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Abstract

As Large Language Models (LLMs) continue to grow in scale, they exhibit increasingly sophisticated
behaviors, including abilities that resemble logical reasoning. However, the authenticity of such advances
remains a subject of debate, with many arguing that they are largely a byproduct of memorization and
advanced statistical pattern recognition rather than genuine understanding. To shed light on these limitations,
researchers have developed experimental conditions that challenge LL.Ms to override entrenched associations,
highlighting gaps in reasoning and adaptability when compared to human cognition. Inverse scaling tasks
are designed to uncover such weaknesses by revealing a paradoxical decline in performance as model scale
increases, thereby exposing critical blind spots in scale-driven improvements. In this thesis, we explore the
redefinition task, which challenges LLMs to adopt nonstandard definitions for familiar scientific constants
and units of measurement and then respond based on these altered values. We evaluate state-of-the-art
models from multiple LLM families and demonstrate that larger LLMs not only perform worse at following
redefinitions, anchoring more strongly to their memorized knowledge, but also demonstrate increased
confidence in generating false responses rather than choosing to abstain. In addition, although factors such
as response formatting and prompting techniques can influence these behaviors, no strategy fully counteracts
the tendency of larger models to revert to pretraining priors.

Keywords — Large Language Models (LLMs), prompt engineering, inverse scaling, reasoning capabilities,
adaptability, memorization, hardness of samples, interpretability.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1 Ewayowyn

IMopoucidlovtog a&looNUElWTN XAVOTNTO GTNY XATovdnoy xa mopaywyh aviponivou Aéyou, to Meydia
I\woowxd Movtého (MI'M) anoteholv évo eEaipeTind onuatixd Brpo tpoddou ctov touéa tne Enelepyooiog
Puowfic Ihdooac (NLP). Me v abinon tne xhipoxds toug, ovadlovial VEES Xou AMpOOUEVES CUUTEPLPORES
([139]; [113]), 6mwe n enthuon cvvietwy mpoPfAnudtwy culloyiotxic [94], mapdlo mou N exnaidevor) Toug
Baoileton omoxhelotxd oty medPiedn tng endpevng AéEng. Autég ol ixavoTnTeg, mou xdmoTe YewpolvTay
ATOXAELO TG AVIPOTIVES, OV 0L CUPHOS EVIUTWOLOXES, GUVOBEVOVTAL amd AUPLBOAEC OoYETXE Ue TO XuTd TéoO
TEOXUTTOLY omd meayUoTixy Aoy encéepyaoion 1 elval amA®E TEOIOVTO ATMOUVNUOVEUOTC XAl OVOLY VOELOTS
mpotlinwy [141]. Elwd ot nepopatinéc cuviixec nov TepthaBavouy aploixes SIATUTOOELS, TUPUTAUVTIXG.
oupgealdpeva 1 avTipatixés TAnpogopies, €xet gavel 6Tl Ta povtéla, avtl va axohoudcouv yvAolec mopeiec
OoUANOYIOTIXAS, AMOTLYYAVoULY, eppavilovTac cUUTEROYORES Tou ogelhovtal ot empavelaxy| enelepyaoio ([140];
[67]; [63]). Idiitepo evdiagépov mapouctdlovy xdnota TpoBAuata oto ontolo Tl ueyohiTepa wovtéha amodidouy
YEWOTEPDL amd T UIXPOTEPX, EVOL POUVOUEVO YVWOTO ¢ avtiotpogn xhudxwon (inverse scaling) [82], to onolo
avTiBalvel Toug EBPAUWUEVOUC VOUOUC GYETIXA He TNV xAlwona Twv MI'M nou npoPAénouv xolitepn enldoor ue
v adénomn tou peyédoug [51].

H avtiotpopn xhudxwon, napdro mou €yel coPupéc emntdoelc i tny o&lomiotio twv MI'M, anoxahdntovtag
TEELOPLOPOUC ToL Bev elval eugaveic UTE XavoVIXéS GUVITIXES, TUPUUEVEL EVal OYETXE aveEepelVNTO QOVOUEVO.
Yto mhaioto avtd, N mopoloo dimhwyatixh epyaocio eoTdlel oty amoxaholuevn Epyooia Enavaopiopo
(Redefinition Task), n onola npotdidnxe otov dioaywvioud Inverse Scaling Prize [82] xou eZetdler v ixavdtnta
TWV UOVTEAWY va Topoxdpdouy Badid pllwuévn yvhon otav toug divovton evadlaxtixol oplopol YVeo TV
evvoldv. H avdhuor poc e€etdlel epwTHOE TOU OOV EMUVAORIOHOVE BACIXMY ETUCTNUOVIXGY o TadepV
X0l LOVEBWY UETENONG, 0ELONOYDVTOC TOANATAG OEVARLYL TOU GUVBVLALOLY BLAPOPETIXES TEYVIXEC TEOTEOTHC, ELON
poppomoinong, xou enineda duoxoiiag. Méoo and melpduato pe LOVTEAN BLopopwY TULUUETEMY, BIEGEUVATAL TO
(pavouevo TN TpooxdAinong (anchoring) otic naylwpéves Tiée oe oyéon pe 1o péyedoc twv MI'M xou ye notov
TEOTO aVTo ennpedleTtal and TIC TUPAUETEOUS TOU TELRUUATX0U oyedlaouol. Ytdyoq elvar va avadety Yoy ta opta
e Aoyic evehiElag twv obyypovey MI'M xa ol cuvénetee yio v adlomotior Toug oe xploo tepiBdhhovro.

1.2 Oewentixd YTroBadeo

1.2.1 Ewaywynf ota Meydrha 'hwoowd Moviéla

To Meydha Mhwoowxd Movtéha (MI'M) elvar cuthgata teyvntic Yonpoosuvne Tou extoudedovion oe TepdoTloug
6YX0UG BEBOPEVLV UE OTOYO TNV XATAVONON Xou TapaywYY Quotxfic Yhwooos. Baotlovtaw xatd x0plio hdyo
oty apyrtextovixy) tou Metaoynuatioty (Transformer) [123], 1 onola ue T YphHomn UnyavoudY auToneocoy s
ETUTEENEL TNV ATOBOTIXT| LOVTENOTIOINGT] TWYV EVVOLONOYIXWY OYECEWY UETAEY AEEEWY 1) cUUBOAWY ot éva Xelpevo,
ave&dptnta and 1 ¥éon toug oe autd, avaPBaduilovtac onuavTixd Ti¢ EUBOOELS TwV UOVTEAWY oE gpydoieg
eneepyacioc puowic yYhwooos [83]. Ta xelueva elodyoviar ota poviéha we axoloudiec and tokens, to onola
unopel va elvon oUuPoha, héeic 1 utoréEels, xat 1 exnaidevon twv MI'M Baocileton ovotaotind otnyv npdBiedn
Tou enduevou token péow teyvWV avto-emPrendpevne pdinone [136]. Av xou tor yovtéde amoxtolv 1o
a€LONOYES tavOTNTES Xt To oTéBLo TN Tpoexmaideuone ([8]; [22]), o mohhéc TepirTMoELS, Yiot va evioyLdel 1
anddoon Toug eqapudlovian TeX VIS oToyeupéVNne BehtioTonoinone (fine-tuning) [86] dnwe n yetagopd pwddnorne
([162]; [97]), n exnaidevon pe odnyiec ([150]; [24]; [137]) ) n evduypdppion péow avipdmivne avatpopodotnong
(RLHF) [165]. Ta MI'M, dievpbvovtag Tic Suvatdtntes e TeXyNTic vonuooivne ot mpwtogav Badud, and
amhol mopaywyol xelwévou avadeviovtol TAEOV WS LoyVpd epyalelo YEVIXTS Yerong, ovd vo emthbouy chvdeta
YVwoloxd TeofAfuate ye evIunwotonés emdooels mou mhnoidlouvy A xan Eemepvoly 1o avdpdnivo eninedo [156].

H mpoexnaidevon twv MI'M tumixd nepthapBdvel Bexddec e(dC Xl EXATOVTADES BLOEXATOUUVELN TOROUETEOUS, OL
omolec BloopPMdvovToL Yiot Vo BEATIGTOTOO0LY TNV IXAVOTNTO TWY HOVTEAWY Vo TpoPAénouy owotd [27]. H
eunelp] épeuva oY povtehonoinoy YAbooog Exel Seiel mwe undpyet cophic xou cucTRATIXG oYEon HETAEY TOU
peyédog twv MI'M xon tng anddoaotc toug, Ue Tor EYORDTERA LOVTEAA VOL ETULTUY Y AVOUY XOUA)TEQU ATOTEAEGUOTA
oe éva eupl pdopa epappoyody ([96]; [22]). Méhota, avtd To pavduevo éxel anotunwiel Tocotnd péoa ond
TOUC OMOXANOUMEVOUS VOUOUS xMudxwone (scaling laws), omolol teplypdpouy TS 1 anddoon TwV UOVTEADY
oxohoudel mpoPBAéuun mopeia Behtiwong xadde avgdvovtar Teel Baoixol mapdyovieg: to péyedog Tou HovTélou
(aprdpde mapouéTenv), To uéyedog Tou GUVOROL Jedopévmv xou 1) Slodéouun utohoyiotix oy lc. Mehéteg bmeg
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1.2. Oewpnuxd TndBadeo

twv Kaplan et al. [51] xou Hoffmann et al. [42] Swtinoooy Swopopetixés npooeyyioels, ahhd xatéiniayv oto (Blo
ouumépoouo: OTL 1 Xhdxnwon twv MI'M odnyel oe npofréduueg xou onuoavtixég Bertidoelc anddoons. ‘Etot,
oL vopoL xAudxwone €youv xataotel TAéov Yeuéllo yia TNV avanTun TV Ao xal UEYUAUTEPLY GUYYPOVWLY,
VPOV ETBOCEWY YAWOOIXWOY LOVTENWY.

Etvar cagée, howmév, 6t to MI'M pe v abinor g xAluaxdsc toug €Youv ONUEMOEL EVIUTKOLOXT Te6G0d0
oe tmxée epyaoiec enelepyaoiac guodc yYhdooog ([161]; [151]; [110]; [135]; [50]), oAhd xou o€ véec,
rohurmpoxtixée ([148]; [129]) xou molvmpaxtopwéc ([100]; [122]; [38]) epappovéc. BéBoo, éva and to mo
o€LOCNUEIWTA YOPOXTNELOTIXE AUTWV TWV HOVTEAWY EIVOL 1) ELPAVLOT IXOVOTHTWY Tou Bev TeoPBAémovTtal and Toug
VOUOUG XAUEXWONE Xo BEV TapATNEOUVTAL GE UIXPOTERY HOVTENA, ahhd exdNh@vVovTaL andtoua dtoay To péyedog
Eenepdoet éva ouyxexpluévo xatdeh ([139]; [113]). Tétoeg "avaduduevec" ocuunepipopéc nepthapBdvouy, petalld
SAAwv, TN udinon evtéc cuugppalouévey (in-context learning) ([26]; [158]), v mapaywyy| npoypoppdtewy (code
generation) ([45]; [15]), Tnv extéheon mohlmhoxic culhoyiotiic [94] xou tnv enihuon yeipwv [35].

1.2.2  Mnyavixy Ilpotponwyv

H mpotpony (prompting) nepihapPdver tn Swatinwon odnyldv 1 evdellewy mou Aettovpyolv we eloodol Tpog
TO HOVTEAO PE OTOYO TNV TApAYwYY 0pU®V anavINoEWY Ywplc TNV aveyXT oVITROCURUOYNE TWV THRUUETEWY
tou. H ouotnupatin mpaxtix) oxedlaouod Xt Slatinmong aUTOY TV 0dNYLOV Ue TpdTo tou odnyel anodotixd
N CUUTEPLYPORE TWV HOVTENWY TEog TNy emduuntd xatevduvon ovoudleton pnyovixh mpotpony (prompt
engineering) xou éyel xadicpwiel we xploo epyahelo yia ) peytotonoinon twv duvatothtwy Twv MI'M, xodaoe
EMUTEETEL TNV EVENXTY TPOCUPUOYY| OE BlapopeTiXég epyaoiee, anopebyovtac yeovoBopeg dladixaoies exnaidevong
([105]; [102]). BéBaone, T MI'M eivan Wuitepor evododnto oty axplBr) Stinmon Twv eloédwy, YEYOVOS Tov
xahoté vy cwoth oyedioor xadopioxh Tedxhnorn ([105]; [73]).

Me oxond tnv edpeom tou "o xatdAniou prompt", mou Yo exponedoel TN emYUUNTY amdxpeloT amd TO LOVTERO,
€xouv avoantuyVel dlapopeTinée TeEXVIXEC TEOTEOTDY. Avdueoa otic Bactxdtepes and autéc elvon 1 TEXVIXH
pe undevind maporyeiyuarto (Zero-Shot), oty omola mepthouPdveton anoxheioTnd n odnyla yiow Ty exhnipnon
e exdotote epyaociag [102], o teyvnéc evée # Mywv mopaderypdtwy (One-Shot xou Few-Shot), énov to
HOVTERO hopPdvel éva 1) TEPLOCOTEPY TOPADElYHOTa ETLTUYMUEVNS eExTENESTIC avtioTouya [8], xau 1 TpoTpoTh ue
ohvoidec oxédne (Chain-of-Thought), mou evdappiver To MI'M va epxpdoouv v culloyloTixf Toug Topeia
péoo and evdidueoa Bhuato ([138]; [126]). Erniong, yio vo dieuxolvviel 1 odineniBpaomn ye ta povtéha xou va
unootneLy el 1 eQoapuoY Toug o gpyacieg UeYdANg xhipoxag, UVADWS YPNOWOTOLOUYTOL TEOTUTA TPOTPOTICY,
ONAadY| TopoETEOTONUEVES BOUEC €L06BOU GTIC OTolEC EVoWRATOVOVTAL PETABANTEC oL avTtxoioTavTon xotd
v netpapartixn Swduacia ([81]; [105]).

1.2.3 AZ&wohoynmorm pe MI'M

Kodde tao MI'M e€ellocovton xou epopudlovtar oe éva eupl Qdoua YVOoTixey Tediowv, yivetar ohoéva xou
TO ETTUXTIXA N ovdyxn yio afldmoTn xou amodotnh) a&lohdynon g anddoorc toug. O mapadoociaxéc
HETPWES, OTwe 1 oxplBelar Xy 1 avdxhnom, emapxoly UOVO Yiol TIEPLOPIOUEVO apLUd EQUOUOYMOV UE CUYXEXQOLUEVL
YOEUXTNELOTIXG, EVE oxoua xou mo egehtyuéveg, énwe oo BLEU, ROUGE xoaw METEOR anotuyydvouv va
OTOTUTOOOUY TOLOTIXE YUPUXTNPLO TIXE TWY YEVETIXOY amavtioewy twv MI'M ([37]; [64]). Exrione, n avipdnivn
a€lohéynor, mapéro mou Vewpeltan N mo aldémotn AVor, eivon Widtepo domoavner| xow dUoxoha ETEXTAON
(37]; [64]). Mio xouvotdpoc mpooéyyion eivar 1 yefon tov Buwy twv MI'M we 0€lohoynTtoy, YKo T xat ©g
LLM-as-a-judge [157]. ¥e autd 1o mhaiclo, ta poviéha xododnyoivioa uéow eldixnd oyedlaouévwy TPoTPOTHOY
DOOTE VO EXTOUY TNV TOdTNTA TwV anavTioewy Bdoel cuyxexplévmy xeitnelwy tou xotopilovtal avdioya
ue Touc otéyouc xdde epyoaoioc [64]. Tao povtéha purnopolv va Aettoupyolv uéva touc ([72]; [74]; [149]), oe
ouvduooud e dhke MI'M ([10]; [23]; [69]) ¥ xou o cuvepyooio pe avilpnnoue ([68]; [107]), tetuyaivovtog
amOTENEOHATA TTOU cUY VS elvar TOAD xovtd oTic avipmnives xpioec ([16]; [33]; [30]; [20]; [36]; [11]; [111]).

Iapa Tig unooy€oelc NS, KWoTHC0, TO EpWTNUN NG a€lomoTiag aUTAS TNG UEVOBOU TUPUUEVEL, UE TNV EPELVNTLXY
XOWOTNTA VoL GTREPETOL OF TEXVIXES PETo-0EloAdynone (meta-evaluation), TpoxeWwévou va HETEHOEL TN GUUPLVIAL
petad MIM-xprtddv xan avlpdmvey TeoTuhoewy xou va evtonicel cuotnuixéc npoxatalidelc [64], o onoleg
unopel va oyetilovton, yio Topddetypa, pe tn Yéom, v éxtoaon f To xVpoc Twv anavtioewy ([157]; [145]).
Ta anoteréopata eivon eviappuvtind: to MI'M umopolv, ue xatdhinhin xododhynom, vo AELTOUpYHOOUV ©C
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a€LomioTol xou eVéAxTolL aflohoYNTES, TPoopEépovTos éva Bliotuo evalhaxtixd gpyodelo 6tav oL Topadoclaxéc
TEOXTIXES DEV ETAEXOUV 1) BEV elvol TEOXTING EPAUPUOCUIES.

1.2.4 Xvulhoyiotixy ot MI'M

Mevydho evduagpépov €yel mpoxAndel oyetxd pe 1o xatd méco to MI'M unopolv vo emdeilouv yvholeg
duvatétntes Aoyuhic oxédne [28]. H mpbdogatn épeuva éxel emxevipwiel oe Bidpopes Lop@és cLANOYLOTNAS
[94], émewe 1 enorywywed ([65]; [7]), n mopoywyw ([18]; [25]), n cwtiatery ([48]; [133]), n avahoywer; ([95]; [117]),
1 aprdunTie oxédn ([84]; [130]) o 1 xowvh Aoy ([118]; [103]). Av xou 1 tpdodoc oe autolc Toug topelc elvon
a€loonuelowTn, 1 avéotnTa cLAROYLo TS Twv MI'M mopauével teploployévr, eldxd 6tay cuyxplveton Ue TV
emtuyio Toug oe napadootaxéc YAwoowés epappoyés [80]. To ydopa autd, udhiota, yivetar oxdud To ERPUVES
OTOY TOL LOVTERR XOAOUVTOL VO OMOVTAOOUY OE gpwThuata Tou napouctdloviol o acLvidoTeg Lopés, UTO
TopOmAXYNTXE. SUUPEAlOUEVA 1 TEpLEYOLY LTOVETIXES BNAMGOELS XaL TANpooplec mou avTBouivouy ot YEVIXN
yvéon ([140]; [67]; [147]; [63]). H aduvapior auth UTOSNAGVEL TEPLOPIOUEVY] YVWOTIXY TEOGUOUOC TIXOTNTA,
pe o MI'M ouyvd va "rmomoryohilouv" npdtuna 1) dedouéva mou €xouv eowtepxedoel xatd Ty exmaldeuct)
toug. 'Etol, mpdopatn épeuva amodidel Tic EmTUYIEC TOUC TEPLOCOTEPO GTNY AMOUVAUOVEUCT| TUPAUOELYUATELY
xou TNy avtotolylon wotifwy, mopd o yvhola xatavonon xou xavotnto. Meiétee otpépovtan mpog uedodoug
a€loAOYNONE TWV HOVTEAWY Tou Blaywpellovy TNy amouvnuéveuon and v oaudevteh Aoy oxédr, dote va
xatavonel xohbtepa 1 mparypoTies, QUon e "vonpootvne" mou emdewcviouy Tt MI'M ([141]; [77]; [131]).

1.2.5 TIIpoBAApato aviicTeopng XAUAXWONG

IMoapdro mou 1 adénomn tou peyédous TV YAWooIOY povtéhwy odnyel cuvidwe oe xahltepn anddoon [51],
TOoQATEC UEAETEG €YOUV EVTOTIOEL MEQINTOOEC OTIC omoleg ouufaivel To avtideto: ta peyalbTepa povtéla
anodidouv yepbdtepa amd o uxpdTepa. Autd To Topddoto parvéuevo ovoudleta avtioTpogn xhudxwon (inverse
scaling) xou exVétel i aduvopies axdua xou Twv o toyupdy MI'M, anoxclintovioae anoxiicelc petold twv
GUANOYLOTIXY BLoBIXACLOY TOUS Xal TV avipdmvey emddoewy. o vo pehetndolv cuoctnuatixd tétoleg
nepuntooeLe, Yeoniotnxe o doywvioude Inverse Scaling Prize [82], 6nouv culhéydnnav epyasiec oTic onolec o
HEYOADTERA LOVTEAR AMOTLY YAVOLY cuoTNuatixd xon todivopridnxay oe téooepls xatnyoplec Bdoet Twv miovev
QUTLOV IOV TEOXAUAOUY TO GUYXEXPWEVO pouvouevo. O xathyopieg autéc elvan:

1. Ioyxved IlpoxaBogiowéva Ilponyolpeva (Strong Prior): To yoviého Bduoxoledetor va
TapaxGuEL TN YVOon mou €xel Yddel xatd v mpoexnaideuom, axodua xou 6tay autd {ntelton pntd amnd
g odnyleg.

2. Avem90untn Mipnorn (Unwanted Imitation): To povtého ppolvron hoyixd o@dluoto 1
uepoindicc mou meptéyovton ota dedopéva TpoexnaideuoTg.

3. Mopaniavntixd Epedicpata (Distractor Tasks): O mpotponéc mepthopfdvouy éupeco mo
e0xoheg, OANG TopamhavnTIXES evolhaxTixés epyooieg, oTC omolec To povTéla Telvouv vo divouv
TpOTEPAOTNTA AOYw NG e€oixelwonc Toug e mapduota potiBa.

4. Teudeic Evdcifeig and INapadeiyuoata (Spurious Few-Shot): Ta napadelyuoto nou napéyovion
OTIC TPOTEOTESG 00NYOLY To Yoviélo oe havdaouéva yotifa, to onola telvouv va axohoutolv pmnyovixd,
AYVOOVTAE TN AOYLXT) TOU EPWTHUATOC.

H napoloa epyasio emxevipdhveton 0to Tpdinua tou enavaoptopol (Redefinition), to onolo evtdooetan oty
xatnyoplo Twv Ioyued Hpoxodopiouévwy Ilponyouuéveny xon anoutel Ty uloVETnom evog evahhaxTixol oplolol
uloc yvootrc évvolac. Tlpotelvoupe dtL 1) epyosio auth we yopoxtne tep(ntwon Tou gouvopgvou avtioTpopng
xhpdxwone yenlel ovotnuatixre diepebvnone. lpog autrhv v xateduvor dnulovpyolue dlo e&eldixeuvuéva
cUvoha Sedopévwy mou e€eTdlouLY ENAVATEOCOLOPLOUOUE OE BLUPOPETIXG CNUACLONOYIXS TEdlar XL GEVAPLAL XaL
a&tohoyolye Vv enidoomn cUyypovey MI'M, avakbovtag Tic UeTaBoAéC OTIC CUUTERLYPOPES TOUS GE GYECT| YE TO
uéyedoc Toug.
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1.3 M¢é9o00d0c¢c
1.3.1 X0volo Acdopévwy

To cOvolo dedopévewv mou xataoxeudotnxay yio Ty aflordynon twv MI'M oe epyooieg enavoopiopod
anoteholvton and dbo Swxprtd péen: 1) Enavaopiopdc Puoixav Ltoadepdv xou 2) Enavaopioudéc Movddwmv
Métpnorne.

1.3.1.1 Ernavoopiopos Puowxvdy Itadepnv

I v epyooio emavaopiogol Quoxdy oTadepty emAéEaUe TS EEAC EUPEWS OVAY VOPLOUEVES HotdnUoTiXés xou
puowéc otadepés: to T (1), Tov aptiud Tou Euler (e), tov ypuod Aoyo (¢), tnv tayvtnta Tou gwtde (¢), ™
otodepd tne Papltntoc (G), tn otadepd Tou Planck (h), to otoueuddec poptio (ge), Tov aprdud Tou Avogadro
(Na4), t otoadepd Tou Boltzmann (kg), tn otodepd twv Wavixoy aepiov (R), 1 gaviaotid povéde (i),
Tetpory vt pila tou 2 (v/2), To dreipo (00), T dinhextewd otodepd Tou xevod (€p) xon To UNBEY.

Mporypotiey Ty Movdédo R,1 R.2 R.3 Rs1  Rs2

™ 3.14159 - 4.5 500 —10 @ h
e 2.71828 - 9 1300 1.5x 1072 | pi ks
¢ 1.61803 - 3.6 321 —2.2 e Na
c 299,792, 458 m/s 2.3 x 108 10 —4 % 108 Ni q
G 6.674 x 1071 m?3/kg % s° 1.1 x 1071 50 —525 e pi
h 6.626 x 10734 J s 5x 10733 482 —0.2 ks o
e 1.602 x 10~ C 24 %1072 3x10* 3 x 10% €0 ™
Na 6.022 x 1023 mol ™1 8.23 x 10%3 75 -1 R e
kp 1.380649 x 10723 J/K 4.56 x 10724 80 —99x107% | e  pi
R 8.314 J/(mol x K) 13 3500 —400 ™ c
i V=1 - V=2 V=100 1 ¢ R
2 1.41421356 - 5 31.62 -2 ™ €o
o0 infinity has no value - 100 100 -1 c Qe
€0 8.854 x 10712 F/m 9.3 x 10710 35 3 x 10'2 G ®
zero 0 - -1 100 5 x 10%° h c

Table 1.1: Enineda Suoxoliog enavaoptopcdv otadepdy (avdideon xon avtixatdotaot).

INo va e€etdooupe TNV TEOCUPUOCTIXOTATA TWV UOVTEAWY, OYEddouUe BVO TUTOUS EMAVAOPLOUWDY, XOVEVIC UE
w\poxolueva eninedo Suoxoiiag:

e Avddeon (R,): H otadepd hapfBdvel plo tuyala emheypévn Ty,
1. R,1: Muph andxhion and v apywd T (t.y., "m = 4.5").
2. Ry2: Tmpavtod] andxhion, xatd téeis peyédous (t.y., "7 = 500").
3. R,3: Axpoiec A napdhoyee tpée (n.y., "7 = -10").

o Avtixatdotaoct (Rs): H tyh me otadepdc aviixadiotato ue auth xdnotag SANG yvwothc otodepdc.
1. Rs1: Avuxatdotaon pyetold otadepdv ye xovivée twée (t.y., "m = ¢").
2. Rs2: Avtuotdotoaor petalld otadepdy pe onpovuxd paxpwvée twée (t.y., "m = h").

