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Chapter 1

Per-lThyh

H avaoxémnon cugforaiwy anotehel pla obvietn xon ypovoBopa Swodixacia, 1 onola amontel eZelOIXEUUEVT vouLX)
YVOON %o, ¢ ex ToUTou, elvon oe peydho PBodud ampdoitn oe un ewdwolc. Emmhéov, n vouwry| epunveia
omdvio elvol amAn, 1 Aod@eL Elval CUYVE TEOVCO Xl Ol UTOPJCELS UTOXELVTAL OF UTOXEWEVXESC EpUnvelee.
Emnpooctétng, ta cugforaa elvor cuvidwe epmioteutind, yeyovdg nou neplopilel ) yerion toug ue WdxtnTa
povTéAa xat xorhoTd andpalTNTY) TNV TEOCPUYY OE AVOLYTOU xOBLXA eVOlhaxTixéS ADoELS.

o var avTHETOTOTOUY QUTEC Ol TROXAROELS, 1 Topoloo Simhwpatixy) epyacio emednyel xou emextelvel To
PAKTONI63]: éva mifipwe avorytold x@dixa, and dxpen oe dxpr, mohumpaxtopixé TAodolo Ue SuvatodTnTeg
€0XOANG EVOWUATWONE OE 1) UTEEYOVIA CUC THUATOL.

To npotewvbuevo clotnua anoteheito and Teelc npdxtopes: (1) tov Argeiof laka, o onoloc almhemudpd pe Tov
xehotn xou doyerpileton tny Sounuévn apyetdldetnon eyypdypwy- (2) Ttov Ereunht , o onolog avoxtd tAnpogopieg
péow Wwoc xouvotopov povadoe Enavgnuévne Anuovpyioc péow Avixtnone (EAA)- xa (3) Tov Anakrit | o
omolog eUNAEXETOL OE Wal GAAETEAANAY avdixplom ue otoyo TN otadloxy| Bedtinon tng tTelurg avagopds. Kdlde
TEAXTOPAS ElVOL TPOCUPUOGHUEVOS GTOV PORO TOU, XU UECA ATd T CUVERYAGTN TOUC, ToRdYOoUY €Val OAOXANEWUEVO
X0l CUVEXTIXO AMOTENECU YIdl TOV TEAXOG YprRoth.

H opyitextovixy tou PAKTON omoxAiver and to adlagpavy] LovTéha, omoxahdTTovToS enté T cUANOYLOTIX)
Tou Badixacia xou emonuaivovtag o anoomdoyota TeExuNelwone — tdo0 evidg Tou cuufoiaiov Tou YENoTN
600 nou and ewtepixéc vouxée mnyéc — mou odfynoav oTic tehixés amogdoec. To oclotnua alomolel
TEONYHEVES TEYVIXES oVAXTNONG, Omwe LB TuXVH/aponh avdxTnom, YeapoeusloUNTn avoTa&vounocT xat
anoonacyotonolnon Bdoel cuupealogévwy, Yo TNV oVEBEEN TWV TLO CYETIXMY AMOBEXTIXWY oTolyElwy oE
oYM UE TO EpOTNUA TOL YeNoTn. O Avaxpeitrc Aettovpyel péow g cuveyduevng xou enavoAnmuxhc Bedtinong,
evtonilovTog GUGTRATIXG XEVE 0T oYX Xou eVioYDoVTaG TNV andvinon oe xdde emavdindn, odnydvtag étol
o€ [Lol TATEN X0t TOAUBLEGC TAUTY oVopOpEd.

Ou aglohoyfoeic oe morhamhd clvoha dedopévwy, 6mwe tor ContractNLI xou LegalBench-RAG, delyvouv 6t to
PAKTON unepéyet otadepd oe oyéon pe yevixol oxonol xou eEeldxeupéva (o€ Vouxd Topén) poviéha, 1660
oe ToocoTxols deixtes (m.y. oxpifewa, avéxhnon, axpifeiar TedBAednc) 6o0 xu o molotxée dotdoels (T.y.
enelnynowdTnTa, culhoylotixs), TAneétnta). Ou adiohoyfoec and avdpdroug xo andé MI'M emPefoucdvouv
v avetepdtnta Tou PAKTON oe xplowes ntuyéc tng Youxhc teyynthc Vonuoolvng, Omwe 1 Slopdvela, 1)
Bloyelplom au@LOMUIOY xou 1 Texunelwon, otouyeia anapoltnta yia TRV utooThEEn e Mng anogdoewy omnd
Tov TeAxd yerotn. Me tn xawvotdpa dpylTeEXTOVIXY ol To anoTteAéopata TN o&lodoynone, to PAKTON
anoteAel oNUAVTIX TEG0DB0O GTOV TOULd TNG VOUMC TEXVATAS VONUOCUVNS, OTOBEXVUOVTAS TG O CUVTOVLOUOS
TOAADY TEAXTOPWY X0 1) GTOYEVUEVY] avaXTNOT| UTopoUV Vo EVIoUG0UY OUCLIGTIXE TN cUAhOYLoTIXY oE LPnAoD
ploxou medlat

Lixeic-kleidi — XuuBohaio, vouxr) texvnty vonuoolvn, Meydho I'hwooixd Movtéha, Enavinuévn
Anuovpyio yéow Avixtnong, TOAUTEUXTOPIXE GUC THUATO, EPUNVEUCLLOTN T, DlapdveLaL.

10 mnyafoc xbduixac elvan diardéoutoc oo github.com/petrosrapto/PAKTON.
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Chapter 2

Abstract

Contract review is a complex and time-intensive task that typically demands specialized legal
expertise, rendering it largely inaccessible to non-experts. Moreover, legal interpretation is rarely
straightforward—ambiguity is pervasive, and judgments often hinge on subjective assessments. Compounding
these challenges, contracts are usually confidential, restricting their use with proprietary models and
necessitating reliance on open-source alternatives.

To address these challenges, this thesis expands upon PAKTON [63]: a fully open-source, end-to-end,
multi-agent framework with plug-and-play capabilities, designed to handle the complexities of contract
analysis through collaborative agent workflows and a novel retrieval-augmented generation (RAG) component,
enabling automated legal document review that is more accessible and privacy-preserving.

The proposed system is composed of three agents: (1) the Archivist, which interacts with the user and
manages structured document input; (2) the Researcher, which retrieves relevant internal and external
information using hybrid and graph-aware retrieval techniques; and (3) the Interrogator, which engages
in multi-step reasoning to iteratively refine the final report. Each agent is tailored to its specific role, and
through collaboration, they collectively produce a comprehensive outcome for the end user.

PAKTON’s architecture departs from black-box LLM paradigms by explicitly exposing its reasoning
process and highlighting the evidence spans—both within the user-provided contract and from external
legal knowledge—that inform its conclusions. It leverages advanced retrieval techniques, including hybrid
dense—sparse retrieval, graph-aware reranking, and context-sensitive chunking, to surface the most relevant
evidence in response to user queries. The Interrogator agent operates through a multi-step refinement loop,
systematically identifying reasoning gaps and enhancing the response with each iteration, resulting in a
comprehensive report that reflects multiple perspectives.

Evaluations across multiple benchmarks, including ContractNLI and LegalBench-RAG, demonstrate that
PAKTON consistently outperforms both general-purpose and legal domain—fine-tuned models in quantitative
metrics (e.g., accuracy, recall, precision) and qualitative dimensions (e.g., explainability, reasoning,
completeness). Human and LLM-based evaluations further confirm PAKTON’s superiority in critical
legal Al aspects such as transparency, ambiguity resolution, and evidentiary grounding, factors essential
for supporting end-user decision-making. The framework is model-agnostic and suitable for deployment
under privacy-preserving conditions, enhancing its practicality for real-world legal applications. With its
modular architecture and rigorous benchmarking, PAKTON represents a significant step forward in legal
Al illustrating how multi-agent coordination and strategic retrieval can substantially elevate reasoning in
high-stakes domains.*

Keywords — Contracts, legal AI, Large Language Models (LLMs), Retrieval-Augmented Generation
(RAG), explainable AI, multi-agent systems, few-shot prompting, document chunking, legal reasoning,
LegalBench, ContractNLI, document retrieval, interpretability, transparency.

1Code available at github.com/petrosrapto/PAKTON.
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Euqgarist-ec

H oloxifpwon tng nopoloog Simhwpatixic epyaotac Yo fray adivatn yowelc tnv mohbmAeupn cuUBOAY xou
UTOGTHELEY OPLOUEVWY EEAUEETIXE ONUAVTIXGY AvIP®TWY, GTOUS OO0V OPEIAD TNV ELALXELYY LOU EUYVWHOCUVY.

Ipwtiota, emduun va expedow TG eYXAEdES UYaELoTiEC Hou oToV emBAETOVTO XNy NTH Wou, . Tduou
Ieddpyio, yia Ty TWr xou Ty guxanplal TOL oL TEOGEPERE VAL ERYAOT 0T0 Thaloto Tou Epyaotnplou Yuotnudtwy
Teyvntic Nonpoolvng xow Mdinong. H emotnuovis xododriynon xou 1 diapxrc tou evidppuver anotéiecay
ToAUTIwO xlvnteo xot’ OAn TN Bidpxeia TG axodnuoixic xou mpoowmxhc mopeloc. H xadodrynon tou dev
TEPLoploTNXE GTO OXAONUOIXS ETUTEDD, AN ENNEENCE OUCLUGTIXG X0 TNV ETUYYEAUATIXY Lo Ttopelo, wdovTag
HE VoL EQUPUOGL oTNY TREEN Tig VEWPNTIXES UOU YVMOELS, VoL BOXYIIOTE OE TRAYUATIXES EpYAoLlaxés ouVONXES
X0l VoL AVOTOEW Lol TOAUBLECTOTY XOl LOOPROTNUEVY) ETIOLY YENUATIXT] TAUTOTNTA.

Ocepuéc evyaplotiec ogellw, enlong, otoug diddxtopec x. Iidpyo Pihavdptavd xou xo. Mopla Avurepaiou yio
cuvey™ xou ovolao Tt Toug oTieEr. H agoaoinon toug, n diddeon Toug yia cuvepyaoto xou 1 Borthd emotnuovixy
Toug xotdpTion unhpday avextiuntes apwyol otny eZéMEN tne napoloac epyaoiac. Méow tne evepyol epumhoxic
ToUg, evidydnxa oe éva dnuloupyYLxd xa duvouxd TepBdAlov, and To onolo amoXOULGH TOAUTIIES EUNELR(EC XaL
degioTnTEC.

Téhog, opeihw éva TepdoTio ELYUELOTE 0TOUC XOVTLVOUE pou avdpwmouc. Ou yovelc pou, o abepdc Hou xou
N xoméha o, otdinxay dimha wou oTic To dUoxokeg oTiyUés, o doxaoieg vyelag mou dev Yo unogodoa va
ovaedpded Hovoe.

Koatd ) Sudpxeior 6Ang authc tng diadpounc, 1 urneviiuiorn 6t 'n nieon elvan mpoowpeivr) ahhd oL vixeg pévouy ylo
TévTa’ Lou EBLve xoupdylo. AuTY 1 SImAwUATIXY Epyacio, CNUATOBOTWYTAS TNV OAOXANEWOY TWV GTOUdOY HOoU
evavtia oTic avTIEOOTNTES, OMOTEAEL Lol UEYAAT] VIXT).

[Tétpoc Panténovhog, Iovhiog 2025
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Chapter 3. Ektetaménh Perblhyh sta Ellhnik”

3.1 Jewrhtiki Upibajro
3.1.1 Glwssik™ Montéla

Ta Glwssik™ Montéla (GM) ePnai upologistik” sust mata pou stogeQoun sthn katanihsh kai paragwg
fusik c gl,ssac , problépontac thn pijanithta emf'nishc léxewn fr'sewn me b"sh ta sumfrazimena . Stic
pr.imec morféc touc, ipwc ta n-gram monteéla, h pribleyh basizitan se stajeri arijmi prohgoOmenwn léxewn

kai se aploOc pijanotikoOc kaninec Par” thn aplitht” touc , ta montéla aut™ periorDzontan api thn adunamba
touc na genikeOsoun se sp™niec mh parathrhmeénec akoloujbec léxewn

Gia na xeperastoOn autoD oi periorismais gjhsan ta neurwnik™ glwssik™ montéla , argik™ mésw
dbktua prisjiac trofodithshc  (feedforward neural networks [86])kai sth sunégeia mésw anadromik, (RNNs
[54], LSTMSs). Koini touc garakthristiki ebnai h gr sh  enswmat,sewn léxewn (word embeddings),oi opobec
prosféroun suneqgebc anaparast™seic uyhliterhc shmasiologik ¢ plhroforbac . Aut h proseggish epitrépei
megalOterh prosarmostikithta kai katanihsh sunjetiterwn glwssik,n dom,n

H shmantikiterh imwc tegnologik tom rje me thn eisagwg thc argitektonik c twn ~ Metasghmatist,n
(Transformers) [76], pou basbzetai ston mhqganismprosoq ¢ (attention) kai egkatalebpei plrwc tic
epanalhptikéc doméc Oi Metasghmatistétc mporoOn na epexerg zontai oliklhrec akoloujpec Iéxewn
tautigrona , montelopoi,ntac makrogriniec exart seic kai polOplokec glwssikéc sgéseic me exairetik
apotelesmatikithta . Aut h idiithta touc kajist” idanikoOc gia pl joc efarmog,n sthn EpexergasPa Fusik ¢
Gl,ssac (EFG).

Meg’la Glwssik™ Montéla (MGM ). Ta Meg’la Glwssik™ Montéla (MGM) ebnai exeligmena
montéla pou basPzontai sthn argitektonik tou Metasghmatist kai ekpaideOontai se ter’stia s,mata
keiménou Ligw tou megéjouc touc kai thc poikilDac twn dedomenwn ekpabdeuydtiajétoun axioshmebwth
ikanithta genbkeushc kai antimet, pishc polOplokwn ergasi n.

Up“rqoun treic basikéc argitektonikéc parallagec MGM :

" Mino Kwdikopoiht ¢ (Encoder-only): Qarakthristiki par'deigma ebnai to BERT [20], to
opobo sqgedi’sthke gia ergasbec katanihshdpwc taxinimhsh prot’sewn, anagn.rish ontot twn kai
antistobgish erwt matoc-ap™nthshc. O kwdikopoiht ¢ analOei pl rwe thn ebsodg qwrbc na par’gei néa
akoloujba exidou.

Kwdikopoiht ¢ -Apokwdikopoiht ¢ (Encoder Decoder):  Qrhsimopoiebtai se ergasbec ipou h
ebsodoc kai h éxodoc ebnai diaforetikéc akoloujpPigevc h mhganik met™frash. Ta montéla BART [43]
kai T5 [62] axiopoioOn aut th dom kai diaprépoun se kaj konta epexergasPac kai anadimhshc gl ssac

Mino Apokwdikopoiht ¢ (Decoder-only):  Montéla ipwc to GPT [61] an koun se aut thn
kathgorba EkpaideQontai me autopal®ndromh m jh@utoregressive learning),problépontac diadoqik”
thn epimenh I[éxh gegonic pou ta kajist™ idanik™ gia dhmiourgba keiméngusunomiliakéc diepaféc kai
sOnjeth genetik sullogistik

Autéc oi argitektonikéc antanakloOn diaforetikéc sqediastikeéc filosofDec kai ePnai kat'llhlec gia diaforetik™
ebdh ergasi,n sthn EFG Ta encoder-onlymontela uperegoun se katanihsh kai an"lush, ta encoder-decoder
se metasghmatismoOc kai met™frasten, ta decoder-onlyePnai korufaba gia genetikéc efarmogéc

Kaj.c ta MGM sunegbzoun na exelPssontai me thn aOxhsh tou arijmoO paramétrwrih beltbwsh twn
strathgik,n ekpabdeushc kai thn enswm’twsh ergaleBwn kai mn mhapoteloOn pléon to jemeélio gia

thn an“ptuxh prohgménwn susthm“twn tegnht ¢ nohmosOnhanetaxO twn opoPwn kai nomik™ exeidikeuména
sust mata ipwc to PAKTON .

3.1.2 Tegnikéc M’jhshc

Oi tegnikéc Mhganik ¢ M7jhshc (Machine Learning ML) apoteloOn to jemélio thc sOggronhc
tegnht ¢ nohmosOnhc kai diaforopoioOntai kurbwc b’sei tou tripou me ton opobo axiopoioOntai ta dedoména
kat™ thn ekpabdeushall” kai tou bajmoO epopteDac pou paréqgetai Oi basikéc kathgorbec perilamb™noun thn
epiblepimenh th mh epiblepimenhkai thn enisqutik m“jhsh , en, up“rqoun kai ubridikéc morféc, ipwc h
hmiepiblepimentkai h autoepiblepimenh m’jhsh, pou sundu“zoun garakthristik” api tic kOriec proseggBseic.
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Epiblepimenh Mjhsh (Supervised Learning). Se auti to plabsio, to montelo ekpaideOetai me
epishmasménaledomeénalhlad k'je eDsodoc sunodeOetai api mia gnwst kai swst éxodo(etikéta). Stiqoc
ePnai h mjhsh enic montélou pribleyhc pou na mporeb na genikeOei swst™ se, ma orat” dedoménaH
epiblepimenh m’jhsh efarmizetai euréwc se probl mata ipwc h taxinimhsh (p.q., an“lush sunaisj matoc ,
di"gnwsh asjenei,n) kai h palindrimhsh (p.q., pribleyh tim.n posottwn ). H apotelesmatikithta aut c
thc mejidou exart™tai "mesa api thn poiithta kai thn posithta twn diajesimwn epishmasmeéenwn dedomeénwn

Mh Epiblepimenh M jhsh (Unsupervised Learning). Se antbjesh me thn epiblepimenh proseggish
ed, to montelo kalebtai na anakalOyei doméc motBba mésargeepishmasméndedomenawrbe na gnwrbzei
prokajorismenec exidouc Klasikec efarmogéc perilamb’™noun thn omadopobhg{tiustering), th mebwsh
diast"sewn (dimensionality reduction) kai thn anBgneush anwmali,(anomaly detection). H mh epiblepimenh
m’jhsh ebnai idiabtera qr simh se peript,seic ipou den up“rqoun diajésimec etiketecdpwc se an’lush
katanalwtik ¢ sumperifor'c gartogr'fhsh jem“twn se meg’la kebmena .

Hmiepiblepimenh M"jhsh (Semi-supervised Learning). Aut h tegnik apoteleD endi"mesh IOsh
sundu’zontac énan mikri arijmi epishmasménwn dedoménwn me éna megalOtero sOnolo mh epishmasménwn
To montélo argik™ ekpaideQetai sta dedoména me etikétec kai katipin axiopoieD thn plhroforba api ta mh
epishmasmenabelti,nontac th genbkeush kai mei ,nontac thn an"gkh gia ekten geirokbnhth epishmebwsh
EPnai idiabtera apotelesmatik se pedba ipou h epis mansh ebnai dapanhr qronqbpwac h biodatrik h

nomik an’lush. [87]

Autoepiblepimenh M7jhsh (Self-supervised Learning). H autoepiblepimenh mjhsh anadeiknOetai
wc idiabtera isqur teqnik , eidik” gia thn proekpabdeush meg’lwn glwssik .n kai optik,n montélwn. Se
autn, to Bdio to sOsthma dhmiourgeD epopteDa regvint n prokajorisménwn ergasi.n  (pretext tasks),
ipwc h pribleyh thc epimenhc léxhc se éna kebmeno h sumpl rwsh miac fr'shcParilo pou basbzetai se
mh epishmasména dedomé&ataférnei na m’jei ploOsiec kai genikeOsimec anaparastseic Qrhsimopoiebtai
euréwc sthn Epexergasba Fusik ¢ Gl ,ssac (EFG) (p.g., BERT, GPT) kai sthn Upologistik 'Orash  (p.q.,
SiImCLR, DINO).

Enisqutik M"jhsh (Reinforcement Learning). H enisqutik m7jhsh diaforopoiebtai ousiastik™ api

tic prohgoOmenec mejidoydaj,c sthrbzetai se prktorec (agents) pou allhlepidroOn me éna perib’llon Kai
majabnoun mésw antamoib,n poin, O pr-ktorac epigeireb enérgeiegarathreb tic sunépeiec kai prosarmizei
th strathgik tou ,ste na megistopoi sei th swreutik antamoib . Henisqutik m“jhsh ebnai h b"sh gia poll®
epiteOgmata sthn Tegnht NohmosOnphipwc h ekm’jhsh paignidi,n (p.q., AlphaGo) kai h beltistopoPhsh
strathgik,n se dunamik™ abébaia perib’llonta (p.q., rompotik , autinomh plo ghsh, oikonomik an”lush).

Sunoybzontac k'je tegnik m’jhshc parousi"zei monadik™ pleonekt mata kai periorismoQOc, kai h epilog
exart'tai api th fOsh tou probl matoc , thn poiithta twn diajésimwn dedoménwn kai touc stiqouc tou
sust matoc. Se poll” sOggrona sustmata , oi parap’nw proseggbseic sundu“zontai gia thn epBteuxh
an terhc apidoshc kai genbkeushc

3.1.3 Ekpabdeush twn Meg'lwn Glwssik,n Montelwn

H diadikasba ekpabdeushc twn Meg'lwn Glwssik,n Montelwn(MGM) basBzetai se mia proséggish dOo
stadbwn thn arqik proekpabdeustpre-training) kai thn epakiloujh exeidBkeushne-tuning). Oi dOo autéc
f’seic sunerg"zontai gia na prosd,soun sto montélo tiso genik katanihsh thc fusik ¢ gl,ssac iso kai

ikanithta prosarmog c se sugkekriménec efarmogéec

Proekpabdeush  (Pre-training). Sthn pr,th f'sh , to montélo ekpaideOetai se terstiec posithtec
adimhtou hmidomhmeénou keiménipwc biblba “rjra  istitopouc , gwrbc thn apabthsh epishmasménwn
dedoménwrKat™ thn proekpabdeush ulopoioOntai programmatisménec ergasbec m“jhsiwe h pribleyh the
epimenhc léxhc h anasugkrithsh enic apospasmatikoO keiménopou epitrépoun sto montélo na katano sei

th grammatik , th sOntaxh kai tic shmasiologikéc susgetDseic thc gl,ssac. Auti prosférei sto montélo

mia isqur b“sh gia metafor” gn,shc (transfer learning), mei nontac thn an"gkh gia meg-la epishmasména
sOnola stic epimenec f'seic.
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ParadeBgmata tétoiwn montélwn perilamb™noun BERT, to opobo proekpaideOetai mésw mskac léxewai
to GPT, pou basbzetai sthn autopal®Dndromh pribleyh epimenwn Iéxewn

Exeidbkeush (Fine-tuning). Met™ thn apikthsh genik,n glwssik,n ikanot twn , to proekpaideumeéno
montélo prosarmizetai se sugkekriménec ergasbec tomebc mésw thc diadikasbandduning. Se aut th
f’sh , to montélo ekpaideOetai me epishmasména dedoména mikriterhc kiDeikapont™c tou na exeidikeOsei
th gn,sh tou kai na entopbsei pio leptomer motbba pou sqetbzontai me th sugkekriménh ergagi®ea h
kathgoriopobBhsh nomik n rhtr,n, h exagwg ontottwn h ap“nthsh se erwt mata .

Hteqgnik aut ebnaiidiabtera apodotik itan ta diajesima dedomena ebnai periorisméagc to montélo xekin®
me éna prohgmeéno epbpedo gn,shei nontac ton kbnduno uperprosarmog ¢ kai belti,nontac th genbkeush
se “gnwsta paradebgmata

Tomeak™ Exeidikeuméno Pre-training. Se perib’llonta ipou h ergasba-stiqgoc ebnai idiabtera
exeidikeuméntp.q., nomik™ iatrik® kebmenp h apidosh tou montélou mporeb na enisqujeb peraiterw me
éna endi"meso st'dio thn tomeak proekpabdeushSe aut n, to montélo, afoO égei dh apokt sei genikéc
glwssikéc gn,seic , epanekpaideOetai se kePmena tou sugkekriménou pedDou prin thn efarmogettuning.

Gia par"deigmaéna montélo pou egei arqgik” ekpaideuteb silikipedia, mporeb sth sunégeia na proekpaideuteb
se nomik™ éggrafa iatrikec anaforec .

Auti to epipleon b ma epitrepei sto montelo na katano sei to orologiki kai jematiki plabsio tou pedbou
efarmog c kai belti,nei th shmasiologik tou euaisjhsba se tomeak™ fainimena . To apotélesma ebnai
megalOterh akrbbejsunépeia kai axiopistba stic exeidikeuménec efarmogéc

Sunduastik  Strathgik Ekpabdeushc . O sunduasmic genik ¢ proekpabdeushctomeak c
proekpabdeushc kai stogeuménae-tuning sugkroteb mia euélikth kai isqur strathgik . Aut h proséggish
prosdbdei sta MGM ikanithta genBkeushc se eurO f'sma ergasi,nen, tautigrona epitugg™noun uyhl
akrbbeia se eidikec peript,seic EPnai mia tegnik idiabtera kat'llhlh gia sen"ria me periorisména dedoména
kaj,c mei nei drastik” tic apait seic gia epishmasménec eisidouc, enisqOontac thn apodotikithta, thn
epektasimithta kai thn praktik efarmosimithta twn montelwn sthn pr'xh

Sthn prixh, auti to tripli sq ma ekpabdeushc égei apotelései th b"sh gia polléc epitugebc efarmogéc se
pedba ipwc h nomik teqgnologpa iatrik di"gnwsh , h grhmatooikonomik an’lush kai oi eikonikoB bohjob
fusik ¢ gl,ssac

3.1.4 H 'Ennoia thc Protrop ¢ (Prompting)
" Tugaba epilog . Endeiktik™ paradeBgmata epilégontai qwrbc peraitérw filtr risma.
"~ Shmasiologik eggOthta . Epilegontai paradebgmata pou ebnai parimoia me th néa epsodo
aux"nontac thn sunfeia.
" Poikilomorfba paradeigm™twn : H sumperblhyh eteriklntwn peript.sewn prowjeP kalOterh
genbkeush

H protrop (prompting) apoteleb mia jemeli,dh kainotomba sth gr sh twn Meg'lwn Glwssik,n Montélwn
(MGM), epanaprosdiorbzontac ton tripo me ton opobo epitugq netai h prosarmog enic montélou se néec
ergasbec Se antbjesh me tic paradosiakec mejidouc thc epiblepimenhc m’jhshipou apaitebtai h ek neou
ekpabdeush tou montélou me epishmasmena dedoména gia k'je diaforetik ergas®ghsh mésw protrop,n
epitrepei thn axiopobhsh thc dh apokthjebsac gn,shc enic proekpaideumenou MGM

Ston pur na aut ¢ thc proséggishc brbsketai h idéa iti oi eDsodoi proc to montélo mporoOn na diatupwjoOn
wc odhgbec se fusik gl,ssa pou energopoioOn thn eswterik gn sh tou montélou Oi protropéc sugn”
perilamb™noun ken’, paradebgmata epexhghmatikéc odhgbme skopi na upob’loun sto montélo thn
kat'lihlh ermhnebahc ergasbac kai na to kajodhg soun proc thn epijumht éxoda

H protrop éqei anadeigjeD wc idiabtera apotelesmatik gia sen‘riamhdenik,n  IDgwn paradeigm’twn
(zero-shotkai few-shot learning), ipou to montélo kalebtai na I0sei néec ergasbec qwrbc ektetaménh peraitérw
ekpabdeushAut h ikanithta kajist™ ta MGM exairetik™ euélikta kai eOkola epekt’sima se diaforetik”
perib’llonta , prosférontac praktikéc I0seic se éna eurO f'sma efarmog.n.
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Figure 3.1.1: (a) Mhdenik™ paradeBgmatgb) 'Ena par"deigma(c) Lbga paradebgmdthl]

3.1.5 Strathgikéc kai Tegnikéc Protrop c

H tégnh tou prompting afor™ thn epilog , sOnjesh kai diatOpwsh thc kat'llhihc morf ¢ protrop ¢ ,ste

na anadeiknQOetai pl rwc h leitourgikithta tou montélou . Péra api th basik diatOpwsh erwthm™twn, oi
tegnikéc prompting diamorf nontai bsei thc posithtac kai thc fOshc twn plhrofori_n pou parégontai sto
montélo. Oi kuriiterec kathgorbec perilamb™noun

Mhdenik™ Paradebgmata (Zero-shot Prompting)

Sthn teqgnik zero-shot prompting to montélo kalebtai na apantsei se mia ergasbPa mino b"sei thc
fraseologbac thc odhgbacqwrbc na tou paréqetai kanéna par"deigmaH epitugba aut c thc tegnik ¢
prodpojétei iti to montélo égei apokt sei epark ennoiologik katanihsh kat™ to st'dio thc proekpabdeushc
Parilo pou den parégetai ek twn proterwn m’jhsh meésw paradeigm™twnh apidosh twn MGM parameénei
entupwsiak , eidik™ se gnwstéc kai genikéc ergasbec

'Ena Lbga Paradebgmata (One-shot kai Few-shot Prompting)

Sthn perDptwsh thc one-shot prompting to montélo lamb™nei éna monadiki par"deigma thc zhtoOmenhc
ergasbac sun jwc me saf antistobgish eisidou -exidou, kai kalebtai na epanal’bei thn apidosh se néo
dedomeénoH few-shot prompting epektebnei aut thn idea parégontac sto montélo pollapl” paradebgmata
(sun jwc 35), enisqOontac thn ikanitht™ tou na anagnwrbzei pritupa

H apotelesmatikithta aut,n twn teqnik,n exart™tai api ton tripo epilog c twn paradeigm™twn . Ta kuriitera
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krit ria perilamb™noun :

Protrop me Alusbda Sullogistik ¢ (Chain-of-Thought Prompting)

H tegnik Chain-of-Thought Prompting (CoT) eis"gei éna krbsimo b ma sthn protrop, enswmat nontac
rht” th logik porePa epBlushc enic probl matoc. To montélo enjarrOnetai na parag™gei mia allhlougba
sullogism,n pou odhgoOn sth IOsh, prosomoi,nontac ton tripo me ton opoBo énac “njrwpoc skéftetai b ma
proc b ma H proséggish aut éqei apodeigjeD idiaitérwc apotelesmatik se ergasPec pou apaitoOn majhmatiki
analutiki  aitiaki sullogismi  , aux"nontac th diaf'neia kai thn axiopistba twn apant sewn

Figure 3.1.2: Par"deigma protrop ¢ me endi"'mesec skeyei@Chain-of-Thought Prompting) [84]

Sunolik™ , h strathgik tou prompting apoteleb énan idiabtera apodotiki kai euélikto tripo axiopobhshc
twn MGM. Prosférei th dunatithta dhmiourgbac plug-and-play 10sewn epitrépontac thn efarmog enic
montélou se néa perib’llonta qwrDc peraitérw epanekpabdeusdi tegnikéc prompting igi mino epitagOnoun
th diadikasPa prosarmog ¢ all” enisqOoun kai th diaf'neia , kajist,ntac thn proséggish aut aparabthto
ergalebo sth sOggronh epexergasba fusik ¢ gl ssac.

