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Chapter 1

Per—lhyh

Η ανασκόπηση συμβολαίων αποτελεί μια σύνθετη και χρονοβόρα διαδικασία, η οποία απαιτεί εξειδικευμένη νομική
γνώση και, ως εκ τούτου, είναι σε μεγάλο βαθμό απρόσιτη σε μη ειδικούς. Επιπλέον, η νομική ερμηνεία
σπάνια είναι απλή, η ασάφεια είναι συχνά παρούσα και οι αποφάσεις υπόκεινται σε υποκειμενικές ερμηνείες.
Επιπροσθέτως, τα συμβόλαια είναι συνήθως εμπιστευτικά, γεγονός που περιορίζει τη χρήση τους με ιδιόκτητα
μοντέλα και καθιστά απαραίτητη την προσφυγή σε ανοιχτού κώδικα εναλλακτικές λύσεις.

Για να αντιμετωπιστούν αυτές οι προκλήσεις, η παρούσα διπλωματική εργασία επεξηγεί και επεκτείνει το
PAKTON[63]: ένα πλήρως ανοιχτού κώδικα, από άκρη σε άκρη, πολυπρακτορικό πλαίσιο με δυνατότητες
εύκολης ενσωμάτωσης σε ήδη υπάρχοντα συστήματα.

Το προτεινόμενο σύστημα αποτελείται από τρεις πράκτορες: (1) τον ArqeiofÔlaka, ο οποίος αλληλεπιδρά με τον
χρήστη και διαχειρίζεται την δομημένη αρχειόθετηση εγγράφων· (2) τον Ereunht , ο οποίος ανακτά πληροφορίες
μέσω μιας καινοτόμου μονάδας Επαυξημένης Δημιουργίας μέσω Ανάκτησης (ΕΔΑ)· και (3) τον Anakrit , ο
οποίος εμπλέκεται σε μια αλλεπάλληλη ανάκριση με στόχο τη σταδιακή βελτίωση της τελικής αναφοράς. Κάθε
πράκτορας είναι προσαρμοσμένος στον ρόλο του, και μέσα από τη συνεργασία τους, παράγουν ένα ολοκληρωμένο
και συνεκτικό αποτέλεσμα για τον τελικό χρήστη.

Η αρχιτεκτονική του PAKTON αποκλίνει από τα αδιαφανή μοντέλα, αποκαλύπτοντας ρητά τη συλλογιστική
του διαδικασία και επισημαίνοντας τα αποσπάσματα τεκμηρίωσης — τόσο εντός του συμβολαίου του χρήστη

όσο και από εξωτερικές νομικές πηγές — που οδήγησαν στις τελικές αποφάσεις. Το σύστημα αξιοποιεί
προηγμένες τεχνικές ανάκτησης, όπως υβριδική πυκνή/αραιή ανάκτηση, γραφοευαίσθητη αναταξινόμηση και
αποσπασματοποίηση βάσει συμφραζομένων, για την ανάδειξη των πιο σχετικών αποδεικτικών στοιχείων σε
σχέση με το ερώτημα του χρήστη. Ο Ανακριτής λειτουργεί μέσω μια συνεχόμενης και επαναληπτικής βελτίωσης,
εντοπίζοντας συστηματικά κενά στη λογική και ενισχύοντας την απάντηση σε κάθε επανάληψη, οδηγώντας έτσι
σε μια πλήρη και πολυδιάστατη αναφορά.

Οι αξιολογήσεις σε πολλαπλά σύνολα δεδομένων, όπως τα ContractNLI και LegalBench-RAG, δείχνουν ότι το
PAKTON υπερέχει σταθερά σε σχέση με γενικού σκοπού και εξειδικευμένα (σε νομικό τομέα) μοντέλα, τόσο
σε ποσοτικούς δείκτες (π.χ. ακρίβεια, ανάκληση, ακρίβεια πρόβλεψης) όσο και σε ποιοτικές διαστάσεις (π.χ.
επεξηγησιμότητα, συλλογιστική, πληρότητα). Οι αξιολογήσεις από ανθρώπους και από ΜΓΜ επιβεβαιώνουν
την ανωτερότητα του PAKTON σε κρίσιμες πτυχές της νομικής τεχνητής νοημοσύνης, όπως η διαφάνεια, η
διαχείριση αμφισημιών και η τεκμηρίωση, στοιχεία απαραίτητα για την υποστήριξη της λήψης αποφάσεων από
τον τελικό χρήστη. Με τη καινοτόμα αρχιτεκτονική και τα αποτελέσματα της αξιολόγησης, το PAKTON
αποτελεί σημαντική πρόοδο στον τομέα της νομικής τεχνητής νοημοσύνης, αποδεικνύοντας πως ο συντονισμός
πολλών πρακτόρων και η στοχευμένη ανάκτηση μπορούν να ενισχύσουν ουσιαστικά τη συλλογιστική σε υψηλού

ρίσκου πεδία.1

LŁxeic-kleidi� — Συμβόλαια, νομική τεχνητή νοημοσύνη, Μεγάλα Γλωσσικά Μοντέλα, Επαυξημένη
Δημιουργία μέσω Ανάκτησης, πολυπρακτορικά συστήματα, ερμηνευσιμότητα, διαφάνεια.

1
Ο πηγαίος κώδικας είναι διαθέσιμος στο 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 AI 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
AI, illustrating how multi-agent coordination and strategic retrieval can substantially elevate reasoning in
high-stakes domains.1

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.

7

https://github.com/petrosrapto/PAKTON




Euqarist—ec

Η ολοκλήρωση της παρούσας διπλωματικής εργασίας θα ήταν αδύνατη χωρίς την πολύπλευρη συμβολή και

υποστήριξη ορισμένων εξαιρετικά σημαντικών ανθρώπων, στους οποίους οφείλω την ειλικρινή μου ευγνωμοσύνη.

Πρώτιστα, επιθυμώ να εκφράσω τις εγκάρδιες ευχαριστίες μου στον επιβλέποντα καθηγητή μου, κ. Στάμου
Γεώργιο, για την τιμή και την ευκαιρία που μου προσέφερε να εργαστώ στο πλαίσιο του Εργαστηρίου Συστημάτων
Τεχνητής Νοημοσύνης και Μάθησης. Η επιστημονική καθοδήγηση και η διαρκής του ενθάρρυνση αποτέλεσαν
πολύτιμο κίνητρο καθ’ όλη τη διάρκεια της ακαδημαϊκής και προσωπικής πορείας. Η καθοδήγησή του δεν
περιορίστηκε στο ακαδημαϊκό επίπεδο, αλλά επηρέασε ουσιαστικά και την επαγγελματική μου πορεία, ωθώντας
με να εφαρμόσω στην πράξη τις θεωρητικές μου γνώσεις, να δοκιμαστώ σε πραγματικές εργασιακές συνθήκες
και να αναπτύξω μια πολυδιάστατη και ισορροπημένη επαγγελματική ταυτότητα.

Θερμές ευχαριστίες οφείλω, επίσης, στους διδάκτορες κ. Γιώργο Φιλανδριανό και κα. Μαρία Λυμπεραίου για τη
συνεχή και ουσιαστική τους στήριξη. Η αφοσίωσή τους, η διάθεσή τους για συνεργασία και η βαθιά επιστημονική
τους κατάρτιση υπήρξαν ανεκτίμητες αρωγοί στην εξέλιξη της παρούσας εργασίας. Μέσω της ενεργού εμπλοκής
τους, εντάχθηκα σε ένα δημιουργικό και δυναμικό περιβάλλον, από το οποίο αποκόμισα πολύτιμες εμπειρίες και
δεξιότητες.

Τέλος, οφείλω ένα τεράστιο ευχαριστώ στους κοντινούς μου ανθρώπους. Οι γονείς μου, ο αδερφός μου και
η κοπέλα μου, στάθηκαν δίπλα μου στις πιο δύσκολες στιγμές, σε δοκιμασίες υγείας που δεν θα μπορούσα να
ανακάμψω μόνος.

Κατά τη διάρκεια όλης αυτής της διαδρομής, η υπενθύμιση ότι ’η πίεση είναι προσωρινή αλλά οι νίκες μένουν για
πάντα’ μου έδινε κουράγιο. Αυτή η διπλωματική εργασία, σηματοδοτώντας την ολοκλήρωση των σπουδών μου
ενάντια στις αντιξοότητες, αποτελεί μια μεγάλη νίκη.

Πέτρος Ραπτόπουλος, Ιούλιος 2025

9





Contents

1 Per—lhyh 5

2 Abstract 7

Contents 11

List of Figures 14

List of Tables 15

3 EktetamŁnh Per—lhyh sta Ellhnik� 19
3.1 Θεωρητικό Υπόβαθρο . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.1.1 Γλωσσικά Μοντέλα . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.1.2 Τεχνικές Μάθησης . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.1.3 Εκπαίδευση των Μεγάλων Γλωσσικών Μοντέλων . . . . . . . . . . . . . . . . . . . . . 21
3.1.4 Η ΄Εννοια της Προτροπής (Prompting) . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.1.5 Στρατηγικές και Τεχνικές Προτροπής . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.1.6 Επαυξημένη Δημιουργία μέσω Ανάκτησης (Retrieval-Augmented Generation - RAG) . 24
3.1.7 Πολυπρακτορικά Συστήματα (Multi-Agent Systems) . . . . . . . . . . . . . . . . . . . . 25

3.2 Η αρχιτεκτονική του PAKTON . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2.1 Επισκόπηση . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2.2 Αρχειοφύλακας . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.2.3 Ανακριτής . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.4 Ερευνητής . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3 Πειράματα και Αποτελέσματα . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.3.1 Ποσοτικά Αποτελέσματα . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.3.2 Ποιοτικά Αποτελέσματα . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.3.3 Αξιολόγηση μέσω LLMs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.4 Συμπεράσματα και Μελλοντικές Επεκτάσεις . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.5 Περιορισμοί και Ηθική . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4 Introduction 37

5 Background 39
5.1 Large Language Models (LLMs) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

5.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.1.2 Transformer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.1.3 Deeper Exploration of LLM Components . . . . . . . . . . . . . . . . . . . . . . . . . 43

5.2 Training Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.2.2 Pre-Training and Fine-Tuning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.3 Prompting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.3.1 Prompting Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.3.2 Prompt Categories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

11



Contents

5.3.3 Prompting Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
5.4 Retrieval-Augmented Generation (RAG) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
5.4.2 Core Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
5.4.3 Retrieval Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.4.4 Advantages of RAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.5 Multi-Agent Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.5.1 De�nition and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.5.2 Key Characteristics of Agents in MAS . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.5.3 Agent Roles in LLM-based Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
5.5.4 Coordination Mechanisms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.6 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
5.6.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
5.6.2 Key Inspirations and di�erentiations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

6 PAKTON Framework 57
6.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
6.2 Archivist . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
6.3 Interrogator . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
6.4 Researcher . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
6.5 Prompt Engineering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

7 Experiments and Results 63
7.1 Quantitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

7.1.1 Performance on a classi�cation dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
7.1.2 Performance of RAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

7.2 Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
7.3 Evaluation using LLMs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

8 Conclusion 69

9 Limitations and Ethical Considerations 71
9.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
9.2 Ethical Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

10 Future Work 73

11 Bibliography 75

A Framework's Implementation Details 81
A.1 Prompts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

B Experiments on LegalBenchRAG 83
B.1 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
B.2 PAKTON Evaluation Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
B.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

C Experiments on ContractNLI 89
C.1 Dataset Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
C.2 Dataset Subsets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
C.3 Prompting Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
C.4 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
C.5 Detailed Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
C.6 Execution Details of PAKTON . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

D Human Evaluation 97

12



Contents

E G-EVAL Experiments 99

F Representative Output from PAKTON and Comparative Analysis with GPT (RAG) 103

13



Contents

14



List of Figures

3.1.1 (a) Mhdenikˆ paradeÐgmata, (b) 'Ena parˆdeigma, (c) LÐga paradeÐgmata[11] . . . . . . . . . . 23
3.1.2Parˆdeigma protrop c me endiˆmesec skèyeic(Chain-of-Thought Prompting) [84] . . . . . . . 24
3.2.1Ro  qr shc tou PAKTON: upobol  nomikoÔ erwt matoc kai paragwg  analutik c anaforˆc . 26
3.2.2Episkìphsh tou proteinìmenou plaisÐouPAKTON kai twn eswterik¸n tou sunistws¸n . . . . 27
3.2.3Anaparˆstash Dèntrou kai Ro  TemaqismoÔ gia Sumbolaiakˆ 'Eggrafa . . . . . . . . . . . . 29
3.3.1Sugkritik  anˆlush PAKTON kai GPT-4o. To ˆnw diˆgramma apeikonÐzei tic anjr¸pinec protim seic

bˆsei ennèa krithrÐwn axiolìghshc , sugkentrwtikˆ gia ìlec tic erwt seic . To kˆtw diˆgramma
parousiˆzei ta apotelèsmata G-EVAL gia ta Ðdia krit ria , sugkentrwtikˆ gia ìlec tic exìdouc sto
ContractNLI. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5.1.1The Transformer - model architecture . The original Transformer follows this overall
architecture using stacked self-attention and point-wise, fully connected layers for both the
encoder and decoder, shown in the left and right halves of �gure respectively[75] . . . . . . . 43

5.1.2 Self-Attention Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
5.3.1 Prompting Typology [48] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
5.3.2 (a) Zero-shot prompting, (b) One-shot prompting, (c) Few-shot prompting [11] . . . . . . . . 51
5.3.3 Chain-of-thought [84] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

6.1.1 PAKTON user �ow: legal query submission followed by comprehensive report generation. . . 57
6.1.2 An overview of the proposed PAKTON framework and its internal components. . . . . . . . . 58
6.2.1 Tree Representation and Chunking Work�ow for Contract Documents . . . . . . . . . . . . . 60

7.2.1Comparison analysis of PAKTON and GPT-4o. 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. . . . . . . . . . . . . . . . . . . . . . . . . . . 65

B.3.1Precision and Recall values for di�erent k across all datasets for all methods . . . . . . . . . . 88

D.0.1Comparative analysis of PAKTON vs. GPT-4o based on human evaluator judgments across
di�erent criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

E.0.1Comparative analysis of PAKTON vs. GPT-4o based on the G-EVAL framework across
di�erent criteria. Distribution of the aggregated scores across all criteria. . . . . . . . . . . . 101

F.0.1The user interface (UI) of PAKTON employed during the human evaluation with study
participants. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

15



List of Figures

16



List of Tables

7.1 Performance comparison of PAKTON and other methods across models on the ContractNLI
test set. The highest accuracy and F1[w] are shown inbold . . . . . . . . . . . . . . . . . . . 67

7.2 Precision and Recall @k 2 f 1; 2; 4; 8; 16; 32; 64g for four retrieval pipelines on �ve legal-text
datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

B.1 Performance comparison on di�erent datasets for Precision and Recall at various k values for
PAKTON's Researcher and Archivist under con�guration 1. . . . . . . . . . . . . . . . . . . . 86

B.2 Performance comparison across di�erent datasets in terms of Precision and Recall at various
k values, using PAKTON's Researcher and Archivist under Con�guration 2. . . . . . . . . . . 86

B.3 Performance comparison across di�erent datasets in terms of Precision and Recall at various k
values, using PAKTON's Researcher and Archivist components under Con�guration 1, based
on span-based calculation of Precision and Recall. . . . . . . . . . . . . . . . . . . . . . . . . 87

B.4 Recall @k for perfect retrieval using ground-truth snippets. Note: Precision is 100% for all
cases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

B.5 Average number of characters retrieved @k for each dataset for PAKTON con�guration 1.
Comparison with average length of ground truth (answer) and document lengths. . . . . . . . 87

C.1 Baseline performance of models across multiple evaluation runs on the ContractNLI test set.
(Part 1 of 3) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

C.2 Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 2 of 3). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

C.3 Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 3 of 3). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

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) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

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) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

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) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

E.1 Comparison of PAKTON and GPT scores acquired across di�erent evaluation criteria
aggregated for all examined outputs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

E.2 Example illustrating score penalization of "Contextual and Legal Understanding" due to
further research section of the report. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

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. . . . . . . 100

17



List of Tables

18



Chapter 3

Ektetamènh PerÐlhyh sta Ellhnikˆ

19



Chapter 3. Ektetamènh PerÐlhyh sta Ellhnikˆ

3.1 Jewrhtikì Upìbajro

3.1.1 Glwssikˆ Montèla

Ta Glwssikˆ Montèla (GM) eÐnai upologistikˆ sust mata pou stoqeÔoun sthn katanìhsh kai paragwg 
fusik c gl¸ssac , problèpontac thn pijanìthta emfˆnishc lèxewn   frˆsewn me bˆsh ta sumfrazìmena . Stic
pr¸imec morfèc touc, ìpwc ta n-gram montèla, h prìbleyh basizìtan se stajerì arijmì prohgoÔmenwn lèxewn
kai se aploÔc pijanotikoÔc kanìnec. Parˆ thn aplìthtˆ touc , ta montèla autˆ periorÐzontan apì thn adunamÐa
touc na genikeÔsoun se spˆniec   mh parathrhmènec akoloujÐec lèxewn.

Gia na xeperastoÔn autoÐ oi periorismoÐ, eis qjhsan ta neurwnikˆ glwssikˆ montèla , arqikˆ mèsw
dÐktua prìsjiac trofodìthshc (feedforward neural networks [86])kai sth sunèqeia mèsw anadromik¸n(RNNs
[54] , LSTMs). Koinì touc qarakthristikì eÐnai h qr sh enswmat¸sewn lèxewn(word embeddings),oi opoÐec
prosfèroun suneqeÐc anaparastˆseic uyhlìterhc shmasiologik c plhroforÐac . Aut  h prosèggish epitrèpei
megalÔterh prosarmostikìthta kai katanìhsh sunjetìterwn glwssik¸n dom¸n .

H shmantikìterh ìmwc teqnologik  tom   rje me thn eisagwg  thc arqitektonik c twn Metasqhmatist¸n
(Transformers) [76], pou basÐzetai ston mhqanismìprosoq c (attention) kai egkataleÐpei pl rwc tic
epanalhptikèc domèc. Oi Metasqhmatistèc mporoÔn na epexergˆzontai olìklhrec akoloujÐec lèxewn
tautìqrona , montelopoi¸ntac makroqrìniec exart seic kai polÔplokec glwssikèc sqèseic me exairetik 
apotelesmatikìthta . Aut  h idiìthta touc kajistˆ idanikoÔc gia pl joc efarmog¸n sthn EpexergasÐa Fusik c
Gl¸ssac (EFG).

