAet|Onke 1 ernibpaotn tEXVIKOV diaye-
1p10Ng TV MOAUYA®OOIKOV KeEPEVav. Ta kadutepa arotedéopata §60nkav yla ) Xprorn tou

eCHTEPIKOU PETAPPAOTH] TIPOG TA AYYAKA.
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Language (id) Baseline Preliminary | ZS FS [FS + Translation | FS + Translation + Hypothesis
Arabic (ar) 0.04/0.36/0.05 0.223 0.379 1 0.425 0.527 0.584
Catalan (ca) 0.05/0.24/0.08 0.273 0.482 | 0.540 0.675 0.703
Czech (cs) 0.10/0.26/0.13 0.301 0.388 | 0.448 0.556 0.587
German (de) | 0.03/0.35/0.03 0.199 0.531 | 0.564 0.578 0.587
English (en) 0.03/0.35/0.03 0.223 0.425 | 0.487 - 0.555
Spanish (es) | 0.07/0.19/0.09 0.239 0.385 | 0.454 0.468 0.500
Basque (eu) 0.02/0.37/0.01 0.299 0.431 | 0.458 0.518 0.571
Farsi (fa) 0.00/0.20/0.00 0.202 0.492 | 0.558 0.687 0.753
Finnish (fi) 0.01/0.49/0.00 0.210 0.464 | 0.529 0.635 0.683
French (fr) 0.00/0.45/0.00 0.251 0.447 | 0.499 0.535 0.617
Hindi (hi) 0.00/0.27/0.00 0.189 0.581 | 0.624 0.709 0.726
Italian (it) 0.01/0.28/0.00 0.267 0.597 | 0.657 0.774 0.802
Swedish (sv) | 0.03/0.53/0.02 0.276 0.492 | 0.537 0.585 0.601
Chinese (zh) | 0.02/0.47/0.02 0.200 0.212 | 0.304 0.378 0.419

Table 1.4. Zvuykpion Medodwv Iporpomrg - IoU. H kaiutepn uédobog ava yAwooa sivar pue
éviova ypauuara.

Language (id) Baseline Preliminary [ ZS FS [ FS + Translation | FS + Translation+hypothesis
Arabic (ar) 0.11/0.01/0.01 0.190 0.484 | 0.636 0.601 0.612
Catalan (ca) 0.06/0.06/0.06 0.397 0.610 | 0.564 0.700 0.709
Czech (cs) 0.05/0.10/0.10 0.368 0.480| 0.419 0.557 0.590
German (de) |0.11/0.01/0.01 0.333 0.583 | 0.466 0.614 0.629
English (en) 0.11/0.00/0.00 0.357 0.511 | 0.635 - 0.628
Spanish (es) 0.04/0.01/0.01 0.456 0.464 | 0.547 0.537 0.565
Basque (eu) 0.10/0.00/0.00 0.401 0.530 | 0.555 0.524 0.566
Farsi (fa) 0.11/0.01/0.01 0.378 0.583 | 0.547 0.684 0.737
Finnish (fi) 0.09/0.00/0.00 0.478 0.552 | 0.584 0.666 0.652
French (fr) 0.02/0.00/0.00 0.254 0.564 | 0.617 0.609 0.614
Hindi (hi) 0.14/0.00/0.00 0.565 0.666 | 0.676 0.754 0.760
Italian (it) 0.08/0.00/0.00 0.526 0.692 | 0.765 0.757 0.817
Swedish (sv) 0.10/0.01/0.01 0.194 0.502 | 0.525 0.535 0.562
Chinese (zh) 0.08/0.00/0.00 0.264 0.317 | 0.401 0.487 0.464

Table 1.5. Zuykpion Medodwv Ipotponrg Correlation. H kaiutepn uédodog ava yiwooa sivat
ue évrova ypauuata.

Language (id) Original Input-Output Pairs Translated Input-Output Pairs
No Translation | External Transl. - Original | LLM Translator | External Transl. - English

Arabic (ar) 0.470 0.317 0.510 0.584
Catalan (ca) 0.458 0.503 0.490 0.703
Czech (cs) 0.387 0.367 0.419 0.587
German (de) 0.500 0.472 0.480 0.587
English (en) 0.550 0.555 - -
Spanish (es) 0.490 0.312 0.420 0.500
Basque (eu) 0.355 0.339 0.375 0.571
Farsi (fa) 0.501 0.498 0.523 0.754
Finnish (fi) 0.540 - 0.530 0.683
French (fr) 0.490 0.430 0.450 0.617
Hindi (hi) 0.650 0.660 0.700 0.726
Italian (it) 0.620 0.604 0.730 0.802
Swedish (sv) 0.530 - 0.570 0.601
Chinese (zh) 0.343 0.399 0.379 0.419

Table 1.6. Xuykopion MedoSwv Metappaong - IoU. H kaidutepn puédobog elvar ue éviova

ypduuara.
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Language (id) Original Input-Output Pairs Translated Input-Output Pairs
No Translation | External transl. - Original | LLM Translator | External Transl. English

Arabic (ar) 0.55 0.40 0.61 0.58
Catalan (ca) 0.58 0.50 0.59 0.71
Czech (cs) 0.42 0.43 0.43 0.59
German (de) 0.51 0.56 0.54 0.63
English (en) 0.63 - - -
Spanish (es) 0.49 0.477 0.480 0.56
Basque (eu) 0.46 0.44 0.49 0.57
Farsi (fa) 0.61 0.58 0.63 0.74
Finnish (fi) 0.57 0.56 0.58 0.65
French (fr) 0.53 0.45 0.46 0.614
Hindi (hi) 0.67 0.68 0.710 0.73/0.760
Italian (it) 0.62 0.679 0.680 0.802/0.817
Swedish (sv) 0.550 0.567 0.540 0.601/0.562
Chinese (zh) 0.399 0.388 0.333 0.464

Table 1.7. Zvuykpion Medobwv Metappaong Correlation. H kaiutepn uédobog ava yiwooa
glval ue éviova ypduuata.

Ta amoteAéopata pe 10 oUvoAo SOKIPI®V yid Ta d1apopa MEPAPATA TIPOTPOTIROV HE TV
10 AITOTEAEOPATIKI] TEXVIKI] PETAPPAONS Kal Yia Ta diadopa melpapata Petdppaong He v

IO ATTOTEAECHATIKI] TEXVIKI] MTPOTPON®V aivovial otoug mivakeg 1.4 - 1.7 avtiotoka.

TeAwko Uotnpa

'Eto1 SnpioupynOnKe 10 teA1KO oUOT 1A TTOU ATtoteAeitat amnod Ipelg CUVIOTWOEG-TIELPANATA :

Ieipapa 1 Ilpotporry tou Claude va avixveuoet opdApata Sivoviag tou v eicodo,
Vv €§060 KAl TI§ PETaPpPAcel§ aUT®V ota ayyAkd, padl pe v aravinon ou Llama yua

OUYKeKRP1EVT £l0080

Ieipapa 2 IIpotportr] tou Llama va aviyveuoel opdApata divovidg tou v gicodo, v
£8060 Kal TG PETAPPACELS AUTOV Ota ayyAlkd, padl pe v andvinon tou Claude yua 1

OUYKEKPIJEVT £10080

Ieipapa 3 IIpotporr] tou Llama va aviyveuoel opdApata divovidg tou v eicodo, v

£€060 ka1 TG petaPppdoelg autev ota ayyAlka Xepig anavifoeig

Ao kabéva amno ta napandve mepapata mpoKUItel pia Aiota pe Koppdta tng e§6dou
O1IoU aviyvevovial opdApata yua ta oroia divetat o audev aplOpog tou xapakpa vaping
Kat Afgng kabog kat n rubavotnta 1 agou 10 ouyKkekppévo reipapa €xel XapaKtnpioet 1o
OUYKEKPIPIEVO KOPHPATL @G OpAApa. X1 OUVEXELD, 01 Al0TEG AUTEG EVOVOVIAL MOTE VA MTPOKUYEL
N teAdKn Alota orou yla kabe koppdt n mbavotnta opidetal @G 0 AOYog T0U GUVOAOU TV

MEPAPATOV TTOU T0 XAPAKTHPLoaV 0§ OPAAd ITPOg Ta CUVOAIKA Tpia melpapata mou £yvav.
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Language (id) ‘ IoU ‘ Cor
Arabic (ar) | 0.58 0.61
Catalan (ca) : 0.70 0.71
Czech (cs) . 0.59 ; 0.59
German (de) 3 0.59 . 0.63
English en) | 0.55 ¥ 0.63
Spanish (es) 0.50 0.61
Basque (eu) 0.57 0.57
Farsi (fa) 0.75 0.74
Finnish (fi) 0.68 0.65
French (fr) 0.617 . 0.614
Hindi (hi) 9073 ¥ 0.760
Italian (it) . 0.802 . 0.817
Swedish (sv) 0.601 . 0.562
Chinese (zh) | 0.419 | 0.464

Table 1.8. IoU/Correlation scores 10u teAtkoU OUOTIUATOS

id | Sentence

ca | El municipi de Yushu es troba a 4.500 metres sobre el nivell del mar.

cs | Reka Labe (némecky Elbe) prameni v Ceském lese , konkrétné v okrese Jiéin , v nadmoirské
vySce 816 metrt. Prameni v tudoli mezi vrcholy Kozakov (744 metrt) a Rip (459 metra).

de | Mario Bola ti wechselt im Jahr 1998 zum Verein AC Mailand .

en | Mouthier is located in the department of Haute-Loire .

eu | Hiru espezie bakarrik daude.

fi | Folorunsho Alakija on nigerialainen kirjailija ja aktivisti. H&an on kirjoittanut useita
kirjoja, muun muassa "The Slave Girl" ja "The Slave Girl’s Daughter”, jotka kéasittelevat naisten sortoa
ja orjuutta .

fr | L'espéce Pseudomugil gertrudae appartient a la famille des Poeciliidae , qui est une famille
d’espéces de poissons d’eau douce et d’eau salée. Elle est également connue sous le nom

de poisson-chatde Gertrude ou de poisson-chat de Gertrude .

it | Il produttore dell’album "Plastic Letters" di Blondie fu Mike Chapman .

sv | David Sandbergs fodelseort &r New York .

zh | B TR, R R, AT - BE . EEEE . BRI R

- EEXEEMXE BRI 20, FEERZ EWEEIFMEIHAAX . BTH
SETR HITE R AN S A0RFIE, BT Valerie 72 2R HUANE — & RIRIE A H M E

Table 1.9. Ilowtika anotefléopara yia diagopetikeg yiwooeg. Ta aviyveupgva opajuata
glvatr emonuaoueva .

Ta apOunuika anotedéopata yia TG SU0 PEIPIKEG @aivovial otov mivaka 1.8 kat ta

TO0TIKA aroteAéopata yia napadeiypiata rnov enetevxOnoav téAsia okop otov mivaka 1.9

[Mapatnpwvtag v ouvelopopd kabepiag anod 11§ CUVICTOOEG TOU CUVOAIKOU GUCTIHATOG,

paivetal MG oe YAOOoOoeg OM®G Ta ayyAIKA KAl Td 10TIAVIKA, OTOU Td POVIEAA TTOU XP1o1j10-

To10UVIal £X0Uv eKkmaldeutel oe Peyalutepo Oyko ebopévav, 0 oxedlaopog TV IIPOTPOTIRV

raidel Tov Kuplapyo poAo otn BeATinon TV ATIOTEAECPATOV, £V Yid TIS UTOAOTEG YADOOES

10 gpyaleio g petappaong ivat autd nou kabopidet tnv 1eAdkn akpibela TV poBALYPewVv.
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1.5 Zuvowyn

H napouoa Sumdepatikn acyoAndnke pe 1o {Auua g avixveuong opaipldiov o€ To-
AUyAwooeg £§060U¢g peydAnv YAwooikav poviédev. H enéktaon tng xprong toug o mAnbwpa
KAAS®V KAl epappoy®v ermBAAAEl TTAEOV TNV CUCTNATIKY REAETH TETO0U €160UG OPAAPATOV
Kat 1 dnuioupyia anotedeopatikodv PeBOdV yia v aviipetomon tous. Idaitepa eviao-
ooVtag KAt TV IAPAPETPO TS YAGOOoAg ota {NnTjpata yia Ta oIoia PEPTvouV ot AUCELS TTOU
nipoteivoviat, 9a priopécoupe va 0dnynboupe o poviéAa 1o adlormota Kat CUPMEPIANITUKA.
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Introduction

In recent years, Large Language Models (LLMs) are gaining an increasing popularity
due to their remarkable performance in various Natural Language Processing (NLP) tasks
such as text summarization, machine translation, question-answering etc. These models
are trained on massive text corpora and can generate fluent responses to complicated
inputs. At the same time the development of interfaces that made them publicly available,
extended their use to various users of different level of familiarization with the concept of
Al and LLMs.

Despite their capabilities, LLMs suffer a lot from Hallucinations, that are usually de-
fined as the generation of fluent yet incorrect content. By incorrect content it is implied
that the output of the LLM is conflicting with known facts, is inconsistent with the input
or is completely fabricated. This problem usually overshadows the possibility of their
utilization, especially in high-stakes applications and raises serious concerns about their
reliability and the safety of their use.

In order to overcome these problems and develop robust LLM based systems that
can be proven useful in a variety of domains, extensive research is being conducted to
understand their causes and ways to detect and correct them. These studies underline
that hallucinations are multifaceted and can stem from limitations in training data, model
overgeneralization, or lack of grounding in external knowledge.

These factors are even more present when multilingual contexts are discussed. Al-
though LLMs are increasingly used across diverse languages, uneven amounts of training
data and varying linguistic structures are more likely to lead to inconsistent performance
and higher hallucination rates in low-resource or morphologically rich languages. More-
over, semantic alignment and factual consistency become more difficult to evaluate when
the input and output are in different languages, such as in machine translation or cross-
lingual summarization tasks.

The problem of hallucinations and its correlation to the different languages, create
the need to develop hallucination detection methods that are both language-agnostic and
culturally aware to achieve effective results across languages. To adress this problem, the
Mu-SHROOM shared task is introduced, which is focused on detecting hallucinations and
other overgeneration mistakes in the output of instruction-tuned large language models
(LLMs). Mu-SHROOM 2025 and the carefully curated datasets it provides, addresses

general-purpose LLMs in 14 languages, and frames the hallucination detection problem
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as a span-labeling task, instead of a classification problem as it is often treated.

The present thesis aims to describe the process of the development of an LLM-based
hallucination detection system for this task that achieves competitive results in recogniz-
ing hallucination spans across multiple languages. Through a combination of theoretical
analysis and experimental validation, this work aims to contribute to the growing body of
knowledge on enhancing the trustworthiness and safety of generative Al systems, making

them more reliable and inclusive.
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Related Work

In this chapter a theoretical basis for the topics associated with the thesis is presented.

3.1 Language Models

Language modeling is one of the most important tasks in Natural Language Processing
(NLP) that involves predicting the next word in a sentence or a sequence of words based
on the context or previous words. [3]. The language models that are developed for
that purpose have evolved significantly through time and therefore their applicability in
different domains has increased. At the same time their such rapidly spreading utilization
is raising critical questions on the limitations and ethical considerations that they might

have. An overview of these will be presented here.