IopddAnia, oyedidotnxay Tela enineda EpWTHOENOY XAUAXOVUEVNS SUCHOMAC:

1. AnAAq Avdxinon (Q1): H andvinon npoxintel dueco and ty wuy e otadepds (m.y., oo elvon to
TpAOTO PN undevixd Pmelo tou m;").

2. EbVxolog Yrohoyiowds (Qz): To poviého extelel évay anhéd podnuatind uvnoloyioud pe Bdorn v
T e otadepdc (m.y., "II6co xdver 7 eni 3;").

3. IToAuotadiaxr Xvihoviotixr (Qsz): To yoviého xahelton va emhdoel éva cOvieto podnuotind 1
puod TEOPANUa Tou aroutel ToAkamhd BAuata oxédme (.., "Tow eivon 1 emgdvera tne Ing;").
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1.3.1.2 Enavaopiopoés Movddwyv Meétenong

Il Bebtepn epyoaoia emavoopiopol emhéloue Poowxée uovddeg Wétpnone ot ednc  Vepehlnddelg
puoéc moobTnTES:  Yeovoc (Aemtd-mian), Bdpoc (whé-kg), whxoc (pé€tpo-m) xou étoc @wtoc (ly),
Yeppoxpacio (KENBv-K ), byxoc (yhootdhtpo-mL), evépyein (Yeppido-cal), nicon (atpudopapa-atm), tdon
(Volt- V'), ouyvétnta (megaHz- MHz), dOvoun (newton-IN), tuxvétnra poryvithic pofc (Tesla-T'), euBadov
(extdpro-ha), pwtewdétnra (lux-le), and anodixevon minpogopiac (byte-B).

ot Tov enavaoplopd Lovadwy wétenone aAAGLoupe Tn ox€a Toug PE SAAEC HOVABES TN¢ (Blag Quolnc TocdTNTAC
xon Oy plot cuyxexpévn Ty, 0TS oTNY TEpinTwon Twv otadepny. 'Etol, 1 aviixatdotaon yetald Lovadwy
dev elvon eapudolur, ondte NEpLOPLOTAXOPE O anAt avddeon e Tplo eninedo duoxoiag:

1. R,1: Muwxpéc odhayéc otn oyéon (m.x., "1 hentd = 100 deutepdhenta).
2. R,2: Meyahltepec anoxhioelc, xatd téieic peyédoug (m.y., "1 Aentd = 5 x 108 deutepdhienta).
3. R,3: Axpoiec i un peohiotinée oyéoelc (t.y., "1 hentd = -50 devtepdhenta).

Ko og autiy tnv neplntwor €youpe tplo eninedo SuoxoMac epwTRoEWY:

1. 'Apeon Metatpony (Q1): Baowéc epwtioeic yetatponic povddwy (r.y., [ldoa Seutepdienta €yelg
oe dUo hemtd;").

2. Eqapupoocuévn xehorn (Qz2): Amhd mpoPhiuato Guowic, Yia GUECT) EQUPHOYY TWY UETATEOTMY (T.).,
"Eva ypovouetpo Aettovpyel yia 3,5 Aentd. Ildoa deutepdienta petpdet;").

3. ZVvOetn Tuiroyiotixy (Qz): Iloldmhoxo mpofMjuate mou amontoly ToMNATAG Brtoto oxédne xau
dVoxohoug vroloyiopols (m.y., "Ildoa deutepbhenta ypeldleton évag dpopéas Yo vor Stavhoet 42 yhu. e
toryOtnTa 170 p. /Aentds").

Movdda|  IMopdywyn Movdda Heorypotind T R.1 R.2 Ra3

1 min seconds (sec) 60sec 100sec 5 x 10%sec —50sec
1 kg grams (gr) 1000gr 900gr 10~ Mgr —100gr
1m centimeter (c¢m) 100cm 60cm 310"0cm —200cm
K Celsius degrees (°C) °C +273.15 °C + 300 °C+1 100 % (°C) + 500
1 mL cubic centimeter (cm?) lem?® 2cm? 10000cm® —10em?
1 cal Joule (J) 4.184J 9J 1500J —5J

1 atm Pascal (Pa) 101, 325Pa 215,000Pa 0.55Pa —5000Pa
1V milivolt (mV) 1000mV 500mV 410°mV —10mV
1 MHz Hertz (Hz) 10°Hz~ 10°Hz 2Hz —10°Hz
1N millinewton (mN) 1000mN 900mN 210'5mN —3000mN
1 kW Watt (W) 1000W 15000 5107°W —30W
17T millitesla (mT) 1000mT 600mT 10%3mT —90mT
1 ha square meter (m?) 10, 000m? 10, 500m? 310 *m? —25m?
1z lumen per m? (Im/m?) 1m/m? 0.5lm/m?*  1000Im/m? —19Im/m?
1y Trillion /Billion km 9.461Tkm 9.461Bkm 10m —2Tkm
1B bit (b) 8b 10b 610%b —4b

Table 1.2: Enavoopiopol t0v oyéoewv yetadd ovidwy puétenong.

1.3.1.3 Moggornoinon tov Epwthiocswy
Kou otic 800 neptnt®oels emavaoplogdy yenolonojdnxoy 800 Yop@éc epwTnoewy:

e EXévdepng Andvinone (Free-Form - FF): To povtého xahelton va ddoer pio avolytod tonou
aAmAVTNOY), Ywelc vo Tou TopéyovTal ETLAOYEC.

e IToAhanAdv Emihoy®dv (Multiple Choice - MC): T xdde epdtnon nepthopfdvovton téooepie
npotewbpevee emhovés (A, B, C, D), ot onoleg nepiéyouvy ) owoth andvinon Bdoet Tou enovaoptopoy,
Y oy amdvTnoT (TpLy Tov Enavaoplopd) xon dU0 ETUTAEOV TOPUTAXYNTIXES ETLAOYEC.
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1.3.1.4 TYlomoinon

Kélde oivolo dedopévev vhomoiinxe oe apyelo .csv xan mepthauBdver medio yior Ty emheypévn otodepd 1
HOVABA UETENONG, TOV dEYIXO OPLOUOG, TNV TOEAYOUEVY] EQMOTNCT, TOUG EVOANAXTIXOVC 0plolols, TNV andvTnom
Bdoel Tou apyod opLlopoy, TIC anavTAoELS BACEL TV EVOANIXTINDY 0PLOUMY XAl TIS TPOTELVOUEVES ETLAOYES Yo
TN pop@Y) TohhamA®Y emAoyv. ‘Ohot ot evolhoxTixol oplopol, oL EPWTHCELS XAl Ol TORUTAAVITIXEG ETAOYES
dnpovey Iy yerpoxivnta xou pe 1 BoRdeio tou ChatGPT!. T x8e orotyelo Lntidnxe N moporywyh TOMNGY
TpoTdoewy, and Ti¢ onoleg emhéyUnxay xal Tpononoiinxay exciveg mou eEunnpetoloay xaAdTER TOUS GTHYOUC
e YeAéTne.

1.3.2 Metpuxég xow AELoANOYTOT

Iot v 0€loAdynom g anddoong TwV LOVIEAWY, OL TOPUYOUEVES ONMAVTHACELS XATIYOPLOTIOLOUVTOL OE TECOEQLS
TOTOVG!

e OpVéc anaviroeig yweic enavaopiopd (NR): To povtého aravtd cwotd dtav dev tou {ntelta
ETMOVOOPLOUOS TNS EVVOLAC.

e Anaviroeig pe IlpooxdAinon otn I'vddon: To poviého ayvoel tov enavaopioud xou Poocileton
OTNY ATOUVNULOVEUUEVT] YVOOT.

o Op¥éc anaviroeic he enavaoplowd: To poviého xoatavoel xou e@apudlel GWOTA TOV ENAVAOPIOUO.

o ITAMjpwg AavOaoUEVES ANAVITACELS: ATAVIACELS TOU OEV OVAXOUY GE XAMOLXL Ao TLC UTOAOLTEG
xatnyoplec. Autéc dlaxpivovton ot xevég anavthoels, Aog anoTEAEGUATO X0l TEPLTTMOOELS OTLC OTO(ES TO
HovTéRO apvrinXxe ENTA Vo AMAVTACEL OTHY EPWTNON).

Q¢ Poowée uetpée oELOAOYNONG TWV  IXOVOTATWV XAl TWV OCUUTERLPOPXMY TACEWY TWV UOVIEAWVY
yenowonodnxay o TocooTd eppdviong xdlde xotnyoplag amavthoewv.  Idialtepn éupaon 869nxe ota
T0C0GTA TEooxdOAANoNG, xadwe avtd amoxohdntouy TNy aduvouin twv MI'M va anodeocpeutodv amnd ny
TponyoLuevn yvaor. Enlong, n cuyvétnta dovnong andvinong uehetidnxe Eexwelotd, xodoe aviatonteilel
v (vnep)autonenoldnon R enpuloxtixdtnta Twv poviéhwy. Téhog, yenowonoteiton 1 cvoyétion (correlation)
yioe v diepeuvndel 1 oyéon avdpeoa oty npobndpyouca yvohon (NR emddoeic) xou xou T avudpdoels twy
HOVTENWY GTOUS Emavaoplopols (T.y. mpooxdhinon 1 devnor).

1.3.3 Xyediaon Ilpotponwyv

Ou mpotponée mou yenotpwonotidnxay ywellovtar oe Ttpelc Baoixés xatnyoples: 1) ywplc emovaoploud, 2) ue
enavooplopd xau 3) allohéynone. Xe xdde xotnyopia avtiotolyoly tapahhayéc yio Loppéc eAebiepne amdvnong
%o TOMAATAGY ETAOYQDY, i xaL Yol oTeatnYéS ywelc mapadeiyuota, ue mapadelypoto xou pe oahuoldeg
oxéPng.

To Booind TedTUTTA TEOTEOTHEC TOU YENOUWOTOLAUNXAY 0T TELRATO Y wplc ETavVaoptoud Yio TN popy) eréutepng
ATEVTNONG X0 TOMAAUTAGY eThoy v avtioTtoiya elvor to e€hc (Texvinn ywplc napadeiyuora):

Answer the following question:

{question}

End the response with the phrase "The final answer is: " followed only by the correct result, with no additional
text or commentary.

Lhttps://chatgpt.com/
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Choose A, B, C or D to answer the question:

Question: {question}
A: {A}
B: {B}
C: {C}
D: {D}

Provide only the letter corresponding to the correct answer: "A", "B"  "C", or "D". End the response with
the phrase "The final answer is: " followed by the correct letter, with no additional text or commentary.

H petafinth question avtixadlototon xotd T SLdEXELd TOV TEWRUUATOY Ad T1) CUYXERXUIEVT] EQWTNCY TOU
xoeltan var anavtoel xdde Qopd TO HOVTERD. XTIC MEQINTWOELS TOAATAOY eEmAOY®Y, ol uetafBintéc A, B, C
and D avtiotoyolv otic Slapopetinés emhoyéc and Tig onoleg to Hovtého xahelton va emié€el T owoth. T
™ oTpatnyxn pe ahuoideg oxédme mpootideton 1 evtoln "Let’s think step by step.", evdd yia ) otpatnyx
pe mapodeiypata npootideton oTny TEoTEony éva Tpoxadoplouévo GUVONO EpmTONNTOXEICEWY (GTNY avahoYN
popen)), xowd yio Ghec Tic otodepéc X povddee pétpnomne avtiotouya. Emlong, v va Sieuxohlvouue tn @dom
eneepyaoiog xou aglohdynong Twv anoxplocwy, cupnepthdBaye Ty odnyio vo ohoxAnpdvel xdde €€od0 Ue
¢edor "The final answer is: " xon v telen andvinon. H npocéyylon auth e@apudotnxe cUGTNUATIXG OE OAA
ToL TEOTUTA PE %Ol Ywpelg ETavaoptoud.

Yy nepintooT tou enavaoplopo, npocdécoue anhd tny odnyia "Redefine {X} as {Y}." npwv and tny epdtnom
TpOC T0 YovTého, 6mou 1 petaBinth X avtioTtoiyel oty évvola mou enavaopiletar xou 1Y otov véo oploud mou
anodideton oty X.

INo v agloddynon tov anoxploewy, yenolhonoldvag v Texvix) e adlohdynone pe MI'M, oyedidooue
TpoTEOTEC OTIC onoleg {nTdue and To wovtéro-adlohoyNTy va xatnyoplotolfoel xde €£080 aTov xatdAANAo TUTO
ATAYTNONG. LTNV TERITTWON XWElS ENAVAOPLOUOS, TO HOVTENO XUAE(TOL VO GUYXPIVEL TNV ATOXELOT) TOU HOVTEAOU UE
TN OWOTH, EVE OTNY MEQINTWOT UE ENAVAOPLOUS T CUYXEIVEL TOCO Pe TN owoTh Bdoel emavaoplolol 600 xal e
Y aEytxy, Yot Vo BlaxplVOUUE ol TIC TEPITTWOELS TeooxOAAnone. Emmiéov, ue Ttov (Blo tpdmo oyedidooue
XUTIAANAY] TEOTEOTY Yol TNV TEpATéPw XoTnyoplonoinon twv Aaviacuévev omovthcewy ot xevég/hdbdog
amotehéopata/apvAcELC.

1.3.4 Enuoyry MI'M

Yt yehétn avth aflohoyoope cuvokixd 19 obyypova MI'M otnv epyaocio tou emavaopiouol: Llama 3
(8/70/405B), Mistral7B/Large/Mixtral8x7b, Anthropic Claude (Opus/Instant/Haiku/v2/Sonnet 3.5&3.7),
Cohere command (light /text/r/r+) xou Amazon Titan (text lite/text express/large). Q¢ povtéro-a&lohoynts
yenowonoljoaue to poviého Claude 3.5 Sonnet.

1.3.5 IIeipopatixy YAonoinon

To netpdpata yio Ti epyasiee ywplic emavaoptopd (NR) xou pe emavaoptopd (R), xadde xou 1 a&lohdynomn tov
anoxpioewy pe MI'M, npaypatonotidnxay ot epiBdirov Kaggle Notebooks?, aflonoidvtac NVIDIA T4 GPUs
(T4x2) vy v vtoroyiotxy anddoon. ‘Olo To LOVTEND TOL TEPAAUPBAVOVTOL 0T UEAETY TEOCTENSGTNXOY
péow tne mhatpdppac AWS Bedrock 3. H mpéofaocn daocgohiotnxe ue AP xhfioelc, eheyydueves péow tou
ocuoTioToc dlayelpione tavtétnTag xan tpdcBoone AWS TAM.

2https:/ /www.kaggle.com/
Shttps://aws.amazon.com/bedrock/
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1.4. Iewopoatxd Anoteréopota

1.4 Ileipopotindt AmoteAEouaTo

1.4.1 Enavoaopiopéc Entotnuovixeny Stadepdv
1.4.1.1 IIpoox6Ainom otig Ilpaypatixég Tipég

Ta anoteréoyata Setyvouv 6Tt dha povtéha, avelopTtwe peyédouc 1 apyltextovinrc, Topoualdlouy GNUAVTIXd
TOCOO0TA TPOOXOAANONG OTIC OMOUVNUOVELUEVES TWES, axOUa ol OTAY TOUC Olvetan cogphic odnyla va Tig
nopoxdudouv.  To gawvduevo mopatneeitor téoo ot anavtioelc ehellepnc Hop@ric 600 Xou GE QUTEC TV
TOMAMAGY ETAOYWY, UE TO UEYUADTEPO TOCOGTO Vo ONUELOVETAL amd To povtého Llama 4058, ¢tdvovtag
070 93.33% TV AMAVTACEWY TWV o SUOXOADY ETUTESWY EPOTHOEWY X0l AVTIXUTIC TACTC.

R.3 Rs2

Movtého Q1 Q2 Qs Q1 Q2 Qs

FF MC FF MC FF MC FF MC FF MC FF MC
Mistral7B 33.33 46.67| 33.33 26.67| 26.67 40.0 33.33 53.33 | 13.33 33.33 | 26.67 20.0
Mixtral8x7B 33.33 33.33 | 26.67 26.67 | 20.0 33.33 | 26.67 46.67 | 40.0 53.33| 46.67 73.33
Mistral Large (123B) | 33.33 20.0 26.67 26.67 | 53.33 66.67| 66.67 53.33| 46.67 40.0 73.33 66.67
Llama&8B 0.0 26.67| 0.0 26.67| 13.33 33.33 | 20.0 13.33 | 26.67 40.0 20.0 20.0
Llama70B 6.67 13.33 | 0.0 0.0 13.33  40.0 33.33 46.67 | 13.33 46.67| 33.33 73.33
Llama405B 0.0 0.0 0.0 13.33 | 26.67 53.33| 26.67 46.67| 6.67 20.0 53.33 93.33
Titan lite 13.33  20.0 20.0 20.0 0.0 40.0 40.0 33.33 | 20.0 33.33 | 6.67 26.67
Titan express 20.0 26.67| 13.33 13.33 | 20.0 13.33 | 40.0 53.33| 20.0 20.0 33.33 26.67
Titan large 26.67 20.0 20.0 6.67 13.33 40.0 | 60.0 40.0 13.33 33.33| 33.33 20.0
Command r 0.0 6.67 20.0 33.33| 26.67 53.33| 53.33 13.33 | 20.0 6.67 33.33 46.67
Command r + 6.67 13.33 | 0.0 13.33 | 13.33 26.67 | 13.33 20.0 26.67 6.67 33.33  26.67
Command light text 6.67 13.33 | 13.33 20.0 0.0 40.0 13.33  20.0 26.67 20.0 | 13.33 13.33
Command text 13.33 20.0 | 6.67 6.67 6.67 26.67 | 40.0 26.67| 13.33 26.67 | 13.33 33.33
Claude opus 13.33 0.0 6.67 6.67 33.33 46.67| 46.67 40.0 | 20.0 26.67| 53.33 73.33
Claude instant 0.0 13.33 | 13.33 20.0 | 26.67 46.67 | 33.33 20.0 33.33  40.0 46.67 60.0
Claude haiku 20.0 13.33 | 6.67 0.0 20.0 20.0 26.67 6.67 20.0 20.0 40.0 53.33
Claude v2 26.67 13.33 | 20.0 0.0 46.67 40.0 13.33  40.0 33.33 20.0 40.0 66.67
Claude 3.5 Sonnet 26.67 13.33| 0.0 13.33 | 13.33 33.33 | 33.33 40.0 20.0 20.0 60.0 73.33
Claude 3.7 Sonnet 0.0 0.0 0.0 6.67 13.33 13.33 | 33.33 20.0 6.67 20.0 40.0 33.33

Table 1.3: Ilocootd npooxdiinone dhwv Twv MI'M ye mpotpomés ywplc mapadelypata yia T mo 80ox0Aeg
TEPLTTWOELS ENOVAOPLOUKY oTadepy. To udnhétepo 1060616 Yio xdle OOYEVELN LOVTEAWY ETIGNUOLVETOL YE

gvTovm Yeopn.

Eninedo | Ral  R.2  R.3 [ R R.2
Eletdepnc Andvinone (FF)

Q1 -0.458 -0.071  0.008 0.199  -0.016

Q2 -0.502 -0.573 -0.472 | 0.107  0.019

Q3 0.489 0.237 0.292 | 0.666  0.668
IToMamhév Emhoyov (MC)

Q1 -0.642 -0.4 -0.344 | -0.052 0.025

Q2 -0.275  -0.316 -0.245 | 0.41 0.151

Q3 -0.063 | 0.457 @ 0.081 | 0.666  0.75

Table 1.4: Méon T cuoyétong peto€d enldoong otny epyooio ywelc enavaoplond xal T0GOGTHOY
TeooxOANoNE Yiot TN oTpatny Ywelc mopadelypata. To xehid ue Yewua UTOdNAGYOLY LYNAY VeTix?
cvoyétion (> 0.3), evdd autd pe Yeopo LPNAY aevNTiXA cuoyétion (< —0.3).

Emuniéov, avalboupe Tic cuoyetioelc Yetald emdOoEwY Ywplc ENAVOOPLOUS Xl TOGOGTWY TROGXOMANONG, Ol
omnolec anoxahbToLY €va evBlapépoy LoTiBo: oTiC amAOUCTERES EpWTHOELS Ol cUoYETioELS elval apVNTIXEC 1) TOAD
€S, LTOBNADVOVTAC OTL To HOVTERA TTOL YV0E(Louv xohd Tic Pacixéc Téc elvor TLo EVEALXTO 0TV TEOCUPUOYT
OTOUC ETAVAOPLOUOVE OE OUTES TIG TEPLTTWOELS, EVE GTA TLo 80OXOAA GEVAELA 1) CUGYETION YiveTow EvTova JeTiny),
Onhady) Tar povtéha Tou Tol Tnyaivouy xahbTepa o aOVIETES EpWTACELS LTS XavoViXEC cuvixeg elvar o mdavé
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VO AOTOYOLY VO 0Ly VOHIOOUV TLG TAYLWUEVES YVOOELS Touc. Autd onuaivel, 6Tt ta o "é€unva" yovtéla elvau
X0l T TILO ETUPPETY| OTO QPAULVOUEVO TN TPOOXOAANOTC.

1.4.1.2 Avxiotpogrn KAipdxwon

Koatd ™ Boxaun yovtéhwv OSlapopetixcdv Ueyedodv nopatneidnxe éva evdlopépov @ouvouevo, xadwg ot
Tohkéc TepintoEl, N adinon tou yeyédouc Twv MI'M odhynoe oe auinuéva nocootd TpooxdAANoNG OTIC
TEOETAEYUEVES TIWES, xou dpo peyohOTepn aduvoplor oTo Vo emADOGOUY GWOTA TEOBAAUNTA ETOVIOPLOUWY.
MeyohOtepa yovtéra, onwe to Mistral Large xou to Llama 405B, nogdho mou xotdpepay xaAUTERES EMBOTELS
oty o "oupPatxn" epyacia ywelc enavaoplond, eppdvicay onuavtxd uPnAoTEPR TOGOCTA TEOGXOANIONE Untd
To avtloTolya UxpdTeERd Toug, dtay Toug {INTRdNXE va LIVETACOUY EVOANOXTIXOVS 0pLOHOUS G TOERHY, EWBIXY
ota mo amautnuxd oevdpla. To @awvouevo autd emPBefoudvetar xou o€ ONTIXE dlorypduuata Tou aneixovi{ouvy
™y adENoN TWY TOCOCTOV TPOGXOAANGNE GE GUVEETNGCT Ye To PEYEYog TwY LOVTEAWY TNg (Blag OOYEVELNG.
Avutd ta anoteréoparta emonpaivouy 4TL 1 adEnot Tou opLiol TWY TUPUUETEMY OEV CUVETEYETOL AAUPOLTITA Xol
peyahtepn yvwotixh evedi&lo. Avtideta, oe autv v epyaocio gaiveton nwg evioybel Ty tdor twv MI'M va
EUTIO TEVOVTOL TEPLOGOTERO T1] YVMOT] TTOU €Y 0UV ECWTERIXEVTEL, XU Xl OTAY ot Epyeton ot avtideon ye Tig
odnylec mou toug divovta.

R.3 RS2

Movtého Q1 Q2 Qs Q1 Q2 Qs

NR FF NR FF NR FF NR FF NR FF NR FF
Mistral7B 66.67 33.33| 46.67 33.33| 33.33 26.67| 66.67 33.33| 46.67 @ 13.33| 33.33 | 26.67
Mixtral8x7B 100.0 33.33| 66.67 26.67| 66.67 20.0 | 100.0 26.67| 66.67 @ 40.0 | 66.67 @ 46.67
Mistral Large | 93.33 33.33] 73.33 26.67| 53.33 53.33| 93.33 66.67| 73.33 | 46.67| 53.33 @ 73.33
(123B)
Llama8B 80.0 0.0 80.0 0.0 53.33 @ 13.33| 80.0 20.0 | 80.0 26.67| 53.33 = 20.0
Llama70B 93.33 6.67 | 80.0 0.0 80.0 13.33| 93.33 33.33| 80.0 13.33| 80.0 33.33
Llama405B 93.33 0.0 86.67 0.0 73.33 @ 26.67| 93.33 26.67| 86.67 6.67 | 73.33 @ 53.33

Table 1.5: TTocoot6 twv 0pddv anavificeny ywplic etavaopiopd (NR) xa tocootd npooxdiinone yio
epWTAGELC avoLy 1o TUTOU ETOVAOPLoPROU LoVEBLY pétenomne (ywelc napadeiypata). To ypwuatiopéve xeMd
UTOBEXVVOUY TT0GOGTA TEOoXOAANoNE Tou awidvovton Ye to wéyedog twv MI'M.

Method

O — 75
2 80- — Fs
8_ = CoT
wn Type
Q —e— R.2
o 60 - s
© —-== R(ES
0]
—
2
(W) 40_
c
<
+H

20-

8 70 405
Model Size (Billion Parameters)

Figure 1.4.1: TTocootd npooxdAnone i Lovteha dtagopetixol yeyédoug otnv ooyévelo Llama (popgn
TOANATAGY ETAOYOV).
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Method
—_— 75
— FS
— CoT

Type
—e— R;2
-#- R;3

#Anchored Responses

7 56 123
Model Size (Billion Parameters)

Figure 1.4.2: Tlocootd npooxdAAnong yio Loviéha dlapopeTinol peyédous otny owoyévela Mistral (popen
TOANATAGY ETAOYOV).

1.4.1.3 Mopgonoinon Anaviriccwy

H popgomnoinon twv amavthcewy @oaivetor vo enNEedlel oNUAVTIXG TN CUUTEQLPORE TV UOVTEAWY, UE TNV
TEP(NTWON TWV TOAATAGY ETLAOYGY VoL 00 YEl CUCTNUATIXG ot LYNAGTEPR TOCOGTE TPoGXOAANGTC. AuTd unopel
mdavade va e€nyndel and tny (Bio T QUoTN TV 8U0 POPPOTOHCENY, XAVNOS, EVE GTIC ATAVTAGEL avolyToU TOToU
oL LOVTEAD xOAOUVTAL Vo OXEQPTOVY TO AVEESPTNTA, Ol TPOTEWVOUEVES CWOTEC TPLY TOV EMUVIOPLOUS AMOVTNOELS
0TI ToAamAéc emhoYES Aelttoupyolv we oyupol mapamhavntixol méhol. Me dhha Aoyla, otav Tar wovTéra
"Brémouv" v apyin cwo T andvinon yéoa otny npotpony| elvor mo miovd xal vo Ty emAEEoUY.