3.1.6 Epauxhménh Dhmiourgba mesw An"kthshc (Retrieval-Augmented
Generation - RAG)
H Epauxhménh Dhmiourgba mésw An"kthgtiRetrieval-Augmented Generation RAG ) apoteleb ena

ubridiki par"deigma sust matoc er,thshc -apikrishc , to opoDo sunduzei th dOnamh thc exagwgik ¢ an“kthshc
plhrofori,n me thn dhmiourgik ikanithta twn Meg lwn Glwssik,n Montelwn (MGM). H kentrik idéa
pbsw api to RAG ebnai h paroq sto glwssiki montélo prisbashc se exwterikéc phgéc gn,shc (p.q.,

b seic eggr'fwn , istoselbdeg b seic dedoménwn, ste na mporeb na dhmiourgeb apant seic pou ebnai igi mino
suntaktik™ orjéc all” kai epalhjeOsimec kai tekmhriwménec. Kat" autin ton tripo apofeOgontai fainimena
"paraisj sewn " (hallucinations)[30].

H paradosiak proseggish twn MGM basbzetai apokleistik™ sth gn,sh pou enswmat,netai kat™ th f’sh
thc proekpabdeushc Wstiso , h statik fOsh aut ¢ thc gn,shc apoteleD shmantiki periorismi , eidik™ se
tomeDc ipou oi plhroforDec ePnai dunamikéc exeidikeum&aeRAG epilOei auti to priblhma epitrépontac
sto montelo na anakt™ sgetik™ aposp”smata keimeénou api mia exwterik b"sh dedoménw(Retriever) kai sth
sunégeia na dhmiourgeb apant seic basisménec se aut™ ta aposp”sm@d&nerator).

Aut h argitektonik apotelebtai api dOo kOria st'dia :

" Ankthsh  (Retrieval): DBbnetai eéna er ,thmakai o mhganismic an"kthshc epistréfei ta pléon sqetik”
eggrafa aposp”smata api mia sullog gn,shc
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" Dhmiourgba  (Generation): To MGM dhmiourgeb thn telik ap’nthsh, enswmat nontac to
perieqimeno pou anakt jhke.

H proséggish RAG éegei apodeigjeb idiabtera apotelesmatik se efarmogéc ipwc

~ Nomik kai iatrik tekmhrbwsh

Exeidikeumenh upost rixh pelat,n

Analutik epexergasba episthmonik,n eggr-fwn
" Ergaleba sumbouleutik ¢ kai dialigou me b“sh tekm ria (evidence-based dialogue)

H kOria priklhsh sta RAG sust mata afor” th  poiithta thc an"kthshc . 'Estw kai an to glwssiki montélo
ebnai isqurj ellip ¢ anakrib ¢ an"kthsh mporeb na odhg sei se esfalménec anakribebc apant seic Gi auti ,
h beltistopoPhsh tiso tou mhganismoO an’kthshc iso kai thc strathgik ¢ olokl rwshc  (fusion) paraménei
krbsimo ereunhtiki pedbo

3.1.7 Polupraktorik™ Sust mata (Multi-Agent Systems)

Ta polupraktorik™ sust mata (Multi-Agent Systems MAS) apoteloOn éna isquri upologistiki
plabsio gia thn epBlush sOnjetwn problhm™twn mésw thc sunergasbac pollapl mpraktirwn (agents). 'Enac
pr-ktorac mporeb na oristeb wc mia autinomh upologistik ontithta me ikanithta antblhyhc tou perib~llontic
thc, 1 yhc apof'sewn kai ekteleshc energei,n , me b"sh sugkekriménouc stiqouc apostoléc. Oi prktorec
diajetoun mhganismoOc m“jhsh@ntbdrashc kai sugn” epikoinwnBdaijist, ntac touc idanikoOc gia dialogik™ ,
apokentrwména sunergatik™ sen’ria.

Me thn éleush twn Meg“lwn Glwssik,n Montélwn  (MGM), h ennoia tou pr'ktora emploutbzetai pléon, énac
pr ktorac mporeb na ulopoihjeb wc éna MGM rasjulakwmeénh logik apifashc , prisbash se ergaleba, kai
ikanithta autinomhc allhlepbdrashc me “lla sust mata qr stec mésw fusik c gl,ssac . Gia par"deigma
prktorec -MGM mporoOn na sundu”zoun dialigoycergaleba an“kthshc gn,shc kai sgediasmi enérgeiac
leitourg,ntac wec autinomec upomon’dec se éna megalOtero gnwsiaki sOsthma

'Ena Polupraktoriki SOsthma (MAS) apotelebtai api polloOc tétoiouc prktorec , pou sunerg zontai
leitourgoOn par’lihla entic enic koinoO perib’llontoc . Oi priktorec mporeD na éqoun diaforetik eidbkeush
stiqo , kai h dunamik allhlepBdrash metaxO touc mporeD na epiférei IOseic uyhl ¢ poluplokithtac na

par"gei anaduimenec sumperiforéc

K'je prktorac se éna MAS mporeb na diajétei

~ Autinomh | yh apof sewn . Ekteleb eneérgeiec b"sei eswterik c logik ¢, strathgik ¢ stiqwn
gwrbc exwteriki éleggo.

~ Merik gn,sh . Katégei mjno éna uposOnolo thc diajésimhc plhroforbacenisqOontac thn angkh
sunergasbac kai suntonismoO

"~ lkanithta Epikoinwnbac . Antall"ssei plhroforbec ait mata me “llouc pr'ktorec mesw koin,.n
prwtokillwn epikoinwnbac, ebte kentrik™ ebte apokentrwména

H gr sh MGM wec prktorec enisqOei thn ikanithta k'je mon“dac na katanoeb sOnjetec glwssikéc entoléc,
na analOei eggrafa na allhlepidr” dialogik™ me ton gr sth kai na grhsimopoieb exwterik™ ergaleba (ipwc
APls, b"seic dedomenwn anakt,menh gn,sh meswRAG). Paradebgmata tetoiwn praktirwn perilamb”noun

" Pr'ktorec An“kthshc Gn,shc (Retrievers): Exeidikeumenoi sthn eOresh sqetik,n
plhrofori,n api exwterikec b seic

" Prktorec SullogismoO (Reasoners): Par"goun logikéc akoloujbec basisménec se endebxeic
anakthména aposp”smata

Diamesolabhtéc Sumperasm™twn (Synthesizers):  Sundu”zoun apospasmatikéc plhroforbec
se eniabeermhneOsimec apant seic anaforéc

H katanom thc gnwsiak ¢ epibrunshc metaxO twn praktirwn odhgeP se megalOterh klimakwsimithta
exeidbkeush kai anjektikithta. Epipléon, epitrépei thn epexergasba pollapl,n stiqwn tautigrona , thn
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epanexetash upojésewn api diaforetikeéc optikeéc gwnbedai thn paragwg sunektik,n apant sewn mesw
dialogikoO ierargikoO suntonismoO metaxO twn montelwn

3.2 H argitektonik tou PAKTON

Se aut n thn enithta , parousi"’zoume thn pl rh arqgitektonik kai th leitourgik ro tou PAKTON , tou
proteinimenou polupraktorikoO mac plaisPou gia thn an’lush sumbolaBwnH enithta perigrfei p,c to
PAKTON antimetwpbzei susthmatik™ tic monadikec prokl seic thc katanihshc nomik,n eggr'fwn diasp,ntac

to priblhma se diakrit™ all” allhlepidr, nta sustatik™ mérh . Xekin"me me mia episkiphsh uyhloO epipédou thc
leitourgikithtac kai twn stigwn tou sust matoc  , esti"zontac sth diaf'neia , th jemelBbwsh mésw an“kthshc
plhroforbac kai thn paragwg domhménwn nomik,n anafor,n

Sth sunéqeia perigrifoume touc treic basikoOc prktorec ton ArgeiofOlaka , ton Anakrit kai ton
Ereunht  analOQontac ton rilo kai thn eswterik logik kajenic sto sunoliki sOsthma epexergasbac . O
ArgeiofOlakac ebnai upeOjunoc gia thn eisagwg eggrfwn kai th ierargik kat'tmhs touc , dieukolOnontac
thn an“kthsh plhroforbac me gn mona to sumfrazimeno O Anakritc ekteleb epanalhptik logik p"nw
sta anakthmeéna aposp“smata sunjétontac proswpopoihmenec nomikéc anaforéc me rhtéc aitiolog seic kai
entopismi ken,n gn,shc. O Ereunhtc diageirbzetai thn endokai dia-eggrafik an“kthsh me ubridikec kai
grafokentrikéc tegnikéc , enisquimenogcipou grei“zetai , api exwterik™ ergaleba.

K’je upoenithta exhgeb tic tegnikéc leptoméreiecta kbnhtra sqedbashc kai tic argitektonikéc epilogéc pou
kajistoOn to PAKTON mba apotelesmatik kai efarmisimh 10sh gia thn automatopoihménh anaskiphsh
sumbolabwn

3.2.1 Episkiphsh

To PAKTON aposkopeb sthn an’lush sumbolaBbwn pou paréqontai api ton gr sth kai sth dhmiourgba
apant sewn se erwt mata, tekmhriwmenwn me b"sh to periegimeno tou sumbolagbPen, enswmat,nei kai
sgetik exwterik gn,sh , ipwc apeikonDzetai sto Sqma3.2.1. KOrioc stiqoc tou sgediasmoO ebnai h
exasflish diafanoOc kai anigneOsimhc sullogistik ¢ , mésw anafor.n se sugkekriména aposp’smata tou
sumbolabou kai thc safoOc aitiolighshc k'je sumper’smatoc. H telik éxodoc parégetai wc domhménh nomik
anafor” .

Figure 3.2.1: Ro gr shc tou PAKTON: upobol nomikoO erwt matoc kai paragwg analutik ¢ anafor’c .

Gia thn ulopoPhsh autc thc leitourgikithtac , to sOsthma basPzetai se mia argitektonik tri.n
praktirwn  ton ArgeiofOlaka , ton Anakrit kai ton Ereunht  ipou kajénac epiteleD énan diakriti rilo
sthn mon“da an’kthshc, logismoO kai sOnjeshc plhroforbac Kje priktorac ulopoiebtai wc énac brigoc
sullogistik ¢ sOmfwna me to pritupo  ReAct [91], to opoPo sundu’zei b mata skéyhc kai enérgeiac mésw enic
kentrikoO Meg’lou GlwsikoO Montélou . Autic o sgediasmic epitrépei stouc priktorec na sullogbzontai
p'nw sthn tréqousa kat’stash , na par’goun energeiec prosarmosmenec sto ergalebo kai na belti,noun
epanalhptik™ tic apof’seic touc b"sei endi"meswn apotelesm™wn .

Mia sunolik apeikinish tou plaisbou parousi'zetai sto Sqma 3.2.2, en, epipléon tegnikéc leptomereiec
paréqontai sto Parrthma A.
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Figure 3.2.2: Episkiphsh tou proteinimenou plaisPou PAKTON kai twn eswterik,n tou sunistws,n

3.2.2 ArgeiofOlakac

O ArgeiofOlakac ebnai upeOjunoc gia th sullog kai org’nwsh twn sqgetik .n plhrofori.n pou paréqei o

gr sthc . Diadramatbzei kentriki rilo sta arqik™ st"dia tou sust matoc , sugkentr,nontac kai sunoybzontac
to erithma tou grsth , tugin sunodeutikec odhgbec kaj,c kai sgetiki sumfrazimeno upibajro . Oi
plhroforDec autéc organ nontai kai prowjoOntai ston priktora  Anakrit . O ArgeiofOlakac epBshc
diageirbzetai thn apoj keush kai thn enswm’twsh thc dianusmatik ¢ anapar’stashc tou sumbolabou kai
allhlepidr” energ™ me ton grsth gia thn epPlush asafein thn anazthsh elleipoOc plhroforbac
Efarmizei telik™ treic basikéc leitourgbec :

An’lush Eggrfou . Gianakatasteb dunat h praktik gr sh tou sust matoc , o ArgeiofOlakac dégetai
di"forouc tOpouc eggr'fwn mésw miac enopoihménhc ro ¢ plhroforbacAnalOei eggen.c argeba keiménou
diathr,ntac stoigeba ipwc tbtlouc, paragrfouc kai arjmhménec diat'xeic. Gia arqebaPDF, efarmizei
tegnikéc OCR [71, 72] kai an’lush optik ¢ di“taxhc gia thn apokat’stash thc ierargbac tou eggrifou
sumperilambanomeénwn enot twpin"kwn kai diat™xewn pollapl,n sthi,n . 'Olo to periegimeno pou ex"getai
filtr'retai kai kanonikopoiebtai ,ste na paregei sunep , domhmenh ebsodo gia thn epexergasba pou akoloujeb

lerargik Anlush . Ta nomik™ éggrafa parousi’zoun sOnjetec domégc eswterikéc parapompéc kai
leptéc shmasiologikéc diaforéc pou kajistoOn tic epPpedec anaparast’seic aneparkeB8ia thn antimet, pish
autoQ dhmiourgoOme éna ierarqgiki déntro pou antanakl” th dom tou Bdiou tou sumbolaboip keBmeno
analOetai se aut th dom me gr sh domik,n endebxewn se sunduasmi me metrikéc shmasiologik ¢ omoiithtac
basisménec se enswmat, seic tOpdBERT [80] meésw MGM

H diadikasba domik ¢ an’lushc perilamb™nei dOo kOria b matapwc fabnetai sto Sqma 3.2.3: (1)
anagn,rish twn diakrit,n enot twn tou eggr-fou kai (2) prosdiorismic twn ierargik.n sgésewn metaxO
touc. Paradebgmata enot twn perilamb”™noun tbtloycr trec , paragrfouc kai arjmhmena stoigeba IPstac
Mba enithta jewrebtai paidb k“poiac “llhc itan emfanbzetai énjeth wc proc ekeBnhme b"sh stoigeba ipwc
h esoq , h arBjmhshh optik ditaxh (se OCR éggrafa) h shmasiologik eggOthta .
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Kwdikopobhsh Eggrfou . H anapar’stash tou sumbolabou wc dentro grhsimopoiebtai gia th
dhmiourgBa apospasm’twn diathr ntac ta sumfrazimenaa opoba sth sunéqgeia enswmat, nontai gia skopoOc
an"kthshc plhroforbac. H temagisménh me b"sh ta sumfrazimena anapar’stash éqei apodeigjeb iti
mei nei apotugbec an“kthshc diathr ntac th shmasiologik sunoq metaxO enot twn[4]. Idiabtera tiso h
epikaluptimenh [81] iso kai h dunamik temagisménh anapar”stasi21] éqoun belti sei tic epidiseic sthn
an“kthsh plhroforbac .

Gia thn K'luyh diaforetik,n epipédwn sumfrazoménwn dhmiourgoOme treic tOpouc apospasm’twn gia K’je
kimbo tou déntrou, ta opoPa sth sunégeia enopoioOntai se éna eniabo sOndla diplitupa sgedin
imoia aposp“smata filtr'rontai ste na diathrebtai h poikilDa kai na apofeOgetai h epanalhptikithta . Oi
strathgikéc temagismoO ebnai oi ex ¢

" An” Kimbo : Kwdikopoieb k'je kimbo memonwmgdtiathr, ntac leptomerebc shmasiologikéc plhroforbec
Idaniki gia akrib antistobgish me erwt mata pou stogeOoun se sugkekriménec r trec nomikéc diatxeic
Me Gn,sh Proginwn . Sunduzei ton kimbo me touc proginouc tou sthn ierargbaenswmat,nontac
sumfrazimeno api epikefalbdec kai tBtlouc Auti bohj™ sthn aposaf nish kai katanihsh tou rilou k'je
enithtac sto genikitero plabsio tou sumbolabou.

Me Gn,sh Apoginwn : Sunen,nei ton kimbo me touc apoginouc tou gia thn enswm™twsh sunektik,n
enot twn , ipwc r trec kai upo -r trec IDstec . EndeBknutai gia sullogistik p“nw se sOnjetec polumereBc
diat™xeic.

K'je apispasma emploutbzetai me metadedomépwc h jésh tou ston domiki kormi , h jésh tou sto eggrafo
to inoma tou argePou kai mPa sunoptik perblhyh tou sumbolabaut™ ta metadedomeéna dieukolOnoun tiso
thn an“kthsh metaxO eggr’fwn (mésw dromolighshc sthn apoj kh dianusm"twn) iso kai thn endo-eggrafik
kat"taxh sunfeiac .

Me thn enswm’twsh pollapl,n domik,n optik,n , to plabsio temagismoO aux’nei thn pijanithta an“kthshc
sgetik ¢ plhroforDac gia éna eurO f'sma erwthm™twn api anazht seic rhtr,n éwc sullogismoOc se epPpedo
enot twn .

3.2.3 Anakritc

O Anakritc ebnai upeOjunoc gia th dhmiourgba thc telik ¢ anafor’c pou parousi“zetai ston gr sth wc
ap'nthsh tou sust matoc . Gia ton skopi auti , suntonbzei mia polustadiak diadikasPa sullogismoO me
stigo thn akrib kai tekmhriwmenh ap“nthsh sto er,thma . Wc ebsodo degetai to er,thma tou gr sth to
sumfrazimeno plabsio kai tic sgetikeéc odhgbgekai xekin™ mia epanalhptik an“krish tou priktora Ereunht .

H diadikasba aut perilamb’nei th di"spash tou argikoO erwt matoc kai th dhmiourgbBa seir"c upoerwthm™twn
pou aposkopoOn sthn emb’junsh kai aposaf nish thc plhroforbac.

AfoO I'bei ap™nthsh sto pr,to upoer thma api ton Ereunht , o Anakritc dhmiourgeb eéna prokatarktiki
prosgéedio anafor”c pou epigeireb na apant sei "mesa sto arqiki er,thma tou gr sth . H arqik aut apikrish
axiopoiePtai epDshc gia ton entopismi pijan,n ken.n gn shc pou apaitoOn peraitérw diereOnhsh

B"sei thc argik ¢ antallagc , o Anakritc diamorf nei epakilouja erwt mata me stigo thn k'luyh twn
ken,n sthn prokatarktik ap™nthsh . Kat™ th dhmiourgba k'je néou erwt matoc, lamb™nei upiyh to arqiki
er.thma, ta sumfrazimena, tic odhgbecmia sOnoyh twn prohgoOmenwn erwthm™twn kai to trégon prosqgédio
thc anafor"c . Dbnetai proteraiithta se erwt mata pou anameénetai na belti,soun ousiastik™ thn poiithta

thc telik ¢ ap™nthshc .

Me k’je nea ap"nthsh api ton Ereunht , o Anakrit c belti,nei proodeutik™ to prosgedio thc anafor'c . H
diadikasba sunegbzetai meqri na isqOsei éna api ta dOo krit ria termatism{dPdiapist, netai iti h ap™nthsh
ebnai epark,c pl rhc kai égkurh  (2) egei epiteugjeb to mégisto epitrepimeno pl joc epanal yewn an’krishc
(pou prosomoi,nei to b’joc an“kthshc ), ipwc orbzetai api ton gr sth .

O Anakrit ¢ kajodhgebtai rht™ ste na apofeQgei upojéseic kai na paraménei jemeliwménoc sto anakthméno
perieqimenog epishmabnontac me saf neia tugin as™feiec ellebyeic pou empodbzoun thn pl rh ap™nthsh tou
erwt matoc.
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(a) Entopismic Enot twn

(b) lerargik Dom Enot twn

(c) Sumfrazimenec Enswmat,seic gia ton kimbo1.1 Seller ...

Figure 3.2.3: Anapar’stash Déntrou kai Ro TemagismoO gia Sumbolaiak™ 'Eggrafa
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Epipléon, o Anakrit ¢ ePnai upeOjunoc gia thn epikOrwsh thc dom ¢ the telik ¢ anafor'ch opoba prépei na
perilamb’net

" Tbtlo kai sunoptik Perblhyh Jematoc.

" Nomiki sullogismi kai basik™ sumper“smata , gia enbsqush thc diaf"'neiac
Prokatarktik ap™nthsh kai kateujOnseic gia peraitérw diereOnhsh

" Entopismeéna ken” gn,shc kai proteinimena epimena erwt mata

"~ Lbsta uposthriktik.n phg,n

3.2.4 Ereunhtc

O Ereunht ¢ ePnai upeQjunoc gia thn an“kthsh sqetik ¢ plhroforBac prokeiménou na uposthrbxei t@nakrit
sthn ap™nthsh tou erwt matoc tou grsth . Wc priktorac, ebnai exoplismenoc me pollapléc mejidouc
an“kthshc, kajemba ek twn opoPwn ulopoiebtai we xeqwristi ergaleBm’loga me th fOsh tou erwt matoc
kai tic sqetikec odhgbeco Ereunht ¢ epilegei autinoma th béltisth méjodo sunduasmi mejidwn an’kthshc.

H epilog aut kajodhgebtai mésw protrop ¢ se MGM , to opobo axiologeb to perieqimeno tou erwt matoc kai
tic perigrafec twn ergaleBwn gia na epiléxei thn kat'lihlh strathgik

Oi méjodoi an“kthshc kathgoriopoioOntai se dOo basikoOc tOpouc

An"kthsh entic eggrfou : Axiopoi,ntac ta aposp”“smata kai tic dianusmatikéc touc anaparast’seic
pou par'gontai api ton ArgeiofOlaka, o Ereunhtc anakt” sqetikéc enithtec gia thn ap’nthsh
tou erwt matoc. Qrhsimopoiebtai mia ubridik proséggish an“kthshc pou sundu“zeBM25[64], pukn®
embeddings[44],kai to Reciprocal Rank Fusion (RRF)[17]. Epipléon, enswmat nhetai to LightRAG [31]
(mia elafri” ekdog tou GraphRAG [22]), to opoPo enisqOei thn antistobgish se epPpedo ontot twn kai
sgésewn entic kai metaxO eggrfwn. Auti ePnai idiabtera apotelesmatiki gia erwt mata pou apaitoOn
logismi p"nw se pollapl” allhlexart, mena éggrafa

An’kthsh metaxO eggrfwn : Aut h meéjodoc anakt™ sgetikec enithtec api “lla éggrafa , tic
opobec énakrit c mporeb na axiopoi sei wc paradeBgmata mésw tegnik,n protrop ¢ paradeigm’twn

To PAKTON uposthrbzei epbshc epipléon dunatithtec an"kthshcipwc anaz thsh sto diadbktuo,
prisbash sth Wikipedia, erwt mata se b’seic dedoménwBQL kai sOndesh me exwterikéc nomikéc b seic
mésw touModel Context Protocol (MCP)[5]. Ta ergalePa aut™ éqoun sqediasteD ste na enisqOoun tic
gn,seic tou montelou itan auti den diajétei epark plhrofirhsh apaitebtai enhmérwsh se pragmatiki
grino. Wstiso, gia ligouc dbkaihc kai eleggimenhc axiolighsh¢ aut h kathgorba an“kthshc den
grhsimopoi jhke sta peir'mat™ mac.

Gia thn epbteuxh tiso uyhl ¢ an’klhshc iso kai akrbbeiac, o Ereunhtc efarmizei mia diadikasba dOo
stadbwn an“kthsh kai epanakattaxh. Argik® , grhsimopoioOntai anakt seic me uyhl an“klhsh (ipwc
autéc pou perigr'fhkan parap™nw) gia na sullegjeb éna eurQ sOnolo upoy fiwn apospasm™twn me skopi th
megisth k'luyh . Sth sunéqeia, éna montélocross-encodeepanakatat™ssei ta apotelésmata, kwdikopoi, ntac
api koinoO to erthma kai k’je apispasma, ,ste na ektim sei me megalOterh akrbbeia th shmasiologik
sun’feia [37]. Aut h f'sh leitourgeD wc fBItro uyhl ¢ akrbbeiac , belti,nontac to argiki sOnolo upoyhfdwn .

Oi bajmologBec sun“feiac kanonikopoioOntai mésw m&gmoid sun’rthshc , kai isa aposp“smata uperbabnoun
éna prokajorisméno irio pernoOn sth f'sh paragwg ¢ ap™nthshc .

3.3 Peirmata kai Apotelésmata

Se aut thn enithta parousi"zontai ta peirmata kai ta apoteléesmata me skopi thn axiolighsh thc
apotelesmatikithtac tou proteinimenou plaisbou se pollapléc diast’seic axiolighshc . To PAKTON
axiologebtai tiso me posotikéc iso kai me poiotikeéc mejidouc Sthn posotik an’lush , dokim™zetai se éna
peribllon an"lushc sumbolabwn, ipou uperégei ilwn twn basik, n sugkritik,n montélwn wc proc thn akrbbeia .
Gia thn apominwsh thc suneisfor’"c memonwménwn uposusthm™van enithtec ArgeiofOlaka -Ereunht , pou
ulopoioOn ton mhganismi Epauxhménhc Dhmiourgbac mésw An’kifsbé\ ), axiologoOntai se téssera sOnola
dedoménwn anafor’cepitugq nontac kainotima apotelésmata.

Gia ton Anakrit o opoboc ebPnai upeOjunoc gia th dhmiourgba thc telik ¢ ap™nthshc proc ton
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gr sth  diex"getai poiotik axiolighsh , kat™ thn opoPa oi eéxodoi exet’zontai wc proc ennea krit ria pou
eujugrammbzontai me ton stiqo tou sust matoc na par'gei ermhneOsimec kai axiopoi simec apant.sdit
axiolighsh aut perilamb™nei domhménh anjr pinh krbsh api pénte émpeirouc nomikoOc kai énan Dikast
tou Arebou P goy kaj,c kai autimath axiolighsh mésw G-EVAL [49]. Se amfiterec tic axiolog seic , to
PAKTON xepern” stajer” to GPT-40 , uperégontac se okt, api ta ennéa krit ria .

3.3.1 Posotik™ Apotelésmata

H posotik axiolighsh parégei éna austhri kai antikeimeniki jemeélio gia thn ektbmhsh thc
apotelesmatikithtac kai thc anjektikithtac tou plaisbou PAKTON . Se aut thn enithta parousi"zoume
empeirik™ apotelésmata api sOnola dedoménwn anafor™c pou metroOn posotik” tiso thn akrBbeia taxinimhshc
iso kai thn apidosh an“kthshc . Oi metrikéc autéc epitrépoun thn apominwsh kai sOgkrish thc suneisfor’c
epimérouc uposusthm™wn ipwc oi mon“dec sullogistik ¢ kai an“kthshc , upi eleggimenec sunjkec.
Sugkrbnontac me isquréc grammec b shsumperilambanoménwn eidik™ proekpaideuméenwn nomik,n montélwn
kai prohgmenwn tegnik,n Epauxhménhc Dhmiourgbac mésw An kti{&ieA) debgnoume iti t?!AKTON iqi
mino epitugq nei an,terh probleptik apidosh , all” parousi“zei kai axioshmebwth anjektikithta anexart twc

tou upokePmenou glwssikoO montéloda eur mata aut™ prosféroun saf apideixh thc genikeusimithtac
thc apotelesmatikithtac kai thc praktik ¢ grhsimithtac tou plaisbou gia pragmatikéc ergasbec an’lushc
sumbolabwn

Apidosh se Dedoména Taxinimhshc

Diamirfwsh Peir"matoc . Gia thn posotik axiolighsh , to PAKTON dokim'sthke sto sOnolo
dedoménwg@ontractNLI [38]. Se auti, k'je tekm rio (premise) antistoigeP se pl rec kebmeno sumbolaPou
to opobo susgetbzetai me mba upijg$lypothesis). H ergasba taxinimhshc egkeitai ston prosdiorismi e€™n

h upijesh prokOptei api , érgetai se antbfash mg ebnai oudéterh wc proc to sumbilaio Dedoménou tou
meg’lou m kouc twn keiménwno sOnolo dedoménwn parégei sqoliasména aposp smata pou upodeiknQoun tic
krbsimec periogéc gia th | yh apifashc.