3.1.1 Use of Language Models

The improving capabilities of language models in a wide range of tasks make them
suitable as core components of different systems applied in a series of domains. These can
vary from healthcare and education to finance and law [3] and this is achieved through
personalization of services that helps both the patient and the doctor [4], decision-making
support and prediction capabilities.

In healthcare, Language Models can be utilized in many manners. On the one hand,
healthcare professionals can be further educated and have access to knowledge basis
curated with the use of Language Models [5] or be directly supported in clinical practice
through decision-making [6] and data analysis [7], which is lately improving with the
use of multi-modal language models that can handle data of different types such as
images, texts etc. The most challenging aspect though, is the assistance of research as for
example drug discovery where there is the example of DrugGPT [8] that through learning
protein-ligand binding data, its creators aim at discovering novel molecules that can bind
with specific proteins. On the other hand, Language Models can assist patients through
personalized treatment, democratizing in that way healthcare processes for people with
limited accessibility to health structures due to financial problems, life in remote areas
or mobility and other issues [3].

As far as education is concerned, language models have emerged as promising tools
specifically through providing a personalized and adaptive learning experience for stu-

dents [3], [4]. Domain-specific or foundation language models can be used to track the
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student’s understanding of a specific concept and pose a lot of questions that can improve
the learning process and assist the teacher who cannot handle all students at the same
time. [9] At the same time, incorporating language models in education can help reduce
the perception that their main use is for cheating [3], allowing students to understand
the potential and the limitations of them.

In finance, language modeling can be applicable to a lot of tasks like risk assessment,
market prediction and customer service. By using their analyzing capabilities [3], profes-
sionals in finance can be assisted in many aspects of their work including understanding
the market and the customers and consequently provide better services, assessing and
managing risk from knowledge extraction from past trends and data etc. The capabilities
of language models in question answering can also be leveraged, helping customers as
well understanding the procedures and the bureaucracy and make more efficient and
time-saving contacts for their specific needs. [10]

Law is another domain where the utilization of language models is highly promoted.
The approach is centered mainly around personalization of consulting and question-
answering tasks that are really crucial for civilians and faces the problems of bureaucracy
and high cost of legal service, and assisting tools for practitioners. The specific domain
is considered to be ideal for language modeling since it usually follows strict, well-defined
rules for reasoning. [11].

The domains described shortly above are just a few among a lot of others where
language modeling can be utilized. They are important aspects of life and therefore the
spreading of the usage of language models in them will significantly affect people. It is
undoubtedly crucial to take their limitations into serious account and act responsibly in

the way they are incorporated into such central matters.

3.1.2 Evolution of Language Models

In this subsection, a brief description of the evolution of language models will be
presented.

Statistical Language Models (SLMs) are the first mathematical models that origi-
nated from the effort to describe properties and structures of natural language from a
probabilistic statistical perspective [12]. The main idea of this approach is that the se-
lection of the next word given a sequence of words is calculated through the maximum
likelihood estimation of the conditional probability of the occurrence of each word from
a specified vocabulary in order to define the one with the highest probability. The main
drawback of this method is that, in order to accurately compute the conditional proba-
bilities, it is necessary to pre-compute the a-priori probabilities for sentences (sequences
of words of length n). However, the number of possible sentences increases exponentially
with the increase of n, leading to typical and realistic approaches given the available com-
putational and storage resources being restricted to sequences of length 2 to 3 words.[13]

Neural Language Models (NLMs) use neural networks in order to predict the prob-
abilities of subsequent words within sequence. The use of deep learning-based models

enables the extraction of complex patterns from large-scale textual corpora and at the
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same time the effective handling of long sequential dependences.[12]

The first major difference of this approach is the representation of words as numer-
ical vectors of-usually- fixed length, called embeddings. The reason for that is that by
converting words into dense numerical representations, word relationships can be sim-
ulated through the angles between these vectors, making them ideal to carry semantic

information. [14]

Additionally specific architectures were developed to address the special requirements
of natural language modeling and processing. Recurrent Neural Networks (RNNs) re-
semble Feed-Forward Neural Networks, but with the main difference of a recurrent con-
nection that allows the transmission of information back into themselves, a crucial step
towards modeling sequential relationships of language. Through these connections and
with the use of an extention of Back Propagation that is Back Propagation Through Time
(BPTT), in each step previous inputs are also taken into account and the gradients are
calculated for each time step and the whole error is propagated backwards. The main
problems of this method are on the one hand the sequential operation, since output needs
information from the previous stage to be generated, and on the other hand the vanishing
and exploding gradients. This happens because the multiplication of the gradients can
make the error shrink to zero or grow exponentially, preventing long-range dependencies

from being learn. [1].

Output O Output Oy
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Figure 3.1. Visualisation of differences between Feedfoward NNs und Recurrent NNs [1]

Long-Short Term Memory Units(LSTMs) were designed to properly handle the van-
ishing gradients problem. To achieve that, gated cells are introduced to store information
out of the traditional neural network workflow. Each cell has three gating mechanisms:
Jorget, to remove unnecessary information, input, to update with new information and
output, to control what information moves to the next unit. Although they address the
problem of the gradients, the sequential nature of the operation remains and makes the

procedure slower.
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Figure 3.2. The architecture of an LSTM cell. [1]

The Transformer model with its variations addresses the previous problems, by being
able to achieve parallelization of processing [1] and capture long-range dependencies
with the introduction of the Attention mechanism. The Attention mechanism is the
core component and eliminates the need for recurrence and therefore the limitations of
it. It instead allows the consideration of the entire input sequence and the dynamic
determination of the focus that each token in a sequence should place on other tokens.
An attention function can be described as mapping a query and a set of key-value pairs
to an output, where the query, keys, values, and output are all vectors. The output is
computed as a weighted sum of the values, where the weight assigned to each value is
computed by a compatibility function of the query with the corresponding key. [2]

Scaled Dot-Product Attention is the fundamental building block of the Transformer
architecture . It allows the model to dynamically weigh the importance of different tokens
in an input sequence when encoding or decoding language and consequently each token
can selectively attend to others, enabling context-aware representations.To achieve this,
each token embedding is first projected into three learned representations: a query matrix
Q. a key matrix K, and a value matrix V as shown in 3.1, where W, WX, WV are trainable
parameter matrices that transform the input embeddings into different feature spaces.
The attention scores between tokens are then computed using the scaled dot-product as
shown in 3.2. [2]

Q=xw9 K=xwkK v=xw¥ (3.1)
. OK'
Attention(Q, K, V) = softmax NG \% (3.2)
I

The transformer architecture uses Multi-Head Self Attention where multiple self-
attention operations are applied in parallel with different learned projections, capturing

various relationships. This happens to avoid using dmodel-dimensional keys, values and
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queries and instead they are linearly projected as shown in 3.3

head; = Attention(QW?, KWK, vw") (3.3)

The multi-head output is the concatenation of all heads, followed by a final linear

projection as shown in 3.4. [2]

MultiHead(Q, K, V) = Concat(head;, . .., head,)W° (3.4)
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Figure 3.3. (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of
several attention layers running in parallel [1]

The Transformer was originally introduced as an encoder-decoder architecture, which

refers to the way the input is mapped to the output. More specifically:

e the Encoder component transforms an input sequence of tokens into a sequence of

hidden representations.

e the Decoder component utilizes the encoded representations for the token by token

generation of sequences.
As shown in 3.4, the Multi-Head Attention is used in three different ways:

e In encoder-decider attention layers, where keys and values come from the output of
the encoder and queries come from the output of the previous decoder layer, allowing

each position in the decoder to attend all other positions in the input sequence.

e In encoder that contains self-attention layers, where keys, values and queries come

from the output of the previous encoder layer
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e In decoder that contains self-attention layers but with the difference that each po-
sition of the decoder can attend every other position up until itself. This happens to
preserve the autoregressive properties in the generation of sequences and prevent
the leftward information flow by masking out all values that correspond to illegal

connections. [2]

The Transformer encoder and decoder use stacked layers in order to create deep neural
networks. Apart from the attention layers, other crucial components of the encoder and
decoder as presented in 3.4 are:

The Positional Encoding is utilized since the entire input is processed in parallel and
therefore the lack of recurrence or convolution prevents the information concerning the
sequential nature and properties of the language from being maintained. The positional
encoding acts complementary to the input embeddings and gives the absolute or relative
position of each token in the sequence.

The Position-wise Feed-Forward Neural Network after the attention layers adds
non-linearity to the system, to make it capture complex linguistic patterns.

Normalization Layers are incorporated to stabilize the training procedure, affect the
activations and consequently reduce overfitting.

A language modeling Head is added after the final layer to project the outputs into

the vocabulary space by transforming token representation into vocabulary probabilities.
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Figure 3.4. The Transformer model architecture [2]

With the evolution of NLP studies, the encoder and decoder structures are utilized in
three different architectures to serve in the most efficient way possible specific tasks.
The Encoder-Decoder architecture combines the strengths of both decoder and en-

coder, creating semantically rich representations of text that the decoder uses to generate
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output text.It is ideal for demanding sequence to sequence tasks like machine translation,
sumimarization etc..

The Encoder only architecture is used for tasks where text generation is not re-
quired but the transformation of text into contextual representations is important, like
text classification, named-entity recognition etc..

The Decoder only models generate text autoregressively by predicting the next token
based solely on the preceding context. This unidirectional, causal attention mechanism
enables applications like text generation, code completion, and dialogue systems. Given
an initial prompt, these models iteratively generate coherent sequences by selecting the
most probable next token at each step.

These components contribute in establishing Transformer as the most dominant ar-
chitecture in language modeling and NLP tasks for three main reasons: the total com-
plexity per layer, the amount of complexity that can be parallelized and the efficiency in

handling long range relationships in the data. [2]

3.1.3 Large Language Models

Large Language Models (LLMs) are the most sophisticated and widespread models,
whose goals expand from language modeling to human commands understanding and
adherence to human values. [12]. LLMs leverage the transformer architecture and achieve
remarkable results.

The main points in their deployment include the pre-training in massive text cor-
pora, that is followed by the alignment with human values. The model size, the pre-
training dataset volume and the computational requirements increase significantly, en-
abling emergent behaviour such us in-context learning, few-shot adaptation and success-
ful generalization.

LLMs have been widely adopted in an abundance of linguistic [15, 16, 17, 18] and
multimodal [19, 20, 21, 22, 23] tasks, evidencing remarkable capabilities in most settings,
even though human-level reasoning is not yet fully achieved [24, 25, 26, 27, 15].

3.2 Hallucinations of Large Language Models

3.2.1 Definition and Taxonomy

Despite of the capabilities of LLMs that establish them as cornerstones in NLP, they
also suffer from some limitations that pose serious questions concerning their widespread
use, especially in practical applications that demand reliability. One of the most serious
problems are hallucinations, a term that typically refers to the generation of plausible
yet nonsensical or unfaithful to the provided source content, but is constantly enriched, as
LLMs and their problems are intensively studied. [28]

The causes of hallucination generation derive from many factors. The training phase
and the specific characteristics of the data used both for pre-training and for alignment,
such as societal biases or fake news, knowledge boundaries inherent to the architecture

or to the data, overfitting on new factual knowledge etc. [29], play a significant role. At the



Chapter 3. Related Work

same time, there are also hallucinations generated from inference such as shortcomings
in decoding strategies, the softmax bottleneck - from which the softmax layers suffer,
while being widely used in the final layer of language models and responsible for the
probabilities associated with word prediction- and reasoning failures.[29]

For the effective study of hallucinations, many systematic approaches to the develop-
ment of a taxonomy of them are adopted. Here, we adopt the following categorization as
described in [28]. The three types of hallucination are:

1. Input-conflicting hallucination, where LLMs generate content that deviates from the

source input provided by users

2. Internal output-conflicting hallucination, where LLMs generate content that con-

flicts with previously generated information by itself

3. Fact-conflicting hallucination, where LLMs generate content that is not faithful to
established world knowledge.

Other approaches adopt the distinction of faithfulness and factuality hallucinations,
where the first one includes instruction, context or logical inconsistencies, simiarly to
the first two previously mentioned categories and the second one contains factual con-
tradiction or fabrication, similarly to the third one previously mentioned. [29]. All these
taxonomies are complementary rather than different, and contribute in shaping a more

complete picture for each category and possible mistake that LLMs might generate.

3.2.2 Detection Strategies

For the detection of hallucinations, several strategies have been proposed, some of
which specialize in hallucinations appearing in specific tasks-such as text summarization-
or specific hallucination categories -such as self-contradictory hallucinations-, some of
which have certain prerequisites-such as the access to the ground truth or the inter-
nal state of the LLM that generated the specific text- and others aiming for a general
framework. [30], [31]

Early works, frame the hallucination detection problem as a classification task where
the ground truth is provided in order to expand the use of methods like already deployed
models for tasks like Natural Language Inference (NLI) [32], [33] or prompting to classify
a text as Hallucination or not. Some methodologies are based on sampling answers for
the input query from different or the same model that produced the output, incorporating
Retrival Augmented Generation (RAG) in LLMs to retrieve a valid answer or generating
new QA-based metric components and then determining if the original output falls in any
of the hallucination categories [34] , [35]. Finally, some utilize the internal states of LLMs
to estimate token-level uncertainty of the model while selecting the next word, calculate
perplexity or length normalized entropy, examine attention similarity maps, experiment
with the layers that affect the most the hallucination generation or even attempt to rec-
tify abnormal activations of the internal states in order to address the self-consistent
overconfident hallucinations. [36], [37], [38] .
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Most of these approaches have limitations. The ones that need access to the internal
states of LLMs are inappropriate for models that are closed and inaccessible, such as most
of the widely used LLMs like Chat-GPT. Others are limited to addressing only a specific

subcategory of hallucinations.

3.2.3 Multilingual Hallucinations

While hallucination detection has been actively researched in monolingual contexts
across various fields, its multi-lingual counterpart has primarily focused on identifying
hallucinations in machine translation, where such hallucinations are defined as transla-
tions containing information completely unrelated to the input[39], or in text summariza-
tion applications.

This research reveals that there are a lot of challenges that are connected to the multi-
linguality of the texts and might require the introduction of new methods and metrics
[40],[41], like mFACT, a multilingual metric for faithfulness [39] or adaptations to transfer
those applicable only in English in a multi-lingual setting. In machine translation, there
are also findings that indicate more frequent hallucination generation in the direction to

the low-resource languages. [42]

3.2.4 Mu-SHROOM Shared Task

Mu-SHROOM [43] the Multilingual Shared Task on Hallucinations and Related Observable
Overgeneration Mistakes, based on last year’s SHROOM challenge [44], is the inaugural
benchmark for multilingual hallucination detection, addressing a significant gap in low-
resource language research due to the absence of established benchmarks.

Our work starts from this task and aims for the development of a framework that is
model- and task-agnostic and at the same time performs in a stable manner across the
different languages, relying mostly on the input and output pairs and addressing all types

of hallucinations.
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Approach

4.1 Dataset

In order to deploy the final system, several experiments were conducted. For the
largest part of these experiments, the dataset provided by the SemEval-2025 Task-3 or-
ganisers was used which is referred to as Main Dataset. For the preliminary experiments,
the dataset provided by the SemEval-2024 Task-6 was also used and is referred to as

Secondary Dataset.