FF MC

100
S 75
(0]
o
e 50
(0]
O
lzslllll“” “l

ORI R2 R,3 R.1 R2 R, R2 R,3 R, R.2

(a) Avéhuor anavtficewy Twv wovtéhny Mistral.

FF MC

100
< 75
(0]
4
< 50
(0]
O

ORI R,2 R,3 R. R2 R, R,2 R,3 R, R

(b) Avdivon anavticewy Twv poviéhwy Llama.

Figure 1.4.3: Anoteléopata ylo To wovtéha twv owxoyevelwy Mistral xou Llama otic epwthioelg Tou tpitou
emédou Buoxohlac pe npotponéc ywplc mopadelypota. H oeipd twv pdfdwv avd tino/eninedo enavaopiopgol
avtiotolyel oe abiovoa oelpd yeyédous Lovtélou.
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1.4.1.4 TVrog Eravaopiopol

Extoc¢ and ti¢ pop@éc twv anavthoewy, xadopto Ty dlapopd napatnee(ton ueTa€d Twv 800 TONWY ENAVAOpLoUoU.
Ta nepapatind anoteréopata delyvouv 6Tt 1 aviixatdotaoyn etald otadepddv odnyel oe apxetd uPnidtepa
TOC00TA TPooxOAMNoNg and v amhf avddeorn. Tmodétouue o6t autd ocuuPBaivel emeldy| to cevdplo NG
AVTIXATAC TUOTC EVERYOTOLEL LOYUPES UVNUOVIXES CUVDESELS YLl TIC BUO YVWOTEC OVTOTNTES, TO Omoio odnyel
o€ GUYYUOT XU HEYUADTERY YVKGLOXT ETBdpuvo.

100

75+
50 -
25+

R,1 R,2 R,3 R;1 R.2 R,1 R,2 R,3 Rl

Percentage (%)

Figure 1.4.4: Avéluor anavticewy yio to Llama 70B oto npdto eninedo cpwthoewy xou OAES TIC OTRUTNYIXES
TpoTEOTAOY. Xe xdde TOno/eninedo enavaoplopol, ol pdfdol avTioTolyoly UE TN Oelpd ot: Ywplc Tacadelypota,
e ohvoidec oxédme, ue mopadelyuorTa.

R,3

R,1 R,2 4 Rl R,2

100 -

75 ¢
50 -
25+
1

R,1 R,2 R,3 Ry

Percentage (%)

Figure 1.4.5: Avdhuon anavtioewy yia to Claude 3.5 Sonnet oto tpito eninedo epwtioewy xou Ohe Tig
OTRUTNYES TPOTPOTMV. Le xdle timo/eninedo enavaoplopol, ol pdfdol avtioTolyoly Ue TN oelpd ot: Ywplc
noeadelyyata, ue ahuoideg oxédng, ue mopoudelypota.

1.4.1.5 Acwtovpyio Extetapévne Lxedng

To povtého Claude 3.7 Sonnet tnc Anthropic Siodétel Ty emnhéov hertovpyio extetopévne oxédne (extended
thinking), n onola emitpénel oto poviélo va avahlel ta TpoPAuato mo SlaZodixd, mapdyovtas Urhox oxédng
IOV ATTOTUTVOLY TNV ECWTERIXY TOU cUAROYLoTY Ttopela. Aoxipdoape authiv 0 Aettouvpyla enovaiauBdvovtog
T (Do mepdiarto xon oLy xpivape ta anotehéopota Ye autd tne Baowic (standard) neplntwong. Befixope g,
av ot 1) Aettovpyla eXTETOPEVNS OXEPNC UELOVEL EAXPEEE TO TOCOOTE TPOOUOAANONG OE OPLOUEVES TEQITTACELS,
1 cuVoAT| TNg enldpao elvan apeAnTén. AuTé Bely Vel OTL axOUA XOU UE EVIGYUUEVES BUVATOTNTEC CUAAOYLOTIXNS,
10 povtého e€axoloudel va Buoxoleleton var avtanoxptdel oe evvolohoyd amautnTnéc odnyieg enavaoplouoy,
AMOXAAOTTOVTOG TEPLOPLOUONE 6T YVWOoTix Tou evehia.
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MmN NR mmm Correct Responses W Anchored Responses Wrong Responses
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(a) Claude 3.7 Sonnet ywplc Thinking ce cpwtrioeic avorytod TROUL.
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(b) Claude 3.7 Sonnet ywepic Thinking ot gpwThAceLc TOMNATAGY ETAOYDV.
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(d) Claude 3.7 Sonnet pe Thinking oe epwthoelc TOAATAGOY ETAOYOV.

Figure 1.4.6: Avdivon anavticenv Claude 3.7 Sonnet ywpic xou pe Thinking.

1.4.1.6 EniSpaocr IIpotponwy
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Figure 1.4.7: Y0yxpion TwV TOCOCTGY TROOXOAANONS Yid TG EpWTAHOELS (3 %ot To eninedo enavaoplouny Ry
yia 6ho too MI'M.
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H pelétn tne enidpaomne Biapopetindv texvinmy tpotponic (ywelc mapadelyuarta, pe napodelyyato, pe oluoideg
oxéme) €deile e N oupmeptpopd Twv MI'M ennpedletar, ohAd oyt we cuven! 1 xadopiotnd tpémo. Evdiagpépov
TOEOUGCIAZEL TO YEYOVOS OTL 1) TEXVIXH 0AUGIBWY OHEYPNG BEV UELDVEL GUCTNUATIXG TA TOGOOTE TEOGKOMAIIONG
TWVY HOVTEAWY, TOPOAO TOU YEVIXA ELVOL YVOOTO OTL EVIGYUEL T1 GUANOYLOTIXT IXAVOTNTA TWV HOVTIEAWY UECK TN
Bruotuec enilvone [55]. Avtideta, n npotpon ye mopadelyporta eivon TO AMOTENESHUTIXH OTNY TEPINTWON Hag,
apol Tévew and Ta wod povtéha epgoavilouv xahitepn enidoon oe auteg Tic cuvITxes, AV emeldy| ol emdeilels
CWOTOV AMAVTACEWY UE EVOOUATWUEVOUS ETavaoplopols tpocpépouy oto MI'M éva loyupd mhaicto avapopds
npoc plunon. Qot6c0, Aoy TN UEYIANS SLoxOUAVONG TWV ONOTEAECUATOY, CUUTECOIVOUUE WS 1) TEOOXOAANON
elvon évol pavoUEVO OYETIXG AVETNEENGTO antd TIC TUPEYPBAOELC HETW BLOUPORETIXY TEYVLXWY TEOTRPOTHC.

1.4.1.7 ’'Apvnorn Anodxpiong

Movtého IpotponA FF MC

7S 6.57 + 11.99 13.34 + 18.07
Mistral7B CoT 5.63 £+ 8.89 15.62 £+ 16.45

FS 3.7 £ 7.58 10.07 + 15.25

A 18.0 + 22.8 8.61 £ 16.97
Mixtral8x7B CoT 9.22 + 16.82 15.5 £+ 17.63

FS 10.98 + 17.03 5.95 + 18.79

7S 16.33 4+ 33.69 1.67 + 6.24
Mistral Large CoT 8.33 £ 18.51 0+o0

FS 14.35 £+ 26.96 1.33 4+ 4.99

7S 55.54 £ 24.37 40.05 £ 18.58
Llama8B CoT 35.25 £+ 23.33 32.89 £+ 23.21

FS 2.41 + 6.64 0+o0

7S 38.66 £+ 29.92 5.56 £+ 14.49
Llama70B CoT 9.17 + 17.36 13.33 + 27.35

FS 0to0 0+o0

7S 1.33 £+ 4.99 0+o0
Llama405B CoT 0+oO0 0+o0

FS 0to0 0+oO0

A 1.56 + 3.19 0+o0
Titan lite CoT 3.03 £+ 5.66 0+o0

FS 2.54 + 5.39 0+o0

7S 0.56 + 2.08 0+o0
Titan express CoT 1.9 £ 7.13 0+0

FS 0+oO0 0+o0

7S 2.0 + 5.42 0+o0
Titan large CoT 0+o0 0+o0

FS 0to0 0+o0

7S 3.33 £+ 9.03 0+o0
Command text CoT 0+o0 0+o0

FS 0.83 £+ 3.12 0+o0

7S 1.69 £ 4.36 0+o0
Claude instant CoT 0+0 0+0

FS 4.07 &+ 12.58 0+oO0

7S 20.48 + 26.25 4.83 4+ 9.29
Claude v2 CoT 14.31 £+ 24.39 10.0 + 27.08

FS 8.91 £ 24.75 3.17 + 8.81

Table 1.6: Méoa tocootd dpvnone yia 6ho oo MI'M (uxpdtepec Tipéc o EVTOoVn YR xou UeYUAITEPES
TIéC UTOYpoopEVES). Aev cupmepthopfdvoviar T HoVTERX IOV oNUEicaY UNdevind T0c00Td ot ONEC TIC
TEQITTWOELC.

ITopdho moU TO PUVOUEVO NG TEOOUOAANGNG HToy TO %0PLo AVTXEWUEVO PEAETNG auTAC TNne epyaoloc, ulo
eniong evilapépouoa CUUTERLPORE TaPATNEHUNXE OE TOMAES TEQITTAOOELS, TV Tol LOVTEAA 0EVOUVTAY ENTE Vol
ATAVTACOUV OE EPOTACELS TOU OYETI(OVTOL UE TOV EMAVAOPLOUS YVWOTOV EVVOLDY, XPIVOVTIS TEC U €YXUPEC,
napdioyeg 1 mopamAovuxés. To gavduevo autd ATay o €viovo ot cuyxexpéves owoyévelee MI'M, dnwg
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otic Mistral xou Llama, xou eldxd 6Tic exdOoELG TOUG HE TOV UixpoTERO aptdpod mapauéteny. Avtideto, povtéha
amo Tig owoyéveleg Claude, Titan xou Cohere mopoucidlouv onuavTind WxpedTEpo—Xal GUY VA UNBEVIXG— T0GOGTA
TETOLWY AMOXPloEMY. AVaQOopixd UE TIC TEYVIXEC TPOTEOTG, 1) TEOCEYYLON UE TopodelyaTol QPUlVETOL VOL UELWVEL
o aoUNTd T TOCOOT dEvNoNg, TO onolo elval AVUUEVOUEVO ool Péoa amd To TORDELY AT XAVOVIXOTOLELTAL
n Swdacio Tou emavaoplouol. Eniong, uetpodvtag Tic cuoyetioeic petagd axplBelac ywele EMAvVOopLoUd XoL
Spvnone (0.144 yw eheddepn andvinon xou 0.039 yioe nolhamhéc emhoyéc xatd péoo 6po), GUUTERUIVOUUE
WS AUTY N cuUTEPLPoEd dev oyetiletan Loyupd ue Tig Paoixéc xavotntee Aoyuxrg twv MI'M, di\ho udiiov
TEE00COTERO YE TNV xAlgoxd Toug. To peyoalltepa wovtéra Telvouv vor aevodvTol Vo AmovTHoOUY AYOTERO
oLY VA, emBEVOOVTAG Wi Hoppr auénuévng autonenolinong mou ta widel va tpoonadoly, oxduo xou v TEAX
ATOTUY Y AVOUV.

1.4.2 Enavoopiopoés Movddwy Meétpnong
1.4.2.1 TIIpooxoAArnor otig Ilpaypotixés Tiueég

To Qouvouevo tng TEooxOAANCTC GTOUE TEAYHATIXO0VE OPLOUOUE TUPAUUEVEL X0 OTTV TERITTWOT] TWYV ENUVIOPLOUY
povadwy pétenonc. ‘Oha ta povtéha, oe daopetixd Poadud, moapdyouv oamavthoelg mou PBalllovion otig
TPOUTdpY0UCES YVMGELS TOUS, ayvowvTag TNy odnyla enavaopiopol. Ta nococtd npooxdAknone, BEBoua, elvon
yevixd younhétepa omd to avtiotoryo Twv otadepdy, Ye xdmota povtéha (xuplng and tig oxoyéveleg Command
xou Claude) vo metuyaivouv axdua xou undevixd amoteléopoto o o e0XOhd OEVAPLIN EPWTACEWY VoL TO)
TOTOL.

R.2 R.3

Movtého Q1 Q2 Q3 Q1 Q2 Q3

FF MC | FF MC | FF MC | FF MC | FF MC | FF MC
Mistral7B 0.0 37.5 | 25.0 25.0 | 18.75 56.25| 62.5 25.0 | 31.25 37.5| 31.25 25.0
Mixtral8x7B 6.25 31.25| 31.25 37.5| 31.25 37.5 | 6.25 31.25 6.25 31.25| 31.25 50.0
Mistral Large 0.0 37.5| 6.25 375 | 12.5 56.25| 0.0 25.0 | 12.5 37.5 | 12.5  43.75
Llama8B 0.0 25.0 | 6.25 31.25 12.5 31.25| 6.25 31.25 12.5 50.0| 25.0 50.0
Llama70B 0.0 6.25 | 6.25 31.25 25.0 56.25 0.0 18.75| 0.0 50.0 | 12.5 62.5
Llama405B 0.0 0.0 0.0 31.25 12.5 37.5 | 0.0 0.0 6.25 25.0 | 25.0 31.25
Titan lite 6.25 25.0 | 12.5 31.25 12.5 25.0 | 25.0 31.25 25.0 12.5 | 0.0 18.75
Titan express 18.75 25.0| 25.0 18.75| 12.5 25.0 | 43.75 25.0 | 31.25 12.5 | 6.25 18.75
Titan large 31.25 12.5 | 12.5 31.25 18.75 25.0 | 25.0 12,5 | 37.5 31.25 6.25 25.0
Command r 12.5 18.75] 12.5 31.25 25.0 18.75| 6.25 25.0 | 12.5 18.75| 12.5 31.25
Command r+ 6.25 43.75 0.0 25.0 | 37.5 50.0| 6.25 31.25 0.0 31.25 0.0 25.0
Command light text | 6.25 12.5 | 0.0 25.0 | 6.25 25.0 | 12.5 25.0 | 6.25 31.25| 0.0 50.0
Command text 12.5 12,5 | 12,5 18.75| 0.0 18.75| 0.0 31.25| 12.5 12.5 | 0.0 43.75
Claude opus 0.0 0.0 0.0 6.25 | 12.5 25.0 | 0.0 0.0 0.0 0.0 0.0 6.25
Claude instant 6.25 25.0| 12.5 25.0 | 0.0 43.785 0.0 43.75 0.0 37.5 | 6.25 31.25
Claude haiku 0.0 18.75| 0.0 12.5 | 6.25 31.25] 0.0 6.25 | 0.0 6.25 | 18.75 31.25
Claude v2 6.25 18.75| 6.25 31.25 18.75 31.25| 6.25 0.0 6.25 25.0 | 6.25 12.5
Claude 3.5 Sonnet 0.0 0.0 0.0 12,5 | 6.25 6.25 | 0.0 0.0 0.0 6.25 | 0.0 0.0
Claude 3.7 Sonnet 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 1.7: ITocootd npooxdhinong 6Awv Twv MI'M ye mptotponés ywplc mopadelyyota Yo TIC o BUGKOAES
TEPITTWOELS EMAVAOPLOUGY Lovidwy pétenone. To udmhdtepo tocootd Yo xdde owoyéveio LovTéhwy
emonuaiveTol Ue EVTOVN YEXPN.
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1.4.2.2 Avzioctpopn Khupdxwon

R,2 R.3

Movtého Q1 Q2 Qs Q1 Q2 Qs

NR FF NR FF NR FF NR FF NR FF NR FF
Mistral 7B 81.25 0.0 56.25 25.0 | 43.75 18.75| 81.25 62.5 | 56.25 31.25 | 43.75 31.25
Mixtral8x7B 87.5  6.25 | 81.25 31.25| 62.5  31.25| 87.5 6.25 | 81.25 6.25 | 62.5  31.25
Mistral Large 93.75 0.0 93.75 6.25 | 81.25 12.5 | 93.75 0.0 93.75 12.5 | 81.25 12.5
Llama8B 75.0 0.0 56.25 6.25 | 6.25 125 | 75.0 6.25 | 56.25 12.5 | 6.25  25.0
Llama70B 100.0 0.0 81.25 6.25 | 56.25 25.0 | 100.0 0.0 81.25 0.0 56.25 12.5
Llama405B 100.0 0.0 93.75 0.0 56.25 12.5 | 100.0 0.0 93.75 6.25 | 56.25 25.0
Titan lite 375 6.25 | 1875 12,5 | 6.25 125 | 37.56  25.0 | 1875 25.0 | 6.25 0.0
Titan express 75.0 18.75| 37.5  25.0 | 6.25 12.5 | 75.0  43.75] 37.5 31.25 | 6.25 6.25
Titan large 68.75 31.25| 68.75 12.5 | 25.0 18.75| 68.75 25.0 | 68.75 37.5 | 25.0 6.25
Command r 75.0 12.5 | 56.25 12.5 | 18.75 25.0 | 75.0 6.25 | 56.25 12.5 18.75 12.5
Command r+ 87.5  6.25 | 93.75 0.0 81.25 37.5 | 8.5 6.25 | 93.75 0.0 81.25 0.0
Command light text | 31.25 6.25 | 6.25 0.0 0.0 6.25 | 31.25 12,5 | 6.25 6.25 0.0 0.0
Command text 62.5 12.5 | 50.0 12,5 | 25.0 0.0 62.5 0.0 50.0 12.5 25.0 0.0
Claude opus 100.0 0.0 75.0 0.0 56.25 12.5 | 100.0 0.0 75.0 0.0 56.25 0.0
Claude instant 75.0 6.25 | 81.25 12,5 | 43.75 0.0 75.0 0.0 81.25 0.0 43.75  6.25
Claude haiku 100.0 0.0 93.75 0.0 81.25 6.25 | 100.0 0.0 93.75 0.0 81.25 18.75
Claude v2 93.75 6.25 | 68.75 6.25 | 25.0 18.75| 93.75 6.25 | 68.75 6.25 | 25.0 6.25
Claude 3.5 Sonnet 100.0 0.0 87.5 0.0 87.5  6.25 | 100.0 0.0 87.5 0.0 87.5 0.0
Claude 3.7 Sonnet 100.0 0.0 87.5 0.0 93.75 0.0 100.0 0.0 87.5 0.0 93.75 0.0

Table 1.8: ITocooté Twv 0pltdv anavificeny ywplic etavaopiopd (NR) xa nocootd npooxdiinone yia
EPWTACELS VoL TOU TUTOU EMAVOOPLOUOU HoVEdwY pétenone (yweic mapadelyuarta).

Ko otnv epyasia enavaoptopod povéduyv uétenone eupaviloviol Tdoelc avtiotTpopne XAUdxwons. Xe opreTéq
TEPLTTWOELS, UEYONUTEPD povTéha (6mwe Mistral Large, Titan Large xou Llama 405B) epgaviCouv auinuéva
TOC00TA TEOCHOAANONE OE OYEDT UE ULXPOTERA EVIOE TWV (BLKV OLXOYEVELDY, THPOAO TOU TETUYAUVOUY XUN)TERES
emdOoE 0TI AvTiOTOLYES £pYaoieq Ywplc emavaoplotois.
OTNV TEP(MTWOT TWV QUOXDY oTadep®Y, TopUUEVEL afloonuelwTo, xadig, Yia dAAN W @opd, 1 auvinuévn
AoV IXOVOTNTA TWV UEYOAUTEROY UOVTEAWY TEPLERYWS eV UeTAUPEAleTon Xal O XAAOTERY TPOCUPUOYT O
EMOVOOPLOUEVES CUVITIXEC.
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Avdiuon omocvmcsow tou Mistral7B mpwv xou psro’c TOUC ETAVAOPLOUONE LOVEBLY HETENONS.
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Mistral Large mptv xot UETE TOUSC EMAVAOPLOHOUE LOVADWY UETENONC.

Figure 1.4.8: 0yxplon twv anavtfoewy twv Mistral7B o Mistral Large (123B) o€ epwytfioeie TOAATAGY
EMAOYQDV YLol ETAVAORLOUOUE LOVABWY UETENong.
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1.4. Iewopoatxd Anoteréopota

1.4.2.3 Mopgonoinon Anaviiocwy

Do dhhn o opd, 1 pop®r TOAAATAWY ETAOYOV EVIOYVEL CNUAVTIXG TO QULVOUEVO TNC TEOGXOAANCNE OTNV
OTOUVNUOVEVUEVT] YVOOoN o€ oyéan ue TNy eAediepn andvinot, ue TococTtd va aveBaivouy, Yo Topdderyuo, omd
12.5% oo 62.5%. To yeyovic autd ogeiheton otny éxdeon Tou Lovielou oty xahepwUévn oyéon petadld Twy
HOVABWY péTpmone UEoo amd T TEOTEWVOPEVES ETAOYES, 1 omoio evioyVer T olyxpouor uetald tne odnyloc
%ol TNE Tpolmdpyouvcos and TNy exmaldeucy| Tou YVLong.

I Correct Responses I Anchored Responses Wrong Responses
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(a) Avdluon anavificewy Twv wovtéhwy Mistral.
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(b) Avdhvon aravticewy Twv poviéhwy Llama.

Figure 1.4.9: Anoteléoparta ylo to wovtéha twv oxoyevelwy Mistral xou Llama otic epwthoelg Tou tpitou
emédou duoxohlac pe mpotponéc ywplc mopadelypota. H oeipd twv pdfduwv avd tino/eninedo enavaopiopol
avtiotouyel oe adfovoa oelpd peyédous Lovtélou.

1.4.2.4 EniSpaocr IIpotponwy

Avtideta ye to amoteléopata TV oTadeptv, OTNV TEPITTWON TWV UOVASWY UETENONC PAUlVETAUL TS 1) TEYVIXN
pe ahuoldec oxédng elvon mo amoTEAECUATIXY VLol TOV TEPLOPIOUO TOU QPULVOUEVOU TNG TROOXOAANOTG.

Eninedo Ra1 Ra2 Ras
EXetdepne Andvinone (FF)
Q1 -0.295 -0.403 -0.33
Q2 -0.361  -0.247 -0.479
Qs -0.063 0.19 0.14
Molarmhédv Enhoydv (MC)
Q1 -0.49 -0.149 -0.542
Q2 -0.159  -0.023 0.08
Qs 0.248 0.338 -0.127

Table 1.9: Méorn tuy| cuoyétione petalld enldoone otny epyacia ywplc ETAVAIOPLOUS Xl TOCOGTLV
TEOOXOMNONE Yiot TN oTpatnyy) Ywelc mopadelypata. To xehid ue Yewua UTodNAGYOLY LYNAY VeTix?
cuoyétion (> 0.3), evd autd pe Yeoua VPNAY apvnTIX cuoyétion (< —0.3).
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Eninedo Ra1 Ra2 Ras
EXetdepne Andvinone (FF)
Q1 -0.32 -0.442 -0.161
Q2 -0.404 -0.231 0.039
Q3 0.128 -0.042 0.279
IToMarhédv Emhoyov (MC)
Q1 -0.332  0.058 -0.593
Q2 0.135 0.131 0.266
Q3 0.314 0.49 0.101

Table 1.10: Méon T cuoyétiong petoll enidoong oty epyosio ywpelc ETOVAOPIOUS X TOCOGTOVY
TEOGXOAANONG YloL TN oTeaTNYLXY ue mopadelypata. Ta xekid ue Yewua UTodNAGVOLY LYNAY VeTixA

cvoyétion (> 0.3), eved autd e yeoua VPNAY apvNnTIX cuoyétion (< —0.3).
Eninedo Ra1 Rag Ra3
EletVepne Andvinone (FF)
Q1 -0.502  -0.598 -0.529
Q2 -0.465 -0.3 -0.174
Q3 -0.232  -0.181 -0.079
ITolamhév Enhoydv (MC)
Q1 -0.528 -0.023 -0.523
Q2 0.015 -0.091 -0.016
Q3 -0.127 0.013 -0.242

Table 1.11: Méon tiur cuoyétione petadd enidoong otny epyacio ywpelc emavaoptopd xaL T060GTHOY
TPOGKOMANONG Yot TN oTeUTNYX pe ohvoidec oxédme. Ta xehid pe YOO UTOBNAWVOLY LYNATY VeETIXN
ocvoyétion (> 0.3), evdd autd pe yeoua VPNAY apvNnTIX cuoyétion (< —0.3).

1.4.2.5 ’'Apvrnorm Andxpiorng

Iapovoidlel Wiitepo evdla@épov To YEYOVOS OTL GTNV TERIMTWOY TWV EMAVIORIOUNDY HOVABWY PETENONG TO
QUVOUEVO TNC dpvnong amdxplong elvon oyeddév avimopxto. Moévo ta povtéha tng owoyéveiag Mistral
xotéypaoy TETOIES APVAOELS, OANS ool X AU TES Yapax THELLOY UELOVWUEVA TERLO TATIXE Yol dY(L CUC TNUATIXN
oupnepipopd. H évtovn auty Swapopd oe oyéon ue Tic otadepéc delyvel 6Tl To Qouvéuevo oyetiletor dueca ue
Tov TeéTo Ue Tov onolo Ta MI'M ecwtepixebouy xdte yvwoiaxd nedlo. O povddeg pétenone qatvetar va eivon

hydtepo "dxounta" E0WTECIXEVUEVES GE OYEOT| UE TIC ETUOTNUOVIXES O TAVEREC.

1.5 Xvunepdopata

Yy napoloa epyacio yelethoope eXTEVOS TNV epyacia tou enavoaopioyol (redefinition), e&etdlovtog mde
ta Meydha I'hwoowd Movtéha (MI'M) avtidpolv 6tov Toug nopouctdloviol TPOTOTOMUEVES TWES YVOOTOV
EMOTNUOVIXDY OTadEpOY %ol HOVAdWY Uétenone. XToyoc Wog Ntov vo olohoyroouue tnyv guehi&la Toug
EVavTL TNC TAOMS Vo TEOGXOANWVTAL oTnv edpoatwpévn yvoon. Ta evpruoatd pog avadeixviouy onuavTixd
TeoTUTIAL cuuTeplpopdc Twv MI'M, gavepwvovtag meptoplopolce, ol onolol, udhiota, yivovion eviovotepol 600
awEdveton to péyedog twv uovtéhwy. Ilapatnpolue 61, mopdro mou ta peyohltepa povtéla eugavilouvy
LOYVPOTEPES IXAVOTNTEG GUAROYICTIXAC UTO XAVOVIXEC GUVUNXES, BUGXOAEVOVTAL TEQLOGOTERO OTAY XUAOVVTAL
vou axohovdoouy emavaoplouéves Tée, xaddc Telvouv Vo EmUEVOUV O QUTEC TOU €YOUV ATOUVNUOVEVLCEL
XoTd TNV mpoexnoldevon. Extéc autol, dmotdvoupe 6Tl mogoustdlouv Yeudn auvtonenolinoy, TeoTWOVIIC
VoL OTAVTACOUY Amtd TO VoL ANEYOUY, oXOpa Xt 6Tov auTtéd odnyel oe Addn.