To PAKTON axiologebtai sugkritik® me pollaplec grammec b"shg sumperilambanomenwn montelwn
proekpaideuménwn se nomik™ s ,mata keimenfuq. Saul [15]) kai diaforetik,n tegnik,n  prompting
(Pbnakac7.1). Oi metrikec perilamb™noun sunolik akrbbeia kai stajmisménd=1 (F1[W]), kaj,c kai
memonwmeiRd gia tic kathgorbec sunepagwg (entailment), antbfash (contradiction) kai oudeterithta
(neutral).

Oi tegnikéc protrop ¢ perilamb™noun zero-shot (ZS), few-shot (FS) ipou pareqgontai pl rh sumbilaia wc

paradebgmatakai FS-Spans, ipou dbnontai mino ta krbsima aposp”smata Debte to Par’rthma C gia
leptomereiec tou peiramatikoO sgediasmo®a apotelésmata anadeiknOoun saf,c thn uperoq tou PAKTON,

xepern ntac akima kai eidik™ ekpaideuména montela

Apotelesmata . To PAKTON uperégei stajer” twn gramm,n b"shc se ila ta montéla . Sugkrbnontac
ta Mistral kai Mixtral me toSaul, parathrebtai iti to PAKTON apodbdei kalOtera akima kai se sqésh me
ne-tuned montéla epb nomik,n dedomen&ndeiktik™, to Mistral 7B mePAKTON xepern” to Saul 54B, par”

th diafor” megéjouc .

Epipléon, h diakOmansh thc apidoshc metaxO diaforetik, hLMs pou enswmat,noun toPAKTON ePnai miky
upodeiknOontac uyhl anjektikithta . Gia par"deigmato F1[W] tou Llama 3.1 70BmePAKTON ePnai9.03%,
en, tou Gemma 3 27BePbna82.83% (iafor” milic 3.8 mon“de}: Antbjeta, sth ZS rOjmish h diafor metaxO
twn Bdiwn montélwn aggbzei #2.83 posostiabec mon“decAuti debgnei iti h argitektonik tou PAKTON
mei nei th diakOmansh apidoshc metax® montélwn

Gia na exet"soume peraiteérw thn anjektikithta , upologbzoume ton suntelest metablhtithtac (CV) gia to
F1[W] se ila ta montela me PAKTON kai brbskoum€V = 12:6%, énanti> 25%gia ZS. Epipleon, ektelebtai
monidromh an’lush diaspor’c (ANOVA) diagwrbzontac ta montéla b"sei toumedian twn ZS epidisewn den
parathrebtai statistik™ shmantik diafor~ (F =3:05, p=0:12).

Teloc, mésw grammik ¢ palindrimhshc axiologebtai h ex’rthsh metax@® apidoshc kai PAKTON: h kIDsh
ebnai milid:44, dhlad k'je mon“da beltbwshc sto baselinemetafr'zetai se ligitero api mis mon“da entic
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PAKTON, debgnontac sumpbesh diafor,n

Sunolik™ , ta eur mata epibebai noun iti to PAKTON mei,nei drastik” tic diaforéc apidoshc metaxO LLMs,
en, diathreDb uyhl akrbbeia Auti ebnai idiabtera shmantiki ston nomiki tomédpou h gr sh open-source
montélwn epitrépei asfal kai idiwtik an“lush sumbolabwn .

Apidosh thc Mon"dac Epauxhménhc Dhmiourgbac mésw An“kthshc (EDA )

Diamirfwsh . Péran tou ContractNLI, grhsimopoioOme tdenchmark LegalBench-RAG [60] gia thn
apominwsh thc mon“dac an“kthshc dhlad twn ArgeiofOlaka kai Ereunht gwrbc thn emplok paragwg c
apant sewn. To benchmark kalOptei tésseric kathgorDec NDAs, sumfwnbedI&A, emporik™ sumbilaia kai
politikéc aporr tou , epitrépontac mia axiipisth apotbmhsh thc an"kthshc se eterogen nomik™ s, mata

To PAKTON sugkrbnetai me tésseric grammeéc b"shiaive (500 garakt rec me OpenAl embeddings), RCTS
(domik kat"tmhsh [42]), Naive+Cohere (mereranking), kai RCTS+Cohere. Analutik™ stoigeba up“rqoun sto
Par‘rthma B.

Apotelesmata . O Pbnakad.2 parousi“zei sugkritik™ thn apidosh an"kthshc me metrikéc precision kai
recall gia pollapl” k. Se ilec tic sullogéc , to PAKTON uperegei stajer” kai shmantik™ énanti ilwn
twn baseline. Endeiktik™, sto ContractNLI to Recall@laggbzei t053.14% énanti 11.32%tou isquriterou
baseline. Antbstoiga uyhl” kérdh parathroOntai kai sta PrivacyQA, MAUD kai CUAD, me diaforécRecall@1
pou xepernoOn ti@0 posostiaDec mon“dec

Sugkentrwtik™ , to PAKTON parousi’zei p°'nw api pentapl“sia aOxhsh sto Recall@1 (26.77%nanti 4.94%).

Aut” ta apotelésmata ebnai krbsimhc shmasbac ston nomiki tgrifgau h an"kthsh mh sgetik, n apospasm™twn

mporeb na odhg sei se esfalména ajemelbwta sumper’smataiabtera se éggrafa me antikrouimenec r trec
exairéseic pou apaitoOn akrib sumfrazimena

3.3.2 Poiotik™ Apotelésmata

Se antbjesh me tic posotikeéc metrikeooi opobec epikentr,nontai se metr simec paramétrouc ipwc h akrbbeia
h poiithta an“kthshc , h poiotik axiolighsh esti"zei sthn antilambanimenh poiithta kai ermhneusimithta

twn paragimenwn apant sewn Aut h axiolighsh antanakl” ton bajmi ston opobo to sOsthma uposthrbzei

th 1 yh apof°sewn se pragmatik™ sen’ria , idiabtera ston nomiki toméa ipou h saf neia h aitiolighsh kai

h praktik grhsimithta ebnai kajoristik c shmasbac . Ousiastik™ , ta apotelésmata aut™ apotup,noun p.c oi

telikoD gr stec  eidik™ oi mh eidikoDermhneOoun kai apotimoOn tic exidouc tou sust matogrosférontac

poiotik eikina thc apotelesmatikithtac péra api touc arijmhtikoOc debktec . Sugkritik® paradeBgmata exidwn

twn PAKTON kai GPT-40 paratbjentai sto Par'rthma F.

Diamirfwsh Peir"matoc . Gia thn axiolighsh thc praktik ¢ grhsimithtac tou = PAKTON, diex"getai
meléth gr sth me 15 erwt seic -orishma nomikoO perieqgoménou pou sunt'gjhkan api pénte nomikoOc kai
énan Dikast tou ArePou P°gou ,ste na antanakloOn aujentiki nomiki sullogismi . Sthn platfirma
Prolic *, oi summetégontec sugkrbnoun se zeOgh apant seic tRAKTON kai ChatGPT? b’sei ennéa
krithrbwn  ermhneusimithta tekmhrbwshnomik/ sumfrazimenh katanihsh, geirismic as™feiac , anagn,rish
ken,n, suntomBasunoq , sun“feia kai plhrithta . Gia k'je kritrio , epélegan thn kalOterh ap™nthsh kai
aitiologoOsan thn epilog touc , me dunatithta epilog c Kamba Den ePmai sPgouroste na diasfalisteD

h axiopistba To ChatGPT grhsimopoiebtai gia thn sOgkrish ligw thc eurePac gr shc tou kai gia ligouc
dikaiosOnhgaxiopoieDtaRAG itan paréqontai exwterik” éggrafa [57]. Epipléon leptoméreiec paréqgontai sto
Parrthma D.

Apotelesmata . Ex nta summetegontec olokl rwsan thn axiolighsh , sugkrbnontac tic apant seic twn
PAKTON kai ChatGPT wc proc 9 kritria se 15 nomik™ erwt mata, apodbdontac sunolik"540 atomikéec
krbseic 'Opwc fabnetai sto Sqma3.3.1,to PAKTON protim™ai enanti tou ChatGPT sthn pleionithta

twn diast’sewn axiolighshc , mia t"sh pou parameénei sunep c se ila ta exetazimena sen’riaH megalOterh
uperog katagr-fetai sthn Plhrithta , ipou to PAKTON parégei stajer” pio periektikéc apant seic .

Lhttps://www.proli c.com
2gpt-40-2024-11-20
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Figure 3.3.1: Sugkritik an’lush  PAKTON kai GPT-40. To “nw di"gramma apeikonDzei tic anjr,pinec protim seic
b“sei ennéa krithrbwn axiolighshc , sugkentrwtik™ gia ilec tic erwt seic . To kK'tw di"gramma parousi“zei ta
apotelésmata G-EVAL gia ta Bdia krit ria , sugkentrwtik™ gia ilec tic exidouc sto ContractNLI.

Diakrbnetai epbshc sthn Ermhneusimithta kai Sullogistik , prosferontac pio safebc kai bhmatikéc
aitiolog seic  idiabtera shmantikéc gia mh eidikoOc gr stec

Gia thn axiolighsh thc diakritik ¢ ikanithtac twn summeteqintwn , sumperil fjhkan antagwnistik™ krit ria

ipwc  Plhrithta énanti SuntomPac kai Akrbbeiacanagnwrbzontac th fusik éntash metaxO ekten,n
kai sunoptik,n apant sewn . 'Opwc anamenitanto PAKTON uperégei sthn plhrithta , en, to ChatGPT
protim™tai gia th suntomba Sto krit rio Sun‘feia kai Estbash, ta dOo montéla parousi’zoun sugkrDsimec
epidiseic, antanakl ntac thn isorropPa metaxO eOrouc kai exeidBkeushEa eur mata aut™ epibebai,noun
ton basiki sqediastiki stiqgo tou = PAKTON gia dhmiourgPa anafor,n tOpou ékjeshcme to parathroOmeno
trade-o plhrithtac -akrbbeiac na jewrebtai anamenimeno kai dikaiologhméno

3.3.3 Axiolighsh mésw LLMs

H poiithta twn apant sewn k’je sust matoc axiologeDbtai peraitérw mésw enic meg-lou glwssikoO montélou
(LLM), ipwc analOetai sthn paroOsa enithta.

Diamirfwsh Peir-matoc . Gia thn ektetaménh axiolighsh tou PAKTON, grhsimopoioOme to
G-EVAL [49], éna euréwc grhsimopoioOmeno plabsio axiolighsHd M-as-a-Judge [51, 82, 14] gia thn
ektbmhsh thc poiithtac paragwg ¢ fusik c gl.ssac me b“sh ta bdia kritria me th meléth gr sth
Axiolog jnkan 102 tugaPa epilegména dePgmata api to sOnd@ontractNLI [38], sugkrbnontac ta
apotelésmata tou PAKTON kai tou GPT-40 me tic Bdiec eisidoucTo G-EVAL par gage bajmologbec an”
krit rio , epitréepontac leptomer an’lush poiithtac , ermhneusimithtac kai sullogistik ¢ .

Apotelesmata . Ta apotelésmata gia ila ta deBgmata kai krit ria axiolighshc epibebai,noun thn uperoq

tou PAKTON énanti tou GPT-40 se okt, api tic ennéa diast’seic (bl. Sq ma 3.3.1). Shmantik uperoq
parathrebtai sthn Ermhneusimithta kai Sullogistik , sthn TekmhrBDwsh mésw Apodebxesthn Plhrithta

kai ston Qeirismi As*feiac . Ta apotelésmata aut™ sun"doun me touc stigouc sgediasmoO tolPAKTON, pou
dbnoun proteraiithta se leptomerebc kai aitiologhmeénec apant seic me rht epexergasba nomikoO periegaménou

Sta kritria  SuntomPa kai AkrDbei&ai Sun’feia kai Estbash, ta dOo montéla parousi"zoun sugkrDsimh
apidosh anamenimeno eOrhrkaj,c autéc oi diast"seic sugn” érgontai se antDjesh me thn Plhrithta , énan
toméa ston opobo t?PAKTON uperégei shmantik™ énanti touGPT-40, anadeiknOontac ton eggen sumbibasmi
metaxO suntomPac kai bYjouc

To monadiki kritrio sto opobPo to PAKTON upolePpetai touGPT-40 ePnai h Katanihsh NomikoO kai
Sumfrazimenou PerieqoménouAn kai auti fabnetai ek pr,thc iyewc par"doxo , mia pio prosektik exétash
thc sullogistik c tou  G-EVAL deBqgnei iti oi apant seic touPAKTON sugn” anagnwrbzoun rht” thn Oparxh
ken,n gn,shc se peript,seic abebaiithtac . An kai auti jewrebtai epijumhti api thn optik thc diaf'neiac
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to plabsio axiolighshc to ermhneOei wc éndeixh periorisménhc katanihshee apotélesma gamhliterec
bajmologbec sth sugkekrimenh di“stash(Par“rthma E).

3.4 Sumper'smata kai Mellontikec Epekt seic

Sumper"smata

H paroOsa ergasPa parousi'zei toPAKTON , éna anoiqtoO k. dika epekt'simo kai polupraktoriki
sOsthma sgediasméno eidik™ gia thn an’lush nomik,n sumbolabwiSe antbjesh me maQra kouti® nomik ¢
tegnht ¢ nohmosOnhcto PAKTON basbzetai se mPa diafan kai ermhneOsimh argitektonik pou apartDzetai
api treic diakritoOc all® sunergazimenouc priktorec : ton Archivist gia thn proepexergasba ton
Researchergia an“kthsh gn,shc me gr sh grafhm’™twn , kai ton Interrogator gia epanalhptik polustadiak
sullogistik . Mésw enic stoigePou Epauxhménhc DhmiourgBac mésw An“kti{&RA ), to sOsthma par“gei
emperistatwmenedekmhriwménec kai exhghmenec apant seic se nomik™ erwt mata

To PAKTON xeqwrbzei q'rh ston sgediasmi tou me b“sh thn arjrwtithta , th diaf'neia kai thn
prosarmostikithta . Se peiramatik® sen’ria me posotikéc kai poiotikec axiolog seic, petuge an.terec
epidiseic sugkritik® me genik” kai eidik™ montéla, shmei,nontac korufaba apotelésmata se sOnola dedoménwn
ipwc ta ContractNLI kai LegalBench-RAG. Oi anjr,pinec axiolog seic api nomikoOc kai autimatec
axiolog seic (p.q. G-EVAL) epibebai,noun thn anwterithta tou sust matoc wc proc thn plhrithta , th
jemelBwsh kai thn exhg simh fOsh twn apant sewn

Idiabterh shmasba éqei to gegonic iti t;PAKTON parousi“zei sunepeia sthn apidos tou anexart twc tou
upokeDmenou MGMuti epitrépei th gr sh pio elafr,n  , anoigtoO k_dika montélwn qwrbc ousiastik ap leia
poiithtac , euno,ntac ulopoi seic se euabsjhta perib“llonta me apait seic se idiwtikithta kai diaf"neia

Mellontikéc epektseic
Mellontikéc kateujOnseic perilamb™noun:

Enopobhsh sullogism, n api pollapl” MGM , ,ste na axiopoiebtai h poikilba gn,sewn kai
strathgik,n sullogismoO mésw tegnik, n ipwc weighted voting meta-reasoning.

Polupraktorik epigeirhmatologba , me gr sh poll.n Interrogators pou uiojetoOn diaforetikéc
ermhneutikéc strathgikec kai par"goun dialektikéc apant seic.

Dunamik enswm™twsh nomik ¢ gn,shc api epikairopoihmeénec b"seic dedoménwanonismoQOc
kai nomologba

Poluglwssik kai dia -dikaiodotik  prosarmog me ergaleba met*frashc nomik
anagn, rish plaisbou kai cross-lingual embeddings.

Nea nomik™ eujugrammismena plabsia axiolighshc , mésw sqoliasmoO eidik_nsugkritik,n
proseggbsewn kai prosomoi,sewn

En kataklebdj to PAKTON den apoteleb apl,c éna ergalebo gia anaskiphsh sumbolabwii™ mba euélikth,
epekt’simh platfirma nomik ¢ tegqnht ¢ nohmosOnhc me prooptik uyhl ¢ axiopistDac kai dikaiosOnhc

3.5 Periorismob kai Hjik

Paritito PAKTON parousi“zei exairetikéc epidiseic, sunodeOetai api shmantikoOc periorismoOc kai hjikéc
prokl seic pou apaitoOn prosektik axiolighsh

Teqgnikob Periorismob

" Glwssik embéleia . To sOsthma éqei dokimasteD mino se agglik® sumbilaiaH poluglwssik
genbkeush apaiteb prosarmog
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" K’luyh sumbolabwn kai dikaiodosi,n : Den égei axiologhjeb se ilo to eOroc nomik,n eggr'fwn
nomik,n plaisbwn

" Kajustérhsh kai kistoc : H polustadiak logik aux™nei ton grino kai to upologistiki kistoc

" Diaf'neia vs apotelesmatikithta : Exhg simec apant seic mporeD na ePnai ligitero sOntomec

elafr,c ligitero akribebc

Domik genbkeush parsing : 'Otan h morf tou eggr-fou apoklbnei api to pritupo , mei,netai h
akrbbeia thc an”lushc

Hjik™ Zht mata

- Uperbolik empistosOnh : Mh eidikoP gr stec mporeb na basistoOn upérmetra stic apant sei€o
sOsthma prépei na prob~lletai wc ergalebo upost rixhe, igi upokat™stato nomik ¢ sumboul ¢ .

eu’lwtec om“dec
Asf’leia kai kak qr sh . Up“rgei kbndunoc epijesewn katagr sewn(p.q. prompt injection).
Apaitebtai suneq c epit rhsh.

Hjik axiolighsh : Oi axiolog seic eginan me plrh enhmerwsh qwrbc sullog proswpik,n
dedoménwnliasfalbzontac deontologba kai dikaiosOnh

H antimet pish aut,n twn zhthmtwn apoteleP proépijesh gia thn upeOjunh kai asfal ulopoBhsh tou
PAKTON se pragmatikéc nomikéc efarmogéc

Prosbasimithta . En, prowjebtai h anoikt dijjesh , h tegnik upodom paraménei empidio gia
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Chapter 4

Introduction

Contracts are among the most foundational legal documents, governing a wide range of personal, commercial,
and governmental relationships. Yet, analyzing contracts remains a complex and time-consuming task that
typically requires legal expertise. As a result, contract review is often inaccessible to the general public and
remains demanding even for professionals. Research by World Commerce & Contracting (WorldCC) reveals
that organizations lose an average of 9.2% of their annual revenue due to contract mismanagement, with that
gure rising to 15% for larger enterprises [89]. In parallel, the Institute for Supply Management (ISM) has
reported that a typical Fortune 1000 company manages between 20,000 and 40,000 active contracts at any
given time[35], while even simple agreements can take over a week to approve. These challenges highlight
the growing need for better support in understanding contracts and reducing the time required for manual
review.

Recent advancements in large language models (LLMs) show promise in natural language understanding[29]
[58], question answering, and document summarization [1, 6]. While LLMs are powerful, their application
in specialized domains such as legal contract analysis presents unique challenges [26, 24, 36], including
justifying decisions with clear reasoning and referencing both the contract and relevant external sources
[92]. Contract documents also exhibit several peculiarities that require specialized handling. They often
contain complex legal terminology, calling for domain-speci ¢ language understanding. Overlapping or even
contradictory clauses appear frequently [52, 34, 2], requiring robust clause retrieval and con ict resolution [2,
95]. Similarly, exceptions and references to di erent document parts also request robust retrieval mechanisms.
Ambiguous phrasing and multiple interpretations are common, making careful contextual analysis essential.
Additionally, legal di erences across jurisdictions necessitate consultation with external legal databases to
maintain precision and relevance.

Retrieval-Augmented Generation (RAG)[28, 25, 79, 27] directly addresses these limitations by integrating
targeted retrieval of internal and external documents into the LLM generation process, grounding outputs in
domain-speci c, veri able evidence. This approach enhances not only factual accuracy but also transparency
and explainability critical attributes for legal contract analysis. Moreover, RAG plays a pivotal role in

the legal domain, where the inability to retrieve relevant spans can compromise reasoning and produce
unsupported conclusions[60]. Furthermore, given that legal contracts frequently contain sensitive or
con dential information, proprietary models are often unsuitable, necessitating open-source alternatives
capable of operating under limited computational resources. Consequently, the development of e cient
mechanisms for contract analysis becomes imperative.

Within this context, we introduce PAKTON ! [63], a multi-agent framework designed to analyze contract
documents and provide explainable, legally grounded answers to user queries along with a comprehensive
report. Inspired by [67] the proposed system is composed of three collaborative agents: (1) thirchivist,
which interacts with the user and manages structured document input; (2) the Researcher which retrieves
relevant internal and external information using hybrid and graph-aware retrieval techniques; and (3) the
Interrogator, which engages in multi-step reasoning to iteratively re ne the nal report.

1PAKTON comes from the ancient Greek word that means agreement or contract, related to the Latin "pactum”.
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PAKTON departs from black-box models by prioritizing transparency, progressive re nement, and grounded
justi cations. It generates structured legal reports with topic summaries, legal reasoning, key ndings,
and precise citations to contract clauses and external sources, while explicitly agging knowledge gaps to
avoid unsupported claims. All components are modular, open source, lightweight, and support on-premise
deployment. We benchmark PAKTON on ve contract analysis tasks using ten criteria combining
automated and human evaluation and nd that it substantially surpasses general-purpose LLMs in retrieval
accuracy and explainability.

The outline of this thesis is as follows:

" We begin by presenting the necessary background in foundational Natural Language Processing
concepts, including Large Language Models, Prompting Techniques, Retrieval-Augmented Generation
and multi-agent systems.

" We then o er a comprehensive review of related work within the domain, highlighting key distinctions
and contributions that di erentiate our approach.

" Finally, we describe the architecture of the proposed PAKTON framework in detail and evaluate its
performance against established baselines across multiple evaluation metrics and datasets.
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Chapter 5

Background

Before embarking on the experimental component of this thesis, it is crucial to rst establish a robust
conceptual and methodological foundation. This chapter provides a comprehensive overview of key
advancements in Arti cial Intelligence (Al), with particular emphasis on Large Language Models (LLMs)
and Transformer-based architectures, technologies that form the cornerstone of the research presented
herein. A clear understanding of these underlying principles is vital for grasping the design, execution,
and interpretation of the experiments that follow.

Transformer-based Architectures and Large Language Models Transformer-based architectures,
particularly those that power LLMs, have revolutionized the eld of Natural Language Processing (NLP)
by enabling the modeling of intricate dependencies within language data. These models exhibit remarkable
pro ciency in tasks such as text generation, semantic inference, and logical reasoning. Gaining a clear
understanding of how Transformers operate and how their architecture supports reasoning is a prerequisite
for assessing their performance in the experimental tasks presented later.

Training Methodologies for Large Language Models A fundamental aspect of this research involves
the training of LLMs. Training refers to the iterative adjustment of a model's parameters to optimize
its performance on targeted tasks. Although most LLMs are pre-trained on extensive corpora, they often
require additional task-speci ¢ ne-tuning to adapt to specialized domains or problem types. This section will
survey standard training practices, such as supervised ne-tuning, as well as advanced strategies including
reinforcement learning from human feedback (RLHF) and continual learning.

Prompt Engineering and Task Conditioning Beyond conventional training paradigms, prompting
has emerged as a powerful mechanism for controlling and conditioning the behaviour of LLMs. Prompt
engineering involves the design of input sequences that elicit desired responses from a model without
necessitating additional training. This technique has gained prominence due to its e ciency and exibility,
especially in scenarios where retraining is computationally prohibitive. In this thesis, we analyze a variety of
prompting methods ranging from zero-shot and few-shot prompting to more structured techniques such

as chain-of-thought (CoT) prompting and compare their performance against the performance of our
framework.

Retrieval-Augmented Generation (RAG) Retrieval-Augmented Generation (RAG) is a hybrid
architecture that enhances language models by integrating them with an external information retrieval
system. In this framework, the model dynamically retrieves relevant documents or context passages from a
corpus and incorporates them into its generative process. This approach mitigates the limitations of static
model knowledge and enables more informed, context-sensitive responses. RAG is particularly advantageous
in tasks requiring factual precision or domain-speci c knowledge, and it plays a key role in experiments
involving question answering and reasoning under uncertainty in this thesis.
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Agents and Multi-Agent Systems In recent Al research, there has been growing interest in modeling
problem-solving as a distributed process among multiple interacting agentsAgent-based systemgncapsulate
autonomous units each with specic goals, capabilities, and policies that collaborate or compete to
achieve complex objectives. Extending this conceptmulti-agent systems (MAS) introduce the possibility

of decentralized reasoning, parallel exploration, and role specialization. Within this thesis, we explore how
agent-based frameworks, when integrated with LLMs, can emulate collaborative problem-solving and enhance
performance on reasoning tasks that bene t from diverse perspectives or decomposed cognitive strategies.

Conclusion  This chapter has presented a comprehensive overview of the key concepts underpinning
this research, including Transformer-based architectures, training methodologies, prompting strategies,
Retrieval-Augmented Generation, and agent-based reasoning systems. By situating our experimental work
within these theoretical frameworks, we aim to equip the reader with the requisite background to critically
evaluate the approaches and results discussed in subsequent chapters.

40



5.1. Large Language Models (LLMs)

5.1 Large Language Models (LLMs)
5.1.1 Background

Language Models (LMs) are computational models that have the capability to understand and generate
human language. More specically, a language model is a probability distribution over word sequences,
having the ability to predict the likelihood of these sequences or generate new text based on a given input.

The fundamental methodology for probabilistic language modeling since 1980's has beenrgrams models .
These models are grounded on the Markov chain rule, assuming that the probability of the coming word in a
word sequence depends only on a xed size window of previous words. Hence a bigram model considers one
previous word, a trigram two, and in general a n-gram n-1 previous words.

For example a bigram language model models the probability of the sequena®;; w,;:::w, as:

P(wi;wa;iiiwn) = P(wz;wyp) P (wajwy) P(Wnjwn 1) (5.1.1)

where the conditional probability P(wgkjwy 1) can be estimated the proportion of occurrences of the word
wy 1 followed by the word wy in the corpora. The estimation of these probabilities constitutes the training

of an n-gram model on text corpora in one or more languages. However, given that a language can be used
to express an in nite variety of valid sentences, an n-gram model struggles to assign non-zero probabilities to
word sequences that may never be encountered in the training corpora. To address this problem, a variety
of smoothing techniques has been proposed over the years.

Subsequently, the advancements in the development of neural networks suggest the neural language models,
which was rst introduced with simple feedforward neural language models by [9]. A feedforward neural
language model is a simple feedforward network that takes a sequence of previous words as input and gives
a probability distribution over possible next words as output. Therefore, similarly to a n-gram LM, the
feedforward neural LM is trained to predict the probability of a word considering the n-1 previous words.

A major di erence between n-grams and feedforward neural language models is found in the way the two
models represent the sequence of input words. An n-gram model assigns the word identityto each word

w; included in the prior word sequence which should be represented. On the contrary, a feedforward neural
language model mainly uses an embedding vector for each word. Thus, the latter generalizes better to unseen
word sequences of the test set.

While feedforward language models introduced many of the foundational concepts of neural language
modeling, modern neural language models have advanced signicantly by utilizing more powerful
architectures. In this thesis, we will focus on analyzing the state-of-the-art (SotA) architecture: Transformer
networks, which have revolutionized the eld with their superior ability to model complex dependencies in
language.

5.1.2 Transformer

Large Language Models (LLMs) are advanced language models with vast parameter sizes and remarkable
learning capabilities that are typically pretrained on large unstructured text corpora. All modern LLMs

are now built on Transformer architecture [75], which eschews recurrence and instead relying entirely
on an attention mechanism to draw global dependencies between input and output. Theencoder and
decoder are the two major components of the Transformer architecture. These components are employed

in sequence-to-sequence operations like machine translation, where the encoder processes the input sequence
and the decoder generates the output sequence.

The Transformer architecture is summarised below:

1. Input Representation : The input sequence is rst embedded into continuous vector representations.
Positional embeddings are added to these embeddings to provide information about the position of each
token in the sequence.