Megˆla Glwssikˆ Montèla (MGM ). Ta Megˆla Glwssikˆ Montèla (MGM) eÐnai exeligmèna
montèla pou basÐzontai sthn arqitektonik  tou Metasqhmatist  kai ekpaideÔontai se terˆstia s¸mata
keimènou. Lìgw tou megèjouc touc kai thc poikilÐac twn dedomènwn ekpaÐdeushc, diajètoun axioshmeÐwth
ikanìthta genÐkeushc kai antimet¸pishc polÔplokwn ergasi¸n.

Upˆrqoun treic basikèc arqitektonikèc parallagèc MGM :

ˆ Mìno Kwdikopoiht c (Encoder-only): Qarakthristikì parˆdeigma eÐnai to BERT [20], to
opoÐo sqediˆsthke gia ergasÐec katanìhshc, ìpwc taxinìmhsh protˆsewn , anagn¸rish ontot twn kai
antistoÐqish erwt matoc-apˆnthshc. O kwdikopoiht c analÔei pl rwc thn eÐsodo, qwrÐc na parˆgei nèa
akoloujÐa exìdou.

ˆ Kwdikopoiht c -Apokwdikopoiht c (Encoder�Decoder): QrhsimopoieÐtai se ergasÐec ìpou h
eÐsodoc kai h èxodoc eÐnai diaforetikèc akoloujÐec, ìpwc h mhqanik  metˆfrash. Ta montèla BART [43]
kai T5 [62] axiopoioÔn aut  th dom  kai diaprèpoun se kaj konta epexergasÐac kai anadìmhshc gl¸ssac.

ˆ Mìno Apokwdikopoiht c (Decoder-only): Montèla ìpwc to GPT [61] an koun se aut  thn
kathgorÐa. EkpaideÔontai me autopalÐndromh mˆjhsh(autoregressive learning),problèpontac diadoqikˆ
thn epìmenh lèxh, gegonìc pou ta kajistˆ idanikˆ gia dhmiourgÐa keimènou, sunomiliakèc diepafèc, kai
sÔnjeth genetik  sullogistik  .

Autèc oi arqitektonikèc antanakloÔn diaforetikèc sqediastikèc filosofÐec kai eÐnai katˆllhlec gia diaforetikˆ
eÐdh ergasi¸n sthn EFG. Ta encoder-onlymontèla uperèqoun se katanìhsh kai anˆlush, ta encoder-decoder
se metasqhmatismoÔc kai metˆfrash, en¸ ta decoder-onlyeÐnai korufaÐa gia genetikèc efarmogèc.

Kaj¸c ta MGM suneqÐzoun na exelÐssontai� me thn aÔxhsh tou arijmoÔ paramètrwn, th beltÐwsh twn
strathgik¸n ekpaÐdeushc kai thn enswmˆtwsh ergaleÐwn kai mn mhc� apoteloÔn plèon to jemèlio gia
thn anˆptuxh prohgmènwn susthmˆtwn teqnht c nohmosÔnhc, metaxÔ twn opoÐwn kai nomikˆ exeidikeumèna
sust mata ìpwc to PAKTON .

3.1.2 Teqnikèc Mˆjhshc

Oi teqnikèc Mhqanik c Mˆjhshc (Machine Learning � ML) apoteloÔn to jemèlio thc sÔgqronhc
teqnht c nohmosÔnhc kai diaforopoioÔntai kurÐwc bˆsei tou trìpou me ton opoÐo axiopoioÔntai ta dedomèna
katˆ thn ekpaÐdeush, allˆ kai tou bajmoÔ epopteÐac pou parèqetai. Oi basikèc kathgorÐec perilambˆnoun thn
epiblepìmenh, th mh epiblepìmenhkai thn enisqutik  mˆjhsh , en¸ upˆrqoun kai ubridikèc morfèc, ìpwc h
hmiepiblepìmenhkai h autoepiblepìmenh mˆjhsh, pou sunduˆzoun qarakthristikˆ apì tic kÔriec proseggÐseic.
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Epiblepìmenh Mˆjhsh (Supervised Learning). Se autì to plaÐsio , to montèlo ekpaideÔetai me
epishmasmènadedomèna, dhlad  kˆje eÐsodoc sunodeÔetai apì mia gnwst  kai swst  èxodo(etikèta). Stìqoc
eÐnai h mˆjhsh enìc montèlou prìbleyhc pou na mporeÐ na genikeÔei swstˆ se nèa, mh oratˆ dedomèna. H
epiblepìmenh mˆjhsh efarmìzetai eurèwc se probl mata ìpwc h taxinìmhsh (p.q., anˆlush sunaisj matoc ,
diˆgnwsh asjenei¸n ) kai h palindrìmhsh (p.q., prìbleyh tim¸n   posot twn ). H apotelesmatikìthta aut c
thc mejìdou exartˆtai ˆmesa apì thn poiìthta kai thn posìthta twn diajèsimwn epishmasmènwn dedomènwn.

Mh Epiblepìmenh Mˆjhsh (Unsupervised Learning). Se antÐjesh me thn epiblepìmenh prosèggish,
ed¸ to montèlo kaleÐtai na anakalÔyei domèc   motÐba mèsa semh epishmasmènadedomèna, qwrÐc na gnwrÐzei
prokajorismènec exìdouc. Klasikèc efarmogèc perilambˆnoun thn omadopoÐhsh(clustering), th meÐwsh
diastˆsewn (dimensionality reduction) kai thn anÐqneush anwmali¸n(anomaly detection). H mh epiblepìmenh
mˆjhsh eÐnai idiaÐtera qr simh se peript¸seic ìpou den upˆrqoun diajèsimec etikètec, ìpwc se anˆlush
katanalwtik c sumperiforˆc   qartogrˆfhsh jemˆtwn se megˆla keÐmena .

Hmiepiblepìmenh Mˆjhsh (Semi-supervised Learning). Aut  h teqnik  apoteleÐ endiˆmesh lÔsh,
sunduˆzontac ènan mikrì arijmì epishmasmènwn dedomènwn me èna megalÔtero sÔnolo mh epishmasmènwn.
To montèlo arqikˆ ekpaideÔetai sta dedomèna me etikètec kai katìpin axiopoieÐ thn plhroforÐa apì ta mh
epishmasmèna, belti¸nontac th genÐkeush kai mei¸nontac thn anˆgkh gia ekten  qeirokÐnhth epishmeÐwsh.
EÐnai idiaÐtera apotelesmatik  se pedÐa ìpou h epis mansh eÐnai dapanhr    qronobìra, ìpwc h bioðatrik    h
nomik  anˆlush. [87]

Autoepiblepìmenh Mˆjhsh (Self-supervised Learning). H autoepiblepìmenh mˆjhsh anadeiknÔetai
wc idiaÐtera isqur  teqnik  , eidikˆ gia thn proekpaÐdeush megˆlwn glwssik¸n kai optik¸n montèlwn. Se
aut n , to Ðdio to sÔsthma dhmiourgeÐ epopteÐa mèswteqnht¸n prokajorismènwn ergasi¸n (pretext tasks),
ìpwc h prìbleyh thc epìmenhc lèxhc se èna keÐmeno   h sumpl rwsh miac frˆshc. Parìlo pou basÐzetai se
mh epishmasmèna dedomèna, katafèrnei na mˆjei ploÔsiec kai genikeÔsimec anaparastˆseic. QrhsimopoieÐtai
eurèwc sthn EpexergasÐa Fusik c Gl¸ssac (EFG) (p.q., BERT, GPT) kai sthn Upologistik  'Orash (p.q.,
SimCLR, DINO).

Enisqutik  Mˆjhsh (Reinforcement Learning). H enisqutik  mˆjhsh diaforopoieÐtai ousiastikˆ apì
tic prohgoÔmenec mejìdouc, kaj¸c sthrÐzetai se prˆktorec (agents) pou allhlepidroÔn me èna peribˆllon kai
majaÐnoun mèsw antamoib¸n   poin¸n. O prˆktorac epiqeireÐ enèrgeiec, parathreÐ tic sunèpeiec kai prosarmìzei
th strathgik  tou ¸ste na megistopoi sei th swreutik  antamoib  . H enisqutik  mˆjhsh eÐnai h bˆsh gia pollˆ
epiteÔgmata sthn Teqnht  NohmosÔnh, ìpwc h ekmˆjhsh paiqnidi¸n (p.q., AlphaGo) kai h beltistopoÐhsh
strathgik¸n se dunamikˆ   abèbaia peribˆllonta (p.q., rompotik  , autìnomh plo ghsh , oikonomik  anˆlush).

SunoyÐzontac, kˆje teqnik  mˆjhshc parousiˆzei monadikˆ pleonekt mata kai periorismoÔc, kai h epilog 
exartˆtai apì th fÔsh tou probl matoc , thn poiìthta twn diajèsimwn dedomènwn kai touc stìqouc tou
sust matoc . Se pollˆ sÔgqrona sust mata , oi parapˆnw proseggÐseic sunduˆzontai gia thn epÐteuxh
an¸terhc apìdoshc kai genÐkeushc.

3.1.3 EkpaÐdeush twn Megˆlwn Glwssik¸n Montèlwn

H diadikasÐa ekpaÐdeushc twn Megˆlwn Glwssik¸n Montèlwn(MGM) basÐzetai se mia prosèggish dÔo
stadÐwn: thn arqik  proekpaÐdeush(pre-training) kai thn epakìloujh exeidÐkeush(�ne-tuning). Oi dÔo autèc
fˆseic sunergˆzontai gia na prosd¸soun sto montèlo tìso genik  katanìhsh thc fusik c gl¸ssac ìso kai
ikanìthta prosarmog c se sugkekrimènec efarmogèc.

ProekpaÐdeush (Pre-training). Sthn pr¸th fˆsh , to montèlo ekpaideÔetai se terˆstiec posìthtec
adìmhtou   hmidomhmènou keimènou, ìpwc biblÐa, ˆrjra   istìtopouc , qwrÐc thn apaÐthsh epishmasmènwn
dedomènwn. Katˆ thn proekpaÐdeush, ulopoioÔntai programmatismènec ergasÐec mˆjhshc, ìpwc h prìbleyh thc
epìmenhc lèxhc   h anasugkrìthsh enìc apospasmatikoÔ keimènou, pou epitrèpoun sto montèlo na katano sei
th grammatik , th sÔntaxh kai tic shmasiologikèc susqetÐseic thc gl¸ssac . Autì prosfèrei sto montèlo
mia isqur  bˆsh gia metaforˆ gn¸shc (transfer learning), mei¸nontac thn anˆgkh gia megˆla epishmasmèna
sÔnola stic epìmenec fˆseic.
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ParadeÐgmata tètoiwn montèlwn perilambˆnoun toBERT, to opoÐo proekpaideÔetai mèsw mˆskac lèxewn, kai
to GPT, pou basÐzetai sthn autopalÐndromh prìbleyh epìmenwn lèxewn.

ExeidÐkeush (Fine-tuning). Metˆ thn apìkthsh genik¸n glwssik¸n ikanot twn , to proekpaideumèno
montèlo prosarmìzetai se sugkekrimènec ergasÐec   tomeÐc mèsw thc diadikasÐac tou�ne-tuning. Se aut  th
fˆsh , to montèlo ekpaideÔetai me epishmasmèna dedomèna mikrìterhc klÐmakac, epitrèpontˆc tou na exeidikeÔsei
th gn¸sh tou kai na entopÐsei pio leptomer  motÐba pou sqetÐzontai me th sugkekrimènh ergasÐa, ìpwc h
kathgoriopoÐhsh nomik¸n rhtr¸n , h exagwg  ontot twn   h apˆnthsh se erwt mata .

H teqnik  aut  eÐnai idiaÐtera apodotik  ìtan ta diajèsima dedomèna eÐnai periorismèna, kaj¸c to montèlo xekinˆ
me èna prohgmèno epÐpedo gn¸shc, mei¸nontac ton kÐnduno uperprosarmog c kai belti¸nontac th genÐkeush
se ˆgnwsta paradeÐgmata.

Tomeakˆ Exeidikeumèno Pre-training. Se peribˆllonta ìpou h ergasÐa -stìqoc eÐnai idiaÐtera
exeidikeumènh(p.q., nomikˆ   iatrikˆ keÐmena), h apìdosh tou montèlou mporeÐ na enisqujeÐ peraitèrw me
èna endiˆmeso stˆdio: thn tomeak  proekpaÐdeush. Se aut n , to montèlo, afoÔ èqei  dh apokt sei genikèc
glwssikèc gn¸seic , epanekpaideÔetai se keÐmena tou sugkekrimènou pedÐou prin thn efarmog  tou�ne-tuning.
Gia parˆdeigma, èna montèlo pou èqei arqikˆ ekpaideuteÐ sthWikipedia, mporeÐ sth sunèqeia na proekpaideuteÐ
se nomikˆ èggrafa   iatrikèc anaforèc .

Autì to epiplèon b ma epitrèpei sto montèlo na katano sei to orologikì kai jematikì plaÐsio tou pedÐou
efarmog c kai belti¸nei th shmasiologik  tou euaisjhsÐa se tomeakˆ fainìmena . To apotèlesma eÐnai
megalÔterh akrÐbeia, sunèpeia kai axiopistÐa stic exeidikeumènec efarmogèc.

Sunduastik  Strathgik  EkpaÐdeushc . O sunduasmìc genik c proekpaÐdeushc, tomeak c
proekpaÐdeushc kai stoqeumènou�ne-tuning sugkroteÐ mia euèlikth kai isqur  strathgik  . Aut  h prosèggish
prosdÐdei sta MGM ikanìthta genÐkeushc se eurÔ fˆsma ergasi¸n, en¸ tautìqrona epitugqˆnoun uyhl 
akrÐbeia se eidikèc peript¸seic. EÐnai mia teqnik  idiaÐtera katˆllhlh gia senˆria me periorismèna dedomèna,
kaj¸c mei¸nei drastikˆ tic apait seic gia epishmasmènec eisìdouc, enisqÔontac thn apodotikìthta, thn
epektasimìthta kai thn praktik  efarmosimìthta twn montèlwn sthn prˆxh .

Sthn prˆxh , autì to triplì sq ma ekpaÐdeushc èqei apotelèsei th bˆsh gia pollèc epituqeÐc efarmogèc se
pedÐa ìpwc h nomik  teqnologÐa, h iatrik  diˆgnwsh , h qrhmatooikonomik  anˆlush kai oi eikonikoÐ bohjoÐ
fusik c gl¸ssac .

3.1.4 H 'Ennoia thc Protrop c (Prompting)

ˆ TuqaÐa epilog  : Endeiktikˆ paradeÐgmata epilègontai qwrÐc peraitèrw filtrˆrisma.

ˆ Shmasiologik  eggÔthta : Epilègontai paradeÐgmata pou eÐnai parìmoia me th nèa eÐsodo,
auxˆnontac thn sunˆfeia .

ˆ PoikilomorfÐa paradeigmˆtwn : H sumperÐlhyh eterìklhtwn peript¸sewn prowjeÐ kalÔterh
genÐkeush.

H protrop  (prompting) apoteleÐ mia jemeli¸dh kainotomÐa sth qr sh twn Megˆlwn Glwssik¸n Montèlwn
(MGM), epanaprosdiorÐzontac ton trìpo me ton opoÐo epitugqˆnetai h prosarmog  enìc montèlou se nèec
ergasÐec. Se antÐjesh me tic paradosiakèc mejìdouc thc epiblepìmenhc mˆjhshc, ìpou apaiteÐtai h ek nèou
ekpaÐdeush tou montèlou me epishmasmèna dedomèna gia kˆje diaforetik  ergasÐa, h mˆjhsh mèsw protrop¸n
epitrèpei thn axiopoÐhsh thc  dh apokthjeÐsac gn¸shc enìc proekpaideumènou MGM.

Ston pur na aut c thc prosèggishc brÐsketai h idèa ìti oi eÐsodoi proc to montèlo mporoÔn na diatupwjoÔn
wc odhgÐec se fusik  gl¸ssa pou energopoioÔn thn eswterik  gn¸sh tou montèlou. Oi protropèc suqnˆ
perilambˆnoun ken,̂ paradeÐgmata   epexhghmatikèc odhgÐec, me skopì na upobˆloun sto montèlo thn
katˆllhlh � ermhneÐa� thc ergasÐac kai na to kajodhg soun proc thn epijumht  èxodo.

H protrop  èqei anadeiqjeÐ wc idiaÐtera apotelesmatik  gia senˆriamhdenik¸n   lÐgwn paradeigm t̂wn
(zero-shotkai few-shot learning), ìpou to montèlo kaleÐtai na lÔsei nèec ergasÐec qwrÐc ektetamènh peraitèrw
ekpaÐdeush. Aut  h ikanìthta kajistˆ ta MGM exairetikˆ euèlikta kai eÔkola epektˆsima se diaforetikˆ
peribˆllonta , prosfèrontac praktikèc lÔseic se èna eurÔ fˆsma efarmog¸n .
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Figure 3.1.1: (a) Mhdenikˆ paradeÐgmata, (b) 'Ena parˆdeigma, (c) LÐga paradeÐgmata[11]

3.1.5 Strathgikèc kai Teqnikèc Protrop c

H tèqnh tou prompting aforˆ thn epilog  , sÔnjesh kai diatÔpwsh thc katˆllhlhc morf c protrop c ¸ste
na anadeiknÔetai pl rwc h leitourgikìthta tou montèlou . Pèra apì th basik  diatÔpwsh erwthmˆtwn , oi
teqnikèc prompting diamorf¸nontai bˆsei thc posìthtac kai thc fÔshc twn plhrofori¸n pou parèqontai sto
montèlo. Oi kuriìterec kathgorÐec perilambˆnoun:

Mhdenikˆ ParadeÐgmata (Zero-shot Prompting)

Sthn teqnik  zero-shot prompting, to montèlo kaleÐtai na apant sei se mia ergasÐa mìno bˆsei thc
fraseologÐac thc odhgÐac, qwrÐc na tou parèqetai kanèna parˆdeigma. H epituqÐa aut c thc teqnik c
proôpojètei ìti to montèlo èqei apokt sei epark  ennoiologik  katanìhsh katˆ to stˆdio thc proekpaÐdeushc .
Parìlo pou den parèqetai ek twn protèrwn � mˆjhsh � mèsw paradeigmˆtwn, h apìdosh twn MGM paramènei
entupwsiak  , eidikˆ se gnwstèc kai genikèc ergasÐec.

