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Chapter 1

ITepiAndm

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
PAKTONI[63]: évo mhfipwe avolytol xmddixa, omd dxen o dxpr, ToAuTpoxtopnd mha{olo pe duvatdTnTes
€0XOANG EVOWUATWONE OE 1) UTEEYOVIA CUC THUATOL.

To npotewvbuevo clotnua anoteheito and Tepelc tpdxtopes: (1) tov Apxelogpilaka, o onolog aMMAETUSPA Ye TOV
xehotn xou doyerpileton tny Sounuévn apyetdldetnon eyypdypwy- (2) tov Epeurnth, o onolog avoxtd TAnpogopies
péow Wwoc xouvotopov povadoe Enavgnuévne Anuovpyioc péow Avixtnone (EAA)- xa (3) tov Avakpiti, 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 OUCLIGTIXG TN cUAhOYLoTIXY oE LPNAoD
ploxou medlo.t

A€Zeig-xheldid —  Xupfohoua, vouw texvnty vonuoolvr, Meydha [Mwoowd Movtéha, Emauinuévn
Anuovpyio yéow Avixtnong, TOAUTEUXTOPIXE GUC THUATO, EPUNVEUCLLOTN T, DlapdveLaL.

1O mnyaiog xOdxag eivan diadéowog oto 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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Euyaplotieg

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. Extetopévn Ieptindmn ota EAAnvixd

3.1 OBOeswpntxd YnoBadeo

3.1.1 T'Awocowd Movtéla

To T'Awoowxd Movtéha (I'M) eivar UTOAOYLOTIXE GUOTAUOTA TTOU GTOXEVOUY GTNV XATUVOYOT] X0l TRy WY
puoxric YAOooog, ntpoBiénovtag TNy miavotnTa eupdviong Aé€ewy 1) ppdoeny ue Bdon to cuupealoueva. XTI
TEWUES LOPPES TOUG, OTWC TA N-gram LovTEAa, 1 tpdBiedn Baoilotay o otadepd apitud mponyoluevemy AEewy
xou og omholg TdavoTinolg xavoves. Tlopd Ty anhétnTd Toug, Ta povtéla autd teplopllovtay amd Ty aduvauio
TOUG VO YEVIXEVOOUY GE OTAVLES 1) W) Tapatnenuéves oxoloudiec AéEewv.

IMo va Eenepaotoly autol oL Teploplool, EloyInoay To VEVPWVIXE YAWOOLXA LOVTEAX, dpyixd UEoW
diktva mpdodag TpogodsTnong (feedforward neural networks [86]) xou otn cuvéyela uéow avadpoudv (RNNs
[54] , LSTMs). Kowé toug yapaxtneiotnd eivon 1) ypfon evowpatdoewr Aééewy (word embeddings), o onoleg
TPOGPEPOLY CLVEYE(C avamapacTdoels LYNAGTEPNE onuactohoYxc TAnpooplac. AuTH 1 TPOGEYYLON EMLTEENEL
MEYOADTERY) TPOCUPUOCTIXOTNTA XA XATAVONGT] CUVIETOHTEPWV YAWTTIXWY SOUWMY.

H onuovtixdtepn ouws teyvoroyuxt Touh) fede ye tnyv etlooywyr e dpyttextovixnc Twv MeTtaoynuatio Twy
(Transformers) [76], mou PBocileton otov pnyaviopd mpoooxris (attention) xou eyxatodelner mAdpwe Tig
enavaAnmTixéc douéc. O Metaoynuatiotéc unopolv vo enedepydloviar ohoxAnpeg axohoudiec AéEewv
TOUTOYEOVA, HOVIEAOTIOLOVTOC UOXEOYEOVIES €EUPTACEL ol TOAUTAOXES YAWOOWES OyEoel Ue c&alpeTixt)
anoteeopatixdTnTe. AuTh N WBLdTNTA Toug Xadio Té WavixoUg Yia TAdog egopuoy®y oty Enelepyaoio Puorc
Mooocog (EOT).

Mevydhoa I'hwoouxd Movtéla (MIT'M). Ta Meydia I'hwoowxd Movtéla (MI'M) eivar eZehypéva
povtéha mou Pooilovtar oty apyttextoviny tou Metaoynuatiot ot eXTUdeloVTOL OE TEPAOTIH COUATI
xeévou. Adyw tou peyédoug toug xar TN mowthiog Twv Bedopévwy exmoideuong, Sladétouy afloonuelw
XOVOTNTA YEVIXEUONC X0 AVTLIETWTLONG TOAUTAOXWY EQYUOLOV.

Trdeyouv teelg Baoxéc apyltextovixé maporihayéc MI'M:

e Mdévo Kwdixonowmtrc (Encoder-only): Xopaxtnpiotixd mnopddeypo elvaw to BERT[20], o
onolo oYEDAOTNXE Yl EPYAOIES XATAVONONG, OTWS TUEVOUNOY) TPOTICEWY, OVOLYVMOPLOT OVTOTHTWY Xl
avTiotolyion cpwthpatog-andvinong. O xwdonomntrc avakiel TAfews Ty €loodo, ywelc va mapdyel véa
axohoudia e€4600u.

o KwduonomthAc-Arnoxwdixonownths (Encoder—Decoder): Xpnowonoteiton oe gpyooiec 6mov 7
eloodoc xau 1) €€080¢ elvon drapopeTinéc axorovdes, dmwe 1 pnyovinn petdgppoaon. Ta yoviéla BART[43]
xo T5[62] aZlomololy auth T doph xou dampénouy ot xadfixovia enelepyaciog xou avadounone YAOooog.

e Mévo Anoxwdixonownthc (Decoder-only): Movtéha énwe 1o GPT|61] avixouy o auth v
xatnyopio. Exnoudedovton pe avtonahivipoun uddnor (autoregressive learning), nporénovtac diadoyixd
NV EMOUEVY AEEN, YEYOVHC TOU Tal OO T WBoviXd Yol Snutovpylol XEWWEVOU, GUVOULALOXES DIETOPES, Xol
oUVOeTN YEVETIXY CUNNOYLOTIXN.

Avutéc ot apyttextovinéc avtavaxholy SlopopeTnés oyedlao Tixée puhocopies xat etvat XU TEAANAES VLol DLAPOPETIXG
eldn epyaoiwy otny E®T'. Ta encoder-only povtéla unepéyouv oe xotavénor xan avdiuon, to encoder-decoder
OE PETUOYNUATIONOUS Xal UETAPpaoT), eve Ta decoder-only efvon xopugalo yior YeEvETIXEG EopuoYEC.

Koo ta MI'M ouveyiCouv va e€ellocovian—pue v abénorn tou apuduod nopauéteny, T Beitinon twv
OTEUTNYXWOV EXTAUBEVONE Ol TNV EVOWURTWON €pYOAElwY o PvAUNG—anoteholy mAéov to Vepéllo Lo
NV oVATTUEN TEONYUEVWY CUCTNUATWY TEYYNTAC VonuooUvng, Hetold tov omolewv xou vouxd eZeldixeuuéva
ovoThuato 6nwg 10 PAKTON.

3.1.2 Teyvixég Mdidnong

Ou teyvinéc Mnyavixric Mddnone (Machine Learning — ML) oanotehodv to depéhio e olyypovng
TEYYNTAC YoNuoolvng ot dlapoponolotvTol xuplwe Bdoel tou tednou Ye tov onolo aflonotobvton to dedouéva
XOTA TNV exmaldevoT), ahhd xou Tou Podpol enontelac mou mapéyetan. Ot Baocixéc xatnyopieg tepihouBdvouy tny
emprendpern, tn un emprendpern xon TNV evioxvniky) pddnon, eve undpyouv xon UBEWBIKES Hop@Ec, OTWE )
nuempPBAendpern xon 1 avtoempPAendpevn pdonomn, mouv cuVdLELouv YopaxTNELETLXA antd Tic XVplEC TPOCEYYIOELC.
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EnBrenouevn MdOrnor (Supervised Learning). e autd to mhaicio, 10 pyovtélo exmoudeletar Ue
emonuaopéra dedouéva, dnhad xdde elcodog cuvodedeton amd wat Yot xa ooty €Zodo (eTwéta). Ltdyog
elvow 1 pddnon evée poviéhou npofiedne mou vo uropel vo yevixelel ocwotd oe Véa, un opatd dedouéva. H
emBhendpevn pdidnon egoapudleta evpéwe ot mpoPhiuata énwe 1 tadvéunon (.., avéluon cuveuotuatoc,
didyvwon acdeveldv) xar 1 todvdpdunon (.., TedPredmn oy 1 tocotitwy). H anoteheopotindtnto authc
e wedodou eluptdtan GUESH Amd TNV TOLOTNTA XL TNV TOCOHTNTA TWV SLIECIULY ETULONUACUEVWY DESOUEVKV.

M EmiBArendpuevn Mddnor (Unsupervised Learning). Ye avtideon ye tny emBhendpevn npocéyyion,
€86 to povtélo xohelton vo avaxahUdel dopéc ¥ potiBo yéoo oe un emonuacpéva dedopéva, ywelc va yvwpilel
npoxodoplopévee e€68ouc.  Khaowée eoapuovés mepthauBdvouy v ouadomoinon (clustering), tn ueiowon
drouotdoewy (dimensionality reduction) xaw tnv aviyveuon avopahiodv (anomaly detection). H un emPiendpevn
pddnon etvon Wlftepa YENoWUN OF TEPITTWOEL, 6oL eV LTdEY oLV Bladéolueg ETIXETES, OTWE OF AVAAUGT
XUTAVUAWTIXAC CUUTEPLPORAS 1) YapTOoYedpnoT Yeudtwy ot peydha xelueva.

HupienmiBrenopevn MdaOnor (Semi-supervised Learning). Auth n teyvixd anotehel evdidpeon Aon,
ouvdudlovtag évay wxed oprdud emonUUcUEVWY BEBOUEVKV HE €va UEYUAOTERO GUVOAO U1 ETULONUACUEVGY.
To povtého apyixd exmandedeton oto dedouéva Pe eTIXETEC o XoTOTLY afloTolel TNV TANpogopio and Tar un
ETONUUOUEVA, BEATUOVOVTAS TN YEVIXEUGT XoU UELDVOVTOG TNV avayxn Yid eXTEVH Yelpoxivntn emomnueiwon.
Etvon Bialtepa amotelecpatiny oe nedla 6mou 1 emofuovon elvon Samavney| 1 yeovofopa, dnwe 1) Plolatexnd ¥ 1
vopu avéhuor. [87]

AvTosmpBrenduevn Mddrnor (Self-supervised Learning). H autoemufBhenduevn udidnon avodexvieton
we Wialtepa Loyuph TeEX VXY, EWBXA YLt TNV TREOEXTUDBEVTT HEYSAWY YAWOGIXMY XoL ONTIXMV HOVTEAWY. e
authy, to Blo to clotnua dnuovpyel enontela péow texvnTdy mpokadopopévwy epyacidy (pretext tasks),
onwg 1 meoBAiedr tne emduevng AéEng oe éva xeluevo 1 1 cuunAfipwon woc pedong. Ilapdio nou Baciletou oe
un emonuocuéva dedouéva, xoTapépvel va udiel TAololeg xou YEVIXEUGIIES avanopootdoels. Xenolgonolelton
eupénc oty Enelepyacia Puowmic Mhdooac (ERT) (n.y., BERT, GPT) xou oty YTrohoyiotn| ‘Opaon (m.).,
SimCLR, DINO).

Evioyvtixh Mddrnor (Reinforcement Learning). H evioyutxd pddnon diapoponoieitor ovotootixd ond
Tig nponyoluevee pedddoue, xadhe otnpileton ot npdxtopec (agents) nou aAAnAembpoly ue éva tepiBdAloy xou
pordoivouy uéow avtopoBnv ¥ mowvey. O mpdxtopag enyelpel evépyeleg, Tapatneel Tig CUVETELES Xolt TTROCAUPUOLEL
TN OTEUTNYIXY TOU (OOTE VA UEYICTOTOWTEL TN wpeuTh avtauo3n. H evioyutu uddnon eivan 1 fdon yio mohkd
emtelypato oty Teyvni Nonpooivn, 6nwe 1 expddnon mouyvididv (n.y., AlphaGo) xou 1 Bertiotonoinom
OTPATAYIXOV OE duvouxd 1 oéPouct TepUBdANovTaL (T.Y., POUTOTIXT, AUTOVOUT TAOTYTOT), OLXOVOULXT| OVAAUGT)).

Yuvodilovtag, xdlde teyvinn wdinone mapouctdlel Lovadixd TAEOVEXTAUOTO XOL TEPLOPLOUOVS, oL 1) ETUAOYT
egoptdton omd TN poom Tou TEOPAAUATOS, TNV TOWOTNTA TwV OladEoiuwy BEBOUEVLY oL TOUG OTOYOUC TOU
ouoTAUATOG. e TOMG GlYYpOvo GUGTARATY, Ol TUPATdve Tpooeyyioele cuvdudlovtan Yyl Ty eniteuvn
AVAOTEENS AmOB0CNG XL YEViXELOTC.

3.1.3 Exrnaidcuon twv Meydilwyv '\woowxwy Moviéhwy

H Swdixaoia exnaidevone twv Meydhwv I'woowdy Movtéhwv (MI'M) Booileton oe wo npocéyyion d0o
otadiev: v dpyinh mpoektaibevon (pre-training) xou tnv emoxdhoudy efedikevon (fine-tuning). O 300 autée
pdoelg oLuVERYALOVTAL Yol VoL TROGBMCOLY GTO WOVTEAD TOCO YEVIXT] XATAVONOT TNS PUOLXNG YAWCOUS OGO XaL
IXOVOTNTO TIPOCUPUOY NG OE CUYXEXPWIEVES EQPOOUOYEC.

ITpoexnaidevon (Pre-training). Xtnv mpdtn ¢@don, t0 poviého exnoudeleton o€ TEPIOTIEC TOCOTNTES
adounTou 1 Nudounuévou xewévou, émwe BiBhla, dpdpa 1| totdTomouE, Ywelc TNV anaiTNoY ETMOTUACUEVLY
dedopévey. Katd tny mpoexnaideusy), uhomolobvton TeoYeouUdTIoUEVES EpYAGIES Udnang, Onwe N TedBAedn tne
endueVNC AEENS 1| 1) VICLYXEOTNOT) EVOC AMOCTIACHATIXO) XEWEVOU, TOU EMLTEETOLY GTO OVTEAD VO XATOVOTOEL
TN YRUUUOTIXT, TN oUVTAEN %o TS ONUACLOAOYIXEC cuoyeTioele TS YADOooaS. Autd TEOGPEREL GTO HOVTEAD
wat Loyven Béom yio petagopd yvoone (transfer learning), pewdvovtog v avdyxrn yia yeydho emonpoouéva
oUVOAOL 0TI ENOUEVES PATELC.
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Hapoadeiypato Tétowwy poviéAny nepthopfdvouv to BERT, o onolo npoexmoudetetar péow pdoxag Aé€ewy, xou
to GPT, movu Baciletar oty auvtonahivipoun nedPiedn endueverv AEewmv.

E&ewixevor (Fine-tuning). Metd v andxtnomn YEVIXGOV YAWOOXMY IXAVOTHTWY, TO TEOEXTOUSEUUEVO
povtého npoocapudleton o cUYXEXPIEVES Epyaoies 1) Topelc uéow tne Sodixaciog tou fine-tuning. Xe auth
©AcT), TO HOVTEND EXTIULBEVETOL UE ETULOTUUCUEVA SEBOPEVA xpdTERNE XALMAXOC, ETITEETOVTAS TOU Vo e€eLdixeloEL
™0 YVOOoY TOu xou Vo evionioel mo Aemtopepn wotifo mou oyetillovion pe TN ouyxexpévn epyooio, Omwe N
XATTYOPLOTONGT] VOIXADY eNTEWY, 1 EEAYWYT) OVIOTATWY 1 1] ANAVTINOY OE EpwTAUATA.

H ey v owth elvon iiadtepa amodotinn tav to diadéoiua dedopéva elvar neploptopéva, xadds To wovtého Eexivd
)

HE €val TEOMYPEVO ETUTEDO YVOONE, PELOVOVTAS TOV X(VBUVO UTEETEOCURUOY NS xou BeATIdvVovTaS TN YeVixeuon

o€ dyvwoTa TopadelyuoTa.

Toucaxd EZeidixesvuévo Pre-training. Xe nepBdihovia omouv 1 epyasiou-otdyoc elvon biaitepa
eZelduevpévn (m.y., vouxd ¥ atpixd xelpeva), 1 anddoon tou poviéhou pmopel va evioyudel Tepoutépw Ue
€var eVOLAUESO OTABLO: TNV Top€Eakn) TPoekTaidevon. Ye auThy, To UOVTEND, Aol Exel NN OmMOXTHOEL YEVIXES
YAWOOUXES YVOOELS, ENAVEXTIOUOEVETAL GE XEUEVO TOU CUYXEXQLIEVOU TEBiOU Tply TNV e@appoYT] Tou fine-tuning.
INo topddelyua, éva ovtého mou €yel apywnd exmoudeutel otn Wikipedia, uropel otn cuvéyela va tpoexnandeutel
OE YOG E£YYQRUQU 1) LUTEIXES AVIPORES.

Autéd to eumiéov Prua emitpénel 0To LoVTENO Vo XOTAvOYOEL TO 0pohoYLXd ot Veyatixd mhaiolo tou medlou
epappoync xon Belticdvel T onuactoloyixy tou evaicUnoia oe topsuxd @ouvépeva.  To amotéheoua ebvou
peyahbtepn oxp(Bela, ouvéneia xou o€lomiotlor oG EEEBIXEVUEVES EQUPUOYEC.