2. Encoder : The encoder consists of a stack of identical layers. Each layer has two sub-layers:
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" Multi-Head Self-Attention : This sub-layer computes a weighted sum of embeddings, allowing each
word to focus on di erent parts of the input sequence. Multiple attention heads run in parallel,
capturing di erent relationships between words.

" Position-wise Feed-Forward Neural Network After the attention mechanism, each token's
representation is passed through a position-wise feed-forward neural network. This introduces
non-linearity and further re nes the token representations.

Residual connections[32], followed by layer-normalization[8] are employed around each of the sub-layer.

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

Masked Multi-Head Self-Attention: This sub-layer acts similar to the corresponding encoder's
sub-layer, but with a mask applied to prevent attending to future positions during training.

~ Multi-Head Encoder-Decoder Attention: This sub-layer focuses on the encoded input sequence,
allowing the decoder to consider the relevant parts of the input during sequence generation.

" Position-wise Feed-Forward Neural Network Similar to the encoder, this sub-layer follows the
attention mechanisms.

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

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

Transformer variations

Several architectural variations of the Transformer have been proposed since it was rst introduced by [75].
The masking pattern used on the inputs, which acts as contextual information for the model to generate a
prediction, is a key distinction between these systems.

Encoder-Decoder.  As previously indicated and originally proposed, the Transformer consisted of two
stacks (Fig. 5.1.1): the encoder and the decoder. The encoder processes the input sequence and generates
context-rich representations, which are used by the decoder to generate the output sequence step by step.
Notable pretrained language models using an encoder-decoder architecture include BART[43] and T5 [62].

Decoder-Only.  While the encoder-decoder design serves as the foundational variation of the Transformer
model, contemporary LLMs predominately employ a decoder-only architecture. These models have the
capability to train as a conventional language model, wherein they learn to predict the next token in a
given sequence. Decoder-only models lack the ability to process or represent the input sequence and output
sequence separately. All tokens are treated equally during processing, and conditioning is only dependent
on prior tokens due to the casual masking pattern, implying that the representation of any conditioning
text is intrinsically weaker. However, this produces a simpler architecture that is well-suited to a standard
autoregressive next-step-prediction pretraining objective. Notably, this architecture is the foundation of the
GPT series of models [61, 12] as well as numerous other recent LLMs.

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

Transformers have revolutionized NLP by eliminating the need for convolutions or recurrence mechanisms
while achieving state-of-the-art performance on various tasks. Their ability to model long-range dependencies
and e ciently process sequential data using the attention mechanism has set a new standard for language
models.
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Figure 5.1.1: The Transformer - model architecture . The original Transformer follows this overall
architecture using stacked self-attention and point-wise, fully connected layers for both the encoder and
decoder, shown in the left and right halves of gure respectively[75]

5.1.3 Deeper Exploration of LLM Components

The LLMs used in this work are composed of multiple components that allow them to process, generate, and
understand natural language. The following sections will delve deeper into the mathematical formulations of
these key components. We will analyze each of these, including tokenization, embedding layers, self-attention
mechanisms, multi-head attention, position encoding, feed-forward layers, and the nal output layer.

Tokenization and Embedding Layer

Tokenization: Text is split into tokens, which can be words, subwords, or characters. Letx =

Embedding: Each tokenx; is transformed into a dense vector; 2 R? using an embedding matrixE 2 RV 9,
whereV is the vocabulary size andd is the embedding dimension. The embedding for the entire input sequence
can be represented as:

E(X)=(er;e;:::;€n)

whereeg = E[x;].
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Self-Attention Mechanism

The self-attention mechanism is central to transformer-based LLMs. For each token in the input sequence,
the attention mechanism computes a weighted sum of the other tokens, determining how much focus the
model should place on each token when processing the sequence.

(K), and value (V) matrices. These matrices are computed as:
Q=XW®? K=XxwkK: v=xwV

where X 2 R" 9 is the input embedding matrix, and W?;2 RY da WK ;2 RY d WwWV:2 RY & are learned
parameter matrices that project the input embeddings into the query, key, and value spaces, respectively.

The attention scores are computed by taking the dot product of the query with the keys, scaled by the square
root of the dimensionality di, followed by a softmax operation:

T
Attention (Q; K;V ) = softmax %% V
k

This equation computes a weighted sum of the value vectors, where the weights are determined by the
similarity between the query and key vectors. The softmax function ensures that the attention weights
sum to 1, giving a probabilistic interpretation to the weights. An visual representation of the self-attention
mechanism can be seen in Figure 5.1.2.

Figure 5.1.2: Self-Attention Mechanism
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Multi-Head Attention

Instead of computing a single set of attention scores, LLMs use multi-head attention to capture di erent
types of relationships between tokens. In multi-head attention, multiple attention mechanisms (heads) are
run in parallel, and their outputs are concatenated:

where each head is computed as:
head = Attention (QW.2; KW ;v W)

and W© 2 RN« d js a learned output projection matrix. The use of multiple heads allows the model to
attend to di erent parts of the input in di erent ways, increasing its representational power.

Position Encoding

Transformers do not have an inherent notion of word order, so position encoding is added to capture the
sequential nature of the input. A positional encoding matrix P 2 R" ¢ is added to the input embeddings.
The positional encoding is typically de ned using sinusoidal functions:

i
Pi.oiy = [
5241 =008 506

. i _
Pi;Zj =Ssin 71000@J:d )

where i is the position and j is the dimension. This encoding allows the model to di erentiate between
positions in the sequence while maintaining generalization to longer or shorter sequences.

Feed-Forward Layer

Each transformer block includes a feed-forward network (FFN) applied independently to each position. The
FFN consists of two linear transformations with a non-linearity in between:

FFEN(x) = max(0; xW1 + by)W; + by

where W; 2 R 9 and W, 2 R% 9 are learned weight matrices,b; 2 R% and b, 2 RY are bias terms,
and max(0; ) represents the ReLU activation function. The FFN is applied separately to each token in the
sequence.

Final Output Layer

The nal output of the transformer model is passed through a linear transformation and softmax layer to
generate probabilities for each class or token prediction. Leh; represent the hidden state of thei-th token
after the transformer layers. The probability distribution over the vocabulary is computed as:

P(xijhi) = softmax(hjW T + b)

whereW 2 RV ¢ is the learned weight matrix, and b2 RV is the bias term.

5.2 Training Techniques

Machine Learning (ML) techniques can be broadly categorized based on the type of data used during training
and the level of supervision provided. These categories include supervised, unsupervised, and reinforcement
learning, with hybrid approaches such as semi-supervised and self-supervised learning blending aspects of
both supervised and unsupervised methods. To provide a comprehensive context for the techniques used
in this thesis, it is essential to rst explore these learning paradigms before diving deeper into the specic
approach of supervised ne-tuning, which will be analyzed in detail in the following sections.
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5.2.1 Overview

Supervised Learning Supervised learning is one of the most common ML techniques, where models are
trained on labeled data. Each input feature vectorx is paired with a known target y, and the model learns to
map inputs to outputs by estimating the conditional probability distribution p(yjx). Supervised learning is
used for tasks such as classi cation, regression, and forecasting, where the relationships between inputs and
outputs are explicitly de ned. While highly e ective in many domains, supervised learning requires large
amounts of labeled data, which can be resource-intensive to obtain, particularly for complex tasks.

Unsupervised Learning In unsupervised learning, models are trained on data without labeled outputs.
The goal is to learn the underlying structure of the data by modeling the distribution p(x). This approach is
commonly used for tasks like clustering, dimensionality reduction, and anomaly detection, where the model
uncovers patterns and relationships within the data without explicit supervision. While unsupervised learning
can provide valuable insights, it lacks the direct feedback present in supervised learning, making it harder to
evaluate and interpret the results.

Semi-supervised Learning Semi-supervised learning bridges the gap between supervised and
unsupervised learning by utilizing a small set of labeled data alongside a larger set of unlabeled data. This
is particularly useful in cases where labeled data is scarce or expensive to collect, but unlabeled data is
abundant. By leveraging the unlabeled data to help the model generalize better, semi-supervised learning
aims to improve performance over a purely supervised approach. Applications of semi-supervised learning
include tasks like link prediction in graphs and fraud detection, where having even a limited amount of labeled
data can signi cantly enhance model performance [87].

Self-supervised Learning Self-supervised learning is an increasingly popular approach that lies between
supervised and unsupervised learning. In this paradigm, the model is trained on unlabeled data by solving
pretext tasks designed to learn useful representations. For example, models can be tasked with predicting
missing parts of a sequence or reconstructing corrupted data. The learned representations can then be
transferred to downstream tasks with minimal ne-tuning. Self-supervised learning has proven particularly

e ective in elds such as natural language processing and computer vision, where massive amounts of
unlabeled data are available [50]. This technique forms the foundation of many large language models,
which are pretrained using self-supervised methods before being ne-tuned for speci c tasks.

Reinforcement Learning Reinforcement learning involves training an agent to interact with an
environment and make decisions that maximize a reward signal. Unlike the static datasets used in supervised
and unsupervised learning, the agent in reinforcement learning continuously learns from the outcomes
of its actions. This method has been successfully applied in areas such as robotics, game playing, and
decision-making systems. However, reinforcement learning is beyond the scope of this thesis and will not be
explored further.

5.2.2 Pre-Training and Fine-Tuning

In machine learning, the training process typically follows a two-phase approach: pre-training and ne-tuning.
These stages enable models to rst develop a broad understanding of data and subsequently specialize in
solving speci c tasks. This approach has been particularly successful in natural language processing (NLP)
and other domains where data variability and task speci city are critical for achieving high performance.

Pre-Training

Pre-training is the initial phase, where a model is exposed to large, unstructured datasets, often without
explicit task labels. During this stage, the model learns general patterns, features, and representations from
the data, which form a solid foundation for subsequent ne-tuning. For language models, pre-training often
involves tasks such as predicting masked words in a sentence (masked language modeling) or predicting
the next word in a sequence (autoregressive modeling). This phase equips the model with broad domain
knowledge that can be transferred to more speci c tasks during ne-tuning.
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The key bene t of pre-training lies in its ability to help the model build generalizable representations that
can be leveraged for various downstream tasks. Pre-trained models have demonstrated superior performance
across a wide range of applications due to their capacity to capture essential patterns, such as semantic
relationships and syntactic structures. This enables them to adapt quickly and e ciently to speci c tasks,
even when task-speci ¢ data is limited.

Pre-Training Bene ts in this Context
In the context of this investigation, pre-training o ers several key advantages:

" Generalization : Pre-training on both large general datasets and task-speci ¢ datasets enhances the
model's ability to generalize to unseen examples, which is particularly important given the limited size
of the ne-tuning dataset.

E ciency : By leveraging pre-trained knowledge, the model requires less task-speci ¢ data to perform
e ectively. Instead of learning from scratch, it uses the information acquired during pre-training to
adapt e ciently during ne-tuning.

Faster Adaptation : Pre-training on related tasks reduces the need for extensive training iterations
during ne-tuning. The model can quickly converge to optimal performance, as it is already aligned
with the task requirements.

Fine-Tuning

Fine-tuning builds on pre-training by adapting the pre-trained model to a speci c task. In this phase, the
model is trained on a smaller, task-speci c dataset, typically with labeled examples, enabling it to specialize
in solving the given problem. Fine-tuning is highly e ective because it allows models to transfer the general
knowledge acquired during pre-training to the specic nuances of a new task. By adjusting the model's
parameters to ttask-speci c data, ne-tuning enables the model to better capture patterns and relationships
unigue to the task.

Fine-tuning is particularly valuable in cases where large amounts of task-specic data are dicult to
obtain. By leveraging the broad understanding gained during pre-training, ne-tuning enhances the model's
performance on small datasets, reducing the risk of over tting and improving generalization.

Fine-Tuning with Limited Data

A common challenge in machine learning, especially for specialized tasks, is the scarcity of labeled data.
Fine-tuning on small datasets can be problematic when training a model from scratch, as the model is likely
to overt, failing to generalize beyond the training set. However, ne-tuning a pre-trained model helps
mitigate this issue by providing a strong initialization based on prior knowledge.

Fine-tuning pre-trained models on small datasets o ers several bene ts:

" Data E ciency : Since the model has already learned general patterns during pre-training, ne-tuning
on limited data mainly involves adapting these patterns to the task-speci ¢ nuances. This reduces the
need for extensive labeled data and helps prevent over tting.

" Improved Generalization  : The pre-trained model's existing knowledge allows it to generalize better
even with smaller datasets, as it is less dependent on the ne-tuning data alone. This leads to better
performance on unseen examples compared to models trained from scratch.

Thus, in scenarios with limited data, ne-tuning pre-trained models proves advantageous by providing robust
generalization and minimizing over tting risks.

Fine-Tuning with Task-Speci ¢ Pre-Training

Beyond general pre-training, models can bene t signi cantly from domain-adaptive pre-training , where
pre-training data is carefully selected to closely align with the target task. By pre-training the model on
datasets similar to the downstream task, the model becomes more adept at capturing domain-speci c patterns
and representations.
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For instance, in NLP tasks, a model pre-trained on a general corpus (e.g., Wikipedia or Common Crawl)
may perform reasonably well across a variety of tasks. However, ne-tuning this model on a specialized task
(e.g., commonsense reasoning or disambiguation) can be further enhanced by an intermediate pre-training
step using a dataset closely related to the nal task before ne-tuning.

This approach o ers several advantages:

Transfer of Domain-Speci ¢ Knowledge : By pre-training on data that shares domain-specic
characteristics with the target task, the model captures nuances and representations closely aligned
with the downstream task. This leads to faster convergence and typically results in better performance
during ne-tuning.

Enhanced Performance : Models that have been pre-trained on similar tasks generally outperform
models that only undergo general pre-training, as they require less adaptation and can leverage the
domain-speci ¢ knowledge already acquired.

E cient Adaptation : Domain-adaptive pre-training reduces the amount of adaptation required
during ne-tuning. Since the model has already encountered related problems, the ne-tuning phase
becomes more e cient, improving both generalization and performance.

5.3 Prompting

Prompt-based learning represents a paradigm shift in machine learning, departing from conventional
supervised learning approaches. Unlike traditional methods that rely on training models to predict outputs
based on inputs, prompt-based learning harnesses the power of language models to directly model the
probability of text. At its core, this approach involves transforming an original input into a textual prompt

by using a template wherein certain slots remain un lled. These slots serve as placeholders for the language
model to generate the missing information, resulting in a nal string that informs the desired output [48].

One of the de ning features of prompt-based learning is its ability to leverage pre-trained language models
that have been exposed to massive amounts of raw text data. This pre-training equips the models with
a robust understanding of language and enables them to infer missing information in prompts e ectively.
Moreover, by crafting suitable prompting functions, these models can adapt to new tasks with remarkable
exibility, often requiring only a few examples ( few-shot learning) or even none at all zero-shot learning).

This framework o ers several advantages over traditional approaches. Firstly, it capitalizes on the vast
amount of unlabeled text data available, enabling models to capture intricate linguistic patterns and nuances.
Secondly, it empowers models to swiftly adapt to novel scenarios, making it well-suited for tasks where
labeled data is scarce or costly to obtain. Overall, prompt-based learning emerges as a potent methodology,
revolutionizing the landscape of machine learning with its versatility, e ciency, and scalability.

Compared to conventional ne-tuning, which expensively updates the massive LM parameters for each
downstream task, prompting concatenates the inputs with an additional piece of text that guides the LM to
generate the desired outputs [19].

In general, prompting has rapidly evolved as a standard technique to elicit the "hidden" capabilities of LLMs,
successfully serving a vast variety of tasks in NLP and beyond [40, 39, 7, 59, 74].

5.3.1 Prompting Methodology

The primary challenge with traditional supervised learning is the need for extensive annotated data to
train a model that estimates P (yjx; ), wherey is the label andx is the input. However, for many tasks, such
annotated data can be scarce or costly to obtain. Prompt-based learning techniques inatural language
processing (NLP) aim to address this challenge by shifting the focus towards training a language model
(LM) that estimates the probability of the text P(x; ) itself. By doing so, it enables the prediction of
y without requiring large labeled datasets. Prompt-based approaches typically involve three core steps to
predict the highest scoring answer, as outlined below [48].
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1. Prompt Addition

In the rst step, a prompting function  is used to convert the input text into a prompt. This is done by
designing atemplate that incorporates two key slots:

" Input slot [X] : This slot holds the input text.

~ Answer slot [Z] : This slot is designed to hold an intermediate answer that will later be mapped to
the nal output vy.

Once the template is created, the input slot[X] is lled with the input text. The goal is to structure the
task in such a way that the language model can generate a relevant intermediate output by processing the
prompt.

2. Answer Search

In this step, the language model searches for the answer that generates the highest probability. To achieve
this:

" A set of possible answers is de ned, typically a list of potential intermediate answers z.

~ A function is then used to iteratively Il the answer slot [Z] in the prompt with each of the potential
answersz.

After each prompt is completed, the language model measures therobability  of the lled prompt (i.e., the
probability of the text generated by the LM) and identi es the highest-scoring answer

3. Answer Mapping

In some tasks, it may be necessary to map the intermediate answer to the nal output y. For example,
in sentiment analysis , words like "excellent," "good," or "beautiful" might need to be mapped to a nal
output such as "++" (very positive sentiment). This ensures that the model produces the desired output for
the task. However, in tasks such as text generation, this mapping step might be unnecessary, as the output
directly corresponds to the generated text.

5.3.2 Prompt Categories

The prompting function can take two forms, either being the same for each input thus called static or
generating a di erent template for each inputthus called dynamic . The categorization can be seen in
5.3.1. In addition to this distinction, prompts are classi ed into di erent types [48]:

Discrete Prompts (a.k.a. hard prompts) . These are speci ¢, hand-crafted text-based prompts
written in human-interpretable natural language. For example, a discrete prompt for a sentiment
analysis task might be: The sentiment of the sentence [X] is [Z]," where the model lIs in [Z] with
appropriate sentiment labels like "positive" or "negative."

Continuous Prompts (a.k.a. soft prompts) . These prompts operate directly in the embedding
space of the model, rather than in human-readable text. Continuous prompts involve learnable
embedding vectors that can be optimized through gradient descent.

While soft prompts are popular due to their compatibility with gradient descent, they come with several
drawbacks:

" Lack of interpretability : Embedding vectors are di cult for humans to comprehend, making soft
prompts less interpretable.

" Incompatibility with other LLMs . Soft prompts are often incompatible with other large language
models and can't be easily transferred, as embedding spaces may di er across models [85].

" Costly to use : Soft prompts are typically unavailable for models accessed only through inference
APIs, and their use requires access to the model's internal embedding space, making them generally
more expensive or impractical to use in deployed environments.
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Figure 5.3.1: Prompting Typology [48]

5.3.3 Prompting Techniques

Instruction tuning, where models can learn new tasks based solely on natural language instructions, has been
widely proposed and used in various applications [23]. Some of the most prominent methods include zero-shot
learning, one-shot learning, few-shot learning, and chain-of-thought prompting.

In zero-shot prompting , the model is given an instruction directly without any examples. The model uses
its pre-trained knowledge to complete the task based purely on the instruction.

One-shot learning and few-shot learning extend this idea by providing one or several examples to the
model. In one-shot learning, the model is presented with a single example of the task. In few-shot learning,
the model is given multiple examples (typically k examples) of input-output pairs (context and completion),
followed by a nal input (context) for which the model must generate the appropriate output (completion).

Few-shot examples can be selected using various criteria:

Random selection : Examples can be chosen randomly from the training data.

Semantic similarity : Examples that are semantically similar to the new task or context can be
selected to guide the model more e ectively.

Diversity : Choosing a diverse range of examples can help the model generalize better to di erent
inputs.

Chain-of-thought prompting is a method in which the model is guided through a series of intermediate
reasoning steps. This approach has been shown to signi cantly improve the ability of large language models
(LLMs) to perform complex reasoning tasks, as it encourages the model to break down problems into smaller
steps [84].

50



5.3. Prompting

Few-shot Example Selection Based on Semantic Similarity

When selecting few-shot examples, one of the most e ective approaches is to choose examples based on
semantic similarity between the context of the new task and the existing examples. This selection is
typically done using embeddings and cosine similarity to measure the closeness between di erent pieces
of text.

Embeddings are dense vector representations of words, sentences, or even entire documents. Unlike
traditional sparse representations (such as one-hot encoding), embeddings capture the semantic relationships
between di erent linguistic units by mapping them into a continuous vector space. In this space, words or
phrases that are semantically similar are positioned closer to each other.

Pre-trained models, like BERT or GPT , generate embeddings that capture a rich set of features for each
word or sentence, derived from vast amounts of training data. These embeddings can be used to compare
di erent text inputs and identify the most relevant examples based on their semantic similarity.

To select few-shot examples based osemantic similarity , the process typically involves the following steps:

1. Embedding Extraction : First, embeddings are generated for the new task's context (input) and for
the potential examples from the dataset.

2. Cosine Similarity Calculation : The cosine similarity between the embeddings of the new task
context and the example contexts is computed. Cosine similarity measures the cosine of the angle
between two vectors in a multi-dimensional space. It ranges from -1 (completely dissimilar) to 1
(completely similar). The formula for cosine similarity between two vectors A and B is:

A B
Cosine Similarity(A;B) = ——————
v ) IAjI B

Figure 5.3.2: (a) Zero-shot prompting, (b) One-shot prompting, (c) Few-shot prompting [11]
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Figure 5.3.3: Chain-of-thought [84]

3. Example Selection : The examples with the highest cosine similarity scores are selected as the few-shot
examples for prompting.

By selecting examples that are semantically close to the new task, the model is more likely to generate accurate
completions or predictions. This method ensures that the selected examples are contextually relevant, thereby
improving the performance of few-shot prompting without the need for manual curation.

This approach is particularly useful in tasks where examples with similar structures or semantics can help
guide the model towards better performance. Furthermore, embedding-based similarity searches are scalable
and e cient, making them well-suited for large datasets and complex tasks.

5.4 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) is a powerful architecture paradigm that combines the
strengths of retrieval-based and generation-based approaches to enhance language model performance,
particularly in knowledge-intensive tasks. Unlike standard large language models (LLMs) that rely solely on
information encoded during pretraining, RAG systems augment generation with access to external knowledge
sources at inference time, improving factual accuracy, scalability, and adaptability.

5.4.1 Motivation

Traditional LLMs have a xed knowledge capacity constrained by the data seen during training and by
the model's nite parameters. This limitation becomes particularly evident in domains where up-to-date,
domain-speci ¢, or rare information is critical. RAG addresses this by enabling dynamic retrieval from
external document corpora or knowledge bases, thus allowing the model to "look up" relevant context before
generating a response.

5.4.2 Core Architecture
A typical RAG system consists of two main components:

" Retriever: Given a query (e.g., a user prompt), this module retrieves relevant documents, passages,
or knowledge snippets from an indexed corpus. Common retrievers include sparse methods like BM25,
dense vector retrievers [37], and hybrid approaches that combine both.

" Generator: A generative LLM (e.g., BART, T5, or GPT) that conditions its output on both the
original query and the retrieved content. The model learns to integrate retrieved evidence with language
generation to produce accurate, coherent, and grounded responses.
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5.4.3 Retrieval Strategies
Retrieval can be performed in various ways:
" Single-pass retrieval:  The retriever selects a xed number of documents before generation.

" Multi-step or iterative retrieval: Retrieval is performed iteratively, re ning the query based on
prior generations.

" Lightweight retrieval with graph-aware structure: Techniques like LightRAG[31] and
GraphRAG[22] use document graphs and entity relationships to enhance retrieval precision and
reasoning depth.

5.4.4 Advantages of RAG

RAG o ers several notable advantages:

Improved factual accuracy: The model grounds its responses in retrieved evidence, reducing
hallucinations.

Scalability: ~ External knowledge sources can be updated independently of the model, extending
longevity and adaptability.

Domain adaptability: RAG is particularly e ective in specialized domains (e.g., law, medicine) where
pretrained knowledge may be insu cient.

Reduced need for ne-tuning: Since external documents provide task-speci ¢ context, the model
often requires less supervised data.

5.5 Multi-Agent Systems

Multi-Agent Systems (MAS) are computational frameworks composed of multiple interacting agents,
each capable of autonomous decision-making and acting within a shared environment. These systems have
gained renewed interest in the era of Large Language Models (LLMs), enabling modular, specialized, and
collaborative problem-solving architectures where distinct agents can be endowed with individual roles,
knowledge, or capabilities.

5.5.1 De nition and Motivation

An agent is a computational entity equipped with perception, reasoning, and action capabilities. It operates
either independently or in coordination with others to achieve de ned objectives. In a MAS, agents can
collaborate, compete, negotiate, or coordinate to accomplish complex tasks that are dicultor even
impossible for a single monolithic system to handle e ciently.

Incorporating LLMs into MAS frameworks allows for the construction of specialized language
agents each with domain-speci ¢ prompt engineering, tools, or memory that interact to solve multi-step,
multi-perspective, or high-stakes problems such as legal analysis, scienti ¢ research, or code generation.

5.5.2 Key Characteristics of Agents in MAS
Agents in a Multi-Agent System typically exhibit the following properties:

" Autonomy: Each agent operates without direct external intervention, making decisions based on its
internal goals and knowledge.

" Partial Observability: Agents possess incomplete or localized knowledge about the environment or
other agents, necessitating communication or coordination.

Inter-agent Communication: Agents exchange information using structured protocols (e.g.,
messaging APIs, function calls, or natural language) to synchronize behavior and share insights.
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" Specialization:  Agents are often assigned roles (e.g., planner, reasoner, retriever) to distribute

cognitive load and enhance performance via modularity.

5.5.3 Agent Roles in LLM-based Systems

Recent research explores a variety of agent types within LLM-powered multi-agent ecosystems:

Planner or Coordinator: Determines overall strategy or task decomposition (e.g., breaking down a
query into subgoals).

Retriever or Researcher: Performs retrieval-augmented generation (RAG), accessing external
sources to gather evidence.

Solver or Analyst:  Engages in complex reasoning, synthesis, or decision-making.

Critic or Validator: Evaluates responses from other agents for consistency, correctness, or
explainability.

Executor: Interfaces with external APIs, tools, or environments to complete user actions.

5.5.4 Coordination Mechanisms

MAS frameworks may adopt di erent interaction paradigms:

Centralized Orchestration: A central controller delegates tasks and integrates responses (common
in pipeline-style architectures).

~ Decentralized Collaboration: Agents operate peer-to-peer, using shared protocols to reach

consensus or distribute tasks.

" Emergent Communication: Some systems explore self-organized communication using learned

languages or adaptive natural language negotiation.

5.6 Related Work

5.6.1 Overview

Recent advances in applying LLMs and RAG to legal tasks signi cantly boost contract analysis, legal QA, and
document review [69, 41]. Domain-speci ¢ RAG frameworks, such as Legal Query RAG, improve accuracy
and relevance by combining ne-tuned legal LLMs, evaluation agents, and recursive feedback, reducing
hallucinations and enhancing responses to complex queries [78]. Literature surveys highlight a sharp rise
in research on LLM-driven contract review, legal research, and regulatory compliance, alongside increasing
methodological sophistication and expansion into multilingual, cross-jurisdictional contexts [70].

Despite these advances, the community faces persistent challenges. A major issue is the tendency of LLMs
to generate hallucinated or misleading responses, especially when lacking deep domain knowledge or when
retrieval mechanisms fail to surface the most relevant legal context [78, 94, 66]. One strategy that has been
investigated to mitigate this issue is ne-tuning language models on dedicated legal corpora, with the aim of
deepening their understanding of legal terminology, reasoning styles, and contextual subtleties [15, 16, 33].
The evaluation of generated content remains di cult, as automated metrics often do not align with expert
legal judgment, and human evaluation is costly and time-consuming [78, 65, 77]. Data availability and quality
are also signi cant hurdles, particularly for specialized legal domains or languages with limited resources [65,
3]. Furthermore, the complexity of legal language and reasoning, as well as the need for transparency and
explainability in Al-generated outputs, present ongoing obstacles [78, 3, 10]. Approaches, such as integrating
case-based reasoning with RAG [88], leveraging knowledge graphs [10], and developing new retrieval and
evaluation strategies [3, 66, 65], are being explored to address these limitations.

Additionally, multi-agent frameworks have recently gained attention, enhancing the reasoning capabilities and
reliability of legal Al systems [68, 73, 93, 47]. Inspired by prior work such as STORM[67], which introduces
collaborative multi-turn interactions among diverse agents for content generation, and ChatLaw[18], which
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employs a knowledge graph-enhanced multi-agent design for legal assistance, we adopt a similar approach
tailored speci cally for contract analysis. PAKTON is designed to address the complex reasoning demands
and rigorous transparency requirements inherent in legal tasks by orchestrating agents that iteratively
interrogate, retrieve, and re ne information from multiple sources.

5.6.2 Key Inspirations and di erentiations

STORM [67] introduces a collaborative multi-turn conversation system for writing Wikipedia-like articles.