'Ena   LÐga ParadeÐgmata (One-shot kai Few-shot Prompting)

Sthn perÐptwsh thc one-shot prompting, to montèlo lambˆnei èna monadikì parˆdeigma thc zhtoÔmenhc
ergasÐac, sun jwc me saf  antistoÐqish eisìdou -exìdou, kai kaleÐtai na epanalˆbei thn apìdosh se nèo
dedomèno. H few-shot prompting epekteÐnei aut  thn idèa parèqontac sto montèlo pollaplˆ paradeÐgmata
(sun jwc 3�5), enisqÔontac thn ikanìthtˆ tou na anagnwrÐzei prìtupa.

H apotelesmatikìthta aut¸n twn teqnik¸n exartˆtai apì ton trìpo epilog c twn paradeigmˆtwn . Ta kuriìtera
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krit ria perilambˆnoun :

Protrop  me AlusÐda Sullogistik c (Chain-of-Thought Prompting)

H teqnik  Chain-of-Thought Prompting (CoT) eisˆgei èna krÐsimo b ma sthn protrop , enswmat¸nontac
rhtˆ th logik  poreÐa epÐlushc enìc probl matoc . To montèlo enjarrÔnetai na paragˆgei mia allhlouqÐa
sullogism¸n pou odhgoÔn sth lÔsh, prosomoi¸nontac ton trìpo me ton opoÐo ènac ˆnjrwpoc skèftetai b ma
proc b ma. H prosèggish aut  èqei apodeiqjeÐ idiaitèrwc apotelesmatik  se ergasÐec pou apaitoÔn majhmatikì,
analutikì   aitiakì sullogismì , auxˆnontac th diafˆneia kai thn axiopistÐa twn apant sewn.

Figure 3.1.2: Parˆdeigma protrop c me endiˆmesec skèyeic(Chain-of-Thought Prompting) [84]

Sunolikˆ , h strathgik  tou prompting apoteleÐ ènan idiaÐtera apodotikì kai euèlikto trìpo axiopoÐhshc
twn MGM. Prosfèrei th dunatìthta dhmiourgÐac �plug-and-play� lÔsewn, epitrèpontac thn efarmog  enìc
montèlou se nèa peribˆllonta qwrÐc peraitèrw epanekpaÐdeush. Oi teqnikèc prompting ìqi mìno epitaqÔnoun
th diadikasÐa prosarmog c, allˆ enisqÔoun kai th diafˆneia , kajist¸ntac thn prosèggish aut  aparaÐthto
ergaleÐo sth sÔgqronh epexergasÐa fusik c gl¸ssac.

3.1.6 Epauxhmènh DhmiourgÐa mèsw Anˆkthshc (Retrieval-Augmented
Generation - RAG)

H Epauxhmènh DhmiourgÐa mèsw Anˆkthshc(Retrieval-Augmented Generation � RAG ) apoteleÐ èna
ubridikì parˆdeigma sust matoc er¸thshc -apìkrishc , to opoÐo sunduˆzei th dÔnamh thc exagwgik c anˆkthshc
plhrofori¸n me thn dhmiourgik  ikanìthta twn Megˆlwn Glwssik¸n Montèlwn (MGM). H kentrik  idèa
pÐsw apì to RAG eÐnai h paroq  sto glwssikì montèlo prìsbashc se exwterikèc phgèc gn¸shc (p.q.,
bˆseic eggrˆfwn , istoselÐdec, bˆseic dedomènwn), ¸ste na mporeÐ na dhmiourgeÐ apant seic pou eÐnai ìqi mìno
suntaktikˆ orjèc allˆ kai epalhjeÔsimec kai tekmhriwmènec. Katˆ autìn ton trìpo apofeÔgontai fainìmena
" paraisj sewn " (hallucinations)[30].

H paradosiak  prosèggish twn MGM basÐzetai apokleistikˆ sth gn¸sh pou enswmat¸netai katˆ th fˆsh
thc proekpaÐdeushc. Wstìso , h statik  fÔsh aut c thc gn¸shc apoteleÐ shmantikì periorismì , eidikˆ se
tomeÐc ìpou oi plhroforÐec eÐnai dunamikèc   exeidikeumènec. To RAG epilÔei autì to prìblhma epitrèpontac
sto montèlo na anaktˆ sqetikˆ apospˆsmata keimènou apì mia exwterik  bˆsh dedomènwn(Retriever) kai sth
sunèqeia na dhmiourgeÐ apant seic basismènec se autˆ ta apospˆsmata(Generator).

Aut  h arqitektonik  apoteleÐtai apì dÔo kÔria stˆdia :

ˆ Anˆkthsh (Retrieval): DÐnetai èna er¸thma, kai o mhqanismìc anˆkthshc epistrèfei ta plèon sqetikˆ
èggrafa   apospˆsmata apì mia sullog  gn¸shc .
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ˆ DhmiourgÐa (Generation): To MGM dhmiourgeÐ thn telik  apˆnthsh, enswmat¸nontac to
perieqìmeno pou anakt jhke.

H prosèggish RAG èqei apodeiqjeÐ idiaÐtera apotelesmatik  se efarmogèc ìpwc:

ˆ Nomik  kai iatrik  tekmhrÐwsh

ˆ Exeidikeumènh upost rixh pelat¸n

ˆ Analutik  epexergasÐa episthmonik¸n eggrˆfwn

ˆ ErgaleÐa sumbouleutik c kai dialìgou me bˆsh tekm ria (evidence-based dialogue)

H kÔria prìklhsh sta RAG sust mata aforˆ th poiìthta thc anˆkthshc . 'Estw kai an to glwssikì montèlo
eÐnai isqurì, ellip c   anakrib c anˆkthsh mporeÐ na odhg sei se esfalmènec   anakribeÐc apant seic. Gi' autì ,
h beltistopoÐhsh tìso tou mhqanismoÔ anˆkthshc ìso kai thc strathgik c olokl rwshc (fusion) paramènei
krÐsimo ereunhtikì pedÐo.

3.1.7 Polupraktorikˆ Sust mata (Multi-Agent Systems)

Ta polupraktorikˆ sust mata (Multi-Agent Systems � MAS) apoteloÔn èna isqurì upologistikì
plaÐsio gia thn epÐlush sÔnjetwn problhmˆtwn mèsw thc sunergasÐac pollapl¸npraktìrwn (agents). 'Enac
prˆktorac mporeÐ na oristeÐ wc mia autìnomh upologistik  ontìthta me ikanìthta antÐlhyhc tou peribˆllontìc
thc, l yhc apofˆsewn kai ektèleshc energei¸n , me bˆsh sugkekrimènouc stìqouc   apostolèc. Oi prˆktorec
diajètoun mhqanismoÔc mˆjhshc, antÐdrashc kai suqnˆ epikoinwnÐac, kajist¸ntac touc idanikoÔc gia dialogikˆ ,
apokentrwmèna   sunergatikˆ senˆria.

Me thn èleush twn Megˆlwn Glwssik¸n Montèlwn (MGM), h ènnoia tou prˆktora emploutÐzetai: plèon, ènac
prˆktorac mporeÐ na ulopoihjeÐ wc èna MGM meenjulakwmènh logik  apìfashc , prìsbash se ergaleÐa, kai
ikanìthta autìnomhc allhlepÐdrashc me ˆlla sust mata   qr stec mèsw fusik c gl¸ssac . Gia parˆdeigma,
prˆktorec -MGM mporoÔn na sunduˆzoun dialìgouc, ergaleÐa anˆkthshc gn¸shc kai sqediasmì enèrgeiac,
leitourg¸ntac wc autìnomec upomonˆdec se èna megalÔtero gnwsiakì sÔsthma.

'Ena Polupraktorikì SÔsthma (MAS) apoteleÐtai apì polloÔc tètoiouc prˆktorec , pou sunergˆzontai  
leitourgoÔn parˆllhla entìc enìc koinoÔ peribˆllontoc . Oi prˆktorec mporeÐ na èqoun diaforetik  eidÐkeush
  stìqo , kai h dunamik  allhlepÐdrash metaxÔ touc mporeÐ na epifèrei lÔseic uyhl c poluplokìthtac   na
parˆgei anaduìmenec sumperiforèc.

Kˆje prˆktorac se èna MAS mporeÐ na diajètei:

ˆ Autìnomh l yh apofˆsewn : EkteleÐ enèrgeiec bˆsei eswterik c logik c , strathgik c   stìqwn ,
qwrÐc exwterikì èlegqo.

ˆ Merik  gn¸sh : Katèqei mìno èna uposÔnolo thc diajèsimhc plhroforÐac, enisqÔontac thn anˆgkh
sunergasÐac kai suntonismoÔ.

ˆ Ikanìthta EpikoinwnÐac : Antallˆssei plhroforÐec   ait mata me ˆllouc prˆktorec mèsw koin¸n
prwtokìllwn epikoinwnÐac, eÐte kentrikˆ eÐte apokentrwmèna.

H qr sh MGM wc prˆktorec enisqÔei thn ikanìthta kˆje monˆdac na katanoeÐ sÔnjetec glwssikèc entolèc,
na analÔei èggrafa, na allhlepidrˆ dialogikˆ me ton qr sth kai na qrhsimopoieÐ exwterikˆ ergaleÐa (ìpwc
APIs, bˆseic dedomènwn,   anakt¸menh gn¸sh mèsw RAG). ParadeÐgmata tètoiwn praktìrwn perilambˆnoun:

ˆ Prˆktorec Anˆkthshc Gn¸shc (Retrievers): Exeidikeumènoi sthn eÔresh sqetik¸n
plhrofori¸n apì exwterikèc bˆseic .

ˆ Prˆktorec SullogismoÔ (Reasoners): Parˆgoun logikèc akoloujÐec basismènec se endeÐxeic  
anakthmèna apospˆsmata.

ˆ Diamesolabhtèc Sumperasmˆtwn (Synthesizers): Sunduˆzoun apospasmatikèc plhroforÐec
se eniaÐec, ermhneÔsimec apant seic   anaforèc.

H katanom  thc gnwsiak c epibˆrunshc metaxÔ twn praktìrwn odhgeÐ se megalÔterh klimakwsimìthta,
exeidÐkeush kai anjektikìthta. Epiplèon, epitrèpei thn epexergasÐa pollapl¸n stìqwn tautìqrona , thn
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epanexètash upojèsewn apì diaforetikèc optikèc gwnÐec, kai thn paragwg  sunektik¸n apant sewn mèsw
dialogikoÔ   ierarqikoÔ suntonismoÔ metaxÔ twn montèlwn.

3.2 H arqitektonik  tou PAKTON

Se aut n thn enìthta , parousiˆzoume thn pl rh arqitektonik  kai th leitourgik  ro  tou PAKTON , tou
proteinìmenou polupraktorikoÔ mac plaisÐou gia thn anˆlush sumbolaÐwn. H enìthta perigrˆfei p¸c to
PAKTON antimetwpÐzei susthmatikˆ tic monadikèc prokl seic thc katanìhshc nomik¸n eggrˆfwn, diasp¸ntac
to prìblhma se diakritˆ allˆ allhlepidr¸nta sustatikˆ mèrh . Xekinˆme me mia episkìphsh uyhloÔ epipèdou thc
leitourgikìthtac kai twn stìqwn tou sust matoc , estiˆzontac sth diafˆneia , th jemelÐwsh mèsw anˆkthshc
plhroforÐac kai thn paragwg  domhmènwn nomik¸n anafor¸n.

Sth sunèqeia, perigrˆfoume touc treic basikoÔc prˆktorec � ton ArqeiofÔlaka , ton Anakrit  kai ton
Ereunht  � analÔontac ton rìlo kai thn eswterik  logik  kajenìc sto sunolikì sÔsthma epexergasÐac . O
ArqeiofÔlakac eÐnai upeÔjunoc gia thn eisagwg  eggrˆfwn kai th ierarqik  katˆtmhs  touc , dieukolÔnontac
thn anˆkthsh plhroforÐac me gn¸mona to sumfrazìmeno. O Anakrit c ekteleÐ epanalhptik  logik  pˆnw
sta anakthmèna apospˆsmata, sunjètontac proswpopoihmènec nomikèc anaforèc me rhtèc aitiolog seic kai
entopismì ken¸n gn¸shc . O Ereunht c diaqeirÐzetai thn endo- kai dia-eggrafik  anˆkthsh me ubridikèc kai
grafokentrikèc teqnikèc , enisquìmenoc, ìpou qreiˆzetai , apì exwterikˆ ergaleÐa.

Kˆje upoenìthta exhgeÐ tic teqnikèc leptomèreiec, ta kÐnhtra sqedÐashc kai tic arqitektonikèc epilogèc pou
kajistoÔn to PAKTON mÐa apotelesmatik  kai efarmìsimh lÔsh gia thn automatopoihmènh anaskìphsh
sumbolaÐwn.

3.2.1 Episkìphsh

To PAKTON aposkopeÐ sthn anˆlush sumbolaÐwn pou parèqontai apì ton qr sth kai sth dhmiourgÐa
apant sewn se erwt mata, tekmhriwmènwn me bˆsh to perieqìmeno tou sumbolaÐou, en¸ enswmat¸nei kai
sqetik  exwterik  gn¸sh , ìpwc apeikonÐzetai sto Sq ma3.2.1. KÔrioc stìqoc tou sqediasmoÔ eÐnai h
exasfˆlish diafanoÔc kai aniqneÔsimhc sullogistik c , mèsw anafor¸n se sugkekrimèna apospˆsmata tou
sumbolaÐou kai thc safoÔc aitiolìghshc kˆje sumperˆsmatoc. H telik  èxodoc parèqetai wc domhmènh nomik 
anaforˆ .

Figure 3.2.1: Ro  qr shc tou PAKTON: upobol  nomikoÔ erwt matoc kai paragwg  analutik c anaforˆc .

Gia thn ulopoÐhsh aut c thc leitourgikìthtac , to sÔsthma basÐzetai se mia arqitektonik  tri¸n
praktìrwn � ton ArqeiofÔlaka , ton Anakrit  kai ton Ereunht  � ìpou kajènac epiteleÐ ènan diakritì rìlo
sthn monˆda anˆkthshc, logismoÔ kai sÔnjeshc plhroforÐac. Kˆje prˆktorac ulopoieÐtai wc ènac brìqoc
sullogistik c sÔmfwna me to prìtupo ReAct [91], to opoÐo sunduˆzei b mata skèyhc kai enèrgeiac mèsw enìc
kentrikoÔ Megˆlou GlwsikoÔ Montèlou . Autìc o sqediasmìc epitrèpei stouc prˆktorec na sullogÐzontai
pˆnw sthn trèqousa katˆstash , na parˆgoun enèrgeiec prosarmosmènec sto ergaleÐo kai na belti¸noun
epanalhptikˆ tic apofˆseic touc bˆsei endiˆmeswn apotelesmˆtwn .

Mia sunolik  apeikìnish tou plaisÐou parousiˆzetai sto Sq ma 3.2.2, en¸ epiplèon teqnikèc leptomèreiec
parèqontai sto Parˆrthma A.
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Figure 3.2.2: Episkìphsh tou proteinìmenou plaisÐouPAKTON kai twn eswterik¸n tou sunistws¸n .

3.2.2 ArqeiofÔlakac

O ArqeiofÔlakac eÐnai upeÔjunoc gia th sullog  kai orgˆnwsh twn sqetik¸n plhrofori¸n pou parèqei o
qr sthc . DiadramatÐzei kentrikì rìlo sta arqikˆ stˆdia tou sust matoc , sugkentr¸nontac kai sunoyÐzontac
to er¸thma tou qr sth , tuqìn sunodeutikèc odhgÐec kaj¸c kai sqetikì sumfrazìmeno upìbajro . Oi
plhroforÐec autèc organ¸nontai kai prowjoÔntai ston prˆktora Anakrit  . O ArqeiofÔlakac epÐshc
diaqeirÐzetai thn apoj keush kai thn enswmˆtwsh thc dianusmatik c anaparˆstashc tou sumbolaÐou kai
allhlepidrˆ energˆ me ton qr sth gia thn epÐlush asafei¸n   thn anaz thsh elleipoÔc plhroforÐac .
Efarmìzei telikˆ treic basikèc leitourgÐec :

Anˆlush Eggrˆfou . Gia na katasteÐ dunat  h praktik  qr sh tou sust matoc , o ArqeiofÔlakac dèqetai
diˆforouc tÔpouc eggrˆfwn mèsw miac enopoihmènhc ro c plhroforÐac. AnalÔei eggen¸c arqeÐa keimènou,
diathr¸ntac stoiqeÐa ìpwc tÐtlouc , paragrˆfouc kai arijmhmènec diatˆxeic. Gia arqeÐaPDF, efarmìzei
teqnikèc OCR [71, 72] kai anˆlush optik c diˆtaxhc gia thn apokatˆstash thc ierarqÐac tou eggrˆfou ,
sumperilambanomènwn enot twn, pinˆkwn kai diatˆxewn pollapl¸n sthl¸n . 'Olo to perieqìmeno pou exˆgetai
filtrˆretai kai kanonikopoieÐtai ¸ste na parèqei sunep  , domhmènh eÐsodo gia thn epexergasÐa pou akoloujeÐ.

Ierarqik  Anˆlush . Ta nomikˆ èggrafa parousiˆzoun sÔnjetec domèc, eswterikèc parapompèc kai
leptèc shmasiologikèc diaforèc pou kajistoÔn tic epÐpedec anaparastˆseic aneparkeÐc. Gia thn antimet¸pish
autoÔ, dhmiourgoÔme èna ierarqikì dèntro pou antanaklˆ th dom  tou Ðdiou tou sumbolaÐou. To keÐmeno
analÔetai se aut  th dom  me qr sh domik¸n endeÐxewn se sunduasmì me metrikèc shmasiologik c omoiìthtac
basismènec se enswmat¸seic tÔpouBERT [80]   mèsw MGM.