4.1.1 Format
Main Dataset

The dataset provided by the SemEval-2025 Task-3 Organizers consists of five different
splits that were released throughout the process and had some main common features
but also some extensions and they were both labeled and unlabeled. The format of each
split will be presented more specifically in the following subsections in the chronological
order they were released.

Sample set The sample set is the first, small dataset that was released, which consists
of 8 samples in 3 different languages: English (3 samples), Spanish (3 samples) and

French (2 samples). The features of each sample are the following:
e ’id’: a unique number of the sample.
e lang” the id of the language of the participating text.
e ‘model_input” the input prompt given to the model.
e ’‘model_output_text: the output text the model generated.
e ‘model_id ”: the id of the model that produced the output.

e ’soft_labels spans that include a start and end character number, together with

an assigned probability to the span constrained by these two characters.
e ’hard_labels’ spans for which the assigned soft label probability is more than 0.5.

Models producing hallucinations to be detected are the following:
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e Model id: TheBloke/Mistral-7B-Instruct-v0.2-GGUF (4 annotated samples).
e Model id:meta-llama/Meta-Llama-3-8B-Instruct (1 annotated sample).

e Model id:Iker/Llama-3-Instruct-Neurona-8b-v2 (3 annotated samples).

Validation set The validation set consists of 10 subsets of 50 samples each, separated
by language, comprising 500 samples in total. The different languages are: Arabic,
German, English, Spanish, Finnish, French, Hindi, Italian, Swedish and Chinese. The
features of the samples are the same as the ones of the sample set in version 1, with the

extension of:

e model output_tokens: the tokens of the output of the model

e model_output_logits: the logits of the output of the model

in version 2 that was released after the evaluation phase.

Train Set The train set is an unlabeled set and consists of 4 subsets of unequal
number of samples separated by language. More specifically there are 809 samples for
English, 492 samples for Spanish, 1850 samples for French and 200 samples for Chinese.
The features of the samples are the same as the ones of the version 2 of the validation
set, apart from the soft and hard labels, since it is an unlabeled set.

Test Set The test set was released both unlabeled and labeled during and after the
evaluation phase respectively. It consists of subsets separated by language with the same
features as the unlabeled train set. More specifically there are 150 samples for Arabic,
German, Finnish, French, Hindi, Italian and Chinese, 100 samples for Catalan, Czech,
Farsi, 154 samples for English, 152 samples for Spanish, 99 samples for Basque and 141

samples for Swedish.

Secondary Dataset

The dataset provided by the Semeval-2024 Task-6 organisers and specifically the
labeled test-set split is an English dataset that was made to be used in a classification
problem, rather than a specific hallucination span detection problem. A small subset of
180 samples from this dataset was used after proper preprocessing as will be analyzed in
section for the specific purposes of some preliminary experiments. The features of each

sample are the following:
e id is a unique number of the sample.
e src is the input given to the model
e hyp is the output generated by the model
e tgt is the ground truth output

e task is an abbreviation indicating into what category of NLP tasks the specific sam-
ple falls. It can take three distinct values: ‘MT’ that stands for Machine Translation,
’DM’ that stands for Definition Modeling, and PG’ that stands for Paraphrase Gen-

eration
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e labels is the labels that the annotators gave to this sample. It can take two distinct

values: ’Hallucination’/’Not Hallucination’

e label is the label of the sample based on the majority vote of the labels that the

annotators

e p(Hallucination) is the ratio of the annotators that classified the specific sample as

hallucination to all the annotators

4.1.2 Exploratory Data Analysis

Main Dataset

The Exploratory Data Analysis involved different steps to define both the linguistic
features of the dataset and the types of hallucinations involved, in a search for methods
for hallucination detection that correspond to the diversity of the data. The experiments

will be presented here for each split of the dataset.

Sample Set For the input and output texts of the sample set, we explored the length
distribution both word- and character-wise, aiming to also explore the possibility of split-

ting the sentences in some way in our initial approaches.

Metric Input Output
Mean text length(words) 11.00 102.25
Standard Deviation of text length(words) 3.16 63.13
Mean text length(characters) 68.25 646.00
Standard Deviation of text length(characters) 20.17 403.13
Mean word length 5.30 5.32
Standard Deviation of word length 3.08 3.21
Range of text length (characters) [35,100] | [342,1345]
Range of word length (characters) [1,15] [1,16]
Skewness of word lengths 0.97 0.72

Table 4.1. Linguistic statistics of input/output texts of the sample set

In Table 4.1 we can see that the standard deviation of the length of the text is com-
parable to the mean length which is also observable in the length distributions presented
in Figure 4.1 so we cannot make assumptions about the length of the texts that might

contain hallucinations.
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Figure 4.1. Sample set

Validation set The validation set consisted of 10 subsets separated by language and
for each language there were 50 samples. For that reason, we conducted the analysis
concerning the length distributions in order to get more information both for the dataset

as a whole and for each language alone.

Languages ar de en es

Metric Input Output Input Output Input Output Input Output
Mean text 7.52 15.64 10.12 23.12 8.82 39.92 10.94 81.74
length(words)

STD of text 2.21 12.88 4.09 21.75 2.95 46.63 3.52 92.49
length(words)

Mean text | 40.86 94.10 68.50 160.96 50.90 244.22 65.46 494.12
length (char-

acters)

STD of text 12.44 79.10 27.49 159.67 15.14 285.35 21.22 575.61
length(characters)

Mean word | 4.56 5.08 5.87 5.90 4.88 5.11 5.07 5.05
length

STD of word | 2.20 2.37 3.60 3.73 2.70 2.83 3.06 3.33
length

Range of text | [17,72] | [10,395] | [24,135] | [28,731] | [24,100] | [7,1462] | [31,130] | [54,2105]
length (char-

acters)

Range of word | [2,14] [1,15] [1,28] [1,23] [1,16] [1,18] [1,17] [1,19]
length (char-

acters)

Skewness of | 0.83 0.63 1.7 1.34 1.13 0.84 0.92 0.78

word lengths

Table 4.2. Linguistic statistics of input/output texts of the validation set, per language
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Languages

fr

hi

it

Metric

Input

Output

Input

Output

Input Output

Input

Output

Mean text
length(words)

6.10

29.44

10.04

73.36

10.62 28.50

10.62

30.52

STD of text
length(words)

2.27

19.63

2.58

60.28

2.39 58.43

2.68

23.61

Mean text
length (char-
acters)

52.62

244.70

63.28

444.26

50.72 152.56

66.08

190.94

STD of text

length(characters)

21.09

157.91

15.

53

370.78

12.15 334.76

16.68

150.81

Mean word

length

7.79

7.33

5.40

5.05

3.84 4.39

5.32

5.29

STD of word
length

4.03

4.23

3.09

3.14

2.26 2.33

2.99

3.21

Range of text
length (char-
acters)

[18,133]

[40,689]

[34.99]

[61,1918]

[27,80]

[31,2207]

[37,109]

[44,665]

Range of word
length (char-
acters)

[1,28]

[1,28]

[1,15]

[1,21]

[1,14] [1,13]

[1,17]

[1,17]

Skewness of
word lengths

1.27

0.97

0.57

0.89

1.29

0.63

Table 4.3. Linguistic statistics of input/output texts of the validation set, per language

Languages

SV

zh

Metric

Input

Output

Input

Output

Mean text
length(words)

7.80

24.16

1.00

24.30

STD of text
length(words)

3.25

22.91

0.00

52.17

Mean text
length (char-
acters)

51.84

155.32

16.82

405.50

STD of text
length(characte

19.59

2rS)

160.33

4.21

279.92

Mean word
length

5.77

5.47

16.82

15.38

STD of word
length

3.55

3.41

4.21

34.12

Range of text
length (char-
acters)

[18,130]

[13,669]

[10,29]

[18,1129]

Range of word
length (char-
acters)

[1,19]

[1,25]

[10,29]

[1,642]

Skewness of
word lengths

1.28

1.50

0.79

7.12

Table 4.4. Linguistic statistics of input/output texts of the validation set, per language

0.57
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Figure 4.6. Validation Set: Finnish
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Figure 4.7. Validation Set: French
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Figure 4.11. Validation Set: Chinese

From the Tables 4.2 - 4.4 and the Figures 4.2 - 4.11 we can see that the observations
concerning the sample set apply here as well. The lengths of the words and the texts have
a wide range and there are differences among different languages. This leads us to think
that in order to develop a method that is robust and efficient irrespective of the language
of the text, there has to be some meaningful insight in the way that texts are cut before

evaluation, if such an approach is to be considered.

As a next step a semantic exploration of the data was carried out. The goal of this
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procedure was to examine whether any already specific techniques (e.g. a fact-checker)
could serve as efficient components of the final system. This procedure involved man-
ually checking the English validation dataset. The input-output pairs fall into different
categories as far as the task and domain of the data are concerned(e.g. tasks: machine
translation, question answering etc., domain: biology, history, sports etc.).

Following this, the type of hallucinations encountered in the given dataset was exam-
ined. As it was defined in the theoretic part and based on the bibliography, a hallucination
is the generation of texts that exhibit grammatical correctness, fluency, and authenticity ,
but diverge from the provided source inputs (faithfulness) or are misaligned with factual
accuracy (factualness). Therefore, we distinguish the following types of hallucination:

1 Input-Output inconsistency: The produced output is inconsistent with the input,
i.e. it does not satisfy the input query or is irrelevant to it.

2 Factual inconsistency: The output contains information that is factually inconsis-
tent in a sense that it cannot be associated with verifiable real-world facts. [45]model,utput;okensmodel,uty

3 Internal output inconsistency: The output contains contradictory facts, i.e.c—c-
in the generated text span there is inconsistent information.

Through manual observation of the dataset so as to classify the marked hallucination
spans in the three categories, we proposed an extension of the definition above, adding a
fourth category, that includes misspellings as an extra type of hallucination very often
met.

The results are shown in Table 4.5. Note that if in a single text there are 5 misspellings,
it counts as one example with misspellings, so the numbers show how many out of the

fifty examples, contain at least one hallucination of this type.

Type of hallucination ‘ Number of examples
Input-Output Inconsistency 10
Factual Inconsistency 31
Internal output conflict 6
Misspellings 8

Table 4.5. Classification of marked hallucinations of English validation dataset

Finally, a Named Entity Recognition (NER) Analysis was conducted in the marked
hallucination spans to see if we can come to some conclusions about the entities to which
the hallucinations usually belong.

As it is shown in Figures 4.12 - 4.14, apart from the entities like Coordinating Con-
junctions (CCONJ), Determiners (DET) or Ad-positions (ADP) that usually have no spe-
cific semantic value, the most frequently appearing entities are Nouns and Proper Nouns,
Numbers like Dates and Verbs.

Unlabeled Train Set The unlabeled train set consists of the four subsets divided
by language. As mentioned in the previous subsection, this dataset contains two more
features concerning the logits and tokens of the generated outputs of the LLMs. By the
exploratory data analysis with this set and the distinct values that the features can take,

we observe that in each language we have a small set of distinct inputs that are then
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provided 3-8 times to each one of 3-5 Large Language Models in order to generate for
each input and each model more than one answers. The amount of different inputs

compared to the total number of samples for each language are presented in Table 4.6.

Language ‘ Number of samples | Number of distinct inputs

English 809 49
Spanish 492 50
French 1850 52
Chinese 200 50

Table 4.6. Distinct values of inputs in the unlabeled train set

This is a motivation to probably exploit some token-based classification techniques
for hallucination detection to handle the unlabeled dataset and make a first labeling so

as to further use it.

Test Set The test set was released unlabeled during the evaluation phase and after it
the labels were released for further experiments. The distributions of the lengths of the

sentences are presented in Figures 4.15 - 4.28
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Figure 4.22. Test set: Farsi
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Figure 4.24. Test set: French

Distribution of Input Lengths Distribution of Output Lengths Distribution of Input Lengths Distribution of Output Lengths

Frequency
Frequency
Frequency

100 200 400 600 800 1000 1200

Number of Characters.

75 100 125 150 175 200 225
Number of Words

6 0
Number of Characters

(a) Distribution of text length in characters (b) Distribution of text length in words

Distribution of Input Words Lengths Distribution of Output Words Lengths
800
400 M
700 =
350 t -
600
300
500
5250 >
g g
g 200 g 400
& &
150 300
100 200
50 100
o 1 1
8 10 B 8 10 2 1 16
Word Length Word Length

(c¢) Distribution of word length
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4.1.2 Exploratory Data Analysis

Distribution of Input Lengths Distribution of Output Lengths

Distribution of Input Lengths Distribution of Output Lengths

Frequency
Frequency
2

Frequency

o
160 0 200 400 600 800 1000 1200
Number of Characters

20 4 60 80 12
Number of Characters

(a) Distribution of text length in characters

Distribution of Input Words Lengths

g B &

Frequency

50 75 100 125 150 175 200 225 0 25 50 75 100 125 150 175 200
Number of Words Number of Words

(b) Distribution of text length in words

Distribution of Output Words Lengths

1600

1400

1200

1000

3
8

Frequency
@
g
8

Frequency

]

3
2
g
g

400

350
300
250
100
50
0

2 4 6 8 0 12 14 16
Word Length

10 20 30 40
Word Length

(c) Distribution of word length

Figure 4.26. Test set: Italian
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Figure 4.28. Test set: Chinese

In Table 4.7 there are some examples of input-output pairs for most of the languages.
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Lang | Input Output

EU Zenbat Pentastomida es- Hiru espezie bakarrik daude.
pezie daude?

DE | Welche Filme produzierte David Sandbergs Filme im Jahre 2014 waren "The Amazing
David Sandberg im Jahr Spider-Man 2: Rise of Electro” (2014), "Die Tribute von Panem
2014°? - Mockingjay Teil 2" ("The Hunger Games: MOCKINGJAY - Part

2", 2014), und "Der Hobbit: Die Schlacht der fiinf Heere" "(The
Hobit: The Battle of the Five Armies", 2015).

FR | A la suite de quel grand La ville de La Belliere a été créée en 1975 apres la fusion de
événement a été créee la cinqg communes voisines : Belliére, Bois-Jérome, Bretteville-
ville de La Belliére ? I'Orgueilleuse, Saint-Martin-d’Ecublei et Saint-Michel-de-la-

Pierre. Le motif de la fusion était la volonté des communes
de coopérer pour améliorer leurs infrastructures et offrir un
meilleur niveau de services aux résidents. Ce n'y a pas
d’événement particulier qui a déclenché la création de la ville,
mais plutot une décision concertée des conseils municipaux de
ces cing communes pour s’unir pour des raisons économiques
et administratives.

IT Da chi fu coniato il 1l termine "paradosso francese" fu coniato dal nutrizionista
termine "paradosso americano Ancel Keys nel 1952.
francese"?

CA | A la vora de quin mar Kaspiisk es una ciutat situada a la costa del mar de Azov, a la
es troba la ciutat russa provincia de Krasnodar, a la Russia.

Kaspiisk?