It features Wikipedia-style writers with di erent perspectives, along with an expert agent that answers their
guestions to guide content generation. While this approach inspired the interrogation structure of our system,
their focus is limited to encyclopedic article writing and does not address the speci ¢ reasoning demands or
legal constraints present in contract analysis. Furthermore, their method does not incorporate multiple
information sources in a retrieval-augmented setting, which is critical in the legal domain.

ChatLaw [18] proposes a multi-agent legal assistant enhanced by knowledge graphs and a mixture-of-experts
architecture. While its high-level structure bears similarity to our multi-agent design, it di ers signi cantly in

the implementation of retrieval-augmented techniques, agent interactions, and the process of re ning answers.
Moreover, its focus is primarily on Chinese legal case law rather than English-language contracts. The limited
availability of open-source resources, including datasets, models, and implementation details, poses challenges
for reproducibility and broader adoption across di erent legal systems.

Chain-of-Retrieval Augmented Generation (CORAG) [79] presents an iterative retrieval framework that
re nes generation through multiple stages of retrieval. This idea of chaining retrieval steps in uenced the
design of our Researcher Interrogator interaction, where iterative questioning leads to higher con dence and
better-informed responses. However, CoRAG is a general framework and does not target the legal domain,
nor has it been evaluated directly on legal applications.
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Chapter 6

PAKTON Framework

In this chapter, we present the full architecture and operational work ow of PAKTON , our proposed
multi-agent framework for contract analysis. The chapter outlines how PAKTON systematically addresses
the unique challenges of legal document understanding by decomposing the task into distinct but interacting
components. We begin by providing a high-level overview of the system's functionality and objectives,
including its emphasis on transparency, retrieval grounding, and structured legal reporting. We then describe
the three primary agents Archivist, Interrogator, and Researcherdetailing the role and internal logic

of each within the overall pipeline. The Archivist is responsible for document ingestion and hierarchical
chunking, enabling ne-grained, context-aware retrieval. The Interrogator executes iterative reasoning over
retrieved evidence, synthesizing user-speci c legal reports with explicit justi cations and gap identi cation.
The Researcher handles in-document and cross-document retrieval using hybrid and graph-aware techniques,
supplemented by external tools when applicable.

The chapter further elaborates on the underlying prompting strategies employed across all agents, particularly
the use of Highlighted Chain-of-Thought (HOoT) prompting to enhance robustness and clarity. Through
this modular, explainable, and RAG-enhanced architecture, PAKTON achieves both performance and
interpretability two critical desiderata in high-stakes legal applications. Each section in this chapter explains
the technical details, design motivations, and architectural choices that make PAKTON an e ective and
deployable solution for automated contract review.

6.1 Overview

PAKTON aims to analyze user-provided contracts and generate query responses grounded in the contract's
content while integrating pertinent external knowledge as illustrated in Fig. 6.1.1. A key design goal is to
ensure transparent and traceable reasoning by referencing evidence spans from the contract and articulating
the rationale behind each conclusion. The nal output is delivered as a structured legal report.

Figure 6.1.1: PAKTON user ow: legal query submission followed by comprehensive report generation.

To operationalize this functionality, the system employs a tri-agent architecture comprising the Archivist,
Interrogator, and Researcher, each ful lling a distinct role in the retrieval, reasoning, and synthesis pipeline.
Each agent is implemented as a reasoning loop following the ReAct paradigm[91], which combines reasoning
and action steps via a backbone LLM. This design enables agents to reason over their current state, generate
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tool-speci ¢ actions and iteratively re ne their decisions based on intermediate outcomes. An overview of
the framework is illustrated in Fig. 6.1.2. Further details are provided in App. A.

Figure 6.1.2: An overview of the proposed PAKTON framework and its internal components.

6.2 Archivist

The Archivist is responsible for gathering and organizing relevant user information. It plays a central role in
the initial stages of the system by collecting and summarizing the user's query, any accompanying instructions,
and contextual background. This information is then structured and passed to the Interrogator agent. The
Archivist also manages storage and embedding of the user's contract document and actively engages in
dialogue to resolve ambiguities or request missing user information, ultimately implementing three core
functionalities:

Document Parsing. To enable practical deployment, the Archivist ingests diverse document formats
within an integrated information pipeline. It natively parses text-based les, preserving structure such as
headings, paragraphs, and numbered clauses. For PDFs, it applies OCR methods [71, 72] with visual layout
analysis to recover document hierarchies, including sections, tables, and multi-column formats. All extracted
content is then ltered and normalized to ensure consistent, structured input for downstream processing.

Hierarchical Parsing. Legal documents typically feature complex structures, cross-references, and
nuanced semantic variations that render at or linear representations inadequate for accurate analysis. To
overcome this, we generate a hierarchical tree that mirrors the contract's internal organization. The contract
text is parsed into this tree structure by leveraging structural cues in conjunction with either semantic
similarity measures based on BERT embeddings [80] or from LLMs.

The structural parsing process involves two main steps as shown in Figure 6.2.1: (1) identifying the distinct
sections of the document, and (2) determining the hierarchical relationships between those sections. Examples
of sections include titles, clauses, paragraphs, and enumerated list items. A section is considered the child of
another if, structurally, it appears nested within the parent section based on indentation, numbering patterns,
visual layout (in OCR-extracted documents), or semantic proximity.
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Encode Document. The tree representation of the contract is used to create contextualized chunks
that are then embedded for retrieval. Context-aware chunking has been shown to reduce failed retrievals
by preserving semantic coherence across sections[4]. In particular, both overlapping[81] and dynamic
chunking[21] have demonstrated gains in retrieval performance by maintaining relevant context around each
chunk boundary. To capture di erent contextual information levels, we generate three chunk types for each
tree node, which are later concatenated into a uni ed chunk set. Duplicate or highly similar chunks are
Itered out to improve embedding diversity and avoid redundancy. The chunking strategies are as follows:

Node-level: Encodes each node in isolation to preserve ne-grained semantics. This supports precise
alignment with user queries targeting speci c clauses or legal provisions and ensures that each atomic unit
is independently retrievable.

Ancestor-aware: Concatenates a node with its hierarchical ancestors, capturing inherited context
from section headers, articles, and titles. This contextualization aids disambiguation and enhances
understanding of a section's role within the broader contractual structure.

Descendant-aware: Aggregates a node with its descendants to embed cohesive semantic units, such as
clauses with their subclauses or enumerations. This is particularly bene cial for reasoning over compound
or multi-part provisions, where meaning is distributed across nested content.

Each chunk is further enriched with metadata, including its structural location within the tree, document
position, lename, and a contract-level summary. This metadata facilitates both cross-document retrieval by
guiding vector store routing and intra-document relevance ranking. By integrating multiple structural
perspectives, our chunking framework improves the likelihood of retrieving relevant content across a spectrum
of query granularities, from clause-speci ¢ lookups to section-level reasoning.

6.3 Interrogator

The Interrogator is responsible for generating the nal report presented to the user as the system's response.
To this end, it orchestrates a multi-step reasoning process aimed at addressing queries with both accuracy
and con dence. It takes as input the user's query, contextual information, and instructions, and initiates an
iterative interrogation of the Researcher agent. This process involves decomposing the original query and
generating a series of questions aimed at re ning and deepening the system's understanding. Once a response
is received from the Researcher for the rst question, the Interrogator generates a preliminary report that
attempts to directly answer the user's query. This initial response also serves to identify potential knowledge
gaps that require further research.

Based on this initial exchange, the Interrogator formulates follow-up questions aimed at clarifying missing
information in the preliminary answer. When generating each subsequent question, it considers the user
query, context, instructions, a summary of previously asked questions, and the current draft of the report.
Questions that are most likely to signi cantly improve the nal response are prioritized. With each new
response from the Researcher, the Interrogator incrementally re nes the draft report. The process continues
until one of two stopping conditions is met: 1) the Interrogator determines that the answer is su ciently
con dent and complete, or 2) the maximum number of allowed interrogation turns (simulating retrieval
depth), set by the user, has been reached.

The Interrogator is explicitly prompted to avoid speculation and to stay grounded in the retrieved content
and to clearly highlight any ambiguities or missing information that prevent full resolution of the query.
Additionally, the Interrogator is responsible for validating the structure of the nal report, which must
include:

" A Title and a concise topic Summary.
EchoPrompt[53] has shown that prompting the model to rephrase the question during the generation phase,
before producing an answer, enhances in-context learning performance. This applies when the Interrogator
drafts the initial report or revises an existing one, incorporating the title and summary into the output
before providing any conclusions or additional information.
Additionally, Re-reading[90] has demonstrated that repeating the exact question twice in the input
improves the model's answer accuracy. This becomes relevant when the Interrogator re nes the draft
report, which includes the title and summary alongside the original query in the prompt, ensuring alignment
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(a) Section Detection

(b) Hierarchical Organization of sections.

(c) Contextual Embeddings for node "1.1 Seller ..."

Figure 6.2.1: Tree Representation and Chunking Work ow for Contract Documents
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with the topic.
[53, 90] have shown that prompting strategies such as question rephrasing and repetition signi cantly
enhance in-context learning and response accuracy. Incorporating a clear title and summary at each
re nement round at the start of the report operationalizes these strategies by reinforcing topic focus
and aligning the model's generation with the user's intent. This also facilitates early detection of
misinterpretations by making the system's understanding of the query explicit. As a result, including
a title and summary not only improves user readability but also enhances overall model performance.

" Legal reasoning and key ndings, enhancing transparency

" A preliminary answer and direction for further research

" ldenti ed knowledge gaps and proposed next questions

" A list of supporting sources

The iterative architecture of the Interrogator further facilitates the identi cation of knowledge gaps, targeted
information retrieval, and progressive query disambiguation. Notably, the inherent repetition in this process
has been shown to enhance in-context learning and output accuracy[90]. These design choices are integral to
the overall e ectiveness of PAKTON

We also explored an alternative approach in which the entire interrogation history was provided to the LLM
to generate the nal report in a single step. However, this method proved less e ective in practice, as relevant
information was often lost or diluted in the middle of the context[46]. Moreover, smaller models struggled to
manage the extended input, leading to reduced performance and di culty in accurately locating supporting
evidence.

6.4 Researcher

The Researcheris responsible for retrieving relevant information to support the Interrogator in answering
the user's query. As an agent, it is equipped with multiple retrieval methods, each encapsulated as a tool.
Depending on the nature of the query and the accompanying instructions, the Researcher autonomously
selects the most suitable retrieval method, or combination of methods. This selection process is driven by
prompting an LLM to choose the optimal set of tools based on the query content and tool descriptions.
Retrieval methods are categorized into two primary types:

" In-document retrieval : Leveraging the document chunks and embeddings provided by thérchivist,
the Researcher retrieves spans to address the query. A hybrid retrieval approach is employed, combining
BM25[64], dense embeddings[44], and Reciprocal Rank Fusion (RRF)[17]. This is further enhanced by
LightRAG[31] (a lightweight version of GraphRAG [22]), improving entity- and relation-level matching
within and across documents, and is particularly e ective for answering global queries that require
reasoning over multiple interrelated documents.

Cross-document retrieval : This method retrieves relevant spans from other documents, which the
Interrogator can leverage as exemplars in few-shot prompting.

PAKTON supports additional retrieval capabilities, including web search, Wikipedia access, SQL database
querying, and integration with external legal databases via the Model Context Protocol (MCP)[5]. These
tools are designed to supplement the model's knowledge in cases where it lacks su cient information or
requires real-time updates. However, to ensure a fair and controlled evaluation, this category of retrieval
was not employed in our experiments.

To ensure both high recall and precision, the Researcher employs a two-step retrieval and reranking process.
Initially, high-recall retrievers, such as the aforementioned, are used to collect a broad set of potentially
relevant passages maximizing coverage. Subsequently, a cross-encoder model reranks the retrieved results by
jointly encoding the query and each passage, allowing for more accurate semantic relevance estimation[37].
This reranking stage serves as a high-precision lter that re nes the initial candidate set. Relevance scores
are normalized using a sigmoid function, and passages exceeding a prede ned similarity threshold are passed
to the response generation module, which synthesizes the nal answer.
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6.5 Prompt Engineering

All prompts in our setup employed the Highlighted Chain-of-Thought (HoT) approach[55], wherein XML-style
tags (e.g.,<context>...</context> ) are used to clearly delineate prompt components such as the user query,
instructions, and retrieved context. This structured formatting has been shown to enhance model reasoning
by increasing the salience of key information[55], and to improve robustness against prompt injection by
helping models distinguish between functional sections of the prompt[45].
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Experiments and Results

In this chapter, the experiments and results are presented to assess the e ectiveness of the proposed framework
across multiple evaluation dimensions. PAKTON is evaluated through both quantitative and qualitative
methods. In the quantitative analysis, it is tested on a contract analysis task, where it outperforms
all baselines in terms of accuracy. To isolate component-level contributions, the Archivist Researcher
modules responsible for RAG are evaluated on four benchmark datasets, achieving state-of-the-art
results. For the Interrogator responsible for generating the user-facing answer a qualitative evaluation

is conducted, with outputs assessed against nine criteria aligned with the system's goal of producing
interpretable and actionable responses. This includes a structured human evaluation by ve expert attorneys
and a Supreme Court Justice, alongside an automated assessment using G-EVAL [49]. In both evaluations,
PAKTON consistently outperforms GPT-40, exceeding it in eight of the nine criteria.

7.1 Quantitative Results

Quantitative evaluation provides a rigorous, objective foundation for assessing the e ectiveness and robustness
of the PAKTON framework. In this section, we present empirical results from benchmark datasets that
quantitatively measure both classi cation accuracy and retrieval performance. These metrics allow us to
isolate and compare the contributions of individual system components, such as the reasoning and retrieval
modules, under controlled conditions. By benchmarking against strong baselines including ne-tuned legal
models and advanced RAG techniques we demonstrate that PAKTON not only achieves superior predictive
performance, but also exhibits remarkable robustness across varying language models. These ndings o er
concrete evidence of the framework's generalizability, e ectiveness, and practical applicability to real-world
contract analysis tasks.

7.1.1 Performance on a classi cation dataset

Setup. For the quantitative evaluation, PAKTON was evaluated on the ContractNLI dataset [38]. In this
dataset, a premise denotes an entire contract document, with each premise paired with a corresponding
hypothesis. The classi cation task involves determining whether the hypothesis is entailed by, contradicted
by, or not addressed in (neutral with respect to) the associated contract. Given the substantial length of the
contracts, the dataset also provides annotated spans that indicate the speci ¢ portions of text necessary for
making the classi cation decision.

We evaluate PAKTON on ContractNLI by comparing its performance against several baselines, including
models speci cally pretrained on legal corpora (e.g., Saul[15]) and models employing di erent prompting
techniques (Table 7.1). The evaluation metrics presented include overall accuracy and the weighted F1-score
(F1[wW7]), alongside the individual F1-scores for the entailment, contradiction, and neutral classes.

The prompting approaches examined include zero-shot (ZS), few-shot (FS)where entire contractual
documents are used as exemplars and an alternative few-shot setting (FS-Spans), in which only the
relevant spans in uencing classi cation are provided. Refer to App. C for a detailed description of the
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experimental setup. The results indicate a clear superiority of PAKTON across all evaluated methods,
notably outperforming even domain-speci ¢ ne-tuned models.

Results.  Firstly, PAKTON consistently outperforms the baseline methods across all models. Comparing
the results of Mistral and Mixtral with Saul, we observe that PAKTON vyields better performance even
compared to ne-tuning on related legal corpora. Notably, Mistral 7B with PAKTON surpasses Saul 54B a
model derived from the larger Mixtral 54B and ne-tuned on legal data. Furthermore, Mistral 7B with
PAKTON even outperforms GPT-40 in a FS setting.

Furthermore, a notable observation emerges from comparing the performance across di erent core language
models utilizing our framework. The variation in performance among models integrated with PAKTON
was minimal, highlighting the robustness of the proposed framework. For example, the F1[W] for Llama
3.1 70B score with PAKTON is 79.03%, while for Gemma 3 27B is 82.83%, yielding a modest di erence of
only 3.8 percentage points. In contrast, the performance gap between these models under the ZS prompting
scenario is signi cantly larger (22.83%), clearly demonstrating that Gemma 3 27B substantially outperforms
Llama 3.1 70B in the baseline ZS setting. This considerable reduction in performance disparity indicates
that PAKTON's architecture e ectively mitigates the inherent variability among underlying LLMs, ensuring
consistently high performance regardless of the core model employed.

To further investigate PAKTON's robustness, we conduct a targeted statistical analysis focusing on variability
and dependency. First, we compute the coe cient of variation (CV) across all models' PAKTON based F1[W]
scores, obtaining a low CV 0f12:6% (for comparison, ZS scores typically exhibit CVs> 25%). This indicates
minimal relative variability and, consequently, high robustness. Second, we perform a one way ANOVA by
splitting models into two groups according to the median of their ZS scores. The test reveals no statistically
signi cant di erence in PAKTON performance between the high and low ZS groups ( F  statistic = 3:05,

p = 0:12). Lastly, linear regression analysis is conducted to assess the direct relationship between baseline
ZS performance and PAKTON, yielding a shallow slope 0f0:44, demonstrating that every unit of baseline
gain translates into less than half a unit under PAKTON, thereby compressing absolute performance gaps.

Collectively, these ndings demonstrate that PAKTON substantially reduces performance disparities among
diverse LLMs while preserving consistently high accuracy. Such robustness is particularly advantageous in
the legal domain, where relying on open source models alleviates the privacy risks associated with sending
sensitive contractual or legal information to proprietary systems.

7.1.2 Performance of RAG

Setup. In addition to ContractNLI, we leverage the LegalBench-RAG benchmark [60] to assess the retrieval
pipeline speci cally, the Archivist and Researcher modules independently of answer generation. This
isolation is essential, as PAKTON's overall performance hinges on the relevance of retrieved context.
LegalBench-RAG covers four contract-related domains NDAs, M&A agreements, commercial contracts, and
consumer-facing privacy policies enabling a robust evaluation of retrieval accuracy across heterogeneous
legal corpora. We benchmark PAKTON's RAG module against four baselines used in [60], namely:
Naive (xed 500-character chunks with OpenAl embeddings[56]), RCTS (structure-aware splitting[42]),
Naive+Cohere (chunking with Cohere reranking'), and RCTS+Cohere (structural chunking with reranking).
Full details are provided in App. B.

Results. Table 7.2 presents a comparative analysis of retrieval performance across diverse legal corpora,
using precision and recall at variousk thresholds to benchmark PAKTON against established baselines.
Across all datasets, PAKTON consistently and signi cantly outperforms alternatives at every evaluated

k. For instance, on the ContractNLI dataset, PAKTON achieves a Recall@1 of 53.14%, nearly 5 times
higher than the strongest baseline (11.32%), a trend that holds across ak values. Similar improvements
are observed in other datasets: on PrivacyQA, MAUD, and CUAD, PAKTON surpasses the best Recall@1
scores by margins often exceeding 20%. Aggregate results reinforce this pattern, witPAKTON achieving
more than ve-fold increase in Recall@1 (26.77% vs. 4.94%). These improvements are especially critical in the
legal domain, where high recall is essential. Failing to retrieve relevants spans can result in awed reasoning

Irerank-english-v3.0
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or unsupported conclusions, particularly when legal documents contain con icting clauses, exceptions, or
interdependent provisions that must be interpreted in context.

7.2 Qualitative Results

Unlike quantitative metrics, which focus on measurable aspects such as accuracy or retrieval precision,
the qualitative evaluation centers on the perceived quality and interpretability of the generated responses.
This assessment re ects how well the system supports real-world decision-making, particularly in legal
contexts where clarity, justi cation, and practical utility are paramount. In essence, these results capture
how end users especially non-experts interpret and value the system's outputs, o ering insights into the

e ectiveness of the responses beyond what numerical scores alone can reveal. Comparison of PAKTON
outputs and GPT-40 can be seen in App. F.

Setup. To evaluate PAKTON's practical utility, we conduct a human study using 15 benchmark legal
questions crafted by ve attorneys and a Supreme Court Justice to capture authentic legal reasoning.

In a Prolic 2 survey, participants compare paired responses from PAKTON and ChatGPT across nine
criteria: explainability, evidence, legal/contextual understanding, ambiguity handling, gap acknowledgment,
conciseness, coherence, relevance, and completeness. For each, they select the best answer and provided
justi cation, with  None and Not Sure options to ensure robustness. ChatGPT serves as a baseline
given its adoption and, for fairness, leverage RAG when external documents were provided [57]. Additional
methodological details are in App. D.

Figure 7.2.1: Comparison analysis of PAKTON and GPT-40. Top plot presents human preferences across nine
evaluation criteria aggregated for all questions. Bottom plot shows G-EVAL scores for the same criteria, aggregated
across all ContractNLI outputs.

Results.  Sixty participants completed the evaluation, comparing PAKTON and ChatGPT outputs across

9 criteria for 15 legal questions, yielding 540 individual judgments. As illustrated in Figure 7.2.1, PAKTON is
favored over ChatGPT on the majority of evaluation dimensions, a trend consistent across all legal scenarios
assessed. The most pronounced advantage is observed in Completeness, where PAKTON consistently
provides more comprehensive responses. PAKTON also excels in Explainability and Reasoning, o ering
clearer, stepwise rationales an important attribute for non-specialist users. To assess the participants'
discriminative capacity, we include competing criteria such as Completeness versus Conciseness and
Precision, recognizing the inherent tension between exhaustive and succinct responses; as expected,
PAKTON excells in completeness, while ChatGPT is preferred for conciseness. For Relevance and Focus,
both models receive comparable scores, re ecting a trade-o between breadth and specicity. These
outcomes con rm PAKTON's core desiderata to generate detailed, report-like answers, with the observed
completeness-precision trade-o both anticipated and justi ed.

2https:/iwww.proli c.com
3gpt-40-2024-11-20
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7.3 Evaluation using LLMs

The quality of each system's responses is further evaluated using a large language model (LLM), as detailed
in the following section.

Setup. To comprehensively assess PAKTON at scale, we employed G-EVAL[49], a widely used
LLM-as-a-Judge evaluation framework[51, 82, 14] for NLG output quality across the same criteria as the
human study. We evaluated 102 randomly selected samples from ContractNLI[38], comparing PAKTON and

GPT-40 on matched inputs. G-EVAL generated criterion-speci ¢ scores, supporting ne-grained analysis of

response quality, explainability, and reasoning.

Results across all samples and evaluation criteria prove PAKTON's superiority over GPT-40 in eight out of
nine dimensions (Fig. 7.2.1). Notably, PAKTON scores higher in Explainability and Reasoning, Justi cation
with Evidence, Completeness, and Handling Ambiguity. These outcomes are consistent with PAKTON's
design objectives that prioritize detailed and well-supported responses that explicitly reason through legal
content. For Conciseness and Precision, and Relevance and Focus criteria, both models demonstrate
comparable performance, an anticipated outcome, as these dimensions often con ict with Completeness a
domain in which PAKTON signi cantly surpasses GPT-40 thereby illustrating the inherent trade-o
between brevity and depth. The sole criterion in which PAKTON underperforms relative to GPT-40 is
Contextual and Legal Understanding; while this initially appears counterintuitive, a closer examination of
the G-EVAL rationale reveals that PAKTON's responses frequently acknowledge knowledge gaps under
uncertainty. Although this is desirable from a transparency perspective, the evaluation framework interprets
such acknowledgments as evidence of limited understanding, resulting in lower scores for this dimension

(App. E).
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Model Method Acc. F1[W] |F1 [E] F1 [C] F1 [N]
Saul7B  |Inst. Tun. |0.4196 0.2900|0.0589 0.0680 0.5920
Saul54B |Inst. Tun. | 0.7020 0.6792|0.7727 0.1729 0.7024
ZS 0.5364 0.5042]0.5279 0.0248 0.5951
Mistral FS 0.5065 0.4702|0.6053 0.0082 0.4379
7B FS+Spans | 0.4940 0.4576|0.6085 0.0076 0.4053
PAKTON | 0.7032 0.6789|0.7782 0.2469 0.6828
ZS 0.5423 0.5475|0.6445 0.4103 0.4770
Mixtral FS 0.6002 0.5804|0.6836 0.1931 0.5642
8x7B FS+Spans | 0.6150 0.6017|0.6901 0.1951 0.6060
PAKTON | 0.7423 0.7429|0.7864 0.6655 0.7187
ZS 0.7728 0.7699|0.8248 0.5776 0.7579
Qwen FS 0.7351 0.7241]0.8094 0.4920 0.6892
25 FS+Spans | 0.7484 0.7432|0.8196 0.4378 0.7357
72B PAKTON |0.8192 0.8188 |0.8353 0.7737 0.8132
ZS 0.7886 0.7860|0.8316 0.6348 0.7739
Gemma FS 0.7191 0.7049|0.7815 0.4608 0.6891
3 27B FS+Spans | 0.7720 0.7639|0.8287 0.4728 0.7662
PAKTON |0.8287 0.8283 |0.8487 0.7546 0.8255
ZS 0.6767 0.6716|0.7366 0.5378 0.6346
Llama FS 0.6657 0.6565|0.7326 0.4431 0.6268
3.3 FS+Spans | 0.6915 0.6879|0.7382 0.4244 0.6982
70B PAKTON |0.8217 0.8207 |0.8422 0.7488 0.8165
ZS 0.5811 0.5577]0.5216 0.3152 0.6555
Llama FS 0.5729 0.5506|0.5421 0.2381 0.6358
3.1 FS+Spans | 0.5538 0.5180|0.4471 0.3014 0.6468
70B PAKTON | 0.7916 0.7903|0.8097 0.6846 0.7960
ZS 0.7916 0.7977|0.8757 0.5722 0.7691
Claude FS 0.7778 0.7816|0.8588 0.5702 0.7505
35 FS+Spans | 0.7999 0.8034|0.8678 0.6046 0.7826
) PAKTON | 0.7990 0.8000|0.8157 0.7046 0.8072
ZS 0.7704 0.7781]0.8633 0.5602 0.7398
Claude FS 0.7590 0.7602|0.8463 0.5607 0.7165
37 FS+Spans | 0.7724 0.7766|0.8538 0.5805 0.7417
) PAKTON | 0.8247 0.8254|0.8386 0.7495 0.8304
ZS 0.7886 0.7875]0.8487 0.6117 0.7648
Deepseek FS 0.7681 0.7607|0.8346 0.6104 0.7182
V3 FS+Spans | 0.7743 0.7714|0.8377 0.5812 0.7465
PAKTON |0.8192 0.8200/0.8315 0.7615 0.8224
ZS 0.6121 0.6366|0.7490 0.4162 0.5698
FS 0.6640 0.6789|0.7372 0.4734 0.6666
GPT-40 |FS+Spans | 0.6482 0.6574|0.6664 0.4636 0.6950
PAKTON | 0.7966 0.7972|0.7964 0.7592 0.8068

Table 7.1: Performance comparison of PAKTON and other methods across models on the ContractNLI test
set. The highest accuracy and F1[w] are shown itbold .
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Precision @ k Recall @ k
Dataset Method 1 2 4 8 16 32 64 1 2 4 8 16 32 64
Naive 786 7.31 6.41 5.06 358 2.41 154 7.45 1253 20.88 32.38 42.45 54.27 66.07
PrivacyQA RC_TS 14.38 13.55 12.34 9.03 6.06 4.17 2.81 8.85 15.21 27.92 42.37 55.12 71.19 84.19
Naive + Cohere 14.38 13.55 12.34 9.02 6.06 4.17 2.81 8.85 15.21 27.92 42.37 55.12 71.19 84.19
RCTS + Cohere 13.94 1591 13.32 9.57 6.88 4.68 3.28 7.32 16.12 25.65 35.60 51.87 64.98 79.61
PAKTON 19.94 16.84 11.44 8.62 7.38 6.42 6.08 13.34 22.43 32.67 43.39 61.65 82.30 89.42
Naive 16.45 14.80 12.53 9.73 6.70 4.65 3.04 11.32 19.10 29.79 45.59 56.75 69.88 86.57
ContractNLI RC_TS 6.63 5.29 3.89 2.81 198 1.29 0.90 7.63 11.33 17.34 24.99 35.80 46.57 61.72
Naive + Cohere 6.63 5.28 3.89 2.81 1.98 1.29 090 7.63 11.34 17.34 2499 35.80 46.57 61.72
RCTS + Cohere 5.08 559 5.04 3.67 252 1.75 1.17 491 9.33 16.09 25.83 35.04 46.90 62.97
PAKTON 33.02 30.34 17.33 9.98 5.87 4.68 4.52 53.14 67.47 80.06 89.71 95.50 99.56 99.82
Naive 3.36 2.65 218 1.89 1.48 1.06 0.75 254 312 453 8.75 13.16 18.36 25.62
MAUD RQTS 265 1.77 196 140 1.39 1.15 0.82 1.65 209 459 6.18 12.93 21.04 28.28
Naive + Cohere 2.64 177 196 1.40 1.38 1.15 0.82 1.65 2.09 559 6.18 12.93 21.04 28.28
RCTS + Cohere 1.94 263 205 1.77 1.79 155 112 052 248 439 7.24 14.03 22.60 31.46
PAKTON 25.47 17.45 10.51 7.24 5.08 3.18 1.85 23.99 30.09 34.49 46.42 59.74 74.96 82.80
Naive 9.27 8.05 5.98 4.33 2.77 1.77 1.09 12.60 19.47 27.92 40.70 51.02 64.38 75.71
CUAD RQTS 1.97 4.03 4.83 420 294 199 125 162 8.11 17.72 31.68 44.38 60.04 74.70
Naive + Cohere  1.97 4.03 4.83 4.20 294 199 125 1.62 8.11 17.72 31.68 44.38 60.04 74.70
RCTS + Cohere 353 4.18 6.18 5.06 3.93 2.74 166 3.17 7.33 18.26 28.67 42.50 55.66 70.19
PAKTON 11.02 8.83 6.81 4.72 2.78 2.07 1.62 16.52 24.76 33.34 46.67 59.53 77.08 86.23
Naive 240 3.76 4.97 4.33 3.39 2.17 1.29 3.37 8.44 21.30 34.51 48.88 64.47 76.39
ALL RC_TS 6.41 6.16 5.76 4.36 3.09 2.15 145 494 9.19 16.90 26.30 37.06 49.71 62.22
Naive + Cohere 6.41 6.16 5.76 4.36 3.09 2.15 145 494 9.19 16.90 26.30 37.05 49.71 62.22
RCTS + Cohere 6.13 7.08 6.65 5.02 3.78 2.68 1.81 3.98 8.82 16.10 24.34 35.86 47.54 61.06

PAKTON

22.34 18.37 11.52 7.63 5.26 4.08 3.52 26.77 36.32 45.26 56.66 69.17 83.50 89.58

Table 7.2: Precision and Recall @k 2 f 1; 2; 4; 8; 16; 32; 64g for four retrieval pipelines on ve legal-text

datasets.
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Conclusion

This work presentsPAKTON , a modular, open-source, multi-agent framework designed to meet the specic
demands of contract analysis an area that presents substantial challenges due to its inherent ambiguity,
domain complexity, and the need for precision, transparency, and explainability. In contrast to black-box legal
Al systems, PAKTON adopts a structured and interpretable architecture built around three collaborative
agents: the Archivist for preprocessing and input management, theResearcher for hybrid, graph-aware
retrieval, and the Interrogator for iterative multi-step reasoning. Together, these components orchestrate a
retrieval-augmented generation (RAG) pipeline that produces highly contextualized, evidence-backed legal
analyses and detailed report-like responses.

