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Abstract

Compliance with European Union (EU) digital regulations is chal-
lenging due to their increased complexity. This study develops and
evaluates an Al-driven pipeline to automate the extraction and
structuring of deontic obligations. Our framework, grounded in
legal theory, applies classical Natural Language Processing (NLP)
approaches in conjunction with Large Language Models (LLMs) to
three major EU regulations: General Data Protection Regulation
(GDPR), Digital Services Act (DSA), and AI Act (AIA) in a struc-
tured workflow. The workflow accurately identified and structured
obligations, with strong performance on the AIA but challenges in
the GDPR and DSA. Knowledge graphs improved the organisation
and cross-referencing of obligations. Overall, the results indicate
that LLMs significantly enhance the extraction and organisation of
obligations. The research contributes to Al-driven legal compliance
by facilitating efficient regulatory navigation and supporting the
development of automated compliance tools for organisations, legal
professionals, and policy-makers.
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1 Introduction

The rapid development of Artificial Intelligence (AI) and natural
language processing (NLP) is reshaping the landscape of legal com-
pliance, providing effective tools to manage, interpret, and oper-
ationalise complex regulatory frameworks. Among these, Large
Language Models (LLMs) have been developed as advanced tech-
nologies, exhibiting a strong capability to process and generate legal
text with high accuracy [14]. They have significant potential in reg-
ulatory compliance, particularly for tasks that involve analysing
dense legal language and organising complex knowledge [8, 13].

In the European Union (EU), regulatory compliance has recently
increased significantly, particularly in the area of digital technolo-
gies. Key regulations such as the General Data Protection Regula-
tion, Data Act, Data Governance Act, Digital Services Act, Digital
Markets Act, Cyber Resilience Act and Artificial Intelligence Act
exemplify this trend. Altogether, these regulations constitute an
emerging legal order [23], characterised by interconnected concepts,
overlapping provisions, and similar regulatory approaches [20]
aimed at governing various aspects of the digital society.

Digital operators face great challenges in managing and comply-
ing with this new intricate framework [17]. The texts of the regula-
tions are particularly complex due to their dense, techno-legalistic
language, substantial length, and the wide array of stakeholders
they affect, including both EU and non-EU industry actors, national
governments, administrative authorities, and EU institutions [6].

Grasping this framework is made even more difficult by linguistic
ambiguities, inconsistencies in phrasing, and the interwoven nature
of provisions across multiple regulations. For instance, compliance
obligations are often scattered across numerous provisions, condi-
tioned by implicit requirements, or dependent on cross-referencing
related regulatory texts, national implementations, and supplemen-
tary guidance documents, creating a fragmented and highly com-
plex regulatory landscape.

This complexity underscores the urgent need for innovative
solutions, such as automated tools, to simplify compliance processes.
These tools may help regulated entities engage in more efficient and
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effective compliance-oriented readings of regulatory texts, reducing
the burden and risk of non-compliance.

In this context, this research aims to bridge the gap between the
increasing demand for efficient compliance processes and recent
developments in automated compliance technologies. Specifically,
this study explores how advancements in NLP and LLMs can be
used to develop an extraction and analysis pipeline for structuring
and representing legal obligations from regulatory texts through
knowledge graphs. Our experiments focus on three key EU digital
regulations: the GDPR, the DSA, and the AIA. The relevance of this
research is manifold. From a technical point of view, our approach
demonstrates how LLMs surpass traditional methods by allowing
abstraction from manual annotation, enabling the consideration of
broader context, and offering flexibility in handling complex legal
language. In addition, this research may open up opportunities
for further technological development, such as the integration of
expert systems for compliance support, logical representations of
norms for automated reasoning, and the application of network
analysis to uncover interconnections and dependencies among legal
obligations across regulatory texts.

From a practical standpoint, the automated extraction and struc-
tured representation of legal obligations provide regulated entities
with tools to efficiently navigate complex regulatory frameworks.
These tools can help organisations identify their obligations, stream-
line compliance efforts, and reduce the risk of non-compliance by
offering precise and actionable insights tailored to their roles and
responsibilities. In the long run, this research may offer valuable
insights into the structure and interplay of EU (digital) regulations.
This, in turn, can inform future legislative design and harmonisation
efforts, helping to address inconsistencies and improve regulatory
coherence.