ES JEn qué equipos de la Bert Olmstead jugé para los Montreal Canadiens, Toronto
NHL jugé Bert Olmstead Maple Leafs, New York Rangers y Los Angeles Kings durante
durante su carrera? su carrera en la NHL.

FI Milla  nimellda  David David Sandberg tunnetaan paremmin nimelld "AtomicDave"
Sandberg tunnetaan YouTubessa. Han on tunnettu sisalléntuottaja, joka julkaisee
YouTubessa? usein videoita, joissa han pelaa peleja ja tekee haasteita.

Hanella on yli miljoona tilaajaa YouTubessa, ja han on tun-
nettu energisesta ja viihdyttavasta tyylistaan.

EN | Did Alberto Fouillioux No, Albero Foulois was not in any of the FIFA World Cup finals.
ever play in a world cup
championship?

SV | Ivilken stad féddes regis- David Sandbergs fodelseort &r New York.
soren David Sandberg?

CS Jaka oblast Ceské repub- Sudety je oznaceni pro horské pasmo v Ceské republice a Pol-

liky je oznacovana slovem
sudety?

sku, které se tahne od severozdapadu na jihovychod. V Ceské
republice se nachazeji Sudetské hory, které se déli na Krko-
nose, Jeseniky, Orlické hory, AdrSpach-Teplické skaly, Rych-
lebské hory, Hruby Jesenik, Javoii hory, Zlaté hory a Kralicky
Snéznik. Tyto hory byly diilezitym mistem béhem druhé svétové
valky, kdy se zde odehravaly bitvy mezi némeckymi a ¢eskoslo-

venskymi vojsky.

Table 4.7. Examples (inputs/LLM outputs) in MuSHROOM languages.

It is important to note here that before the end of the evaluation phase there was no

dataset split that contained both the tokens and logits of the output and the labels for

the marked hallucination, so as to try to find a correlation between these values.
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Figure 4.29. Samples per category of labels and tasks

Secondary Dataset

The secondary dataset was a subset of the labeled test split that consisted of 180
samples which was selected so as to be balanced as far as both the labels and the tasks

are concerned as shown in 4.29.

4.2 Metrics

In order to evaluate the predicted soft and hard labels, two character-level metrics
were used. Intersection-over-Union (IoU) of characters marked as hallucinations in
the gold reference vs. predicted as such and Correlation (Cor) between assigned and
gold-reference probabilities, which indicates how well the probability assigned by the par-
ticipants’ system that a character is part of a hallucination correlates with the empirical

probabilities observed in the annotators.
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4.3 Methods

4.3.1 Data Preprocessing

In our initial approach to develop a system for accurate hallucination span detection,
we experimented with some techniques that were not the ones used in our final system,
but gave some useful insight that guided us in the procedure we followed afterwards. For

that approach, there was a need to preprocess the data.

Main Dataset

The goal of the SemEval-2025 Task-3 was to mark specific hallucination spans in the
outputs of LLMs, unlike most of related works and approaches that treat hallucination
detection as a classification problem. Driven by this, we tried to construct a procedure to
split the output text into smaller parts that were then classified as Hallucination or Not
Hallucination. In that way, our goal is to predefine the possible hallucination spans as

a first step on the hallucination detection pipeline.

In order to do that, we explored different techniques. The first naive one- that worked
mostly as a baseline to measure if the next ones improved the results in some way- was

to split the sentences randomly in spans that consisted of 1-5 words.

The second technique involves the utilization of a multilingual Python NLP Package,
named Stanza. One of the tools it contains can be used for an accurate Named Entity
Recognition (NER) Analysis. The result of this analysis is then used in two ways. The first
is to split the output text into sentences, which is not really effective since the possible
spans become much larger and therefore do not align with the guideline of the organizers
that ask for the span to be well-defined in a character-level. The second is driven by the
need to address the problem of the first and at the same time not examining every single
word. To eliminate the search space in a word-level, using the results of the NER analysis
of the marked hallucination spans of validation set presented in 4.12-4.14, we choose
to examine the words whose entity is one of the following: noun (NOUN), proper noun
(PROPN), number (NUM) and adjective (ADJ). The verbs are omitted because they would
expand the search space significantly and many of them are parts of the hallucination

spans without being the hallucination themselves.

The third technique is LLM-based. More specifically,we prompt Llama 3.1 405B to
split the output texts into separate factual claims, written in the exact same way that
they are written in the original text so as to preserve both misspellings and meaning of
each sentence while at the same time be able to examine each one separately. We also
prompt the model to assign to each factual claim it produces a character span from the
original output text to which the claim refers. An example of an output text and the
expected split of the LLM is shown in table 4.8.
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Text

Expected Output

Yes, all arachnids have antennas. How-
ever, not all of them are visible to the
naked eye.

The factual claims are: All arachnids have an-
tennas. [0-33], Not all of the antennas of arach-
nids are visible to the naked eye. [34-87]

The restoration of Sandor Palace, also
known as the Buda Castle, was completed
in several phases. The most significant
restoration took place between 1950 and
1961 under the supervision of Hungarian
architects Gy6z6 Csaplar and Lajos Kés-
marki. However, it’s important to note
that various parts of the palace continued
to be restored and renovated throughout
the decades following this period. There-
fore, it is not accurate to pinpoint an exact
completion date for the entire restoration
project.

The factual claims are: The Sandor Palace
is also known as the Buda Castle.[0-64], The
restoration of Sandor Palace was completed
in several phases.[65-97], The most signifi-
cant restoration of Sandor Palace took place
between 1950 and 1961.[98-164],Architects
Gy6z6 Csaplar and Lajos Késmarki are
Hungarian.[165-198], The restoration of San-
dor Palace was supervised by architects Gy6z6
Csaplar and Lajos Késmarki.[199-243],Various
part of Sandor Palace continued to be restored
and renovated throughout the decades following
1961.[245-393], It is not accurate to pinpoint an
exact completion date for the entire restoration
project of Sandor Palace[395-495].

Table 4.8. Examples of text given to the LLM and the expected split in factual claims

Secondary Dataset

As stated above, the Secondary Dataset was used for some preliminary experiments

in order to explore the potential of the different models in the hallucination classification

and detection tasks and the different prompting strategies that could improve the results.

For that reason, the labeled test set provided by the SemEval-2024 Organisers was used,

after properly manipulating it so as to transform it in a format closer to this year’s task.

The goal of preprocessing, was to develop a dataset with smaller sentences that has

the features model_input and model output_text, as well as a label that classifies the

output as Hallucination/Not Hallucination. That is useful to examine the performance

of the LLMs that were to be prompted in distinguishing between positive and negative

examples.

Since the data were separated by the tasks mentioned above and by their

labels, a balanced dataset was created by choosing 30 samples for each combination of
task (MT, DM, PG) and label (H/NH) category. Then the task and the input were combined

in the way presented in table 4.9 so as to create the 'model_input’ feature.

Task Source

Model Input

Machine Translation (MT)
Definition Modelling (DM)
Paraphrase Generation (PG)

Src
Src
Src

{src}

Translate the following sentence in English : {src}

Paraphrase the following sentence : {src}

Table 4.9. Combination of task identifier and source text to create model input feature

4.3.2 Hallucination Span Detection: Classification Techniques

The initial approach to solving the problem, involved a pipeline-as already explained-

the first step of which was to split the sentences in specific parts. After that, the different
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parts of each sentence were to be evaluated. In this approach the hallucination detection
was treated as a classification task, so the problem was re-framed as an effort to find
the most efficient methods to classify the parts as Hallucinations or not. In this effort,
we experimented with different pre-trained models. The main drawback of this approach
is that most of the pre-trained models require a Retrieval-Augmented-Generation (RAG)
model or some other type of source of knowledge in order to have a ground truth that

works as expected output to the input query that generated the output we examine.

Sentence Similarity

Sentence similarity refers to the process of measuring the degree of similarity between
texts based on their semantic content. The semantic content of a text is represented
by projecting it in an embedding space where each word is encoded, forming an embed-
ding vector that carries semantic information. This process is central to many Natural
Language Processing (NLP) Tasks and enables comparing sentences not only in a lexical
level, but also while taking into consideration the underlying meaning. To achieve this
transformation, some pretrained models are used that are available in different languages.

For that purpose we need two texts to compare: the first is the one that we want to
examine (either all of it or the specific part when we examine it in parts) and the other
is the sentence that serves as the correct answer to the input query that generated the
text we want to evaluate. Since we do not have the second one, we generate it. Following,
the two sentences are projected in an embedding space and therefore transformed in
vectors that carry semantic information. The cosine similarity of these two vectors is then
calculated and experiments are performed to define the threshold value of the similarity

according to which a passage is classified as Hallucination or Not Hallucination.

NLI Models

The second idea was to use 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, clas-
sifying the connection between a hypothesis and a premise into one of three categories:
entailment, neutral, or contradiction. These categories map onto the model’s understand-
ing of whether the hypothesis follows logically from the premise, is unrelated, or directly
contradicts it. The pretrained models used are available in different languages.

As a hypothesis the text or the specific part for examination are used and as a hy-
pothesis the generated output for the given input query is used. In order to classify a
text as Hallucination we want it to have a contradiction score higher than 0.5 and as Not

Hallucination an entailment score higher than 0.5.

Language Models

The two approaches presented above need a RAG system, an LLM or a source of knowl-

edge in order to retrieve or generate an answer to the input query that then serves as the
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right answer to help the evaluation process of the text that might contain hallucinations.
In order to examine a simpler approach, that does not need such a component that might
itself introduce hallucinations or factual errors to the overall system, we experimented
with the classification of the parts as hallucinations or not by language models and their

ability to judge the texts based on their internal knowledge.

Voting Classifier

The Voting Classifier is an ensemble technique that takes into consideration multiple
classifiers and combines their predictions to form a final one based on the majority vote
of them. The main strength of this technique is that it allows the combination of the
individual advantages of each classifier and at the same time, since the methods work
complementary, their individual disadvantages, such as bias, are combated to a certain

level.

4.3.3 Hallucination Span Detection: Prompting Strategies

In our final approach for the hallucination span detection, we implemented Large
Language Models (LLM) Prompt Engineering as a way to accurately detect hallucination
spans in an end-to-end manner without the need for data preprocessing, further model
training or external knowledge sources. To achieve this we experimented with Llama
3.1 405B and Claude 3.5 Sonnet in a zero-shot and few-shot scenario, using Chain-of-
Thought reasoning and prompts for further answer generation.

We also adopted the system/user prompt technique. The system prompt defines the
general behavior of the LLM and the explanation of the task. After consolidating the
system prompts in each approach we tried, we experimented with the user prompts and
more specifically the amount of data provided each time in order to maximize the efficiency

of the LLM in the hallucination detection process.

Zero-Shot Scenario

In the zero-shot (ZS) scenario the main objective was the initialization of the task
through carefully defining the task, as well as the expected output format in order to be
able to process the generated answers and not miss any of the detected spans.

The system prompts in that case, involved a thorough definition of the term hallucina-
tion and its types as they were described and extended after the Exploratory Data Analysis
of the dataset. Regarding the expected output format prompt, it was designed according
to the approach of each specific experiment. For example, when dealing with the problem
as a classification task, the models were prompted to reply with Yes/No, whereas when
trying to detect specific spans, the results were optimized when the models were prompted
to write the detected hallucination spans separated by commas after writing a predefined
phrase. Furthermore, the use of Chain-of-Thought reasoning also altered the expected

output format.
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Few-Shot Scenario

In the few-shot scenario, the main system prompts that worked as an initialization of
the process were supported by a small amount of examples that work as a fine-tuning
process for the LLMs and help them understand the task. [46]

Depending on the approach to the problem (classification/specific span detection/
Chain-of-Thought) the examples were differentiated. For example, in the classification
problem both negative and positive examples were given, whereas in the specific span
detection one example for each type of hallucination was provided. An example for the

expected output format was also given in order to ensure the consistency of it.

Chain-of-Thought Reasoning

In our final approach the Chain-of-Thought (CoT) reasoning was adopted and consid-
ered to be one of the main factors for the improvement of the results, as it was already
shown on the preliminary tests. Apart from encouraging the model to reason through
prompting, the examples given in the few-shot scenario also guided it to successfully

detect the hallucination spans.

Answer Generation

Driven by the fact that many approaches to the problem incorporated a RAG model
and by the need for a ground truth as an answer to the input query in some of the early
experiments, the idea of using the LLMs not only to examine the texts but also to generate
their own answers was created. Although that procedure does not exclude the generation
of new hallucinations, it leverages the pre-existing knowledge that is incorporated in the

LLMs and makes the overall system more simple.

4.3.4 Hallucination Span Detection: Translation Techniques

Given the disparity in linguistic resources across different languages and our objective
of developing a system that performs robustly across multilingual settings, we investigate
various strategies to address this challenge. Specifically, we examine the following key
questions in the context of multilingual hallucination detection: “Is it more effective to
provide both the input and output in their original languages and allow the LLM to detect
hallucinations, or should we instead supply their English translations?” Furthermore, “If
input-output pairs are provided in their original language, should the prompt also be in the
same language, or is it preferable to present it in English?”. Conversely, “If we supplement
the detection process with translated input-output pairs, is it more effective for the LLM
itself to handle the translation before the detection step, or should an external translation
system be employed?”. In an effort to answer this questions, we experimented with the

approaches analyzed below.
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No translator

The simplest approach is the one that involves no translation procedure. In that case,
the system and user prompts are provided in English and the texts are provided in the

language of origin.

External translator - original language

Given the input-output pairs in their original language, we translate the prompts—which
include the hallucination definition and output format instructions—into the original lan-
guage. To achieve this, we use the Google Translate API for Python!. This happens in
order to motivate the LLM to recognize the language and then reason in it easier.

For the second part of our experiments, we translate the input-output pairs into
English, the highest-resource language, and then use the translated pairs to detect hal-
lucinations, while the prompt remains in English. The LLM is exposed to both the original
language (before translation), as well as with its English version to ensure fairness, while
also making easier the process of matching the detected hallucination spans in English

to the spans in the text in the original language.

External translator - English

In this approach, we translate the input-output pairs into English using Google Trans-
late and then prompt the LLMs (providing both the original and English versions of data)

to generate a CoT for hallucination detection in English.

LLM as the translator

Lastly,we prompt the LLMs to perform the analysis in two steps: Firstly to translate
input-output pairs into English when the text is in another language, and then based on
that to detect hallucinations in the same chat, thus ensuring that the LLM is exposed
in both languages before concluding to the hallucination spans identified. This makes
the whole procedure simpler, since there is no need for an external tool, such as the

translator.

Ihttps://pypi.org/project/googletrans/
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Proposal

In this chapter we present an overview of the proposed system for hallucination de-
tection in the outputs of the LLMs, as it was developed for Task-3 of the SemEval 2025
workshop, where it achieved top positions in a lot of rankings across the different lan-

guages.

5.1 Contributions
The main contributions of this dissertation can be summarized as follows:

1. The developed system is based on LLM prompting to tackle hallucination span

detection challenges in a language-agnostic manner.

2. Due to its prompt heavy nature, no further training is required to attain high

scores in either high-or low-resource languages.

3. The utilization of translation strategies and the research concerning different types

of translation, lead to useful conclusions on linguistic challenges.