The framework is distinguished not only by its design principles modularity, transparency, and
adaptability but also by its practical e ectiveness. Across a series of rigorous quantitative and qualitative
evaluations, PAKTON demonstrates consistent superiority over both general-purpose and domain-specialized
baselines. On benchmark datasets such as ContractNLI and LegalBench-RAG, the system achieves
state-of-the-art retrieval and classi cation performance, highlighting the strength of its retrieval pipeline.
Human evaluations conducted by legal professionals, as well as LLM-based assessments using G-EVAL,
further validate PAKTON's ability to generate responses that are more complete, better justi ed, and more
explainable than those produced by even leading proprietary models like GPT-40.

Importantly, PAKTON introduces a new level of robustness and consistency in performance across di erent
underlying LLMs. By mitigating model variance and enabling high performance with lighter-weight,
open-source models, PAKTON facilitates on-premise deployment in data-sensitive environments where
privacy, security, and transparency are paramount. The observed reduction in performance disparity across
models also underscores PAKTON's potential as a generalizable legal reasoning framework, agnostic to speci ¢
model architectures or sizes.

Our experiments also highlight the advantages of multi-agent orchestration for complex legal reasoning
tasks. The collaborative work ow ensures that retrieval, interpretation, and synthesis are handled as
distinct but interconnected responsibilities, reducing hallucinations, surfacing knowledge gaps, and enhancing
accountability. In a legal domain where incomplete or misleading outputs can have signi cant consequences,
PAKTON's structured approach ensures outputs are both grounded and explicitly traceable to contract
clauses or external legal sources.

In sum, PAKTON lays the groundwork for a new generation of transparent, explainable, and practically
deployable legal Al systems. By marrying open-source accessibility with agent-based modularity and rigorous
evaluation, it sets a new standard for contract analysis and points toward broader applications of multi-agent
RAG architectures in legal and other high-stakes domains.
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Chapter 9

Limitations and Ethical Considerations

In this chapter, we critically examine the limitations of the PAKTON framework and re ect on the broader
ethical considerations surrounding its use. We identify technical constraints related to generalizability,
e ciency, and structural assumptions, as well as practical challenges tied to deployment latency and language
coverage. Additionally, we discuss ethical risks such as overreliance by non-experts, potential misuse, and
issues of accessibility and fairness. These re ections aim to contextualize the system's capabilities within
real-world settings and underscore the importance of responsible development and deployment.

9.1 Limitations

While PAKTON demonstrates strong capabilities in contract analysis, it has several limitations that should
be considered when interpreting its results and deploying it in real-world scenarios.

Language Scope. Our system has been tested only on English-language contracts. As legal language
varies signi cantly across languages and cultures, additional adaptation and evaluation would be necessary
for multilingual or cross-lingual applications.

Contract and Jurisdiction Coverage. PAKTON has been evaluated on a subset of contract types and
does not currently cover the full diversity of legal documents. Similarly, the system has not been tested across
di erent legal jurisdictions, each of which may have unique terminology, structure, and interpretive norms.
These factors may a ect the system's generalizability and legal relevance in broader contexts.

Latency and Cost.  Given our focus on the quality and depth of the generated reports, the system prioritizes
multi-step reasoning over speed. As a result, response times may be longer compared to general-purpose
language models, particularly due to the iterative communication between agents. This design also increases
computational cost, making it less suitable for low-latency or resource-constrained environments.

Explainability vs. E ciency Tradeo . Our framework is explicitly designed to enhance transparency
and reasoning. However, this emphasis on explainability can sometimes result in longer or less concise
responses. In prioritizing clarity and justi cation, the system may occasionally sacri ce brevity or even
slightly reduce precision, especially in cases where ambiguity is high and reasoning chains are extended.

Structural Parsing Generalization. The system's structural parsing component is optimized for standard
contract formats, which follow consistent patterns of headings, clauses, and subclauses. When documents
deviate signi cantly from these conventions or lack a clearly de ned structure, the benets of structural
parsing are reduced. In such cases, the parsing mechanism defaults to a more general-purpose chunking
strategy. This fallback does not hinder the system's functionality but may limit the advantages gained from
ne-grained hierarchical representation.
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9.2 Ethical Considerations

The deployment of Al systems in legal contexts raises signi cant ethical questions that extend beyond
technical performance. In this section, we discuss the ethical implications of using PAKTON for contract
analysis, focusing on the risks of user overreliance, accessibility disparities, potential misuse, and evaluation
transparency. These considerations are essential to ensure that the system is not only e ective but also
aligned with principles of fairness, accountability, and responsible Al deployment.

Legal Expertise and Overreliance. Our system is developed to aid in contract analysis and increase
access to legal information, but it does not serve as a substitute for quali ed legal advice. There is a risk that
users, particularly non-experts, may over-rely on its outputs without proper legal veri cation. To mitigate
this, we recommend clearly communicating the system's limitations and encouraging users to consult legal
professionals when making important decisionsPAKTON should be viewed as an assistive tool, not

a de nitive authority on legal interpretation

Accessibility.  Contract analysis is often inaccessible to non-professionals due to its complexity and reliance
on legal expertise (as discussed previously). PAKTON's goal is to help democratize contract understanding
by providing explainable, user-friendly outputs that can assist individuals without legal backgrounds. We
are also trying to o er free access to a publicly deployed version of the system, to the extent that it remains
practically and nancially feasible. Nevertheless, disparities in access to computational resources may limit
the ability of low-resourced groups to deploy or bene t from the system e ectively. Future iterations should
explore lightweight deployments support to enhance accessibility across a broader range of users.

Security concerns and misuse. As with any system built on large language models, PAKTON may
be susceptible to potential misuse and adversarial attacks (e.g. prompt injection). Malicious users might
attempt to exploit the system to bypass safeguards, distort outputs, or extract sensitive information from
retrieved content. While we employ various techniques to reduce some of these risks, further work is needed
to strengthen the system's robustness against such threats. We strongly recommend responsible deployment
practices and ongoing monitoring when integrating our system into real-world applications.

Human Evaluation. Our human evaluation was carried out by anonymous volunteers who were fairly
compensated for their time. All participants were fully informed about the purpose of the study and followed
a structured annotation protocol. No personal data was collected or stored at any stage of the evaluation.
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Future Work

While PAKTON demonstrates strong performance across multiple dimensions of legal document analysis,
it also opens up several promising avenues for future research and development. These directions aim to
further enhance the system's accuracy, interpretability, robustness, and adaptability to a wider range of legal
reasoning tasks and institutional deployment settings.

Ensemble Reasoning Across Language Models. One natural extension involves the integration of
outputs from multiple language models both open- and closed-source through ensemble learning or model
collaboration techniques. Instead of relying on a single LLM as the reasoning engine, future iterations of
PAKTON could aggregate the outputs of several LLMs with diverse training backgrounds and reasoning
styles. This approach may help mitigate individual model biases, compensate for knowledge gaps, and boost
overall reliability. Techniques such as weighted voting, con dence-based aggregation, or meta-reasoning
modules that select or synthesize answers from multiple candidates could be employed to reconcile outputs.

Multi-Agent Interrogation and Debate. Currently, the Interrogator in PAKTON is a single-agent
component tasked with synthesizing information and formulating responses. A future enhancement would be
to instantiate multiple Interrogators, each designed to represent a distinct interpretive stance or argumentative
strategy. The system could implement mechanisms for structured debate, internal critique, or iterative
re nement, with a nal answer emerging from consensus-building, majority voting, or adversarial deliberation.
This would not only enhance the depth and diversity of legal reasoning but also align with real-world legal
discourse, which often hinges on competing interpretations.

Dynamic Knowledge Integration. As legal knowledge is constantly evolving, future versions of
PAKTON could incorporate dynamic retrieval from up-to-date legal databases, case law, and regulatory
corpora. This would involve integrating long-term memory mechanisms or temporal retrieval Iters to ensure
that responses re ect the most current legal standards and precedents. Additionally, tighter integration with
structured knowledge graphs or case-based reasoning modules could improve fact-checking, citation accuracy,
and relevance in complex legal scenarios.

Cross-Jurisdictional and Multilingual Adaptation. Another direction involves extending PAKTON's
capabilities to handle multilingual and cross-jurisdictional legal content. This would require robust
jurisdiction detection, legal domain adaptation, and ne-grained modeling of legal variation across di erent
regulatory regimes. Leveraging translation pipelines, cross-lingual embeddings, and jurisdiction-aware
prompt templates could help generalize PAKTON's architecture beyond its current English-centric
implementation.

Evaluation Frameworks Aligned with Legal Judgment. Finally, although PAKTON has undergone
rigorous human and automated evaluation, the broader community still lacks reliable, scalable metrics that
re ect legal reasoning quality as assessed by domain experts. Developing new evaluation protocols such
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as expert annotation pipelines, adjudication-based comparative frameworks, or simulation-based stress
tests could provide more nuanced and legally grounded assessments of future systems.

In summary, these directions point toward a broader vision of PAKTON not just as a tool for contract review,
but as a exible, evolving platform for high-assurance legal reasoning. By combining multi-agent deliberation,
model ensembling, domain-speci c retrieval, and interactive explanation, future iterations could push the
boundaries of what legal Al systems can achieve in terms of fairness, reliability, and interpretability.

74



Chapter 11
Bibliography

[1] Achiam, O. J. et al. GPT-4 Technical Report . In: 2023. url :

[2] Aires, J. P.,, Granada, R. L., and Meneguzzi, F. R. ConCon: a contract conict identier. In:
Proceedings of the 18th International Conference on Autonomous Agents and Multiagent Systems, 2019,
Canadé. 2019.

[3] Akarajaradwong, P., Pothavorn, P., Chaksangchaichot, C., Tasawong, P., Nopparatbundit, T., and
Nutanong, S. NitiBench: A Comprehensive Study of LLM Framework Capabilities for Thai Legal
Question Answering . In: arXiv preprint arXiv:2502.10868 (2025).

[4] Anthropic. Introducing Contextual Retrieval. 2024.

[5] Anthropic. Introducing the Model Context Protocol Accessed: 2025-04-17. Nov. 2024r! :

[6] Anthropic. Claude 3.7 Sonnet System Card . In: 2025.url :

[7] Argyrou, G., Dimitriou, A., Lymperaiou, M., Filandrianos, G., and Stamou, G. Automatic Generation
of Fashion Images using Prompting in Generative Machine Learning Models2024. arXiv: 2407.14944
[cs.CV] . url :

[8] Ba, J. L., Kiros, J. R., and Hinton, G. E. Layer Normalization. 2016. arXiv: 1607.06450 [stat.ML]

[9] Bengio, Y., Ducharme, R., Vincent, P., and Janvin, C. A Neural Probabilistic Language Model . In:
J. Mach. Learn. Res. 3.null (Mar. 2003), pp. 1137 1155.issn: 1532-4435.

[10] Bianchini, F., Calamo, M., De Luzi, F., Macr , M., and Mecella, M. Enhancing complex linguistic tasks
resolution through ne-tuning LLMs, RAG and Knowledge Graphs (Short paper) . In: International
Conference on Advanced Information Systems EngineeringSpringer. 2024, pp. 147 155.

[11] Brown, T. B. et al. Language Models are Few-Shot Learner2020. arXiv: 2005.14165 [cs.CL] . url :

[12] Brown, T. B. et al. Language Models are Few-Shot Learner2020. arXiv: 2005.14165 [cs.CL] .

[13] Brown, T. B. et al. Language Models are Few-Shot Learners . InArXiv abs/2005.14165 (2020)url :

[14] Chiang, C.-H. and Lee, H.-y. Can Large Language Models Be an Alternative to Human Evaluations?
In: Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers) Ed. by A. Rogers, J. Boyd-Graber, and N. Okazaki. Toronto, Canada: Association for
Computational Linguistics, July 2023, pp. 15607 15631.doi : 10.18653/v1/2023.acl-long.870 . url :

[15] Colombo, P., Pires, T. P., Boudiaf, M., Melo, R., Culver, D., Morgado, S., Malaboeuf, E., Hautreux, G.,
Charpentier, J., and Desa, M. SaulLM-54B & SaulLM-141B: Scaling Up Domain Adaptation for the
Legal Domain . In: ArXiv abs/2407.19584 (2024)url :

[16] Colombo, P. etal. SaulLM-7B: A pioneering Large Language Model for Law . InArXiv abs/2403.03883
(2024). url :

[17] Cormack, G. V., Clarke, C. L. A., and Biittcher, S. Reciprocal rank fusion outperforms condorcet and
individual rank learning methods . In: Proceedings of the 32nd international ACM SIGIR conference
on Research and development in information retrieval(2009). url :

[18] Cui, J., Li, Z., Yan, Y., Chen, B., and Yuan, L. Chatlaw: A Multi-Agent Collaborative Legal Assistant
with Knowledge Graph Enhanced Mixture-of-Experts Large Language Model . In: 2023url :

[19] Deng, M., Wang, J., Hsieh, C.-P., Wang, Y., Guo, H., Shu, T., Song, M., Xing, E. P., and Hu, Z.
RLPrompt: Optimizing Discrete Text Prompts with Reinforcement Learning. 2022. arXiv: 2205.12548
[cs.CL] . url :

75



Chapter 11. Bibliography

(20]

[21]

[22]

(23]
[24]
(25]

[26]
[27]
(28]
[29]

[30]

[31]

[32]

[33]
(34]

[35]
(36]

(37]

(38]

[39]

[40]

[41]

[42]

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding . In:ArXiv abs/1810.04805 (2019).

Duarte, A. V., Marques, J. D., Graga, M., Freire, M., Li, L., and Oliveira, A. L. LumberChunker:
Long-Form Narrative Document Segmentation . In: Findings of the Association for Computational
Linguistics: EMNLP 2024. Ed. by Y. Al-Onaizan, M. Bansal, and Y.-N. Chen. Miami, Florida, USA:
Association for Computational Linguistics, Nov. 2024, pp. 6473 6486.doi: 10.18653/v1/2024.
findings-emnlp.377 . url :

Edge, D., Trinh, H., Cheng, N., Bradley, J., Chao, A., Mody, A., Truitt, S., and Larson, J. From Local
to Global: A Graph RAG Approach to Query-Focused Summarization. In: ArXiv abs/2404.16130
(2024). url :

Efrat, A. and Levy, O. The Turking Test: Can Language Models Understand Instructions?2020. arXiv:
2010.11982 [cs.CL] . url :

Eisenberg, M. A. Legal Reasoning . In: 2022url :

Fan, W., Ding, Y., Ning, L.-b., Wang, S., Li, H., Yin, D., Chua, T.-S., and Li, Q. A Survey on RAG
Meeting LLMs: Towards Retrieval-Augmented Large Language Models . In:Knowledge Discovery and
Data Mining. 2024.url :

Frei, T. An Arti cial Intelligence Approach To Legal Reasoning . In: 2016. url :

Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., Dai, Y., Sun, J., Wang, M., and Wang, H.
Retrieval-Augmented Generation for Large Language Models: A Survey2024. arXiv: 2312.10997
[cs.CL] . url :

Gao, Y. et al. Retrieval-Augmented Generation for Large Language Models: A Survey . In:ArXiv
abs/2312.10997 (2023)url :

Giadikiaroglou, P., Lymperaiou, M., Filandrianos, G., and Stamou, G. Puzzle Solving using Reasoning
of Large Language Models: A Survey2024. arXiv: 2402.11291 [cs.CL] . url :

Griogoriadou, N., Lymperaiou, M., Filandrianos, G., and Stamou, G. AILS-NTUA at SemEval-2024
Task 6: E cient model tuning for hallucination detection and analysis. In: ArXiv abs/2404.01210
(2024). url :

Guo, Z., Xia, L., Yu, Y., Ao, T., and Huang, C. LightRAG: Simple and Fast Retrieval-Augmented
Generation . In: ArXiv abs/2410.05779 (2024)url :

He, K., Zhang, X., Ren, S., and Sun, J. Deep Residual Learning for Image Recognition. In2016
IEEE Conference on Computer Vision and Pattern Recognition (CVPR). 2016, pp. 770 778.doi:
10.1109/CVPR.2016.90.

Huang, Q., Tao, M., Zhang, C., An, Z., Jiang, C., Chen, Z.,, Wu, Z., and Feng, Y. Lawyer llama
technical report . In: arXiv preprint arXiv:2305.15062 (2023).

Ichida, A. Y. and Meneguzzi, F. Detecting Logical Relation In Contract Clauses . In: arXiv preprint
arXiv:2111.01856 (2021).

Institute for Supply Management. Institute for Supply Management (ISM). Accessed: 2025-04-01.
Kant, M., Nabi, S., Kant, M., Scharrer, R., Ma, M., and Nabi, M. Towards robust legal reasoning:
Harnessing logical llms in law . In: arXiv preprint arXiv:2502.17638 (2025).

Karpukhin, V., O8uz, B., Min, S., Lewis, P., Wu, L. Y., Edunov, S., Chen, D., and Yih, W.-t. Dense
Passage Retrieval for Open-Domain Question Answering . InArXiv abs/2004.04906 (2020)url :
Koreeda, Y. and Manning, C. ContractNLI: A Dataset for Document-level Natural Language Inference
for Contracts . In: Findings of the Association for Computational Linguistics: EMNLP 2021. Ed. by
M.-F. Moens, X. Huang, L. Specia, and S. W.-t. Yih. Punta Cana, Dominican Republic: Association for
Computational Linguistics, Nov. 2021, pp. 1907 1919.doi : 10.18653/v1/2021.findings-emnlp.164

url

Kritharoula, A., Lymperaiou, M., and Stamou, G. Language Models as Knowledge Bases for Visual
Word Sense Disambiguation 2023. arXiv: 2310.01960 [cs.CL] . url :

Kritharoula, A., Lymperaiou, M., and Stamou, G. Large Language Models and Multimodal Retrieval
for Visual Word Sense Disambiguation . In: Proceedings of the 2023 Conference on Empirical Methods
in Natural Language Processing Association for Computational Linguistics, 2023, pp. 13053 13077.
doi : 10.18653/v1/2023.emnlp-main.807 . url :

Lai, J., Gan, W., Wu, J., Qi, Z., and Yu, P. S. Large language models in law: A survey . In: Al Open
(2024).

LangChain. Recursive Text Splitter. Accessed: 2024-08-15. 2024.

76



[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]
[56]

[57]
(58]

[59]

[60]

[61]

Lewis, M., Liu, Y., Goyal, N., Ghazvininejad, M., Mohamed, A., Levy, O., Stoyanov, V., and
Zettlemoyer, L. BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation,
Translation, and Comprehension 2019. arXiv: 1910.13461 [cs.CL] .

Lewis, P. et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks . In: ArXiv
abs/2005.11401 (2020)url :

Li, Z., Peng, B., He, P, and Yan, X. Evaluating the Instruction-Following Robustness of Large
Language Models to Prompt Injection . In: Proceedings of the 2024 Conference on Empirical Methods in
Natural Language ProcessingEd. by Y. Al-Onaizan, M. Bansal, and Y.-N. Chen. Miami, Florida, USA:
Association for Computational Linguistics, Nov. 2024, pp. 557 568.doi : 10.18653/v1/2024.emnlp-
main.33. url :

Liu, N. F., Lin, K., Hewitt, J., Paranjape, A., Bevilacqua, M., Petroni, F., and Liang, P. Lost
in the Middle: How Language Models Use Long Contexts . In:Transactions of the Association for
Computational Linguistics 12 (2023), pp. 157 173.url :

Liu, P, Liu, X., Yao, R., Liu, J., Meng, S., Wang, D., and Ma, J. Hm-rag: Hierarchical multi-agent
multimodal retrieval augmented generation . In: arXiv preprint arXiv:2504.12330 (2025).

Liu, P., Yuan, W., Fu, J., Jiang, Z., Hayashi, H., and Neubig, G. Pre-train, Prompt, and Predict: A
Systematic Survey of Prompting Methods in Natural Language Processing021. arXiv: 2107.13586
[cs.CL] . url :

Liu, Y., lter, D., Xu, Y., Wang, S., Xu, R., and Zhu, C. G-Eval: NLG Evaluation using Gpt-4
with Better Human Alignment. In: Proceedings of the 2023 Conference on Empirical Methods in
Natural Language Processing Ed. by H. Bouamor, J. Pino, and K. Bali. Singapore: Association for
Computational Linguistics, Dec. 2023, pp. 2511 2522 doi : 10.18653/v1/2023.emnlp-main.153 . url :
Liu, Y., Jin, M., Pan, S., Zhou, C., Zheng, Y., Xia, F., and Yu, P. Graph self-supervised learning: A
survey . In: IEEE Transactions on Knowledge and Data Engineering(2022).

Liusie, A., Manakul, P., and Gales, M. LLM Comparative Assessment: Zero-shot NLG Evaluation
through Pairwise Comparisons using Large Language Models . InProceedings of the 18th Conference
of the European Chapter of the Association for Computational Linguistics (Volume 1: Long Papers)
Ed. by Y. Graham and M. Purver. St. Julian's, Malta: Association for Computational Linguistics, Mar.
2024, pp. 139 151.url :

Marques, N. L., Lamare Bastian-Pinto, C. de, and Brandao, L. E. T. When contract clauses conict:
The Salvador light rail vehicle concession . In:Case Studies on Transport Policy16 (2024), p. 101168.
Mekala, R. S. R., Razeghi, Y., and Singh, S. EchoPrompt: Instructing the Model to Rephrase Queries
for Improved In-context Learning . In: Proceedings of the 2024 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies (Volume
2: Short Papers) Ed. by K. Duh, H. Gomez, and S. Bethard. Mexico City, Mexico: Association for
Computational Linguistics, June 2024, pp. 399 432.doi : 10.18653/v1/2024.naacl-short.35 . url :
Mikolov, T., Kara at, M., Burget, L., Cernocky, J., and Khudanpur, S. Recurrent neural network
based language model. ININTERSPEECH . Ed. by T. Kobayashi, K. Hirose, and S. Nakamura. ISCA,
2010, pp. 1045 1048.url :

Nguyen, T., Bolton, L., Taesiri, M. R., and Nguyen, A. T. HoT: Highlighted Chain of Thought for
Referencing Supporting Facts from Inputs . In: ArXiv abs/2503.02003 (2025)url :

OpenAl. Embedding Models Accessed: 2024-08-15. 2024.

OpenAl. Optimizing File Uploads in ChatGPT Enterprise. Accessed: 2025-04-12. 2024r| :
Panagiotopoulos, I., Filandrianos, G., Lymperaiou, M., and Stamou, G. RISCORE: Enhancing
In-Context Riddle Solving in Language Models through Context-Reconstructed Example
Augmentation . In: Proceedings of the 31st International Conference on Computational Linguistics
Ed. by O. Rambow, L. Wanner, M. Apidianaki, H. Al-Khalifa, B. D. Eugenio, and S. Schockaert. Abu
Dhabi, UAE: Association for Computational Linguistics, Jan. 2025, pp. 9431 9455.url :

Papadimitriou, C., Filandrianos, G., Lymperaiou, M., and Stamou, G. Masked Generative Story
Transformer with Character Guidance and Caption Augmentation 2024. arXiv: 2403.08502 [cs.CV] .
url

Pipitone, N. and Alami, G. H. LegalBench-RAG: A Benchmark for Retrieval-Augmented Generation
in the Legal Domain. 2024. arXiv: 2408.10343 [cs.Al] . url :

Radford, A., Wu, J., Child, R., Luan, D., Amodei, D., Sutskever, I., et al. Language models are
unsupervised multitask learners . In: OpenAl blog 1.8 (2019), p. 9.

77



Chapter 11. Bibliography

[62]

[63]
[64]

(65]

[66]

[67]

[68]

[69]

[70]
[71]
[72]
[73]

[74]

[75]

[76]
[77]
[78]
[79]

(80]

(81]

(82]

Rael, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y., Li, W., and Liu, P. J.
Exploring the Limits of Transfer Learning with a Uni ed Text-to-Text Transformer . 2020. arXiv: 1910.
10683 [cs.LG] .

Raptopoulos, P., Filandrianos, G., Lymperaiou, M., and Stamou, G. PAKTON: A Multi-Agent
Framework for Question Answering in Long Legal Agreements . In: 2025url :

Robertson, S. E. and Zaragoza, H. The Probabilistic Relevance Framework: BM25 and Beyond . In:
Found. Trends Inf. Retr. 3 (2009), pp. 333 389.url :

Ryu, C., Lee, S., Pang, S., Choi, C., Choi, H., Min, M., and Sohn, J.-Y. Retrieval-based evaluation
for LLMs: a case study in Korean legal QA . In: Proceedings of the Natural Legal Language Processing
Workshop 2023 2023, pp. 132 137.

Saha, B., Saha, U., and Malik, M. Z. Advancing Retrieval-Augmented Generation with Inverted
Question Matching for Enhanced QA Performance . In:IEEE Access (2024).

Shao, Y., Jiang, Y., Kanell, T. A., Xu, P., Khattab, O., and Lam, M. S. Assisting in Writing
Wikipedia-like Articles From Scratch with Large Language Models . In: North American Chapter of
the Association for Computational Linguistics. 2024. url :

ShengbinYue, S., Huang, T., Jia, Z., Wang, S., Liu, S., Song, Y., Huang, X.-J., and Wei, Z. Multi-Agent
Simulator Drives Language Models for Legal Intensive Interaction . In: Findings of the Association for
Computational Linguistics: NAACL 2025. 2025, pp. 6537 6570.

Shu, D., Zhao, H., Liu, X., Demeter, D., Du, M., and Zhang, Y. LawLLM: Law large language model
for the US legal system . In: Proceedings of the 33rd ACM International Conference on Information
and Knowledge Management2024, pp. 4882 4889.

Siino, M., Falco, M., Croce, D., and Rosso, P. Exploring LLMs Applications in Law: A Literature
Review on Current Legal NLP Approaches . In: IEEE Access (2025).

Smith, R. W. An Overview of the Tesseract OCR Engine . In: Ninth International Conference on
Document Analysis and Recognition (ICDAR 2007) 2 (2007), pp. 629 633.url :

Smith, R. W. History of the Tesseract OCR engine: what worked and what didn't. In: Electronic
imaging. 2013.url :

Sun, J., Dai, C,, Luo, Z., Chang, Y., and Li, Y. Lawluo: A chinese law rm co-run by lIm agents . In:
arXiv preprint arXiv:2407.16252 (2024).

Thomas, K., Filandrianos, G., Lymperaiou, M., Zerva, C., and Stamou, G."l Never Said That": A
dataset, taxonomy and baselines on response clarity classi catior2024. arXiv: 2409.13879 [cs.CL] .
url :

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., and Polosukhin,
I. Attention is All you Need . In: Advances in Neural Information Processing SystemsEd. by I. Guyon,
U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett. Vol. 30. Curran
Associates, Inc., 2017url :

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, S., and Polosukhin,
I. Attention is all you need . In: Advances in neural information processing systems0 (2017).