YuvdvaocTixry Stpatnyixy] Exnaidsuong. O ocuvbuaopdc yevixfc mpoexmaideuong, Toueaxhc
TpoEXTALBEVGTC XL o ToYEVUEVOL fine-tuning cuyxpotel o eVEAXTY xou LoyLen oTpatNYLXY. AUuTH 1) TEOGEYYIoN
npoodidel oo MI'M ixavétnta yevixeuong oe eupd @paoua EpYOOLOY, EVE TauTdyYpova emTUYYAvoUY LPNAA
axpifela oe ewdwée nepintwoeic. Efvor wia teyvind wioltepa xatdhAnAn yia oevdplo ue Teploplouéva dedopéva,
xS PELOVEL BpUoTIXG TIC OMOUTHOELS YLO ETUCTUUCUEVES ELTOB0UE, EVIGYVOVTAS TNV AMOBOTIXOTNTA, THY
EMEXTACYOTITA XOU TNV TEOXTIXT| EQUQHOCULOTNTA TWY HOVTEAWY GTNY TEAEN.

Yy mpd€n, autd to Teimho oyfua exnaldeuong €xel anoteréoel TN Bdom yia ToAAEC emituyelc e@apuoyéc o
nedio Omwe N vopuxn teyvohoyio, 1 taTeix BIAY VWO, 1 YENUATOOXOVOUXT avdhuon xou ol eixovixol Borndol
QUOXHC YAWOOCOUC.

3.1.4 H 'Evvowx tnc Ilpotponyc (Prompting)
o Tuyala emAoyn: Evbewctind mopadelyyota emhéyoviol ywelc TepatTépw PLATEAOIGUA.

o Snpactoroyixy eyyLINTor Emhéyovion mopadelypato mou elvon mopdpota pe N véa eloodo,
AEAVOVTOE TNV CUVAPELAL.

o ITowcthopoppio mapadertywdtwy: H ocuunepiindr etepdxdniowv nepintdoewy mpowldel xaibtepn
yevixeuon.

H npotpony (prompting) arotehel pio Yepehiddn xouvotopio ot yeron twv Meydhov I'hwoowdv Moviéhov
(MT'M), enavanpoodiopillovtog Tov Tpdmo UE TOV OTOl0 EMTUYYEVETA 1) TEOCUPUOYT EVOC UOVTENOU OE VEES
epyooiec. Ye avtideon pe Tic mapadootoxés uetddoug g emPBAenouevne uddnong, émou amouteiton 1 €x véou
EXTAUBEVOT) TOU LOVTENOL UE ETULOTUACHEV DEDOUEVA VLol xdUE BlapopeTint| epyaoia, 1 uddnon uéow TeEoTEomwY
emteénel TV aglonolnon tng KON anoxtnielcug Yvhong evog mpoextoudeuuévou MITM.

Ytov muphva auTthE TNE TRooEyyione Peloxeton N WEA OTL oL €lcoBoL TEOE TO LOVTENO UTOEOUV Va BLoTUTLYoUY
WS 00NYles o€ QUOIKY) YADOOTE TIOU EVERYOTOOVY TNV E0WTERIXY YVHOGN Tou povtéhou. O mpotponég cuyvd
nepthopfBdvouy xevd, mapadelypota B eneEnynuatixéc odnyleg, ye oxomd va unoBdhouv OTO UOVTEAO TNV
XUTAAANAY, «epunveioay tne spyaciog xal va To xadodnyroouy tpog Ty emuunty é€odo.

H npotpony| éyer avaderydel we Wloftepo amoteheoyatixy yia oevdpla undevikdy f Alywv mapaderyudtwy
(zero-shot xou few-shot learning), 6mou to povtého xahelton va Mooel véeg epyaoies ywplic extetopévn neputépe
exnafdeuor. Auth 1 wovétnta xadiotd ta MI'M e€oupetind euéhxto xow e0XOA0L EMEXTACIUA OE BLOUPOPETIXG
TEQLBAANOVTA, TEOCPEPOVTUS TEAXTIXES AUCELS OE €Val EUPU PACUOL EQUPUOYWV.
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Zero-shot

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

Translate English to French: task description
cheese => prompt
One-shot

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

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

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

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe == girafe peluche

cheese == prompt
Figure 3.1.1: (a) Mndevixd mopadelypota, (b) Eva noapdderyua, (¢) Alyo nopodeiypota [11]

3.1.5 Xrpatnywxég xouw Teyvixeég Ilpotponng

H téyvn tou prompting agopd tnv emhoyr, cvvieon xou BaTdNWoN TNS XATIAANANG HOPPTC TEOTEOTNC WOTE
vou avodeyieTol TARenS 1 AettovpyixdTtnta Tou wovtéhov. Ilépa amd ) Poouxr Swtdnworn epwtnudTey, ol
TEXVXES prompting SapoppmvovTa Bdoet TG TocdTNTIS X0t TNE PUOTE TWY TANEOPOELKY TIOU TOREYOVTOL GTO
povtéro. O xupldtepeg xotnyopleg nepthaudvouy:

Mmndevixd Iopadeiypota (Zero-shot Prompting)

Yy Texvixy zero-shot prompting, To povtélo xaAelton vo amavtAcel oe pa gpyacio uévo Pdoel tng
peaceohoylac e odnylag, ywelc vo Tou mopéyetar xavéva mapdderyyo.  H emtuylo outhc e teyvixic
npobmo¥étel 6Tt TO UOVTENO EXEL AMOXTACEL EMUEXY) EVVOLOAOYIXY| XUTAVOTON XAUTA TO GTADLO TNG TEOEXTIAUDEVOTG.
ITopdho mou Bev TapEyETAL €X TWV TPOTEPWV «UAINON» UEow TapAdELYHdTwY, N anddooy Twv MI'M nopouével
EVTUTILOLAXT, EWBXA O YVWOTEG ol YEVIXES EpYaoiEC.

"Eva | Alyo IHopadeiypata (One-shot xow Few-shot Prompting)

Yy meplntwon e one-shot prompting, to yoviého Aopfdvel évo povodixd moapddetypo tne {ntoduevng
gpyooiag, ocuvidoe pe ooy avtoTtolyor eoédou-e£600u, xou xoheltor vo enavardBel Ty anddoorn oe véo
dedopévo. H few-shot prompting emexteivel autr) v Wéa ToEEYOVTAC GTO LOVTENO TOMATAS mapadelyporta
(ouvidwe 3-5), evioylovtog THY xavdTNTd Tou vor avaryvwpllel TedTuTa.

H anoteheopotixdTnTo auTdY TV TEX VXDV e€apTdTol ond ToV TpdTo enthoYHc Twv napadetyUdtwy. Ta xuptdtepa
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xpLthpla tepthaufBdvouy:

ITeotponh pe AAuoida JvAlovioTtixc (Chain-of-Thought Prompting)

H teyvwf; Chain-of-Thought Prompting (CoT) ewodyet éva xplowo BAUS 0TV TPOTEOTH, EVOWUATOVOVTOC
entéd 0 Aoy mopelo eniluong evog mpofhiuatos. To povtého evlappiveton vo moporydyel uiar ahhniouvylo
GUALOYLOUMY TIoU 001 Y00V TN A)GOT), TPOGOUOWVOVTAS TOV TEOTO UE ToV omolo évag dvipnnog oxépteton Briua
npoc Brua. H mpocéyyion auty éxel anodelydel Bloantépme anoteAeouatiny o€ epYasies IOV AnotTobY P NUaTIXG,
avohuTixd 1 outloed cuALoyLoud, augdvovtac T Blapdvela xou TNV o&lomoTia TwY ATAVTHOEWY.

Standard Prompting

Model Input \

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

Chain-of-Thought Prompting

| Model Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11. A. Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Uo they have?

Model Output

A The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The
answeris 9. o

J

_J

Model Output

A:The answer is 27. x

J

Figure 3.1.2: TTapdderyua mpotponiic pe eviidueoes oxédels (Chain-of-Thought Prompting) [84]

Yuvohixd, n otpatnyw) Tou prompting omoteAel Evav WlaiTER ATOBOTIXG X EVENXTO ToTo oElomoinomg
twv MI'M. Ipoo@épet 1 duvatédtnTa dnpovpyiag «plug-and-play» Aboewy, emTEENOVTAC TNV EQUEUOYT EVOC
povtéhou oe véa TepBdAlovTa ywpelc tepautépw enavexmaldevon. O texvixéc prompting oyt uévo emtaydvouv
0 Sodixacia TPOCUPHOYHS, dAAS evioybouy xou TN Bla@dvela, xorhoTdOVTIG THY TEOCEYYLOT oUTY anopaitnTo
epyareio otn olyyeovn encéepyacio QUOAC YAOOGOL.

3.1.6 Enauvinuévn Anuiovpyion péow Avdxinong (Retrieval-Augmented
Generation - RAG)

H Enovénuévn Anuovpyio péow Avéxtnone (Retrieval-Augmented Generation — RAG) anote)el éva
UBELOS TaPABELY A CUC TALATOS ERAOTNOTC-ANOXELONE, TO 0Ttolo GLVBUALEL TN BUVAUN TNG EEAYWYIXAC AVAXTNONG
TANEOQOELMY HE TNV dnulovpyxy avdétnta twv Meydhwyv Thwoowmdy Movtéhwy (MI'M). H xevtpw 13éa
niow and to RAG elvar 1 mopoyh oto yhwoowd poviého npbofoone oe elwtepixéc mnyéc yvoone (m.y.,
Bdoeic ey ypdpwy, 1oToceNdeS, Bdoeic dedopévnv), MoTe vo uropel vo dnuioupyel anavtioels Tou ebvon Gyt uévo
SLVTOX TG 0pUEC ahhd xon emakniedolues xon Texunelwpéves. Koatd autéy Tov Tpdmo anogelyovTon Qouvouevol
"raponcdfoewv" (hallucinations)[30].

H nopoadooctaxt) npocéyyion twv MI'M Baociletar anoxAeloTixd 0T YVEOOY TOU EVOWUNTWVETOL XATE TN QaoT
e mpoexmaldeuone. Qotdco, 1 otatixh) QOO AUTAC TNG YVWONS anoTeAel oNUavTd Teploploud, W ot
Topelc 6mou ot TAnpogopies elvar duvauixég 1) e€edixeuvuévec. To RAG emllel autd to npdfBinua enttpénoviog
OTO UOVTENO VL AVOXTE OYETIXE OMOOTIACHATA XEWEVOLU amtd uio eEmtepinn Bdon Sedouévewv (Retriever) xat ot
ouvéyeta vo dnuovpyel aravtfoelc Bactopévec ot autd ta anoondopota (Generator).

Avtn) 0 apyrttextovint| anoteheitar and dVo xVpla oTABLAL

o Avdxtnomn (Retrieval): Aiveton évo epddtnpo, Xxou 0 UNyovVIoUdS avexTNoNS EMLOTEEPEL Tl TAEOV OYETIXS
EYYPOQA 1) ATOCTIEGUATO UG (Lot CUANOYT YVWOTC.
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3.1. Oewentind TroBadpo

o Anuiovpyioe (Generation): To MI'M 8nuoupyel v telxh amdvinom, EVOWUATOVOVIAS TO
TEPLEYOUEVO TOU avaxXTHUNXE.

H npocéyyion RAG éyel anodelydel Bialtepa anoteAeopatiny o eQupuoyYec Onws:

o Nowwxr} xou Loteix) Texuneiwon

E&eduxeupévn vnootipiln neAatdy

Avolutin ene€epyacio EMOTNUOVIXGY EYYEAPWY

Epyoheio oupPouleutinfic xan dtahdyou pe Bdor texufowa (evidence-based dialogue)

H x0pia tpdxinon otat RAG cvotiuota agopd ) moidtnta tns avdktnons. Eotw xou av 10 YAwooxd poviého
elvan Loyupd, eEAATE 1 avoxeB3nic avdatnom unopel vo odnyrioeL oe ecpaiuéves 1 avaxpeifBeic anavtnoeg. I' auto,
7 Behuotonoinon t6oo Tou unyaviopod avdxtnong 660 xo TG oTeATNYXAc ohoxhfpwone (fusion) mopauéve
xplowo epeuvnTind nedio.

3.1.7 IToAurnpaxtopixd XvothApata (Multi-Agent Systems)

To moAunpaxtopixd cuothpata (Multi-Agent Systems — MAS) arotelodv éva 1oyupd UTONOYLO TN
Thadoto yio Ty eniluon cOVIETwY TEOBANUdTLY PEcw TNe cuvepYaoiac TOAATAGY TepaxTopwy (agents). Evag
TEXTOPAG UTOPEL VoL 0PLOTEL (G ULl AVTOVOUY UTOROYIG TIXY) OVTOTNHTA UE txavoThTa avTiAndme Tou mepiBdiiovtde
™, MPNC amoPaoeEwy Xl EXTENEGTG EVERYELDY, UE BAoT cuyxexpévoug oTéyous 1 anocTtorés. Ol mpdxtopeg
Blard€Touy pnyaviopols udinong, avtidpaong xou cuy Ve emxovwviag, xahoTOVTIC TOUS WBaviXoVg Yia BlahoYixd,
ATOXEVTPWUEVA 1) CUVERYUTIXE CEVAQLAL.

Me tnv éhevon tov Meydhov Thwoowady Movtéhwy (MI'M), n évvoua Tou Tpdxtopa eunhoutiletar: TAE0V, €vag
Tpdxtopag unopel vor vhorondel we éva MI'M ye evfudaxkwuérn Aoyikn) andpaons, npéofaon ge epyaleia, xou
1kavoTnNTa AUTOVOUNS AAANAETIOPATNS PUE GANA CLUCTHUATA 1| XPNOTES UEow Quoxhc YAWoooc. [ mapddetypa,
mpdxtopec-MI'M pmopolv va cuvdudlouv Slahdyoug, epyaheior avAXTNONG YVWONS XL GYEDLICUS EVERYELC,
AELTOVPYOVTOG WS AUTOVOUES UTOUOVADEC OE €Vl HEYUAVTEPO YVWOLUXS CUCTNUA.

‘Eva ITolunpaxtopixd Lootnua (MAS) aroteheitor and molholc tétolouc mpdxtopes, nou cuvepydlovToL ¥
AeLToupYolv TopdAnAa evTog evOc xotvol TepBdAlovtoc. Ot mpdxtopes Umopel vor €xouv diapopeTixn eldixeuon
1 0TOY0, %ot 1 duvouxr) olknhenidpaot petall Toug pmopel va empépel AoE VPNAAC TOAUTAOXOTNTAS 1| Vo
TUPAYEL AVODUOUEVES CUUTEQLPORES.

Kdéde npdxtopac oe évar MAS unopel va duadétel:

e Autovopn Mdn arnogdoewv: Extelel evépyeieg Bdoel ecwtepnhic AoYAS, OTRUTNYIXAS 1} OTOY WY,
xwelc ewtepnd €leyyo.
o Mepuxr, yvaon: Katéyel uoévo éva unochvoro tne diadéoiung tinpogoplog, evioyloviog Ty avayxn

ouvepYaolog xaL GUVTOVIOUOD.

o Ixavétnta Emuxowveviag: Avtalhdooel tAnpogopie 1 awtriuato ue SGAAOUC TEAXTOPES UEGL OV
TEWTOXOAWY emxolvwviag, elte xevtpixd elte anoxevIpmuéva.

H yeron MI'M w¢ npdxtopeg evioylel Tny ixavotnta xdde povadag vo xatovoel odvieteg YAWooES eVTolE,
VoL avohUeEL €y ypoupar, var ahAnAeTdpd Slahoyixd pe tov ypRotn xou vo yenowomolel e€mtepind epyahela (6mwe
APIs, Bdoeic dedopévwy, f avaxtdpevn yvoon yéow RAG). Hoapodelypota téTowwy Tpaxtépwy tepthapBivouy:

o ITpdxtopec Aviaxtnong I'vodong (Retrievers): EZelxeupévol oty elpeon oyetixdv
TAneogopley and eEwtepnéc Bdoelc.
o ITpdxtopec XuAhoyiopol (Reasoners): Iupdyouv hoyixée oxohouliec Paciopévec oe evdeileic

AVOXTNUEVE ATOCTIACULOLTOL.

o Arapecolafintéc Tuunepacpdtey (Synthesizers): Xuvbudlouv anoonacpatixéc nthnpogopies
ot eviaeg, epunvelolues anavTHOELS 1) AVAPOREC.

H xatovopr] e yvwoiaxic emfBdpuvone uetald twv mpaxtopwy odnyel oe UeyahdTepn ¥AWaxXwoUdTnTd,
eZedixeuon xan ovdextixdtnra.  Emmhéov, emtpénel tnv enelepyocio TOMATAGDY OTOYWY TOWTOYEOVA, TNV
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enaveZétaoy UnoUécewy amd BlaPopeTIXéS OTTIXES YWVIEG, XUl TNV TUPUYWYT) CUVEXTIXMY ATMAVTHCEWY UECW
BLhOYIXOU 1) LERUEYIXOU GUVTOVIOUOU UETAED TWV LOVTIEAWY.

3.2 H apyritextovixr tou PAKTON

Ye authy Ty evétnTa, nopouctdlouye TV TAen apyttexTovixn xai TN Aettoupyixy por) Tou PAKTON, tou
TEOTELVOUEVOU TOAUTIPAUXTOREIXOU pag TAoalou yio Ty avdhuon cupBoioiwy. H evétnra mepiypdgel node to
PAKTON avtigetonilel cUOTNHATIXG TIC LOVABIXES TROXAACELS TNG XATOVONONG VOUIXMY EYYRAPWY, BIACTOVTOG
T0 TTRPOPBANUA GE BLoxELTE AhAS AAANAETUDEOVTA CUCTOTIXG UEEY. ZEXIVAYE UE Uiot ETIoXOTNGT LPNAOD ETTEBOL TNS
AELTOURYWOTNTOG XoU TWY GTOYWY TOU CUCTARATOC, EoTIdlovTac oTr dlapdveld, Tn Heuehiwon péow avixtnong
TANEOPOEIAC XOU TNV TOEUYWYT) SOUNUEVELV VOULXMDY UVAPOOHY.