H diadikasÐa domik c anˆlushc perilambˆnei dÔo kÔria b mata, ìpwc faÐnetai sto Sq ma 3.2.3: (1)
anagn¸rish twn diakrit¸n enot twn tou eggrˆfou kai (2) prosdiorismìc twn ierarqik¸n sqèsewn metaxÔ
touc. ParadeÐgmata enot twn perilambˆnoun tÐtlouc, r trec , paragrˆfouc kai arijmhmèna stoiqeÐa lÐstac.
MÐa enìthta jewreÐtai� paidÐ� kˆpoiac ˆllhc ìtan emfanÐzetai ènjeth wc proc ekeÐnh, me bˆsh stoiqeÐa ìpwc
h esoq , h arÐjmhsh, h optik  diˆtaxh (se OCR èggrafa )   h shmasiologik  eggÔthta .
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KwdikopoÐhsh Eggrˆfou . H anaparˆstash tou sumbolaÐou wc dèntro qrhsimopoieÐtai gia th
dhmiourgÐa apospasmˆtwn diathr¸ntac ta sumfrazìmena, ta opoÐa sth sunèqeia enswmat¸nontai gia skopoÔc
anˆkthshc plhroforÐac . H temaqismènh me bˆsh ta sumfrazìmena anaparˆstash èqei apodeiqjeÐ ìti
mei¸nei apotuqÐec anˆkthshc diathr¸ntac th shmasiologik  sunoq  metaxÔ enot twn [4]. IdiaÐtera, tìso h
epikaluptìmenh [81] ìso kai h dunamik  temaqismènh anaparˆstash[21] èqoun belti¸sei tic epidìseic sthn
anˆkthsh plhroforÐac .

Gia thn kˆluyh diaforetik¸n epipèdwn sumfrazomènwn, dhmiourgoÔme treic tÔpouc apospasmˆtwn gia kˆje
kìmbo tou dèntrou, ta opoÐa sth sunèqeia enopoioÔntai se èna eniaÐo sÔnolo. Ta diplìtupa   sqedìn
ìmoia apospˆsmata filtrˆrontai ¸ste na diathreÐtai h poikilÐa kai na apofeÔgetai h epanalhptikìthta . Oi
strathgikèc temaqismoÔ eÐnai oi ex c:

ˆ Anˆ Kìmbo : KwdikopoieÐ kˆje kìmbo memonwmèna, diathr¸ntac leptomereÐc shmasiologikèc plhroforÐec.
Idanikì gia akrib  antistoÐqish me erwt mata pou stoqeÔoun se sugkekrimènec r trec   nomikèc diatˆxeic.

ˆ Me Gn¸sh Progìnwn : Sunduˆzei ton kìmbo me touc progìnouc tou sthn ierarqÐa, enswmat¸nontac
sumfrazìmeno apì epikefalÐdec kai tÐtlouc. Autì bohjˆ sthn aposaf nish kai katanìhsh tou rìlou kˆje
enìthtac sto genikìtero plaÐsio tou sumbolaÐou.

ˆ Me Gn¸sh Apogìnwn : Sunen¸nei ton kìmbo me touc apogìnouc tou gia thn enswmˆtwsh sunektik¸n
enot twn , ìpwc r trec kai upo -r trec   lÐstec . EndeÐknutai gia sullogistik  pˆnw se sÔnjetec   polumereÐc
diatˆxeic.

Kˆje apìspasma emploutÐzetai me metadedomèna, ìpwc h jèsh tou ston domikì kormì , h jèsh tou sto èggrafo ,
to ìnoma tou arqeÐou kai mÐa sunoptik  perÐlhyh tou sumbolaÐou. Autˆ ta metadedomèna dieukolÔnoun tìso
thn anˆkthsh metaxÔ eggrˆfwn (mèsw dromolìghshc sthn apoj kh dianusmˆtwn) ìso kai thn endo-eggrafik 
katˆtaxh sunˆfeiac .

Me thn enswmˆtwsh pollapl¸n domik¸n optik¸n , to plaÐsio temaqismoÔ auxˆnei thn pijanìthta anˆkthshc
sqetik c plhroforÐac gia èna eurÔ fˆsma erwthmˆtwn� apì anazht seic rhtr¸n èwc sullogismoÔc se epÐpedo
enot twn .

3.2.3 Anakrit c

O Anakrit c eÐnai upeÔjunoc gia th dhmiourgÐa thc telik c anaforˆc pou parousiˆzetai ston qr sth wc
apˆnthsh tou sust matoc . Gia ton skopì autì , suntonÐzei mia polustadiak  diadikasÐa sullogismoÔ me
stìqo thn akrib  kai tekmhriwmènh apˆnthsh sto er¸thma . Wc eÐsodo dèqetai to er¸thma tou qr sth, to
sumfrazìmeno plaÐsio kai tic sqetikèc odhgÐec, kai xekinˆ mia epanalhptik  � anˆkrish � tou prˆktora Ereunht  .
H diadikasÐa aut  perilambˆnei th diˆspash tou arqikoÔ erwt matoc kai th dhmiourgÐa seirˆc upoerwthmˆtwn
pou aposkopoÔn sthn embˆjunsh kai aposaf nish thc plhroforÐac.

AfoÔ lˆbei apˆnthsh sto pr¸to upoer¸thma apì ton Ereunht  , o Anakrit c dhmiourgeÐ èna prokatarktikì
prosqèdio anaforˆc pou epiqeireÐ na apant sei ˆmesa sto arqikì er¸thma tou qr sth . H arqik  aut  apìkrish
axiopoieÐtai epÐshc gia ton entopismì pijan¸n ken¸n gn¸shc pou apaitoÔn peraitèrw diereÔnhsh.

Bˆsei thc arqik c antallag c , o Anakrit c diamorf¸nei epakìlouja erwt mata me stìqo thn kˆluyh twn
ken¸n sthn prokatarktik  apˆnthsh . Katˆ th dhmiourgÐa kˆje nèou erwt matoc, lambˆnei upìyh to arqikì
er¸thma, ta sumfrazìmena, tic odhgÐec, mia sÔnoyh twn prohgoÔmenwn erwthmˆtwn kai to trèqon prosqèdio
thc anaforˆc . DÐnetai proteraiìthta se erwt mata pou anamènetai na belti¸soun ousiastikˆ thn poiìthta
thc telik c apˆnthshc .

Me kˆje nèa apˆnthsh apì ton Ereunht  , o Anakrit c belti¸nei proodeutikˆ to prosqèdio thc anaforˆc . H
diadikasÐa suneqÐzetai mèqri na isqÔsei èna apì ta dÔo krit ria termatismoÔ: (1) diapist¸netai ìti h apˆnthsh
eÐnai epark¸c pl rhc kai ègkurh   (2) èqei epiteuqjeÐ to mègisto epitrepìmeno pl joc epanal yewn anˆkrishc
(pou prosomoi¸nei to bˆjoc anˆkthshc ), ìpwc orÐzetai apì ton qr sth .

O Anakrit c kajodhgeÐtai rhtˆ ¸ste na apofeÔgei upojèseic kai na paramènei jemeliwmènoc sto anakthmèno
perieqìmeno, epishmaÐnontac me saf neia tuqìn asˆfeiec   elleÐyeic pou empodÐzoun thn pl rh apˆnthsh tou
erwt matoc.
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3.2. H arqitektonik  tou PAKTON

(a) Entopismìc Enot twn

(b) Ierarqik  Dom  Enot twn

(c) Sumfrazìmenec Enswmat¸seic gia ton kìmbo�1.1 Seller ...�

Figure 3.2.3: Anaparˆstash Dèntrou kai Ro  TemaqismoÔ gia Sumbolaiakˆ 'Eggrafa
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Epiplèon, o Anakrit c eÐnai upeÔjunoc gia thn epikÔrwsh thc dom c thc telik c anaforˆc, h opoÐa prèpei na
perilambˆnei:

ˆ TÐtlo kai sunoptik  PerÐlhyh Jèmatoc .
ˆ Nomikì sullogismì kai basikˆ sumperˆsmata , gia enÐsqush thc diafˆneiac
ˆ Prokatarktik  apˆnthsh kai kateujÔnseic gia peraitèrw diereÔnhsh
ˆ Entopismèna kenˆ gn¸shc kai proteinìmena epìmena erwt mata
ˆ LÐsta uposthriktik¸n phg¸n

3.2.4 Ereunht c

O Ereunht c eÐnai upeÔjunoc gia thn anˆkthsh sqetik c plhroforÐac prokeimènou na uposthrÐxei tonAnakrit 
sthn apˆnthsh tou erwt matoc tou qr sth . Wc prˆktorac , eÐnai exoplismènoc me pollaplèc mejìdouc
anˆkthshc , kajemÐa ek twn opoÐwn ulopoieÐtai wc xeqwristì ergaleÐo. Anˆloga me th fÔsh tou erwt matoc
kai tic sqetikèc odhgÐec, o Ereunht c epilègei autìnoma th bèltisth mèjodo   sunduasmì mejìdwn anˆkthshc .
H epilog  aut  kajodhgeÐtai mèsw protrop c se MGM , to opoÐo axiologeÐ to perieqìmeno tou erwt matoc kai
tic perigrafèc twn ergaleÐwn gia na epilèxei thn katˆllhlh strathgik  .

Oi mèjodoi anˆkthshc kathgoriopoioÔntai se dÔo basikoÔc tÔpouc:

ˆ Anˆkthsh entìc eggrˆfou : Axiopoi¸ntac ta apospˆsmata kai tic dianusmatikèc touc anaparastˆseic
pou parˆgontai apì ton ArqeiofÔlaka , o Ereunht c anaktˆ sqetikèc enìthtec gia thn apˆnthsh
tou erwt matoc . QrhsimopoieÐtai mia ubridik  prosèggish anˆkthshc pou sunduˆzeiBM25[64], puknˆ
embeddings[44],kai to Reciprocal Rank Fusion (RRF)[17]. Epiplèon, enswmat¸netai to LightRAG [31]
(mia elafriˆ ekdoq  tou GraphRAG [22]), to opoÐo enisqÔei thn antistoÐqish se epÐpedo ontot twn kai
sqèsewn, entìc kai metaxÔ eggrˆfwn. Autì eÐnai idiaÐtera apotelesmatikì gia erwt mata pou apaitoÔn
logismì pˆnw se pollaplˆ allhlexart¸mena èggrafa .

ˆ Anˆkthsh metaxÔ eggrˆfwn : Aut  h mèjodoc anaktˆ sqetikèc enìthtec apì ˆlla èggrafa , tic
opoÐec oAnakrit c mporeÐ na axiopoi sei wc paradeÐgmata mèsw teqnik¸n protrop c paradeigmˆtwn.
To PAKTON uposthrÐzei epÐshc epiplèon dunatìthtec anˆkthshc, ìpwc anaz thsh sto diadÐktuo,
prìsbash sth Wikipedia, erwt mata se bˆseic dedomènwnSQL kai sÔndesh me exwterikèc nomikèc bˆseic
mèsw touModel Context Protocol (MCP)[5]. Ta ergaleÐa autˆ èqoun sqediasteÐ ¸ste na enisqÔoun tic
gn¸seic tou montèlou ìtan autì den diajètei epark  plhrofìrhsh   apaiteÐtai enhmèrwsh se pragmatikì
qrìno . Wstìso , gia lìgouc dÐkaihc kai elegqìmenhc axiolìghshc, aut  h kathgorÐa anˆkthshc den
qrhsimopoi jhke sta peirˆmatˆ mac.

Gia thn epÐteuxh tìso uyhl c anˆklhshc ìso kai akrÐbeiac, o Ereunht c efarmìzei mia diadikasÐa dÔo
stadÐwn: anˆkthsh kai epanakatˆtaxh . Arqikˆ , qrhsimopoioÔntai anakt seic me uyhl  anˆklhsh (ìpwc
autèc pou perigrˆfhkan parapˆnw ) gia na sulleqjeÐ èna eurÔ sÔnolo upoy fiwn apospasmˆtwn me skopì th
mègisth kˆluyh . Sth sunèqeia, èna montèlocross-encoderepanakatatˆssei ta apotelèsmata , kwdikopoi¸ntac
apì koinoÔ to er¸thma kai kˆje apìspasma , ¸ste na ektim sei me megalÔterh akrÐbeia th shmasiologik 
sunˆfeia [37]. Aut  h fˆsh leitourgeÐ wc fÐltro uyhl c akrÐbeiac , belti¸nontac to arqikì sÔnolo upoyhfÐwn .
Oi bajmologÐec sunˆfeiac kanonikopoioÔntai mèsw miacsigmoid sunˆrthshc , kai ìsa apospˆsmata uperbaÐnoun
èna prokajorismèno ìrio pernoÔn sth fˆsh paragwg c apˆnthshc .

3.3 Peirˆmata kai Apotelèsmata

Se aut  thn enìthta parousiˆzontai ta peirˆmata kai ta apotelèsmata me skopì thn axiolìghsh thc
apotelesmatikìthtac tou proteinìmenou plaisÐou se pollaplèc diastˆseic axiolìghshc . To PAKTON
axiologeÐtai tìso me posotikèc ìso kai me poiotikèc mejìdouc. Sthn posotik  anˆlush , dokimˆzetai se èna
peribˆllon anˆlushc sumbolaÐwn, ìpou uperèqei ìlwn twn basik¸n sugkritik¸n montèlwn wc proc thn akrÐbeia .
Gia thn apomìnwsh thc suneisforˆc memonwmènwn uposusthmˆtwn, oi enìthtec ArqeiofÔlaka -Ereunht  , pou
ulopoioÔn ton mhqanismì Epauxhmènhc DhmiourgÐac mèsw Anˆkthshc(EDA ), axiologoÔntai se tèssera sÔnola
dedomènwn anaforˆc, epitugqˆnontac kainotìma apotelèsmata.

Gia ton Anakrit  � o opoÐoc eÐnai upeÔjunoc gia th dhmiourgÐa thc telik c apˆnthshc proc ton
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qr sth � diexˆgetai poiotik  axiolìghsh , katˆ thn opoÐa oi èxodoi exetˆzontai wc proc ennèa krit ria pou
eujugrammÐzontai me ton stìqo tou sust matoc na parˆgei ermhneÔsimec kai axiopoi simec apant seic. H
axiolìghsh aut  perilambˆnei domhmènh anjr¸pinh krÐsh apì pènte èmpeirouc nomikoÔc kai ènan Dikast 
tou AreÐou Pˆgou, kaj¸c kai autìmath axiolìghsh mèsw G-EVAL [49]. Se amfìterec tic axiolog seic , to
PAKTON xepernˆ stajerˆ to GPT-4o , uperèqontac se okt¸ apì ta ennèa krit ria .

3.3.1 Posotikˆ Apotelèsmata

H posotik  axiolìghsh parèqei èna austhrì kai antikeimenikì jemèlio gia thn ektÐmhsh thc
apotelesmatikìthtac kai thc anjektikìthtac tou plaisÐou PAKTON . Se aut  thn enìthta parousiˆzoume
empeirikˆ apotelèsmata apì sÔnola dedomènwn anaforˆc pou metroÔn posotikˆ tìso thn akrÐbeia taxinìmhshc
ìso kai thn apìdosh anˆkthshc . Oi metrikèc autèc epitrèpoun thn apomìnwsh kai sÔgkrish thc suneisforˆc
epimèrouc uposusthmˆtwn, ìpwc oi monˆdec sullogistik c kai anˆkthshc , upì elegqìmenec sunj kec.
SugkrÐnontac me isqurèc grammèc bˆshc� sumperilambanomènwn eidikˆ proekpaideumènwn nomik¸n montèlwn
kai prohgmènwn teqnik¸n Epauxhmènhc DhmiourgÐac mèsw Anˆkthshc(EDA )� deÐqnoume ìti toPAKTON ìqi
mìno epitugqˆnei an¸terh probleptik  apìdosh , allˆ parousiˆzei kai axioshmeÐwth anjektikìthta anexart twc
tou upokeÐmenou glwssikoÔ montèlou. Ta eur mata autˆ prosfèroun saf  apìdeixh thc genikeusimìthtac ,
thc apotelesmatikìthtac kai thc praktik c qrhsimìthtac tou plaisÐou gia pragmatikèc ergasÐec anˆlushc
sumbolaÐwn.

Apìdosh se Dedomèna Taxinìmhshc

Diamìrfwsh Peirˆmatoc . Gia thn posotik  axiolìghsh , to PAKTON dokimˆsthke sto sÔnolo
dedomènwnContractNLI [38]. Se autì , kˆje tekm rio (premise) antistoiqeÐ se pl rec keÐmeno sumbolaÐou,
to opoÐo susqetÐzetai me mÐa upìjesh(hypothesis). H ergasÐa taxinìmhshc ègkeitai ston prosdiorismì eˆn
h upìjesh prokÔptei apì , èrqetai se antÐfash me,   eÐnai oudèterh wc proc to sumbìlaio. Dedomènou tou
megˆlou m kouc twn keimènwn, to sÔnolo dedomènwn parèqei sqoliasmèna apospˆsmata pou upodeiknÔoun tic
krÐsimec perioqèc gia th l yh apìfashc.

To PAKTON axiologeÐtai sugkritikˆ me pollaplèc grammèc bˆshc, sumperilambanomènwn montèlwn
proekpaideumènwn se nomikˆ s¸mata keimènou(p.q. Saul [15]) kai diaforetik¸n teqnik¸n prompting
(PÐnakac7.1). Oi metrikèc perilambˆnoun sunolik  akrÐbeia kai stajmismènoF1 (F1[W]), kaj¸c kai
memonwmènaF1 gia tic kathgorÐec: sunepagwg  (entailment), antÐfash (contradiction) kai oudeterìthta
(neutral).

Oi teqnikèc protrop c perilambˆnoun zero-shot (ZS), few-shot (FS)� ìpou parèqontai pl rh sumbìlaia wc
paradeÐgmata� kai FS-Spans, ìpou dÐnontai mìno ta krÐsima apospˆsmata. DeÐte to Parˆrthma C gia
leptomèreiec tou peiramatikoÔ sqediasmoÔ. Ta apotelèsmata anadeiknÔoun saf¸c thn uperoq  tou PAKTON,
xepern¸ntac akìma kai eidikˆ ekpaideumèna montèla.

Apotelèsmata . To PAKTON uperèqei stajerˆ twn gramm¸n bˆshc se ìla ta montèla . SugkrÐnontac
ta Mistral kai Mixtral me toSaul, parathreÐtai ìti to PAKTON apodÐdei kalÔtera akìma kai se sqèsh me
�ne-tuned montèla epÐ nomik¸n dedomènwn. Endeiktikˆ , to Mistral 7B mePAKTON xepernˆ to Saul 54B,parˆ
th diaforˆ megèjouc .

Epiplèon, h diakÔmansh thc apìdoshc metaxÔ diaforetik¸nLLMs pou enswmat¸noun toPAKTON eÐnai mikr ,
upodeiknÔontac uyhl  anjektikìthta . Gia parˆdeigma, to F1[W] tou Llama 3.1 70BmePAKTON eÐnai79.03%,
en¸ tou Gemma 3 27BeÐnai82.83% (diaforˆ mìlic 3.8 monˆdec). AntÐjeta, sth ZS rÔjmish h diaforˆ metaxÔ
twn Ðdiwn montèlwn aggÐzei tic22.83 posostiaÐec monˆdec. Autì deÐqnei ìti h arqitektonik  tou PAKTON
mei¸nei th diakÔmansh apìdoshc metaxÔ montèlwn.