Emniéov, ta mepduotd pog xohOmtouv éva gupd @dopa cuvinxwy Tou amooxomolv oTr doxiuy NG
TPOGUPUOC TIXOTNTAS TWV HoVTEAWY. Anuovpyhoaue cOvolo Sed0UEVKY Ue TOTOUS Xall ETENEDA ENAVOOPLOHUDY,
xodog xan Bardpote Suoxollac twv epnthoewy. Tavtdypova, afloloyfoaue TNy enidpaoy) BLUPOLETIXWY LOPPLOY
amdvINoNe xaL TEYVIXWY Tpotponhc. Ta anoteléopata delyvouv 6Tl To Qavouevo mpooxdinong evielveton
ONUOYTIXG TN HORPT| TV TOAAATAGY eTAOYOY. O Teyvixée mpotponic emnpedlouy Ueptxms, ahhd anéyouv ond
T0 vo e€akeldouy To mEOBANuaL.
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1.5. Xuurepdoporo

Yuvohixd, 1 epyaota Yog avadexvOEL CUAVTIXES ODUVAUIES OTN CUAAOYLOTIXH XU TY) TEOCUPUOCTIXOTNTA TWY
MI'M, ot omnoleg evtelvovtan pe v adénon tou yeyédouc touc. Toviloupe, enlong, ) onuacio e Baditepnc
HOTOVONONG TNG CUUTEQLPORES AUTWY TWV UOVTEAWY, OYL LOVO (E TPOS TO TL UTOEOUY VoL XAVOULY, aAAS xou o) Xal
yiatl anotuyydvouv. To nelpoyua Tou enavaoplogod Teocpépel Eva yeYoLwo Thaioto yia T HeAET g eddpauotng
tooppoTiag petald peyédous, hoyixic xou cUUPOPPLONE oe 0dNYies, xaL ESPAUWUEVLV YVOOEWY, Xat eATlouue
vo amoTeAEcEL BAon yio EAAOVTIXT EPEUVOL GTY] BLEPEUVNOT TN TEOCUPUOCTIXOTNTOG Yol TNG AVIEXTIXOTNTOG TWV
MI'M.

Icogpornia avidpeoca ot Aoyixy xow TNy AvdexTixotnta

H pekétn pag avadeweviet plo avtiotaduotiny oyéon otov oyedlooud xal tn Aettovpyia Twv MI'M: 6co mo
QWOTNEE. TUPAUEVEL EVOL LOVTERO TPOGXOMANUEVO GTNV TROEXTOUOEVUEVY] YVWON TOU, TG0 Ay6Tepo Tpddupo
elvon vor axohovdioel evolhoxTind oeVdpLa, oxOUo ot oV auTd elvor Aoyixd amodextd. Autd evioylel tnv
Tpaypatoloyix) Tou axpifeia, ohhd meplopllel T Aoyixh) Tou evehi&la. Amd nmv dAAn mheupd, €va Yoviédo
mou axoloudéL un ouufotixd melpduaTo EMBENVUEL UEYUAVTEQT] TEOCUPUOC TIXOTNTA, OUMS EVOL TLO EVGAWTO
oe mapamhovuxés 1 xaxdBoulec mpotponéc. H nduer npdxinoy, howmdy, elvon va Beedel pla icoppomior mdg
unopolue vo oyedidoovpe MI'M nou elvon Tautdypova suéhixta xou afldmoTa;
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Chapter 2

Introduction

Large Language Models (LLMs) represent a significant leap in the field of Natural Language Processing
(NLP), demonstrating exceptional proficiency in understanding and generating human-like text. As their
capabilities continue to evolve, these models are not only advancing foundational NLP applications but also
driving the discovery of impressive new behaviors that emerge unexpectedly at scale ([139]; [113]), including
even the ability to perform advanced step-by-step logical inference. Despite being trained purely on the
objective of next token prediction, LLMs exhibit surprising competence in reasoning tasks that were until
recently considered exclusive to human cognition [94]. However, the underlying mechanisms behind this
emerging behavior remain poorly understood, prompting ongoing debate over whether such abilities reflect
authentic reasoning or are simply the result of large-scale memorization and highly sophisticated pattern
recognition [141].

In efforts to expose how superficial heuristics dominate over genuine LLM emergent abilities, researchers have
experimented with tasks featuring alternative formulations, unnatural contexts, counterfactual scenarios,
and deliberately misleading prompts, revealing that LLMs often fall back on entrenched knowledge and
surface-level pattern matching rather than engaging in robust reasoning processes ([140]; [67]; [63]).
Intriguingly, under some of these conditions, a rather counterintuitive trend emerges: larger models become
more susceptible to such traps, resulting in worse performance than their smaller counterparts. This
phenomenon defines a class of problems collectively known as inverse scaling tasks [82], where increasing
model scale is associated with a decline in task performance, highlighting a reversal of the typical scaling
laws that guarantee a predictable improvement with scale [51]. Addressing inverse scaling tasks serves as an
important frontier in uncovering hidden limitations of increasingly powerful LLMs, particularly where their
behavior deviates from human-like reasoning on tasks that are typically straightforward for people.

Surprisingly, despite its implications for model reliability, inverse scaling remains a relatively underexplored
area of study in current literature. Motivated by this research gap, this thesis explores the Redefinition task,
which was introduced as a part of the Inverse Scaling Prize contest [82] and is designed to test whether LLMs
are able to override deeply embedded world knowledge when faced with prompts that involve deliberately
misleading definitions of well-known concepts. Specifically, the present work focuses on alterations to the
accepted values of core entities within two distinct domains: scientific constants, drawn from physics and
mathematics, and units of measurement. For example, a prompt may instruct the model to redefine the
value of the mathematical constant 7 as 100 ("Redefine 7 as 100."), contradicting the widely known value
3.14159. The model’s ability to follow this redefinition is then tested through questions, which can be
straightforward (e.g., "What is the first digit of pi?") or more complex (e.g., "What is the Earth’s surface
area?"). While humans override default meanings with ease, achieving a 100% accuracy in the Inverse
Scaling Prize benchmark [82], large language models systematically fail by adhering to familiar associations,
underscoring a strong reliance on memorized priors over contextual reasoning. We refer to this behavior as
anchoring and investigate its relationship with model scale by evaluating LLMs of various parameter sizes.
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Chapter 2. Introduction

In this thesis, we:

Provide theoretical background on LLMs, covering scaling laws, emergent abilities, prompting
techniques, and the LLM-as-a-judge evaluation paradigm.

Examine reasoning in LLMs, with a focus on the tension between true reasoning and memorization.
We also review the inverse scaling problems and their underlying causes, as introduced in the Inverse
Scaling Prize research.

Detail the construction of our datasets targeting constant and unit of measure redefinitions, explaining
the selection of redefined entities, and the design of redefinition types, question complexity levels,
response formats, and prompting techniques. We also describe the evaluation metrics, selected LLMs,
and experimental setup.

Present experimental results and analyze model behavior on the redefinition task, with particular
attention to the anchoring effect. We investigate how this phenomenon varies with model size and is
influenced by different factors, such as response format, redefinition type, or prompting strategy.

Conclude by summarizing the key findings of our study and discussing implications for the trade-off
between reasoning capabilities and robustness in large language models.

A version of this work has also been published in [116]. The present document expands on those contributions,
offering deeper analysis and a more comprehensive theoretical context.

42



Chapter 3

Background

3.1 Introduction to Large Language Models

3.1.1 Framework and Objective

Large Language Models (LLMs) are a class of artificial intelligence systems trained to understand and generate
human language by learning from massive corpora of data. At their core, LLMs are based on deep learning
architectures—most importantly on the Transformer architecture, which, once introduced by Vaswani et
al. [123] in 2017, has fundamentally revolutionized the field of Natural Language Processing (NLP) [53].
Transformers employ self-attention mechanisms that enable the model to compute in parallel context-aware
representations for each word in a sentence or document that accurately represent the contextual relationships
between them, regardless of their positional distance [83]. This extensive parallelization dramatically improves
large-scale training efficiency on modern hardware (e.g., GPUs), in comparison to earlier standard model
architectures such as Recurrent Neural Networks (RNNs) [104] and Long Short-Term Memory networks
(LSTMs) ([114]; [109]). Before being processed by an LLM, input text is segmented into indivisible units
known as tokens [136]. Depending on the tokenization process, each token can represent a character, symbol,
word, or subword. Some of the most commonly used methods include Byte Pair Encoding (BPE) [106],
WordPiece [112], SentencePiece [61], and unigramLM [60]. LLMs are ultimately trained to predict the next
word in a sentence by assigning probabilities to each token in a given sequence. Formally, an LLM models
the conditional probability distribution [6]:

P(wg | wy,we, ..., wi1)

The training process of an LLM typically involves tens to hundreds of billions of parameters and leverages
self-supervised learning [98]. Two primary pretraining approaches are typically used: Autoregressive
Language Modeling, where the model predicts the next token given the preceding ones in an auto-regressive
manner, and Masked Language Modeling, in which certain tokens are masked and the model learns to
predict these masked tokens based on surrounding context [83]. Notably, pretraining alone enables LLMs
to demonstrate impressive results across a broad spectrum of tasks ([8]; [22]). However, in many cases,
additional fine-tuning is applied in order to enhance performance on specific scenarios or to better align
model outputs with human preferences [86]. Depending on the use case requirements, different fine-tuning
techniques may be applied. In Transfer Learning ([162]; [97]), LLMs are further trained on task-specific data,
allowing them to adapt to particular applications. Instruction Tuning ([150]; [24]; [137]) involves training on
datasets formatted as instructions-output pairs, guiding the model toward more predictable and user-aligned
responses to natural-language prompts. On the other hand, Alignment Tuning [88] uses human feedback to
update their parameters, aiming to prevent the generation of false, biased, and harmful content. A common
approach to model alignment is Reinforcement Learning with Human Feedback (RLHF) [165], where a model
fine-tuned on human demonstrations is further optimized using reward modeling (RM) and reinforcement
learning (RL).

43



Chapter 3. Background

Unlike preceding language models, which primarily aimed to generate text data, the objective of LLMs is
not merely to be able to mimic human language convincingly, but to engage in complex tasks, ranging from
translation and summarization to question answering and even reasoning, marking an important leap from
language modeling to task solving [99, 58, 31, 29, 121, 90, 2, 59, 125]. As the current frontier in the language
model evolution process, LLMs are increasingly characterized as general-purpose task solvers [156]. In fact,
these models have not only extended machine capabilities to a significantly wider scope of applications, but
also achieved performance that approaches—and in some domains, even surpasses—human-level performance.

3.1.2 Parameters and Scaling Laws

In the context of Large Language Models, parameters refer to the learnable, input-independent
settings—typically weights and biases—within the neural network layers that evolve during the training process
to optimize output predictions. These are basically the core components that shape the LLM’s abilities to
recognize patterns and map complex relationships between words and phrases in the training data, ultimately
establishing the transformation from input to output. Each parameter is represented by a numerical value
that is initially set either randomly (during pretraining) or based on previous training (during finetuning)
and then adjusted in order to minimize prediction error [27]. In Transformer-based architectures, which
underpin most LLMs, parameters are distributed across multiple layers and attention heads, enabling the
model to jointly attend to information from different parts of the input [123]. The total number of parameters
typically represents the model’s capacity, meaning that larger LLMs potentially are able to "fit" more intricate
relationships and knowledge of the training data.
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Figure 3.1.1: Empirical scaling laws showing power-law relationships between model performance and
compute, dataset size, and parameter size. [51].

Even though larger capacity is not technically directly translated to better results, research on language
modeling has evidently shown that there is a strong relationship between scale and model performance,
with larger models performing increasingly better across a wide range of tasks ([96]; [22]). This consistent
observation has been formalized with the introduction of empirical scaling laws, which describe how
performance improves predictably as model size, dataset size, and compute power increase within reasonable
limits. In their study, Kaplan et al. [51] demonstrated that test loss declines in a smooth power-law fashion
with respect to these three attributes, which together define the model scale (Figure 3.1.1). In addition,
their findings revealed that larger models are more sample efficient, suggesting that training large models
on relatively modest data could be optimal. A later variant of the scaling laws, proposed by Hoffmann et
al. [42], aimed to instruct the compute-optimal training for LLMs and, after conducting an extensive set of
experiments on various model and data sizes, found a very similar relationship between model performance
and scale factors, only questioning earlier claims about the model and data size increase ratio that achieves
optimal results. Specifically, they argued that these should scale equally, rather than prioritizing model
size over the number of training tokens. Nevertheless, with these promises of consistent and predictable
improvements through parameter growth, scaling laws have become a crucial design principle in the rapid
development of ever-larger and more powerful state-of-the-art LLMs.
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3.1. Introduction to Large Language Models

3.1.3 Capabilities and Emergent Behaviors

Trained on extensive and diverse text corpora, LLMs have achieved state-of-the-art performance across
a variety of standard natural language processing (NLP) tasks such as machine translation ([161]; [93]),
text summarization ([151]; [92]), sentiment analysis ([110]; [152]), text classification ([135]; [57]; [134]), and
question answering ([50]; [32]). Beyond these traditional applications, LLMs have demonstrated impressive
potential to serve as implicit knowledge bases, as they not only manage to retrieve factual information
without relying on external data, but also offer key advantages like flexibility and extendability, without
requiring schema engineering or human supervision ([40]; [1]). Research has also explored the use of these
models within LLM-based multi-agent environments, where multiple LLMs are assigned specialized roles and
collaborate to tackle more complex and vague problems through coordinated interaction ([100]; [122]; [38]).
Additionally, ongoing advancements have extended their functionality to multimodal domains, where models
address tasks involving different modalities such as image, audio, and video ([148]; [129]).
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Figure 3.1.2: Emergent abilities of LLMs: Performance of large language models on eight benchmark tasks,
showing a sudden jump in capability once the model surpasses a certain parameter scale threshold. [139].

These developments illustrate the versatility and widening potential of these models. However, one of the
most intriguing aspects of LLMs that distinguishes them from earlier generations of language models is the
emergence of capabilities that are not anticipated or directly predicted by extrapolating scaling laws ([139];
[113]). These emergent abilities appear suddenly once the model surpasses a certain scale threshold, before
which performance remains near random (Figure 3.1.2). Some of the most representative behaviors that
are not present in smaller models but can be elicited through prompting in the scope of current large-scale
LLMs include in-context learning ([26]; [158]), instruction following ([76]; [88]), code generation ([45]; [15]),
compositional generalization [13], puzzle solving [35], and advanced reasoning (which is discussed in more
detail in Section 3.4.1.1).

45



Chapter 3. Background

3.2 Prompt Engineering

3.2.1 Prompts and Prompt Engineering

A prompt serves as an input consisting of manually predefined instructions or cues provided to Large Language
Models (LLMs) in order to guide their outputs on specific tasks [105]. The systematic practice of designing,
structuring, and formulating these instructions in a specialized way that effectively steers model behavior
toward desired responses is referred to as prompt engineering [105] and, over the past few years, it has
emerged as a key technique for enhancing LLM performance across a wide range of tasks and domains [102].
The significance of this new approach lies in its core advantage: unlike previous conventional methods such
as re-training and fine-tuning, prompt engineering leverages the pre-existing knowledge encoded in the LLM
to improve the generated output without altering its internal parameters [124]. This allows for flexible
adaptation to new tasks while entirely avoiding time- and resource-intensive training procedures, thereby
maintaining computational efficiency. However, despite its power, prompt engineering remains inherently
brittle. LLMs display high sensitivity to the input prompt, which means that even slight changes in wording,
the use of synonyms, capitalization, or spacing can yield substantial shifts in performance [105]. The choice
of question format appears to deeply influence model behavior as well. For instance, forming "yes or no"
or multiple choice questions often results in completely different outputs compared to simple unrestricted
generation. In fact, even minor perturbations, like changing the order of the possible options are displayed in
the multiple choice format, can affect results [105]. All of these highlight an intriguing challenge at the heart
of prompting engineering: the careful search for the most appropriate prompt that can unlock this method’s
full potential and eventually achieve optimal LLM performance under the given task [73].

3.2.2 Prompt Templates

To simplify interactions with LLMs and boost usability across specialized tasks, prompts are usually
assembled using prompt templates [81]. Prompt templates are structured input formats that typically
function as parameterized instructions, containing one or multiple placeholders for variables that, during
experimentation, are being replaced by specific textual-or other—instances to create finalized prompts [105].
In this way, the same instruction pattern can be systematically applied to a large volume of data, making it
feasible to scale from testing a few examples to running large datasets efficiently.

Consider the task of sentiment analysis of tweets. Figure 3.2.1 includes an example of a prompt template that
instructs models to classify a tweet as either positive or negative. In this template, {TWEET} is the variable
placeholder that is replaced with the actual tweet to be analyzed, producing a prompt instance which is then
fed to the LLM for inference [105].

Classity the tweet as positive or negative:
{TWEET}

Figure 3.2.1: Prompt template example for the task of tweet sentiment analysis [105].

3.2.3 Prompting Techniques

In the search for the "most efficient prompt" that can optimally extract the desired response for a specific
task, several prompting techniques have been developed and evolved to improve the ability of Large Language
Models to follow instructions and reason successfully.

3.2.3.1 Zero-Shot Prompting

Zero-Shot prompting (Figure 3.2.2a) is the simplest form of prompt engineering, consisting solely of a direct
instruction to complete a specific task, without providing additional examples or cues on how to approach
it [102]. In this setup, the model relies on its embedded knowledge to generate predictions, which often
proves sufficient to perform adequately on various downstream tasks, including reading comprehension,
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translation, or summarization, thanks to its extensive pre-training on vast amounts of data [55]. However, the
Zero-Shot technique is typically outperformed, especially under more difficult scenarios that require nuanced
understanding or complex reasoning ([124]; [8]). Nevertheless, Zero-Shot prompting remains a foundational
method, setting a baseline to compare with more advanced strategies.

3.2.3.2 One-Shot Prompting

The One-Shot prompting strategy (Figure 3.2.2b) includes a single example of successful performance on a
specific instance of the described task, to help the model better understand the task’s requirements, expected
output format, or preferred reasoning process. This method is considered to be closer to the way more
complex tasks are often communicated to humans, where the absence of a worked example usually leads to
confusion about how to proceed [8].

3.2.3.3 Few-Shot Prompting

Few-Shot prompting (Figure 3.2.2c) operates exactly like one-Shot prompting, but instead of one, it provides
multiple demonstrations of input-output instances to enhance the model’s understanding of the given task [8].
The presentation of high-quality examples has been shown to improve LLM performance on more complex
tasks compared to simple instruction alone [102]. However, Few-Shot prompts are inherently challenging
to implement in order to be effective. Factors such as the selection, similarity, quantity, and order of
exemplars—as well as the format or placement of instructions—can substantially influence model responses
[105]. For example, varying the order in which the task instances are demonstrated can intriguingly produce
accuracy scores that vary from sub-50% to over 90% [78]. Therefore, careful decisions throughout the prompt
design process are critical to ensuring optimal LLM behavior.

Few-shot

One-shot
Zero-shot ne-sho In addition to the task description, the model sees a few

In addition to the task description, the model sees a single examples of the task. No gradient updates are performed.

The model predicts the answer given only a natural language example of the task. No gradient updates are performed

description of the task. No gradient updates are performed.
Translate English to French task description
Translate English to French: task description
Translate English to French: task description sea otter => loutre de mer examples

sea otter => loutre de mer example
cheese => prompt peppermint => menthe poivrée

cheese => prompt
plush girafe => girafe peluche

cheese => prompt

(a) Example of Zero-Shot (b) Example of One-Shot (¢) Example of Few-Shot
technique. technique. technique.

Figure 3.2.2: Comparison between the Zero-Shot, One-Shot and Few-Shot prompting techniques with
examples on the English-to-French translation task [8].

3.2.3.4 Chain-of-Thought Prompting

Despite their undeniable potential, Large Language Models often encounter difficulties when challenged
with questions that are not directly answerable without intermediate inferences. The Chain-of-Thought
(CoT) prompting technique was introduced in order to address this issue by encouraging the model
to articulate its thought process through a sequence of immediate outputs, before generating the final
answer [102]. Experimental results have shown that the employment of these reasoning chains improves
LLM performance-often to a remarkable degree—under various non-trivial tasks, including multi-hop
question-answering, arithmetic, commonsense and, symbolic reasoning problems ([138]; [126]).
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‘ Reasoning Extraction with CoT instruction ‘ Answer Extraction ‘
QlOnlavermE=toethrowsi2E [ptnches perininutey A Q: On average Joe throws 25 punches per minute. A fight
ﬂght o et e ownanypinches »| lasts 5 rounds of 3 minutes. How many punches did he
did he throw?
A: Let's think step by step. tAh"°‘”?
@ First, we need to find out how many punches Joe throws in
one round. To do this, we multiply his punches per minute by
E the number of minutes in a round:25 punches/minute x 3
i minutes/round = 75 punches/roundNext, ...
@ Therefore, the answer (arabic numerals) is

First, we need to find out how many punches Joe
throws in one round. To do this, we multiply his @
punches per minute by the number of minutes in a

round:25 punches/minute x 3 minutes/round = 75 H

punches/::undNext, we need to find out how many
punches Joe throws in the entire fight. To do this, we

multiply the punches per round by the number of @

rounds:75 punches/round x 5 rounds = 375
punchesTherefore, Joe threw 375 punches in the [ 375 J
fight.

Figure 3.2.3: Application of Chain-of-Thought prompting for arithmetic reasoning [14].

Chain-of-Thought prompting can be incorporated into both Zero-Shot and One-Shot /Few-Shot scenarios. In
the Zero-Shot setting, a simple instruction like "Let’s think step by step." is added to the prompt to encourage
task decomposition ([55]; [155]). In the One-Shot or Few-Shot settings, each demonstration typically consists
of a question followed by a manually designed natural language rationale that leads to the final answer [13§].

3.3 Evaluation with LLMs

The rapid advancements of Large Language Models (LLMs) and their widespread application across various
fields have given rise to the need to develop reliable methods to evaluate these models across diverse contexts—a
task that continues to be challenging. Traditional machine learning tasks such as classification and regression
typically use programmable and statistical metrics, including accuracy, precision, and recall. While these
metrics are reliable, they are only applicable to a narrow range of cases that involve well-defined outputs
and ground truths and are implemented in very specific formats [64]). However, with the advent of deep
learning and the evolution toward LLMs, the nature of model outputs has fundamentally changed. The
responses have become increasingly complex, highly generative, open-ended, and context-dependent, to
the point where standardized metrics are extremely insufficient for high-quality evaluation [64]). Natural
language generation tasks such as summarization, writing, and question answering, where multiple outputs
could be considered valid, require evaluation methods capable of capturing nuanced qualities like text fluency,
coherence, relevance, or creativity—something that even more advanced metrics such as BLEU [91], ROUGE
[71], or METEOR [5] still fail to achieve ([37]; [64]). Interestingly, even in simpler scenarios—designed to
facilitate the use of regular expressions for assessment (e.g. by formatting in a multiple choice response
manner)-models sometimes deviate from instructions (e.g. by producing additional output), making it
difficult to programmatically extract the desirable result. Human evaluation remains the gold standard for
capturing human preferences, capable of addressing all these limitations with ease due to the human nature.
However, the process of individually examining each response is typically exceptionally time-consuming,
resource-intensive and, thus, difficult to scale across large datasets ([37]; [64]).

In the search for a more practical, reliable, and adaptive evaluation method that could overcome these
challenges and replace both humans and insufficient standardized metrics, researchers have turned to the
idea of leveraging state-of-the-art LLMs themselves as evaluators. This approach, very promising considering
that these models already exhibit strong human alignment across various domains, is often referred to as
"LLM-as-a-judge" [157] and has received a lot of attention over the past few years ([37]; [64]). Formally, the
LLM-as-a-judge paradigm is a flexible evaluation framework where LLMs are employed as evaluative tools to
assess the quality, relevance, and effectiveness of generated outputs according to defined criteria [64]. Based
on their design, the LLM evaluation systems are categorized into three primary configurations: Single-LLM
([72]; [74]; [149]), Multi-LLM ([10]; [23]; [69]), and Human-AI Hybrid ([68]; [107]) systems, which involve
collaboration between LLM and human evaluators. Each evaluation system is prompted with a carefully
crafted input of instructions. These include the evaluation type, for example, pointwise ([54]; [127]; [144]),
pairwise ([9]; [41]), or listwise ([163]; [143]; [43]) evaluation, and the evaluation criteria, which can be general,
like accuracy ([17]; [46]) and linguistic quality ([30]; [20]) or specifically designed to fit the respective task
([119]; [70]; [44]), for reference-free evaluation ([39]; [108]) scenarios, and, additionally, the reference data used
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to determine whether the performance meets the expected standards in reference-based evaluation [33] cases.
After processing the prompt, the LLM outputs the evaluation result, which, based on the task instructions,
can be a score, a categorical label, or a ranked list, and is optionally accompanied by an explanation ([146];
[142]) or feedback ([79]; [19]). It is evident that this method offers various key benefits like scalability,
explainability, and most importantly, task-adjustability, positioning it as an excellent alternative to human
evaluation and existing metrics, which only leads to one critical question: can it be trusted?

Evaluation Type Evaluation Criteria Evaluation References

Input @ score E\ > @
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Figure 3.3.1: Overview of the LLMs-as-judges systems [64].