Veturi, S., Vaichal, S., Jagadheesh, R. L., Tripto, N. ., and Yan, N. Rag based question-answering for
contextual response prediction system . In:arXiv preprint arXiv:2409.03708 (2024).

Wabhidur, R. S., Kim, S., Choi, H., Bhatti, D. S., and Lee, H.-N. Legal Query RAG . In: IEEE Access
(2025).

Wang, L., Chen, H., Yang, N., Huang, X., Dou, Z., and Wei, F. Chain-of-Retrieval Augmented
Generation . In: ArXiv abs/2501.14342 (2025)url :

Wang, W., Wei, F., Dong, L., Bao, H., Yang, N., and Zhou, M. Minilm: Deep self-attention distillation
for task-agnostic compression of pre-trained transformers. In:Advances in neural information
processing systems33 (2020), pp. 5776 5788.

Wang, X. et al. Searching for Best Practices in Retrieval-Augmented Generation . In:Conference on
Empirical Methods in Natural Language Processing 2024.url :

Wang, Y., Chen, L., Cai, S., Xu, Z., and Zhao, Y. Revisiting Automated Evaluation for Long-form
Table Question Answering . In: Proceedings of the 2024 Conference on Empirical Methods in Natural
Language Processing Ed. by Y. Al-Onaizan, M. Bansal, and Y.-N. Chen. Miami, Florida, USA:
Association for Computational Linguistics, Nov. 2024, pp. 14696 14706.doi: 10.18653/v1/2024.
emnlp-main.815. url :

78



(83]

(84]

(85]

(86]
[87]
(88]

(89]
[90]

[91]
[92]

(93]

[94]

[99]

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Chi, E. H., Xia, F., Le, Q., and Zhou, D. Chain of
Thought Prompting Elicits Reasoning in Large Language Models . In: ArXiv abs/2201.11903 (2022).
url

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Ichter, B., Xia, F., Chi, E., Le, Q., and Zhou, D.
Chain-of-Thought Prompting Elicits Reasoning in Large Language Models2023. arXiv: 2201.11903
[cs.CL] . url :

Wen, Y., Jain, N., Kirchenbauer, J., Goldblum, M., Geiping, J., and Goldstein, T. Hard Prompts
Made Easy: Gradient-Based Discrete Optimization for Prompt Tuning and Discovery 2023. arXiv:
2302.03668 [cs.LG] . url :

Wikipedia contributors. Feedforward neural network Wikipedia, The Free Encyclopedia. [Online;
accessed 22-September-2022]. 2022.

Wikipedia contributors. Semi-supervised learning  Wikipedia, The Free Encyclopedia. [Online;
accessed 22-September-2022]. 2022.

Wiratunga, N., Abeyratne, R., Lasal Jayawardena, K. M., Massie, S., Nkisi-Oriji, I., Weerasinghe, R.,
Liret, A., and Fleisch, B. CBR-RAG: Case-Based Reasoning for Retrieval Augmented Generation in
LLMs for Legal Question Answering. arXiv, April 4, 2024 .

World Commerce & Contracting. The Real Value of Contracting. Accessed: 2025-04-01. 2020.

Xu, X., Tao, C., Shen, T., Xu, C., Xu, H., Long, G., Lou, J.-G., and Ma, S. Re-Reading Improves
Reasoning in Large Language Models . InProceedings of the 2024 Conference on Empirical Methods
in Natural Language Processing Ed. by Y. Al-Onaizan, M. Bansal, and Y.-N. Chen. Miami, Florida,
USA: Association for Computational Linguistics, Nov. 2024, pp. 15549 15575.doi: 10.18653/v1/
2024.emnlp-main.871 . url :

Yao, S., Zhao, J., Yu, D., Du, N., Shafran, I., Narasimhan, K., and Cao, Y. ReAct: Synergizing
Reasoning and Acting in Language Models . In:ArXiv abs/2210.03629 (2022)url :

Zhang, K., Yu, W., Sun, Z., and Xu, J. SyLeR: A Framework for Explicit Syllogistic Legal Reasoning
in Large Language Models . In:arXiv preprint arXiv:2504.04042 (2025).

Zhao, J., Zu, C., Hao, X., Lu, Y., He, W., Ding, Y., Gui, T., Zhang, Q., and Huang, X.-J.
LONGAGENT: Achieving Question Answering for 128k-Token-Long Documents through Multi-Agent
Collaboration . In: Proceedings of the 2024 Conference on Empirical Methods in Natural Language
Processing 2024, pp. 16310 16324.

Zhao, X., Zhou, X., and Li, G. Chat2data: An interactive data analysis system with rag, vector
databases and lims . In:Proceedings of the VLDB Endowment17.12 (2024), pp. 4481 4484.

Zhou, H., Zhou, L., Gao, B., Huang, W., Huang, W., Zuo, J., and Zhao, X. Intelligent identi cation
of risks in construction contract clauses based on semantic reasoning . IfEngineering, Construction
and Architectural Management (2024).

This chapter provides supplementary material and additional details that support and extend the discussions
presented in the preceding chapters.

79



Chapter 11. Bibliography

80



Appendix A

Framework's Implementation Details

A.l  Prompts

Throughout the framework, various prompts are employed across multiple stages to guide the system's
behavior. Due to space constraints, it is not feasible to include all of them in this appendix. Instead, we
provide the prompts used in one of the core components of the framework the generation of interrogation

guestions.

INTERROGATION SYSTEM PROMPT

You are a skilled legal interrogator conducting an in-depth interview with a legal researcher. Your objective is to extract
comprehensive, well-supported legal information by formulating precise, strategic questions.

The goal is not simply to obtain answers , but to gather authoritative legal evidence, reasoning, and precedents to thoroughly
address the following legal question:

<question>{userQuery} </question>

Additional Context: The following background information relevant to the question is provided:
<context>{userContext} </context>
Additional Instructions: You must take into account the following instructions:

<intructions>{userlnstructions} </intructions>

Critically Consider the Existing Report Before Asking New Questions:

You have been provided with a report summarizing the interrogation so far . This report serves as a synthesis of key
legal arguments, ndings, acknowledged knowledge gaps, and preliminary reasoning extracted from the conversation.
Before forming your next question, carefully analyze this report , which includes:

- The preliminary reasoning and draft interpretation a tentative legal direction that has emerged, but is still subject

to revision.

- Explicitly acknowledged knowledge gaps areas where the legal researcher did not provide su cient clarity, evidence,

or citations.

- Remaining uncertainties and con icting viewpoints , including legal areas where additional investigation is required.

- Follow-up questions that have already been identi ed to re ne the legal analysis further.

You must use this information strategically to craft your next question.

Your Role:

- You have {remaining_questions} questions remaining , so each question must be maximally informative.

- Your goal is to clarify uncertainties, challenge assumptions, and press for concrete legal sources to Il the
knowledge gaps.

- Your questions should probe deeper into weak or vague responses, pressing for specic legal precedents, case law,
statutory references, and counterarguments .

- Avoid redundancy do not ask questions that have already been answered in the report. Instead, build upon previous

insights and push the conversation forward.

Completion: Once you are fully satis ed that you have gathered all necessary legal insights, you may conclude the interrogation
by stating: "Thank you, | am now in a position to answer the question with con dence."

You will be given:

- The report summarizing the previous exchange with the legal researcher.

- The list of previous questions asked so far.

Use this information to ensure your next question is targeted, strategic, and maximally informative.
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INTERROGATION_USER_PROMPT

The following report summarizes the previous exchange between you and the legal researcher.
<report>{report} </report>
This report contains:

- A preliminary interpretation or draft answer , which is subject to revision.

- Explicitly acknowledged gaps in legal reasoning areas that require further clari cation.
- Conicting viewpoints or legal uncertainties that need to be resolved.

- Follow-up questions that have been identi ed to improve the legal analysis.

The following questions have been asked so far:
<questions>{questions} </questions>

You must carefully analyze the above report before crafting your next question.

Your next question should:

- Push the conversation forward do not repeat questions that have already been asked.

- Target unresolved knowledge gaps and press for specic legal references

- Challenge weak or unsupported reasoning seek case law, statutes, or counterarguments.
- Re ne or reassess the preliminary interpretation , if needed.

- Help move toward a stronger, well-supported legal answer

Now, continue your interrogation.
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Appendix B

Experiments on LegalBenchRAG

B.1 Baselines

In the original LegalBenchRAG paper, the authors evaluated several retrieval con gurations for in-document
retrieval using the LegalBench benchmark. The con gurations and their corresponding experimental setups
are summarized below:

" Method 1 : Naive xed-size chunking with a window of 500 characters and no overlap; no reranker;
embeddings generated usingext-embedding-3-large . Results reported in Table 7.2 as "Naive".

" Method 2 : Recursive Character Text Splitter (RCTS) with no overlap; no reranker; embeddings
generated usingtext-embedding-3-large . Results reported in Table 7.2 as "RCTS".

" Method 3 : Naive xed-size chunking (500 characters, no overlap) with reranking using the Cohere
reranker rerank-english-v3.0 ; embeddings from text-embedding-3-large . Results reported in
Table 7.2 as "Naive + Cohere".

" Method 4 : Recursive Character Text Splitter with no overlap and reranking using
rerank-english-v3.0 ; embeddings fromtext-embedding-3-large . Results reported in Table 7.2
as "RCTS + Cohere".

Among these, Method 2 was selected by the authors as the preferred con guration. However, in this
work we compare PAKTON against all four baseline con gurations to demonstrate consistent performance
improvements.

B.2 PAKTON Evaluation Strategy

To assess the retrieval capabilities of thdPAKTON  system on LegalBenchRAG, we evaluated the indexing
and in-document retrieval functionality, which constitute the core components of the pipeline. In this setup:

" The Archivist component is responsible for document indexing.

The Researcher performs in-document retrieval.

Interactions through the Interrogator were bypassed to focus exclusively on retrieval performance.

Each document from the dataset was indexed by the Archivist, and the corresponding queries were directly
submitted to the Researcher. The retrieved spans were evaluated using the LegalBenchRAG scoring
methodology.

Con guration 1

Archivist
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Appendix B. Experiments on LegalBenchRAG

" Primary strategy: structural parsing.

Fallback: Recursive Character Text Splitter with 1000-character chunks and no overlap if structural
parsing failed.

Embedding model:
text-embedding-3-large

Researcher :
" Query optimization using gpt-4o0 and only in-document search as tool enabled.
" BM25 retrieves top-100 chunks with a similarity threshold of 0.6.

Dense embedding retriever returns top-100 chunks with no similarity ltering using embeddings model
text-embedding-3-large

Reciprocal Rank Fusion with equal weights for both retrievers to rerank chunks, pick top-64 chunks.
Reranker: BAAl/bge-reranker-v2-m3 , producing a top-64 reranked nal list of chunks.

Strip structural information of the chunk and keep only the original span.

LLM Filtering

An additional post-reranking ltering stage is applied using command-RCohere), an open-source 35B
parameter model speci cally ne-tuned for Retrieval-Augmented Generation (RAG) applications.

From the top-10 reranked chunks, the model identi es and extracts the most relevant sub-span(s) within
each chunk, aiming to isolate highly precise evidence.

This step is designed to enhance overall precision by focusing retrieval results on the most contextually
pertinent portions of the content.

Results for this con guration are provided in Table B.1. Two variants are compared: one with and one
without the LLM ltering step. The results reported and compared in Table 7.2 correspond to Con guration
1, speci cally the variant without LLM lItering.

Con guration 2

Same as Con guration 1 with the only change being the use of an alternative LLM-based reranker:

" Reranker:
AAl/bge-reranker-v2-minicpm-layerwise (2.72B parameters) with a 28-layer cuto .

Results for this con guration are provided in Table B.2.

B.3 Discussion

Con guration 1 vs Con guration 2: While Con guration 1 serves as the primary setup for PAKTON,
our evaluation indicates that Con guration 2 yields superior performance in terms of retrieval accuracy.
However, this improvement comes at a cost: the second reranker in Con guration 2 is a large language
model with 2.72 billion parameters, which introduces a signi cant latency overhead compared to the more
lightweight setup in Con guration 1.

Considering the trade-o between reranking accuracy and computational e ciency, Con guration 1 represents
the most suitable choice for practical deployment scenarios where speed is a critical factor. Nevertheless,
for applications where performance is prioritized over inference time, Con guration 2 may be preferred to
achieve more competitive results.
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B.3. Discussion

No LLM Filtering vs. LLM Filtering: In the legal domain, high recall is often of paramount
importance, as omitting relevant spans can lead to incomplete or awed legal reasoning. ThéNo LLM
Filtering con guration aligns better with this paradigm minimizing the risk of excluding potentially critical
information. For this reason, it is selected as the primary setup in our evaluation.

Nonetheless, there are scenarios whergrecision is more desirable particularly when mitigating
hallucination risks or when users require concise, targeted evidence rather than exhaustive retrieval. To
accommodate such use cases, we evaluate an additional post-reranking stage employing tHeM Filtering
variant, which identi es and extracts the most relevant sub-spans within each of the top-10 reranked chunks,
thereby Itering the retrieval output to focus on the most contextually pertinent segments.

As shown in Tables B.1 and B.2, this LLM Filtering variant signi cantly improves precision . However,
this gain comes at the cost ofrecall , especially as the value oftop_k increases, due to the stricter content
selection. Based on these ndings, we conclude that LLM Filtering is particularly advantageous for lowtop_k

settings, where focused and precise evidence is preferred. In contrast, for highep_k values, the un Itered

setup is more appropriate to maintain broader recall.

Character-Based vs. Span-Based Calculation of Precision and Recall: The LegalBench-RAG
paper adopts a character-based approach for computing precision and recall, and we follow the same
protocol for our primary evaluation. However, we observe that this method may penalize retrieval
strategies particularly those targeting precision like the LLM Filtering variant due to the ne-grained
nature of the retrieved spans. Speci cally, in many cases the retrieved content consists of subspans (often
smaller than a sentence) that lie within the annotated answer span. Under the character-based metric,
such partial matches are treated as incomplete, thereby reducing recall even when the retrieved content is
semantically relevant and informative.

To further investigate this e ect, we introduce a complementary span-basedevaluation. In this setting, a
retrieved span is considered ahit if it overlaps with any ground truth span, and a miss otherwise. This
binary overlap-based metric provides clearer insight into how often irrelevant spans are retrieved or relevant
spans are entirely missed. The corresponding results are reported in Table B.3 and should be interpreted in
comparison with the character-based results in Table B.1.

Overall, the span-based evaluation yields consistently higher values, with a particularly notable improvement
in recall for the LLM Filtering variant. This suggests that character-level metrics may disproportionately
penalize methods optimized for precision, potentially underestimating their e ectiveness. It is also important
to consider that di erent datasets contain varying numbers of ground truth spans per example, which can
limit achievable recall at low top_k values. For reference, Table B.4 presents the upper bounds on recall
achievable under 100% precision.

Variation on Character Volume per chunk for dierent retrieval methods: Our analysis of
precision and recall is conducted across varyingop_k values. However, it is important to note that di erent
retrieval methods return varying volumes of text, even when the same number of chunks is retrieved. For
instance, one method may retrieve signi cantly fewer characters on average per chunk compared to another,
despite retrieving the same number of chunks. To better understand this disparity, Table B.5 reports the
total number of characters retrieved at variousk values, the average answer length, and the average document
length for each dataset.

This analysis allows us to assess the actual amount of information passed to the LLM across methods.
Notably, the LLM Filtering variant consistently retrieves fewer characters than its un ltered counterpart for
the same number of chunks.

Moreover, this analysis provides insight into the degree of document compression achieved during retrieval.
For example, in the MAUD dataset, our span-based Recall@64 reaches 85.45% while retrieving, on
average, 56,523 characters compared to an average document length of 353,718 characters indicating an
approximate 84% compression of the original document content. Similarly, in the ContractNLI dataset, the
LLM Filtering variant achieves a Recall@32 of 74.41% using only 1,081 characters, which corresponds to
nearly 90% information compression.
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Plots. Figure B.3.1 presents the evaluation plots for all four methods of LegalBenchRAG and PAKTON,
including Precision@k, Recall@k, and Precision Recall curves across all datasets. The results indicate that
PAKTON consistently outperforms the other methods across all metrics.

Conclusion:  Taking into account the span-based evaluation metrics which provide a more representative
measure of retrieval quality and the observed degree of information compression, the Researcher module
demonstrates strong performance in the task of long-document retrieval within a practical deployment
context.

| | Precision @k Recall @k
Dataset ILLM ltering | 1 2 4 8 16 32 64 1 2 4 8 16 32 64
PrivacyQA without 19.94 16.84 11.44 8.62 7.38 6.42 6.08 13.34 22.43 32.67 43.39 61.65 82.30 89.42

y with 29.11 30.33 25.99 23.35 22.64 22.33 22.33 10.51 18.13 23.33 26.35 27.65 28.19 28.19

ContractNLI without 33.02 30.34 17.33 9.98 587 4.68 452 53.14 67.47 80.06 89.71 95.50 99.56 99.82

with 59.59 51.36 46.32 45.00 45.00 44.87 44.87 38.53 45.25 51.95 54.94 58.00 58.69 58.69
MAUD without 25.47 17.45 1051 7.24 5.08 3.18 1.85 23.99 30.09 34.49 46.42 59.74 74.96 82.80

with 38.87 36.99 33.54 33.12 32.77 32.33 32.29 19.06 22.60 24.06 26.52 27.51 27.64 27.64
CUAD without 11.02 883 6.81 4.72 278 207 1.62 16.52 24.76 33.34 46.67 59.53 77.08 86.23

with 29.14 29.53 29.31 28.86 28.89 28.79 28.77 25.31 30.30 34.33 37.68 38.24 38.68 38.68
ALL without 22.34 18.37 11.52 7.63 5.26 4.08 3.52 26.77 36.32 45.26 56.66 69.17 83.50 89.58

with 39.17 37.03 33.78 32.58 32.26 32.08 32.05 23.37 29.07 33.42 36.36 37.84 38.29 38.29

Table B.1: Performance comparison on di erent datasets for Precision and Recall at various k values for
PAKTON's Researcher and Archivist under con guration 1.

| | Precision @k Recall @k
Dataset ‘LLM Itering ‘ 1 2 4 8 16 32 64‘ 1 2 4 8 16 32 64
PrivacyQA without 18.64 17.66 14.13 10.39 7.51 6.34 6.017.00 26.39 39.99 62.73 79.24 9490 97.35
Y with 33.02 31.85 29.33 26.66 26.11 25.70 25.88.35 18.20 23.12 26.95 28.20 28.58 28.76
ContractNLI without 42.21 36.86 19.81 10.58 6.13 4.63 4.53 |67.67 83.35 90.87 95.16 98.19 99.81 100.00
with 77.51 67.15 64.02 63.02 63.22 63.23 63.33.78 58.93 63.10 64.52 65.07 65.24 65.24
MAUD without 17.77 11.35 941 8.32 584 350 1.927.06 19.94 30.57 49.94 68.82 80.10 86.51
with 37.71 33.60 31.01 32.12 32.11 31.96 31.97.92 21.62 24.69 28.02 29.90 30.48 30.49
CUAD without 2.61 510 572 418 284 184 1.294.38 16.11 34.09 53.00 69.13 80.65 86.20
with 25.51 28.62 30.28 31.13 30.27 30.21 30.28.54 23.74 30.06 33.11 33.60 33.60 33.65
ALL without 20.31 17.74 12.27 8.37 5.58 4.08 3.426.53 36.45 48.88 65.21 78.845 88.87 92.52
with 43.44 40.30 38.66 38.23 37.93 37.78 37, 28.90 30.62 35.24 38.15 39.19 39.48 39.54

Table B.2: Performance comparison across di erent datasets in terms of Precision and Recall at various
values, using PAKTON's Researcher and Archivist under Con guration 2.
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\ \ Precision @k Recall @k
Dataset ILLM ltering | 1 2 4 8 16 32 64 1 2 4 8 16 32 64
PrivacyQA without 35.08 30.37 23.69 17.86 14.79 11.73 10.88 19.65 32.23 43.52 58.46 75.93 89.34 94.18
y with 33.51 32.98 28.01 26.16 25.61 25.43 25.39 20.36 31.65 37.62 42.49 43.94 46.89 46.89
ContractNLI without 58.76 39.69 24.10 13.63 7.86 5.99 5.87 53.74 68.56 80.50 89.86 95.45 99.48 99.74
with 63.73 54.12 49.40 48.01 47.90 47.81 47.81 54.10 61.30 68.17 71.60 72.90 73.41 73.41
MAUD without 35.05 23.97 15.34 11.08 8.02 5.27 3.08 32.32 38.24 43.56 54.98 67.17 81.12 85.45
with 41.58 36.01 32.22 31.34 30.72 30.33 30.29 36.90 41.18 44.18 47.77 48.55 48.81 48.81
CUAD without 20.10 15.46 10.82 8.13 5.30 3.91 3.08 16.86 24.98 33.95 47.84 60.85 77.66 84.38
with 35.75 30.93 29.38 29.11 28.83 28.82 28.81 30.99 37.81 43.14 47.04 48.85 49.28 49.28
ALL without 37.24 27.37 18.49 12.68 8.99 6.73 5.73 30.64 41.00 50.38 62.79 74.85 86.90 90.94
with 43.64 38.51 34.75 33.66 33.27 33.10 33.08 35.59 42.99 48.28 52.23 53.56 54.60 54.60

Table B.3: Performance comparison across di erent datasets in terms of Precision and Recall at various k
values, using PAKTON's Researcher and Archivist components under Con guration 1, based on span-based

calculation of Precision and Recall.

\ Recall @k
Dataset | 1 2 4 8 16 32 64
PrivacyQA |61.91 86.97 96.42 99.12 100.00 100.00 100.00
ContractNLI | 82.16 98.69 100.00 100.00 100.00 100.00 100.00
MAUD 68.19 92.35 98.21 99.86 100.00 100.00 100.00
CUAD 82.14 94.30 98.44 100.00 100.00 100.00 100.00
ALL \73.63 93.09 98.27 99.75 100.00 100.00 100.00

Table B.4: Recall @k for perfect retrieval using ground-truth snippets. Note: Precision is 100% for all

cases.

\ Number of Characters @ k | Avg. Lengths

Dataset |LLM Filtering |1 2 4 8 16 32 64 |Answer Document
PrivacyQA without 682 1415 2985 5706 10341 17961 21080
y with 207 403 711 1088 1362 1476 1523 1200 25266
ContractNLI without 789 1371 2738 4869 8126 10774 11112
with 250 412 651 885 1036 1081 1081 438 10782
MAUD without 908 1765 3542 7069 14248 28699 5653
with 301 477 678 906 1027 1059 1070 1259 353718
CUAD without 771 1643 3496 7002 13694 24057 357H0
with 250 383 527 749 844 896 97 600 69303

Table B.5: Average number of characters retrieved @k for each dataset for PAKTON con guration 1.
Comparison with average length of ground truth (answer) and document lengths.
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(a) Precision @ k across all datasets

(b) Recall @ k across all datasets

(c) Precision - Recall across all datasets

Figure B.3.1: Precision and Recall values for di erent k across all datasets for all methods
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Appendix C

Experiments on ContractNLI

C.1 Dataset Overview

We conduct all experiments on the test split of the ContractNLI dataset[38], which contains 2,091 samples.
Each sample consists of a full non-disclosure agreement (NDA) as thpremise, a legal statement as the
hypothesis and an inference labelindicating whether the hypothesis is entailed, contradicted, or neutral with
respect to the contract.

Data Access. We use the Hugging Face implementation of the dataset:
https://huggingface.co/datasets/kiddothe2b/contract-nli

Predictions. For each experimental con guration, predictions and their associated data points are stored
in structured .json les, which will be made publicly available upon publication.

C.2 Dataset Subsets

contractnli_b : The full version of the dataset. It includes 7.19K samples in the training split, 1.04K
in the validation split, and 2.09K in the test split. The full contract is used as the premise for each
example.

contractnli_a : A ltered version of contractnli_b in which only the minimal spans necessary
to determine the correct label are retained as the premise, signi cantly reducing the input length.
Experiments using this subset simulate ideal retrieval conditions and serve as an upper bound for the
potential performance of a perfect RAG system.

C.3 Prompting Strategies

We experiment with the following prompting techniques:

naive zero-shot (ZS): No examples are given. A basic description of the label classes is provided,
and the full contract is used as the premise. This serves as a solid baseline for performance.

optimized zero-shot (opt. ZS): Uses hardcoded explanations of the classes and improved prompt
structure. Still uses the full contract as the premise. Explores the e ect of manual prompt engineering.

naive few-shot (FS): Based on [13], builds on the optimized zero-shot format, but includes three
random training examples (contract, hypothesis, and label) in the prompt. The full contract is
used as the premise in both the examples and the current input. Demonstrates the e ect of using
cross-document retrieval.
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naive few-shot isolated spans (FS+Spans): Similar to naive few-shot, but in the training
examples, only the relevant spans (rather than the entire contract) are provided as the premise.

naive few-shot isolated spans (same hypothesis) (FS+Spans+Hyp): A re nement of the above
method, in which few-shot examples are dynamically selected to match the hypothesis of the current
sample, increasing semantic alignment. Shows the e ect of using e ective cross-document retrieval and
chunking setting the upper boundary for the ideal cross-document RAG system.

" Chain of Thought (CoT): Based on [83], extends the previous method by also including reasoning
steps (i.e., rationales or justi cations) in the answers of the few-shot examples, encouraging more
explicit reasoning in the nal output. Examines the impact of explicitly articulating the reasoning
behind decisions.

C.4 Experimental Setup

Hardware: All local experiments were conducted on a server equipped with 4x NVIDIA A6000 GPUs, each
with 48GB VRAM, using the Al daptiv infrastructure.

Quantization:  We employed multiple quantization levels to evaluate performance under varying resource
constraints. The speci c techniques and con gurations used will be made available in our GitHub repository
upon publication.

Scale: In total, we ran 210 distinct experiments (each one for the whole test set of ContractNLI) across
model, prompting, and input con gurations.

C.5 Detailed Results

All the experiments and the corresponding results are shown in detail in Tables C.1, C.2, C.3, C4, C5
and C.6.

C.6 Execution Details of PAKTON

To simulate a cross-document retrieval setting, we indexed the training and validation splits of the
ContractNLI dataset, preserving each example alongside its corresponding ground-truth label. Each contract
chunk was embedded and stored in the most appropriate index, where grouping was determined by the
combination of the hypothesis and its associated label. This approach emulates the core behavior of the
Archivist module, which supports organizing textual segments into logically distinct indices such as by
contract type or clause category.

For example, all instances associated with the hypothesis The Receiving Party shall not disclose the fact
that the Agreement was agreed or negotiated and labeled ableutral were stored within a single index, while
examples labeled a€ntailment or Contradiction were assigned to their respective indices.

Each set of indices corresponding to the same hypothesis was interconnected into a composable graph using
the Llamalndex framework. These hypothesis-speci ¢ graphs were then integrated into a uni ed, higher-level
composable graph. Every node whether a graph or a leaf index was annotated with a brief natural language
description summarizing the content it encapsulated.

At inference time, this hierarchical structure was traversed recursively. At each level of the graph, a similarity
comparison was conducted between the input query and the textual descriptions of child nodes to determine
the most relevant subgraph to explore. This hierarchical traversal mechanism enables e cient prioritization
of semantically aligned indices, thereby improving retrieval relevance.

The Researcher module utilized this architecture as a cross-document retrieval system, returning the top-3
most relevant examples for a given query.

As for the Researcher module, we utilized Con guration 1 (see Section B.2), withNo LLM Itering and
kept the top-10 reranked chunks to generate the response back to the Interrogator.
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Regarding the interrogation process, we capped the maximum number of turns to ve in order to maintain
e ciency and avoid excessively long interaction sequences.