Gia na exetˆsoume peraitèrw thn anjektikìthta , upologÐzoume ton suntelest  metablhtìthtac (CV) gia to
F1[W] se ìla ta montèla me PAKTON kai brÐskoumeCV = 12:6%, ènanti > 25%gia ZS. Epiplèon, ekteleÐtai
monìdromh anˆlush diasporˆc (ANOVA) diaqwrÐzontac ta montèla bˆsei toumedian twn ZS epidìsewn· den
parathreÐtai statistikˆ shmantik  diaforˆ (F = 3 :05, p = 0 :12).

Tèloc , mèsw grammik c palindrìmhshc axiologeÐtai h exˆrthsh metaxÔZS apìdoshc kai PAKTON: h klÐsh
eÐnai mìlic0:44, dhlad  kˆje monˆda beltÐwshc sto baselinemetafrˆzetai se ligìtero apì mis  monˆda entìc
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PAKTON, deÐqnontac sumpÐesh diafor¸n.

Sunolikˆ , ta eur mata epibebai¸noun ìti to PAKTON mei¸nei drastikˆ tic diaforèc apìdoshc metaxÔ LLMs,
en¸ diathreÐ uyhl  akrÐbeia. Autì eÐnai idiaÐtera shmantikì ston nomikì tomèa, ìpou h qr sh open-source
montèlwn epitrèpei asfal  kai idiwtik  anˆlush sumbolaÐwn .

Apìdosh thc Monˆdac Epauxhmènhc DhmiourgÐac mèsw Anˆkthshc (EDA )

Diamìrfwsh . Pèran tou ContractNLI, qrhsimopoioÔme tobenchmark LegalBench-RAG [60] gia thn
apomìnwsh thc monˆdac anˆkthshc� dhlad  twn ArqeiofÔlaka kai Ereunht  � qwrÐc thn emplok  paragwg c
apant sewn. To benchmark kalÔptei tèsseric kathgorÐec: NDAs, sumfwnÐecM&A, emporikˆ sumbìlaia kai
politikèc aporr tou , epitrèpontac mia axiìpisth apotÐmhsh thc anˆkthshc se eterogen  nomikˆ s¸mata.

To PAKTON sugkrÐnetai me tèsseric grammèc bˆshc: Naive (500qarakt rec me OpenAI embeddings), RCTS
(domik  katˆtmhsh [42]), Naive+Cohere (mereranking), kai RCTS+Cohere. Analutikˆ stoiqeÐa upˆrqoun sto
Parˆrthma B.

Apotelèsmata . O PÐnakac7.2 parousiˆzei sugkritikˆ thn apìdosh anˆkthshc me metrikèc precision kai
recall gia pollaplˆ k. Se ìlec tic sullogèc , to PAKTON uperèqei stajerˆ kai shmantikˆ ènanti ìlwn
twn baseline. Endeiktikˆ , sto ContractNLI to Recall@1aggÐzei to53.14%ènanti 11.32%tou isqurìterou
baseline. AntÐstoiqa uyhlˆ kèrdh parathroÔntai kai sta PrivacyQA, MAUD kai CUAD, me diaforècRecall@1
pou xepernoÔn tic20 posostiaÐec monˆdec.

Sugkentrwtikˆ , to PAKTON parousiˆzei pˆnw apì pentaplˆsia aÔxhsh sto Recall@1 (26.77%ènanti4.94%).
Autˆ ta apotelèsmata eÐnai krÐsimhc shmasÐac ston nomikì tomèa, ìpou h anˆkthsh mh sqetik¸n apospasmˆtwn
mporeÐ na odhg sei se esfalmèna   ajemelÐwta sumperˆsmata� idiaÐtera se èggrafa me antikrouìmenec r trec
  exairèseic pou apaitoÔn akrib  sumfrazìmena.

3.3.2 Poiotikˆ Apotelèsmata

Se antÐjesh me tic posotikèc metrikèc, oi opoÐec epikentr¸nontai se metr simec paramètrouc ìpwc h akrÐbeia
  h poiìthta anˆkthshc , h poiotik  axiolìghsh estiˆzei sthn antilambanìmenh poiìthta kai ermhneusimìthta
twn paragìmenwn apant sewn. Aut  h axiolìghsh antanaklˆ ton bajmì ston opoÐo to sÔsthma uposthrÐzei
th l yh apofˆsewn se pragmatikˆ senˆria , idiaÐtera ston nomikì tomèa ìpou h saf neia, h aitiolìghsh kai
h praktik  qrhsimìthta eÐnai kajoristik c shmasÐac . Ousiastikˆ , ta apotelèsmata autˆ apotup¸noun p¸c oi
telikoÐ qr stec � eidikˆ oi mh eidikoÐ� ermhneÔoun kai apotimoÔn tic exìdouc tou sust matoc, prosfèrontac
poiotik  eikìna thc apotelesmatikìthtac pèra apì touc arijmhtikoÔc deÐktec . Sugkritikˆ paradeÐgmata exìdwn
twn PAKTON kai GPT-4o paratÐjentai sto Parˆrthma F.

Diamìrfwsh Peirˆmatoc . Gia thn axiolìghsh thc praktik c qrhsimìthtac tou PAKTON, diexˆgetai
melèth qr sth me 15 erwt seic -orìshma nomikoÔ perieqomènou pou suntˆqjhkan apì pènte nomikoÔc kai
ènan Dikast  tou AreÐou Pˆgou ¸ste na antanakloÔn aujentikì nomikì sullogismì . Sthn platfìrma
Proli�c 1, oi summetèqontec sugkrÐnoun se zeÔgh apant seic twnPAKTON kai ChatGPT 2 bˆsei ennèa
krithrÐwn: ermhneusimìthta, tekmhrÐwsh, nomik / sumfrazìmenh katanìhsh, qeirismìc asˆfeiac , anagn¸rish
ken¸n, suntomÐa, sunoq  , sunˆfeia kai plhrìthta . Gia kˆje krit rio , epèlegan thn kalÔterh apˆnthsh kai
aitiologoÔsan thn epilog  touc , me dunatìthta epilog c � KamÐa�   � Den eÐmai sÐgouroc� ¸ste na diasfalisteÐ
h axiopistÐa. To ChatGPT qrhsimopoieÐtai gia thn sÔgkrish lìgw thc eureÐac qr shc tou kai, gia lìgouc
dikaiosÔnhc, axiopoieÐtaiRAG ìtan parèqontai exwterikˆ èggrafa [57]. Epiplèon leptomèreiec parèqontai sto
Parˆrthma D.

Apotelèsmata . Ex nta summetèqontec olokl rwsan thn axiolìghsh , sugkrÐnontac tic apant seic twn
PAKTON kai ChatGPT wc proc 9 krit ria se 15 nomikˆ erwt mata, apodÐdontac sunolikˆ540 atomikèc
krÐseic. 'Opwc faÐnetai sto Sq ma3.3.1, to PAKTON protimˆtai ènanti tou ChatGPT sthn pleionìthta
twn diastˆsewn axiolìghshc , mia tˆsh pou paramènei sunep c se ìla ta exetazìmena senˆria. H megalÔterh
uperoq  katagrˆfetai sthn � Plhrìthta �, ìpou to PAKTON parèqei stajerˆ pio periektikèc apant seic .

1https://www.proli�c.com
2gpt-4o-2024-11-20
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Figure 3.3.1: Sugkritik  anˆlush PAKTON kai GPT-4o. To ˆnw diˆgramma apeikonÐzei tic anjr¸pinec protim seic
bˆsei ennèa krithrÐwn axiolìghshc , sugkentrwtikˆ gia ìlec tic erwt seic . To kˆtw diˆgramma parousiˆzei ta

apotelèsmata G-EVAL gia ta Ðdia krit ria , sugkentrwtikˆ gia ìlec tic exìdouc sto ContractNLI.

DiakrÐnetai epÐshc sthn� Ermhneusimìthta kai Sullogistik  �, prosfèrontac pio safeÐc kai bhmatikèc
aitiolog seic � idiaÐtera shmantikèc gia mh eidikoÔc qr stec.

Gia thn axiolìghsh thc diakritik c ikanìthtac twn summeteqìntwn , sumperil fjhkan antagwnistikˆ krit ria
ìpwc � Plhrìthta � ènanti � SuntomÐac kai AkrÐbeiac�, anagnwrÐzontac th fusik  èntash metaxÔ ekten¸n
kai sunoptik¸n apant sewn . 'Opwc anamenìtan, to PAKTON uperèqei sthn plhrìthta , en¸ to ChatGPT
protimˆtai gia th suntomÐa. Sto krit rio � Sunˆfeia kai EstÐash�, ta dÔo montèla parousiˆzoun sugkrÐsimec
epidìseic, antanakl¸ntac thn isorropÐa metaxÔ eÔrouc kai exeidÐkeushc. Ta eur mata autˆ epibebai¸noun
ton basikì sqediastikì stìqo tou PAKTON gia dhmiourgÐa anafor¸n tÔpou èkjeshc, me to parathroÔmeno
trade-o� plhrìthtac -akrÐbeiac na jewreÐtai anamenìmeno kai dikaiologhmèno.

3.3.3 Axiolìghsh mèsw LLMs

H poiìthta twn apant sewn kˆje sust matoc axiologeÐtai peraitèrw mèsw enìc megˆlou glwssikoÔ montèlou
(LLM), ìpwc analÔetai sthn paroÔsa enìthta.

Diamìrfwsh Peirˆmatoc . Gia thn ektetamènh axiolìghsh tou PAKTON, qrhsimopoioÔme to
G-EVAL [49], èna eurèwc qrhsimopoioÔmeno plaÐsio axiolìghshc�LLM-as-a-Judge� [51, 82, 14] gia thn
ektÐmhsh thc poiìthtac paragwg c fusik c gl¸ssac me bˆsh ta Ðdia krit ria me th melèth qr sth .
Axiolog jhkan 102 tuqaÐa epilegmèna deÐgmata apì to sÔnoloContractNLI [38], sugkrÐnontac ta
apotelèsmata tou PAKTON kai tou GPT-4o me tic Ðdiec eisìdouc. To G-EVAL par gage bajmologÐec anˆ
krit rio , epitrèpontac leptomer  anˆlush poiìthtac , ermhneusimìthtac kai sullogistik c .

Apotelèsmata . Ta apotelèsmata gia ìla ta deÐgmata kai krit ria axiolìghshc epibebai¸noun thn uperoq 
tou PAKTON ènanti tou GPT-4o se okt¸ apì tic ennèa diastˆseic (bl . Sq ma 3.3.1). Shmantik  uperoq 
parathreÐtai sthn Ermhneusimìthta kai Sullogistik  , sthn TekmhrÐwsh mèsw ApodeÐxewn, sthn Plhrìthta
kai ston Qeirismì Asˆfeiac . Ta apotelèsmata autˆ sunˆdoun me touc stìqouc sqediasmoÔ touPAKTON, pou
dÐnoun proteraiìthta se leptomereÐc kai aitiologhmènec apant seic me rht  epexergasÐa nomikoÔ perieqomènou.

Sta krit ria � SuntomÐa kai AkrÐbeia� kai � Sunˆfeia kai EstÐash�, ta dÔo montèla parousiˆzoun sugkrÐsimh
apìdosh� anamenìmeno eÔrhma, kaj¸c autèc oi diastˆseic suqnˆ èrqontai se antÐjesh me thn Plhrìthta , ènan
tomèa ston opoÐo toPAKTON uperèqei shmantikˆ ènanti touGPT-4o, anadeiknÔontac ton eggen  sumbibasmì
metaxÔ suntomÐac kai bˆjouc.

To monadikì krit rio sto opoÐo to PAKTON upoleÐpetai tou GPT-4o eÐnai h Katanìhsh NomikoÔ kai
Sumfrazìmenou Perieqomènou. An kai autì faÐnetai ek pr¸thc ìyewc parˆdoxo , mia pio prosektik  exètash
thc sullogistik c tou G-EVAL deÐqnei ìti oi apant seic touPAKTON suqnˆ anagnwrÐzoun rhtˆ thn Ôparxh
ken¸n gn¸shc se peript¸seic abebaiìthtac . An kai autì jewreÐtai epijumhtì apì thn optik  thc diafˆneiac ,
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to plaÐsio axiolìghshc to ermhneÔei wc èndeixh periorismènhc katanìhshc, me apotèlesma qamhlìterec
bajmologÐec sth sugkekrimènh diˆstash(Parˆrthma E).

3.4 Sumperˆsmata kai Mellontikèc Epektˆseic

Sumperˆsmata

H paroÔsa ergasÐa parousiˆzei to PAKTON , èna anoiqtoÔ k¸dika, epektˆsimo kai polupraktorikì
sÔsthma sqediasmèno eidikˆ gia thn anˆlush nomik¸n sumbolaÐwn. Se antÐjesh me maÔra koutiˆ nomik c
teqnht c nohmosÔnhc, to PAKTON basÐzetai se mÐa diafan  kai ermhneÔsimh arqitektonik  pou apartÐzetai
apì treic diakritoÔc allˆ sunergazìmenouc prˆktorec : ton Archivist gia thn proepexergasÐa, ton
Researchergia anˆkthsh gn¸shc me qr sh grafhmˆtwn , kai ton Interrogator gia epanalhptik  polustadiak 
sullogistik  . Mèsw enìc stoiqeÐou Epauxhmènhc DhmiourgÐac mèsw Anˆkthshc(EDA ), to sÔsthma parˆgei
emperistatwmènec, tekmhriwmènec kai exhghmènec apant seic se nomikˆ erwt mata.

To PAKTON xeqwrÐzei qˆrh ston sqediasmì tou me bˆsh thn arjrwtìthta , th diafˆneia kai thn
prosarmostikìthta . Se peiramatikˆ senˆria me posotikèc kai poiotikèc axiolog seic, pètuqe an¸terec
epidìseic sugkritikˆ me genikˆ kai eidikˆ montèla, shmei¸nontac korufaÐa apotelèsmata se sÔnola dedomènwn
ìpwc ta ContractNLI kai LegalBench-RAG. Oi anjr¸pinec axiolog seic apì nomikoÔc kai autìmatec
axiolog seic (p.q. G-EVAL) epibebai¸noun thn anwterìthta tou sust matoc wc proc thn plhrìthta , th
jemelÐwsh kai thn exhg simh fÔsh twn apant sewn.

IdiaÐterh shmasÐa èqei to gegonìc ìti toPAKTON parousiˆzei sunèpeia sthn apìdos  tou anexart twc tou
upokeÐmenou MGM. Autì epitrèpei th qr sh pio elafr¸n , anoiqtoÔ k¸dika montèlwn qwrÐc ousiastik  ap¸leia
poiìthtac , euno¸ntac ulopoi seic se euaÐsjhta peribˆllonta me apait seic se idiwtikìthta kai diafˆneia .

Mellontikèc epektˆseic

Mellontikèc kateujÔnseic perilambˆnoun:

ˆ EnopoÐhsh sullogism¸n apì pollaplˆ MGM , ¸ste na axiopoieÐtai h poikilÐa gn¸sewn kai
strathgik¸n sullogismoÔ mèsw teqnik¸n ìpwc weighted voting   meta-reasoning.

ˆ Polupraktorik  epiqeirhmatologÐa , me qr sh poll¸n Interrogators pou uiojetoÔn diaforetikèc
ermhneutikèc strathgikèc kai parˆgoun dialektikèc apant seic.

ˆ Dunamik  enswmˆtwsh nomik c gn¸shc apì epikairopoihmènec bˆseic dedomènwn, kanonismoÔc
kai nomologÐa.

ˆ Poluglwssik  kai dia -dikaiodotik  prosarmog  me ergaleÐa metˆfrashc, nomik 
anagn¸rish plaisÐou kai cross-lingual embeddings.

ˆ Nèa nomikˆ eujugrammismèna plaÐsia axiolìghshc , mèsw sqoliasmoÔ eidik¸n, sugkritik¸n
proseggÐsewn kai prosomoi¸sewn.

En katakleÐdi, to PAKTON den apoteleÐ apl¸c èna ergaleÐo gia anaskìphsh sumbolaÐwn, allˆ mÐa euèlikth,
epektˆsimh platfìrma nomik c teqnht c nohmosÔnhc me prooptik  uyhl c axiopistÐac kai dikaiosÔnhc.

3.5 PeriorismoÐ kai Hjik 

Parìti to PAKTON parousiˆzei exairetikèc epidìseic, sunodeÔetai apì shmantikoÔc periorismoÔc kai hjikèc
prokl seic pou apaitoÔn prosektik  axiolìghsh .

TeqnikoÐ PeriorismoÐ

ˆ Glwssik  embèleia : To sÔsthma èqei dokimasteÐ mìno se agglikˆ sumbìlaia. H poluglwssik 
genÐkeush apaiteÐ prosarmog .
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ˆ Kˆluyh sumbolaÐwn kai dikaiodosi¸n : Den èqei axiologhjeÐ se ìlo to eÔroc nomik¸n eggrˆfwn
  nomik¸n plaisÐwn.

ˆ Kajustèrhsh kai kìstoc : H polustadiak  logik  auxˆnei ton qrìno kai to upologistikì kìstoc .

ˆ Diafˆneia vs apotelesmatikìthta : Exhg simec apant seic mporeÐ na eÐnai ligìtero sÔntomec  
elafr¸c ligìtero akribeÐc .

ˆ Domik  genÐkeush parsing : 'Otan h morf  tou eggrˆfou apoklÐnei apì to prìtupo , mei¸netai h
akrÐbeia thc anˆlushc.

Hjikˆ Zht mata

ˆ Uperbolik  empistosÔnh : Mh eidikoÐ qr stec mporeÐ na basistoÔn upèrmetra stic apant seic. To
sÔsthma prèpei na probˆlletai wc ergaleÐo upost rixhc, ìqi upokatˆstato nomik c sumboul c .

ˆ Prosbasimìthta : En¸ prowjeÐtai h anoikt  diˆjesh , h teqnik  upodom  paramènei empìdio gia
euˆlwtec omˆdec.

ˆ Asfˆleia kai kak  qr sh : Upˆrqei kÐndunoc epijèsewn   kataqr sewn(p.q. prompt injection).
ApaiteÐtai suneq c epit rhsh.

ˆ Hjik  axiolìghsh : Oi axiolog seic èginan me pl rh enhmèrwsh, qwrÐc sullog  proswpik¸n
dedomènwn, diasfalÐzontac deontologÐa kai dikaiosÔnh.