The idea of using LL.Ms as judges seems promising, but it also raises concerns about whether standard LLM
shortcomings, such as hallucinations ([101]; [153]), biases [34], and lack of robustness [159], can seriously affect
evaluation outcomes. In this context, a growing body of research focuses on the process of meta-evaluation,
where the quality of LLM-as-a-judge systems is assessed in terms of reliability, validity and consistency [64].
A common approach to evaluating LLM evaluators is to measure their agreement with human preferences.
This is typically computed by the proportion of samples on which the LLM and human annotators agree
[120], though other metrics such as Spearman’s correlation ([3]; [75]), Cohen’s Kappa [120], or the standard
precision, recall and F1 scores ([132]; [160]) are also used. Studies have repeatedly demonstrated high
agreement between LLMs-as-judges and human evaluators across a diverse set of benchmarks, including code
generation ([16]; [47]; [164]), machine translation ([33]; [52]), text summarization ([30]; [89]; [128]), automatic
story generation (]20]; [21]), dialogue generation [36], multimodal [11], and multilingual [111] tasks. However,
LLM evaluators are not without limitations. The meta-evaluation of LLM-as-a-judge systems introduces
certain biases which can compromise the fairness of decisions. Some of the most frequently observed biases
include position bias ([157]; [12]; [43]), verbosity bias ([157]; [85]; [145]), authority bias ([145]; [12]), and
diversity bias ([145]; [12]). Nevertheless, with carefully designed prompts and appropriate caution, strong
LLMs can achieve robust and reliable results when it comes to evaluating other model outputs. In other
words, when traditional evaluation methods are insufficient or impractical, we can actually prompt LLMs to
judge model performance.
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3.4 Related Work

3.4.1 True Reasoning in Large Language Models
3.4.1.1 Emerging but Limited: Reasoning in LLMs

The remarkable human-like behaviors exhibited by Large Language Models have inspired researchers to
investigate their ability to carry out goal-directed inference grounded in rules, patterns, and prior knowledge
[28]. To that end, recent advancements have demonstrated meaningful progress in enabling LLM reasoning
through language-based prompts [94]. Efforts to evaluate the cognitive behaviors of language models have
concentrated heavily on several specific types of reasoning, including inductive: extrapolating abstract rules
from provided facts ([65]; [7]), deductive: drawing conclusions based on rules ([18]; [25]), causal: identifying
causal relationships between variables or events ([48]; [133]), analogical: leveraging relevant experiences
to tackle new tasks ([95]; [117]), commonsense: applying human everyday knowledge ([118]; [103]), and
arithmetic: interpreting and solving numerical reasoning problems ([84]; [130]).

Notably, as LLMs grow in size and training complexity, they demonstrate substantial improvements on some
of these benchmarks, leading to claims of emerging reasoning abilities. However, although these recent
advances are intriguing and noteworthy, LLM reasoning capabilities remain brittle in comparison to their
remarkable success across a wide range of standard language processing tasks such as reading comprehension,
translation, summarization, and factual question answering. This contrast obscures a concerning distinction
between formal and functional linguistic competence [80]. While LLMs can generate coherent and convincing
text, it often lacks grounding in deeper understanding and genuine cognitive processes, making true reasoning
a critical challenge that raises important questions about the unresolved boundary between artificial and
human cognition.

3.4.1.2 Evidence of Fragile Reasoning

The gap between surface-level linguistic abilities and deeper cognitive competence becomes even more
pronounced when tasks are presented in alternative formulations and unusual or unnatural contexts that fall
outside typical LLM training distributions. Numerous studies have highlighted the fragility of LLM reasoning
in various counterfactual scenarios. Some of these scenarios are designed to be significantly less common than
the standard cases—though not entirely absent in the model’s pretraining data—suggesting that while LLMs
may possess the knowledge required for successful reasoning, they often default to simply "reciting" strongly
memorized information. For example, consider performing arithmetic calculations presented in non-decimal
bases like base-9 or base-11, compared to the default base-10 or the alternative but more frequently seen in
technical literature base-8 and base-16 [140]. Other tasks introduce wholly hypothetical conditions, such as
starting the sentence with a statement like "If cats were vegetarian", revealing that LLMs often struggle to
entirely override what they know is true in the world and adjust to novel, counterfactual contexts ([66]; [67];
[147]). Similar findings have been reported when using alternative or counterfactual premises to evaluate the
ability of LLMs to generalize analogies ([62]; [115]), infer causation [48], or reason under counter-commonsense
conditions [56]. In general, LLMs appear unable to effectively adapt to alterations of familiar tasks,
performing poorly when confronted with, for example, arithmetic expressions involving modified operator
precedence, translations from English into artificial languages, or deductions with unexpected twists [63].
This limitation in reasoning becomes even more pronounced when alternative prompts fail to generalize to
equivalent variations of the same task, underscoring how human intuitions about what "makes no difference"
do not hold for LLMs [4]. Altogether, this reveals a concerning brittleness to both linguistic and contextual
shifts.

3.4.1.3 Memorization behind LLM Reasoning

Emerging research claims that much of the recent success in LLM reasoning may be illusory, as models
often rely heavily on lexical or structural patterns memorized from pretraining data, rather than conducting
true inferential reasoning. Xie et al. [141] develop a method for systematically measuring memorization and
report that, during fine-tuning, models increasingly memorize instances of training puzzles, which significantly
improves their performance across similar inputs. However, while LLMs achieve, in fact, near-perfect accuracy
on original task instances, they continue to struggle when presented with variations. Similarly, Lou et al.
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[77] introduce an axiomatic system that formally decomposes the interaction effects used by LLMs during
inference into sets of memorization effects and in-context reasoning effects. This framework allows them to
precisely quantify the extent to which memorization contributes to a model’s specific decision, offering deeper
insight into when LLMs are merely recalling patterns from context or training data, or engaging in genuine
reasoning processes. Wang et al. [131] take a different approach that further supports this view by directly
calculating correlations between model output probabilities and the distribution of the pretraining data. Their
goal is to trace the origins of LLM capabilities, with a specific focus on the interplay between memorization
and generalization. They demonstrate that, while memorization plays a dominant role in simpler, factual
question-answering tasks, it can also influence performance on reasoning problems. Collectively, these findings
indicate that task performance alone may misrepresent LLM reasoning capabilities, underscoring the need
for evaluation methods that aim to disentangle the underlying sources of model behavior.

3.4.2 Inverse scaling problems

Parameter size has been shown to be a key factor affecting the performance of Large Language Models,
as a consistent scaling trend has emerged across numerous experiments, strongly suggesting that larger
models generally perform better across a broad range of benchmarks [51]. However, recent investigations
into LLM behavior have interestingly unveiled a rather counterintuitive phenomenon: in certain scenarios,
task performance worsens as model scale increases, indicating cases of inverse scaling problems. Tasks that
provoke this oddity are designed to expose the limitations of the most powerful LLMs by highlighting the
differences in the way they handle complex reasoning compared to humans, who can often solve such problems
with ease.

Several inverse scaling tasks were introduced as part of the Inverse Scaling Prize public contest, designed
to systematically investigate why model performance consistently decreases with parameter size in certain
scenarios [82]. The collected examples of inverse scaling are finally categorized according to the potential
causes that lead to this behavior. Specifically, four distinct categories are identified:

1. Strong Prior: Includes cases where the prompted task description contains information that
contradicts the model’s embedded knowledge. A conflict arises between following the external
instruction—by suppressing or overriding strong internalized priors—and adhering to the answer that
is inherently associated with higher correctness probability based on the model’s pretraining. Larger
LLMs tend to develop a stronger dependence on the pretraining text and may even completely disregard
the information provided within the input, which is actually crucial for solving the given problem
correctly. Tasks that fall into this category are:

e Resisting Correction: This task instructs the model to repeat an input sentence without
modifying it. The prompt showcases examples of successful repetitions and ends with a sentence
that contains some kind of error or abnormality. LLMs with strong high-confidence priors are
more likely to select the typically correct sequence, failing to reproduce the given input exactly as
instructed.

e Memo Trap: LLMs are challenged with an instruction that directly contradicts a commonly
represented word sequence-like a famous quote-thereby compounding memory activation effects
and making especially difficult for more knowledgeable models to override pre-existing conceptual
mappings.

e Redefine: This task changes the standard definition of a well-known symbol or word and then
prompts the model to answer a simple question accordingly. More specifically, LLMs are challenged
to select between two options: one that is consistent with the new assignment and one aligned
with the default, pre-established meaning of the redefined entity. Once again, larger models tend
to prioritize the answer that reflects their pretraining-based knowledge.

e Prompt Injection: The prompt consists of a simple command, such as repeating or capitalizing
a sentence, alongside a strict request that the model should not follow any additional instructions
embedded within the input. This is followed by several question-answer exemplars and, finally, a
sentence that includes an injected command. Large models seem incapable of distinguishing which
instructions should—and should not—be executed, even when this is clearly explained in the input
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prompt, and tend to favor the most recent commands instead.

2. Unwanted Imitation: During the pretraining process, Large Language Models are exposed to a vast
and diverse range of data, sometimes containing human biases, reasoning mistakes, or misinformation.
In other words, LLMs are inadvertently trained to generate responses that replicate these unwanted
patterns. As parameter size increases, so does their ability to predict text sequences. In this way, larger
models achieve better results on general tasks, but it also means that they are more likely to imitate
undesirable behaviors within the pretraining corpus. In the following task, such unwanted imitation is
identified as the underlying cause of inverse scaling:

e Modus Tollens: Modus Tollens is a basic type of deductive reasoning that typically follows this
structure: If p, then ¢; not ¢; therefore, not p. Prompts in the Modus Tollens tasks include
examples that follow this argument type and instruct the model to decide whether the conclusion
is logically follows from the preceding statements. Since humans frequently fail to perform Modus
Tollens reasoning successfully, instances of similar reasoning errors are present in the pretraining
data. Therefore, although such problems are expected to be easy for potent LLM reasoners to
solve, they become susceptible to answering incorrectly, imitating human unwanted tendencies.

3. Distractor Task: In these inverse scaling problems, the prompt is carefully designed to indirectly reveal
the presence of an alternative, easier task—one that is different enough from the actual one but easily
confused with it. This easier task acts as a distractor, meaning that it diverts the model’s attention away
from the more difficult, intended task, leading to incorrect answers. This happens because, during their
extensive pretraining, large models build high confidence in familiar, easy, or straightforward patterns,
making it extremely difficult for them to ignore these patterns once recognized—even when they are
misleading.

e Pattern Match Suppression: Recent research on induction heads has uncovered that
transformer-based models rely on advanced pattern-matching mechanisms to complete sequences, a
behavior that is in fact tied with in-context learning [87]. This task challenges LLMs to counteract
this inherent bias by interrupting a repetitive pattern. Even when the instruction within the
prompt explicitly requests a deliberately unexpected continuation, models tend to get distracted
by the familiar task and default to completing the predictable sequence.

e NeQA: This inverse task modifies an existing multiple choice question-answering dataset by
programmatically negating each question. Although this new phrasing may seem more confusing
than the original one, humans are generally able to successfully adapt to the updated meaning and
identify the answer that aligns with the negation. Contrarily, LLMs show a tendency to entirely
miss the negation in the question, driven by the strong conceptual association between the queried
entity and the answer that was originally correct—but now is incorrect. This behavior can be
particularly concerning, considering that the model actually does the exact opposite of what is
intended. This problem has been thoroughly examined in [154].

e Sig Figs: The prompt instruction asks to express a decimal number to the correct number of
significant digits. Interestingly, larger models often end up performing a different, but similar task:
rounding the given number to the corresponding amount of decimal points instead of significant
figures. This propensity to substitute a task with a more familiar one, in which the model appears
more confident, mirrors findings in human psychology of prediction, where individuals are likely
to unconsciously replace a challenging task with a related one that is easy for them to perform
[49].

e Into the Unknown: The LLM receives a short description of a situation, followed by a question
that requires additional information in order to be answered. The task is not to directly answer this
question but to determine which piece of additional information would help answer the question,
choosing between two possible options. One of these options serves as a distractor, consisting of a
rephrasing of a specific statement already present in the setting description. LLMs, influenced once
again by their in-context pattern-matching tendencies, are more likely to select the option that is
redundant to the original input, rather than engage in effective reasoning with new information.

4. Spurious Few-Shot: These tasks use the Few-Shot prompting technique to lure LLMs into undesirable
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behaviors by listing exemplars that are correctly labeled but follow a deceptive pattern—one that is
consistent across demonstrations but deliberately violated in the final question. Few-Shot prompting
has been shown to significantly influence LLM performance across a wide range of tasks, often resulting
in significant improvements [8]. In these cases, however, instead of learning the expected reasoning
process from the given examples, the model seems to imitate the misleading patterns that "happen" to
be embedded within the demonstrations.

e Hindsight Neglect: This problem describes a decision-making scenario involving a game with
probabilistic outcomes, followed by the actual outcome of the situation. The model is tasked
with evaluating whether the prompted game is worth playing. Larger LLMs mistakenly base
this assessment on the outcome alone rather than on the expected value, which is derived from
the probabilities and possible results of the two contingencies and is therefore independent of
whether the person actually lost or won money. This behavior appears to result from imitating
the demonstrations provided within the prompt, where the quality of the decision was intentionally
aligned with the actual outcome, creating a spurious pattern.

e Repetitive Algebra: LLMs are prompted to find the solution to a simple first-degree
mathematical equation. Within the input, multiple examples of similar questions are demonstrated
in a Few-Shot manner, all following a very specific pattern: all of the example-questions have the
exact same answer with the to-be-solved equation, except for the last one, which has a different
result. Although smaller LLMs are typically weaker arithmetic reasoners, they perform better in
these scenarios as they tend to favor the most frequent result. On the other hand, larger models
interestingly exhibit a strong bias toward the most recent answer. In this case, few-shot examples
lead both smaller and larger models into an undesirable behavior, but the task is intentionally
crafted to trap more powerful LLMs in an inverse scaling trend.

This thesis takes the Redefine inverse scaling problem—introduced under the Strong Prior category—as its
central focus. While the benchmark highlights the existence of this issue, we argue that the task merits
focused investigation. To that end, we construct two custom datasets specifically targeting redefinitions
across two distinct semantic domains and various scenario types, carefully designed to stress-test model
adaptability. We evaluate a range of state-of-the-art LLM families, analyzing behavioral shifts in relation to
model scale.
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Methodology

The redefinition task forms the foundation of the experimental methodology presented in this thesis. It
introduces a controlled setting where the canonical values of familiar, well-established entities or concepts
are deliberately altered to assess how Large Language Models (LLMs) respond when confronted with
contradictions to foundational knowledge. This task challenges models to abandon strongly internalized
conceptual associations and instead engage in flexible reasoning based on local contextual cues. Figure
4.0.1 illustrates a visual example of this scenario, where the famous mathematical constant 7 is redefined as
100, replacing the standard value of 3.1415, and calling for adaptive reasoning pathways in order to carry
out downstream calculations accordingly. This framework allows us to probe modern LLM behavior along
dimensions of both memorization and reasoning flexibility.
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Figure 4.0.1: Redefined reasoning pathways.

The objective of this chapter is to detail the key methodological components underlying our implementation
of the redefinition task. It includes the construction of task-specific datasets, the design and formulation
of prompt templates that span various strategies and formats, the evaluation metrics and methods applied
to assess model performance, the selection of LLMs for empirical analysis, and, finally, a description of the
infrastructure used to efficiently conduct our experiments.

4.1 Datasets

In this section, we describe how the datasets used in our experiments were constructed to explore the
performance of Large Language Models (LLMs) across different redefinition tasks. Our data consist of two
distinct components: (1) Redefinition of Scientific Constants, and (2) Redefinition of Units of Measurement.
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4.1.1 Redefinition of Scientific Constants Dataset

4.1.1.1 Selection of Constants

For the constant redefinition task, we selected 15 well-recognized mathematical and physical constants that
are frequently used in scientific calculations. These include the following: pi (7), Euler’s number (e), phi
(¢), the speed of light (c), the gravitational constant (G), Planck’s constant (h), the elementary charge (g.),

Avogadro’s number (Ny4), the Boltzmann constant (kp), the gas constant (R), the imaginary unit (i), the
square root of 2 (v/2), infinity (c0), the vacuum electricity permittivity (ep) and zero.

4.1.1.2 Redefinition Scenarios

In general, by "redefining" a constant, we mean simply substituting its standard value with an alternative
one. Based on these new values, we define two types of redefinition, each involving its own progression of
difficulty, designed to rigorously test model adaptability. Table 4.1 presents the redefinitions applied to the
selected constants across all types and difficulty levels.

e Assignment (R,): Involves directly assigning a randomly selected new value to a constant, overriding
the default one.

1. Minor Perturbation (R,1): Slightly alters the constant’s default value (e.g., "Redefine 7 as
4.5") to examine how LLMs handle deviations within a plausible range.

2. Significant Deviation (R,2): Assigns a value that differs from the actual one by orders of
magnitude (e.g., "Redefine 7 as 500") to test the models’ flexibility over substantial variance.

3. Extreme and Unrealistic Values (R,3)): Uses values that seem physically implausible or
nonsensical in the real world (e.g., "Redefine 7 as -10") to observe LLMs’ behavior in extreme and
irrational scenarios.

e Swapping (R;): Replaces the established value with that of another constant.

1. Simple Swap (R;1): Interchanges values between constants with similar order of magnitude
(e.g., "Redefine 7 as ¢").

2. Complex Swap (R;2): Interchanges constants with drastically different values (e.g., "Redefine
7 as the Planck’s constant").

Actual value Unit R,1 R.2 R.3 R R.2

T 3.14159 - 4.5 500 —-10 é h
e 2.71828 - 9 1300 1.5x107'2 | pi kg
¢ 1.61803 - 3.6 321 —2.2 e Na
c 299,792, 458 m/s 2.3 x 108 10 —4 % 108 Ni  qe
G 6.674 x 10711 m3/kg * s 1.1 x 1071 50 —525 e pi
h 6.626 x 10734 Jxs 5x 10733 482 —0.2 kp &
e 1.602 x 1071° ] 24x1072t 3 x10? 3 x 10%° €0 T
Na 6.022 x 1023 mol ! 8.23 x 10% 75 -1 R e
kg 1.380649 x 10722 J/K 4.56 x 10724 80 -99x107% | e«  pi
R 8.314 J/(mol * K) 13 3500 —400 7 c
i V-1 - V=2 \/—100 1 o R
2 1.41421356 - 5 31.62 -2 ™ €o
00 infinity has no value - 1010 100 -1 c Qe
€o 8.854 x 10712 F/m 9.3 x 10710 35 3 x 10'2 G ¢
zero 0 - -1 100 5 x 1030 h c

Table 4.1: Varying levels of difficulty for constant redefinitions (assignments and swaps).
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4.1. Datasets

4.1.1.3 Question Levels

Q1 Q2 Qs

7 What is the first What is # multiplied by 37 What is the Earth’s surface area?
digit of pi?

e What is the first What is e2? If a population grows continuously at a rate of 5%
digit of e? per year, by what factor will it increase in 10 years?

¢  What is the first What is 5% ¢ — 27 If a rectangle has sides in the golden ratio and the
digit of phi? longer side is 8 cm, what’s the length of the other

side?

c How far does How much time (in sec) does What is the energy equivalent of 8 grams of mass?
light travel in one it take light to travel a
second? distance of 100 million km?

G What is the first What the gravitational If two 15 kg masses are placed 2 meters apart,
non-zero digit of constant multiplied by 77 calculate the gravitational force between them.
the gravitational
constant?

h  What is the If the frequency of a photon is In the photoelectric effect, if a metal has a work
first non-zero 4 Hz, what is its energy? Use function of 4.5 x 107'°J, what is the minimum
digit of Planck’s the formula E = h x v. frequency of light required to eject an electron from
constant? the metal surface?

ge What is the first If an electron has a charge of A capacitor stores a charge of 3.2 x 10™!® coulombs.
non-zero digit of —e, what is the charge of two = How many elementary charges e are equivalent to this
the elementary electrons? amount of charge?
charge?

Na What is the How many atoms are there in  Calculate the number of molecules in 54grams of
first digit of 1mol of any element? water (molar mass of water is ~ 18g/mol).
the  Avogadro’s
number?

ks What is the first Calculate the energy  What is the temperature at which the average kinetic
non-zero digit of associated with a temperature energy of a particle is 1.9 x 10721 J?
the Boltzmann of 300 K for a particle using
constant? the formula F = kT.

R What is the first What is the gas constant If you have 2 moles of an ideal gas at a temperature

digit of the gas
constant?

What is the value
of 327

divided by 27

What is the value of 37

of 300K, what is the pressure (in Pa) if the volume
is 10liters?
If 22 =144 and 22 = 1 — 4, calculate 21 - 22.

V2 What is the Calculate the value of squared If one side of a square is 5 units long, what is the
first digit of the root of 2 multiplied by 3. length of the diagonal of the square?
squared root of What is it approximately?
27

What is the value
of infinity?

What is the limit of 1/x as x
approaches infinity?

What is the horizontal asymptote of the function
f(z) = (5z + 30000)/(z + 1000), z > 07

€0 What is the first If you add the value of Calculate the electric force between two charges ¢1 =
non-zero digit of vacuum electric permittivity 3upC and g2 = 5uC separated by 12m in a vacuum.
vacuum electric  to itself, what do you get?
permittivity?

zero What is  the What is 300 multiplied by If y = sin(z)/xz, what is the limit of y as = approaches

absolute value of
zero?

zero?

0?7

Table 4.2: Questions of three difficulty levels (Q1, Q2, @3) for units of measure.

In addition to the redefinition levels, we formulated three tiers of increasingly difficult questions to compare
LLM performance across inquiries of varying complexity. All questions related to constant redefinitions are
demonstrated in Table 4.2. The question levels are as follows:
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Chapter 4. Methodology

1. Basic Recall (Q;): In Level 1 of question difficulty, we request an answer that can be extracted
directly from the constant’s value itself (original or redefined). The mainly asked question across this
level is "What is the first non-zero digit of {constant}?", where the correct answer is the leftmost digit
of the constant’s absolute value, ignoring leading zeros in the case of decimal fractions. For example,
the answer of "What is the first non-zero digit of 77" is "3" for #’s original value (3.14159) and "5"
when 7 is redefined as 500.

2. Simple Computation (Q2): In the second level of difficulty, the model is prompted to execute a
relatively simple mathematical computation regarding the real or redefined value of the constant in
question (e.g., "What is 7 multiplied by 3?").

3. Multi-Step Reasoning (Qj3): The most difficult questions challenge the LLMs to solve a more
complicated mathematical or physical problem that requires multi-hop reasoning. These often involve
intricate calculations, the retrieval of relevant scientific equations, or additional domain knowledge. For
example, to answer the question "What is the Earth’s surface area?" the model must recall the Earth’s
radius and apply the formula for the surface area of a sphere (A = 4rr?), substituting 7 with the
corresponding value.

4.1.2 Redefinition of Units of Measure Dataset

4.1.2.1 Selection of Units

For the second redefinition task, we chose the well-defined domain of units of measurement. Specifically, we
selected key units across the following fundamental quantities: time (minutes-min), weight (kilogram-kg),
length (meter-m) and light-year (ly), temperature (Kelvin-K), volume (milliliter-mL), energy (calorie-cal),
pressure (atmosphere-atm), voltage (Volt- V'), frequency (megaHz-MHz), force (newton-N ), magnetic flux
density (Tesla-T'), area (hectare-ha), illuminance (lux-lz), and information storage (byte-B).

4.1.2.2 Redefinition Scenarios

Unlike constants, units of measurement are not associated with a specific numerical value that a model can
recall. Therefore, "redefinition" in this context entails modifying the unit’s relationship with its derived
counterparts for the same physical quantity. For example, a possible redefinition of minutes would involve
altering their relationship with seconds, such as "Redefine 1 minute as 100 seconds" (instead of 60 seconds).
Given this approach, the swapping scenario is impractical. However, for the Simple Assignment case, we
designed three escalating levels of modification, similar to the constants dataset:

1. Slight Adjustments (R,1): Slightly modifying the standard conversion from one unit to its derived
counterpart (e.g., "Redefine 1 minute as 100 seconds").

2. Significant Deviation (R,2): Drastically changing the scaling between units and their derived
counterparts (e.g., "Redefine 1 minute as 5 x 10% seconds").

3. Unrealistic Redefinitions (R,3): Redefining the relationships between units of measure in a way
that results in contradictory and insensible scenarios (e.g., "Redefine 1 minute as -50 seconds").
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4.1. Datasets

Unit Derived unit Actual value Ra1 R.2 R.3

1 min seconds (sec) 60sec 100sec 5 x 10%sec —50sec
1 kg grams (gr) 1000gr 900gr 10~ Hgr —100gr
1m centimeter (cm) 100cm 60cm 310'0cm —200cm
K Celsius degrees (°C) °C'+273.15 | °C+ 300 °C+1 100 * (°C) + 500
1 mL cubic centimeter (cm?) lem? 2cm? 10000cm? —10em?
1 cal Joule (J) 4.184J 9J 1500J —5J

1 atm Pascal (Pa) 101,325Pa | 215,000Pa 0.55Pa —5000Pa
1V milivolt (mV) 1000mV 500mV 410°mV —10mV
1 MHz Hertz (Hz) 10°H 2 10°Hz 2Hz ~10*Hz
1N millinewton (mN) 1000mN 900mN 210'5mN —3000mN
1 kW Watt (W) 1000W 1500W 5107°W —30W
17T millitesla (mT) 1000mT 600mT 10%3mT —90mT
1 ha square meter (m?) 10, 000m? 10, 500m2 310 *m? —25m?
1l lumen per m? (Im/m?) 1Um/m? 0.5lm/m?*  1000lm/m? —19lm/m?
1ly Trillion/Billion km 9.461Tkm 9.461Bkm 10m —2Tkm
1B bit (b) 8b 10b 610%b —4b

Table 4.3: Redefinitions of unit scaling between base and derived units.

4.1.2.3 Question Levels

As in the constant’s case, we followed a multi-tiered approach to ensure comprehensive testing by introducing
three different levels of question difficulty. Table 4.4 includes all the questions used in the unit of measure
redefinition task.

1. Direct Conversion (Qq): For the first level of difficulty, the model is instructed to answer a simple
question that directly tests its understanding of the conversion rule linking the base unit with its derived
counterpart. To exclude overly simple cases, instead of asking "How many seconds are in 1 minute?",
which is essentially a rephrased question of "Redefine 1 minute as 100 seconds.", we incorporate a basic
calculation, such as "How many seconds are in 2 minutes?".

2. Applied Use (Q2): At the next level of question difficulty, we again query a relatively simple
calculation, but now in the form of an easy physics problem and given minimal context, to test LLMs’
ability to apply the new information to an undemanding reasoning task (e.g., "A stopwatch runs for 3
and a half min. How many sec does it count?").