5.2 Proposed Model

In this work, we combine two LLMs, Llama 3.1 405B1 and Claude 3.5 Sonnet2,
prompting them in a few-shot (FS) way to detect hallucination spans. To improve de-
tection performance in low-resource languages, we also experiment with incorporating
a translation tool to translate original input-output data in English. Finally, given the
inputs of each MuSHROOM instance, we instruct Llama and Claude to generate the cor-
responding output and incorporate it as a hypothesis to facilitate hallucination detection.

Based on the results of our preliminary experiments presented in the corresponding
chapter, our final system consists of three components, i.e. three experiments:

Component 1 We prompt Claude to detect hallucination spans given the input text,
the output text in the original language and their translations in English, as well as the
outputs produced by Llama as hypothesis.

Component 2 We prompt Llama to detect hallucination spans given the input text,
the output text in the original language and their translations in English, as well as the

outputs produced by Claude as hypothesis.
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Component 3 We prompt Llama to detect hallucination spans given the input text, the
output text in the original language and their translations in English without providing
extra generated answers as hypothesis. We adopt this approach since generated hypothe-
ses can themselves contain hallucinations, resulting in misleading outcomes. Moreover,
the LLMs sometimes place undue emphasis on the provided generated hypothesis rather
than relying on their internal knowledge, causing them to miss hallucinatory spans in
the outputs.

Each component produces a list of hallucination spans and then the three lists are
combined as follows: for each produced span, the assigned probability is calculated as
the ratio of the experiments that characterize it as hallucination over the total number of

experiments (three).
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Experiments

In this chapter, all the experiments that were conducted and contributed in some way

in designing the final system will be presented, along with the results they produced.

6.1 Baseline System

As baseline, the organizers provided two systems: a random baseline system con-
sisting of two approaches, a mark-all and a mark-none, and XLM-R based system. The
scores of the baseline systems for the test set per language and per metric (Correlation

(Cor) and Intersection-over-Union (IoU)) are shown in Table 6.1

Language ar ‘ ca ‘ cs ‘ de ‘ en ‘ es ‘ eu ‘ fa ‘ fi ‘ fr ‘ hi ‘ it ‘ sV ‘ zh
Baseline Metric:IoU

Mark-all 36| .24 .26|.35|.35|.19|.37| .20 | .49 | .45 | .27 | .28 | .54 | .48
Mark-none | .05 | .08 | .13 | .03 | .03 | .09 | .01 0] 0] 0 0 0 | .02 .02
Neural .04|.05|.10 | .03 | .03 | .07 | .02 0 0] 0] 0O | .01 | .03 | .02
Baseline Metric:Cor

Mark-all 01|.06|.01].01| O |.01| O .01 0 0] 0 0O |01 O
Mark-none | .01 | .06 | .01 | .01 | O |.01| O |001]| O 0] 0 O |.01| O
Neural 12 1.06 .01 |.11|.12|.04|.10| .11 | .09 | .02 | .14 | .08 | .10 | .09

Table 6.1. Baseline systems scores

6.2 Preliminary Experiments

The preliminary experiments consisted of two parts. In the first part, there was the
idea to split the sentence we examine in parts and then explore different ways to classify
each specific part as hallucination or not. In the second part, that will be analyzed in the
following section, we experiment with the prompts given in two different language models

and how these affect their performance in accurate hallucination detection.

6.2.1 Sentence Splitter

In the first part of the preliminary experiments, the pipeline of the hallucination de-
tection starts with a preprocessing step in order to split the outputs given for examination

in several parts and in that way predefine a space of possible hallucination spans.
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As explained in the previous chapter, the different splitting techniques involve a naive
approach of randomly splitting the sentences in spans that consist of 1-5 words, a tech-
nique based on the use of Stanza, a Python NLP Package, either to split the text into
sentences, or to use the NER analysis that it can do in order to strategically choose the
words to examine based on the entity to which they belong, and an LLM-based approach,
where we prompt Llama to split the sentences into factual claims and also assign to them
the character span to which they correspond from the original text. The way each of
these methods affects accuracy of the predictions will be presented after the analysis of

the main classification techniques.

6.2.2 Classification techniques

For the second part of this first pipeline we tried different classification techniques,
aiming to evaluate the parts that were created from the procedure described above as
Hallucination/not Hallucination.

For the techniques that require a correct answer as ground truth to compare it with
the output we examine, we prompted Llama 3.1 8B to generate its own answers given the
input. Those generated outputs will be referenced as ground truth.

In order to evaluate the classification process we calculated the accuracy of the pre-
diction through the use of the hard labels that were given to us. More specifically, the
hard labels are the spans of the sentences, the probability of which being Hallucinations
is more than 0.5. Based on these labels each character of the output text was given
the value 1(Hallucination) or O(not Hallucination) if it belonged to a span included in
the hard labels or not accordingly. In that way the expected output was defined on a

character-level.

Sentence Similarity

For the first part of the experiments, we classified the parts of the sentences as Hal-
lucination/Not Hallucination based on their semantic similarity to the ground truth. In
order to encode both the given outputs and the ground truth as embeddings, we used
pre-trained models from Hugging Face. As a measure of the similarity of the sentences
we used the cosine similarity and we first experimented to determine the threshold value
that separates Hallucination and not Hallucinations, based on the accuracy of the clas-
sification process using the smaller sample set.

After defining an appropriate threshold value for the cosine similarity for each model,
we used the larger validation dataset that contained samples separated by language. In
order to construct our system, the procedure we followed to calculate the soft and hard
labels is the following: Firstly, we used each of the methods to split the sentences and
define the possible hallucination spans. Then we generated new answers to the input
queries and used the sentence similarity models to compare the generated answers to
each part of the sentence. The soft labels, i.e. the possibilities of the spans being

hallucinations were calculated as 1- cosine similarity of the specific spans and the
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threshold was used to define the hard labels, instead of considering as hard labels all
spans with similarity less than 0.5.

As we can see in Table 6.2, we get the best results by splitting the sentences using
NER-based splitting and specifically evaluating the words that are on the most frequent
entities found in hallucination spans. For each model we calculate the accuracy for each
threshold value and splitting method combination and we keep as best threshold value

the one that brings the best score overall.

Type of split Random | Stanza (sentences) ‘ Stanza(words) ‘ LLM-based
] Model id: sentence-transformers/all-MiniLM-L6-v2

threshold: 0.5 0.462 0.433 0.538 0.398
threshold: 0.6 0.463 0.433 0.538 0.399
threshold: 0.7 0.467 0.442 0.538 0.399
threshold: 0.8 0.463 0.433 0.538 0.398
threshold: 0.9 0.463 0.433 0.538 0.398

Model id: sentence-transformers/distiluse-base-multilingual-cased-v2
threshold: 0.44 0.454 0.433 0.542 0.374
threshold: 0.5 0.458 0.433 0.546 0.374
threshold: 0.6 0.469 0.433 0.546 0.394
threshold: 0.7 0.463 0.433 0.537 0.373
threshold: 0.8 0.464 0.433 0.537 0.373
threshold: 0.9 0.462 0.433 0.538 0.373

Model id: sentence-transformers/sentence-t5-large

threshold: 0.6 0.567 0.567 0.562 0.433
threshold: 0.63 | 0.568 0.567 0.546 0.458
threshold: 0.69 0.498 0.438 0.565 0.433
threshold: 0.71 0.489 0.567 0.570 0.433
threshold: 0.73 0.489 0.490 0.578 0.439
threshold: 0.8 0.489 0.490 0.574 0.432

Table 6.2. Accuracy of classification based on sentence similarity for different split method
and threshold value combinations

Type of split Random Stanza(sentences) | Stanza(words) | LLM-based
Lang Id IoU | Cor | IoU Cor IoU Cor IoU | Cor
ar 0.21 | 0.07 | 0.25 0.09 0.27 0.13 0.15 | 0.06
de 0.20 | 0.11 | 0.21 0.13 0.23 0.16 0.17 | 0.08
en 0.22 | 0.12 | 0.17 0.12 0.23 0.19 0.19 | 0.11
es 0.23 | 0.08 | 0.24 0.13 0.29 0.14 0.20 | 0.12
fi 0.18 | 0.10 | 0.18 0.13 0.19 0.12 0.18 | 0.15
fr 0.11 | 0.09 | 0.12 0.13 0.17 0.15 0.09 | 0.08
hi 0.13 | 0.06 | 0.15 0.13 0.19 0.15 0.14 | 0.07
it 0.16 | 0.09 | 0.27 0.15 0.28 0.08 0.19 | 0.11
S\ 0.11 | 0.08 | 0.14 0.09 0.19 0.13 0.16 | 0.07
zh 0.19 | 0.15 | 0.25 0.10 0.29 0.14 0.20 | 0.08

Table 6.3. Intersection-over-Union (IoU) and Correlation(Cor) results using sentence simi-
larity. Model id: sentence-transformers/all-MiniLM-L6-v2 threshold: 0.7
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Type of split Random Stanza(sentences) | Stanza(words) | LLM-based
Lang Id IoU | Cor | IoU Cor IoU Cor IoU | Cor
ar 0.21 | 0.07 | 0.25 0.09 0.28 0.14 0.15 | 0.06
de 0.22 | 0.12 | 0.21 0.13 0.24 0.18 0.17 | 0.08
en 0.21 | 0.11 | 0.17 0.12 0.24 0.20 0.19 | 0.11
es 0.22 | 0.10 | 0.24 0.13 0.30 0.17 0.20 | 0.12
fi 0.19 | 0.09 | 0.18 0.13 0.20 0.12 0.18 | 0.15
fr 0.13 | 0.09 | 0.12 0.13 0.18 0.15 0.09 | 0.08
hi 0.12 | 0.06 | 0.15 0.13 0.19 0.16 0.14 | 0.07
it 0.15 | 0.09 | 0.27 0.15 0.29 0.09 0.19 | 0.11
Y 0.11 | 0.07 | 0.14 0.09 0.20 0.17 0.16 | 0.07
zh 0.19 | 0.15 | 0.25 0.10 0.29 0.12 0.20 | 0.08

Table 6.4. Intersection-over-Union (IoU) and Correlation(Cor) results using sentence similar-
ity. Model id: sentence-transformers/distiluse-base-multilingual-cased-v2 threshold: 0.6

Type of split Random Stanza(sentences) | Stanza(words) | LLM-based
Lang Id IoU | Cor | IoU Cor IoU Cor IoU | Cor
ar 0.25 | 0.08 | 0.27 0.16 0.32 0.18 0.15 | 0.16
de 0.28 | 0.16 | 0.24 0.19 0.29 0.23 0.19 | 0.18
en 0.25 | 0.19 | 0.20 0.18 0.29 0.27 0.19 | 0.19
es 0.23 | 0.15 | 0.29 0.18 0.34 0.23 0.22 | 0.12
fi 0.28 | 0.15 | 0.23 0.18 0.27 0.18 0.21 | 0.16
fr 0.17 | 0.19 | 0.17 0.18 0.22 0.19 0.13 | 0.12
hi 0.17 | 0.09 | 0.19 0.15 0.25 0.26 0.15 | 0.11
it 0.16 | 0.11 | 0.32 0.19 0.36 0.20 0.19 | 0.14
SV 0.15 | 0.12 | 0.17 0.12 0.25 0.19 0.18 | 0.11
zh 0.23 | 0.17 | 0.29 0.12 0.33 0.17 0.22 | 0.11

Table 6.5. Intersection-over-Union (IoU) and Correlation(Cor) results using sentence simi-
larity. Model id: sentence-transformers/sentence-t5-large threshold: 0.73

Then we proceed in experimenting with the validation set as shown in Tables 6.3 -

6.5. The main outcomes of this process are:

1. The biggest the chunk we evaluate, the closest the results for the different models

and threshold values.
2. The correlation values are low

3. A manual overview of the results given by the LLM-based splitting reveals that the
main problems of this methods that affect the results are two. On the one hand
the model fails to split the facts in the smallest facts possible, so the process ends
up resembling the Stanza based splitting in sentences. On the other hand, the
mapping of the sentence to the actual span of the original output is failing and
therefore even if the evaluation process is successful, the results are not asigned to

the right spans.

Due to the third outcome, the LLM-based splitting is rejected as an alternative for the

next experiments.
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NLI models

For the second part of the experiments, we used a Natural Language Inference (NLI)
Model to classify the parts of the sentence as Hallucination/not Hallucination due to
its ability to capture and analyze semantic complexities that closely align with the phe-
nomenon of hallucination. NLI models- as analyzed above- classify the connection be-
tween 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 hy-
pothesis follows logically from the premise, is unrelated, or directly contradicts it. As a
premise the specific parts for examination are used and as a hypothesis the generated
output for the given input query is used. In order to classify a text as Hallucination
we want it to have a contradiction score higher than 0.5 and as Not Hallucination an

entailment score higher than 0.5.

The model used is mDeBERTa-v3-base-xnli-multilingual-nli-2mil7, a pretrained NLI
model from HuggingFace. 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 the multilingual setup. 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.

In order to generate the soft labels, the experiment is conducted three times for each
splitting method and in the case of random split for each of the three experiments a new
random split is conducted. This happens in order to reduce the correlation of the results
from the splitting process since it is random. The other two splitting methods produce

the same results so they are performed only once. For each experiment:

e the label 1 is assigned to the parts that are classified as Hallucinations from the
model, i.e. the contradiction score of the part and the hypothesis is greater than
0.5

e the label O is assigned to the parts that are classified as Not Hallucination from the

model, i.e. the entailment score of the part and the hypothesis is greater than 0.5

After each of these experiments, three lists with hallucination spans are produced
and then combined in order to generate the final hallucination spans detected. For each
span in the union of the three lists the probability assigned to it is the ratio of the number
of the experiments that identify it as hallucination to all the experiments conducted, i.e.
three.

The hard labels are produced as initially defined, i.e. the spans whose assigned

probability is more than 0.5.

The results of this process using the validation set is shown in Table 6.6
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Type of split Random Stanza(sentences) | Stanza(words)
Lang Id IoU | Cor | IoU Cor IoU Cor
ar 0.24 | 0.04 | 0.28 0.15 0.30 0.10
de 0.22 | 0.05 | 0.29 0.17 0.27 0.13
en 0.25 | 0.10 | 0.32 0.17 0.24 0.14
es 0.24 | 0.12 | 0.31 0.17 0.30 0.19
fi 0.27 | 0.19 | 0.27 0.15 0.32 0.19
fr 0.20 | 0.18 | 0.21 0.14 0.25 0.15
hi 0.19 | 0.07 | 0.20 0.13 0.26 0.16
it 0.17 | 0.12 | 0.30 0.12 0.32 0.16
S\ 0.18 | 0.13 | 0.24 0.09 0.29 0.18
zh 0.19 | 0.18 | 0.25 0.08 0.32 0.19

Table 6.6. Intersection-over-Union (IoU) and Correlation(Cor) results using NLI model.

Model id: mDeBERTa-v3-base-xnli-multilingual-nli-2mil7

The correlation scores remain low and the repetition of the experiments does not

benefit the procedure in any way, since -especially for the splitting with the use of Stanza-

the results remain stable.

Large Language Models

For the third experiment, Llama was used to classify the parts of the sentences as

Hallucination/ not Hallucination.