Y1 ouvéyew, TEpLYpd@oupE Toug TpEc Booixolc mpdxtopec—Tov Apyelogpidaka, Tov Avakpitry xol TOV
Epevvntii—oavolbovtag tov pdho xou TNy ecwtept] Aoyixn xadevog oto cuvolxd cbhotnua eneepyaciag. O
Apxeopidakag eivor vTEGYUVOS YIaL TNV ELOAYWYY EYYEAPWY XoL T LEEUPYIXY XATATUNCT TOUC, BlELXOAIVOVTAC
Y avaxXTNoTn TANeopoplac Ue Yvopova to cuggealdpevo. O Avakpitig extehel emavoknmtixy) Aoy mdvew
OTA OVUXTNUEVA OOCTIEOUNTA, CUVIETOVINS TEOCKOTONONUEVES VOULXES OVUPORES UE PNTEC LTIOAOYNOELC XaL
eviomiold xevdv yvoone. O Epevvntig Suryeipiletar v evdo- xat Blo-eYypapuxy) ovdxtnor pe uBptdixés xou
YOEUPOXEVTPUES TEYVIXES, EVIOYUOUEVOS, OTOU YpeldleTtol, amd e€wTepind epyahelo.

Kéde unoevdtnra egnyel Tic TeYVixéc AETTOUERELES, TO XIVNTEO OXEDIUONG Kol TIC OPYLTEXTOVIXES ETUAOYEC TIOU
xohotolv o PAKTON plo anoteheoyatind xor €@oppodoiun ANoT Yl TNV QUTOUATOTOMNUEVT AVAOXOTNOT
oupBoraiwy.

3.2.1 Emoxonnon

To PAKTON anooxonel otny avdivorn cupBolalewv mou mapéyovion and tov ¥pnotn xou otrn dnuoveyio
ATAVTACEWY OF EPWTHUNTA, TEXUNPIWUEVODY UE (Bdon To mepleyOUuevo Tou oLUBOAXOU, EVE) EVOWUNTWVEL XAl
oxetw eEwTepy] YVWor, omwg amewovileton oto Lyrfua 3.2.1.  Klplog otdyoc tou oyediacpold elvar n
e€aoQAAoN BlapavolS XL AVLYVEUCLUNG CUANOYICTIXAC, UECW AVOPOPWY OF GUYXEXPULEVO OTOCTIACUATO TOU
oupfohaiov xou TNg cagolc artloAdynone xdde cuunepdopatos. H telur €£0d0¢ mopéyeton we SounUévy Vot
OVOUPOEEL.

How is intellectual property ownership External

User assigned in this contract? J Knowledge
a_| Sources

Y [edd

=7 :

-—

a S '
Contract 5 -
Report ~ PAKTON

Document

Figure 3.2.1: Poy| yprione Tou PAKTON: unoBoAr) vouxol epenTAUAToOS xot Topoy Y avaAUTiXAS avapopdic.

I v vlomoinon autrc g Aettovpyxdtnrag, To olotnua Baclleton o Wil oEYLTEXTOVIXY TELOV
npaxtépwv—rtovV Apyeoplilaka, tov Avaxpitr) xan tov Epevrntii—oémou xadévag emitekel évav Soxpltd pdho
oV ovdda avdxtnong, hoylopol xat clvieone mAnpogopioc. Kdlde mpdxtopag ulonoleltan wg évag Bpdyog
SLANOYLOTIXAC oUWV PE To Tpdtunto ReAct [91], to onolo cuvdudlel Pruata oxédne xou evépyetac uéow evig
xevtpeol Meydhou Mhwowmold Movtéhou. Autdc o oyedlaopoc EMTPENEL 0TOUC TEAXTOpES Vo cuAhoyilovta
TAVL OTNY TEYOUCH XUTACTACY], Vo TopdYOUY EVEQYEIEC TEOCUPUOOUEVES 01O epyohelo xou vo BelTudvouv
EMAVOANTTIXG TLC ATOPACELC TOUG BACEL EVOIGUETWY OTOTEAEGUSTWY.

Mo cuvohiny) amexdvion touv mhawoiou Tapovotdleton 6To LyAua 3.2.2, V) eTTAEOV TEYVIXEC AEMTOUERELEC
napéyovton oto Iopdptnua A.
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\‘ User Query User Context User Instructions
Cohtroct Document ' l / )

hS 1 N\
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R )
M
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L

Confidence Check ... + Address knowledge gaps -._ i
Maximum turns check ~+ Decompose User Query

-~ -
on \ ©
;;:. Refine Report Generate Question
\_ | Y,
\

( RESEARCHER Instructions .’/Querg A search Tools:

Gene/rote Merge and Rerank Use tools Refine and optimize \L/E?%j @ Web
Response Retrieved Documents for retrieval  Query for search LLM W Wikipedia
|§{\n « Q | @ McP
= &« saL
GraphRAG Search | Embeddings ___. In-document

o\ Reciprocal ,_f Slmllorltg Search .—z
Qe i Rank Fusion
. g \____Bmas Search

——. Cross-Document

Figure 3.2.2: Enioxémnon tou mpotevouevou mhawciov PAKTON xat v e0WTERIXMY TOU GUVIGTWOOVY.

3.2.2 Apystopiioxag

O Apyeopidaxag eivor unedduvog yio T GUANOYY X0l OPYAVWOY TWV GYETIXMY TANPOQPOPUIY TOU TOLEYEL O
yerotne. Awbpapotilel xevipind pdho 0T apyixd GTADBLY TOU CUC THUATOS, CLYXEVTEWVOVTAS Xou ouvoilovTag
TO EPWTNPO TOU YPHOTN, TUYOV cuvodeuTés odnylec xadde xou oyetxd ouugppaldpevo undBadpeo. Ot
TAnpogoplec auTéc opyavdvovtal xat Tpowldolvton otov mepdxtopa Avaxpitr. O Apyewogpilakas eniong
dayetplleton TNV amo¥nixevon xou TNV EVOOUATWON TNG BLVUCUATIXNAC avamdpdotaong Tou cuyfolaiou xou
oMNAemBEd evepyd Ue TOV yeNotn Yl TNy emlluon acogewdy B TV avalftnon ehkeinolc mAnpogopiag.
Eqopuolel tehind teelg Paoxéc Aettoupyleg:

Avdivon Exypdgou. Tavaxatactel Suvoaty| n mpoxtixy| xpriorn Tou cuoTHUNTOS, 0 Apyelopidakag déyetal
Bldpopouc TUTOUE EYYEAPLVY Péow WaC evomoinuévne pofc TAnpogopios. Avallel eyyevde opyela xewwévou,
dlatnpddvtag otolyelor 6mwe Tithoug, mapaypdpouc xou aptdunuéveg Swatdéec. T apyela PDF, egopudlel
teyvixés OCR [71, T2] xou avdhuon ontixfc ddtadne i TNy omoxatdotaoy tne lepapyiog Tou eyypdypou,
ouUTEPLAUBAVOUEVELV EVOTATOVY, TVEXwY Xot BlatdEewy ToAamhody oTnh@v. ‘Olo To mepleydpevo Tov eEdyeton
(PLATEAPETOL XL XAUVOVIXOTIOLELTAL (DOTE VoL TTOREYEL GUVETT, Bounuévn elcodo yio Ty eneepyacio mou axoloudel.

Iepapyixry Avdivom. Ta vouxd €yypopa mopoucidlouv cOvietee BOpES, EOWTEPIXES TURUTOUTES %ol
AETTEC ONUACLOAOYIXES BLopOREC ToU xoraToUV Tig eninedeg avamopaotdoelg avemapxelc. Lo TNy avTiuetomion
oTOV, BNUOVPYOUUE Vol LEpapYtXd BEVTPO Tou avTavoxhd T doun tou Blou tou cuuBolaiov. To xelpevo
avohleton og auTh TN Bopr pe yerion Souxdy eviellewy oe GUVBUAOUS UE PUETEXES ONUACLOAOYIXAC OUOLOTNTAS
Bootopévee oe evowpoatdhoes tonov BERT [80] ¥ uéow MI'M.

H Swduooio Sopwnic avdluone mephopfdver d0o xlpla Bhuate, 6mee gofvetan oto Zyfua 3.2.3: (1)
VALY VPLOT] TV BLOXPLTOY EVOTATWY Tou EYYEdPoU xat (2) TPocBLOpLoroc TV LERUPYIXMY OYECEWY PETAUED
toug. Ioapadelypata evotAtwy mepthopfBdvouy tithoug, pritees, mapaypdpouc xou aprdunuéva otoyeio AoTag.
Mia evotnra Yewpelton «moudi» xdmotog dAAne 6tav eupavileton évietn we tpog exelvn, ue Bdorn otoiyela dnwe
7 ecoxh, N apldunon, n onuxy Sidtadn (oe OCR éyypoagpa) f 1 onuacioloyxh eyydTnToL
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Kwdwxonoinon Eyyedgou. H avamopdotacn tou ocupPBoraiov wg Oévipo yproiwomolelton yio T
ONUovEYid ATOCTUCUATOY SLATNEMOVTAS To GUUPEACOUEVA, TO OTOL GTT CUVEYELX EVOWOUATOVOVTAL YLol GXOTOUS
avéxtnone mhnpogopiac.  H teyoyiouévn ue Bdorn to ouugppaldueva avarmopdotaoy €yel amodeiyel Ot
HELOVEL amoTuylee avdxTtnone dlatnedviag 1 onuaclohoyixr] cuvoy) petall evothtwy [4]. Idwdtepa, téo0 1
emxoALnTépeVY [81] 6o0 xou 1 Buvon tepoyopévn avanapdotaoy [21] éyxouv Behudoel Tic emddoelc TNV
avaxTnoT TANeopoplac.

Tt v xdhudn Slapopetinddv emnédwy cLUUPEalouévwy, dNUIOUPYOVUE TEELS TOTOUS AMOCTACUAT®Y Yio Xdie
x6uPo tou dévipou, ta omola oTn cuvéyelo evonololvtan oe éva eviafo alvoho. Ta Bimhétuma 1) oyeddv
OOl ATTOCTIACHUATA PUATEAROVTOL WOTE Vo Slatnpeltan 1 mowala xou vo amo@edyetan 1 enavonuuxdtnta. Ot
OTEATNYIXEC TEpaylopoL elvar ot e€Ng:

o Avd KouBo: Kwduonotel xdde x6ufo pegovwpéva, dlatnedvtag Aenttopepelc onuactohoyixés tAnpogopies.
ISavixd yiar oxpi3ny avtioTolyion Ye epwTAUAT TOL OTOYXEVOUY GE CUYXEXPWWEVES PNTRES 1) VouLxés DlaTdiels.

e Me I'voyon Ilpoyovwyv: Luvdudlel tov x6ufo pe toug Tpoydvoug Tou oTNY Lepapyio, EVOOUITOVOVTIG
ouuppalopevo and emixepaiidec xou tithoug. Autd Bonldd otny anocagphvion xar xatovdnorn Touv pélou xdie
EVOTNTAC 0TO YEVIXOTERO TAaloLo Tou cupfolalou.

e Me I'vodorn Amoyovwy: Xuvevdvel Tov x6uf0 YE TOUC OIOYOGVOUC TOU YLl TNV EVOWUATWOT) GUVEXTIXOY
EVOTATLY, OTWCS PHTPES Xal LTo-PNTEES 1) Aloteg. Evdelxvuton yio cUANOYLGTIXY v oe cUvleTe 1) ToAupEpE(c
datdiéelc.

Kéle andonacpa epmhoutileton pe petadedopéva, 6mng 1 U€an Tou 6Tov Soguxd xopud, 1 VEon Tou 6To EYYPAPO,
To bvopa tou apyetov xan wla cuvontxy) teplindm tou cuyPfohaiov. Autd to yetadedouévo Sleuxolilvouy Téco
Vv avéxtnon petadl eyypdpwy (uéow dpopordynone otny anodixn diavuoudtwy) 660 xou THY EVBo-EYYpopLXT
xatdTadn cuvdgeLas.

Me Vv evonudtemon TOAATAGY SopxdY OTTX®Y, To Thaioto tepaytopol avidver Ty mdavdtnta avdxtnone
oYETWAC TANEOPORLag Yo éva eLED PACUA EPWTNUETWY—Oomd avalNTHCELS PNTEWY €S GUANOYLOWOUE o€ eninedo
EVOTATOV.

3.2.3 Avaxputrig

O Avakprrnig eivon vnebduvog yior 0 Snuiovpyla g TEAXMC ovopopds Tou ToEOVCLALETAL GTOV YENOTY WG
andvtnoy tou cuothpatoc. Lo tov oxond autd, cuvtovilelr pa TohuoTodiaxy dadxaocia cUANOYLOUOD UE
oTOY0 TNV oxEB1] %ol TEXUNELWUEVT ANAVTNOT OTo epWTNUd. )¢ €loodo BEyeTal TO EQOTNUO TOU YXEHOTY, TO
oLUPEAlOUEVO TAALGLO Xou TLg OYETIXES 0OMYiES, Xat EEXIVE Lol ETAVUANTTIXNY Kavxplon» Tou Tpdxtopa Epeurntr).
H diadixaota oauth) mepthopBdver ) Sldomoaoy Tou apyixol EpOTALATOS XaL TN dNULovpyia GELRdS UTOEPWTNUETLY
ToU AnooxonolyV oty eUBatuvon xoL AmocuPHVICT) TNE TANEoPopiag.

Aol AdBel andvinon 6To TewTo UToEpdTNUY and Tov Epevrntn, o Avaxpitrs dnplovpyel Eva TpOXATIEXTIXG
TEOOYEBLO AVAPOPACS TOV ETLYELREL VoL AMaVTACEL AUESH OTO apyixd epmTNUA Tou Yenotn. H apyixd autr andxpeion
a€lomote(tar en{ong Yl TOV EVTIOTOUS TUUAVMY XEVODY YVMOTNE TOL oNATOUV TEPUTERW DECEDVNON.

Bdoel tng opywhc avtahhayhc, o Avakpitris Siopoppivel enaxdiouda epmTAHATE e 0TOYO TNV XGALYN TeV
XEVWV GTNY TpoxatopxTixy andvinon. Koatd tn Snuovpyio xdde véou epwthuotog, AauPdvel utodn to apyixd
gpdTNUA, Tor ouppealdueva, T 0dnyieg, uiot cOVOdN TWV TEONYOLUEVWY EQOTNUATWY XL TO TEEYOV TROTYEDLO
e avapopds. Alveton TEOTEPAUOTNTA O EPOTALITA TOU AVOUEVETOL VoL BEATIOGOUY OUGLICTIXE TNV TOLOTNTA
NG TEAXAC amavTInoNG.

Me xdde véa andvtnon and tov Epevvner), o Avakpitris BeATidvel Tpoodeutixd to npooyédio tne avapopdc. H
dadixaoio ouveyileton uéypt vo toyloet éva omd Ta dVo xpithipla tepuatiopol: (1) dmotdvetar Tt 1 andvinom
elvon emapxdde TAHENG xau Eyxupn 1 (2) éxel emiteuydel to uéyioto emtpendpevo TAYog enavolfdewy avdxpiong
(rov mpocopolivel To Bddoc avdxtnong), 6nwe opileton and Tov YeRoT.

O Avaxpitrs xadodnyeltar pntd wote va anoedyel utodéaelg xat vor Topopével YeUEALWUEVOS OTO AVAXTNUEVO
TEPLEYOUEVO, ETIONUOLVOVTIS UE CophVELd TUYOV aodpetes 1) elheldelc mou eunodilouv Ty TATen andvtnon Tou
EEWTAUITOC.
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3.2. H opyitextovixr) tou PAKTON

1. SALE OF BUSINESS ASSETS

1.1 Seller hereby agrees to sell, transfer, convey, and deliver to Buyer, and Buyer
hereby agrees to purchase from Seller, all of Seller’s right, title, and interest in and to
the following business assets (collectively, the “Assets”):

(a) Allinventory of finished goods, work in progress, and raw materials related
to Seller’s quantum computing hardware division, as detailed in Schedule A;

(b) All machinery, equipment, tools, and physical assets used in the
manufacturing process, as listed in Schedule B;

2. PURCHASE PRICE AND PAYMENT

($25,000,000) (the “Purchase Price”).

2.1 The total purchase price for the Assets shall be Twenty-Five Million Dollars

2.2 The Purchase Price shall be paid as follows: (a) An initial deposit of Five Million|
Dollars ($5,000,000) upon execution of this Agreement; (b) The remaining Twenty
Million Dollars ($20,000,000) shall be paid at Closing.

(a) Evtomuoudc Evothtwy

Root Node

1. SALE OF BUSINESS ASSETS | | 2. PURCHASE PRICE AND PAYMENT

1.1 Seller hereby agrees to sell, transfer, convey, and deliver to Buyer, and Buyer
hereby agrees to purchase from Seller, all of Seller’s right, title, and interest in and to
the following business assets (collectively, the “Assets”):

L

>
2.2 The Purchase Price shall be paid as follows: (a) An initial deposit of Five Million
Dollars ($5,000,000) upon execution of this Agreement; (b) The remaining Twenty
Million Dollars ($20,000,000) shall be paid at Closing.