3. Complex Reasoning (Qs): At the third level, similar to the constants case, questions become
more challenging physical problems requiring multiple reasoning steps and complex mathematical
calculations. For example, a problem designed to assess model flexibility to adapt to altered knowledge
about the scaling between minutes and seconds is the following: "A marathon runner runs at a speed
of 170 m/min. How many seconds will it take them to complete a 42-km race?".

4.1.3 Question Formats

In both the constant and unit redefinition cases, we implemented two question formats: free-form generation
and multiple choice.

e Free-Form (FF): In the Free-Form response format, the LLM model is required to answer the question
by generating an open-ended response without any predefined options.

e Multiple Choice (MC): For each question, the model is given 4 different possible answers (A, B, C
and D) and is prompted to choose the correct one. The options include: the baseline answer without
redefinition, the correct answer under redefinition, and two other sufficiently challenging distractors.
For example, for the question "What is the first digit of 77" under the redefinition "Redefine 7 as
4.5", four options could be: {A: 2 (distractor), B: 3 (baseline answer), C: 4 (correct answer), D: 5
(distractor)}.
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Q1

Q2

Qs

min How many sec are
in 2 min?

kg How many gr are

in 2 kg?

m  How many cm are

in 2 m?
K What is the
K  temperature

when it is 0°C?
mL How many mL
are in 1 em3?

cal How many J are

in 3 cal?
atm How many Pa are
in 2 atm?

V. How many mV
arein 5 V7

MHzHow many Hz are
in 2 MHz?

N How many mN
are in 2 N?

kW How many W are

in2 kW?

T How many mT
arein 3 T7

ha What is the area

of 2 ha in m??

lx  How many [z are
equivalent to 4
Im/m??

ly How many km are
in 2 ly?

B  How many b are
in 3 B?

A stopwatch runs for 3 and a
half min. How many sec does
it count?

A person weighs 72 kg. What
is the persons weight in gr?

track has a

of 400 m.
What is its diameter in em?
Water boils at 100°C. What is
its boiling point in K?

A circular
circumference

If you have a container that
holds 1,250 mL of liquid, how
many cm?® of liquid can it
hold?

A person burns 200 J of
energy while jogging. How
many cal did they burn?

A diver is 100 m below the
surface of the ocean where the
pressure is 152,300 Pa. How
many atm of pressure are they
experiencing?

A circuit is powered by 30,000
mV. How many Vis this?

An oscillator operates at 4
MHz. What is the period of
the wave in sec?

A person applies a force of
24 N to a cart with a mass
of 3 kg. What is the is the
force applied to the cart by
the person in mN?

A lightbulb consumes 900 W
of power. How many kW is
this?

A coil generates a magnetic
field of 300 mT. What is this
field strength in T'7

A park has an area of 86,000
m?.  How many ha is the
park?

A workspace is illuminated at
a level of 6 lz. What is the
illumination in Im/m??

The Andromeda Galaxy is
approximately 23 ly from
Earth. What is this distance
in km?

If a document is 8,000 b in
size, how many B does it
occupy?

A marathon runner runs at a speed of 170 m/min.
How many sec will it take them to complete a 42-km
race?

A vehicle’s engine weighs 650 kg. If 15% of the weight
is aluminum, what is the weight of the aluminum in
gr?

If a rectangular field is 50 m long and 30 m wide,
what is its area in cm??

At a certain point in time, the temperature of a black
hole’s event horizon is measured to be 20°C. If the
temperature in °C decreases by 30% after an event,
what is the new temperature in K7

A spherical ball has a radius of 10 ¢m. What is its
volume in mL?

A car burns 3,400 J of fuel every min. If the car runs
for 2 hours, how many cal does it burn?

A pressurized gas tank holds a gas at a pressure of
150,000 Pa. If the gas occupies a volume of 4 m>
at this pressure, and the gas is suddenly released to 2
atm, what will be the new volume of the gas? Assume
temperature and the number of gas molecules remain
constant and use Boyle’s Law.

A battery supplies 100,000 mV to a device. If the
device operates with a resistance of 20 ohms, what is
the current (in Amperes) flowing through the device
using Ohm’s Law?

A circuit has a signal with a frequency of 6 MHz.
What is the wavelength of the signal if the speed of
light is approximately 3 x 10% m/s?

A 10-kg object is pulled with a force of 4,300 mN.
What is the acceleration of the object (m/s?)?

A factory uses 12 kW for 10 hours per day for 30 days.
What is the total energy consumption in watt-hours?

A particle moves through a magnetic field of 3,600
mT with a charge of 2 x 107% C and a velocity of 10°
m/s. What is the magnetic force on the particle?

A triangular plot of land has a base of 300 m and a
height of 350 m. How many ha is the plot?

A light source emits 300 Im uniformly over a circular
area with a radius of 10 m. What is the average
illumination in lx over this area?

A black hole is 150 ly away. If light travels at a speed
of 0.3 billion km/s, how long would it take for light
to travel this distance in sec?

A 1-min high-definition video uses a data rate of 8 x
10° B/sec. How many b does the video consume in
total?

Table 4.4: Questions of three difficulty levels (Q1, Q2, Q3) for units of measure.
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4.2. Metrics and Evaluation

4.1.4 Dataset Format and Implementation

Each dataset is formatted as a .csv (comma-separated values) file and, for every selected constant or unit of
measure contains the following fields:

e Selected constant or unit of measure
e Original definition (value or scaling)

e Generated question

e Redefined values or scalings

e Baseline answer (without redefinition)
e Correct answers under redefinition

e Answer options A, B, C, D (for MC format)

All redefinitions, questions, and distractors for the multiple-choice format were manually crafted with the
assistance of ChatGPT!. For each of these elements, we prompted ChatGPT to suggest multiple candidate
options, from which the most suitable ones were carefully selected and edited as needed to best fit the
conceptual criteria of our study.

4.2 Metrics and Evaluation

To evaluate model performance under the No Redefinition (NR) and Redefinition (R) tasks, we categorize
generated responses into four types:

e No Redefinition (NR) Correct Responses: These responses correspond to cases where the LLM
correctly answers under the No Redefinition (NR) task, indicating that the model actually possesses
the knowledge prior to any alteration of the constant’s true value (or units’ scaling). They establish a
baseline for knowledge recall.

e Anchored Responses: These are the instances where the LLM, under the Redefinition (R) task,
produces the answer that was correct before any redefinition (therefore incorrect after). This means
that the model completely disregarded the redefinition instruction, anchoring to its previous knowledge.
For example, if the question is "What is the first digit of 77" under the redefinition "Redefine 7 as 4.5.",
the output "3" is considered the Anchored Response, because 7’s well-known pre-redefinition value is
"3.14159".

e Correct Responses: Cases where the LLM fully understands the redefinition and manages to answer
the question accordingly. In the previous example of 7’s redefinition, the Correct Response would be
the number "4".

e Completely Wrong Responses In these cases, the LLM generates blank, inconsistent, nonsensical,
or entirely incorrect responses unrelated to either prior or post-redefinition knowledge and that not
fit any of the other three categories. Here are also included instances where the model completely
refuses to perform the redefinition, claiming that this task is meaningless, impossible, or even against
its guidelines.

Lhttps://chatgpt.com/
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After mapping the responses to their respective categories, we calculated the corresponding rates, which serve
as key metrics to capture the abilities and behavioral tendencies of LLMs as they emerge across different
experimental scenarios, model architectures, and sizes. In our analysis, we primarily focus on the Anchored
Responses rates—or anchoring rates—as they are the ones that best reveal the dominance of memorized
knowledge over true task-specific reasoning. Within the Completely Wrong category, we also systematically
differentiate between blank outputs, incorrect results, and outright refusals to respond, to better understand
the nature of model errors under redefined contexts. Particular emphasis is placed on the refusal rates,
which—compared to the other two response types—offer insight on the models’ confidence, or overconfidence,
in either producing an answer or justifiably abstaining from one.

In addition to the aforementioned evaluation measures, we used correlation as a complementary metric
to offer further perspective on the relationship between model knowledgeability and behaviors of interest.
Correlation is a statistical measure that quantifies the extent to which two variables are linearly related. In
other words, it expresses how changes in one variable are associated with changes in another, capturing
both the strength and direction of this relationship. Its values can range from -1 to 1. A coefficient
close to 1 describes a strong positive correlation, or a direct relationship, where an increase (or decrease)
in one series indicates an increase (or decrease) in the other as well. In opposition, a value close to -1
shows a strong negative, or inverse, correlation, which means that when one variable increases the other
declines, and vice versa. Values around 0 suggest little or no linear relationship between the two variables.
Specifically, we measured correlations between the correct response accuracies of the No Redefinition case
and the post-redefinition anchoring or refusal rates.

4.3 Prompting Details

Aiming to probe LLMs’ ability to integrate redefined concepts and reason accordingly, we designed a diverse
set of prompts utilizing varied techniques under different condition types. The three main prompting
categories are: (1) No Redefinition Prompts, (2) Redefinition Prompts, and (3) Evaluation Prompts. Each
category includes prompts for both Free-Form (FF) and Multiple Choice (MC) response format, with
variations across Zero-Shot (ZS), Chain-of-Thought (CoT), and Few-Shot (FS) prompting strategies.

4.3.1 No Redefinition Prompts

Before introducing the Redefinition Task, we designed corresponding No Redefinition (NR) prompts to
establish a baseline for how accurately the models can answer questions involving knowledge of scientific
constants and units of measurement.

Free-Form Format

The prompt templates for the NR task in the Free-Form response format are presented in Table 4.5.
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Strategy Prompt

Answer the following question:
{question}
ZS
End the response with the phrase "The final answer is: " followed only by the correct result,
with no additional text or commentary.

Answer the following question:
{question}

CoT Let’s think step by step.

End the response with the phrase "The final answer is: " followed only by the correct result,
with no additional text or commentary.

Answer the following question:
{question}

Here are some examples of similar questions with their correct answers:
FS
{NR_FF_ EXAMPLES}

End the response with the phrase "The final answer is: " followed only by the correct result,
with no additional text or commentary.

Table 4.5: NR prompts for FF format across ZS, CoT and FS prompting strategies.

Each of the three templates includes a question variable, which is replaced during experimentation with
the specific query the model is expected to answer. Meanwhile, the NR _FF EXAMPLES field supplies
a predefined set of question-answer pairs that serve as demonstrations in Few-Shot (FS) prompts. The
following question-answer examples were consistently used across all Free-Form trials in the No Redefinition
task experiments, for constants and units of measurement respectively:

e NR FF EXAMPLES for Constant NR task:

1. Question: What is 10*tau?
Answer: 62.83

2. Question: What is one percent of 507
Answer: 0.5

3. Question: What is the first digit of vacuum magnetic permeability?
Answer: 1

e NR_FF_EXAMPLES for Unit NR task:

1. Question: How many hours are in 2 days?
Answer: 48

2. Question: How many radians are in a full circle?
Answer: 2%pi

3. Question: A lightbulb has a resistance of 50 ohms. What is its resistance in milliohms?
Answer: 50,000

To eliminate unnecessary text, additional explanations, and commentary, we explicitly instructed the model
to end each response by saying the phrase "The final answer is: " and then provide the correct answer
concisely. This strict output format ensures consistency among different models’ responses and facilitates the
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next phase of response handling and evaluation. This approach is systematically employed in all NR and R
prompt templates.

Multiple Choice Format

The No Redefinition prompt templates for the Multiple Choice (MC) response format are structured similarly
to those for the Free-Form (FF) format, with necessary adjustments to guide the model in selecting an answer
from the provided options. Table 4.6 demonstrates the NR prompt templates for the MC format.

Strategy Prompt

Choose A, B, C or D to answer the question:

Question: {question}

A: {A}
B: {B}
ZS C: {C}
D: {D}
Provide only the letter corresponding to the correct answer: "A", "B" "C" or "D". End
the response with the phrase "The final answer is: " followed by the correct letter, with no
additional text or commentary.
Choose A, B, C or D to answer the question:
Question: {question}
A: {A}
B: {B}
C: {C}
CoT D: {D}
Let’s think step by step.
Provide only the letter corresponding to the correct answer: "A", "B" "C" or "D". End
the response with the phrase "The final answer is: " followed by the correct letter, with no
additional text or commentary.
Choose A, B, C or D to answer the question:
Question: {question}
A: {A}
B: {B}
C: {C}
D: {D}
FS

Here are some examples of similar questions with their correct answers:
{NR_MC _ EXAMPLES}

Provide only the letter corresponding to the correct answer: "A", "B" "C" or "D". End
the response with the phrase "The final answer is: " followed by the correct letter, with no
additional text or commentary.

Table 4.6: NR prompts for MC format across ZS, CoT and FS prompting strategies.

Here, in addition to the question variable-identical to the one used in the FF case-we introduce the variables
A, B, C and D, which represent the four distinct options from which the model is instructed to select the
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correct one. Moreover, the NR_MC EXAMPLES set includes the same question-answer examples as
before, but reformatted for the Multiple Choice setting:

e NR_MC EXAMPLES for Constant NR task:

1. Question: What is 10*tau?
A:3.14
B: 62.83
C: 90
D:9
Answer: B

2. Question: What is one percent of 507
A: 0.5
B: 5
C: 10
D: 50
Answer: A

3. Question: What is the first digit of vacuum magnetic permeability?
Al
B: 2
C:3
D: 4
Answer: A

e NR FF EXAMPLES for Unit NR task:

1. Question: How many hours are in 2 days?
A: 10
B: 20
C: 24
D: 48
Answer: D

2. Question: How many radians are in a full circle?
A: pi
B: 2*pi
C: 180
D: 360
Answer: B

3. Question: A lightbulb has a resistance of 50 ohms. What is its resistance in milliohms?
A: 5,000 milliohms
B: 10,000 milliohms
C: 50,000 milliohms
D: 100,000 milliohms
Answer: C

4.3.2 Redefinition Prompts

We constructed Redefinition Prompts to investigate how LLMs respond to redefined knowledge, using a
structure that mirrors the No Redefinition templates but adding the instruction "Redefine {X} as {Y}",
placed at the beginning of each prompt.

Free-Form Format

The prompt templates for the Redefinition task regarding the Free-Form (FF) response format are included
in Table 4.7.
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Strategy Prompt

Redefine {X} as {Y}. {question}
ZS

End the response with the phrase "The final answer is: " followed only by the correct result,

with no additional text or commentary.

Redefine {X} as {Y}. {question}

CoT Let’s think step by step.

End the response with the phrase "The final answer is: " followed only by the correct result,

with no additional text or commentary.

Redefine {X} as {Y}. {question}

Here are some examples of similar questions with their correct answers:

Fs {R_FF_EXAMPLES}

End the response with the phrase "The final answer is: " followed only by the correct result,

with no additional text or commentary.

Table 4.7: R prompts for FF format across ZS, CoT and FS prompting strategies.

In the Redefinition prompting templates, we incorporate two additional variables: 1) X: which corresponds
to the original entity being redefined and 2) Y: which represents the newly assigned value for entity X. For

example, for X=7 and Y=500, the instruction becomes "Redefine 7 as 500".

The R_FF EXAMPLES question-answer pairs consist of the same questions used in the NR case, but

with answers that reflect the corresponding redefinitions.
e R FF EXAMPLES for Constant Redefinition task:

1. Question: Redefine tau as 9. What is 10*tau?
Answer: 90

2. Question: Redefine one as 10. What is one percent of 507
Answer: 5

3. Question: Redefine vacuum magnetic permeability as 4.56 x 10~7 N/A%. What is the first digit

of vacuum magnetic permeability?
Answer: 4

e R FF EXAMPLES for Unit Redefinition task:

1. Question: Redefine 1 day as 10 hours. How many hours are in 2 days?
Answer: 20

2. Question: Redefine 1 degree as 0.5 radians. How many radians are in a full circle?
Answer: 180

3. Question: Redefine 1 ohm as 200 milliohms. A lightbulb has a resistance of 50 ohms. What is its

resistance in milliohms?
Answer: 10,000

Multiple Choice Format

The Redefinition task prompt templates for the the Multiple Choice (MC) response format are shown in

Table 4.8.
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Mode Prompt

Redefine {X} as {Y}. Choose A, B, C or D to answer the question:

Question: {question}
A: {A}
B: {B}
zs  C:{C}
D: {D}

Provide only the letter corresponding to the correct answer: "A", "B" "C" or "D". End the
response with the phrase "The final answer is: " followed by the correct letter, with no additional
text or commentary.

Redefine {X} as {Y}. Choose A, B, C or D to answer the question:

Question: {question}
A: {A}
B: {B}
C: {C}
CoT D:{D}

Let’s think step by step.
Provide only the letter corresponding to the correct answer: "A", "B" "C" or "D". End the

response with the phrase "The final answer is: " followed by the correct letter, with no additional
text or commentary.

Redefine {X} as {Y}. Choose A, B, C or D to answer the question:

Question: {question}
A: {A}
B: {B}
C: {C}
D: {D}
FS

Here are some examples of similar questions with their correct answers:
{R_MC_ EXAMPLES}

Provide only the letter corresponding to the correct answer: "A" "B" "C" or "D". End the
response with the phrase "The final answer is: " followed by the correct letter, with no additional
text or commentary.

Table 4.8: R prompts for MC format across ZS, CoT and FS prompting strategies.

Finally, the examples used for the redefinition of constants and units of measurement under
Few-Shot prompting are appropriately formatted for multiple-choice question answering in the
R _MC EXAMPLES set.

e R MC_ EXAMPLES for Constant Redefinition task:

1. Question: Redefine tau as 9. What is 10*tau?
A:3.14
B: 62.83
C: 90
D:9
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Answer: C

2. Question: Redefine one as 10. What is one percent of 507
A: 05
B:5
C: 10
D: 50
Answer: B

3. Question: Redefine vacuum magnetic permeability as 4.56 x 10~7 N/A%. What is the first digit
of vacuum magnetic permeability?
A:l
B: 2
C:3
D: 4
Answer: D

e R FF EXAMPLES for Unit Redefinition task:

1. Question: Redefine 1 day as 10 hours. How many hours are in 2 days?
A: 10
B: 20
C:24
D: 48
Answer: B

2. Question: Redefine 1 degree as 0.5 radians. How many radians are in a full circle?
A: pi
B: 2%pi
C: 180
D: 360
Answer: C

3. Question: Redefine 1 ohm as 200 milliohms. A lightbulb has a resistance of 50 ohms. What is its
resistance in milliohms?
A: 5,000 milliohms
B: 10,000 milliohms
C: 50,000 milliohms
D: 100,000 milliohms
Answer: B

4.3.3 Evaluation Prompts

To appraise the initial LLM model’s performance on both the No Redefinition and Redefinition tasks, we
leverage a separate LLM as an evaluator. We specifically designed prompts to categorize model outputs
into Correct Responses, Anchored Responses, and Completely Wrong Responses, enabling us to compute the
corresponding percentages. Within the Completely Wrong Responses category, we further classify the model
errors as incorrect results, blank answers, or refusals to answer.

No Redefinition Evaluation

For the No Redefinition part, we instruct the evaluator model to compare the model’s response (Ilm _answer)
to the correct answer (real answer) using the following prompt.

You are tasked with comparing two answers: one provided by an LLM (the "LLM answer") and the correct
answer (the "real answer"). Your job is to determine if the LLM answer matches the real answer.
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The comparison should strictly focus on whether the LLM final answer conveys the same meaning
or provide the same information as the correct answer. Minor differences in phrasing, wording, or
structure are acceptable as long as the core meaning remains identical. For numerical results, differences due
to rounding are acceptable as long as the values are reasonably close and within an acceptable margin of error.

**Instructions:**

1. Compare the LLM answer to the real answer carefully.

2. If the LLM answer matches the real answer, output:
correct

3. If the LLM answer does not match the real answer, output:
incorrect

Do not output explanations, justifications, or any additional text — only the word "correct" or "incorrect".

**LLM Answer:**
{llm _answer}

**Real Answer:**
{real answer}

**OQutput:**

Redefinition Evaluation

Here, the model is prompted to compare the generated response (Ilm__answer) to the correct answer both
before (reference answer 1) and after (reference answer 2) the redefinition, in order to distinguish
between Correct, Anchored, and Completely Wrong.

You are tasked with comparing an answer provided by an LLM (the "LLM answer") to two reference
answers: "Reference Answer 1" and "Reference Answer 2". Your job is to determine if the LLM answer
matches either of the two reference answers.

The comparison should strictly focus on whether the LLM final answer conveys the same meaning or
provides the same information as one of the reference answers. Minor differences in phrasing, wording, or
structure are acceptable as long as the core meaning remains identical. For numerical results, differences due
to rounding are acceptable as long as the values are reasonably close and within an acceptable margin of error.

**Instructions:**
1. Compare the LLM answer carefully with "Reference Answer 1" and "Reference Answer 2".
2. If the LLM answer matches "Reference Answer 1", output:

first

3. If the LLM answer matches "Reference Answer 2", output:
second

4. If the LLM answer matches neither of the two, output:
none

Do not output explanations, justifications, or any additional text — only the words "first", "second", or
"none".
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**LLM Answer:**
{llm answer}

**Reference Answer 1:**
{reference answer 1}

**Reference Answer 2:**
{reference answer 2}

**Output:**

Multiple Choice Evaluation

For the Multiple Choice case, where the answers are represented by option letters (A, B, C, or D), we adjust
the comparison prompt accordingly. Instead of matching the full textual answer to known correct answers,
the evaluator is asked to determine whether the letter selected by the LLM matches the labeled option
corresponding to either the correct post-redefinition answer or the original answer.

You are tasked with comparing an answer provided by an LLM (the "LLM answer") to two reference
answers: "Reference Answer 1" and "Reference Answer 2". Your job is to determine if the LLM answer
matches the letter of either of the two reference answers (A, B, C, or D).

**Instructions:**
1. Compare the LLM answer carefully with "Reference Answer 1" and "Reference Answer 2".
2. If the LLM answer matches "Reference Answer 1", output:

first

3. If the LLM answer matches "Reference Answer 2", output:

second

4. If the LLM answer matches neither of the two, output:

none

Do not output explanations, justifications, or any additional text — only the words "first", "second", or
"none".

**LLM Answer:**
{llm _answer}

**Reference Answer 1:**
{reference answer 1}

**Reference Answer 2:*¥*
{reference answer 2}

**Output:**
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Wrong Responses Analysis

We further analyze the Completely Wrong Responses to investigate the underlying causes of errors.
Specifically, we distinguish between three subtypes: Wrong Result, Refusal to Answer, and Blank Answer.

You are tasked with analyzing an LLM answer that does not match either of two reference answers:
"Reference Answer 1" and "Reference Answer 2". Your job is to classify the LLM answer into one of the
following categories:

1. **Wrong Answer**: The LLM provided an incorrect response to the question, either factually or logically.
2. **Blank Answer**: The LLM provided no substantive response, leaving the answer blank or completely
empty.

3. **Refusal to Answer™*: The LLM explicitly refused to answer the question, citing reasons such as the
question being nonsensical, impossible to answer, or against its guidelines.

**Instructions:**

1. Analyze the LLM answer and determine which of the three categories it belongs to.

2. If the LLM answer is a **Wrong Answer**, output:

wrong

3. If the LLM answer is a **Blank Answer®*, output:

blank

4. If the LLM answer is a **Refusal to Answer**, output:

refusal

5. If the classification is unclear, choose the category that best fits the content of the LLM answer.

Do not output explanations, justifications, or any additional text — only the words "wrong", "blank", or
"refusal".

**LLM Answer:**
{llm _answer}

**Reference Answer 1:**
{reference answer 1}

**Reference Answer 2:**
{reference answer 2}

**OQutput:**

4.4 LLM selection

In this study, we conducted a comparative assessment of 19 Large Language Models (LLMs) drawn from
various state-of-the-art model families, chosen to represent a diverse set of parameter sizes and architectural
designs. This selection was intended to allow for a thorough investigation of how current language models
respond to scenarios involving redefinitions of foundational entities, with particular interest in the relationship
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between model scale—specifically the number of parameters—and reasoning abilities, flexibility, confidence, and
memorization.

The following language models were used in our experiments:
¢ Llama (8B, 70B, 405B)
e Mistral (7B, Mixtral 8x7B, Large)
e Claude (Instant v1, v2, 3 Opus, 3 Haiku, 3.5 Sonnet, 3.7 Sonnet)
e Command (Light Text, Text, R, R+)
e Titan (Text Lite, Express, Tgl)

For the evaluation process, we employed Claude 3.5 Sonnet as the LLM evaluator.

4.5 Experimental setup

Experiments for the No Redefinition and Redefinition tasks, as well as the evaluation of LLM responses, were
conducted within Kaggle Notebooks?. This environment ensured a structured and reproducible workflow
for experimentation. To enhance computational efficiency, we utilized NVIDIA T4 Tensor Core GPUs
(T4x2 configuration), available within the Kaggle infrastructure, which was essential for significantly reducing
runtime and enabling the handling of large-scale LLMs.

All models listed in the previous section were accessed via AWS Bedrock 2, which is a cloud-based service
from Amazon Web Services (AWS) that enables the deployment of various foundation models (FMs) from
multiple providers. Access was established and authenticated through AWS Identity and Access Management
(IAM), ensuring secure API interactions.

2https:/ /www.kaggle.com/
Shttps://aws.amazon.com/bedrock/
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Chapter 5

Experimental Results

5.1 Results on constants redefinition

In this section, we present the findings of the experiments conducted for the constant redefinition task, in
which Large Language Models were challenged to override widely known predefined values of specific scientific
constants and adapt their reasoning processes accordingly.

5.1.1 Anchoring to default values

As outlined in Section 4.2, we specifically measured the Anchored Responses Rate, which directly captures
the extent to which models tend to rely on predefined knowledge, even when they are explicitly instructed
to disregard it. Table 5.1 displays these results for all tested LLMs, evaluated under the most difficult cases
of the two redefinition scenarios (assignment and swapping), as well as across the three levels of question
difficulty and the two response formats (Free-Form and Multiple Choice). These findings reflect performance
under the Zero-Shot prompting strategy only.