As already described in the Approach Section, for prompting the system/user prompt

approach was adopted. The system prompt is the one that describes the task to the LLM

and the user prompt is the one through which the input-output-specific part groups are

provided. The prompts are provided in Table 6.7

Approach System Prompt

User Prompt

LLM as Classifier | You are a hallucination detector. I will provide some
input-output pairs and a specific part of the output
and you have to decide whether the specific part is a
hallucination as it was defined, based on your sources
of knowledge. Write 'Hallucination’ or 'Not Hallucina-
tion’ if it is a hallucination or not respectively. The
tag 'Hallucination’ or ‘Not Hallucination’ should be the
only words in your answer.

Table 6.7. Llama as the Classifier: system/user prompts

The input
is:input, the
output is : output
and the part that
might contain
hallucination is:
part

In this experiment the hypothesis was not used. The soft and hard labels were pro-

duced in the same way that they were produced for the NLI model. The experiment

was conducted three times for the three different splitting methods and each span was

assigned the label 1 if the reply was Hallucination and the label O if the reply was Not

Hallucination.
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Type of split Random Stanza(sentences) | Stanza(words)
Lang Id IoU | Cor | IoU Cor IoU Cor
ar 0.24 | 0.08 | 0.23 0.11 0.11 0.04
de 0.22 | 0.10 | 0.22 0.08 0.08 0.08
en 0.20 | 0.09 | 0.24 0.07 0.09 0.06
es 0.21 | 0.11 | 0.21 0.08 0.11 0.05
fi 0.20 | 0.10 | 0.20 0.11 0.12 0.04
fr 0.20 | 0.09 | 0.19 0.09 0.10 0.03
hi 0.18 | 0.04 | 0.19 0.12 0.12 0.08
it 0.17 | 0.04 | 0.20 0.11 0.11 0.05
SV 0.15 | 0.05 | 0.22 0.09 0.09 0.04
zh 0.16 | 0.02 | 0.20 0.08 0.11 0.02

Table 6.8. Intersection-over-Union (IoU) and Correlation(Cor) results using LLM as classi-
fier. Model used: Llama 3.1-8b

As shown in Table 6.8, the best results were produced for larger parts given rather
than words. By observation of the results, the model showed a tendency to reply Not

Hallucination especially in the case of providing simple words.

Combination: Voting Classifier

For the last experiment of this approach, the best methods from the above were com-
bined to produce the hallucination spans list.

More specifically the following three experiments were conducted:

1. Experiment 1: The pipeline of experiment 1 involves two steps. Firstly, use Stanza
for the NER-based analysis and choose the words to examine as before and secondly
provide the words along with the original and the generated output as hypothesis for
the sentence similarity model sentence-t5-large to calculate the sentence similarity.
The threshold value used is 0.73 and the probability assigned to the words 1-

similarity.

2. Experiment 2: The pipeline of experiment 2 involves two steps. Firstly, use Stanza
for the NER-based analysis and choose the words to examine as before and secondly
provide the words along with the original and the generated output as hypothesis
for the NLI model mDeBERTa-v3-base-xnli-multilingual-nli-2mil7 to classify it as Hal-
lucination or Not Hallucination based on entailment/contradiction scores. For each

span the assigned probability is 1 or O accordingly.

3. Experiment 3: The pipeline of experiment 3 involves two steps. Firstly use Stanza
to split the output into sentences. Then for each sentence prompt Llama 3.1- 8B to
classify it as Hallucination or Not Hallucination and assign the probabilities 1 or O

to the whole sentence.

In order to combine the produced results from each experiment, for each span the

total assigned probability was calculated as the ratio of the sum of the asssigned by each
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separate experiment probabilities of the span to the total amount of experiments, i.e.
three.

The results for the validation set are shown in Table 6.9

Lang Id | IoU | Cor
ar 0.20 | 0.12
de 0.16 | 0.11
en 0.17 | 0.13
es 0.16 | 0.16
fi 0.22 | 0.17
fr 0.19 | 0.18
hi 0.17 | 0.13
it 0.15 | 0.15
sv 0.14 | 0.14
zh 0.16 | 0.19

Table 6.9. Intersection-over-Union (IoU) and Correlation(Cor) results using Voting Classifier

As it is shown from the experiments presented above, framing the problem of halluci-
nation span detection as a classification problem using the preprocessing step of splitting
the sentences has some inherent problems. First of all, predefining the space of possible
hallucination spans prevents the accurate hallucination span detection. Secondly, the
logic of all classifiers used are bottlenecks of the process, since they cannot capture com-
plicated relationships that derive from the context or the relationship between the input
and the output, besides the factual inconsistencies that might exist.

At the same time, early experiments with simply prompting LLMs to detect halluci-
nations in long and complicated sentences indicate that LLMs are able to perform this
task efficiently and the way they are utilized in the previous approaches does not allow
space for this capability to be exploited. Therefore a second approach is adopted in or-
der to explore how a better use through a carefully constructed prompting strategy and

automated mapping procedure of the outputs of LLMs to can improve the results.

6.3 Prompting Experiments

In order to address the limitations that are inherent to the previous methods and given
the widespread deployment of prompt engineering as a way to leverage the potential of
LLMs in more complicated problems, several prompting experiments were conducted in

order to explore the capabilities of an LLM-based system for hallucination detection.
6.3.1 Preliminary Experiments

Experiments with Secondary Dataset

Preliminary experiments involve probing the hallucination detection capabilities of
Llama and Claude models, firstly using the Secondary Dataset that was constructed as
described in the Approach Section, from the SHROOM Classification Dataset [44] and
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brought in a format closer to Mu-SHROOM dataset [43].For this dataset, there are no
available marked hallucination spans, so again the first experiments reframe the task as
a classification problem.

In order to do this, the following experiments are conducted:

1. Zero-shot (ZS) A simple zero-shot prompt is used, through which the input-output
pair is provided and evaluated as Hallucination or not by providing the corresponding
label.

2. ZS + Hypothesis To further boost this, the hypothesis provided in Secondary
Dataset is also leveraged, to explore whether its existence can improve the labeling process
or the internal knowledge of the LLM is sufficient.

3. CoT + Hypothesis Since the results’ accuracy was close to randomly assigning a
Hallucination/not Hallucination tag, instead of prompting the LLMs to simply respond
with a binary Yes/No label, we prompt them to develop their thoughts; then, based on
this and the hypothesis, we generate the final Yes/No label.

The prompts for this are provided in Table 6.10, and the results for each experiment
in Table 6.11. Here we use the accuracy as a metric since the task is to classify the

sentences as Hallucination/Not Hallucination and not to mark specific spans.

Experiment Prompt

Experiment

1: ZS "Given the {input} and the {output}, is the output a halluci-
nation? Reply with Yes/No”

Experiment 2: ZS + Hypoth- | “Given the {input}, the {output} and the {hypothesis}, is the
esis output a hallucination? Reply with Yes/No”

Experiment 3: ZS + CoT+ | "Given the {input}, {output} and the {hypothesis} is the out-
Hypothesis put a hallucination? Firstly, explain your thought and in

the end write the word Yes or No if it is or it is not a hallu-

cination respectively."

Table 6.10. Prompts for the different preliminary experiments

Model | Exp.1 | Exp.2 | Exp.3
Llama 0.52 0.55 0.61
Claude | 0.51 0.55 0.63

Table 6.11. Accuracy Results for the Preliminary Experiments using Claude or Llama

Since in the original setting the ground truth is not provided, the capability of the
models to generate their own answers to the input queries is examined. For that purpose,
the two models are given the input queries and the generated answers are compared
to the ground truths using the cosine similarity as a metric calculated by a sentence
transformer model. The average value of the calculated similarity is 0.79 for Llama and
0.83 for Claude.

After these experiments the following guidelines for the next steps were derived:

1. The Chain-of-Thought reasoning is a crucial step for the model to perform better

than a random classifier and actually leverage its internal or externally provided
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knowledge and therefore the prompt should definitely encourage it.

2. The capability of answer generation of the two models is considered satisfying and
therefore, to simplify the final system, the LLMs will be used to sample extra answers

as ground truths instead of incorporating a RAG model to the system

Experiments with Validation Set

The second part of the preliminary experiments, involved the use of the validation
set to test the ability of the models to define specific hallucination spans and gain some
insight on the performance of them in the multilingual setup.

To enhance the performance of the models, an initialization step was added, that

included the following components:

1. Definition of hallucination: In order to guide the model to specify hallucination
spans, a thorough definition of the term was provided along with the specific cat-
egories that were adopted from [28] and the expansion we proposed after the ex-
ploratory data analysis concerning the misspellings, as well as guidelines for the
hallucination marking process that were the ones provided to the human annota-
tors [43]

2. Expected output format: In order to fully exploit the answer of the model in an au-
tomated way when the task is to define specific hallucination spans and not Yes/No
answers, a prompt describing the expected output format was to be provided. A
lot of experiments were conducted to find a proper output format and not miss any
information from the generated answer. The most optimal from the ones tried in-
cluded the addition of a specific phrase between the CoT reasoning and the spans
detected written in the same way as in the original sentence and separated with

commas.

To further improve performance, the Few-Shot (FS) scenario was adopted with the

addition of examples of:

1. Hallucination detection examples: specific examples of hallucination spans de-

tection, one for each of the four categories used in the definition were provided

2. Expected output format example:one example for the expected output format was

provided

All the prompts of this initialization steps are provided in Table 6.12.

Shifting from the classification approach to the specific hallucination span detection
and due to the use of prompting techniques, there is also the need to map the answers of
the LLMs to the corresponding spans of the output sentence we examine.

The first technique to achieve this was to prompt the model to find the hallucination
spans itself on a character level. However, that proved to be unsuccessful because even

though the model could detect hallucinations, the character-level spans provided were
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Description

Prompt

Zero-Shot Scenario

Hallucination
Definition

You are a hallucination detector. A hallucination is the production of fluent but
incorrect output of an LLM.The definition of incorrect output falls in four categories:
a. The output is inconsistent with the input, so the produced answer does not answer
the input query or is irrelevant to it.

b. The output contains a factual inconsistency, so contains something that is not a
validated fact or is wrong.

c. The output contains contradictory facts so in the output there are things that
cannot be true at the same time.

d. The output contains mispelled words

Output For-
mat Instruc-
tion

I will provide some examples for you to find hallucinations based on the given defini-
tion of hallucination. Although there might be several parts where hallucinations of
probably different types occur, the answer should only end with the phrase ’So the
hallucinations are: ’ followed by the hallucinations exactly as they are written in the
sentence given, inside "" and separated by commas

Few-Shot Scenario

One exam-
ple for each
hallucination

type

Example 1(input-output conflict):The input is: Where did the Olympic Games of
2004 take place? The output is: The Olympic Games of 2020 took place in Lon-
don.As a hallucination detector you should point out that there is a hallucination
here because the output replies the answer where did the Olympic Games of 2020
take place. So the hallucinations are:"2020".

Example 2 (factual inconsistency):The input is: Where did the Olympic Games of
2004 take place? The output is: The Olympic Games of 2004 took place in Florida.As
a hallucination detector you should point out that there is a hallucination here be-
cause the Olympic Games of 2004 took place in Athens, so there is a factual incon-
sistency in the word "Florida".So the hallucinations are: "Florida"

Example 3(internal output conflict):The input is: Where did the Olympic Games
of 2004 take place and what was the biggest Stadium used? The output is: The
Olympic Games of 2004 took place in Athens, Greece. All stadiums were designed
for that purpose but the biggest was Olympic Stadium of Athens "Spyros Louis" that
was built in 1982.As a hallucination detector you should point out that there is a
hallucination here because the output states that all stadiums were created for that
purpose but the Olympic Stadium of Athens "Spyros Louis" was built in 1982 so
much earlier than the Olympic Games, So the hallucinations are: "All stadiums were
designed for that purpose".

Example 4(misspelling):The input is: Where did the Olympic Games of 2004 take
place? The output is: The OLympooooc Games of 2004 took place in Athens, Greece.
As a hallucination detector you should point out that there is a hallucination here
because the OLympoooooc Games are a misspelling of the Olympic Games So the
hallucinations are: "OLympooooc".

One exam-
ple for the
expected out-
put format

Example(output format) The input is: What is the biggest church in Greece? The
output is: The biggest church in Greece is Saint George located in the center of
Athens. It has a maximum length of 73 m and width 48 m and it is the biggest
church of Greece.The church is in the downtown of the modern city of Athens, close
to the high-traffic Acharnon Avenue.The foundations of the church were laid on 12
September 1910 by King George I of Greece and it was consecrated on 10 JUly 1935.
The expected output is: There are several hallucinations. The name of the biggest
church is Saint Panteleimon of Acharnai and is indeed located in the center of Athens
but has a maximum length of 63 m and was consecrated on 22 June 1930. So the
hallucinations are: "saint George","73","10 JUly 1935".

Table 6.12. Prompts used to initialize the hallucination detection process.

not correct. Secondly, we experimented with mapping the answer to spans from the text.

The main problem with this was that since we adopted the prompts that encouraged
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Chain-of-Thought reasoning, the answer of the model did not contain only parts of the
output sentences. Instead there were parts that were marked as hallucinations mixed
with the explanations as to why a hallucination is detected there. To solve this problem,
the model was prompted to reason first and then end its answer by using the phrase
"So the hallucinations are: " and then provide only parts of the output in the exact way
they are written there, separated by commas. In that way, by splitting the answer to the
reasoning part and the hallucination spans part, it became easier to map the detected
spans to character level spans in the text. To optimize the mapping procedure- apart from
"cleaning" the texts, i.e. removing any special characters that might alter the hallucination
spans, the errors of the mapping procedure were studied extensively in cases where in the
answer of the model contained more spans than the ones identified. One reason for this
that was detected, was the case of having only one hallucination span, leading the LLM to
replace the sentence "So the hallucinations are: " with the sentence "So the hallucination
is:". Such alterations in the expected output that were considered reasonable were taken
into account, and by decreasing the failed mapping from an average of 200 per dataset to

4 per dataset, the exploitation of the knowledge of LLMs became far more successful.

The main purpose of this part of the preliminary experiments was to examine how
incorporating the -generated by the models- outputs to the prompts and combining the
answers provided by the two models, with and without providing hypothesis,could benefit

the detection process. The experiments conducted for all languages were the following:

1. No Hypothesis In the first experiment we prompt Claude and Llama to detect

hallucination spans without providing a hypothesis.

2. Model + Hypothesis from the same model In the second experiment we prompt
Claude and Llama to generate answers for the input texts, and then prompt them
to detect hallucination spans on the output text given the answers each model
produced, i.e. prompt Llama given as hypothesis the answers that Llama produced

and Claude given as hypothesis the answers that Claude produced.

3. Model + Hypothesis from the other Model In the third experiment we prompt
Claude and Llama to generate answers for the input texts, and then prompt them
to detect hallucination spans on the output text given the answers the other model
produced, i.e. prompt Llama given as hypothesis the answers that Claude produced

and Claude given as hypothesis the answers that Llama produced.

In order to evaluate the results, we used the original metrics that will be used for the
evaluation of the task’s result, Intersection-over-Union (IoU) and Correlation (Cor), but

gave a priority on IoU in order to decide on the dominant techniques.