The paper begins by situating the research within the broader
context of Al and law, providing an overview of related works
that focus on automatically identifying deontic statements, such as
obligations, in regulatory texts (Section 2). Next, we introduce our
framework, rooted in analytical legal theory, which defines how we
analyse and represent legal obligations within legal texts (Section
3). Following this, we describe our proposed workflow for extract-
ing, analysing, and representing legal obligations (Section 4). This
workflow includes steps for obligation detection, deontic obligation
filtering, deontic obligation analysis, and deontic obligation repre-
sentation. We then present how this workflow was implemented in
our case study, which examines the GDPR, the DSA, and the AIA
(Section 5). This section covers the employed model, the validation
approach, the experimental results, a discussion of the findings, and
the resulting knowledge graphs. Finally, we summarise the key find-
ings and propose future research directions and implementation
possibilities (Section 6).

2 Related Works

Traditionally, legal professionals and compliance teams have re-
lied on manual reading and interpretation of normative texts to
extract legal obligations. These methods often involve the careful
reading and analysis of dense and complex documents, which is
time-consuming and prone to inconsistencies.

130

Dal Pont et al.

Semi-automated tools, such as keyword search systems and rule-
based approaches, have been developed to assist in this process.
For example, [11] introduced Gaius T., a tool based on the Cerno
framework [12], which uses context-free grammars and semantic
annotations to extract rights, obligations, actors, and constraints.
While effective in certain scenarios, such tools often struggle to
accurately link constraints to subjects in complex regulations.

Another example is the work by [27], who proposed a rule-
based method for extracting conditional and deontic rules using the
GATE framework and Stanford Parser. This approach was instru-
mental in identifying critical legal components, such as antecedents
and agents, but remained constrained by the rigidity of rule-based
systems. Similarly, [2] combined syntax- and logic-based rule ex-
traction with lightweight ontologies, achieving high precision and
recall in testing on the Australian Telecommunications Consumer
Protections Code. However, these methods are limited by their re-
liance on predefined syntactic rules that may not appear the same
in other legal texts.

The uptake of machine learning approaches has introduced more
sophisticated techniques to obligation extraction, beginning with
machine learning techniques. [25] explored active learning meth-
ods to classify deontic statements in German tenancy law, using
multinomial naive Bayes, logistic regression, and multi-layer per-
ceptron classifiers. This study highlighted the potential of machine
learning to handle large corpora, although it required substantial
annotated data for training.

Other researchers, such as [5], focused on combining syntactic
and logic-based methods to identify six types of normative rela-
tionships, including prohibitions, authorisations, and sanctions.
These methods have shown promise in addressing the limitations
of rule-based systems, particularly for more nuanced regulatory
texts. However, they still often depend on domain-specific training
data and are constrained in their ability to generalise across legal
systems and languages.

The advent of LLMs has transformed the landscape of legal text
analysis. LLMs like GPT, BERT, and domain-specific models such
as LegalBERT have demonstrated remarkable capabilities in pro-
cessing, interpreting, and generating human-like legal language.
[18] pioneered the application of neural networks for classifying
deontic modalities in financial regulations, focusing on obligations,
prohibitions, and permissions. More recently, [15] explored the use
of GPT-3 for Legal Rule Classification (LRC), fine-tuning it on a
GDPR-specific dataset. The study integrated symbolic knowledge
from legal standards such as LegalDocML and LegalRuleML, achiev-
ing state-of-the-art performance with a weighted F1 score of 0.93,
even with limited training data. This highlights the potential of
LLMs to outperform traditional methods, particularly in scenarios
requiring contextual understanding and generalisation.

This paper builds on these advancements by addressing key
gaps in the existing literature and proposing a novel approach
that leverages LLMs to extract and analyse legal obligations from
regulatory text and represent them through knowledge graphs.