H antimet¸pish aut¸n twn zhthmˆtwn apoteleÐ proôpìjesh gia thn upeÔjunh kai asfal  ulopoÐhsh tou
PAKTON se pragmatikèc nomikèc efarmogèc.
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Chapter 4

Introduction

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

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

Retrieval-Augmented Generation (RAG)[28, 25, 79, 27] directly addresses these limitations by integrating
targeted retrieval of internal and external documents into the LLM generation process, grounding outputs in
domain-speci�c, veri�able evidence. This approach enhances not only factual accuracy but also transparency
and explainability�critical attributes for legal contract analysis. Moreover, RAG plays a pivotal role in
the legal domain, where the inability to retrieve relevant spans can compromise reasoning and produce
unsupported conclusions[60]. Furthermore, given that legal contracts frequently contain sensitive or
con�dential information, proprietary models are often unsuitable, necessitating open-source alternatives
capable of operating under limited computational resources. Consequently, the development of e�cient
mechanisms for contract analysis becomes imperative.

Within this context, we introduce PAKTON 1 [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) theArchivist ,
which interacts with the user and manages structured document input; (2) theResearcher, which retrieves
relevant internal and external information using hybrid and graph-aware retrieval techniques; and (3) the
Interrogator , which engages in multi-step reasoning to iteratively re�ne the �nal report.

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

The outline of this thesis is as follows:

ˆ 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.

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

ˆ 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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Background

Before embarking on the experimental component of this thesis, it is crucial to �rst establish a robust
conceptual and methodological foundation. This chapter provides a comprehensive overview of key
advancements in Arti�cial Intelligence (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 �eld of Natural Language Processing (NLP)
by enabling the modeling of intricate dependencies within language data. These models exhibit remarkable
pro�ciency in tasks such as text generation, semantic inference, and logical reasoning. Gaining a clear
understanding of how Transformers operate and how their architecture supports reasoning is a prerequisite
for assessing their performance in the experimental tasks presented later.

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

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

Retrieval-Augmented Generation (RAG) Retrieval-Augmented Generation (RAG) is a hybrid
architecture that enhances language models by integrating them with an external information retrieval
system. In this framework, the model dynamically retrieves relevant documents or context passages from a
corpus and incorporates them into its generative process. This approach mitigates the limitations of static
model knowledge and enables more informed, context-sensitive responses. RAG is particularly advantageous
in tasks requiring factual precision or domain-speci�c knowledge, and it plays a key role in experiments
involving question answering and reasoning under uncertainty in this thesis.
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Agents and Multi-Agent Systems In recent AI research, there has been growing interest in modeling
problem-solving as a distributed process among multiple interacting agents.Agent-based systemsencapsulate
autonomous units�each with speci�c 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 bene�t from diverse perspectives or decomposed cognitive strategies.

Conclusion This chapter has presented a comprehensive overview of the key concepts underpinning
this research, including Transformer-based architectures, training methodologies, prompting strategies,
Retrieval-Augmented Generation, and agent-based reasoning systems. By situating our experimental work
within these theoretical frameworks, we aim to equip the reader with the requisite background to critically
evaluate the approaches and results discussed in subsequent chapters.
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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 speci�cally, 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 beenn-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 �xed size window of previous words. Hence a bigram model considers one
previous word, a trigram two, and in general a n-gram n-1 previous words.

For example a bigram language model models the probability of the sequencew1; w2; : : : wn as:

P(w1; w2; : : : wn ) = P(w2; w1) � P(w3jw2) � � � � � P(wn jwn � 1) (5.1.1)

where the conditional probability P(wk jwk � 1) can be estimated the proportion of occurrences of the word
wk � 1 followed by the word wk in the corpora. The estimation of these probabilities constitutes the training
of an n-gram model on text corpora in one or more languages. However, given that a language can be used
to express an in�nite variety of valid sentences, an n-gram model struggles to assign non-zero probabilities to
word sequences that may never be encountered in the training corpora. To address this problem, a variety
of smoothing techniques has been proposed over the years.

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

A major di�erence between n-grams and feedforward neural language models is found in the way the two
models represent the sequence of input words. An n-gram model assigns the word identityi to each word
wi 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 signi�cantly by utilizing more powerful
architectures. In this thesis, we will focus on analyzing the state-of-the-art (SotA) architecture: Transformer
networks, which have revolutionized the �eld with their superior ability to model complex dependencies in
language.

5.1.2 Transformer

Large Language Models (LLMs) are advanced language models with vast parameter sizes and remarkable
learning capabilities that are typically pretrained on large unstructured text corpora. All modern LLMs
are now built on Transformer architecture [75], which eschews recurrence and instead relying entirely
on an attention mechanism to draw global dependencies between input and output. Theencoder and
decoder are the two major components of the Transformer architecture. These components are employed
in sequence-to-sequence operations like machine translation, where the encoder processes the input sequence
and the decoder generates the output sequence.

The Transformer architecture is summarised below:

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

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

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

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

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

ˆ 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.

ˆ 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.

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

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

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

Transformer variations

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

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

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

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

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

decoder, shown in the left and right halves of �gure respectively[75]
.

5.1.3 Deeper Exploration of LLM Components

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

Tokenization and Embedding Layer

Tokenization: Text is split into tokens, which can be words, subwords, or characters. Letx =
(x1; x2; : : : ; xn ) represent an input sequence ofn tokens.

Embedding: Each tokenx i is transformed into a dense vectorei 2 Rd using an embedding matrixE 2 RV � d,
whereV is the vocabulary size andd is the embedding dimension. The embedding for the entire input sequence
can be represented as:

E(x) = ( e1; e2; : : : ; en )

where ei = E[x i ].
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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 = ( x1; x2; : : : ; xn ), the attention mechanism relies on three matrices: the query (Q), key
(K ), and value (V ) matrices. These matrices are computed as:

Q = XW Q ; K = XW K ; V = XW V

where X 2 Rn � d is the input embedding matrix, and W Q ; 2 Rd� dq , W K ; 2 Rd� dk , W V ; 2 Rd� dv 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 dk , followed by a softmax operation:

Attention (Q; K; V ) = softmax
�

QK T
p

dk

�
V

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

Figure 5.1.2: Self-Attention Mechanism
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Multi-Head Attention

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

MultiHead (Q; K; V ) = Concat(head1; head2; : : : ; headh )W O

where each head is computed as:

headi = Attention (QW Q
i ; KW K

i ; V WV
i )

and W O 2 Rhd k � d is a learned output projection matrix. The use of multiple heads allows the model to
attend to di�erent parts of the input in di�erent ways, increasing its representational power.

Position Encoding

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

Pi; 2j = sin
�

i
100002j=d

�
; Pi; 2j +1 = cos

�
i

100002j=d

�

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

Feed-Forward Layer

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

FFN(x) = max(0 ; xW1 + b1)W2 + b2

where W1 2 Rd� df f and W2 2 Rdf f � d are learned weight matrices,b1 2 Rdf f and b2 2 Rd are bias terms,
and max(0; �) represents the ReLU activation function. The FFN is applied separately to each token in the
sequence.

Final Output Layer

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

P(x i jhi ) = softmax(hi W T + b)

where W 2 RV � d is the learned weight matrix, and b 2 RV is the bias term.

5.2 Training Techniques

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

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

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

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

Self-supervised Learning Self-supervised learning is an increasingly popular approach that lies between
supervised and unsupervised learning. In this paradigm, the model is trained on unlabeled data by solving
pretext tasks designed to learn useful representations. For example, models can be tasked with predicting
missing parts of a sequence or reconstructing corrupted data. The learned representations can then be
transferred to downstream tasks with minimal �ne-tuning. Self-supervised learning has proven particularly
e�ective in �elds such as natural language processing and computer vision, where massive amounts of
unlabeled data are available [50]. This technique forms the foundation of many large language models,
which are pretrained using self-supervised methods before being �ne-tuned for speci�c tasks.

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

5.2.2 Pre-Training and Fine-Tuning

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

Pre-Training

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

Pre-Training Bene�ts in this Context

In the context of this investigation, pre-training o�ers several key advantages:

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

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

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

Fine-Tuning

Fine-tuning builds on pre-training by adapting the pre-trained model to a speci�c task. In this phase, the
model is trained on a smaller, task-speci�c dataset, typically with labeled examples, enabling it to specialize
in solving the given problem. Fine-tuning is highly e�ective because it allows models to transfer the general
knowledge acquired during pre-training to the speci�c nuances of a new task. By adjusting the model's
parameters to �t task-speci�c data, �ne-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-speci�c data are di�cult to
obtain. By leveraging the broad understanding gained during pre-training, �ne-tuning enhances the model's
performance on small datasets, reducing the risk of over�tting and improving generalization.

Fine-Tuning with Limited Data

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

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

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

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

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

Fine-Tuning with Task-Speci�c Pre-Training

Beyond general pre-training, models can bene�t signi�cantly from domain-adaptive pre-training , where
pre-training data is carefully selected to closely align with the target task. By pre-training the model on
datasets similar to the downstream task, the model becomes more adept at capturing domain-speci�c patterns
and representations.

47



Chapter 5. Background

For instance, in NLP tasks, a model pre-trained on a general corpus (e.g., Wikipedia or Common Crawl)
may perform reasonably well across a variety of tasks. However, �ne-tuning this model on a specialized task
(e.g., commonsense reasoning or disambiguation) can be further enhanced by an intermediate pre-training
step using a dataset closely related to the �nal task before �ne-tuning.

This approach o�ers several advantages:

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

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

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

5.3 Prompting

Prompt-based learning represents a paradigm shift in machine learning, departing from conventional
supervised learning approaches. Unlike traditional methods that rely on training models to predict outputs
based on inputs, prompt-based learning harnesses the power of language models to directly model the
probability of text. At its core, this approach involves transforming an original input into a textual prompt
by using a template wherein certain slots remain un�lled. These slots serve as placeholders for the language
model to generate the missing information, resulting in a �nal string that informs the desired output [48].

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

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

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

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

5.3.1 Prompting Methodology

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

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

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

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

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

2. Answer Search

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

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

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

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

3. Answer Mapping

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

5.3.2 Prompt Categories

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

ˆ Discrete Prompts (a.k.a. hard prompts) : These are speci�c, 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 �lls in [Z] with
appropriate sentiment labels like "positive" or "negative."

ˆ 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:

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

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

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

5.3.3 Prompting Techniques

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

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

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

Few-shot examples can be selected using various criteria:

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

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

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

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

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

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

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

To select few-shot examples based onsemantic 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(A; B ) =
A � B

jjAjj jj B jj

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

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

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

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

5.4 Retrieval-Augmented Generation (RAG)

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

5.4.1 Motivation

Traditional LLMs have a �xed knowledge capacity constrained by the data seen during training and by
the model's �nite parameters. This limitation becomes particularly evident in domains where up-to-date,
domain-speci�c, 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:

ˆ 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.

ˆ 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:

ˆ Single-pass retrieval: The retriever selects a �xed number of documents before generation.

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

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

5.4.4 Advantages of RAG

RAG o�ers several notable advantages:

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

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

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

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

5.5 Multi-Agent Systems

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

5.5.1 De�nition and Motivation

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

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

5.5.2 Key Characteristics of Agents in MAS

Agents in a Multi-Agent System typically exhibit the following properties:

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

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

ˆ 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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ˆ 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:

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

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

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

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

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

5.5.4 Coordination Mechanisms

MAS frameworks may adopt di�erent interaction paradigms:

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

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

ˆ Emergent Communication: Some systems explore self-organized communication using learned
languages or adaptive natural language negotiation.

5.6 Related Work

5.6.1 Overview

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

Despite these advances, the community faces persistent challenges. A major issue is the tendency of LLMs
to generate hallucinated or misleading responses, especially when lacking deep domain knowledge or when
retrieval mechanisms fail to surface the most relevant legal context [78, 94, 66]. One strategy that has been
investigated to mitigate this issue is �ne-tuning language models on dedicated legal corpora, with the aim of
deepening their understanding of legal terminology, reasoning styles, and contextual subtleties [15, 16, 33].
The evaluation of generated content remains di�cult, as automated metrics often do not align with expert
legal judgment, and human evaluation is costly and time-consuming [78, 65, 77]. Data availability and quality
are also signi�cant hurdles, particularly for specialized legal domains or languages with limited resources [65,
3]. Furthermore, the complexity of legal language and reasoning, as well as the need for transparency and
explainability in AI-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 AI systems [68, 73, 93, 47]. Inspired by prior work such as STORM[67], which introduces
collaborative multi-turn interactions among diverse agents for content generation, and ChatLaw[18], which
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employs a knowledge graph-enhanced multi-agent design for legal assistance, we adopt a similar approach
tailored speci�cally for contract analysis. PAKTON is designed to address the complex reasoning demands
and rigorous transparency requirements inherent in legal tasks by orchestrating agents that iteratively
interrogate, retrieve, and re�ne information from multiple sources.

5.6.2 Key Inspirations and di�erentiations

STORM [67] introduces a collaborative multi-turn conversation system for writing Wikipedia-like articles.
It features Wikipedia-style writers with di�erent perspectives, along with an expert agent that answers their
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 speci�c reasoning demands or
legal constraints present in contract analysis. Furthermore, their method does not incorporate multiple
information sources in a retrieval-augmented setting, which is critical in the legal domain.

ChatLaw [18] proposes a multi-agent legal assistant enhanced by knowledge graphs and a mixture-of-experts
architecture. While its high-level structure bears similarity to our multi-agent design, it di�ers signi�cantly in
the implementation of retrieval-augmented techniques, agent interactions, and the process of re�ning answers.
Moreover, its focus is primarily on Chinese legal case law rather than English-language contracts. The limited
availability of open-source resources, including datasets, models, and implementation details, poses challenges
for reproducibility and broader adoption across di�erent legal systems.

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

PAKTON Framework

In this chapter, we present the full architecture and operational work�ow of PAKTON , our proposed
multi-agent framework for contract analysis. The chapter outlines how PAKTON systematically addresses
the unique challenges of legal document understanding by decomposing the task into distinct but interacting
components. We begin by providing a high-level overview of the system's functionality and objectives,
including its emphasis on transparency, retrieval grounding, and structured legal reporting. We then describe
the three primary agents� Archivist , Interrogator , and Researcher�detailing the role and internal logic
of each within the overall pipeline. The Archivist is responsible for document ingestion and hierarchical
chunking, enabling �ne-grained, context-aware retrieval. The Interrogator executes iterative reasoning over
retrieved evidence, synthesizing user-speci�c legal reports with explicit justi�cations and gap identi�cation.
The Researcher handles in-document and cross-document retrieval using hybrid and graph-aware techniques,
supplemented by external tools when applicable.

The chapter further elaborates on the underlying prompting strategies employed across all agents, particularly
the use of Highlighted Chain-of-Thought (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 e�ective and
deployable solution for automated contract review.

6.1 Overview

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

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

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

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

6.2 Archivist

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

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

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

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

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

ˆ 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.

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

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

6.3 Interrogator

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

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

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

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

(b) Hierarchical Organization of sections.

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

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

ˆ Legal reasoning and key �ndings, enhancing transparency
ˆ A preliminary answer and direction for further research
ˆ Identi�ed knowledge gaps and proposed next questions
ˆ A list of supporting sources

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

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

6.4 Researcher

The 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:

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

ˆ Cross-document retrieval : This method retrieves relevant spans from other documents, which the
Interrogator can leverage as exemplars in few-shot prompting.
PAKTON supports additional retrieval capabilities, including web search, Wikipedia access, SQL database
querying, and integration with external legal databases via the Model Context Protocol (MCP)[5]. These
tools are designed to supplement the model's knowledge in cases where it lacks su�cient information or
requires real-time updates. However, to ensure a fair and controlled evaluation, this category of retrieval
was not employed in our experiments.

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

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

In this chapter, the experiments and results are presented to assess the e�ectiveness of the proposed framework
across multiple evaluation dimensions. PAKTON is evaluated through both quantitative and qualitative
methods. In the quantitative analysis, it is tested on a contract analysis task, where it outperforms
all baselines in terms of accuracy. To isolate component-level contributions, the Archivist�Researcher
modules�responsible for RAG�are evaluated on four benchmark datasets, achieving state-of-the-art
results. For the Interrogator�responsible for generating the user-facing answer�a qualitative evaluation
is conducted, with outputs assessed against nine criteria aligned with the system's goal of producing
interpretable and actionable responses. This includes a structured human evaluation by �ve expert attorneys
and a Supreme Court Justice, alongside an automated assessment using G-EVAL [49]. In both evaluations,
PAKTON consistently outperforms GPT-4o, exceeding it in eight of the nine criteria.

7.1 Quantitative Results

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

7.1.1 Performance on a classi�cation dataset

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

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

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

Results. Firstly, PAKTON consistently outperforms the baseline methods across all models. Comparing
the results of Mistral and Mixtral with Saul, we observe that PAKTON yields better performance even
compared to �ne-tuning on related legal corpora. Notably, Mistral 7B with PAKTON surpasses Saul 54B�a
model derived from the larger Mixtral 54B and �ne-tuned on legal data. Furthermore, Mistral 7B with
PAKTON even outperforms GPT-4o in a FS setting.

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

To further investigate PAKTON's robustness, we conduct a targeted statistical analysis focusing on variability
and dependency. First, we compute the coe�cient of variation (CV) across all models' PAKTON�based F1[W]
scores, obtaining a low CV of12:6% (for comparison, ZS scores typically exhibit CVs> 25%). This indicates
minimal relative variability and, consequently, high robustness. Second, we perform a one�way ANOVA by
splitting models into two groups according to the median of their ZS scores. The test reveals no statistically
signi�cant di�erence in PAKTON performance between the high� and low�ZS groups ( F � statistic = 3 :05,
p = 0 :12). Lastly, linear regression analysis is conducted to assess the direct relationship between baseline
ZS performance and PAKTON, yielding a shallow slope of0:44, demonstrating that every unit of baseline
gain translates into less than half a unit under PAKTON, thereby compressing absolute performance gaps.

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

7.1.2 Performance of RAG

Setup. In addition to ContractNLI, we leverage the LegalBench-RAG benchmark [60] to assess the retrieval
pipeline�speci�cally, the Archivist and Researcher modules�independently of answer generation. This
isolation is essential, as PAKTON's overall performance hinges on the relevance of retrieved context.
LegalBench-RAG covers four contract-related domains�NDAs, M&A agreements, commercial contracts, and
consumer-facing privacy policies�enabling a robust evaluation of retrieval accuracy across heterogeneous
legal corpora. We benchmark PAKTON's RAG module against four baselines used in [60], namely:
Naive (�xed 500-character chunks with OpenAI embeddings[56]), RCTS (structure-aware splitting[42]),
Naive+Cohere (chunking with Cohere reranking1), and RCTS+Cohere (structural chunking with reranking).
Full details are provided in App. B.