The results are presented by language for each of the experiments explained above.
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Metric C L C,CH | C/1LH |L,LH | L,CH
IoU 0.49 0.46 0.48 0.53 0.48 0.52
Cor 0.523 | 0.490 | 0.489 | 0.524 | 0.455 | 0.488

(a) IoU and Correlation scores: Arabic (ar)

Metric C L C,CH | C/1LH |L,LH | L,CH
IoU 0.50 0.54 0.52 0.55 0.53 0.56
Cor 0.501 | 0.493 | 0.489 | 0.535 | 0.501 | 0.522

(b) IoU and Correlation scores: German (de)

Metric C L C,CH | C,LH | L,LH | L,CH
IoU 0.465 | 0.477 | 0.478 | 0.521 | 0.491 | 0.543
Cor 0.525 | 0.433 | 0.587 | 0.525 | 0.522 | 0.582

(c) IoU and Correlation scores: English (en)

Metric C L C,CH | CLH |L,LH | L,CH
IoU 0.40 0.41 0.40 0.49 0.40 0.42
Cor 0.423 | 0.411 | 0.428 | 0.533 | 0.422 | 0.456

(d) IoU and Correlation scores: Spanish (es)

Metric C L C,CH | C/1IH |L,LH | L,CH
IoU 0.52 0.56 0.53 0.59 0.55 0.61
Cor 0.513 | 0.538 | 0.503 | 0.531 | 0.512 | 0.554

(e) IoU and Correlation scores: Finnish(fi)

Metric C L C,CH | CLH |L,LH | L,CH
IoU 0.56 0.49 0.58 0.57 0.52 0.53
Cor 0.499 | 0.478 | 0.511 | 0.503 | 0.502 | 0.512

(f) IoU and Correlation scores French (fr)

Metric C L C,CH | CLH | L/, LH | L, CH
IoU 0.49 0.52 0.51 0.55 0.51 0.57
Cor 0.477 | 0.462 | 0.462 | 0.489 | 0.451 | 0.492

(g) IoU and Correlation scores: Hindi (hi)

Metric C L C,CH | C/1IH |L,LH | L,CH
IoU 0.55 0.57 0.56 0.59 0.59 0.60
Cor 0.525 | 0.541 | 0.549 | 0.552 | 0.552 | 0.552

(h) IoU and Correlation scores: Italian (it)

Metric C L C,CH | CLH |L/,LH | L,CH
IoU 0.41 0.41 0.43 0.51 0.44 0.47
Cor 0.401 | 0.433 | 0.472 | 0.489 | 0.479 | 0.489

(i) IoU and Correlation scores: Swedish (sv)

Metric C L C,CH | CLH |L/,LH | L,CH
IoU 0.28 0.28 0.33 0.35 0.30 0.29
Cor 0.410 | 0.410 | 0.473 | 0.489 | 0.489 | 0.466

(§) IoU and Correlation scores: Chinese (zh)

Table 6.13. IoU and Correlation scores per language: C: Claude, No Hypothesis, L: Llama,
No Hypothesis, C,CH: Claude + Claude Hypothesis, C,LH: Claude + Llama Hypothesis , L,

LH: Llama +Llama Hypothesis , L,CH: Llama + Claude Hypothesis
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In Table 6.13 the top-3 approaches for each language are marked in bold. In Figure
6.1 there is the frequency distribution that shows for how many languages each approach
ranks in the top 3 IoU scores. The result is that the top approaches are: the use of Claude
as the base LLM while providing answers to the input queries as hypothesis produced by
Llama, the use of Llama as the base LLM while providing answers to the input queries as
hypothesis produced by Claude. These are the most dominant approaches, followed by
Llama as the base LLM without hypothesis and Llama as the base LLM with hypothesis

produced from Llama.
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Figure 6.1. Frequency distribution showing for how many languages each approach pro-
duces results that achieve IoU scores that are in the top-3 IoU scores for the language

In order to examine the overlapping of the generated predictions concerning the
marked hallucination spans, we use the results generated for the four most dominant
approaches and calculate IoU between them for the English language. The reason for
utilizing the English dataset, is to try to combine the calculated results with careful ob-
servations on the data in a language we understand.

The results shown in Table 6.14 combined with an overview of the actual texts and

marked hallucinations lead to two main conclusions:

1. Even though the marked hallucination spans are overlapping- which is reasonable
since they mark correct hallucination spans- there is not an approach that pro-
duces a set of hallucination spans that is subset of a set produced through another

approach,therefore there is no approach that provides no extra information.

2. The results generated through prompting Llama without hypothesis and prompting
Llama with hypothesis generated by itself have the highest IoU score and since they
have the same frequency of being in the top-3 dominant approaches, an assumption

is made for simplicity that Llama without hypothesis can replace both.
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Those results motivate the next step which is combining the separate results and
examine the improvement of the predictions.

The results for the english language are shown in Table 6.15

We observe that the combination of results from different approaches, lead to an over-
all increase of the scores achieved. By manually observing the successful additions of
hallucination spans through combination of approaches and by comparing each of the
separate approaches to the combined result, we understand that very often the lack of hy-
pothesis led the LLM to emphasize on more parts that might contain hallucinations rather

than the factual inconsistencies that were more often inspected when the hypothesis was

provided.
Approach | C,LH | L, CH L L, LH
C,LH 0.521 | 0.465 | 0.421 | 0.432
L, CH 0.543 | 0.635 | 0.551
L 0.477 | 0.873
L, LH 0.491

Table 6.14. IoU scores: In the principal diagonal there are the IoU score of the approach and
the true labels and on the other cells there are the IoU scores between the two approaches
that correspond to the cell

Metrics Metrics Metrics
C+L I0U:0.42 Cor: 0.57 | L +C,LH IoU: 0.52 Cor: 0.61 | L, LH +L, CH IoU: 0.41 Cor: 0.57
C+ C,CH IoU: 0.50 Cor: 0.57 | L+L,LH IoU: 0.39 Cor: 0.51 | C, CH+ L,LH IoU: 0.46 Cor: 0.61
C+C,LH | IoU: 0.53 Cor: 0.59 | L+L, CH IoU: 0.51 Cor: 0.62 | C,CH + L, CH | IoU: 0.46 Cor: 0.55
C+L,LH | IoU: 0.44 Cor: 0.59 | L+ C, CH IoU: 0.44 Cor: 0.59 | C,LH+L,LH | IoU: 0.44 Cor: 0.612
C+L, CH | IoU: 0.53 Cor: 0.59 | C, CH +C, LH | IoU: 0.50 Cor: 0.62 | C,LH +L, CH | IoU: 0.54 Cor: 0.64

Table 6.15. IoU and Correlation scores for the combination of the results from different
experiments: C: Claude, No Hypothesis, L: Llama, No Hypothesis, C,CH: Claude + Claude
Hypothesis, C,LH: Claude + Llama Hypothesis , L, LH: Llama +Llama Hypothesis , L,CH:
Llama + Claude Hypothesis

6.3.2 Prompting Strategy

Taking into account all the conclusions reached from the exploratory preliminary
experiments, we construct our main prompting strategy, whose overview is presented
here, aiming to also introduce a codification for the result table.

After initializing the process of hallucination detection by providing the hallucination
definition and the expected output format, we experiment in both a zero-shot (ZS) and
a few-shot(FS) way. In the FS scenario we present an example for each aforementioned
category, together with the expected output format.

For the main process, we adopt the system/user prompt. The system prompt refers to
the general prompt describing the task that the LLM must do, and the user prompt is the
one through which the input-output pairs along with the extra information (hypothesis/-

translation) are provided for validation. All prompts are in Table 6.16
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Approach

System Prompt

User Prompt

Preliminary Test:
input-output pair
+specific part of the
output to assign a
Hallucination/not
Hallucination tag

You are a hallucination detector. I will provide some input-
output pairs and a specific part of the output and you have
to decide whether the specific part is a hallucination as it
was defined, based on your sources of knowledge. Write
’Hallucination’ or 'Not Hallucination’ if it is a hallucination
or not respectively. The tag 'Hallucination’ or 'Not Halluci-
nation’ should be the only words in your answer.

The input is:input,
the output is
output and the part
that might contain
hallucination is:
part

Input-output pair

You are a hallucination detector. I will provide some input-
output pairs that represent inputs given to LLMs and the
outputs they produced.Define the specific words or parts of
the outputs that are hallucinations based on your sources
of knowledge.Try to specify as much as possible the parts
that are a hallucination even if it is just one word and put
those parts in "".Inside "" include only parts in the exact
way they are written in the given sentence.In your answer
explain your thought and then provide the parts seperated
with commas in the end of your answer after the sentence
’So the hallucinations are:.After this sentence include only
parts of the output in the exact way they are written and
nothing more

The input is:input
and the output that
might contain hal-
lucination is: out-
put

Input-output pair
+
Hypothesis

You are a hallucination detector. I will provide some input-
output pairs that represent inputs given to LLMs and the
outputs they produced and a hypothesis. Define the spe-
cific words or parts of the outputs that are hallucinations
based on your sources of knowledge and the hypothesis.Try
to specify as much as possible the parts that are a hallu-
cination even if it is just one word and put those parts in
""Inside " include only parts in the exact way they are
written in the given sentence. In your answer explain your
thought and then provide the parts seperated with com-
mas in the end of your answer after the sentence "So the
hallucinations are:" After this sentence include only parts
of the output in the exact way they are written and nothing
more

The input is:input,
the output that
might contain
hallucination is:
output and the
hypothesis is hy-
pothesis

Input-output pair
+

English Transla-
tions

You are a hallucination detector. I will provide some input-
output pairs that represent inputs given to LLMs and the
outputs they produced. The task is to define the specific
words or parts of the outputs that are hallucinations based
on your sources of knowledge.

The given input-output pairs are in different languages.If
they are not in english I will also provide a translation
in English. The process you should follow includes some
steps:

1. Examine the translation if provided or the original sen-
tence if it is in english

2. Try to specify as much as possible the parts that are a
hallucination even if it is just one word.

3. Explain your thoughts in English and then put the parts
of the original sentence in the original language that cor-
respond to the hallucinated parts you detected in English
in "". Inside "" include only parts in the exact way they are
written in the original sentence. So in your answer explain
your thought in english and then provide the parts in the
original language, separated with commas in the end of
your answer after the sentence ’So the hallucinations are:.
After this sentence include only parts of the output in the
exact way they are written and nothing more.

The input is:input
and the output that
might contain hal-
lucination is: out
put. The english
translation of the
input is input trans-
lation and the en-
glish translation of
the output is output
translation.
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Approach

System Prompt

User Prompt

Input-output pair
+

English Transla-
tions +
Hypothesis

You are a hallucination detector. I will provide some input-
output pairs that represent inputs given to LLMs and the
outputs they produced. The task is to define the specific
words or parts of the outputs that are hallucinations based
on your sources of knowledge and a provided hypothesis.
The given input-output pairs are in different languages.If
they are not in english I will also provide a translation
in English. The process you should follow includes some
steps:

1. Examine the translation if provided or the original sen-
tence if it is in english.

2. Try to specify as much as possible the parts that are a
hallucination even if it is just one word.

3. Explain your thought in english and then put the parts
of the original sentence in the original language that corre-
spond to the hallucinated parts you detected in english in

"

"

Inside "" include only parts in the exact way they are writ-
ten in the original sentence. So in your answer explain
your thought in english and then provide the parts in the
original language, seperated with commas in the end of
your answer after the sentence ‘So the hallucinations are:.
After this sentence include only parts of the output in the
exact way they are written and nothing more.

The input is:input
and the output that
might contain hal-
lucination is: out-
put. The english
translation of the
inputis input trans-
lation and the en-
glish translation of
the output is output
translation and the
hypothesis is hy-
pothesis.

Input-output
pairs +
LLM Translation

You are a hallucination detector. I will provide some input-
output pairs that represent inputs given to LLMs and the
outputs they produced. The task is to define the specific
words or parts of the outputs that are hallucinations based
on your sources of knowledge. The given input-output
pairs are in different languages. So the process you should
follow includes some steps:

1. Translate the input and output in English

2. Try to specify as much as possible the parts that are a
hallucination even if it is just one word

3. Explain your thought in english and then put the parts
of the original sentence in the original language that cor-
respond to the hallucinated parts you detected in english
in ". Inside "' include only parts in the exact way they
are written in the given sentence. So in your answer ex-
plain your thought in english and then provide the parts in
the original language, separated with commas in the end
of your answer after the sentence 'So the hallucinations
are:’.After this sentence include only parts of the output
in the exact way they are written and nothing more. If the
given input-output pairs are in english do not do the trans-
lation step.’

The input is:input
and the output that
might contain hal-
lucination is: out-
put.

Table 6.16. Prompts (system and user) regarding our various prompting and translation

approaches.

After consolidating the system prompts, we experiment with the user prompts and

specifically the data given as input to the LLMs.

For the simplest approach, we just

provide the input-output pair to the LLM. Then, we attempt to enhance performance by

also demonstrating the translations of inputs and outputs. To deploy our final system,

as explained above, we also supply a hypothesis generated by the LLMs. To show how
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each of the steps of the procedure we propose improves the final results, we present the
following experiments that are done using the test set:

1. Standalone prompting We prompt Claude or Llama at a time in either a ZS or a
FS manner without translating in English or leveraging hypotheses.

2. Prompting + Translation We prompt Llama and Claude to detect hallucination
spans using the input and output texts in the original language, as well as their English
translations, without providing additional generated hypotheses; then, we combine the
two lists of produced hallucination spans.

3. Prompting + Translation + Hypothesis We prompt Claude to detect hallucination
spans given the input and the output text in the original language, together with their
translations in English, as well as the outputs produced by Llama as hypothesis. Re-
versely, we prompt Llama to detect hallucination spans given the input and the output
text in the original language, together with their translations in English, as well as the
outputs produced by Claude as hypothesis. We also use the results that Llama pro-

duced in the previous experiment and combine the three hallucinations spans lists they

produced.

Language (id) Baseline Preliminary [ ZS FS [FS + Translation | FS + Translation + Hypothesis
Arabic (ar) 0.04/0.36/0.05 0.223 0.379[0.425 0.527 0.584
Catalan (ca) |0.05/0.24/0.08 0.273 0.482 | 0.540 0.675 0.703
Czech (cs) 0.10/0.26/0.13 0.301 0.388 | 0.448 0.556 0.587
German (de) |0.03/0.35/0.03 0.199 0.531 | 0.564 0.578 0.587
English (en) 0.03/0.35/0.03 0.223 0.425 | 0.487 - 0.555
Spanish (es) | 0.07/0.19/0.09 0.239 0.385 | 0.454 0.468 0.500
Basque (eu) 0.02/0.37/0.01 0.299 0.431 | 0.458 0.518 0.571
Farsi (fa) 0.00/0.20/0.00 0.202 0.492 | 0.558 0.687 0.753
Finnish (fi) 0.01/0.49/0.00 0.210 0.464 | 0.529 0.635 0.683
French (fr) 0.00/0.45/0.00 0.251 0.447 | 0.499 0.535 0.617
Hindi (hi) 0.00/0.27/0.00 0.189 0.581 | 0.624 0.709 0.726
Italian (it) 0.01/0.28/0.00 0.267 0.597 | 0.657 0.774 0.802
Swedish (sv) | 0.03/0.53/0.02 0.276 0.492 | 0.537 0.585 0.601
Chinese (zh) | 0.02/0.47/0.02 0.200 0.212 | 0.304 0.378 0.419

Table 6.17. Prompting scenarios comparison - lIoU metric. The three baselines are: neural/
marik-all/ mark-none. The best-performing method per language is in bold. This Table
considers the best translation strategy.