Unlike traditional rule-based systems, which rely on predefined
rules and struggle to generalise across diverse legal texts and con-
structs, our approach employs LLMs, which are capable of capturing
nuanced context and generalising effectively across varied regula-
tory frameworks.
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Similarly, while earlier studies demonstrated high precision in
obligation extraction, they often relied on extensive manual anno-
tation to train models, which limited scalability. In contrast, we
address this limitation by leveraging pre-trained LLMs, reducing
the dependency on expensive and time-consuming annotation pro-
cesses while maintaining high accuracy in identifying and structur-
ing obligations.

Furthermore, our framework extends beyond obligation identi-
fication by introducing structured analysis rooted in legal theory,
which conceptualises obligations as deontic constructs with re-
curring elements (e.g. addresses, beneficiaries, conditions, etc.). In
compliance, these elements are essential to understand the scope of
applicability of an obligation and to determine what actions must
be taken to fulfil it.

Finally, our approach includes a representation of these obliga-
tions through knowledge graphs. These graphs enable the visuali-
sation of relationships between obligations, actors, and conditions,
supporting a more intuitive navigation of regulatory texts. This
structured approach also facilitates advanced functionalities, such
as cross-referencing provisions across regulations, network analy-
sis of norms to understand their interdependencies, and logic-based
reasoning to identify overlaps, redundancies, or potential conflicts.

3 Theoretical Framework

Our approach to extract and represent deontic obligations in le-
gal texts draws on legal theory and analytical philosophy (e.g.,
[7,9, 10]). In particular, our framework considers the following ele-
ments: (0) deontic modality, (1) addressee, (2) predicate, (3) target,
(4) specifications, (5) pre-conditions, (6) beneficiary.

We acknowledge that other important elements may define the
normative content of obligations. These include, among others,
temporal constraints, which establish the time frames within which
obligations must be fulfilled, and logical connectors, which clarify
the relationships between different components of an obligation
(e.g., “AND”, “OR”, “IF-THEN”). Modelling and extracting this infor-
mation is particularly challenging in the context of our framework
[16, 19].

As detailed below, the proposed framework is designed to be
modular and, in the future, can be easily extended with other ele-
ments of deontic obligations. Also, the framework is not intended
as a new formal model for deontic statements, although its output
could be used to represent obligations as logic rules, XML, or other
existing formal models.

In our framework, elements can be mandatory or optional. The
only mandatory element is the predicate that specifies the content
of the obligation, namely a state of affairs to be realised or an
action to be performed. The other elements are optional. Note that
the addressee is not a mandatory element in our representation
as it is not always explicit in legal texts (though, arguably, it is
always implicitly identifiable through contextual reading or legal
interpretation).

In general, the elements of an obligation may be explicitly de-
fined in the text or implicit, requiring interpretation or contextual
analysis to identify their presence. For instance, even if an obli-
gation does not explicitly mention a beneficiary, this element can
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often be deduced from related provisions or the broader intent of
the Regulation.

Deontic Modality. Obligations in English-written legal texts are
typically conveyed through modal verbs such as “shall”, “must”,
“ought to” or “has/have to”. For instance, EU regulation usually
employs “shall” to express mandatory actions or states, typically
prescribing what must or must not be done in legal and regulatory
contexts [3, 22].

At the same time, markers, such as “shall”, may exhibit a high
level of semantic ambiguity. For example, research in legal-linguistic
has noted that regulatory statements introduced by “shall” may
refer to different meanings [1, 4]. For example, “shall” may be used
to provide a definition or explanation of a certain concept or entity,
as in “any reference to an economic operator under Regulation (EU)
2019/1020 shall be understood as including all operators identified
in Article 2(1) of this Regulation” (Article 74 of the AIA). Other times,
“shall” may be used as a constitutive statement, as in “The Digital
Services Coordinator shall be responsible for all matters relating
to supervision and enforcement of this Regulation in that Member
State” (Article 49 of the DSA). Disambiguating such instances is
particularly relevant to extracting deontic obligations correctly. For
this reason, as we will detail in Section 4.2, we have implemented
an obligation filtering step to isolate genuine deontic obligations.

Our concept of an obligation also includes prohibitions since
we assume that the prohibition of a certain action amounts to
the obligation not to perform that action. For example, from the
prohibition of providing or using Al systems to manipulate persons
and create harm (Article 5(1)(a)), we can derive the obligation not to
engage in such Al systems. This correspondence is also reflected at
the linguistic level, as most prohibitions are denoted by the negative
form of the verbs establishing obligations (e.g., “must not” or “shall
not"). In the remainder of the paper, unless stated otherwise, we
refer to “obligations” considering both duties and prohibitions.