Results. Table 7.2 presents a comparative analysis of retrieval performance across diverse legal corpora,
using precision and recall at variousk thresholds to benchmark PAKTON against established baselines.
Across all datasets, PAKTON consistently and signi�cantly outperforms alternatives at every evaluated
k. For instance, on the ContractNLI dataset, PAKTON achieves a Recall@1 of 53.14%, nearly 5 times
higher than the strongest baseline (11.32%), a trend that holds across allk 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, withPAKTON achieving
more than �ve-fold increase in Recall@1 (26.77% vs. 4.94%). These improvements are especially critical in the
legal domain, where high recall is essential. Failing to retrieve relevants spans can result in �awed reasoning

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

7.2 Qualitative Results

Unlike quantitative metrics, which focus on measurable aspects such as accuracy or retrieval precision,
the qualitative evaluation centers on the perceived quality and interpretability of the generated responses.
This assessment re�ects how well the system supports real-world decision-making, particularly in legal
contexts where clarity, justi�cation, and practical utility are paramount. In essence, these results capture
how end users�especially non-experts�interpret and value the system's outputs, o�ering insights into the
e�ectiveness of the responses beyond what numerical scores alone can reveal. Comparison of PAKTON
outputs and GPT-4o can be seen in App. F.

Setup. To evaluate PAKTON's practical utility, we conduct a human study using 15 benchmark legal
questions crafted by �ve attorneys and a Supreme Court Justice to capture authentic legal reasoning.
In a Proli�c 2 survey, participants compare paired responses from PAKTON and ChatGPT3 across nine
criteria: explainability, evidence, legal/contextual understanding, ambiguity handling, gap acknowledgment,
conciseness, coherence, relevance, and completeness. For each, they select the best answer and provided
justi�cation, with �None� and �Not Sure� options to ensure robustness. ChatGPT serves as a baseline
given its adoption and, for fairness, leverage RAG when external documents were provided [57]. Additional
methodological details are in App. D.

Figure 7.2.1: Comparison analysis of PAKTON and GPT-4o. Top plot presents human preferences across nine
evaluation criteria aggregated for all questions. Bottom plot shows G-EVAL scores for the same criteria, aggregated

across all ContractNLI outputs.

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

2https://www.proli�c.com
3gpt-4o-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-4o on matched inputs. G-EVAL generated criterion-speci�c scores, supporting �ne-grained analysis of
response quality, explainability, and reasoning.

Results across all samples and evaluation criteria prove PAKTON's superiority over GPT-4o in eight out of
nine dimensions (Fig. 7.2.1). Notably, PAKTON scores higher in Explainability and Reasoning, Justi�cation
with Evidence, Completeness, and Handling Ambiguity. These outcomes are consistent with PAKTON's
design objectives that prioritize detailed and well-supported responses that explicitly reason through legal
content. For Conciseness and Precision, and Relevance and Focus criteria, both models demonstrate
comparable performance, an anticipated outcome, as these dimensions often con�ict with Completeness�a
domain in which PAKTON signi�cantly surpasses GPT-4o�thereby illustrating the inherent trade-o�
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

Mistral
7B

ZS 0.5364 0.5042 0.5279 0.0248 0.5951
FS 0.5065 0.4702 0.6053 0.0082 0.4379
FS+Spans 0.4940 0.4576 0.6085 0.0076 0.4053
PAKTON 0.7032 0.6789 0.7782 0.2469 0.6828

Mixtral
8x7B

ZS 0.5423 0.5475 0.6445 0.4103 0.4770
FS 0.6002 0.5804 0.6836 0.1931 0.5642
FS+Spans 0.6150 0.6017 0.6901 0.1951 0.6060
PAKTON 0.7423 0.7429 0.7864 0.6655 0.7187

Qwen
2.5
72B

ZS 0.7728 0.7699 0.8248 0.5776 0.7579
FS 0.7351 0.7241 0.8094 0.4920 0.6892
FS+Spans 0.7484 0.7432 0.8196 0.4378 0.7357
PAKTON 0.8192 0.8188 0.8353 0.7737 0.8132

Gemma
3 27B

ZS 0.7886 0.7860 0.8316 0.6348 0.7739
FS 0.7191 0.7049 0.7815 0.4608 0.6891
FS+Spans 0.7720 0.7639 0.8287 0.4728 0.7662
PAKTON 0.8287 0.8283 0.8487 0.7546 0.8255

Llama
3.3
70B

ZS 0.6767 0.6716 0.7366 0.5378 0.6346
FS 0.6657 0.6565 0.7326 0.4431 0.6268
FS+Spans 0.6915 0.6879 0.7382 0.4244 0.6982
PAKTON 0.8217 0.8207 0.8422 0.7488 0.8165

Llama
3.1
70B

ZS 0.5811 0.5577 0.5216 0.3152 0.6555
FS 0.5729 0.5506 0.5421 0.2381 0.6358
FS+Spans 0.5538 0.5180 0.4471 0.3014 0.6468
PAKTON 0.7916 0.7903 0.8097 0.6846 0.7960

Claude
3.5

ZS 0.7916 0.7977 0.8757 0.5722 0.7691
FS 0.7778 0.7816 0.8588 0.5702 0.7505
FS+Spans 0.7999 0.8034 0.8678 0.6046 0.7826
PAKTON 0.7990 0.8000 0.8157 0.7046 0.8072

Claude
3.7

ZS 0.7704 0.7781 0.8633 0.5602 0.7398
FS 0.7590 0.7602 0.8463 0.5607 0.7165
FS+Spans 0.7724 0.7766 0.8538 0.5805 0.7417
PAKTON 0.8247 0.8254 0.8386 0.7495 0.8304

Deepseek
V3

ZS 0.7886 0.7875 0.8487 0.6117 0.7648
FS 0.7681 0.7607 0.8346 0.6104 0.7182
FS+Spans 0.7743 0.7714 0.8377 0.5812 0.7465
PAKTON 0.8192 0.8200 0.8315 0.7615 0.8224

GPT-4o

ZS 0.6121 0.6366 0.7490 0.4162 0.5698
FS 0.6640 0.6789 0.7372 0.4734 0.6666
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 inbold .
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Precision @ k Recall @ k

Dataset Method 1 2 4 8 16 32 64 1 2 4 8 16 32 64

PrivacyQA

Naive 7.86 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
RCTS 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

ContractNLI

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
RCTS 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

MAUD

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
RCTS 2.65 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 2.48 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

CUAD

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
RCTS 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
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

ALL

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
RCTS 6.41 6.16 5.76 4.36 3.09 2.15 1.45 4.94 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 2 f 1; 2; 4; 8; 16; 32; 64g for four retrieval pipelines on �ve legal-text
datasets.
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Conclusion

This work presentsPAKTON , a modular, open-source, multi-agent framework designed to meet the speci�c
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
AI systems, PAKTON adopts a structured and interpretable architecture built around three collaborative
agents: the Archivist for preprocessing and input management, theResearcher for hybrid, graph-aware
retrieval, and the Interrogator for iterative multi-step reasoning. Together, these components orchestrate a
retrieval-augmented generation (RAG) pipeline that produces highly contextualized, evidence-backed legal
analyses and detailed report-like responses.

The framework is distinguished not only by its design principles�modularity, transparency, and
adaptability�but also by its practical e�ectiveness. Across a series of rigorous quantitative and qualitative
evaluations, PAKTON demonstrates consistent superiority over both general-purpose and domain-specialized
baselines. On benchmark datasets such as ContractNLI and LegalBench-RAG, the system achieves
state-of-the-art retrieval and classi�cation performance, highlighting the strength of its retrieval pipeline.
Human evaluations conducted by legal professionals, as well as LLM-based assessments using G-EVAL,
further validate PAKTON's ability to generate responses that are more complete, better justi�ed, and more
explainable than those produced by even leading proprietary models like GPT-4o.

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

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

In sum, PAKTON lays the groundwork for a new generation of transparent, explainable, and practically
deployable legal AI 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 re�ect on the broader
ethical considerations surrounding its use. We identify technical constraints related to generalizability,
e�ciency, and structural assumptions, as well as practical challenges tied to deployment latency and language
coverage. Additionally, we discuss ethical risks such as overreliance by non-experts, potential misuse, and
issues of accessibility and fairness. These re�ections aim to contextualize the system's capabilities within
real-world settings and underscore the importance of responsible development and deployment.

9.1 Limitations

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

In summary, these directions point toward a broader vision of PAKTON not just as a tool for contract review,
but as a �exible, evolving platform for high-assurance legal reasoning. By combining multi-agent deliberation,
model ensembling, domain-speci�c retrieval, and interactive explanation, future iterations could push the
boundaries of what legal AI 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, �ndings, acknowledged knowledge gaps, and preliminary reasoning extracted from the conversation.
Before forming your next question, carefully analyze this report , which includes:
- The preliminary reasoning and draft interpretation �a tentative legal direction that has emerged, but is still subject
to revision.
- Explicitly acknowledged knowledge gaps �areas where the legal researcher did not provide su�cient clarity, evidence,
or citations.
- Remaining uncertainties and con�icting viewpoints , including legal areas where additional investigation is required.
- Follow-up questions that have already been identi�ed to re�ne the legal analysis further.

You must use this information strategically to craft your next question.
�
Your Role:
- You have {remaining_questions} questions remaining , so each question must be maximally informative.
- Your goal is to clarify uncertainties, challenge assumptions, and press for concrete legal sources to �ll the
knowledge gaps.
- Your questions should probe deeper into weak or vague responses, pressing for speci�c legal precedents, case law,
statutory references, and counterarguments .
- Avoid redundancy�do not ask questions that have already been answered in the report. Instead, build upon previous
insights and push the conversation forward.

�
...
�
Completion: Once you are fully satis�ed that you have gathered all necessary legal insights, you may conclude the interrogation
by stating: "Thank you, I am now in a position to answer the question with con�dence."
You will be given:
- The report summarizing the previous exchange with the legal researcher.
- The list of previous questions asked so far.

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

The following report summarizes the previous exchange between you and the legal researcher.
<report>{report} </report>
This report contains:
- A preliminary interpretation or draft answer , which is subject to revision.
- Explicitly acknowledged gaps in legal reasoning �areas that require further clari�cation.
- Con�icting viewpoints or legal uncertainties that need to be resolved.
- Follow-up questions that have been identi�ed to improve the legal analysis.

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

You must carefully analyze the above report before crafting your next question.
Your next question should:
- Push the conversation forward �do not repeat questions that have already been asked.
- Target unresolved knowledge gaps and press for speci�c legal references .
- Challenge weak or unsupported reasoning �seek case law, statutes, or counterarguments.
- Re�ne or reassess the preliminary interpretation , if needed.
- Help move toward a stronger, well-supported legal answer .

Now, continue your interrogation.
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Appendix B

Experiments on LegalBenchRAG

B.1 Baselines

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

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

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

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

ˆ 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 con�guration. However, in this
work we compare PAKTON against all four baseline con�gurations to demonstrate consistent performance
improvements.

B.2 PAKTON Evaluation Strategy

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

ˆ The Archivist component is responsible for document indexing.

ˆ The Researcher performs in-document retrieval.

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

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

Con�guration 1

Archivist :
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ˆ Primary strategy: structural parsing.

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

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

Researcher :

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

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

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

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

ˆ Reranker: BAAI/bge-reranker-v2-m3 , producing a top-64 reranked �nal list of chunks.

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

LLM Filtering :

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

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

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

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

Con�guration 2

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

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

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

B.3 Discussion

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

Considering the trade-o� between reranking accuracy and computational e�ciency, Con�guration 1 represents
the most suitable choice for practical deployment scenarios where speed is a critical factor. Nevertheless,
for applications where performance is prioritized over inference time, Con�guration 2 may be preferred to
achieve more competitive results.
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No LLM Filtering vs. LLM Filtering: In the legal domain, high recall is often of paramount
importance, as omitting relevant spans can lead to incomplete or �awed legal reasoning. TheNo LLM
Filtering con�guration aligns better with this paradigm minimizing the risk of excluding potentially critical
information. For this reason, it is selected as the primary setup in our evaluation.

Nonetheless, there are scenarios whereprecision 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 theLLM Filtering
variant, which identi�es and extracts the most relevant sub-spans within each of the top-10 reranked chunks,
thereby �ltering the retrieval output to focus on the most contextually pertinent segments.

As shown in Tables B.1 and B.2, this LLM Filtering variant signi�cantly improves precision . However,
this gain comes at the cost ofrecall , especially as the value oftop_k increases, due to the stricter content
selection. Based on these �ndings, we conclude that LLM Filtering is particularly advantageous for lowtop_k
settings, where focused and precise evidence is preferred. In contrast, for highertop_k values, the un�ltered
setup is more appropriate to maintain broader recall.

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

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

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

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

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

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

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

Precision @k Recall @k

Dataset LLM �ltering 1 2 4 8 16 32 64 1 2 4 8 16 32 64

PrivacyQA
without 19.94 16.84 11.44 8.62 7.38 6.42 6.08 13.34 22.43 32.67 43.39 61.65 82.30 89.42
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 10.51 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 2.78 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 di�erent datasets for Precision and Recall at various k values for
PAKTON's Researcher and Archivist under con�guration 1.

Precision @k Recall @k

Dataset LLM �ltering 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 6.0117.00 26.39 39.99 62.73 79.24 94.90 97.35
with 33.02 31.85 29.33 26.66 26.11 25.70 25.6810.35 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 63.2351.78 58.93 63.10 64.52 65.07 65.24 65.24

MAUD
without 17.77 11.35 9.41 8.32 5.84 3.50 1.9217.06 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 31.9217.92 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 1.294.38 16.11 34.09 53.00 69.13 80.65 86.20
with 25.51 28.62 30.28 31.13 30.27 30.21 30.2215.54 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 3.4426.53 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 37.7623.90 30.62 35.24 38.15 39.19 39.48 39.54

Table B.2: Performance comparison across di�erent datasets in terms of Precision and Recall at variousk
values, using PAKTON's Researcher and Archivist under Con�guration 2.
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Precision @k Recall @k

Dataset LLM �ltering 1 2 4 8 16 32 64 1 2 4 8 16 32 64

PrivacyQA
without 35.08 30.37 23.69 17.86 14.79 11.73 10.88 19.65 32.23 43.52 58.46 75.93 89.34 94.18
with 33.51 32.98 28.01 26.16 25.61 25.43 25.39 20.36 31.65 37.62 42.49 43.94 46.89 46.89

ContractNLI
without 58.76 39.69 24.10 13.63 7.86 5.99 5.87 53.74 68.56 80.50 89.86 95.45 99.48 99.74
with 63.73 54.12 49.40 48.01 47.90 47.81 47.81 54.10 61.30 68.17 71.60 72.90 73.41 73.41

MAUD
without 35.05 23.97 15.34 11.08 8.02 5.27 3.08 32.32 38.24 43.56 54.98 67.17 81.12 85.45
with 41.58 36.01 32.22 31.34 30.72 30.33 30.29 36.90 41.18 44.18 47.77 48.55 48.81 48.81

CUAD
without 20.10 15.46 10.82 8.13 5.30 3.91 3.08 16.86 24.98 33.95 47.84 60.85 77.66 84.38
with 35.75 30.93 29.38 29.11 28.83 28.82 28.81 30.99 37.81 43.14 47.04 48.85 49.28 49.28

ALL
without 37.24 27.37 18.49 12.68 8.99 6.73 5.73 30.64 41.00 50.38 62.79 74.85 86.90 90.94
with 43.64 38.51 34.75 33.66 33.27 33.10 33.08 35.59 42.99 48.28 52.23 53.56 54.60 54.60

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

calculation of Precision and Recall.

Recall @k

Dataset 1 2 4 8 16 32 64

PrivacyQA 61.91 86.97 96.42 99.12 100.00 100.00 100.00
ContractNLI 82.16 98.69 100.00 100.00 100.00 100.00 100.00
MAUD 68.19 92.35 98.21 99.86 100.00 100.00 100.00
CUAD 82.14 94.30 98.44 100.00 100.00 100.00 100.00

ALL 73.63 93.09 98.27 99.75 100.00 100.00 100.00

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

Number of Characters @ k Avg. Lengths

Dataset LLM Filtering 1 2 4 8 16 32 64 Answer Document

PrivacyQA
without 682 1415 2985 5706 10341 17961 21080
with 207 403 711 1088 1362 1476 1523 1200 25266

ContractNLI
without 789 1371 2738 4869 8126 10774 11112
with 250 412 651 885 1036 1081 1081 438 10782

MAUD
without 908 1765 3542 7069 14248 28699 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 con�guration 1.
Comparison with average length of ground truth (answer) and document lengths.
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(a) Precision @ k across all datasets

(b) Recall @ k across all datasets

(c) Precision - Recall across all datasets

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

Experiments on ContractNLI

C.1 Dataset Overview

We conduct all experiments on the test split of the ContractNLI dataset[38], which contains 2,091 samples.
Each sample consists of a full non-disclosure agreement (NDA) as thepremise, 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 con�guration, predictions and their associated data points are stored
in structured .json �les, which will be made publicly available upon publication.

C.2 Dataset Subsets

ˆ 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.

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

C.3 Prompting Strategies

We experiment with the following prompting techniques:

ˆ 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.

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

ˆ naive few-shot (FS): Based on [13], builds on the optimized zero-shot format, but includes three
random training examples (contract, hypothesis, and label) in the prompt. The full contract is
used as the premise in both the examples and the current input. Demonstrates the e�ect of using
cross-document retrieval.
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Appendix C. Experiments on ContractNLI

ˆ 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.

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

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

C.4 Experimental Setup

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

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

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

C.5 Detailed Results

All the experiments and the corresponding results are shown in detail in Tables C.1, C.2, C.3, 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 asNeutral were stored within a single index, while
examples labeled asEntailment 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-speci�c graphs were then integrated into a uni�ed, higher-level
composable graph. Every node�whether a graph or a leaf index�was annotated with a brief natural language
description summarizing the content it encapsulated.

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

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

As for the Researcher module, we utilized Con�guration 1 (see Section B.2), withNo LLM �ltering 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 �ve in order to maintain
e�ciency and avoid excessively long interaction sequences.