2.1 The total purchase price for the Assets shall be Twenty-Five Million Dollars
($25,000,000) (the “Purchase Price”).

to Seller’s quantum computing hardware division, as detailed in Schedule A;

(a) Allinventory of finished goods, work in progress, and raw materials related (b) All machinery‘ equipment, t'(m]s, _a"d physical assets used in the
manufacturing process, as listed in Schedule B;

(b) Iepapyixh Aour Evothtwv

Node-level chunking A

ncestor-aware chunking

1.1 Seller hereby agrees
hereby agrees to purc

I, transfer, convey,
m Seller, all of Sel

liver to Buyer, and Buyer
ht, title, and interest in and to

1. SALE OF BUSINESS ASSETS

the following busines: ts (collectively, the “As: 1.1 Seller hereby agr

")

hereby agrees to pur
the following busine:

from Seller, all of Seller’s right, title, and interest in and to

sell, transfer, convey, and deliver to Buyer, and Buyer
ets (collectively, the “Assets”):

(c) Tuugpalbuevee Evoupatdhoeis yio Tov xoufo

Descendant-aware chunking

hereby agrees to purchase from Seller, all of Seller’s right, title, and interest in and to

1.1 Seller hereby agrees to sell, transfer, convey, and deliver to Buyer, and Buyer
the following business assets (collectively, the “Assets”):

(a) Allinventory of finished goods, work in progress, and raw materials related
to Seller’s quantum computing hardware division, as detailed in Schedule A;

(b) All machinery, equipment, tools, and physical assets used in the
manufacturing process, as listed in Schedule B;

“1.1 Seller ...”

Figure 3.2.3: Avonapdotaon Aévtpou xau Po Tepoayiopot yia Xuuforaoxd "Eyypapa
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Emniéov, o Avakpitris elvon uneliuvog yio v enixlpwon e doulc tne tehxic avapopde, 1 onola TEENEL Vo
nephauBdveL:

e Titho xou ouvontny| Ilepidndn Ofuaroc.

e Noux6 culloyioud xa Boocixd cugnepdoyata, Yio evioyuon Tng Slopdvelac
o Ilpoxatopxtix| andvinom xou xateudOVoELS Ylo TEPULTERL BLEREDVNON

o Evromouéva xevd yVmoNg %ol TEOTELVOUEV ETOUEVO EQWTAHULATA

o AloTta UTOCTNEWTIXGDY TNY WY

3.2.4 Epeuvntng

O Epevrntiig elvan unediduvog yio Tny avdxtnor oyeTixic TAnpooplac tpoxeyévou vo unoc tnpiéel Tov Avakpier)
oMV amAVINOY TOL EpwTAMATOS Tou Yphotn. ¢ mpdxtopac, elvar eEomhioyévoc e ToMamAéS uedddoug
avéxtnong, xadepia ex TwvV onolwy LAoToleltu ¢ Eexwptotd gpyodelo. Avdhoya ye 0 QOO TOU EPOTALATOC
xou Tig oxeTég odnyleg, o Epeurntig emiéyel autdvopa 1 Bértiotn uédodo 1 cuvduaoud pedodwy avdxtnorng.
H emhoy? aut xododnyeltan péow npotponric oe MI'M, 1o onolo a€loloyel T0 TeEpIEYOUEVO TOU ELOTAULATOC Xa
TG TEPLYPAPES TV epyohelwy yio var emAEEEL TNV XUTIAANAY GTRoTNYLM.

Ou uédodotl avdxtnong xatnyoptonotovvton ot 600 Bacixoie TimouS:

o Avdxtnor evtog eyypdpou: AZOTOLOVTIS To ATOCTECHATA XAl TLS DIUVUCHATIXES TOUC OVATOQIO TAOELS
nou mopdyovtow ombd tov Apyeogllaka, o Epeuvntiis avaxtd oyeTixéc eVOTNTEC Yl TNV amdvinom
Tou gpwthuatoc.  Xpnowonotelton wa UBpd] Tpocéyyion avdxtnone mou cuvdudler BM25[64], muxvd
embeddings[44], xow to Reciprocal Rank Fusion (RRF)[17]. Emniéov, evowpatdvetar to Light RAG[31]
(o ehogpld exdoyhy tou GraphRAG [22]), to omolo evioybelr v avtioTolyion ot eninedo oviothtwv xou
oyéoewyv, evidc xou PeToEy eyypdpwy. Autd eivon Blaitepa ATOTEAECUATIXG YO EPWTAUATO TOU ATOUTOVY
hoYlopd Tévew o€ TOMATAYL CANANAEEQOTOUEVAL €YY PP

o Avdxtnom pwetall eyyedpowv: Auti n uédodoc avoxtd oYETES EVOTNTEC and Ak Eyypopa, TG

onoleg o Avakpitris unopel va aLOTOINCEL (¢ TAPUBEYHATO HEGL TEYVIXOY TEOTRPOTNG TURUDOELYHATWY.
To PAKTON vnootneilel ernlong emmiéov duvatotniee avdxtnong, omwe avalfmon oto dwdixtuo,
np6oPacn otn Wikipedia, epwtiuoata oe Bdoeic dedouévewy SQL xou cUvdeon ye e€wtepnés vouxés Bdoelg
péow tou Model Context Protocol (MCP)[5]. Ta epyodeia autd éyouv oyediactel BGote va evioylouv Tic
YVOOEIC TOU LOVTEAOU OTAY aUTO BV SLoETeL EmapxY) TANEOPOENOT 1) AMUUTEITOL EVNUERWOY) OE TEUYUUTIXG
xeovo. §loto6co, Y Aoyoug Bixaung xou eAeyyopevng aflohdynong, owth m xatnyopla avdxtnong Sev
XENOWOTOWINXE GTA TEWAUATY KOG,

o v enitevdn t600 LPNAAC avdxinong 6co xou axp{Belag, o Epeurntrs epopudler pa dadixacior dbo
otodiev:  avdxtnon xou emavoxatdtoln.  Apyxd, yenouomololvton avoxtHoels He LPNAA avdxnon (émwe
aUTEC TOU TEPLYEAPNXOY Tapamdve) Yiot var culkeydel éval euplh GUVOAO UTOPHPLOY ATOCTIOOUATWY YE GXOTS 1
HEYLOTN xEAUdN. XN cuvéyela, éva HOVTENO cross-encoder ENAVAXATUTACOEL To ATOTEAECUATO, XWOXOTOLVTAS
and %*ooU TO EpWTNUA X0t Xd¥e ANOOTACUN, WOTE Vo EXTINCEL YE UeYOAUTERT axplfela Tn onuoaciohoyxt
ouvdpeta37]. Auth 1 @don Aertovpyel we piktpo UM axpifelog, BeATidvovtag To apyixd cUvolo urodnpiwy.
Or Barduoroyleg cuvdgeloc xavovixonololvta péow uiag sigmoid cuvdptnong, xou 6co anoondopata unepBolvouy
éva tpoxadoplouévo Gplo TEPVOUY TN PACT TUPAYWYHS ATAVTNONS.

3.3 Ilewpdpoato xaw AnoTeEAECUATA

Ye auti v evétnta mopouctdlovtal To TELRGUATO XoL TO ONOTEAECUTA UE OXOmd TNV olohdynon tng
AMOTEAECUATIXOTNTOGC TOU TPOTEWVOUEVOL TAotclou oe molhoamhéc Suoctdoelc allordynone. To PAKTON
a€lohoyeltal 1600 Ye mocoTXéC 600 X PE TooTXEC pedddouc. Lty mocotxy| avdiuct, doxiwdleton ot éva
nep3dhhoy avdAuomne cuuolalwy, 6Tou UTEEEYEL OAWY TWV BACLXMY CUYXELTIXWY LOVTEAWY K TEog TNV axpifBeia.
Tiot Ty amogdvwon NS CUVELGPORAS HELOVWUEVWY UTOGUCTNUETWY, oL evotntee Apxeopidaka-Epevyntr, mou
uhomotoly tov unyaviopd Ernaugnpévne Anuovpyioc péow Avixtnone (EAA), a€lohoyolviat og téooepa cOVORYL
BEBOUEVRV OVAPORAC, ETUTUYYAVOVTOC XOUVOTOUN ATOTEAECUATA.

o tov Avakpitii—o omolog elvor vrmedduvoc yia ) Onuovpylet e TEAAC AmEVINONG TEOC TOV
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yehotn—oeldyetar mowotixh aflohéynor, xotd tny onola o é€odol eetdlovian (S TPOS EVVEX XplThpla TOU
evduypopuifovton Ye TOV OTOYO TOU CUGTAUATOC Vo TOREYEL EQUNVEUCIUES Xan adlomoiolleg amavthioee. H
a&lohdynon oty mepthopfBdvel Sounuévn aviendnivi xplon and méEvTe EUmELPOUC Vouxolg xot évay Aot
tou Apeiou IIdyou, xadde xaw autdpotn afordynon péow G-EVAL [49]. Xe augdtepec Tic adlohoyhoels, 1o
PAKTON Zenepvd otadepd 1o GPT-40, unepéyovtag o oxTe) and Ta EVVER XplThpla.

3.3.1 Ilocotuxd AnoteAéopata

H nocouxr} ofohbéynorn mopéyel €vo ouoTtned xou  avTXEWeVxo Veuéhlo vl Ty extiunon g
anoteheopotixdTTog xou e avdextxdtnas tou thawciov PAKTON. e avth v evotnta napovctdlouye
eunelpixd amoteAéouato and cOVOAo BEBOUEVKV avapopdc ToL UETEPOUV TOGOTIXE TO0 TNV oxp{Bela Tavounone
660 xou TNV anddoon avdxtong. Ot Yeteixés aUTEG EMTRETOLY TNV AMOPOVKGT Xo GUYXEIOT TNS GUVELG(POREC
EMPEPOUC UTOCUCTNUATWY, OTWE Ol UOVABEC GUANOYIOTIXNG Xl avdXTnong, UTG eAEYYOUEVES CUVUHXES.
ZuyrplvovTog YE LoYUPES YRUUUES BAoTG—OUUTEQLAUBAVOUEVDY ELBIXA TPOEXTULOEUUEVWY VOUXOY UOVTEAWY
ol TEONYUEVLY TeEXVIXMY Enauinuévne Anwovpyioc péow Avixtnone (EAA)—delyvoupe 61t to PAKTON 6y
HOVO ETULTUY Y AVEL 0V TERT TROPBAETTIXNT 0m6d0GT), ahhd tapouatdlet xat atoonueinTn aviextxdtnta aveaptiTewe
Tou uToxelgevou Yhwooxol povtélou. To eupruota autd TEocEEEOLY GuPY| AndBEEN TNS YEVIXEUCLUOTNTOG,
TNG AMOTEAECHATIXOTNTOG X0 TNG TEOXTIXNAS YENOWOTNTAS TOU TAMo(ou ylor TeayUaTxés epyacieg avdAuong
cupfohaiwv.

Arnodoomn o Acdopeva TaZivounong

Avapdpgpwon Ilepduatog. Ta ty nmocotxd o&ohdynon, to PAKTON Soxwdotnxe oto olvolo
dedopévwv ContractNLI [38]. e autd, xdlde texphplo (premise) avrtiotoyel oe nhipec xelpevo cupfolaiou,
10 onolo cuoyetileton pe pla unédeor (hypothesis). H epyacio ta€wounone €yxeitan otov npoodioploud edv
7 unddeon npoxdnTel and, €pyetan oe avtigoaon Ue, N elvon oudETtepn W TEog To cuuBohaio. Aebopévou Tou
HEYAAOU UAXOUE TV XEWEVWY, TO GOVOAO BEBOUEVWY THPEYEL OYONMACUEVO AMOCTEAGUATY TIOU UTOBEIXVUOUY TIG
xplowec meployéc yior T Adn andgaong.

To PAKTON ofoloyelton ocuyxpitixd Ue TONNOTMAES Ypopués Pdoneg, oUUTERLAUUPOVOUEVHY  UOVTENLY
TPOEXTIUDEVPEVWY OE vouxd oopota xewevou (m.y. Saul [15]) xou Stopopetindv texvixdv prompting
(ITivoxag 7.1).  Ou petpxée mepthopPBdvouy cuvoly axpifeia xou otadmopévo F1 (F1{W]), xodde xou
pepovouéva F1 yio tic xatnyoplec: ouvenaywyy (entailment), avtigaorn (contradiction) xou oudetepdtnra
(neutral).

Ou teyvinéc mpotponic mepthapBdvouy zero-shot (ZS), few-shot (FS)—dmou napéyovton mifen cupBohoua o
nopodelypoto—xow FS-Spans, 6mou Sivovton pévo ta xplowo oanoondopota.  Aceite to Iopdptnuo C yia
hemtouépeleg Tou TElpapaTiol oyedlaouol. Ta anoteAéopato avadeviouy capne Ty uepoy ) Tou PAKTON,
EEMEPVAVTAC UXOUL XL ELOLXE EXTIUUBEVUEVA LOVTENL.

Arnoteléopata. To PAKTON unepéyel otadepd twv ypopuwy Bdong oe oha ta govtéha. Suyxelvovtag
to. Mistral xou Mixtral ye to Saul, nopatnpeiton 61t to PAKTON omod{del xohltepo oaxduo xan oe oyéon ue
fine-tuned povtéia enl vouxmv dedopévmv. Evdewtind, to Mistral 7B ye PAKTON Eenepvd to Saul 54B, nogd
1 Slapopd peyédoug.

Emumiéov, n draxduaven g anddoong petadd dapopetixdv LLMs mou evowyatdvouy to PAKTON efvar puxen,
umodewviovtac LPNAA aviextuxdtnto. T tapdderypa, 1o F1[W] tou Llama 3.1 70B pe PAKTON eivor 79.03%,
eve) tou Gemma 3 27B eivon 82.83% (Siapopd péhic 3.8 povddec). Avtideta, otn ZS plduion 1 Slupopd petalld
TV Blwv yoviéhwy ayyllel tic 22.83 nocootialec wovddeg. Autd Selyvel 6tL 1 apyttextovixyy tou PAKTON
HELOVEL T DlaxOavoT) anddoons HETUE) HOVTENWY.

Tt va eZetdooupe Tepoutépw TV avdextdtnra, unoloyilouvue tov cuvtekesth petafintétnrac (CV) v to
F1[W] oe ko to povtéha pe PAKTON xau Bploxovpe CV = 12.6%, évavt > 25% v ZS. Eminhéov, exteheitan
povédpoun avéluon dworopds (ANOVA) Suaywpllovtac ta povtéha Bdoet tou median twv ZS emddocwy- dev
nopatneeitan oTaTioTXd onuavtie dtaopd (F = 3.05, p = 0.12).

Téhog, yéow ypouuxhc nalvdpdunone aftohoyeiton 1 e€dptnon petoll ZS anddoone xow PAKTON: n xhion
elvan wohic 0.44, dnhady) xdde povddo Behtiwong oto baseline petapedletoar o MYOTERO And WOT| HOVEdL EVTOC
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PAKTON, 8eiyvovtog cuunieon dlapopdy.

Yuvolurd, ta evpriwata emBeBoudvouy 6Tt 1o PAKTON peidver Spaotind tig Stopopéc anddoong petalh LLMs,
eved Slatneel LPNAY oxplBela. Autd elvon WBlodtepa oNUAVTIXG OTOV VOUXO TOUER, OTOL 1| ¥EeNOoY open-source
HOVTEAWY ETUTEENEL AGPUAT] ol WL TXTY avdhuoy cuufohaiwy.

Anddoon tne Movddac EnauEnuévne Anuioveyioc péow Avdxtnong (EAA)

Avopbpgpwor. IIépav tou ContractNLI, yenowonowdue to benchmark LegalBench-RAG [60] ywo v
ATOUOVWON TNG HOVEDAS avdxTnong—onhadt Twv Apyelopiiaxa xou Egeuvnti—yweic Tnv eunioxn napaywyhc
anavtioewy. To benchmark xalintel téooepic xatnyopiec: NDAs, cuygpwviec M&A, eunopixd cupBéiona xou
TOMTIXEC OTOPETTOU, EMTEETOVTAS Wiot a€LOTLO TN AMOTIUNON TNS AVAXTNONG O ETEPOYEVY] VOUXE COUAT.

To PAKTON ocuyxpiveton pe téooepic ypoppéc Bdone: Naive (500 yopaxthpec ye OpenAl embeddings), RCTS
(Bopuh xatdrunon [42]), Naive+Cohere (ue reranking), xow RCTS+Cohere. Avolutind otouyeio undpyouv oto
HMopdptnua B.

Anoteléopata. O Iivaxoc 7.2 nopovotdlel cuyxpltixd Ty anddoor avdxtnone Ue UeTpixéc precision xou
recall yio mohhanAd k. Xe ohec t¢ ouvihoyvég, To PAKTON vunepéyel otadepd xan onuovtixd évavit 6Awv
twv baseline. Evdewxtixd, oto ContractNLI to Recall@1 ayyilet to 53.14% évavtt 11.32% tou woyvpdtepou
baseline. Avtiotouya udmhd x€pdn napatnpovvtor xou ot PrivacyQA, MAUD xow CUAD, pe Siopopéc Recall@1
nou Eemepvoly Tic 20 Tocootiaies LoVEdEC.

Yuyxevipwtnd, 1o PAKTON rnopouctdlet téve and rnevianhdoto adinon oto Recall@1 (26.77% évavtt 4.94%).
Avtd ta anoteléoparta elvar xplowne oNuasciac oToV VOUIXO TOUEN, OTIOU 1) AVEXTNOT] U] OYETIXWY OUTOCTUCUATLY
unopel va 0dnyroel oe ecpoluéva 1) adeyehinTo CUUTERACUATO—LOLUTERX OE EYYQEOPO UE AVTIXPOUOUEVES PNTRES
7 e€aupéoelg mou amontolv axplBY) cuupealdueva.