R.3 RS2

Model Q1 Q2 Q3 Q1 Q2 Q3

FF MC FF MC FF MC FF MC FF MC FF MC
Mistral7B 33.33 46.67| 33.33 26.67| 26.67 40.0 33.33 53.33 | 13.33 33.33 | 26.67 20.0
Mixtral8x7B 33.33 33.33 | 26.67 26.67 | 20.0 33.33 | 26.67 46.67 | 40.0 53.33| 46.67 73.33
Mistral Large (123B) | 33.33 20.0 26.67 26.67 | 53.33 66.67| 66.67 53.33| 46.67 40.0 73.33 66.67
Llama8B 0.0 26.67| 0.0 26.67| 13.33 33.33 | 20.0 13.33 | 26.67 40.0 20.0 20.0
Llama70B 6.67 13.33 | 0.0 0.0 13.33  40.0 33.33 46.67 | 13.33 46.67| 33.33 73.33
Llama405B 0.0 0.0 0.0 13.33 | 26.67 53.33| 26.67 46.67| 6.67 20.0 53.33 93.33
Titan lite 13.33  20.0 20.0 20.0 0.0 40.0 40.0 33.33 | 20.0 33.33 | 6.67 26.67
Titan express 20.0 26.67| 13.33 13.33 | 20.0 13.33 | 40.0 53.33| 20.0 20.0 33.33  26.67
Titan large 26.67 20.0 20.0 6.67 13.33 40.0 60.0 40.0 13.33 33.33| 33.33 20.0
Command r 0.0 6.67 20.0 33.33| 26.67 53.33| 53.33 13.33 | 20.0 6.67 33.33 46.67
Command r + 6.67 13.33 | 0.0 13.33 | 13.33 26.67 | 13.33 20.0 26.67 6.67 33.33  26.67
Command light text 6.67 13.33 | 13.33 20.0 0.0 40.0 13.33  20.0 26.67 20.0 | 13.33 13.33
Command text 13.33 20.0 6.67 6.67 6.67 26.67 | 40.0 26.67| 13.33 26.67 | 13.33 33.33
Claude opus 13.33 0.0 6.67 6.67 33.33 46.67| 46.67 40.0 | 20.0 26.67| 53.33 73.33
Claude instant 0.0 13.33 | 13.33 20.0 | 26.67 46.67 | 33.33 20.0 33.33  40.0 46.67 60.0
Claude haiku 20.0 13.33 | 6.67 0.0 20.0 20.0 26.67 6.67 20.0 20.0 40.0 53.33
Claude v2 26.67 13.33 | 20.0 0.0 46.67 40.0 13.33  40.0 33.33 20.0 40.0 66.67
Claude 3.5 Sonnet 26.67 13.33| 0.0 13.33 | 13.33 33.33 | 33.33 40.0 20.0 20.0 60.0 73.33
Claude 3.7 Sonnet! 0.0 0.0 0.0 6.67 13.33 13.33 | 33.33 20.0 6.67 20.0 40.0 33.33

Table 5.1: Anchoring response rate for all LLMs tested using ZS prompting for the most difficult cases in
assignment (R,3) and swapping (Rs2) redefinitions. The highest anchoring rate for each LLM family is
marked in bold.
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It is notable that across all different conditions, models are susceptible to anchoring to some degree. Even
in the Free-Form format, where the absence of options for possible answers completely removes any external
cues or biases—as well as the random choice factor—-LLMs from all model families score significantly high
anchoring rates. For example, Mistral Large produces a 73.33% rate, Titan Large and Claude 3.5 Sonnet
both generate 60% anchored responses in some cases, while Llama 405B and Command r also exceed the
50% threshold with a score of 53.33%. In the Multiple Choice case, even higher anchoring rates are observed.
More specifically, Llama 405B hits the extremely high score of 93.33%, while several other models produce
large anchoring rates, such as 73.33% or 66.67%. These findings suggest that anchoring behavior is a robust
phenomenon, not limited to specific model architectures or sizes.

To further investigate the underlying dynamics of the anchoring phenomenon, we calculate the correlation
between the No Redefinition (NR) accuracy and the post-redefinition Anchored Responses rate. These results,
averaged across all LLMs, are presented in Table 5.2. In this setting, a high negative correlation indicates
that models that respond correctly when asked about constants without any redefinition of their values are
less likely to adhere to default knowledge when redefinitions are introduced. On the contrary, a high positive
correlation means the exact opposite: that models with higher knowledgeability are more prone to fail to
override the predefined values during the Redefinition Task.

Level [ Ra1  R.2  R.3 [ R Rs2
Free-Form (FF)

Q1 [-0458 -0.071 0.008 [ 0.199 -0.016

Q2 | -0.502 -0.573 -0.472 | 0.107 0.019

Qs 0480  0.237  0.292 | 0.666  0.668

Multiple Choice (MC)

Q1 -0.642 -0.4 -0.344 | -0.052 0.025
Q2 -0.275  -0.316 -0.245 | 0.41 0.151
Q3 -0.063 = 0.457 @ 0.081 0.666  0.75
Table 5.2: Correlation between average NR correct response rate with anchored response rate for each
redefinition and question level in ZS setup. Cells in indicate a high positive correlation (> 0.3),
while cells in indicate a high negative correlation (< —0.3).

The correlation results expose an interesting pattern: simpler question levels are associated with negative
or relatively weaker correlation scores, which, as explained before, means that when models are capable of
dealing with easy or medium reasoning problems in the No Redefinition setting, they are also more likely
to handle correctly the user-defined reassignments, an encouraging indication that they are interpreting
the redefinition prompts appropriately. Interestingly, this relationship shifts markedly in the most difficult
question level, and especially in the swapping cases, where the highest positive correlations are observed. In
other words, models performing well under more challenging reasoning tasks in the original No Redefinition
setting tend to ignore redefinitions and thus fail on the corresponding tasks. This leads to a surprising
conclusion: LLMs that demonstrate stronger reasoning capabilities based on established world knowledge
appear more vulnerable to anchoring when challenged with highly counterintuitive tasks.

5.1.2 Inverse trends

While testing various models across different families, we observed a particularly compelling pattern: the
inability of LLMs to override default scientific values, apart from their reasoning strength, is greatly influenced
by the parameter size itself. Although larger models achieve higher accuracy scores on standard reasoning
tasks (such as the No Redefinition tasks), they also seem to demonstrate significantly greater anchoring
behavior across the Redefinition setup, meaning that they struggle to override deeply embedded factual
knowledge. Table 5.3 presents the correct response rates on the pre-redefinition questions alongside the
corresponding anchoring rates under the Free Form format and Zero-Shot prompting technique, for models

IWithout thinking module enabled for fair comparison.
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of varying sizes within the Mistral and Llama family. These results clearly illustrate this counterintuitive
trend, as, in several cases, especially in the most demanding scenarios, anchoring behavior increases with
LLM scale. For instance, Llama 70B produced anchored responses for 33.33% of the Q3 questions in the
hardest swapping scenario, while the much larger Llama 405B yielded a significantly higher score higher of
53.33%. A similar pattern is even more pronounced within the Mistral /Mixtral family, where Mixtral 8x7B
generated a 46.67% anchoring rate and Mistral Large (123B) reached a percentage of 73.33%, which is not
only extremely high on its own, but also represents a 57.1% relative increase over Mixtral 8x7B. Interestingly,
this score even surpasses the corresponding response accuracy in the No Redefinition task, which means that
the model produced the default answer (the one that results from the canonical value of the constant) more
often across the swapping scenario—where it is incorrect—than in the case where it is actually valid.

R.3 Rs2

Model Q1 Q2 Q3 Q1 Q2 Q3

NR FF NR FF NR FF NR FF NR FF NR FF
Mistral7B 66.67 33.33| 46.67 33.33| 33.33 26.67| 66.67 33.33| 46.67 | 13.33| 33.33 | 26.67
Mixtral8x7B 100.0 33.33| 66.67 26.67| 66.67 20.0 | 100.0 26.67| 66.67 40.0 | 66.67 = 46.67
Mistral Large | 93.33 33.33| 73.33 26.67| 53.33 53.33| 93.33 66.67| 73.33 46.67| 53.33 | 73.33
(123B)
Llama8B 80.0 0.0 80.0 0.0 53.33  13.33| 80.0 20.0 | 80.0  26.67| 53.33 | 20.0
Llama70B 93.33 6.67 | 80.0 0.0 80.0 | 13.33| 93.33 33.33| 80.0 13.33| 80.0 | 33.33
Llama405B 93.33 0.0 86.67 0.0 73.33 £ 26.67| 93.33 26.67| 86.67 6.67 | 73.33 | 53.33

Table 5.3: Correct response rate without redefinition (NR) versus post-redefinition anchoring rate in the
free-form (FF) format, for LLMs with known sizes using ZS prompting. Colored cells indicate elevated
anchoring with LLM scale.

This inverse phenomenon is very clearly illustrated Figures 5.1.1 and 5.1.2, which visualize how the anchored
responses rate alters as LLM size increases for models within the Llama and Mistral family, respectively. Both
figures correspond to the Multiple Choice response format, focusing on the @3-level questions regarding the
most difficult cases of the assignment and swapping redefinition scenarios. Each line in the plots represents a
different prompting strategy used for experiments—Zero-Shot, Few-Shot, and Chain-of-Thought—distinguished
by color. With only two exceptions, the resulting lines reveal an obvious upward trend, culminating in
strikingly high anchoring percentages, especially for the swapping redefinition type. These visualizations
provide strong empirical support for the finding that larger LLMs are more prone to exhibit elevated levels
of anchoring behavior, pointing to a striking case of inverse scaling.

Method

#Anchored Responses

8 70 405
Model Size (Billion Parameters)

Figure 5.1.1: Number of anchored responses for models of varying sizes in the Llama family (MC response
format).
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Figure 5.1.2: Number of anchored responses for models of varying sizes in the Mistral family (MC response
format).

To delve deeper into this paradoxical behavior, we present additional evidence in Figure 5.1.3, which focuses
on the Mistral family of LLMs and displays the distribution of all different types of generated responses—No
Redefinition Correct Responses, Anchored, Correct under Redefinition, and Completely Wrong—across all
redefinition scenarios, question difficulty levels, and prompting methods, using the Multiple Choice response
format. Once again, the anchoring phenomenon is unmistakably evident and seems to intensify not only
with task complexity but also with model scaling. Another intriguing discovery, also noted in Table 5.3,
is that in several cases the Anchored Responses rate exceeds—often by a large margin-accuracy score in
the No Redefinition setting. Particularly for the largest model at the @3 level, it consistently chooses the
correct-in-the-real-world option more frequently under the Redefinition setting, in which that answer is no
longer correct, than in the No Redefinition setting where it is. In addition, in many of the most demanding
redefinition reasoning problems, the models completely fail to identify the correct-under-the-redefinition
answer, yielding extremely weak or even equal to zero Correct Responses rates.
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(b) Response breakdown for Mistral Large (123B) before and after constant redefinitions.

Figure 5.1.3: Comparison of Mistral 7B and Mistral Large responses on the MC response format.
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A similar pattern is observed in the Llama models, as demonstrated in Figure 5.1.4, which compares the
different response rates for Llama 8B and Llama 405B. Notably, the number of anchored responses is once
again significantly higher in the larger model, especially under the most difficult conditions.
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(b) Response breakdown for Llama 405B before and after constant redefinitions.

Figure 5.1.4: Comparison of Mistral 7B and Mistral Large responses on the MC response format.

All these findings complicate the logical assumption that models with larger parameter scales are universally
more capable to handle all types of tasks. Even when we explicitly prompt them to adapt to new values,
larger LLMs, despite their generally stronger reasoning abilities, are more likely to prioritize internalized
knowledge and disregard external counterfactual instructions.

5.1.3 Response format

The choice between Free-Form and Multiple Choice formats for generated responses seems to deeply affect
model behavior. This comparison is demonstrated in Figure 5.1.5, which shows the percentages of each model
response type in the assignment and swapping redefinition scenarios of the Q3 questions, across the Mistral
and Llama model families. It is clear that the Multiple Choice format systematically leads to higher anchoring
rates in both cases. For instance, in the Free-Form setup Llama 70B and 405B generate anchored response
percentages of 33.33% and 53.33% respectively in the second swapping redefinition type, while, under the
same conditions, Multiple Choice climbs to 73.33% and 93.33%. The same pattern holds for Mistral models,
where Mixtral 8x7B anchors at 26.67% and 46.67% when asked to answer in a free-form way, but at 66.67%
and 73.33% when given possible options to choose from in the easier and harder swapping cases.
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Figure 5.1.5: Results for the different Mistral and Llama models on @3 questions using ZS prompting. The
order of the bars per redefinition type/level corresponds to increasing model size. The color coding is the
same as in Figure 5.1.3.

This disparity is not particularly surprising and can be attributed to the fundamental nature of each format.
In Free-Form question-answering, models are challenged to independently generate responses, without any
external cues or reinforcement. As a result, LLMs seem to rely more on the instructions given in the
redefinition prompt, which makes them more likely to reason accordingly rather than fall back on memorized
facts. On the other hand, Multiple Choice response format introduces pre-existing options that effectively
serve as cognitive traps. Among these, the default, pre-redefinition correct result evidently becomes the
most powerful distractor, as it is inherently associated with high correctness probability, built during model
pretraining. In other words, since LLMs are optimized to select high-probability token sequences, the Multiple
Choice setup amplifies their tendency to favor these familiar, statistically "safe" options when they "see"
them.

5.1.4 Assignment vs Swapping

In addition to the generated response format, a clear discrepancy emerges between the two redefinition
types: Assignment (R,) and Swapping (Rs). Experimental results indicate that swapping scenarios produce
significantly higher anchoring rates compared to assignment ones. Figure 5.1.6 provides a response breakdown
for all Llama 70B responses on (J1-level questions, where it is rather obvious that swapping values triggers
increased anchoring behavior across both response formats. More specifically, while this model maintains
strong performance on the simple assignment tasks when tested on the easier questions about constant
values—even achieving close or equal to zero anchored response rates (the highest is 13.33%)-its anchoring
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behavior escalates drastically in the swapping case, reaching a 46.67% percentage. A similar pattern is
observed with the Claude 3.5 Sonnet model across the most difficult question level, as shown in Figure 5.1.7.
In this case, correct response accuracy seemingly drops and average anchoring rates go up from 15.93% to
51.11%, when shifting from simple assignment to value swapping.
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Figure 5.1.6: Response breakdown for Llama 70B on Q)1-level questions across all prompting strategies.
Within each redefinition type/level, the bars are ordered as follows: Zero-Shot, Chain-of-Thought, and

Few-Shot.
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Figure 5.1.7: Response breakdown for Claude 3.5 Sonnet on (3-level questions across all prompting
strategies. Within each redefinition type/level, the bars are ordered as follows: Zero-Shot,
Chain-of-Thought, and Few-Shot.

We hypothesize that this phenomenon arises from the way memory associations are activated during
redefinitions. When a straightforward assignment is expected (e.g. "Redefine 7 as 500"), a single, widely
known entity is simply being replaced by a random number that does not trigger the model’s prior memory
mappings. This allows the model to focus on adjusting to this altered, entirely new concept of each constant.
In contrast, in the value swapping scenario (e.g. "Redefine 7 as ¢"), the introduction of the second familiar
constant confuses the model by causing multiple strong memory association activations simultaneously. This
increases the cognitive work load of the model, which must initially retrieve the default meanings of both
entities and then correctly override their relationship. As observed, the model eventually succumbs to its
pretraining biases, completely ignores the instructed swapping redefinition, and simply outputs the answer
based on the original value of the queried constant.
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5.1.5 Extended Thinking Blocks

Anthropic’s Claude 3.7 Sonnet offers an additional extended thinking mode, which directs the model to analyze
problems in greater detail by generating thinking content blocks that capture its internal reasoning processes.
We enabled this mode and repeated the same experiments, comparing its performance to the standard mode
in order to examine whether this advanced reasoning mechanism can help Claude 3.7 Sonnet correctly handle
the prompted redefinitions, particularly in the most challenging scenarios where its performance in standard

mode rapidly declines.
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(a) Claude 3.7 Sonnet without Thinking in the FF response format.
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(b) Claude 3.7 Sonnet without Thinking in the MC response format.
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(c) Claude 3.7 Sonnet with Thinking in the FF response format.
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(d) Claude 3.7 Sonnet with Thinking in the MC response format.

Figure 5.1.8: Claude 3.7 Sonnet results without and with Thinking.
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Figure 5.1.8 summarizes the results of Claude 3.7 Sonnet for both standard and extended thinking modes.
As observed, while thinking slightly reduces the anchored response rates in a few cases, its overall impact is
actually insignificant. This suggests that Claude 3.7 Sonnet, even when equipped with enhanced reasoning
capabilities, cannot overcome the cognitive rigidity exposed by conceptually demanding redefinition prompts,
underscoring a fundamental limitation in the flexibility and reasoning capacity of current state-of-the-art

models.
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5.1.6 The influence of prompting

As described in section 4.3, we utilized different techniques to investigate how the design of our redefinition
prompts influences models’ ability to resist anchoring tendencies. Figure 5.1.9 visualizes the comparison
of anchored response rates for @3-level questions and across the second swapping redefinition scenario,
under Zero-Shot, Few-Shot, and Chain-of-Thought prompting. A rather surprising finding is that the
Chain-of-Thought prompting strategy—although generally known to improve LLM performance on reasoning
problems by decomposing them into intermediate steps [55]|-fails to help models to meaningfully reduce
anchoring percentages. Even the more capable LLMs of larger parameter size that typically benefit from
step-by-step reasoning chains continue to adhere to their entrenched knowledge. One notable exception is
Mistral 8x7b, which, in the case of Q3 questions and Rs2 level, manages a substantial reduction in anchoring
across the CoT setting, dropping from 46.67% to 13,33%. Few-Shot prompting, on the other hand, appears
more successful in mitigating anchoring behavior. Models such as Mistral Large, Titan express, Titan large,
Command r, and Claude haiku significantly improve their performance in this setting. In fact, over 50%
of all evaluated LLMs achieve their lowest anchored response percentages under Few-Shot conditions. We
assume that this occurs because the explicitly demonstrated instances in the FF-prompts—featuring similar
redefinition scenarios accompanied with their correct solutions—provide a strong behavioral cue for the models
to mimic. By "seeing" familiar entities being redefined and accepted within context, LLMs become more
likely to "trust" the instruction over their pretraining priors.

Q3 - Rs2

70-25

I FS

mso-CoT

o

250

C

<

- 40-

g

o

<30

C

<

# 20-

"l | |I

. I
‘b‘b\%%% SR NS R R e
'z}/\ .\’.\,1:’) ® '\0 Y & fo €> Q’+°Q\) ‘@Q 'b\\{_ Q,4 o(\e(\oe
PG V@Q\’Oo&b.&‘oboo

YW F VIS QLN NURCAPR Sl O I
NN AR P EC LD &P P2 o
R A\ LS @ © F

.vélb & 0~ N\O

Figure 5.1.9: Comparison of the anchored response rate for @3 questions in the Rso redefinition level for all
LLMs.

Although some of the previously discussed cases show that different prompting techniques can lead to
substantially varying anchoring rates, we cannot claim that a consistent pattern holds across all LLMs tested.
We measured the average difference between the maximum and minimum anchored responses percentages
for all models to be 16.29% =+ 9.22, which indicates that anchoring is a relatively prompt-insensitive
phenomenon. This conclusion is further supported by Tables 5.4 and 5.5, which report the correlation
between performance before redefinition and the percentage of anchored responses in the Few-Shot and
Chain-of-Thought setups—analogous to Table 5.2, presented in Section 5.1.1. The overall pattern remains the
same across all prompting methods, with only minor variations: in the first two levels of question difficulty, the
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two values are weakly correlated, while in the most difficult level, more knowledgable models are more prone
to anchoring under redefinitions, resulting in stronger correlation values, especially in swapping scenarios.

Level [ R,1  R.2 R.3 | Rl R.2
Free-Form (FF)
Q1 -0.055 -0.129 = -0.472 | 0.235 -0.008
Q2 -0.283 | -0.359 -0.444 | 0.085 -0.148
Q3 0.356 0.374 0.492 0.596 0.823
Multiple Choice (MC)
Q1 -0.71 -0.624 -0.711 | -0.304 -0.28
Q2 -0.258 | -0.473  -0.312 0.441 -0.15
Q3 0.269 0.589 0.288 0.624  0.694

Table 5.4: Correlation between model performance before redefinition with the percentage of anchored
answers for each type of constant redefinition and question level in FS setup. Cells highlighted in
indicate a high positive correlation (> 0.3), while cells in indicate a high negative correlation

(< —0.3).
Level [ Ral Ra2 Ra3 R.1 R.2
Free-Form (FF)
Q1 -0.539  -0.542  -0.552 | -0.244  -0.319
Qo -0.521  -0.626 -0.58 0.143  -0.125
Qs 041  0.116 -0.085 | 071  0.588
Multiple Choice (MC)
Q1 -0.529  -0.483  -0.358 | -0.17 0.16
Q2 -0.183  -0.224  -0.202 0.329 -0.044
Q3 0.134 0.366  0.009 0.679  0.657

Table 5.5: Correlation between model performance before redefinition with the percentage of anchored
answers for each type of constant redefinition and question level in CoT setup. Cells highlighted in
indicate a high positive correlation (> 0.3), while cells in indicate a high negative correlation
(< —0.3).

5.1.7 Completely Wrong Responses Analysis
5.1.7.1 Refusal to Respond

Even though Anchored Responses gathered most of our interest in this work, as they best highlight models’
failure to suppress and override high confidence internalized priors, another intriguing behavioral tendency
emerged among Completely Wrong Responses. In several cases, models not only failed to provide a specific
result, but they actively refused to engage with the redefined premise altogether. Instead, they generated
outputs like: "I can’t assist you with that. Redefining Planck’s constant is not a valid scientific approach.",
"T should avoid making unsupported claims or providing potentially misleading information." or "I cannot
reasonably redefine a scientific constant or answer a nonsensical question.". To systematically assess this
refusal phenomenon, we further analyze Completely Wrong Responses by categorizing them into three types:
1) Actually Wrong Result: the model attempts to solve the task, but generates an answer that is neither
correct under the redefinition nor the anchored one, 2) Blank Answer: the model produces a completely blank
output or fails to conclude with a final result, and 3) Refusal to Answer: the model cites reasons such as the
question being nonsensical, impossible to answer, or against its guidelines to explicitly refuse to perform the
instructed redefinition. For each of these response categories, we calculate the corresponding rate. Table 5.6
includes the average refusal rates across the three levels of question difficulty for all LLMs that exhibited this
behavior.
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Model Prompt FF MC

7S 6.57 &+ 11.99 13.34 + 18.07
Mistral7B CoT 5.63 + 8.89 15.62 4+ 16.45

FS 3.7 £ 7.58 10.07 + 15.25

7S 18.0 + 22.8 8.61 + 16.97
Mixtral8x7B CoT 9.22 + 16.82 15.5 £+ 17.63

FS 10.98 + 17.03 5.95 + 18.79

7S 16.33 4+ 33.69 1.67 £ 6.24
Mistral Large | CoT 8.33 £ 18.51 0+o0

FS 14.35 £+ 26.96 1.33 4+ 4.99

7S 55.54 + 24.37 40.05 £ 18.58
Llama8B CoT 35.25 + 23.33 32.89 £+ 23.21

FS 2.41 + 6.64 0+o0

7S 38.66 £+ 29.92 5.56 £+ 14.49
Llama70B CoT 9.17 + 17.36 13.33 + 27.35

FS 0+o0 0+o0

7S 1.33 + 4.99 0+o0
Llama405B CoT 0+o0 0+o0

FS 0to0 0to0

7S 1.56 + 3.19 0+o0
Titan lite CoT 3.03 + 5.66 0+o0

FS 2.54 + 5.39 0+o0

7S 0.56 £ 2.08 0+to0
Titan express | CoT 1.9 £ 7.13 0+0

FS 0+o0 0+o0

7S 2.0 + 5.42 0+o0
Titan large CoT 0+0 0+o0

FS 0to0 0to0

7S 3.33 £+ 9.03 0+o0
Command text| CoT 0+o0 0+o0

FS 0.83 £+ 3.12 0+o0

7S 1.69 + 4.36 0+to0
Claude Instant | CoT 0+o0 0+0

FS 4.07 £+ 12.58 0+o0

A 20.48 + 26.25 4.83 + 9.29
Claude v2 CoT 14.31 £+ 24.39 10.0 + 27.08

FS 8.91 £ 24.75 3.17 £+ 8.81

Table 5.6: Average refusal rates over all question levels (lowest values in bold and highest values
underlined). We exclude LLMs with zero refusal rate overall.

We can clearly observe a significant variation in refusal rates across different model families. Notably,
Mistral and Llama models appear to exhibit markedly higher refusal tendencies, in contrast to models
from the Cohere, Titan, and Claude families, which are consistently associated with lower—and frequently
equal to zero-refusal rates. Within each family, interestingly, model size seems to also influence refusal
appearance: larger models tend to generate lower percentages. This likely suggests that the increase in
parameter count causes LLMs to become more and more confident in reasoning through the redefinition and
ultimately providing a response. However, this "confidence", in many cases, proves to be false, leading to
more anchored responses, which also agrees with the increased rates remarked in Section 5.1.2. On the other
hand, we calculated the average correlations between No redefinition and Refusal to Answer responses and
found them to be relatively weak (0.144 for the Free-Form and 0.039 for the Multiple Choice format), meaning
that the refusal phenomenon is relatively independent of baseline reasoning capability. Regarding prompting
strategies, the Few-Shot technique mostly achieves the lowest refusal rates. This aligns with expectations,
because the demonstration of other successful redefinitions likely normalizes the task, reducing the chances
that the models will judge the instruction as invalid or impossible and increasing its willingness to proceed
to an attempt.
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5.1.7.2 Case studies on Refusal and Overconfidence

We conduct a more detailed analysis of some of the most interesting cases regarding these refusal and
error dynamics, including figures for Llama 8B (5.1.10), Llama 70B (5.1.11), Mixtral 8x7B (5.1.12), and
Claude v2 (5.1.13), which demonstrate a comprehensive breakdown of Completely Wrong Responses across
all experimental combinations, for both question-answer formats.

Llama 8B

Interestingly, Llama 8B exhibits higher refusal rates on the easier question levels. Instead of recognizing its
own limitations in the most challenging cases, it engages with the problem more and more frequently, even
though it mostly fails, as indicated by the low Correct Responses and high Anchored Responses rates at
level Q3. The model’s tendency to respond even when lacking sufficient reasoning capabilities highlights a
problematic form of overconfidence.
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(b) Response breakdown for Llama8B MC responses.

Figure 5.1.10: Completely wrong responses breakdown for Llama8B. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses.