Language (id) Baseline Preliminary [ ZS FS [FS + Translation | FS + Translation+hypothesis
Arabic (ar) 0.11/0.01/0.01 0.190 0.484 [ 0.636 0.601 0.612
Catalan (ca) | 0.06/0.06/0.06 0.397 0.610 | 0.564 0.700 0.709
Czech (cs) 0.05/0.10/0.10 0.368 0.480 | 0.419 0.557 0.590
German (de) |0.11/0.01/0.01 0.333 0.583 | 0.466 0.614 0.629
English (en) 0.11/0.00/0.00 0.357 0.511 | 0.635 - 0.628
Spanish (es) | 0.04/0.01/0.01 0.456 0.464 | 0.547 0.537 0.565
Basque (eu) 0.10/0.00/0.00 0.401 0.530 | 0.555 0.524 0.566
Farsi (fa) 0.11/0.01/0.01 0.378 0.583 | 0.547 0.684 0.737
Finnish (fi) 0.09/0.00/0.00 0.478 0.552 | 0.584 0.666 0.652
French (fr) 0.02/0.00/0.00 0.254 0.564 | 0.617 0.609 0.614
Hindi (hi) 0.14/0.00/0.00 0.565 0.666 | 0.676 0.754 0.760
Italian (it) 0.08/0.00/0.00 0.526 0.692 | 0.765 0.757 0.817
Swedish (sv) | 0.10/0.01/0.01 0.194 0.502 | 0.525 0.535 0.562
Chinese (zh) | 0.08/0.00/0.00 0.264 0.317 | 0.401 0.487 0.464

Table 6.18. Prompting scenario comparison - Correlation. The three baselines are: neural/
mark-all/ mark-none.The best-performing method per language is in bold. This Table
considers the best translation strategy.
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6.4 Translation Experiments

Given the disparity in linguistic resources across different languages and our objective
of developing a system that performs robustly across multilingual settings, we investigate
various strategies to address this challenge.

Specifically,we examine the following key questions in the context of multilingual

hallucination detection:

e “Is it more effective to provide both the input and output in their original languages
and allow the LLM to determine hallucinations, or should we instead supply their

English translations?”

e “If input-output pairs are provided in their original language, should the prompt also

be in the samelanguage, or is it preferable to present it in English?”

e “If we supplement the input with translated input-output pairs, is it more effective for
the LLM itself to handle the translation,or should an external translation system be

employed?”

To explore these questions, we conduct the following experiments. Firstly, we exper-
imented with the impact of the language of the prompt given the input-output pairs in
their original languages. In this direction, the following Original Input-Output Pairs
experiments are conducted.

No translator

The simplest approach is to provide the definition of hallucination, along with the
examples per category and instructions for the output format in English, and then present
the input-output pairs in their original language.

External translator - original language

Given the input-output pairs in their original language, we translate the prompts—which
include the hallucination definition and output format instructions—into the original lan-
guage. To achieve this, we use the Google Translate API for Python®.

For the second part of our experiments, we translate the input-output pairs into
English, the highest-resource language, and then use the translated pairs to detect hal-
lucinations, while the prompt remains in English. The LLM is exposed to both the original
language (before translation), as well as with its English version to ensure fairness. The
experiments we conduct belong to the Translated Input-Output Pairs category.

External translator - English

We translate the input-output pairs into English using Google Translate and then
prompt the LLMs (providing both the original and English versions of data) to generate a
CoT for hallucination detection in English.

LLM as the translator

We prompt the LLMs to perform the analysis in two steps: Firstly to translate input-

output pairs into English when the text is in another language, and then based on that

1https://pypi.org/project/googletrans/
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to detect hallucinations in the same chat, thus ensuring that the LLM is exposed in both
languages before concluding to the hallucination spans identified.

The results of the translation techniques are shown in Tables 6.19, 6.20.

Language (id) Original Input-Output Pairs Translated Input-Output Pairs
No Translation | External Transl. - Original | LLM Translator | External Transl. - English

Arabic (ar) 0.470 0.317 0.510 0.584
Catalan (ca) 0.458 0.503 0.490 0.703
Czech (cs) 0.387 0.367 0.419 0.587
German (de) 0.500 0.472 0.480 0.587
English (en) 0.550 - - -
Spanish (es) 0.490 0.312 0.420 0.500
Basque (eu) 0.355 0.339 0.375 0.571
Farsi (fa) 0.501 0.498 0.523 0.754
Finnish (fi) 0.540 0.541 0.530 0.683
French (fr) 0.490 0.430 0.450 0.617
Hindi (hi) 0.650 0.660 0.700 0.726
Italian (it) 0.620 0.604 0.730 0.802
Swedish (sv) 0.530 0.566 0.570 0.601
Chinese (zh) 0.343 0.399 0.379 0.419

Table 6.19. Translation Performance Comparison - IoU. The best-performing method per
language is in bold.

Language (id) Original Input-Output Pairs Translated Input-Output Pairs
No Translation | External transl. - Original | LLM Translator | External Transl. English

Arabic (ar) 0.55 0.40 0.61 0.58
Catalan (ca) 0.58 0.50 0.59 0.71
Czech (cs) 0.42 0.43 0.43 0.59
German (de) 0.51 0.56 0.54 0.63
English (en) 0.63 - - -
Spanish (es) 0.49 0.477 0.480 0.56
Basque (eu) 0.46 0.44 0.49 0.57
Farsi (fa) 0.61 0.58 0.63 0.74
Finnish (fi) 0.57 0.56 0.58 0.65
French (fr) 0.53 0.45 0.46 0.614
Hindi (hi) 0.67 0.68 0.710 0.760
Italian (it) 0.62 0.679 0.680 0.817
Swedish (sv) 0.550 0.567 0.540 0.562
Chinese (zh) 0.399 0.388 0.333 0.464

Table 6.20. Translation performance comparison - Correlation metrics respectively. The
best-performing method per language is in bold.

The use of the external tool of Google Translate outperforms the other approaches.
An interesting outcome from our experiments is that the improvement of the results of
the hallucination detection procedure is bigger for the low resource languages when the
translation is provided in comparison to the high resource languages. That is reasonable
because the translation is a crucial component for the system for languages that the

model is not sufficiently trained to.

6.5 Results and Final System

Using the outcomes from the prompting and translation results, we deploy our final
system that consists of three components that are combined for the detection of halluci-
nation spans in the outputs of LLMs along with an assigned probability for each marked
hallucination span of being a hallucinations.

The components, that are separate experiments, are the following:

Component 1 We prompt Claude to detect hallucination spans given the input text,

the output text in the original language and their translations in English, as well as the
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outputs produced by Llama as hypothesis.

Component 2 We prompt Llama to detect hallucination spans given the input text,
the output text in the original language and their translations in English, as well as the

outputs produced by Claude as hypothesis.

Component 3 We prompt Llama to detect hallucination spans given the input text, the
output text in the original language and their translations in English without providing

extra generated answers as hypothesis.

The models for each component were chosen based on the results shown in Figure 6.1.
The addition of a component in which a hypothesis is not provided-apart from the fact
that was already in the best techniques- is also done due to the fact that it seems efficient
for the detection of hallucinations that are not factual. The addition of the translation in
English provided with the tool that is based on the Google Translate APl was adopted in

every component since its use outperformed every other translation strategy.

Each component produces a list of hallucination spans that the model has detected.
In order to calculate the assigned probability, the separate lists are merged in the following
manner: for each produced span, the assigned probability is calculated as the ratio of the
experiments that characterize it as hallucination over the total number of experiments
(three).

The scores for the test set are provided in Table 6.21

Some examples of the hallucination detection in different languages where our model

produced a perfect score of IoU=1 are provided in Table 6.22

Language (id) | IoU Cor
Arabic (ar) 0.58 0.61
Catalan (ca) ; 0.70 0.71
Czech (cs) . 0.59 ; 0.59
German (de) 3 0.59 . 0.63
English (en) | 0.55 ¥ 0.63
Spanish (es) 0.50 . 0.61
Basque (eu) 0.57 0.57
Farsi (fa) 0.75 0.74
Finnish (fi) 0.68 0.65
French (fr) 0.617 . 0.614
Hindi () 9073 ¥ 0.760
Italian (it) . 0.802 ; 0.817
Swedish (sv) 0.601 . 0.562
Chinese (zh) | 0.419 | 0.464

Table 6.21. IoU/Correlation scores of the final system.
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id | Sentence

ca | El municipi de Yushu es troba a 4.500 metres sobre el nivell del mar.

cs | Reka Labe (némecky Elbe) prameni v Ceském lese , konkrétné v okrese Jiéin , v nadmoiské
vySce 816 metra. Prameni v udoli mezi vrcholy Kozakov (744 metrta) a Rip (459 metrt).

de | Mario Bola ti wechselt im Jahr 1998 zum Verein AC Mailand .

en | Mouthier is located in the department of Haute-Loire .

eu | Hiru espezie bakarrik daude.

fi | Folorunsho Alakija on nigerialainen Kirjailja ja aktivisti. H&n on Kkirjoittanut useita
kirjoja, muun muassa "The Slave Girl" ja "The Slave Girl’s Daughter", jotka kéasittelevat naisten .
sortoa ja orjuutta

fr | L'espéce Pseudomugil gertrudae appartient a la famille des Poeciliidae , qui est une famille
d’espéces de poissons d’eau douce et d’eau salée. Elle est également connue sous le nom de poisson-chat
de Gertrude ou de poisson-chat de Gertrude .

it | Il produttore dell’album "Plastic Letters" di Blondie fu Mike Chapman .

sv | David Sandbergs fodelseort ar New York .

zh | WA JF TGN, FRIRM PR, NI - BET . EEEE . BAAA R
o BRI X H BRIAE T2 A, H EAERZ EHEGIMEIEAmX . BT H

SE TN I FAMT FB0RFE, 37 Valerie 7ERBRAHIENH — % HORSE AL B HirE

Table 6.22. Qualitative results in various languages. The detected hallucination span is
highlighted .

Our proposal ranked in the top 3 positions among 60.7% of the rankings and our
system showed a stable performance among the high or low resource languages.

Summarizing the outcomes of each step of the process, we come to the following gen-
eral conclusions. In the prompting experiments, the FS approach for both hallucination
definition and expected output format significantly improves the results: The detected
hallucination spans are more accurate and the output format is strictly followed, which
is fundamental in order to automatically handle the answers and extract the feedback
provided by the LLMs. Furthermore, incorporating the English translation of the texts
appears to enhance the LLM’s performance. A similar effect is observed when integrat-
ing the hypothesis from the other LLM. In this case, the LLM is able to compare the
hypothesis with the actual output provided to determine more effectively the presence of
hallucinations and identify their respective spans. Notably, these patterns remain con-
sistent across all languages, regardless of whether they are low-resource or high-resource.

Regarding the translation experiments, interesting insights emerge. On one hand,
in the simplest approach—where prompts are given in English while pairs remain in
their original language—the English language score is not the highest. This suggests
that translation aids in hallucination detection and partially addresses the challenges
of low-resource languages. However, the reverse process, translating into the language
of the pairs, does not appear to offer the same benefits. Additionally, the use of the
Google Translator is more effective compared to the end-to-end system where the LLMs
are prompted to translate the input and output texts themselves. Thus, the most effective
approach for identifying multilingual hallucinations is to provide both the prompt and the
input-output pairs in English, using an external translation system rather than incorporat-

ing translation as a step within the LLM pipeline. This finding holds consistently across
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all languages in the dataset.

The results tables also show that for high-resource languages such as Spanish, Chi-
nese, and German, the FS scenario and the incorporation of the generated hypothesis
contribute the most towards performance improvements. In contrast, for low-resource

languages, translation is a crucial component in achieving similar results.
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Conclusion

This thesis addresses the problem of Hallucination Detection in multilingual outputs
of Large Language Models. The widespread adoption of LLMs across various domains has
heightened the importance of developing robust methods to detect and mitigate halluci-
nations, especially in black-box settings where the inner workings of the models remain
opaque. Through participation in the SemEval-2025 Task 3 (Mu-SHROOM), this research
has explored different approaches to accurate hallucination detection and managed to
perform in a stable manner accross different languages.

Two main approaches were examined. For the first one, the pipeline of hallucination
detection involved two steps: the splitting step during which different methods were tested
in order to split the outputs of the LLMs into parts and the classifier step during which
the parts generated by the splitting test were classified as Hallucinations or not. This
approach that followed previous works that framed the hallucination detection problem
as a classification problem was found to have several inherent limitations and therefore
was abandoned.

For the second and most successful approach, an end-to-end LLM-based system was
deployed. To address the difficulties that derive from the multilingual setup different
translation strategies were examined that led to meaningful outcomes concerning the
behavior of LLMs for the different levels of resources that each language has and what
techniques can contribute the most to the improvement of handling such data.

After a great amount of preliminary experiments in order to optimise the prompts
and handle efficiently all types of hallucinations, the final system was constructed. This
involved the combination of different models and the generation of extra outputs to the
inputs of the LLMs to help the reasoning procedure. This combination of experiments
for which some parameter was differentiated led to the improvement of the results by
exploiting the most of the conditions that can help the models reason and finally detect
the hallucinations. A special care was also given to the automation of the mapping
procedure from the outputs of the LLMs to the texts that were evaluated each time.

Undoubtedly, there are a lot that can be done in order to improve this procedure.
Some suggestion could be the following:

1. Combine prompting with a logit-based approach. Due to limitations in time and

a larger dataset, this approach was not explored sufficiently. However, adding a

component that provides also a mathematically derived indication for the possibil-
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ity of hallucination spans can helo build a more solid technique and address the

hallucinations that the LLM-based system itself can suffer from.

2. Use a RAG system instead of prompting the LLM for the generation of the extra
answers used as hypothesis. A RAG system can help retrieve more relevant in-
formation and reduce the possibility of having hallucinations at the hypothesis, a

problem that can cause errors from the beginning of the procedure.

3. Conduct more experiments to improve the procedure without depending on models

like Claude that are not open to fine-tuning and internal states.

4. Use smaller datasets to fine-tune the models to the hallucination detection proce-
dure before using them. For example, a Parameter-Efficient Fine-Tuning (PEFT)
method for fine-tuning Llama in the hallucination classification problem can be
utilized through already available frameworks that have reasonable computational

requirements and use the fine-tuned model for hallucination detection.

5. Explore other methods to handle the multilingual setup. Fine-tuning to more low-
resource languages can also benefit the procedure. Generally a lot of work can and
should be done to this direction and researchers from other linguistic fields can
also provide outcomes from their studies to highlight specific, complex and unique

patterns per language.

6. Develop explainability methods to gain deeper insights into the nature of halluci-
nations 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. [47]
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