3.3.2 Ilototixd Amoteréopata

Ye avtideon Ye TIC TOCOTIXEC UETEIXES, OL OTIO(EG ETUXEVTPWVOVTAL OE UETPNOWES ToRUUETEOUS OTWE 1 axpifBeta
7 1 ToldTNTAL avdxTNomNg, 1 ToloTixn a€lohoynom eoTdlel GTNY AVTINOUBAVOUEVY) TOLOTNTO XA EQUNVEUCLUOTHTA
TWV TAPAYOUEVODY omavThoewy. Auth 1 aflohdynon avtavoxhd tov Badud otov omolo 1o chotnua utootne(lel
T M1 ano@doewy oe TEaYUOTIXd GEVAELY, LWOLIiTERX GTOV VOUXd Topéd OTOU 1 CUQNVELY, 1) LTLOAGYNOT XoL
N meox T Yenowdtnta elvon xodoplotinic onuaciog. OuclaoTind, To ATOTEAEGUATA AUTE ATOTUTVOUY TS OL
TeEMxOl YeRoTEC—ELBIXA OL W) eWBXOl—EPUNVEVOUY X0 ATOTYWOVY TI¢ €HB0UC TOU GUGTAUNTOS, TEOCPEROVTOC
TOLOTIXY) EXOVOL TNE AMOTEAECUOTIXOTNTAS TéPX amd ToUG aptdunTixoVg delxtes. Juyxplund mapadelypota e€60wv
twv PAKTON xou GPT-40 napatidevron oto IHopdotnua F.

Awapoppwon Iepduatog. T'a my a€lordynon tng mpoxtinic yenowottoc tou PAKTON, die&dyeton
HEAETY YeNoTN Ue 15 epwTHOEIC-0pOONUO VOULXOU TEQLEYOUEVOU TOU CUVTEYUNXAY omd TEVTE VOUIXOUE oL
évav Aot tou Apgelou Ildyou dote vo avtavoxholv audevtind vopxd culhoyiopd. Xtny mhotpdpud
Prolific*, ou ouppetéyoviec ouyxplvouv ce Ledyr amavthoeic twv PAKTON xou ChatGPT? Bdoel evvéa
xprtneiev: epunvevoudTTa, TEXUNRlwo, Vouwr/ cuppealbuevn xotavéno, YELpIoUOC AOAPELIS, oVaY VPO
XEVWY, cuvtouia, cuvoyy, cuvdgela xar TAnedtnTa. Lot xdde xpithplo, eméheyay Ty xahldTepn amdvInoy xou
awtlohoyoloay TNV eTLhOYT] Toug, ye duvatdtnta emthoyhc «Kaula» 1 «Aev efpat ofyouvpoc» daote va Slacgaiio el
n c&omotion. To ChatGPT yenowomnoteiton yioo Ty obyxplon Adyw tng eupelag yprione Tou o, Yo Aoyoug
dixanoolvne, atonoteiton RAG dtav mopéyovtar e€wtepuxd éyypoaga [57]. Emnhéov hentopépeleg Topéyovion 0To
IMopdptnua D.

Arnoteléopata. ElAvta ougpetéyovieg ohoxhipwoay tny afloAdYNoT, cUYXEIVOVTAC TIC OMAVTIACE TWV
PAKTON xo ChatGPT wc mpoc 9 xpitrpla oe 15 vouixd epwtripata, onodidovtog cuvohxd 540 atopixéc
xploelc. ‘Onwe gaivetow oto LyAua 3.3.1, to PAKTON npotidrton évavtt tou ChatGPT otnv mhetovotnta
TwV dlao Tdoewy afloAdYNoNS, Uiot TEOoT) TOL TapaUEVEL CUVETNC ot OAa Ta e&etaldpeva oevdpta. H ueyolltepn
umepoyl) xataypdpeton oty «IIAnedtnton, 6mou to PAKTON mnopéyer otadepd mo meplextinés amovTnoels.

Thttps://www.prolific.com
2gpt-40-2024-11-20
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Figure 3.3.1: Suyxpirtuh avéiuon PAKTON xou GPT-40. To dve didrypappa amewxovilel tic avipdnivee npotiuioes
Bdoer evvéa xpltnelenv aZloAOYNONG, CUYXEVTPWTIXE Yia OAES TIG epwThoels. To xdtw dudypauua nopovoidlel To
anoteréoporto G-EVAL yio ta (Sior xpLthipia, ouyxevipomtixd yio 6hec tic e€6douc oto ContractNLI

Avaxplveton enfone oty «BEpunvevoidtnta xou Ludhoylotixdy, npoo@époviog mo ocagelc xou Pruatixéc
UTIOAOYNOELC—IBLUiTEQA ONUOVTIXES VLol 1) EBWOUE YPNOTES.

Io v a€lohdynon g BlaxELTIXAC IXAVOTNTOS TWY CUUUETEXOVT®Y, GUUTERLAQUNXOY oVTOYWVIC TS XELTHpLdL
onwe «IInpdntoy évavtl «Xuvtoplag xar Axp{Belocy, avayvwpellovtag 1 @uowxr] évtaoy Petadd eXTEVMV
X0l GUVOTITIXWY omovThoewy. ‘Onwe avayevétay, 1o PAKTON unepéyel oty minpdra, eved to ChatGPT
TpoTdTan yiot T cuvTopio. 3to xeithplo «Xuvdgeta xou Eotioony», to d0o povtéha topouatdlouy cuyxploles
emdooEls, avTovohdvTag TNV toopponio Yeta€d edpoug xan e€edixevone. Ta evpruata autd emPBeBarcyvouy
Tov Baowd oyedioactnd atdyo tou PAKTON yia Snpiovpyia avagopmy tomou €xdecns, Ue TO TopatneoUUevo
trade-off mAnpdtnrac-axpifeloc vo Yewpelton oavouevouevo xaL SIXLOAOYNUEVO.

3.3.3 A&woAbéynon péow LLMs

H modtnta twyv anavtioeny xdlde cuotiuatog alohoyeltol TEpalTépw UECW EVOC UEYAAOU YAWOOWO) WOVTEAOU
(LLM), énwe avahdeTon oTny topoloo EVOTTA.

Avapopguworn Ilewpdpatog. To v extetauévn ofordynon tou PAKTON, yenowonowobue to
G-EVAL [49], éva eupénc yproylomotolpevo mhaioto aflohéynone «LLM-as-a-Judge» [51, 82, 14| v tnv
extlunon g moleTNTOG TopaywYNS QUOS YAWooog ue [Bdomn Ta (B xpithpll UE TN UEAETH yeNoTn.
AZwohoyRdnxoav 102 tuyaior emdeypéva deiypota ané to ovvoho ContractNLI [38], ocuyxpivovtoc ta
anoteréopata Tou PAKTON xow tou GPT-4o pe tic (Bieg eioddous. To G-EVAL nopryoye Baduohoyieg ovd
AELTNPLO, ETUTPETOVTOC AETTOUERY| AVAAUGY] TOLOTNTAC, EQUNVEUCIOTNTIC XAl CUANOYLO TIXHC.

Arnoteléopata. TaanoteAéopora yia dha tor delypata xou xpithpta aflohdynong emBeBatcyvouy TNy unepoy
tou PAKTON évavt tou GPT-40 oe oxtd and Tic evvéa dloaotdoelg (BA. Tyfua 3.3.1). Enuavtnd unepoyn
napatneeiton oty Epunveuowdtnta xan Yvihoyiotxy|, otnv Texunplnon yéow Anodeléewv, otny IIinpdtnta
xat otov Xelploud Acdgelog. Ta anoteréoparta autd cuvddouy ye Toug oatdyoug oyediaopod tou PAKTON, nou
divouv mpotepoudTnTal o€ Aemtouepelc xat autlohoyNuévee amavtioels we pnth eneepyacio vouixol tepleyouévou.

Yo xpitriptar «Xuvtopia xou Axp{Betar xan «Xuvdgpeta xou Eotiaon», ta 800 povtéla napouctdlouv ouyxpiown
an6d0G—oVAUUEVOUEVO EDpNUA, Xttt aUTES oL BlaoTdoels oLy Ve épyovtal ot avtileon e tnv IIinpdnrta, évay
topéa otov onofo 1o PAKTON unepéyet onuavuxd évavtt touv GPT-4o, avadeviovtag tov eyyev) cupfiBacud
petagd ouvtoyiag xan Bddouc.

To povadixd xpitrpto oo omolo to PAKTON unoAelneton tou GPT-40 eivon 1 Koatavonon Nopxol xou
Supgealopevou Iepieyopévou. Av xou autd gaiveton ex TpdOTNE OPewe Tapddolo, wo mo Tpooextixy e€étao
e ouhhoyloTixic Tou G-EVAL 8elyvet 6T o1 amavtiioels tou PAKTON cuyvd avaryvewpeilouv pntd v Umoapén
XEVOV YVWOoT oe Tepintioels offefatdtnrac. Av xan outd Yewpelitar emduuntéd and tny ontxr) e Sapdvelag,
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to mhaiclo ollohéynone to epunvelel we EVOELEY TEPLOPIOUEVNG XATOVONONG, UE OAMOTENECUO YUUNAOTERES
Baduohoyies oty ovyxexpwévn Sidotoaon (Ilapdptnuo E).

3.4 Xvunepacuata xow MeAhovtixeg Enextdoeig

YuUnEpAoUATA

H napoloa epyaoia napouctdler to PAKTON, évo avoiytod xmOxo, EMEXTEOIIO X0l TOALTEUXTOPIXO
oLoTNHO OYEDUOUEVO EWBIXA Yiot TNV oVdAUGT Vouwoy cuuBoldiny. Xe avtideon pe padpo xoutid Vopxnc
texvnThc vonpooivng, To PAKTON Booileton oe uio Siopov) xan epunvedoun apyttextovix) Tou anoptileto
and  Teelc dloxpltole ahhd cuvepyalduevous medxtopeg:  tov Archivist ylr v mpoemeéepyaoio, ToOv
Researcher yio avixtnon yvoong ye Yenon Yeopnudteny, xou tov Interrogator yio ETOVOANTTIXT TOAUGC TadLOXY
ovihoyioTixf). Méow evic ototyeiov Enauinuévne Anwovpyioc péow Avixtnone (EAA), to chotnuo nopdyet
EUTEPLO TATWOUEVES, TEXUNPLWHEVES X0l EENYNUEVES ATOVTHOELS OE VOUUXE, EQWTAATAL.

To PAKTON Eeyweller yden otov oyedaoud tou pe Bdon tnv aplpwtoétnta, Tn Olagpdveld ot Thy
TPOCUPUOCTIXOTNTO.  XE TELPAUUOTIXG OEVAPLO UE TOCOTXES XL TOLOTXES OEIONOYHOELS, TETUYE OVITERES
EMBOOELC CUYXPLTIXG UE YEVIXA XoU EWOIXA LOVTEND, CUELVOVTAS XOPUQPALo ATOTEAEGUATO OE GUVORX DEDOPEVLV
onwe ta ContractNLI xou LegalBench-RAG. Ou avipdmivec alohoyfoeic and vouxolc %ot ouTOUATES
ofohoyfioelc (m.y. G-EVAL) emBeBoucivouy Ty avetepdtnia ToU SUCTALITOC WS TPOS TNV TANEOTNTa, T
Yeuehlnon xou v e€nyrorn 0o TwV AnAVTCEWY.

ISwitepn onpacia €xel to yeyovog 6t 1o PAKTON nopoucidlel cuvéneia otny anddoaot] tou avelaptiteg Tou
unoxelpevou MI'M. Auté emitpénel T yehon TLo EAAPEY, AVOLY TOU XDOOLXA LOVTEAWY YWelC 0UCLUCTIXT] UTOAELL
TOLOTNTAG, ELVOWVTOC LAOTO|oELS e eualodnTa TepBIANOVTO UE AMALTAHCELS OE LOLWTLXOTNTA Xol BlapAvELdL.

MeAhovTixég enexTIOELS
Melhovuxéc xorevdivoelg neplhoyfdvouy:

e Evornoinon ocuvlhoyiopndv and toAhanid MI'M, dote va o&ionoteiton 1 mowahion YVOOEWY xou
OTEATNYIXWY CUANOYIOHOU HECW TEXVIXOY 6Twe weighted voting ¥ meta-reasoning.

o IToAumpaxTopixr ety ElpnaTONOY I, UE YeNoT TOAAGY Interrogators mou uloVeToY BlapopeTinég
EPUNVEVTIXES OTPATNYLXES Xl TOEAYOUY DLOAEXTIXES AMOVTHOELS.

o AUVAULXY EVOOUATWOT VOUIXAS YVOOTS And EMXUPOTOLNUEVES BAOELS SEBOUEVWY, XOVOVIGUOUG
xou vouohoyia.

o IToAuyAwooxY] %ol BLa-BLXAU0BOTIXY] TEOCAPKOYY UE epyahelon Uetdppaons, voulxn
avary vaeton mhauotou xou cross-lingual embeddings.

e Néa vouixd eLILYpAUUIOUEVA TAioLe AELOAOYNONG, UEGL GYONACUOU EWBXDY, CUYXPLTIXOVY
TEOCEYYIOEWY X0l TPOCOUOLICEWY.

Ev xotaxhetdt, to PAKTON 8ev anotehel anhéde éva epyohelo yio avooxdmnom cudfolaiwy, ohAd pio evéeTn,
EMEXTACUUT TAATPOPUA VORIXAS TeEXVNTAS Vonuoolvne Ue tpoontxt] Pnirc aflomotiog xar duonocivng.

3.5 Ilepropiopol xow HOwxn

Iopbtt to PAKTON nopovoidlet e€oupetinée emdboels, cUVOSEUETOL omd ONUAVTIXOUS TEPLOPLOUOUS Xou NHéC
TEOXANGELS TIOU ATAUTOVY TPOGEXTLXT] AELOAOYTOT).

Teyviwxol Ilepropiopnol

o Nhwoowxn epférero: To cbotnua €yel doxpactel pévo oe ayyhxnd cuufBoraia. H mohuyiwoou
yevixevon anoutel TpocupUoYY.
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3.5. Iepopiopol xan Houer

o KdAuvdn cupPorainy xat Sixarodooimv: Aev éxel allohoyniel oe dAo T0 €0POC VOUIXMY EYYRAPEY
) VOXY TAG{eV.

o Kaduotépnomn xou x6ctoc: H noluotadiony| hoyuxn augdvel Tov ypdvo xal T0 UTOAOYLETIXG XOGTOG.

o Aiapdvela vs anoTeleopatixotntor EEnyowec anavtrioels propel va elvon AMydtepo oUvtopes 1
ehappdc MyoTepo axplBeic.

o Aopixy vyevixeuon parsing: ‘Otav 1 pop@ ToU EYYEAPOL AMOXAIVEL 0O TO TEOTUTIO, UEWIVETOL )
oxpifetor TG avdhuong.

HY9wxd Zntrpota
o YTrepPolixn euniotocOVN: My edixol yproteg unopel va Baciotoly unépuetpa oTig anavtioels. To
oVoTnuo TEENEL Vo TEOBIAAETAL we epyakeio uTooThEENG, Oyl UToXATAGTATO Vouixe GUUBOUATC.
o ITpooBaocipdtnTor: Evid mpowdeitar 1 avouxts Siddeon, n teyvixh unodouy| mapouével eunddio yia
EVGAWTES OUADES.

o Acpdheia xou xax Xeron: Trdpyel xivduvoc emdéocwy 1 xataypioewy (n.y. prompt injection).
Arnoutelton ouveytic emthipnon.

e HOwY agwohoymom: Ou afohoyroei €yvay Ue TAREYN EVNUEEWOT), YwElC GUANOYY| TEOCWTIXGOY
dedopévey, Slacpaiilovtag deovtohoyio xar duconocivn.

H avtetdmon avtodv twv nmudtoy arnotelel mpobnddeor yia v unedduvn xan acporr vhomoinor tou
PAKTON oce npaypaTixés VOUIXES EQUPUOYES.
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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
figure 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-specific language understanding. Overlapping or even
contradictory clauses appear frequently [52, 34, 2], requiring robust clause retrieval and conflict resolution [2,
95]. Similarly, exceptions and references to different document parts also request robust retrieval mechanisms.
Ambiguous phrasing and multiple interpretations are common, making careful contextual analysis essential.
Additionally, legal differences 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-specific, verifiable 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
confidential information, proprietary models are often unsuitable, necessitating open-source alternatives
capable of operating under limited computational resources. Consequently, the development of efficient
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) 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.

LPAKTON 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 refinement, and grounded
justifications. It generates structured legal reports with topic summaries, legal reasoning, key findings,
and precise citations to contract clauses and external sources, while explicitly flagging knowledge gaps to
avoid unsupported claims. All components are modular, open source, lightweight, and support on-premise
deployment. We benchmark PAKTON on five contract analysis tasks using ten criteria—combining
automated and human evaluation—and find that it substantially surpasses general-purpose LLMs in retrieval
accuracy and explainability.

The outline of this thesis is as follows:

e 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.

e We then offer a comprehensive review of related work within the domain, highlighting key distinctions
and contributions that differentiate our approach.

e 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 first establish a robust
conceptual and methodological foundation. This chapter provides a comprehensive overview of key
advancements in Artificial Intelligence (AI), 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 field of Natural Language Processing (NLP)
by enabling the modeling of intricate dependencies within language data. These models exhibit remarkable
proficiency 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-specific fine-tuning to adapt to specialized domains or problem types. This section will
survey standard training practices, such as supervised fine-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 efficiency and flexibility,
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-specific 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 agents. Agent-based systems encapsulate
autonomous units—each with specific goals, capabilities, and policies—that collaborate or compete to
achieve complex objectives. Extending this concept, multi-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 benefit 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.
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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 specifically, 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 been n-grams 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 fixed 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 sequence wy,ws, ... w, as:

P(wy,wa,...w,) = Plwy,w;) - P(ws|wsy) - -+« Plwp|w,—1) (5.1.1)

where the conditional probability P(wy|wk—1) can be estimated the proportion of occurrences of the word
wg_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 infinite 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 first 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 difference 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 identity i to 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 significantly 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 field 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. The encoder 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 first 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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o Multi-Head Self-Attention: This sub-layer computes a weighted sum of embeddings, allowing each
word to focus on different parts of the input sequence. Multiple attention heads run in parallel,
capturing different relationships between words.

o Position-wise Feed-Forward Neural Network: After the attention mechanism, each token’s
representation is passed through a position-wise feed-forward neural network. This introduces
non-linearity and further refines the token 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:

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

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

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

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

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

Transformer variations

Several architectural variations of the Transformer have been proposed since it was first 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 efficiently 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 figure 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 final output layer.