Comparing Multiple Choice to Free-Form response formats, we can clearly observe that, when asked to choose
between possible options, Llama 8B generates higher Blank Response rates. In fact, across the Free-Form
format these rates are almost entirely zero. This indicates that unrestricted generation may foster a false
sense of confidence, while selecting between specific answers can lead to confusion when the model is unable
to handle the queried reasoning task correctly. However, it is particularly interesting that refusal behavior
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5.1. Results on constants redefinition

is also evident throughout Multiple Choice experiments. Even when the prompt explicitly states that the
correct answer to the given problem exists and is actually included among the Multiple Choice options, Llama
8B still declines to attempt the task.

Llama 70B

In the case of Llama 70B, these behavioral tendencies seem to follow a different trajectory. Refusal and
blank answer rates are generally lower than those of its smaller counterpart, which supports the claim in
the previous section that models of larger parameter size are more confident in generating a solution to the
reasoning problem. Prompting strategies also appear to mitigate refusal behavior. Both Chain-of-Thought
and Few-Shot techniques result in lower refusal percentages compared to the Zero-Shot case. In fact,
in the Few-Shot setup, Llama 70B did not generate any Refusal-to-Answer instancies across all different
question /redefinition /format combinations.

Q4 Q, Qs
Ry R2  R3 R R.2 Ry R2  R3 R R.2 Ry R2  R3 R R.2
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50 50 50
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(a) Response breakdown for Llama70B FF responses.
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(b) Response breakdown for Llama70B MC responses.

Figure 5.1.11: Completely wrong responses breakdown for Llama70B. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses
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Mixtral 8x7B

Mixtral 8x7B reveals an intriguing distinction between response formats. In the Few-Shot format, refusal
behavior decreases with question difficulty, leading to more frequent completely wrong outputs, suggesting
a form of overconfidence that counterintuitively intensifies under more challenging conditions. Conversely,
in the Multiple Choice case, refusal rates increase as questions become more difficult. When restricted to
specific options, Mixtral 8x7B is more likely to detect the epistemic conflict and refuse to attempt a solution
in complex reasoning scenarios.

Q Q; Qs
Ryl R.2 R.3 R.1 R2 Re2 Re3 Re1 Re2 Ryl R.2 R.3 R.1 R.2
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(b) Response breakdown for Mixtral8x7 MC responses.

Figure 5.1.12: Completely wrong responses breakdown for Mixtral8x7. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses

Claude v2

Claude v2 exhibits an inconsistent pattern in how it reacts to the redefinition instruction. On the easiest
questions, refusal and error rates often fluctuate sharply between 100% Refusal-to-Answer and 100%
Actually-Wrong-Result. As difficulty increases, Claude v2 becomes more confidently willing to engage with
the task, even if it eventually fails. In the Multiple Choice response format in particular, refusal behavior is
significantly reduced, suggesting that the model presumably trusts that the queried problem is solvable and
proceeds to identify the correct solution among the given options.

86



5.1. Results on constants redefinition

Q Q Qs
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(a) Response breakdown for Claude v2 FF responses.
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(b) Response breakdown for Claude v2 MC responses.

Figure 5.1.13: Completely wrong responses breakdown for Claude v2. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses

5.1.7.3 Refusal-Adjusted Anchoring: A Refined Perspective

R.3 Rs2
Model Q1 Q2 Q3 Q1 Q2 Qs
FF MC FF MC FF MC FF MC FF MC FF MC
Mistral7B 33.33 50.0 | 33.33 28.57| 28.57 40.0 45.45 53.33 | 14.28 35.71 | 26.67 23.08

Mixtral8x7B 38.46 33.33 | 26.67 26.67 | 23.08 35.71 | 36.37  46.67 | 46.15 53.33| 46.67 73.33
Mistral Large 33.33 20.0 | 26.67 26.67 | 57.14 66.67| 71.43 53.33| 50.0 40.0 | 73.33 66.67

Llama8B 0.0 44.45| 0.0 36.37| 22.22 50.0 | 50.0 2499 | 40.0 50.0 | 27.27 30.0

Llama70B 7.15 1333 | 0.0 0.0 20.0 40.0 | 33.33 46.67 | 14.28 46.67 | 35.71 73.33
Llama405B 0.0 0.0 0.0 13.33 | 26.67 53.33| 26.67 46.67| 6.67 20.0 | 57.14 93.33
Command text | 13.33 20.0 | 6.67 6.67 | 6.67 26.67 | 40.0 26.67 | 13.33 26.67 | 13.33 38.46
Claude v2 28.57 13.33 | 20.0 0.0 50.0 42.86 | 14.28 40.0 | 33.33 21.43 | 46.15 66.67

Table 5.7: The percentage of anchored responses for the models in the ZS setup for the most difficult
constants redefinitions in assignment (R,3) and swapping (Rs2). The highest number for each model
family is presented in bold. We exclude models where no refusals occurred, as their results are identical to
those in Table 5.1.
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In previous sections, we highlighted the ubiquitous role of anchoring in redefinition reasoning tasks. The
uncovering of refusal behavior, however, raises an interesting question: Would anchoring rates more accurately
reflect model behavior if extracted only from the outputs where the model actually attempted to solve
the problem? Therefore, to isolate LLMs’ "true" anchoring tendencies, we conduct a refined analysis that
excludes responses in which the model refused to answer from the Anchored Responses rates calculation.
These adjusted results are demonstrated in Table 5.7, covering the R,3 and R,2 redefinition scenarios and
the Qs-level of question difficulty. Models that never exhibit refusal behavior are not included in this table,
as their rates are indeed unaffected by this filtering and are identical to those presented in Table 5.1.

5.2 Results on units redefinition

We present and further analyze the corresponding results for the task of unit of measurement redefinition.
This section aims to investigate behavioral tendencies such as anchoring to predefined values and refusal to
answer. At the same time, it evaluates how factors like knowledgeability, reasoning skills, parameter scale,
but also prompting techniques, response formats, and levels of difficulty influence the way LLMs react to
the alteration of familiar relationships between widely used units of measurement. We also compare these
findings to the ones previously discussed in the scientific constant redefinition case.

5.2.1 Anchoring to default values

The clear presence of anchoring behavior is once again undeniable under this new redefinition task. All
queried models generate responses in which, to varying degrees, they disregard the altered premise and
instead adhere to their familiar priors. Detailed results of the Anchored Responses percentages for the two
more extreme redefinition types across both response formats and under the Zero-Shot prompting setup are
displayed in Table 5.8.

R.2 R.3

Model Q1 Q2 Q3 Q1 Q2 Q3

FF MC | FF MC | FF MC | FF MC | FF MC | FF MC
Mistral7B 0.0 375 | 25.0 25.0 | 18.75 56.25| 62.5 25.0 | 31.25 37.5| 31.25 25.0
Mixtral8x7B 6.25 31.25| 31.25 37.5 | 31.25 37.5 | 6.25 31.25 6.25 31.25| 31.25 50.0
Mistral Large 0.0 37.5| 6.25 37.5| 12.5 56.25 0.0 25.0 | 12.5 37.5 | 12.5  43.75
Llama8B 0.0 25.0| 6.25 31.25 12.5 31.25| 6.25 31.25 12.5 50.0| 25.0 50.0
Llama70B 0.0 6.25 | 6.25 31.25 25.0 56.25 0.0 18.75| 0.0 50.0 | 12.5 62.5
Llama405B 0.0 0.0 0.0 31.25 12.5 37.5 | 0.0 0.0 6.25 25.0 | 25.0 31.25
Titan lite 6.25 25.0 | 12.5 31.25 12.5 25.0 | 25.0 31.25 25.0 12.5 | 0.0 18.75
Titan express 18.75 25.0| 25.0 18.75| 12.5 25.0 | 43.75 25.0 | 31.25 12.5 | 6.25 18.75
Titan large 31.25 12.5 12.5 31.25 18.75 25.0| 25.0 12,5 | 37.5 31.25 6.25 25.0
Command r 12.5 18.75| 12.5 31.25 25.0 18.75| 6.25 25.0 | 12.5 18.75| 12.5 31.25
Command r-+ 6.25 43.75 0.0 25.0 | 37.5 50.0| 6.25 31.25 0.0 31.25 0.0 25.0
Command light text | 6.25 12.5 | 0.0 25.0 | 6.25 25.0 | 12.5 25.0 | 6.25 31.25| 0.0 50.0
Command text 12.5 12.5 12.5 18.75| 0.0 18.75| 0.0 31.25| 12.5 12.5 | 0.0 43.75
Claude opus 0.0 0.0 0.0 6.25 | 12.5 25.0 | 0.0 0.0 0.0 0.0 0.0 6.25
Claude instant 6.25 25.0| 12.5 25.0 | 0.0 43.785 0.0 43.75 0.0 37.5 | 6.25 31.25
Claude haiku 0.0 18.75] 0.0 12.5 | 6.25 31.25] 0.0 6.25 | 0.0 6.25 | 18.75 31.25
Claude v2 6.25 18.75| 6.25 31.25 18.75 31.25| 6.25 0.0 6.25 25.0 | 6.25 12.5
Claude 3.5 Sonnet 0.0 0.0 0.0 12,5 | 6.25 6.25 | 0.0 0.0 0.0 6.25 | 0.0 0.0
Claude 3.7 Sonnet 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 5.8: The percentage of anchored responses for all LLMs tested under the ZS prompting setup for the
most difficult units of measure redefinitions (R,2 and R,3 levels). The highest rate for each model family is
presented in bold.
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Evidently, several models exhibit elevated anchoring rates across these experimental combinations. Among
others, Llama 70B reaches a 62.5% score in the hardest scenario of Multiple-Choice-structured questions,
and an only slightly lower rate of 56.25% in the second more complex redefinition level. Anchoring rates of
56.25% are also recorded for both Mistral 7B and Mistral large under the same conditions. Notably, Mistral
and Titan models exhibit persistently substantial anchoring behavior even at easier question levels. However,
it appears that unit of measure anchoring results are overall significantly lower in comparison to those of
the constant case. In fact, LLMs from the Command and Claude families even achieve several 0% scores,
especially in the Free-Form question setup and the first two difficulty levels.

A familiar trend reappears in the correlation metrics between performance accuracy in the No Redefinition
task and anchoring rates across the various types of unit of measurement reassignments, as demonstrated
in Table 5.9 for the Zero-Shot case. Weaker correlations are observed throughout the easier ;1 and Q-
questions, in contrast to the hardest Q3 level, where the values noticeably increase. This indicates that
potent reasoners that successfully solve the most challenging tasks involving predefined unit relationships are
also more likely to adhere to their entrenched knowledge when faced with conflicting instructions.

Level Ra1 Ra2 Ras
Free-Form (FF)
Q1 -0.295 -0.403 -0.33
Q2 -0.361 -0.247 -0.479
Q3 -0.063 0.19 0.14
Multiple Choice (MC)
Q1 -0.49 -0.149 -0.542
Q2 -0.159  -0.023 0.08
Q3 0.248 0.338 -0.127

Table 5.9: Correlation between model performance before redefinition with the percentage of anchored
answers for each type of unit of measure redefinition and question level in ZS setup. Cells highlighted in
indicate a high positive correlation (> 0.3), while cells in indicate a high negative
correlation (< —0.3).

Interestingly, a more apparent distinction occurs between the two response formats. Correlation results
are substantially weaker—and more often negligible-in the Free-Form question-answering setup across all
escalating levels. This suggests that, when generation is unrestricted, reasoning capacity plays a less
important role in anchoring tendencies under the unit of measure redefinition task.

5.2.2 Inverse Trends

Table 5.10 reports the percentages of Anchored Responses in relation to the corresponding pre-redefinition
performance accuracies for the R,2 and R,3 scenarios and under the Zero-Shot/Free-Form setup. Inverse
scaling patterns seem to emerge in several cases under the unit redefinition task. For example, within the
Titan model family, Titan lite, express, and Large produce 6.25%, 18.75%, and 31.25% anchoring rates in
the @1 level of R,2 unit reassignments, and 25%, 31.25%, and 37.5% in the Q2 level of R,3 redefinitions,
respectively. In addition, Mistral 8x7B surpasses Mistral 7B in anchoring with a percentage of 31.25% over
25% in the first level of question difficulty and over 18.75% in the second, while Llama 405B also experiences
a higher rate (25%) than its smaller counterpart, Llama 70B (12.5%), in the more complex redefinition
scenario, generating Anchored Responses twice as many times.
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R,2 R.3

Model Q1 Q2 Qs Q1 Q2 Qs

NR FF NR FF NR FF NR FF NR FF NR FF
Mistral 7B 81.25 0.0 56.25 25.0 | 43.75 18.75| 81.25 62.5 | 56.25 31.25 | 43.75 31.25
Mixtral8x7B 87.5  6.25 | 81.25 31.25| 62.5  31.25| 87.5 6.25 | 81.25 6.25 | 62.5  31.25
Mistral Large 93.75 0.0 93.75 6.25 | 81.25 12.5 | 93.75 0.0 93.75 12.5 | 81.25 12.5
Llama8B 75.0 0.0 56.25 6.25 | 6.25 125 | 75.0 6.25 | 56.25 12.5 | 6.25  25.0
Llama70B 100.0 0.0 81.25 6.25 | 56.25 25.0 | 100.0 0.0 81.25 0.0 56.25 12.5
Llama405B 100.0 0.0 93.75 0.0 56.25 12.5 | 100.0 0.0 93.75 6.25 | 56.25 25.0
Titan lite 375 6.25 | 1875 12,5 | 6.25 125 | 37,56  25.0 | 1875 25.0 | 6.25 0.0
Titan express 75.0 18.75| 37.5  25.0 | 6.25 12.5 | 75.0  43.75] 37.5 31.25 | 6.25 6.25
Titan large 68.75 31.25| 68.75 12.5 | 25.0 18.75| 68.75 25.0 | 68.75 37.5 | 25.0 6.25
Command r 75.0 12.5 | 56.25 12.5 | 18.75 25.0 | 75.0 6.25 | 56.25 12.5 18.75 12.5
Command r-+ 87.5  6.25 | 93.75 0.0 81.25 375 | 8.5 6.25 | 93.75 0.0 81.25 0.0
Command light text | 31.25 6.25 | 6.25 0.0 0.0 6.25 | 31.25 125 | 6.25 6.25 0.0 0.0
Command text 62.5 12.5 | 50.0 12,5 | 25.0 0.0 62.5 0.0 50.0 12.5 25.0 0.0
Claude opus 100.0 0.0 75.0 0.0 56.25 12.5 | 100.0 0.0 75.0 0.0 56.25 0.0
Claude instant 75.0 6.25 | 81.25 12,5 | 43.75 0.0 75.0 0.0 81.25 0.0 43.75  6.25
Claude haiku 100.0 0.0 93.75 0.0 81.25 6.25 | 100.0 0.0 93.75 0.0 81.25 18.75
Claude v2 93.75 6.25 | 68.75 6.25 | 25.0 18.75| 93.75 6.25 | 68.75 6.25 | 25.0 6.25
Claude 3.5 Sonnet 100.0 0.0 87.5 0.0 87.5  6.25 | 100.0 0.0 87.5 0.0 87.5 0.0
Claude 3.7 Sonnet 100.0 0.0 87.5 0.0 93.75 0.0 100.0 0.0 87.5 0.0 93.75 0.0

Table 5.10: The percentage of correct responses with no redefinition (NR) and the anchored response rate
for units of measure redefinitions regarding free-form (FF) responses using ZS prompting.

Notably, inverse scaling trends also appear under the Multiple Choice response format. For instance, as
visualized in Figure 5.2.1, Mistral Large tends to produce more Anchored responses compared to its smaller
counterpart, Mistral 7B, when faced with unit of measure redefinitions, despite significantly outperforming it
in the baseline NR experiments. This reinforces the broader theme that increases in model size and stronger
reasoning capabilities in standard conditions do not straightforwardly predict improvements under input
perturbations, such as redefinitions, as well.
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(b) Response breakdown for Mistral Large before and after units of measure redefinitions.

Figure 5.2.1: Comparison of Mistral7B and Mistral Large (123B) responses on the MC response format for
units of measure redefinitions.
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This inverse phenomenon may be less prominent under the current conditions, compared to the previously
studied constants case, but it remains present nonetheless. Larger models do not produce as drastically
increased anchoring rates, but they do not seem to "fix" the problem either, even though they demonstrate
stronger reasoning capabilities, as evidenced by the results of the No Redefinition task. In any case, unit of
measure redefinition still qualifies as an inverse scaling task.

5.2.3 Response Format

Once again, it is evident that the Multiple Choice response format is associated with significantly higher
susceptibility to anchoring in contrast to the Free-Form one. This phenomenon is most clearly accentuated in
Figure 5.2.2, which showcases all different types of responses to the redefinition query across the Free-Form
and Multiple Choice setup, for Mistral and Llama models of various parameter sizes. While Anchored
Responses rates are relatively low in the Free-Form case, they drastically escalate in the Multiple Choice
format, sometimes experiencing an over 100% increase. Llama 70B, in particular, interestingly generates
rates of 12.5% and 62.5% in FF and MC format, indicating a sharp 400% increase in anchoring behavior
when shifting from answering freely to choosing between possible options. This event is a consequence of
exposing the model to the default unit/counterpart relationship within the given answers, which creates a
strong conflict between instruction and memorization.
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(b) Response breakdown for Llama models.

Figure 5.2.2: Results for the different Mistral and Llama models on @3 questions using ZS prompting. The
order of the bars per redefinition type/level corresponds to increasing model size.
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5.2.4 The influence of prompting

Tables 5.11 and 5.12 demonstrate the correlations between No redefinition accuracies and post-redefinition
anchoring percentages for the Few-Shot and Chain-of-Thought prompting strategies, respectively. We
compare these results to the corresponding ones presented in Table 5.9 of section 5.2.1 in order to determine
how the employment of different prompting techniques can affect-and potentially mitigate—the anchoring
phenomenon.

Level Ra1 R Ra3
Free-Form (FF)
Q1 -0.32 -0.442 -0.161
Q2 20404 -0.231  0.039
Q3 0.128 -0.042 0.279
Multiple Choice (MC)
Q1 -0.332  0.058 -0.593
Q2 0.135 0.131 0.266
Q3 0.314 0.49 0.101

Table 5.11: Correlation between model performance before redefinition with the percentage of anchored
answers for each type of unit of measure redefinition and question level in FS setup. Cells highlighted in
indicate a high positive correlation (> 0.3), while cells in indicate a high negative
correlation (< —0.3).

Level Ra1 Rao Rgs
Free-Form (FF)
Q1 -0.502  -0.598  -0.529
Q2 -0.465 -0.3 -0.174
Qs -0.232  -0.181  -0.079
Multiple Choice (MC)
Q1 -0.528 -0.023 = -0.523
Q2 0.015  -0.091 -0.016
Qs -0.127 0.013 -0.242

Table 5.12: Correlation between model performance before redefinition with the percentage of anchored
answers for each type of unit of measure redefinition and question level in CoT setup. Cells highlighted in
indicate a high positive correlation (> 0.3), while cells in indicate a high negative
correlation (< —0.3).

A clear pattern mirrors the Zero-Shot correlation case in the Few-Shot prompting setup. Higher correlation
values are observed in the most difficult level of questions, while correlations remain weak in the easier cases,
particularly in the Free-Form question-answering format. However, a stark departure occurs in the results of
Chain-of-Thought conducted experiments: the CoT technique achieves a significant reduction in anchoring,
especially among more potent LLM reasoners, across all levels of question and assignment difficulty. Even
for @3-level questions, where stronger correlations generally arise, the calculated results are almost entirely
negative in this case. Thus, task decomposition and reasoning chains of intermediate steps—even though
ineffective for constants—seem to become beneficial methods for guiding models to reason beyond strongly
memorized conceptual mappings in the unit of measurement redefinition task.
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5.2.5 Completely Wrong Responses Analysis
5.2.5.1 Refusal to respond

In Section 5.1.7 we thoroughly examined the Refusal-to-Respond phenomenon, where the models explicitly
refrain from attempting a solution to the instructed redefinition problem, because of its persistent presence
in the responses of the majority of the queried LLMs across all different experimental combinations in the
constant redefinition task. However, in striking contrast to the constants case, similar behavior is almost
entirely absent under these new conditions, where the redefinitions concern relationships between units of
measure. More specifically, Refusal-to-Answer response rates are entirely zero across all LLMs tested, with
the exception of the three models within the Mistral family, which once again proves that this is a model
family-specific tendency. Some particular outputs, for example, that these models generated when exhibiting
this type of behavior are: "The question cannot be answered meaningfully with the redefined unit of time.",
"This question is designed to be impossible to answer.", "The question is not valid." or "I am an assistant and
may not have the ability to redefine units.". Even these instances, though, which will be further investigated
in the following section, are mostly isolated throughout different scenarios.

The only difference between the two redefinition tasks explored in this work lies in the distinct knowledge
domains of the entities being redefined. Therefore, the sharp discrepancy in the frequency of refusal under
otherwise similar experimental conditions points to a deeper distinction in the way that LLMs internalize the
knowledge behind each cognitive topic.
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5.2.5.2 Case studies on Refusal and Overconfidence

We analyze the outputs of the models within the Mistral family, which uniquely displayed refusal behavior.
Figures 5.2.3, 5.2.4, and 5.2.5 provide a detailed presentation of Completely Wrong Responses for Mistral
7B, Mixtral 8x7B, and Mistral Large, respectively.

Mistral 7B

In the case of Mistral 7B, refusal responses are highly infrequent and appear only within the Free-Form
format results. Nearly all the completely wrong outputs in this setup fall under the category of "Actually
Wrong Results". On the other hand, in the Multiple Choice case, while refusal rates are entirely zero, there
is a drastic increase of Blank Response occurrences, particularly at the @1 level. This suggests that, while
unconstrained generation leads to a false sense of certainty, when operating under the MC format, this model

seems to suffer from indecision, as it is forced to select among conflicting possible answers.
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(b) Response breakdown for Mistral 7B MC responses.

Figure 5.2.3: Completely wrong responses breakdown for Mistral 7B. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses
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Mixtral 8x7B

Cases of refusal behavior in the Mixtral 8x7B model are, once again, extremely isolated-this time occurring
in both Free-Form and Multiple Choice settings. Interestingly, in contrast to its smaller counterpart, Blank
answers are almost entirely absent across all different conditions. This implies that Mixtral 8x7B reveals a
heightened level of overconfidence in responding, regardless of the question-answering format.
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Figure 5.2.4: Completely wrong responses breakdown for Mixtral 8x7B. Blue denotes actually wrong

responses, Purple indicates refusals, while Gray instances correspond to blank responses
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Mistral Large

Mistral Large is the model that refuses to answer the most under the unit of measurement redefinition task.
This is rather intriguing because, in the constants case, we observed that an increase in parameter size
meaningfully reduces Refusal to Answer percentages. In this case, however, the largest model within the
LLM family exhibits substantially high refusal rates in both response formats and especially under the most
extreme assignment type scenario.
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Figure 5.2.5: Completely wrong responses breakdown for Mistral Large. Blue denotes actually wrong
responses, Purple indicates refusals, while Gray instances correspond to blank responses
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Chapter 6

Conclusion

6.1 Conclusion

In this work, we conducted a comprehensive investigation of the redefinition task, examining how Large
Language Models (LLMs) respond when presented with redefined values of widely known and used scientific
constants and units of measurement. By prompting models of different sizes and architectures to reason under
these deliberately altered premises, we aimed to assess their flexibility, as opposed to their susceptibility to
anchoring on deeply internalized prior knowledge. Our findings expose critical behavioral patterns in LLMs,
showcasing limitations that, paradoxically, become more pronounced with increasing model scale.

We specifically find that although larger models demonstrate stronger reasoning capabilities under standard,
pre-redefinition conditions, they tend to perform worse when required to follow redefinition as they
consistently revert to the original values that they memorized during their pretraining. In addition, our
in-depth analysis of model outputs reveals a pattern of false confidence towards responding rather than
abstaining, which leads larger LLMs in providing incorrect answers with high certainty.

Furthermore, our experiments span a diverse range of conditions designed to stress-test the adaptability of
LLMs. We constructed datasets that include variations in types and levels of redefinitions, as well as three
escalating tiers of question difficulty applied to both default and redefined values. Across these dimensions,
we systematically evaluate how different response formats (Free-Form and Multiple Choice) and prompting
strategies (Zero-Shot, Few-Shot, and Chain-of-Thought) influence model behavior. Our results show that
LLMs anchor substantially more under the Multiple Choice format, often being misled by the presence of the
default answer among the provided options. Prompting techniques can only partially mitigate the anchoring
effect, but they fall short of fully eliminating the problem.

The general trends observed in our findings extend across both scientific constants and units of measurement.
However, the anchoring phenomenon appears to be relatively less prominent under the unit of measurement
redefinitions, and refusal behavior is nearly absent. This indicates that the way LLMs handle redefinitions
is highly dependent on the specific knowledge domain and how that information is internalized during
pretraining. We hypothesize that LLMs are more capable of successfully overriding established definitions of
units of measurement, likely because their actual values are not commonly used in calculations and therefore
less deeply embedded during pretraining.

Overall, our work uncovers key gaps in reasoning and flexibility that become more pronounced as LLMs
grow in size. It also highlights the importance of developing a deeper understanding of LLM behavior, not
only in terms of what these models can accomplish, but also in how and why they fail. The inverse task of
redefinition offers a valuable lens through which to examine the fragile interplay between scale, instruction
following, and entrenched priors, and we hope this framework will serve as a foundation for future research
in probing model adaptability, robustness, and reasoning capacity.
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6.2 Reasoning vs. Robustness Trade-Off

Our study exposes a fundamental tension in LLM behavior: the balance between reasoning transparency and
robust adherence to factual knowledge. On one hand, models that are more robust tend to resist redefined
concepts by refusing the task altogether. While this rigidity makes them less susceptible to prompt-based
manipulation or misuse, it also constrains their capacity for flexible, context-sensitive reasoning, particularly
in unconventional but valid scenarios. In contrast, models that effectively reason with redefined values
display greater adaptability and generalization, but at the risk of becoming more vulnerable to misleading
or malicious prompts that exploit this openness. This trade-off raises a critical question: Should LLMs be
optimized for strict factual reliability, even when that limits their reasoning flexibility, or should they remain
open to alternative premises, despite the associated risks? Striking the right balance between these competing
priorities is a central ethical and design challenge in the development of trustworthy and adaptive LLMs.
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