No Model ID Acc. |F1[W] |F1[E] |F1[C] |F1[N] |Quant. [Try [Prompting
0 Llama-3-8B-Instr 0.4868 0.4612|0.5677/0.0327/0.4514] no 1 ZS

1 Llama-3-8B-Instr 0.4883 0.4613|0.5639/0.02520.4576/ no 2 ZS

2 Llama-3-8B-Instr 0.4969 0.4691|0.57580.0166/0.4651| no 3 ZS

3 Mistral-7B-Instr 0.5301] 0.4804|0.4551/0.0261/0.6178] no 1 ZS

4 Mistral-7B-Instr 0.5340 0.4843|0.4627/0.0175/0.6206| no 2 ZS

5 Mistral-7B-Instr 0.5328 0.4839|0.45900.0342/0.6201| no 3 ZS

6 Saul-7B-Instr 0.4223 0.2933|0.0570,0.0910/0.5960, no 1 ZS

7 Saul-7B-Instr 0.4218 0.2960|0.0760/0.05420.5907| no 2 ZS

8 Saul-7B-Instr 0.4146| 0.2809|0.0437/0.0588/0.5893| no 3 ZS

9 Mixtral-8x7B-Instr 0.5608 0.5659|0.6548/0.4087/0.5088 normal | 1 ZS

10 Mixtral-8x7B-Instr 0.5605| 0.5652|0.6551/0.4099 0.5065| normal | 2 ZS

11 Mixtral-8x7B-Instr 0.5612 0.5661|0.65450.4105 0.5092| normal | 3 ZS

12 Llama-3-8B-Instr 0.5151] 0.4670|0.6331{0.0000 0.4026/ no 1 opt. ZS
13 Llama-3-8B-Instr 0.5227/ 0.4738|0.6372/0.0000/0.4140, no 2 opt. ZS
14 Llama-3-8B-Instr 0.5261] 0.4785|0.6384/0.0000/0.4237| no 3 opt. ZS
15 Llama-3-8B-Instr 0.5332 0.5013|0.6144,0.0090/0.5000, no 1 | FS+Spans
16 Llama-3-8B-Instr 0.5232 0.4938|0.5977/0.0177/0.4986| no 2 | FS+Spans
17 Llama-3-8B-Instr 0.5333 0.5024|0.60890.0089/0.5086| no 3 | FS+Spans
18 SaulLM-54B-Instr 0.7021] 0.6806|0.7726/0.1832/0.7032 lowest | 1 ZS

19 SaulLM-54B-Instr 0.7001] 0.6764|0.7724/0.1594,0.6995| lowest | 2 ZS

20 SaulLM-54B-Instr 0.7040 0.6807|0.7731/0.1760 0.7046| lowest | 3 ZS

21 Llama-3-70B-Instr 0.6241] 0.5990|0.7313 0.49720.4819 normal | 1 ZS

22 Llama-3-70B-Instr 0.6236| 0.5987|0.73200.4943 0.4813| normal | 2 ZS

23 Llama-3-70B-Instr 0.6208 0.5953|0.7297|0.4943 0.4759| normal | 3 ZS

24 |DS-R1-Dist.-Llama-70B |0.6054| 0.6078|0.6552/0.4837/0.5874| normal | 1 ZS

25 gpt-40 0.6112 0.6367|0.7497/0.4119 0.5704 - 1 ZS

26 gpt-4o0 0.6112 0.6356| 0.75 |0.4151/0.5667| - 2 ZS
27 gpt-40 0.6141] 0.6376|0.7474/0.4216 0.5725 - 3 ZS

28 gpt-4o0 0.6275| 0.6265|0.5957/0.4416/0.7046) - 1 opt. ZS
29 gpt-40 0.6165| 0.6169|0.5916/0.4455 0.6856) - 2 opt. ZS
30 gpt-40 0.6227| 0.6240|0.5973|0.4364 0.6983, - 3 opt. ZS
31 gpt-4o0 0.6523 0.6693|0.7315/0.4577|0.6542 - 1 FS

32 gpt-40 0.6590 0.6733|0.7297|0.4624 0.6642, - 2 FS

33 gpt-4o0 0.6805 0.6941|0.7503 0.5 |0.6813 - 3 FS

34 gpt-4o0 0.6413 0.6507|0.6556/0.4533 0.6936 - 1 | FS+Spans
35 gpt-40 0.6538 0.6627|0.6724/0.4719 0.6989 - 2 | FS+Spans
36 gpt-4o0 0.6495| 0.6587|0.6712/0.4656 0.6924 - 3 | FS+Spans
37 gpt-40 0.6906| 0.7108|0.7919,0.4866 0.6784 - 1 ZS RAG
38 Llama3-8b-Instr 0.4776| 0.4278|0.6029/0.0536/0.3314 - 1 ZS

39 Mistral-7b-Instr 0.527|0.4876|0.4863/0.0248/0.6018 - 1 ZS

40 Mistral-8x7b-Instr 0.5872 0.5948| 0.656|0.4427/0.5664 - 1 ZS

Table C.1: Baseline performance of models across multiple evaluation runs on the ContractNLI test set.
(Part 1 of 3)
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No Model ID Acc. [F1[W] |F1[E] [F1[C] |F1[N] |Quant. |Try Prompting

41| Llama3-70b-Instr | 0.571| 0.536 |0.44930.3969/0.6628 - 1 zZS

42 Claude-3-Opus  |0.7547| 0.7676|0.8339 0.5083 0.7596 - 1 zZs

43 Claude-3-Opus  |0.7461| 0.7592|0.8279/0.4992 0.7489 - 2 zZs

44 Claude-3-Opus |0.7475| 0.7608|0.8319/0.4970/0.7489 - 3 VA4S

45| Claude-3.5-Sonnet |0.7944| 0.8002|0.8757|0.5789 0.7732 - 1 zZs

46 | Claude-3.5-Sonnet |0.7881| 0.7949|0.8749/0.5609 0.7661, - 2 Zs

47 | Claude-3.5-Sonnet [0.7924 0.7981|0.8764/0.5770/0.7679 - 3 VA

48 Claude-3-Opus  |0.7819 0.7891|0.84320.5622/0.7863 - 1 opt. ZS

49 Claude-3-Opus |0.7857| 0.7935|0.8502/0.5559 0.7906 - 2 opt. ZS

50 Claude-3-Opus  |0.7819 0.7886|0.8441/0.5606 0.7847 - 3 opt. ZS

51| Claude-3.5-Sonnet [0.7901| 0.7960|0.8676/0.5710/0.7740 - 1 opt. ZS

52| Claude-3.5-Sonnet |0.7905| 0.7967|0.86430.5728/0.7787 - 2 opt. ZS

53| Claude-3.5-Sonnet [0.7915| 0.7975|0.86940.5681/0.7762 - 3 opt. ZS

54 Claude-3-Opus  |0.7580| 0.7593|0.83820.5628 0.7226 - 1 FS

55 Claude-3-Opus |0.7676| 0.7680|0.8410/0.5945 0.732 - 2 FS

56 Claude-3-Opus  |0.7542 0.7588|0.8308 0.5406/ 0.7348 - 3 FS

57| Claude-3.5-Sonnet |0.7709 0.7752|0.8542/0.5654/0.7415 - 1 FS

58 | Claude-3.5-Sonnet [0.7838| 0.7873]0.8645/0.5781/0.7556 - 2 FS

59 | Claude-3.5-Sonnet [0.7786| 0.7824/0.8576/0.5671/0.7543 - 3 FS

60 Claude-3-Opus |0.7862 0.7919|0.8489/0.5673 0.7855 - 1 FS+Spans
61 Claude-3-Opus  |0.7891] 0.7944|0.8457|0.5964/0.7876 - 2 FS+Spans
62 Claude-3-Opus |0.7786| 0.7856|0.8393/0.5575/0.7836 - 3 FS+Spans
63| Claude-3.5-Sonnet |0.7977| 0.8012|0.8650/0.60320.7811] - 1 FS+Spans
64 | Claude-3.5-Sonnet |[0.8015| 0.8048|0.8717|0.6049 0.7819 - 2 FS+Spans
65| Claude-3.5-Sonnet |0.8006| 0.8040|0.8668 0.6056|0.7850 - 3 FS+Spans
66 Claude-3-Opus  |0.7752| 0.7762|0.8437/0.5900 0.7492 - 1 |FS+Spans+Hyp
67 Claude-3-Opus  |0.7834| 0.7839|0.8486/0.6097|0.7571 - 2 |FS+Spans+Hyp
68 Claude-3-Opus |0.7666| 0.7682]0.8362/0.5842/0.7403 - 3 |FS+Spans+Hyp
69 | Claude-3.5-Sonnet [0.8192] 0.8243]0.8819/0.6392/0.8076) - 1 |FS+Spans+Hyp
70| Claude-3.5-Sonnet |0.8149 0.8197|0.8792/0.6346/0.8010 - 2 |FS+Spans+Hyp
71| Claude-3.5-Sonnet |0.8197| 0.8246|0.8817|0.62790.8112 - 3 |FS+Spans+Hyp
72| gemma-3-27b-it |0.7886| 0.7860|0.8316/0.6348 0.7739 - 1 zZs

73 |qwen2.5-72b-instruct |0.7728 0.7699|0.82480.5776/0.7579 - 1 VAS

74 |gwen2.5-72b-instruct |0.7810| 0.7754|0.8374/0.5013 0.7757| - 1 opt. ZS

75 |gwen2.5-72b-instruct |0.7351] 0.7241|0.8094|0.4920 0.6892 - 1 FS

76 |qwen2.5-72b-instruct |0.7484| 0.7432|0.8196/0.43780.7357 - 1 FS+Spans
77 |gwen2.5-72b-instruct |0.7604| 0.7505|0.8239/0.6236/0.7028 - 1 [FS+Spans+Hyp
78 deepseek-chat |0.7881| 0.7869|0.8496/0.6087|0.7631 - 1 A

79 deepseek-chat |0.7886| 0.7874|0.8487/0.61390.7640 - 2 ZS

Table C.2: Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 2 of 3).
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No Model ID Acc. |F1[W]|F1[E]|F1[C]|F1[N]|Quant.|Try| Prompting
80 deepseek-chat  |0.7891| 0.7883 [0.8477|0.6126(0.7674 - 3 ZS

81 deepseek-chat  |0.7872| 0.7829 |0.8503{0.6128|0.7521 - 1 opt. ZS

82 deepseek-chat  |0.7886| 0.7843 |0.8535(0.6103|0.7526 - 2 opt. ZS

83 deepseek-chat  |0.7891| 0.7847 |0.8519{0.6154|0.7539 - 3 opt. ZS

84 deepseek-chat  |0.7681| 0.7607 |0.8346|0.6104|0.7182 - 1 FS

85 deepseek-chat  |0.7743| 0.7714 |0.8377|0.5812|0.7465 - 1 FS+Spans
86 deepseek-chat  |0.7963| 0.7939 [0.8612|0.6479(0.7573 - 1 |FS+Spans+Hyp
87 | deepseek-reasoner [0.7398| 0.7455 |0.8281(0.5229|0.7112 - 1 ZS

88 | deepseek-reasoner [0.7394| 0.7433 |0.8305(0.5270|0.7024 - 2 ZS

89 | claude-3.7-Sonnet |0.7704| 0.7781 |0.8633|0.5602|0.7398 - 1 ZS

90 | Claude-3.7-Sonnet |0.7671| 0.7733 |0.8546|0.5586|0.7383 - 1 opt. ZS

91 | Claude-3.7-Sonnet |0.7590| 0.7602 |0.8463|0.5607|0.7165 - 1 FS

92 | Claude-3.7-Sonnet |0.7724| 0.7766 |0.8538|0.5805|0.7417 - 1 FS+Spans
93 | Claude-3.7-Sonnet [0.8034 | 0.8068 |0.8746|0.6309|0.7769 - 1 |FS+Spans+Hyp
94 |Llama3.1-70b-Instr |0.5758| 0.5462 |0.5014(0.2749|0.6604 - 1 opt. ZS

95 |Llama3.1-70b-Instr|0.5849| 0.5559 |0.5208|0.2561|0.6667 - 2 opt. ZS

96 |Llama3.1-70b-Instr|0.5725| 0.5417 |0.5046|0.2303|0.6574 - 3 opt. ZS

97 |Llama3.1-70b-Instr|0.5729| 0.5506 |0.5421|0.2381|0.6358 - 1 FS

98 |Llama3.3-70b-Instr|0.6767| 0.6716 |0.7366|0.5378|0.6346 - 1 ZS

99 |Llama3.3-70b-Instr|0.7164| 0.7123 |0.7704|0.4745|0.7080 - 1 opt. ZS
100|Llama3.3-70b-Instr|0.6657| 0.6565 |0.7326|0.4431|0.6268 - 1 FS
101|Llama3.3-70b-Instr|0.6915| 0.6879 |0.7382|0.4244|0.6982 - 1 FS+Spans
102|Llama3.3-70b-Instr|0.7102| 0.6974 |0.7840|0.5294|0.6455 - 1 |FS+Spans+Hyp
103 | Mistral-8x7b-Instr |0.5423| 0.5475 |0.6445|0.4103|0.4770 - 1 ZS

104 | Mistral-8x7b-Instr |0.6006 | 0.5931 |0.6717|0.1592|0.6146 - 1 opt. ZS
105| Mistral-8x7b-Instr |0.6002| 0.5804 |0.6836|0.1931|0.5642 - 1 FS

106 | Mistral-8x7b-Instr |0.6150| 0.6017 |0.6901|0.1951|0.6060 - 1 FS+Spans
107| Mistral-8x7b-Instr {0.5323| 0.5302 |0.6494|0.4152|0.4305 - 1 |FS+Spans+Hyp
108| Mistral-7b-Instr |0.5364|0.5042 |0.5279|0.0248|0.5951 - 1 ZS

109| Mistral-7b-Instr |0.5084|0.4821 |0.6055|0.0000|0.4672 - 1 opt. ZS
110| Mistral-7b-Instr |0.5065| 0.4702 |0.6053|0.0082|0.4379 - 1 FS

111| Mistral-7b-Instr |0.4940| 0.4576 |0.6085|0.0076|0.4053 - 1 FS+Spans
112| Mistral-7b-Instr |0.4873| 0.3660 |0.6460|0.0090|0.1528 - 1 |FS+Spans+Hyp

Table C.3: Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 3 of 3).
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No Model ID Acc. |F1[W]|F1[E] |F1[C]|F1[N]|Quant.|Try| Prompting
0 gpt-40 0.7328 0.7427 |0.7575{0.5936 | 0.7630 - 1 ZS

1 gpt-40 0.7248| 0.7367 |0.7598|0.5760|0.7516 - 2 ZS

2 gpt-40 0.7303| 0.7420 |0.7629|0.5799|0.7593 - 3 ZS

3 gpt-40 0.7102| 0.7059 |0.6685|0.6364 | 0.7584 - 1 opt. ZS
4 gpt-40 0.7047| 0.7008 |0.6653|0.6220|0.7537 - 2 opt. ZS
5 gpt-40 0.7012| 0.6968 |0.6611| 0.604 |0.7532 - 3 opt. ZS
6 gpt-4o 0.7353| 0.7363 |0.7305|0.6333|0.7658 - 1 FS

7 gpt-40 0.7283| 0.7290 |0.7195|0.6341|0.7602 - 2 FS

8 gpt-40 0.7343| 0.7347 |0.7222|0.6562 | 0.7652 - 3 FS

9 gpt-4o0 0.7233] 0.7255 |0.7183|0.6174|0.7575 - 1 FS+Spans
10 gpt-40 0.7328| 0.7337|0.7321|0.6324|0.7587 - 2 FS+Spans
11 gpt-40 0.7378| 0.7382 |0.7268|0.6534 | 0.7689 - 3 FS+Spans
12 gpt-40 0.7835| 0.7842 |0.7908|0.7339|0.7894 - 1 CoT
13 gpt-40 0.7835| 0.7841|0.7911|0.7403|0.7874 - 2 CoT
14 gpt-40 0.7760| 0.7766 |0.7824|0.7273|0.7824 - 3 CoT
15| Claude-3-Opus [0.8177|0.8194 |0.8398|0.7174|0.8232 - 1 ZS

16 | Claude-3-Opus [0.8217|0.8231|0.8457|0.7221|0.8246 - 2 ZS

17 | Claude-3-Opus [0.8177|0.8197 |0.8458|0.7024|0.8215 - 3 ZS

18 |Claude-3.5-Sonnet|0.8237| 0.8253 |0.8450|0.7302|0.8283 - 1 ZS

19 |Claude-3.5-Sonnet|0.8217| 0.8233 |0.8420|0.7302|0.8269 - 2 ZS

20 |Claude-3.5-Sonnet |0.8237| 0.8253 |0.8438|0.7343|0.8285 - 3 ZSs

21| Claude-3-Opus |0.8282|0.8296 |0.8534|0.7164|0.8327 - 1 opt. ZS
22 | Claude-3-Opus |0.8242| 0.8255|0.8502|0.7110|0.8281 - 2 opt. ZS
23| Claude-3-Opus |0.8262|0.8273 |0.8500| 0.72 |0.8301 - 3 opt. ZS
24 |Claude-3.5-Sonnet|0.8378| 0.8385 |0.8593|0.7420|0.8408 - 1 opt. ZS
25 |Claude-3.5-Sonnet|0.8312| 0.8319 |0.8513|0.7420|0.8339 - 2 opt. ZS
26 |Claude-3.5-Sonnet|0.8408| 0.8413 |0.8598|0.7607|0.8421 - 3 opt. ZS
27 | Claude-3-Opus |0.8378|0.8382 |0.8629|0.7489|0.8349 - 1 FS

28 | Claude-3-Opus |0.8338| 0.8346 |0.8602|0.7311|0.8337 - 2 FS

29 | Claude-3-Opus |0.8302|0.8311 |0.8556|0.7338|0.8298 - 3 FS

30 |Claude-3.5-Sonnet|0.8398| 0.8405 |0.8604|0.7511|0.8419 - 1 FS

31 |Claude-3.5-Sonnet|0.8438| 0.8441 |0.8639|0.7699|0.8420 - 2 FS

32 |Claude-3.5-Sonnet|0.8413| 0.8420 |0.8607|0.7527|0.8446 - 3 FS

33| Claude-3-Opus |0.8348| 0.8352 |0.8633|0.7373|0.8306 - 1 FS+Spans
34| Claude-3-Opus |0.8343| 0.8344 [0.8619(0.7380|0.8301 - 2 FS+Spans
35| Claude-3-Opus [0.8277| 0.8285 |0.8514|0.7342|0.8281 - 3 FS+Spans
36 |Claude-3.5-Sonnet|0.8348| 0.8356 [0.8544|0.7420|0.8391 - 1 FS+Spans
37 |Claude-3.5-Sonnet|0.8413| 0.8417 |0.8582|0.7696|0.8424 - 2 FS+Spans
38 |Claude-3.5-Sonnet|0.8428| 0.8432 (0.8621|0.7625|0.8435 - 3 FS+Spans
39 | Claude-3-Opus |0.8378| 0.8373 |0.8629|0.7385|0.8354 - 1 |FS+Spans+Hyp
40 | Claude-3-Opus |0.8368| 0.8365 |0.8605|0.7466|0.8340 - 2 |FS+Spans+Hyp

Table C.4: Detailed baseline performance of models across multiple evaluation runs. Evaluations are
conducted on isolated spans—subsections of the contract text directly relevant to the hypothesis—. (Part 1
of 3)
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C.6. Execution Details of PAKTON

No Model ID Acc. [F1[W]|F1[E]|F1[C]|F1[N]|Quant.| Try| Prompting
41 Claude-3-Opus  {0.8358| 0.8355 [0.8588|0.7426(0.8344 - 3 |FS+Spans+Hyp
42 | Claude-3.5-Sonnet [0.8498| 0.8499 |0.8679(0.7919|0.8459 - 1 |FS+Spans+Hyp
43 | Claude-3.5-Sonnet [0.8508| 0.8509 |0.8644(0.8080|0.8477 - 2 |FS+Spans+Hyp
44 | Claude-3.5-Sonnet [0.8569| 0.8569 |0.8747(0.7891|0.8553 - 3 |FS+Spans+Hyp
45 gemma-3-27b-it  |0.8247| 0.8238 (0.8536|0.7378|0.8148 - 1 ZS

46 gemma-3-27b-it  |0.8207| 0.8183 (0.8512|0.7037|0.8128 - 1 opt. ZS

47 gemma-3-27b-it  |0.8127| 0.8104 [0.8462|0.6945|0.8025 - 1 FS

48 gemma-3-27b-it  |0.8137| 0.8116 [0.8469|0.6939|0.8047 - 1 FS+Spans
49 gemma-3-27b-it  |0.8182| 0.8160 |0.8472|0.7103|0.8104 - 1 |FS+Spans+Hyp
50 |gwen2.5-72b-instruct|0.8277| 0.8263 |0.8559|0.7345|0.8189 - 1 ZS

51 |gwen2.5-72b-instruct|0.8217| 0.8189 |0.8599|0.6865|0.8098 - 1 opt. ZS

52 |gwen2.5-72b-instruct|0.8212| 0.8189 |0.8579|0.6873|0.8116 - 1 FS

53 |gwen2.5-72b-instruct|0.8227| 0.8202 |0.8593|0.6859|0.8134 - 1 FS+Spans
54 | Qwen2.5-72b-Instr. |0.8418| 0.8401 {0.8651|0.7775|0.8304 - 1 |FS+Spans+Hyp
55 deepseek-chat 0.8368| 0.8365 |0.8559|0.7692|0.8333 - 1 ZS

56 deepseek-chat 0.8373| 0.8370 |0.8574|0.7682|0.8330 - 2 ZS

57 deepseek-chat 0.8368| 0.8366 |0.8562|0.7675|0.8335 - 3 ZS

58 deepseek-chat 0.8353| 0.8348 |0.8564|0.7606|0.8311 - 1 opt. ZS

59 deepseek-chat 0.8348| 0.8343 |0.8568|0.7589|0.8299 - 2 opt. ZS

60 deepseek-chat 0.8353| 0.8348 |0.8573(0.7606|0.8301 - 3 opt. ZS

61 deepseek-chat 0.8307| 0.8302 |0.8547|0.7506 | 0.8250 - 1 FS

62 deepseek-chat 0.8302| 0.8296 |0.8593|0.7354|0.8227 - 2 FS

63 deepseek-chat 0.8368| 0.8361 |0.8632|0.7455|0.8309 - 3 FS

64 deepseek-chat 0.8317| 0.8313|0.8571(0.7392|0.8276 - 1 FS+Spans
65 deepseek-chat 0.8368| 0.8364 |0.8570(0.7630|0.8335 - 2 FS+Spans
66 deepseek-chat 0.8383| 0.8379 |0.8637|0.7489|0.8335 - 3 FS+Spans
67 deepseek-chat 0.8473| 0.8467 |0.8689(0.7930|0.8375 - 1 |FS+Spans+Hyp
68 | deepseek-reasoner (0.7860|0.7903 |0.8061|0.6528|0.8070 - 1 ZS

69 | deepseek-reasoner [0.7810|0.7854 |0.8011|0.6568|0.8000 - 2 ZS

70 | deepseek-reasoner [0.7805|0.7852 |0.8034|0.6458|0.8000 - 3 ZS

71 | Claude-3.7-Sonnet [0.8061| 0.8074 |0.8180|0.7388|0.8131 - 1 ZS

72 | Claude-3.7-Sonnet [0.8071| 0.8084 |0.8187|0.7403|0.8143 - 2 ZS

73 | Claude-3.7-Sonnet [0.8051| 0.8064 |0.8162|0.7403|0.8122 - 3 ZS

74 | Claude-3.7-Sonnet [0.8222| 0.8230 |0.8371|0.7609|0.8237 - 1 opt. ZS

75 | Claude-3.7-Sonnet [0.8212| 0.8220 |0.8362|0.7593|0.8228 - 2 opt. ZS

76 | Claude-3.7-Sonnet [0.8217| 0.8225 |0.8367|0.7609|0.8230 - 3 opt. ZS

77 | Claude-3.7-Sonnet [0.8312| 0.8326 |0.8510|0.7439|0.8353 - 1 FS

78 | Claude-3.7-Sonnet [0.8317|0.8327 |0.8508|0.7556|0.8330 - 2 FS

79 | Claude-3.7-Sonnet [0.8242| 0.8252 |0.8418|0.7531|0.8258 - 3 FS

Table C.5: Detailed baseline performance of models across multiple evaluation runs. Evaluations are
conducted on isolated spans—subsections of the contract text directly relevant to the hypothesis—. (Part 2
of 3)
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Appendix C. Experiments on ContractNLI

No Model ID Acc. [F1[W]|F1[E] |F1[C]|F1[N]|Quant.| Try| Prompting
80 | Claude-3.7-Sonnet [0.8277| 0.8288 |0.8429|0.7592|0.8313 - 1 FS+Spans
81 | claude-3.7-Sonnet |0.8428| 0.8431 [0.8601|0.7617|0.8456 - 1 |FS+Spans+Hyp
82 |Llama3.1-70b-Instr|0.7328| 0.7321 |0.7321|0.6650|0.7477 - 1 ZS

83 |Llama3.1-70b-Instr|0.7332| 0.7325 |0.7346|0.6505|0.7496 - 2 ZS

84 |Llama3.1-70b-Instr|0.7411| 0.7402 |0.7400|0.6650(0.7578 - 3 ZS

85 |Llama3.1-70b-Instr|0.7685| 0.7655 |0.8045|0.5699(0.7731 - 1 opt. ZS

86 |Llama3.1-70b-Instr|0.7614| 0.7585 [0.7934|0.5675|0.7690 - 2 opt. ZS

87 |Llama3.1-70b-Instr|0.7609| 0.7588 |0.7895|0.5898|0.7683 - 3 opt. ZS

88 |Llama3.1-70b-Instr|0.7248| 0.7226 |0.7372|0.5707|0.7437 - 1 FS

89 |Llama3.1-70b-Instr|0.7348| 0.7325 |0.7517|0.5660|0.7525 - 2 FS

90 |Llama3.1-70b-Instr|0.7212| 0.7196 [0.7306|0.5885|0.7394 - 3 FS

91 |Llama3.1-70b-Instr|0.7348| 0.7321 [0.7380|0.5962|0.7579 - 1 FS+Spans
92 |Llama3.1-70b-Instr|0.7313| 0.7288 |0.7449|0.5532|0.7541 - 2 FS+Spans
93 |Llama3.1-70b-Instr|0.7117| 0.7087 [0.7081|0.5789|0.7394 - 3 FS+Spans
94 |Llama3.1-70b-Instr|0.8152| 0.8132 {0.8441|0.6818|0.8138 - 1 |FS+Spans+Hyp
95 |Llama3.1-70b-Instr|0.8157| 0.8138 |0.8437|0.6937|0.8126 - 2 |FS+Spans+Hyp
96 |Llama3.1-70b-Instr|0.8192| 0.8175 |0.8478|0.6948|0.8167 - 3 |FS+Spans+Hyp
97 |Llama3.3-70b-Instr|0.7845| 0.7849 (0.8092|0.7089(0.7790 - 1 ZS

98 |Llama3.3-70b-Instr{0.8117| 0.8103 |0.8389|0.7136|0.8051 - 1 opt. ZS

99 |Llama3.3-70b-Instr|0.7941| 0.7936 (0.8177|0.6929|0.7935 - 1 FS
100|Llama3.3-70b-Instr|0.8021| 0.8012 |0.8303|0.6998|0.7966 - 1 FS+Spans
101|Llama3.3-70b-Instr|0.8403| 0.8391 |0.8651|0.7536|0.8337 - 1 |FS+Spans+Hyp
102 | Mistral-8x7b-Instr |0.7177| 0.7192 |0.7610|0.6478|0.6951 - 1 ZS

103 | Mistral-8x7b-Instr |0.7515| 0.7425 |0.8117|0.5120|0.7290 - 1 opt. ZS
104 | Mistral-8x7b-Instr |0.7574| 0.7516 |0.8065|0.5934|0.7350 - 1 FS

105| Mistral-8x7b-Instr |0.7438| 0.7361 |0.8008|0.5272|0.7217 - 1 FS+Spans
106 | Mistral-8x7b-Instr |0.7514| 0.7474 |0.8106|0.6332|0.7125 - 1 |FS+Spans+Hyp
107| Mistral-7b-Instr |0.6224|0.6052 |0.6083|0.2867|0.6744 - 1 ZS

108| Mistral-7b-Instr |0.6217|0.5932 |0.6828|0.0437|0.6339 - 1 opt. ZS

Table C.6: Detailed baseline performance of models across multiple evaluation runs. Evaluations are
conducted on isolated spans—subsections of the contract text directly relevant to the hypothesis—. (Part 3
of 3)
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Appendix D

Human Evaluation

We deployed a survey on Prolific, an online research platform widely used in academic studies. Prolific ensures
participant anonymity and does not allow researchers to interfere with or influence responses. Participants
were asked to compare answers from PAKTON and ChatGPT for the same legal question, based on specific
evaluation criteria.

We intentionally did not restrict participation to legal professionals. Our goal was to understand how well
PAKTON’s responses are received by the general public, especially in comparison to a widely used baseline
like ChatGPT. The only eligibility requirements were that participants must be fluent in English and have
completed at least compulsory education (e.g., high school level), to ensure basic reading comprehension and
critical reasoning skills.

Our human evaluation was carried out by anonymous volunteers who were fairly compensated for their time.
All participants were fully informed about the purpose of the study and followed a structured annotation
protocol. No personal data was collected or stored at any stage of the evaluation.

Participants were paid £9/hour, exceeding Prolific’s minimum compensation rate of £6/hour. While the
expected duration of the survey was 5 minutes, the median completion time was closer to 15 minutes.
To fairly account for the additional effort, participants who spent more time were rewarded with bonuses,
calculated based on Prolific’s minimum rate.

Evaluators assessed PAKTON’s outputs via the interface shown in Figure F.0.1, reviewing both predefined
examples and interacting with the system in real time using their own queries. Feedback was overwhelmingly
positive, highlighting the tool’s practical utility.

Figure D.0.1 presents a comparative assessment between PAKTON and GPT-40, based on human judgments
across multiple criteria. PAKTON consistently outperformed GPT-40, both at the individual response level
and in aggregate preferences.
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