Tokenization and Embedding Layer

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

(z1,22,...,2,) represent an input sequence of n tokens.

Embedding: Each token z; is transformed into a dense vector e; € R? using an embedding matrix £ € RV ¥4,

where V is the vocabulary size and d is the embedding dimension. The embedding for the entire input sequence
can be represented as:

E(z) = (e1,€2,...,€n)

where ¢; = Elx;].
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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.

For a given input x = (21,22, ...,2,), the attention mechanism relies on three matrices: the query (Q), key
(K), and value (V') matrices. These matrices are computed as:

Q=XW? K=xwk, v=xw"

where X € R"* is the input embedding matrix, and W®, € R¥*da WK c R¥*d IV c R¥* 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 dj, followed by a softmax operation:

. QKT
Attention(Q, K, V') = softmax v
Vg

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.
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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 different
types of relationships between tokens. In multi-head attention, multiple attention mechanisms (heads) are
run in parallel, and their outputs are concatenated:

MultiHead(Q, K, V) = Concat(head;, heads, ..., head;, )W
where each head is computed as:
head; = Attention(QW 2, KW, viw))

and WO € RMexd ig a learned output projection matrix. The use of multiple heads allows the model to
attend to different parts of the input in different 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 € R™*? is added to the input embeddings.
The positional encoding is typically defined using sinusoidal functions:

Pi,2j = Sin (100002_}/(1) 3 Pi,2j+1 = COS (100002]/(1)

where 7 is the position and j is the dimension. This encoding allows the model to differentiate 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:

FFN(.’E) = HlaX(O7 Wy + bl)Wg + by

where W, € R¥*drs and Wy € R4 7%4 gre learned weight matrices, b; € R4 and by € R 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 final output of the transformer model is passed through a linear transformation and softmax layer to
generate probabilities for each class or token prediction. Let h; represent the hidden state of the i-th token
after the transformer layers. The probability distribution over the vocabulary is computed as:

P(x|h;) = softmax(h;WT +b)

where W € RV*4 is the learned weight matrix, and b € 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 first explore these learning paradigms before diving deeper into the specific
approach of supervised fine-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 vector x is paired with a known target y, and the model learns to
map inputs to outputs by estimating the conditional probability distribution p(y|z). Supervised learning is
used for tasks such as classification, regression, and forecasting, where the relationships between inputs and
outputs are explicitly defined. While highly effective 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(z). 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 significantly 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 fine-tuning. Self-supervised learning has proven particularly
effective in fields 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 fine-tuned for specific 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 fine-tuning.
These stages enable models to first develop a broad understanding of data and subsequently specialize in
solving specific tasks. This approach has been particularly successful in natural language processing (NLP)
and other domains where data variability and task specificity 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 fine-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 specific tasks during fine-tuning.

46



5.2. Training Techniques

The key benefit 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 efficiently to specific tasks,
even when task-specific data is limited.

Pre-Training Benefits in this Context
In the context of this investigation, pre-training offers several key advantages:

e Generalization: Pre-training on both large general datasets and task-specific datasets enhances the
model’s ability to generalize to unseen examples, which is particularly important given the limited size
of the fine-tuning dataset.

e Efficiency: By leveraging pre-trained knowledge, the model requires less task-specific data to perform
effectively. Instead of learning from scratch, it uses the information acquired during pre-training to
adapt efficiently during fine-tuning.

e Faster Adaptation: Pre-training on related tasks reduces the need for extensive training iterations
during fine-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 specific task. In this phase, the
model is trained on a smaller, task-specific dataset, typically with labeled examples, enabling it to specialize
in solving the given problem. Fine-tuning is highly effective because it allows models to transfer the general
knowledge acquired during pre-training to the specific nuances of a new task. By adjusting the model’s
parameters to fit task-specific data, fine-tuning enables the model to better capture patterns and relationships
unique to the task.

Fine-tuning is particularly valuable in cases where large amounts of task-specific data are difficult to
obtain. By leveraging the broad understanding gained during pre-training, fine-tuning enhances the model’s
performance on small datasets, reducing the risk of overfitting 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 overfit, failing to generalize beyond the training set. However, fine-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 offers several benefits:

e Data Efficiency: Since the model has already learned general patterns during pre-training, fine-tuning
on limited data mainly involves adapting these patterns to the task-specific nuances. This reduces the
need for extensive labeled data and helps prevent overfitting.

e 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 fine-tuning data alone. This leads to better
performance on unseen examples compared to models trained from scratch.

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

Fine-Tuning with Task-Specific Pre-Training

Beyond general pre-training, models can benefit significantly 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-specific 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, fine-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 final task before fine-tuning.

This approach offers several advantages:

e Transfer of Domain-Specific Knowledge: By pre-training on data that shares domain-specific
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 fine-tuning.

e 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-specific knowledge already acquired.

e Efficient Adaptation: Domain-adaptive pre-training reduces the amount of adaptation required
during fine-tuning. Since the model has already encountered related problems, the fine-tuning phase
becomes more efficient, 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 unfilled. These slots serve as placeholders for the language
model to generate the missing information, resulting in a final string that informs the desired output [48].

One of the defining 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 effectively.
Moreover, by crafting suitable prompting functions, these models can adapt to new tasks with remarkable
flexibility, often requiring only a few examples (few-shot learning) or even none at all (zero-shot learning).

This framework offers 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, efficiency, and scalability.

Compared to conventional fine-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(y|x; @), where y is the label and x is the input. However, for many tasks, such
annotated data can be scarce or costly to obtain. Prompt-based learning techniques in natural 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(z;6) 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 first step, a prompting function is used to convert the input text into a prompt. This is done by
designing a template that incorporates two key slots:

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

e Answer slot [Z]: This slot is designed to hold an intermediate answer that will later be mapped to
the final output y.

Once the template is created, the input slot [X] is filled 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:

e A set of possible answers is defined, typically a list of potential intermediate answers z.

e A function is then used to iteratively fill the answer slot [Z] in the prompt with each of the potential
answers z.

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

3. Answer Mapping

In some tasks, it may be necessary to map the intermediate answer z to the final output y. For example,
in sentiment analysis, words like "excellent," "good," or "beautiful" might need to be mapped to a final
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 different template for each input—thus called dynamic. The categorization can be seen in
5.3.1. In addition to this distinction, prompts are classified into different types [48]:

e Discrete Prompts (a.k.a. hard prompts): These are specific, 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 fills in [Z] with
appropriate sentiment labels like "positive" or "negative."

e 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:

e Lack of interpretability: Embedding vectors are difficult for humans to comprehend, making soft
prompts less interpretable.

e Incompatibility with other LLMs: Soft prompts are often incompatible with other large language
models and can’t be easily transferred, as embedding spaces may differ across models [85].

e 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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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 final input (context) for which the model must generate the appropriate output (completion).

Few-shot examples can be selected using various criteria:

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

e Semantic similarity: Examples that are semantically similar to the new task or context can be

selected to guide the model more effectively.

e Diversity: Choosing a diverse range of examples can help the model generalize better to different
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 significantly 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].
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Few-shot Example Selection Based on Semantic Similarity

When selecting few-shot examples, one of the most effective 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 different 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 different 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
different text inputs and identify the most relevant examples based on their semantic similarity.

To select few-shot examples based on semantic 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:

Cosine Similarity(4, B) = |;14||||BB||

Zero-shot

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

Translate English to French: task description
cheese => prompt
One-shot

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

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

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

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

Figure 5.3.2: (a) Zero-shot prompting, (b) One-shot prompting, (¢) Few-shot prompting [11]

o1



Chapter 5. Background

Standard Prompting Chain-of-Thought Prompting
- Model Input \ | Model Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11, The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples

j Uo they have?

_J

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 = 9. The

answer is 9. 4/
/

Model Output

A:The answer is 27. x )

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 efficient, 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 fixed knowledge capacity constrained by the data seen during training and by
the model’s finite parameters. This limitation becomes particularly evident in domains where up-to-date,
domain-specific, 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:

e 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.

e 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:
e Single-pass retrieval: The retriever selects a fixed number of documents before generation.

e Multi-step or iterative retrieval: Retrieval is performed iteratively, refining the query based on
prior generations.

e 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 offers several notable advantages:

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

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

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

¢ Reduced need for fine-tuning: Since external documents provide task-specific 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 Definition 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 defined objectives. In a MAS, agents can
collaborate, compete, negotiate, or coordinate to accomplish complex tasks that are difficult—or even
impossible—for a single monolithic system to handle efficiently.

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

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

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

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

e 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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e 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:

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

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

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

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

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

5.5.4 Coordination Mechanisms
MAS frameworks may adopt different interaction paradigms:

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

e Decentralized Collaboration: Agents operate peer-to-peer, using shared protocols to reach
consensus or distribute tasks.

e 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 significantly boost contract analysis, legal QA, and
document review [69, 41|. Domain-specific RAG frameworks, such as Legal Query RAG, improve accuracy
and relevance by combining fine-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 fine-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 difficult, 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 significant 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 specifically 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 refine information from multiple sources.

5.6.2 Key Inspirations and differentiations

STORM [67] introduces a collaborative multi-turn conversation system for writing Wikipedia-like articles.
It features Wikipedia-style writers with different perspectives, along with an expert agent that answers their
questions 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 specific 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 differs significantly in
the implementation of retrieval-augmented techniques, agent interactions, and the process of refining 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 different legal systems.

Chain-of-Retrieval Augmented Generation (CoRAG) [79] presents an iterative retrieval framework that
refines generation through multiple stages of retrieval. This idea of chaining retrieval steps influenced the
design of our Researcher—Interrogator interaction, where iterative questioning leads to higher confidence 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 workflow 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 Researcher—detailing the role and internal logic
of each within the overall pipeline. The Archivist is responsible for document ingestion and hierarchical
chunking, enabling fine-grained, context-aware retrieval. The Interrogator executes iterative reasoning over
retrieved evidence, synthesizing user-specific legal reports with explicit justifications and gap identification.
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 (HoT) 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 effective 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 final output is delivered as a structured legal report.

How is intellectual property ownership External

User assigned in this contract? J Kn):::[::ge
a_l Sources

vy oy —

= 1

a =4 — =
Contract = - ‘

revort(=] T PAKTON

Document

Figure 6.1.1: PAKTON user flow: 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 fulfilling 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

o7



Chapter 6. PAKTON Framework

tool-specific actions and iteratively refine 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.
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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 files, 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 filtered 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 flat 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 different contextual information levels, we generate three chunk types for each
tree node, which are later concatenated into a unified chunk set. Duplicate or highly similar chunks are
filtered out to improve embedding diversity and avoid redundancy. The chunking strategies are as follows:

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

e 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.

e Descendant-aware: Aggregates a node with its descendants to embed cohesive semantic units, such as
clauses with their subclauses or enumerations. This is particularly beneficial 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, filename, 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-specific lookups to section-level reasoning.

6.3 Interrogator

The Interrogator is responsible for generating the final 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 confidence. 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 refining and deepening the system’s understanding. Once a response
is received from the Researcher for the first 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 significantly improve the final response are prioritized. With each new
response from the Researcher, the Interrogator incrementally refines the draft report. The process continues
until one of two stopping conditions is met: 1) the Interrogator determines that the answer is sufficiently
confident 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 final report, which must
include:

e 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 refines the draft
report, which includes the title and summary alongside the original query in the prompt, ensuring alignment
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1. SALE OF BUSINESS ASSETS

1.1 Seller hereby agrees to sell, transfer, convey, and deliver to Buyer, and Buyer
hereby agrees to purchase from Seller, all of Seller’s right, title, and interest in and to
the following business assets (collectively, the “Assets”):

(a) Allinventory of finished goods, work in progress, and raw materials related
to Seller’s quantum computing hardware division, as detailed in Schedule A;

(b) All machinery, equipment, tools, and physical assets used in the
manufacturing process, as listed in Schedule B;

2. PURCHASE PRICE AND PAYMENT

2.1 The total purchase price for the Assets shall be Twenty-Five Million Dollars
($25,000,000) (the “Purchase Price”).

2.2 The Purchase Price shall be paid as follows: (a) An initial deposit of Five Million|
Dollars ($5,000,000) upon execution of this Agreement; (b) The remaining Twenty
Million Dollars ($20,000,000) shall be paid at Closing.

(a) Section Detection

Root Node
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>
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hereby agrees to purchase from Seller, all of Seller’s right, title, and interest in and to Dollars ($5,000,000) upon execution of this Agreement; (b) The remaining Twenty
the following business assets (collectively, the “Assets"): Million Dollars ($20,000,000) shall be paid at Closing.
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(b) Hierarchical Organization of sections.
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Figure 6.2.1: Tree Representation and Chunking Workflow for Contract Documents
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with the topic.

[63, 90] have shown that prompting strategies such as question rephrasing and repetition significantly
enhance in-context learning and response accuracy. Incorporating a clear title and summary at each
refinement 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.

e Legal reasoning and key findings, enhancing transparency
e A preliminary answer and direction for further research

e Identified knowledge gaps and proposed next questions

e A list of supporting sources

The iterative architecture of the Interrogator further facilitates the identification 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 effectiveness of PAKTON.

We also explored an alternative approach in which the entire interrogation history was provided to the LLM
to generate the final report in a single step. However, this method proved less effective 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 difficulty in accurately locating supporting
evidence.

6.4 Researcher

The Researcher is 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:

e In-document retrieval: Leveraging the document chunks and embeddings provided by the Archivist,
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
LightRAGI31] (a lightweight version of GraphRAG [22]), improving entity- and relation-level matching
within and across documents, and is particularly effective for answering global queries that require
reasoning over multiple interrelated documents.

e 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 sufficient 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 filter that refines the initial candidate set. Relevance scores
are normalized using a sigmoid function, and passages exceeding a predefined similarity threshold are passed
to the response generation module, which synthesizes the final 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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Chapter 7

Experiments and Results

In this chapter, the experiments and results are presented to assess the effectiveness 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 five 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 effectiveness and robustness
of the PAKTON framework. In this section, we present empirical results from benchmark datasets that
quantitatively measure both classification 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 fine-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 findings offer
concrete evidence of the framework’s generalizability, effectiveness, and practical applicability to real-world
contract analysis tasks.

7.1.1 Performance on a classification 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 classification 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 specific portions of text necessary for
making the classification decision.

We evaluate PAKTON on ContractNLI by comparing its performance against several baselines, including
models specifically pretrained on legal corpora (e.g., Saul[15]) and models employing different prompting
techniques (Table 7.1). The evaluation metrics presented include overall accuracy and the weighted F1-score
(F1|W]), alongside the individual Fl-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 influencing classification 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-specific fine-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 yields better performance even
compared to fine-tuning on related legal corpora. Notably, Mistral 7B with PAKTON surpasses Saul 54B—a
model derived from the larger Mixtral 54B and fine-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 different 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 difference of
only 3.8 percentage points. In contrast, the performance gap between these models under the ZS prompting
scenario is significantly 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 effectively 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 coefficient of variation (CV) across all models’ PAKTON-based F1[W]|
scores, obtaining a low CV of 12.6% (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
significant difference 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
7S performance and PAKTON, yielding a shallow slope of 0.44, demonstrating that every unit of baseline
gain translates into less than half a unit under PAKTON, thereby compressing absolute performance gaps.

Collectively, these findings 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—specifically, 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 (fixed 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 various k£ thresholds to benchmark PAKTON against established baselines.
Across all datasets, PAKTON consistently and significantly outperforms alternatives at every evaluated
k. For instance, on the ContractNLI dataset, PAKTON achieves a Recall@l of 53.14%, nearly 5 times
higher than the strongest baseline (11.32%), a trend that holds across all k 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, with PAKTON achieving
more than five-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 flawed reasoning

Irerank-english-v3.0
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or unsupported conclusions, particularly when legal documents contain conflicting 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 reflects how well the system supports real-world decision-making, particularly in legal
contexts where clarity, justification, and practical utility are paramount. In essence, these results capture
how end users—especially non-experts—interpret and value the system’s outputs, offering insights into the
effectiveness 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 five attorneys and a Supreme Court Justice to capture authentic legal reasoning.
In a Prolific? 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
justification, 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.
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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,” offering
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, reflecting a trade-off between breadth and specificity. These
outcomes confirm PAKTON’s core desiderata to generate detailed, report-like answers, with the observed
completeness-precision trade-off both anticipated and justified.