No Model ID Acc. F1[W] F1[E] F1[C] F1[N] Quant. Try Prompting
0 Llama-3-8B-Instr 0.4868 0.4612 0.5677 0.0327 0.4514 no 1 ZS
1 Llama-3-8B-Instr 0.4883 0.4613 0.5639 0.0252 0.4576 no 2 ZS
2 Llama-3-8B-Instr 0.4969 0.4691 0.5758 0.0166 0.4651 no 3 ZS
3 Mistral-7B-Instr 0.5301 0.4804 0.4551 0.0261 0.6178 no 1 ZS
4 Mistral-7B-Instr 0.5340 0.4843 0.4627 0.0175 0.6206 no 2 ZS
5 Mistral-7B-Instr 0.5328 0.4839 0.4590 0.0342 0.6201 no 3 ZS
6 Saul-7B-Instr 0.4223 0.2933 0.0570 0.0910 0.5960 no 1 ZS
7 Saul-7B-Instr 0.4218 0.2960 0.0760 0.0542 0.5907 no 2 ZS
8 Saul-7B-Instr 0.4146 0.2809 0.0437 0.0588 0.5893 no 3 ZS
9 Mixtral-8x7B-Instr 0.5608 0.5659 0.6548 0.4087 0.5088 normal 1 ZS
10 Mixtral-8x7B-Instr 0.5605 0.5652 0.6551 0.4099 0.5065 normal 2 ZS
11 Mixtral-8x7B-Instr 0.5612 0.5661 0.6545 0.4105 0.5092 normal 3 ZS
12 Llama-3-8B-Instr 0.5151 0.4670 0.6331 0.0000 0.4026 no 1 opt. ZS
13 Llama-3-8B-Instr 0.5227 0.4738 0.6372 0.0000 0.4140 no 2 opt. ZS
14 Llama-3-8B-Instr 0.5261 0.4785 0.6384 0.0000 0.4237 no 3 opt. ZS
15 Llama-3-8B-Instr 0.5332 0.5013 0.6144 0.0090 0.5000 no 1 FS+Spans
16 Llama-3-8B-Instr 0.5232 0.4938 0.5977 0.0177 0.4986 no 2 FS+Spans
17 Llama-3-8B-Instr 0.5333 0.5024 0.6089 0.0089 0.5086 no 3 FS+Spans
18 SaulLM-54B-Instr 0.7021 0.6806 0.7726 0.1832 0.7032 lowest 1 ZS
19 SaulLM-54B-Instr 0.7001 0.6764 0.7724 0.1594 0.6995 lowest 2 ZS
20 SaulLM-54B-Instr 0.7040 0.6807 0.7731 0.1760 0.7046 lowest 3 ZS
21 Llama-3-70B-Instr 0.6241 0.5990 0.7313 0.4972 0.4819 normal 1 ZS
22 Llama-3-70B-Instr 0.6236 0.5987 0.7320 0.4943 0.4813 normal 2 ZS
23 Llama-3-70B-Instr 0.6208 0.5953 0.7297 0.4943 0.4759 normal 3 ZS
24 DS-R1-Dist.-Llama-70B 0.6054 0.6078 0.6552 0.4837 0.5874 normal 1 ZS
25 gpt-4o 0.6112 0.6367 0.7497 0.4119 0.5704 - 1 ZS
26 gpt-4o 0.6112 0.6356 0.75 0.4151 0.5667 - 2 ZS
27 gpt-4o 0.6141 0.6376 0.7474 0.4216 0.5725 - 3 ZS
28 gpt-4o 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 0.6590 0.6733 0.7297 0.4624 0.6642 - 2 FS
33 gpt-4o 0.6805 0.6941 0.7503 0.5 0.6813 - 3 FS
34 gpt-4o 0.6413 0.6507 0.6556 0.4533 0.6936 - 1 FS+Spans
35 gpt-4o 0.6538 0.6627 0.6724 0.4719 0.6989 - 2 FS+Spans
36 gpt-4o 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 ZS RAG
38 Llama3-8b-Instr 0.4776 0.4278 0.6029 0.0536 0.3314 - 1 ZS
39 Mistral-7b-Instr 0.527 0.4876 0.4863 0.0248 0.6018 - 1 ZS
40 Mistral-8x7b-Instr 0.5872 0.5948 0.656 0.4427 0.5664 - 1 ZS

Table C.1: Baseline performance of models across multiple evaluation runs on the ContractNLI test set.
(Part 1 of 3)

91



Appendix C. Experiments on ContractNLI

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 ZS
42 Claude-3-Opus 0.7547 0.7676 0.8339 0.5083 0.7596 - 1 ZS
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 ZS
45 Claude-3.5-Sonnet 0.7944 0.8002 0.8757 0.5789 0.7732 - 1 ZS
46 Claude-3.5-Sonnet 0.7881 0.7949 0.8749 0.5609 0.7661 - 2 ZS
47 Claude-3.5-Sonnet 0.7924 0.7981 0.8764 0.5770 0.7679 - 3 ZS
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 ZS
73 qwen2.5-72b-instruct 0.7728 0.7699 0.8248 0.5776 0.7579 - 1 ZS
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 ZS

Table C.2: Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 2 of 3).
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No Model ID Acc. F1[W] F1[E] F1[C] F1[N] Quant. Try Prompting
80 deepseek-chat 0.7891 0.7883 0.8477 0.6126 0.7674 - 3 ZS
81 deepseek-chat 0.7872 0.7829 0.8503 0.6128 0.7521 - 1 opt. ZS
82 deepseek-chat 0.7886 0.7843 0.8535 0.6103 0.7526 - 2 opt. ZS
83 deepseek-chat 0.7891 0.7847 0.8519 0.6154 0.7539 - 3 opt. ZS
84 deepseek-chat 0.7681 0.7607 0.8346 0.6104 0.7182 - 1 FS
85 deepseek-chat 0.7743 0.7714 0.8377 0.5812 0.7465 - 1 FS+Spans
86 deepseek-chat 0.7963 0.7939 0.8612 0.6479 0.7573 - 1 FS+Spans+Hyp
87 deepseek-reasoner 0.7398 0.7455 0.8281 0.5229 0.7112 - 1 ZS
88 deepseek-reasoner 0.7394 0.7433 0.8305 0.5270 0.7024 - 2 ZS
89 claude-3.7-Sonnet 0.7704 0.7781 0.8633 0.5602 0.7398 - 1 ZS
90 Claude-3.7-Sonnet 0.7671 0.7733 0.8546 0.5586 0.7383 - 1 opt. ZS
91 Claude-3.7-Sonnet 0.7590 0.7602 0.8463 0.5607 0.7165 - 1 FS
92 Claude-3.7-Sonnet 0.7724 0.7766 0.8538 0.5805 0.7417 - 1 FS+Spans
93 Claude-3.7-Sonnet 0.8034 0.8068 0.8746 0.6309 0.7769 - 1 FS+Spans+Hyp
94 Llama3.1-70b-Instr 0.5758 0.5462 0.5014 0.2749 0.6604 - 1 opt. ZS
95 Llama3.1-70b-Instr 0.5849 0.5559 0.5208 0.2561 0.6667 - 2 opt. ZS
96 Llama3.1-70b-Instr 0.5725 0.5417 0.5046 0.2303 0.6574 - 3 opt. ZS
97 Llama3.1-70b-Instr 0.5729 0.5506 0.5421 0.2381 0.6358 - 1 FS
98 Llama3.3-70b-Instr 0.6767 0.6716 0.7366 0.5378 0.6346 - 1 ZS
99 Llama3.3-70b-Instr 0.7164 0.7123 0.7704 0.4745 0.7080 - 1 opt. ZS
100 Llama3.3-70b-Instr 0.6657 0.6565 0.7326 0.4431 0.6268 - 1 FS
101 Llama3.3-70b-Instr 0.6915 0.6879 0.7382 0.4244 0.6982 - 1 FS+Spans
102 Llama3.3-70b-Instr 0.7102 0.6974 0.7840 0.5294 0.6455 - 1 FS+Spans+Hyp
103 Mistral-8x7b-Instr 0.5423 0.5475 0.6445 0.4103 0.4770 - 1 ZS
104 Mistral-8x7b-Instr 0.6006 0.5931 0.6717 0.1592 0.6146 - 1 opt. ZS
105 Mistral-8x7b-Instr 0.6002 0.5804 0.6836 0.1931 0.5642 - 1 FS
106 Mistral-8x7b-Instr 0.6150 0.6017 0.6901 0.1951 0.6060 - 1 FS+Spans
107 Mistral-8x7b-Instr 0.5323 0.5302 0.6494 0.4152 0.4305 - 1 FS+Spans+Hyp
108 Mistral-7b-Instr 0.5364 0.5042 0.5279 0.0248 0.5951 - 1 ZS
109 Mistral-7b-Instr 0.5084 0.4821 0.6055 0.0000 0.4672 - 1 opt. ZS
110 Mistral-7b-Instr 0.5065 0.4702 0.6053 0.0082 0.4379 - 1 FS
111 Mistral-7b-Instr 0.4940 0.4576 0.6085 0.0076 0.4053 - 1 FS+Spans
112 Mistral-7b-Instr 0.4873 0.3660 0.6460 0.0090 0.1528 - 1 FS+Spans+Hyp

Table C.3: Baseline performance of models across multiple evaluation runs on the ContractNLI test set
(Part 3 of 3).
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No Model ID Acc. F1[W] F1[E] F1[C] F1[N] Quant. Try Prompting
0 gpt-4o 0.7328 0.7427 0.7575 0.5936 0.7630 - 1 ZS
1 gpt-4o 0.7248 0.7367 0.7598 0.5760 0.7516 - 2 ZS
2 gpt-4o 0.7303 0.7420 0.7629 0.5799 0.7593 - 3 ZS
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-4o 0.7283 0.7290 0.7195 0.6341 0.7602 - 2 FS
8 gpt-4o 0.7343 0.7347 0.7222 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 ZS
16 Claude-3-Opus 0.8217 0.8231 0.8457 0.7221 0.8246 - 2 ZS
17 Claude-3-Opus 0.8177 0.8197 0.8458 0.7024 0.8215 - 3 ZS
18 Claude-3.5-Sonnet 0.8237 0.8253 0.8450 0.7302 0.8283 - 1 ZS
19 Claude-3.5-Sonnet 0.8217 0.8233 0.8420 0.7302 0.8269 - 2 ZS
20 Claude-3.5-Sonnet 0.8237 0.8253 0.8438 0.7343 0.8285 - 3 ZS
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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No Model ID Acc. F1[W] F1[E] F1[C] F1[N] Quant. Try Prompting
41 Claude-3-Opus 0.8358 0.8355 0.8588 0.7426 0.8344 - 3 FS+Spans+Hyp
42 Claude-3.5-Sonnet 0.8498 0.8499 0.8679 0.7919 0.8459 - 1 FS+Spans+Hyp
43 Claude-3.5-Sonnet 0.8508 0.8509 0.8644 0.8080 0.8477 - 2 FS+Spans+Hyp
44 Claude-3.5-Sonnet 0.8569 0.8569 0.8747 0.7891 0.8553 - 3 FS+Spans+Hyp
45 gemma-3-27b-it 0.8247 0.8238 0.8536 0.7378 0.8148 - 1 ZS
46 gemma-3-27b-it 0.8207 0.8183 0.8512 0.7037 0.8128 - 1 opt. ZS
47 gemma-3-27b-it 0.8127 0.8104 0.8462 0.6945 0.8025 - 1 FS
48 gemma-3-27b-it 0.8137 0.8116 0.8469 0.6939 0.8047 - 1 FS+Spans
49 gemma-3-27b-it 0.8182 0.8160 0.8472 0.7103 0.8104 - 1 FS+Spans+Hyp
50 qwen2.5-72b-instruct 0.8277 0.8263 0.8559 0.7345 0.8189 - 1 ZS
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 ZS
56 deepseek-chat 0.8373 0.8370 0.8574 0.7682 0.8330 - 2 ZS
57 deepseek-chat 0.8368 0.8366 0.8562 0.7675 0.8335 - 3 ZS
58 deepseek-chat 0.8353 0.8348 0.8564 0.7606 0.8311 - 1 opt. ZS
59 deepseek-chat 0.8348 0.8343 0.8568 0.7589 0.8299 - 2 opt. ZS
60 deepseek-chat 0.8353 0.8348 0.8573 0.7606 0.8301 - 3 opt. ZS
61 deepseek-chat 0.8307 0.8302 0.8547 0.7506 0.8250 - 1 FS
62 deepseek-chat 0.8302 0.8296 0.8593 0.7354 0.8227 - 2 FS
63 deepseek-chat 0.8368 0.8361 0.8632 0.7455 0.8309 - 3 FS
64 deepseek-chat 0.8317 0.8313 0.8571 0.7392 0.8276 - 1 FS+Spans
65 deepseek-chat 0.8368 0.8364 0.8570 0.7630 0.8335 - 2 FS+Spans
66 deepseek-chat 0.8383 0.8379 0.8637 0.7489 0.8335 - 3 FS+Spans
67 deepseek-chat 0.8473 0.8467 0.8689 0.7930 0.8375 - 1 FS+Spans+Hyp
68 deepseek-reasoner 0.7860 0.7903 0.8061 0.6528 0.8070 - 1 ZS
69 deepseek-reasoner 0.7810 0.7854 0.8011 0.6568 0.8000 - 2 ZS
70 deepseek-reasoner 0.7805 0.7852 0.8034 0.6458 0.8000 - 3 ZS
71 Claude-3.7-Sonnet 0.8061 0.8074 0.8180 0.7388 0.8131 - 1 ZS
72 Claude-3.7-Sonnet 0.8071 0.8084 0.8187 0.7403 0.8143 - 2 ZS
73 Claude-3.7-Sonnet 0.8051 0.8064 0.8162 0.7403 0.8122 - 3 ZS
74 Claude-3.7-Sonnet 0.8222 0.8230 0.8371 0.7609 0.8237 - 1 opt. ZS
75 Claude-3.7-Sonnet 0.8212 0.8220 0.8362 0.7593 0.8228 - 2 opt. ZS
76 Claude-3.7-Sonnet 0.8217 0.8225 0.8367 0.7609 0.8230 - 3 opt. ZS
77 Claude-3.7-Sonnet 0.8312 0.8326 0.8510 0.7439 0.8353 - 1 FS
78 Claude-3.7-Sonnet 0.8317 0.8327 0.8508 0.7556 0.8330 - 2 FS
79 Claude-3.7-Sonnet 0.8242 0.8252 0.8418 0.7531 0.8258 - 3 FS

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

of 3)
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Appendix C. Experiments on ContractNLI

No Model ID Acc. F1[W] F1[E] F1[C] F1[N] Quant. Try Prompting
80 Claude-3.7-Sonnet 0.8277 0.8288 0.8429 0.7592 0.8313 - 1 FS+Spans
81 claude-3.7-Sonnet 0.8428 0.8431 0.8601 0.7617 0.8456 - 1 FS+Spans+Hyp
82 Llama3.1-70b-Instr 0.7328 0.7321 0.7321 0.6650 0.7477 - 1 ZS
83 Llama3.1-70b-Instr 0.7332 0.7325 0.7346 0.6505 0.7496 - 2 ZS
84 Llama3.1-70b-Instr 0.7411 0.7402 0.7400 0.6650 0.7578 - 3 ZS
85 Llama3.1-70b-Instr 0.7685 0.7655 0.8045 0.5699 0.7731 - 1 opt. ZS
86 Llama3.1-70b-Instr 0.7614 0.7585 0.7934 0.5675 0.7690 - 2 opt. ZS
87 Llama3.1-70b-Instr 0.7609 0.7588 0.7895 0.5898 0.7683 - 3 opt. ZS
88 Llama3.1-70b-Instr 0.7248 0.7226 0.7372 0.5707 0.7437 - 1 FS
89 Llama3.1-70b-Instr 0.7348 0.7325 0.7517 0.5660 0.7525 - 2 FS
90 Llama3.1-70b-Instr 0.7212 0.7196 0.7306 0.5885 0.7394 - 3 FS
91 Llama3.1-70b-Instr 0.7348 0.7321 0.7380 0.5962 0.7579 - 1 FS+Spans
92 Llama3.1-70b-Instr 0.7313 0.7288 0.7449 0.5532 0.7541 - 2 FS+Spans
93 Llama3.1-70b-Instr 0.7117 0.7087 0.7081 0.5789 0.7394 - 3 FS+Spans
94 Llama3.1-70b-Instr 0.8152 0.8132 0.8441 0.6818 0.8138 - 1 FS+Spans+Hyp
95 Llama3.1-70b-Instr 0.8157 0.8138 0.8437 0.6937 0.8126 - 2 FS+Spans+Hyp
96 Llama3.1-70b-Instr 0.8192 0.8175 0.8478 0.6948 0.8167 - 3 FS+Spans+Hyp
97 Llama3.3-70b-Instr 0.7845 0.7849 0.8092 0.7089 0.7790 - 1 ZS
98 Llama3.3-70b-Instr 0.8117 0.8103 0.8389 0.7136 0.8051 - 1 opt. ZS
99 Llama3.3-70b-Instr 0.7941 0.7936 0.8177 0.6929 0.7935 - 1 FS
100 Llama3.3-70b-Instr 0.8021 0.8012 0.8303 0.6998 0.7966 - 1 FS+Spans
101 Llama3.3-70b-Instr 0.8403 0.8391 0.8651 0.7536 0.8337 - 1 FS+Spans+Hyp
102 Mistral-8x7b-Instr 0.7177 0.7192 0.7610 0.6478 0.6951 - 1 ZS
103 Mistral-8x7b-Instr 0.7515 0.7425 0.8117 0.5120 0.7290 - 1 opt. ZS
104 Mistral-8x7b-Instr 0.7574 0.7516 0.8065 0.5934 0.7350 - 1 FS
105 Mistral-8x7b-Instr 0.7438 0.7361 0.8008 0.5272 0.7217 - 1 FS+Spans
106 Mistral-8x7b-Instr 0.7514 0.7474 0.8106 0.6332 0.7125 - 1 FS+Spans+Hyp
107 Mistral-7b-Instr 0.6224 0.6052 0.6083 0.2867 0.6744 - 1 ZS
108 Mistral-7b-Instr 0.6217 0.5932 0.6828 0.0437 0.6339 - 1 opt. ZS

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

of 3)
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Appendix D

Human Evaluation

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

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

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

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

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

Figure D.0.1 presents a comparative assessment between PAKTON and GPT-4o, based on human judgments
across multiple criteria. PAKTON consistently outperformed GPT-4o, both at the individual response level
and in aggregate preferences.
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