2https://www.prolific.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-specific scores, supporting fine-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, Justification
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 conflict with Completeness—a
domain in which PAKTON significantly surpasses GPT-4o—thereby illustrating the inherent trade-off
between brevity and depth. The sole criterion in which PAKTON underperforms relative to GPT-4o 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
7S 0.5364 0.5042 | 0.5279 0.0248 0.5951
Mistral FS 0.5065 0.4702 | 0.6053 0.0082 0.4379
B FS-+Spans | 0.4940 0.4576 | 0.6085 0.0076 0.4053
PAKTON |0.7032 0.6789 |0.7782 0.2469 0.6828
7S 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
7S 0.7728 0.7699 | 0.8248 0.5776 0.7579
Qwen FS 0.7351 0.7241 | 0.8094 0.4920 0.6892
2.5 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
3 978 FS+Spans | 0.7720 0.7639 | 0.8287 0.4728 0.7662
PAKTON |0.8287 0.8283|0.8487 0.7546 0.8255
A 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
7S 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
7S 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
7S 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
7S 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 in bold.
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Precision @ k Recall @Q 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 3.58 2.41 1.54 7.45 12.53 20.88 32.38 42.45 54.27 66.07
PrivacyQA RQTS 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 15.91 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 RQTS 6.63 5.29 3.89 2.81 1.98 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 0.90 7.63 11.34 17.34 24.99 35.80 46.57 61.72
RCTS + Cohere 5.08 5.59 5.04 3.67 2.52 1.75 1.17 4.91 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 2.18 1.89 1.48 1.06 0.75 2.54 3.12 4.53 8.75 13.16 18.36 25.62
MAUD RQTS 265 1.77 1.96 1.40 1.39 1.15 0.82 1.65 2.09 4.59 6.18 12.93 21.04 28.28
Naive + Cohere 2.64 1.77 1.96 1.40 1.38 1.15 0.82 1.65 2.09 5.59 6.18 12.93 21.04 28.28
RCTS + Cohere 1.94 2.63 2.05 1.77 1.79 1.55 1.12 0.52 248 4.39 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 4.20 294 1.99 1.25 1.62 8.11 17.72 31.68 44.38 60.04 74.70
Naive + Cohere  1.97 4.03 4.83 4.20 2.94 1.99 1.25 1.62 8.11 17.72 31.68 44.38 60.04 74.70
RCTS + Cohere 3.53 4.18 6.18 5.06 3.93 2.74 1.66 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 2.40 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 RCTS 6.41 6.16 5.76 4.36 3.09 2.15 1.45 494 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 1.45 4.94 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 € {1,2,4,8,16,32,64} for four retrieval pipelines on five legal-text
datasets.
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Conclusion

This work presents PAKTON, a modular, open-source, multi-agent framework designed to meet the specific
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
AT systems, PAKTON adopts a structured and interpretable architecture built around three collaborative
agents: the Archivist for preprocessing and input management, the Researcher 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 effectiveness. 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 classification 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 justified, 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 different
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 specific
model architectures or sizes.

Our experiments also highlight the advantages of multi-agent orchestration for complex legal reasoning
tasks. The collaborative workflow 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 significant 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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Limitations and Ethical Considerations

In this chapter, we critically examine the limitations of the PAKTON framework and reflect on the broader
ethical considerations surrounding its use. We identify technical constraints related to generalizability,
efficiency, 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 reflections 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 significantly 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
different legal jurisdictions, each of which may have unique terminology, structure, and interpretive norms.
These factors may affect 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. Efficiency Tradeoff. 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 justification, the system may occasionally sacrifice 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 significantly from these conventions or lack a clearly defined structure, the benefits 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
fine-grained hierarchical representation.
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9.2 Ethical Considerations

The deployment of AI systems in legal contexts raises significant 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 effective but also
aligned with principles of fairness, accountability, and responsible AT 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 qualified legal advice. There is a risk that
users, particularly non-experts, may over-rely on its outputs without proper legal verification. To mitigate
this, we recommend clearly communicating the system’s limitations and encouraging users to consult legal
professionals when making important decisions. PAKTON should be viewed as an assistive tool, not
a definitive 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 offer free access to a publicly deployed version of the system, to the extent that it remains
practically and financially feasible. Nevertheless, disparities in access to computational resources may limit
the ability of low-resourced groups to deploy or benefit from the system effectively. 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, confidence-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
refinement, with a final 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 filters to ensure
that responses reflect 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 fine-grained modeling of legal variation across different
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
reflect 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 flexible, evolving platform for high-assurance legal reasoning. By combining multi-agent deliberation,
model ensembling, domain-specific retrieval, and interactive explanation, future iterations could push the
boundaries of what legal Al systems can achieve in terms of fairness, reliability, and interpretability.
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Appendix A

Framework’s Implementation Details

A.1 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
questions.

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>{userInstructions} </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, findings, 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 sufficient clarity, evidence,
or citations.

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

- Follow-up questions that have already been identified to refine 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 fill the
knowledge gaps.

- Your questions should probe deeper into weak or vague responses, pressing for specific 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 satisfied that you have gathered all necessary legal insights, you may conclude the interrogation
by stating: "Thank you, I am now in a position to answer the question with confidence."

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 clarification.
- Conflicting viewpoints or legal uncertainties that need to be resolved.

- Follow-up questions that have been identified 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 specific legal references.

- Challenge weak or unsupported reasoning—seek case law, statutes, or counterarguments.
- Refine 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 configurations for in-document
retrieval using the LegalBench benchmark. The configurations and their corresponding experimental setups
are summarized below:

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

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

e Method 3: Naive fixed-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".

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

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

B.2 PAKTON Evaluation Strategy

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

e The Archivist component is responsible for document indexing.
e The Researcher performs in-document retrieval.
e 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.

Configuration 1

Archivist:
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Appendix B. Experiments on LegalBenchRAG

e Primary strategy: structural parsing.

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

e Embedding model:
text-embedding-3-large.

Researcher:
e Query optimization using gpt-4o and only in-document search as tool enabled.

o BM25 retrieves top-100 chunks with a similarity threshold of 0.6.

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

Reciprocal Rank Fusion with equal weights for both retrievers to rerank chunks, pick top-64 chunks.

Reranker: BAAI/bge-reranker-v2-m3, producing a top-64 reranked final list of chunks.
e Strip structural information of the chunk and keep only the original span.
LLM Filtering:

e An additional post-reranking filtering stage is applied using command-R (Cohere), an open-source 35B
parameter model specifically fine-tuned for Retrieval-Augmented Generation (RAG) applications.

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

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

Results for this configuration are provided in Table B.1. Two variants are compared: one with and one
without the LLM filtering step. The results reported and compared in Table 7.2 correspond to Configuration
1, specifically the variant without LLM filtering.

Configuration 2
Same as Configuration 1 with the only change being the use of an alternative LLM-based reranker:

e Reranker:
AAT/bge-reranker-v2-minicpm-layerwise (2.72B parameters) with a 28-layer cutoff.

Results for this configuration are provided in Table B.2.

B.3 Discussion

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

Considering the trade-off between reranking accuracy and computational efficiency, Configuration 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, Configuration 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 flawed legal reasoning. The No LLM
Filtering configuration 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 where precision 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 the LLM Filtering
variant, which identifies and extracts the most relevant sub-spans within each of the top-10 reranked chunks,
thereby filtering the retrieval output to focus on the most contextually pertinent segments.

As shown in Tables B.1 and B.2, this LLM Filtering variant significantly improves precision. However,
this gain comes at the cost of recall, especially as the value of top_k increases, due to the stricter content
selection. Based on these findings, we conclude that LLM Filtering is particularly advantageous for low top_k
settings, where focused and precise evidence is preferred. In contrast, for higher top_k values, the unfiltered
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 fine-grained
nature of the retrieved spans. Specifically, 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 effect, we introduce a complementary span-based evaluation. In this setting, a
retrieved span is considered a hit 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 effectiveness. It is also important
to consider that different 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 different retrieval methods: Our analysis of
precision and recall is conducted across varying top_k values. However, it is important to note that different
retrieval methods return varying volumes of text, even when the same number of chunks is retrieved. For
instance, one method may retrieve significantly 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 various k 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 unfiltered 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 ‘LLM ﬁltering‘ 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
Yy 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 5.87 4.68 4.52 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 8.83 6.81 4.72 278 2.07 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 different datasets for Precision and Recall at various k values for
PAKTON’s Researcher and Archivist under configuration 1.

‘ ‘ Precision @Q k Recall @ k
Dataset \LLM ﬁltering\ 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 6.01 |17.00 26.39 39.99 62.73 79.24 94.90 97.35
4 with 33.02 31.85 29.33 26.66 26.11 25.70 25.68|10.35 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 63.23| 51.78 58.93 63.10 64.52 65.07 65.24 65.24
MAUD without 17.77 11.35 941 8.32 584 3.50 1.92|17.06 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 31.92|17.92 21.62 24.69 28.02 29.90 30.48 30.49
CUAD without 2.61 5.10 5.72 4.18 2.84 1.84 1.29| 4.38 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 30.22| 15.54 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 3.44|26.53 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 37.76/23.90 30.62 35.24 38.15 39.19 39.48 39.54

Table B.2: Performance comparison across different datasets in terms of Precision and Recall at various k
values, using PAKTON’s Researcher and Archivist under Configuration 2.
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‘ ‘ Precision @ k Recall @Q k
Dataset ‘LLM ﬁltering‘ 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 different datasets in terms of Precision and Recall at various k
values, using PAKTON’s Researcher and Archivist components under Configuration 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 @Q k

Avg. Lengths

Dataset ‘LLM Filtering‘ 1 2 4 8 16 32 64 ‘Answer Document
PrivacyQA | WiThOut 682 1415 2985 5706 10341 17961 21080
rivacy with 207 403 711 1088 1362 1476 1523 | 1200 25266
ContractNL 1| Without 789 1371 2738 4869 8126 10774 11112
ontrac with 250 412 651 885 1036 1081 1081 | 438 10782
MAUD without 908 1765 3542 7069 14248 28699 56523
with 301 477 678 906 1027 1059 1071 | 1259 353718
CUAD without 771 1643 3496 7002 13694 24057 35750
with 250 383 527 749 844 896 971 | 600 69303

Table B.5: Average number of characters retrieved @ k for each dataset for PAKTON configuration 1.
Comparison with average length of ground truth (answer) and document lengths.
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Figure B.3.1: Precision and Recall values for different 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 the premise, a legal statement as the
hypothesis, and an inference label indicating 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 configuration, predictions and their associated data points are stored
in structured . json files, which will be made publicly available upon publication.

C.2 Dataset Subsets

e 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.

e contractnli_a: A filtered version of contractnli_b in which only the minimal spans necessary
to determine the correct label are retained as the premise, significantly 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:

e 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.

e 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 effect of manual prompt engineering.

e 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 effect of using
cross-document retrieval.
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e 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.

e naive few-shot isolated spans (same hypothesis) (FS+Spans+Hyp): A refinement 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 effect of using effective cross-document retrieval and
chunking setting the upper boundary for the ideal cross-document RAG system.

e Chain of Thought (CoT): Based on [83], extends the previous method by also including reasoning
steps (i.e., rationales or justifications) in the answers of the few-shot examples, encouraging more
explicit reasoning in the final 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 AI daptiv infrastructure.

Quantization: We employed multiple quantization levels to evaluate performance under varying resource
constraints. The specific techniques and configurations 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 configurations.

C.5 Detailed Results

All the experiments and the corresponding results are shown in detail in Tables C.1, C.2, C.3, C.4, C.5
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 as Neutral were stored within a single index, while
examples labeled as Entailment 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 LlamaIndex framework. These hypothesis-specific graphs were then integrated into a unified, 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 efficient 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 Configuration 1 (see Section B.2), with No LLM filtering and
kept the top-10 reranked chunks to generate the response back to the Interrogator.
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C.6. Execution Details of PAKTON

Regarding the interrogation process, we capped the maximum number of turns to five in order to maintain
efficiency 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 7S

1 Llama-3-8B-Instr 0.48831 0.4613 [0.5639(0.0252|0.4576 no 2 7S

2 Llama-3-8B-Instr 0.4969| 0.4691 [0.5758(0.0166|0.4651 no 3 7S

3 Mistral-7B-Instr 0.5301 0.4804 [0.4551{0.0261|0.6178 no 1 A

4 Mistral-7B-Instr 0.53401 0.4843 [0.4627(0.0175|0.6206 no 2 7S

5 Mistral-7B-Instr 0.53281 0.4839 [0.4590(0.0342|0.6201 no 3 7S

6 Saul-7B-Instr 0.42231 0.2933 [0.0570{0.0910{0.5960 no 1 7S

7 Saul-7B-Instr 0.4218] 0.2960 [0.0760[0.0542|0.5907 no 2 7S

8 Saul-7B-Instr 0.41461 0.2809 [0.0437{0.0588|0.5893 no 3 7S

9 Mixtral-8x7B-Instr  |0.5608| 0.5659 [0.6548|0.4087|0.5088 | normal | 1 7S

10 Mixtral-8x7B-Instr  |0.5605| 0.5652 |0.6551|0.4099|0.5065 | normal | 2 7S

11 Mixtral-8x7B-Instr  |0.5612| 0.5661 [0.6545(0.4105|0.5092 | normal | 3 7S

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 0.52321 0.4938 [0.5977(0.0177|0.4986 no 2 | FS+Spans
17 Llama-3-8B-Instr 0.5333] 0.5024 [0.6089{0.0089|0.5086 no 3 | FS+Spans
18 SaullLM-54B-Instr 0.7021] 0.6806 [0.7726]0.1832[0.7032| lowest | 1 7S

19 SaulLM-54B-Instr 0.7001] 0.6764 [0.7724]0.1594|0.6995 | lowest | 2 7S

20 SaulLM-54B-Instr 0.7040| 0.6807 [0.7731]0.1760|0.7046 | lowest | 3 7S

21 Llama-3-70B-Instr 0.6241| 0.5990 [0.7313(0.4972|0.4819| normal | 1 7S

22 Llama-3-70B-Instr  |0.6236| 0.5987 |0.7320/0.4943|0.4813 | normal | 2 7S

23 Llama-3-70B-Instr  |0.6208| 0.5953 |0.7297|0.4943|0.4759 | normal | 3 7S

24 |DS-R1-Dist.-Llama-70B|0.6054| 0.6078 |0.6552(0.4837|0.5874 | normal | 1 7S

25 gpt-4o 0.6112] 0.6367 [0.7497[0.4119]0.5704 - 1 7S

26 gpt-4o 0.6112] 0.6356 | 0.75 [0.4151]0.5667 - 2 7S
27 gpt-4o0 0.6141] 0.6376 [0.7474|0.4216|0.5725 - 3 7S

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

32 gpt-4o 0.65901 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-4o0 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-4o 0.6906| 0.7108 [0.7919]0.4866|0.6784 - 1 7ZS RAG
38 Llama3-8b-Instr 0.4776| 0.4278 [0.6029[0.0536|0.3314 - 1 7S

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

40 Mistral-8x7b-Instr 0.5872| 0.5948 | 0.656 [0.4427|0.5664 - 1 7S

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 |0.4493]0.3969|0.6628 - 1 7S

42 Claude-3-Opus 0.7547] 0.7676 |0.8339]0.5083|0.7596 - 1 7S

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

44 Claude-3-Opus  |0.7475| 0.7608 {0.8319|0.4970|0.7489 - 3 7S

45 | Claude-3.5-Sonnet [0.7944| 0.8002 |0.8757|0.5789|0.7732 - 1 7S

46 | Claude-3.5-Sonnet [0.78810.7949 [0.8749|0.5609|0.7661 - 2 7S

47 | Claude-3.5-Sonnet |0.7924|0.7981 |0.8764|0.5770|0.7679 - 3 7S

48 Claude-3-Opus  |0.7819| 0.7891 |0.8432|0.5622|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 |0.8643|0.5728|0.7787 - 2 opt. ZS

53 | Claude-3.5-Sonnet |0.7915|0.7975 |0.8694|0.5681|0.7762 - 3 opt. ZS

54 Claude-3-Opus  |0.7580| 0.7593 [0.8382|0.5628|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(0.6032|0.7811 - 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|0.6279|0.8112 - 3 |FS+Spans+Hyp
72 gemma-3-27b-it  |0.7886| 0.7860 [0.8316|0.6348|0.7739 - 1 7S

73 |qwen2.5-72b-instruct |0.7728 | 0.7699 [0.8248|0.5776|0.7579 - 1 7S

74 |qwen2.5-72b-instruct [0.7810| 0.7754 |0.8374|0.5013|0.7757 - 1 opt. ZS

75 |qwen2.5-72b-instruct [0.7351| 0.7241 |0.8094|0.4920|0.6892 - 1 FS

76 |qwen2.5-72b-instruct |0.7484| 0.7432 |0.8196|0.4378|0.7357 - 1 FS+Spans
77 |qwen2.5-72b-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 ZS

79 deepseek-chat 0.7886| 0.7874 |0.8487(0.6139|0.7640 - 2 7S

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 7S

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 A

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

89 | claude-3.7-Sonnet [0.7704| 0.7781 |0.8633|0.5602|0.7398 - 1 7S

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 7S

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 7S

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 7S

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-4o 0.7328 0.7427 [0.7575]0.5936 | 0.7630 - 1 7S

1 gpt-4o 0.72481 0.7367 [0.7598]0.5760|0.7516 - 2 A

2 gpt-4o0 0.7303] 0.7420 [0.7629{0.5799|0.7593 - 3 7S

3 gpt-4o 0.7102 0.7059 [0.6685]0.6364 |0.7584 - 1 opt. ZS
4 gpt-4o 0.7047| 0.7008 [0.6653]0.6220(0.7537 - 2 opt. ZS
5 gpt-4o 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-4o0 0.7283] 0.7290 [0.7195]0.6341|0.7602 - 2 FS

8 gpt-4o0 0.7343] 0.7347 10.7222]0.6562|0.7652 - 3 FS

9 gpt-4o 0.7233] 0.7255 [0.7183]0.6174|0.7575 - 1 FS+Spans
10 gpt-4o 0.7328 0.7337 [0.7321]0.6324|0.7587 - 2 FS+Spans
11 gpt-4o 0.7378] 0.7382 [0.7268|0.6534|0.7689 - 3 FS+Spans
12 gpt-4o 0.7835] 0.7842 [0.7908]0.7339|0.7894 - 1 CoT
13 gpt-4o 0.7835] 0.7841 |0.7911{0.7403|0.7874 - 2 CoT
14 gpt-4o 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 7S

16 | Claude-3-Opus |0.8217|0.8231 |0.8457|0.7221|0.8246 - 2 7S

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

18 |Claude-3.5-Sonnet |0.8237| 0.8253 |0.8450|0.7302|0.8283 - 1 7S

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

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

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 7S

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 |gqwen2.5-72b-instruct |0.8277| 0.8263 |0.8559(0.7345(0.8189 - 1 7S

51 [qwen2.5-72b-instruct |0.8217| 0.8189 [0.8599|0.6865|0.8098 - 1 opt. ZS

52 |qwen2.5-72b-instruct [0.8212| 0.8189 |0.8579|0.6873|0.8116 - 1 FS

53 |qwen2.5-72b-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 7S

56 deepseek-chat 0.8373| 0.8370 |0.8574|0.7682|0.8330 - 2 7S

57 deepseek-chat 0.8368| 0.8366 |0.8562|0.7675|0.8335 - 3 7S

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 7S

69 | deepseek-reasoner |0.78100.7854 [0.8011|0.6568|0.8000 - 2 7S

70 | deepseek-reasoner [0.7805|0.7852|0.8034|0.6458|0.8000 - 3 7S

71 | Claude-3.7-Sonnet |0.8061|0.8074 |0.8180(0.7388]0.8131 - 1 7S

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 7S

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 7S

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 7S

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 7S

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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Appendix D. Human Evaluation

Evaluation Question

"If an application recognizes the emotions of a natural person, how is it classified according to the
Regulation?"

Overall Model Preference Preferences by Criterion

PAKTON: 51%

Explainability &
Reasoning

Justification with
Evidence

Contextual & Legal
Understanding

Handling Ambiguity

Knowledge Gaps

I am not sure: ¢
Conciseness &
Precision

Coherence &
Neither: 9% Organization
GPT-40: 31%

Relevance & Focus

Completeness

@ PAKTON @ GPT-40 @ Neither @ |am not sure

I T T T T

0 2 4 6 8 10
M PAKTON m GPT-40 m Neither m|am not sure

(a) Preference based on responses for a single question

Overall Model Preference

Neither - 7% (38 votes)
| am not

(b) Overall Model Preference aggregated across all criteria and all questions

Figure D.0.1: Comparative analysis of PAKTON vs. GPT-40 based on human evaluator judgments across
different criteria
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Appendix E

G-EVAL Experiments

We set the temperature to 0 to ensure deterministic responses, facilitating reproducibility.

As part of our evaluation design, we ensured fair model comparison settings. For “GPT”, we implemented a
(RAG) pipeline. For PAKTON, we limited tool usage to strictly in-document retrieval (disabling access to
external tools like web search), and capped the number of interrogation turns at five. GPT-4o served as the
underlying model for both systems to eliminate base model performance discrepancies and isolate differences

due to architecture and orchestration.

The aggregated scores for all evaluated outputs of PAKTON and GPT-40 on the ContractNLI dataset are
presented in Table E.1. The distribution of the aggregated scores across all evaluation criteria, as computed

by the G-EVAL framework, is illustrated in Figure E.0.1.

Evaluation Criterion PAKTON GPT
Justification with Evidence 0.6887 0.6503
Contextual and Legal Understanding 0.8054 0.8472
Handling Ambiguity 0.6925 0.4248
Acknowledgment of Knowledge Gaps 0.9124 0.6905
Conciseness and Precision 0.8691 0.8323
Coherence and Organization 0.9024 0.5118
Relevance and Focus 0.9155 0.9030
Completeness 0.8216 0.6866
Explainability and Reasoning 0.8350 0.8127

Table E.1: Comparison of PAKTON and GPT scores acquired across different evaluation criteria

aggregated for all examined outputs.
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Appendix E. G-EVAL Experiments

Criterion Contextual and Legal
Understanding

Score 0.87549

Reason The report accurately interprets

legal terminology and context,
correctly identifies that employees
are not third parties, and aligns
with the contract’s confidentiality
obligations. It fully understands
the user’s query, addressing legal
issues and assumptions, but
suggests further research for
comprehensive understanding.

Table E.2: Example illustrating score penalization of "Contextual and Legal Understanding" due to further

research section of the report.

Criterion

Instructions

Explainability and
Reasoning

Evaluate whether the report clearly and transparently explains not only the
final conclusion, but also the reasoning process and supporting evidence in a
step-by-step, understandable manner. The explanation should guide the
reader through the logic in a way that supports comprehension, avoiding
unexplained jumps in logic.

Justification with
Evidence

Determine whether the statements and claims are explicitly justified with
relevant, specific, and clearly cited evidence (e.g., direct quotations, clause
references). The justification should be traceable, allowing the reader to
locate the original source material.

Contextual and Legal
Understanding

Assess whether the report demonstrates a deep and accurate understanding
of the document, its legal terminology, and the broader context. Consider
whether it correctly interprets clauses and captures implied assumptions or
legal concerns behind the question.

Handling Ambiguity

Determine whether the report identifies and handles ambiguities in the
source material appropriately, such as by presenting multiple interpretations
or justifying a chosen one clearly.

Acknowledgment of
Knowledge Gaps

Evaluate whether the report explicitly acknowledges when available
information is insufficient to support a conclusion, avoiding speculation or
overconfidence.

Conciseness and
Precision

Assess whether the report communicates clearly and efficiently, avoiding
unnecessary repetition or verbosity, while still covering all key points.

Coherence and
Organization

Check whether the report is logically structured, flows smoothly, and
maintains clarity across sections. Transitions between ideas should be
natural and helpful.

Relevance and Focus

Evaluate whether the report stays on topic and maintains focus on answering
the core question, avoiding tangents or irrelevant content.

Completeness

Assess whether the report addresses all important aspects of the question
and offers a contextually broad and holistic answer. It should not omit any
major points or perspectives.

Table E.3: Instructions given to human annotators for each evaluation criterion used in the PAKTON vs.

ChatGPT comparison. Similar instructions were given to the G-EVAL framework.
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0.84 [y R

0.6

PAKTON GPT

Figure E.0.1: Comparative analysis of PAKTON vs. GPT-40 based on the G-EVAL framework across
different criteria. Distribution of the aggregated scores across all criteria.
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Appendix E. G-EVAL Experiments
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Appendix F

Representative Output from PAKTON
and Comparative Analysis with GPT
(RAG)

The following examples illustrate the outputs generated by PAKTON and GPT (RAG) in response to the
same ContractNLI input, consisting of a contract-hypothesis pair. The input is as follows:

CONTRACT NLI INPUT

Is the following hypothesis ENTAILMENT, CONTRADICTION, or NEUTRAL according to the content of
the contract: <hypothesis>Receiving Party shall destroy or return some Confidential Information upon the
termination of Agreement.< /hypothesis>?

The problem is categorized as a Natural Language Inference (NLI) task for contract analysis. The answer
can be one of the following:

ENTAILMENT:
- The hypothesis is logically true based on the content of the contract.
- It is explicitly stated or can be directly inferred.

CONTRADICTION:
- The hypothesis directly or logically conflicts with the contract’s content.

NEUTRAL:
- There is insufficient information to conclude if it is CONTRADICTION or ENTAILMENT.
- If the hypothesis isn’t mentioned in the contract or is unrelated.

Based on this input, GPT produced the following output:
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Appendix F. Representative Output from PAKTON and Comparative Analysis with GPT (RAG)

GPT (RAG) OUTPUT

The contract does indeed entail the hypothesis that the Receiving Party shall destroy or return some
Confidential Information upon the termination of the Agreement.

As outlined in section 9 of the contract, labeled “Return of JEA Confidential Information”, it specifies that
“the Recipient shall immediately return and redeliver to the other all tangible material embodying the JEA
Confidential Information provided hereunder...and all other documents or materials ("Notes’)...upon the
earlier of:

I. the completion or termination of the dealings between the parties contemplated hereunder; or

II. the termination of this Agreement; or

III. at such time as JEA may so request.”

It also provides an alternative where, with the written consent of JEA, the Recipient may destroy such
information, and it provides details on how this destruction should be carried out and verified.

These obligations regarding handling Confidential Information are specific to the event of the termination of
the Agreement, directly supporting the hypothesis.

While the output of PAKTON for the same input is presented as follows:

PAKTON OUTPUT

Title: Analysis of Contractual Obligations Regarding Confidential Information Post-Termination

Summary of Topic:

The legal question under consideration is whether the hypothesis that "Receiving Party shall destroy or
return some Confidential Information upon the termination of Agreement" is classified as ENTAILMENT,
CONTRADICTION, or NEUTRAL according to the contract’s content. This involves determining whether
the contract explicitly or implicitly supports, contradicts, or is neutral regarding this hypothesis.

Legal Reasoning & Analysis:

The contract under review contains specific clauses that delineate the obligations of the Receiving Party
regarding the handling of confidential information upon the termination of the agreement. The updated
analysis provides a more nuanced understanding of these obligations and introduces potential exceptions and
modifications:

1. Return of Confidential Information:

- The contract specifies that upon request by the disclosing party, the Receiving Party is obligated to return
all confidential information.

- Exceptions exist for analyses prepared by or for the Receiving Party, and they may retain one copy for
compliance with applicable laws or record retention policies [1], [2], [3].

2. Destruction of Confidential Information:

- The contract provides an option for the Receiving Party to destroy the confidential information instead of
returning it, provided there is written consent from the disclosing party.

- The destruction must be verifiable, and computerized data must be non-recoverably erased [2] (Clause 9).

3. Exceptions to Obligations:

- Certain types of confidential information are exempt from the return or destruction obligations.

- This includes information received from a third party without breach, information known prior to disclosure,
publicly known information, independently developed information, and information ordered for public release
by a government agency [1], [3], [4], [5].

4. Retention for Legal Compliance:

- The receiving party may retain one copy of the confidential information as needed to comply with applicable
law and/or the party’s record retention policies.

- This retained information must be kept subject to the terms of the agreement or destroyed [1], [2], [3].

- The retention is allowed to enable compliance with statutory document retention policies and must be
necessary for legal compliance, suggesting that any retention beyond this scope would not be permissible [4].
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5. Impact of Legal Compliance and Record Retention Policies:

- The contract explicitly allows retention for compliance with legal and record retention requirements, thereby
modifying the general obligation to return or destroy the information upon termination.

- This impacts the classification of the hypothesis as ENTAILMENT, as the contract articulates exceptions
to the return or destruction requirement for compliance purposes [1], [2], [3].

Preliminary Answer & Direction for Further Research:

The hypothesis that the Receiving Party shall destroy or return some Confidential Information upon
termination appears to be ENTAILMENT with specific conditions and exceptions.

The contract outlines obligations for returning or destroying confidential information, with allowances for
retention due to legal compliance and record retention policies.

The determination of ENTAILMENT assumes that the specific conditions outlined in the contract are met,
such as the disclosing party’s request or consent and the applicability of exceptions for certain types of
information.

Further research should focus on verifying whether these conditions apply universally to all confidential
information or are subject to specific circumstances or exceptions not covered in the provided excerpts.

Gaps & Next Questions:

- Clarification on Universal Application: Is the obligation to return or destroy confidential information upon
termination applicable to all types of confidential information, or are there exceptions not covered in the
provided clauses?

- Impact of Legal Compliance: How does the retention of information for legal compliance or record retention
policies affect the overall obligations regarding confidential information?

Sources:

1. Clause 5 - Limits on Confidential Information
2. Clause 4.e - Obligations of Receiving Party

3. Clause 4.e - Obligations of Receiving Party

4. Clause 5 - Limits on Confidential Information
5. Clause 5.e - Limits on Confidential Information

A comparison of the outputs generated by GPT and PAKTON in response to the same ContractNLI input
reveals substantial differences in terms of depth, structure, and legal interpretability. The output from
GPT is concise and directly addresses the hypothesis by selecting the label ENTAILMENT. It supports this
classification by referencing specific contractual clauses that align with the hypothesis and briefly justifies the
decision. While this approach is effective for providing a quick assessment, the explanation remains relatively
shallow. It does not explore potential exceptions, conditional obligations, or broader legal implications that
may influence the interpretation.

On the other hand, the output from PAKTON exhibits a much more detailed and structured analysis.
It decomposes the legal obligations regarding confidential information into separate categories: return,
destruction, exceptions, and legal compliance. Each element is examined thoroughly, with references to
specific clauses and relevant conditions. PAKTON also integrates legal reasoning, raises critical questions for
further investigation, and acknowledges limitations or ambiguities in the contract’s language. Additionally,
PAKTON considers practical legal factors such as retention for statutory compliance and record-keeping
policies—factors which are absent from GPT’s output. These aspects contribute to a more nuanced and
legally grounded evaluation of the hypothesis.

Overall, PAKTON’s response reflects a deeper engagement with the legal content, demonstrating an
interpretive capacity closer to that of a legal expert. GPT, while effective in recognizing textual entailment,
remains more limited in its reasoning and scope of analysis.
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Appendix F. Representative Output from PAKTON and Comparative Analysis with GPT (RAG)

About [T PAKTON

PAKTON is a multi-agent framework for
contract document analysis. It consists of
three specialized agents:

The Agents

Archivist: Responsible for indexing
and storing documents along with

relevant information.

Legal Researcher: Accesses the stored
information and answers legal
questions based on it.

Legal Interrogator: Breaks down the
user's query and interacts iteratively
with the Legal Researcher until a
confident and accurate answer is
formulated.

Features

Document analysis and indexing

Legal question answering

Case precedent lookup

Contract term extraction

™ PAKTON

A Multi-Agent Framework
for Contract Document Analysis

{J Hello | am the Legal Interrogator.

I can answer any questions you have regarding the document of the EU Al act. ()

What are the ions for providers for g purpose Al models?

Obligations for Providers of General-
Purpose Al Models under the EU Al Act

Summary of Topic

This report examines the obligations under the EU Al Actfor providers of general-purpose Al
models. The Act seeks to regulate Al development within the European Union, focusing on

PAKTON isa mu

agent framework for
contract document analysis. It consists of

three specialized agents:

The Agents

Archivist: Responsible for indexing
and storing documents along with

relevant information.

Legal Researcher: Accesses the stored
information and answers legal
questions based on it.

Legal Interrogator: Breaks down the
user's query and interacts iteratively
with the Legal Researcher until a
confident and accurate answer is
formulated.

Features

Document analysis and indexing

Legal question answering

Case precedent lookup

Contract term extraction

How to use: ~

Howtouse -~
transparency, safety, and compliance with European standards. This analysis emphasizes the
role of codes of practice and harmonized standards in fulfilling these obligations.

Legal Reasoning & Analysis
The EU Al Act igati providers of g 1-purpe I models:
1. Technical i Providers aintain
C it st
1. Technical i Providers aintain
detailing Al model processes, including training and evaluation [1, Article 53). This
‘documentation must be accessible to relevant authorities.
About T PAKTON

Management: For models identified as having systemic risks, providers must

protocols, testing, as part of
their isk management strategies [5, Article 55(1)(a)]

Evaluation and Documentation: Providers are required to document evaluation strategies,
detailing methodologies, evaluation criteria, and limitations, including adversarial testing
measures [9, Section 2(1)-(2)].

Codes of Practice: In the absence of finalized harmonized standards, the EU Al Act
‘emphasizes the use of codes of practice as interim compliance mechanisms. These codes are
developed with the involvement of the Al Office and aim to reflect the state of the art and

i di (6. Provid froma
presumption of conformity (2], [3].

Interaction with Compliance Mechanisms: Adherence to codes of practice or harmonized
standards provides a presumption of conformity. If providers do not adhere to an approved
code or standard, they must demonstrate alternative compliance measures, subject to
‘assessment by the Commission (2], (3].

Timeline for Implementation: Codes of practice must be ready by 2 May 2025, to ensure
compliance by the regulation's applicability date of 2 August 2025 [10].

The updated information highlights the crucial role of codes of practice in the absence of
finalized harmonized standards, providing a structured approach to compliance during the
transitional period.

Preliminary Answer & Direction for Further Research

While the EU Al Act imposes comprehensive obligations on providers, the absence of finalized

harmonized standards necessitates reliance on codes of practice and alternative compliance

measures. and approval of rucial for

and providing clarity on systemic risk criteria. Further research is needed to detail the practical

the Act of codes of practice.

Gaps & Next Questions

About Tl PAKTO!

PAKTON is a multi-agent framework for
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Document analysis and indexing
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measures The dewriopment snd approval of these codes are crucial for ersuning compliance

and provding clarty an systermic sk critena. Furthar research 1 needed to detail the practical

implementation of the ACT's provisions and the development process of cades of practice

Gaps & Next Questions

Clarification on Systemic Risk: What soecific criteria determine whether an Al model is

considered 10 have sysemis risks under the EU Al Act?

2 Harmonized Standards. What i the Current status of harmonized standards, and when are
they expected to be published?

1 Adversarial Testing equirements. Wihat are the detasled requisements for adwersarial
testing as per the EU Al Act?

4 Codes of Practice Development: How are codes of practice being develaped, and what rale
o they play in compiance?
Sources
1 “Comphance with European harmonised standards grants providers the presumption of
conformity 10 the extent that those standards cover those obligations.” (Docurment 1, p. 4]
2 “Prowders of peneral purbole Al modets may rely of Codes of DraCce within the meaning of
Article 56 to demonstrate compliance. . until 3 harmonised standard is published.”
[Document 1, p. 4)
1 “Proveders of peeral purpote Al models who da not adhere to an approved code of practice
o o mot comaty with a Euragean harmonised standard shall demanstrate aternative
adequate means of compliance for assessment by the Commission ™ (Document 1, p. 4
4 “Articie 51, Oblagations for prowidens of peneral- purpose Al models.” Document |
$ “Arncle 81, Exceptions for open- source models,” Document I
6 “Document S, Compluance with Uneon Liw 6n copyry Dacument 5
7. “Article 88, Enforcement of the obligations,” Document 4.
You ve already your question. Only per season

Figure F.0.1:

The user interface (UT) of PAKTONpguployed during the human evaluation

participants.

with study
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