Finally, our framework draws a distinction between obligations
of action and obligations of being [24].

o Obligations of Action: These obligations require an action
to be taken in order to achieve compliance. The level of
specificity for the required action can vary. For example,
compare these two provisions: “The Al provider shall imple-
ment appropriate safety measures” and “The data controller
shall maintain a record of processing activities”. Despite the
difference in detail, the key requirement remains the same:
an action—whether clearly defined or broadly described—is
explicitly mandated.

o Obligations of Being: These obligations demand that an entity
(a thing, a person, an organisation) meets certain require-
ments. For example, an Al system may be required to be
secure by design, which implies meeting security standards
but does not specify exact security measures.

This distinction applies equally to prohibitions, as prohibitions
can either prevent specific actions or impose constraints on the state
of being. For instance, consider a regulation stating that “providers
shall not use Al systems to exploit vulnerabilities of specific groups”
and that “Al systems shall not contain biases in their design result-
ing in unfair treatment of protected groups”. In the first case, the
regulation would introduce an actionable restriction, requiring the
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avoidance of a specific design practice. In the second case, it would
determine a desired state of conformity, imposing a constraint on
the attributes of the regulated target (the Al system).

Note that any obligation/prohibition of being can ultimately be
translated into one or more obligations/prohibitions of action once
the addressees, i.e. the entities responsible for implementing the
requirements, are identified. However, legal texts do not always
explicitly determine the specific addressees. Such a determination
can be drawn contextually upon reading other provisions in the
same text or implicitly by using interpretative means.

From this point forward, we will outline the elements composing
a legal obligation. It is important to highlight that the function of
each element may vary slightly depending on whether the Regula-
tion imposes an obligation to exist in a certain state (“obligation of
being") or requires a specific action (“obligation of action").

Predicate. The predicate defines the required state or action as-
sociated with the obligation.

In obligations of being, the predicate specifies the requirement
that the target is expected to satisfy and is generally denoted by a
linking verb (e.g., “shall be resilient").

In obligations of action, the predicate outlines the specific activity
required. It is denoted by an action verb and may be in either active
or passive form (e.g., “shall conduct”, “must be communicated").
Regardless of the form, the predicate conveys the core content of
the obligation, clarifying either the state the target must “be” in or
the action that must be “done” affecting the target.

Addressee. An addressee is the individual, organisation, or entity
responsible for fulfilling the obligation, bearing active responsibility
for either realising, maintaining or affecting the target’s condition
(in obligations of being) or performing the specified action (in
obligations of action). The addressee must individually or collec-
tively possess the capacity to act, such as a natural or legal person.
Consequently, entities like “Al systems”, “a process”, or “adopted
measures” cannot serve as addressees of obligations.

In obligations of action, the addressee is generally explicitly
stated in the regulatory provisions. At the same time, there may be
cases where only the target and the predicate (generally expressed
in the passive form) are explicit, and the addressee who has to carry
out the action is implicit, requiring interpretive analysis to identify
who must ensure the specified condition is met. For example, in
obligations of action, the responsibility to conduct a particular task
(like a risk assessment) is typically assigned directly to an entity
such as a “provider” or “organisation”.

In contrast, obligations of being require a regulated target to
achieve certain standards without directly naming one or more
addressees. Consider the provision that “the oversight measures
shall be commensurate with the risks” (Article 14 of the AIA). In this
case, the Regulation leaves it to the reader to infer who is responsible
for ensuring that the oversight measures meet the required standard.
This is often based on the broader regulatory context or the nature
of the entity most logically associated with the target (i.e., the
deployer of the Al system).

Target. The target is the entity associated with the predicate,
defining what must be realised, maintained or affected. It is an
optional element.
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The role of the target differs depending on the obligation type:
for obligations of being, the target is something that must meet or
uphold a specific state, quality, or condition (e.g., “a system must
remain secure”). Here, the target is always the grammatical subject
of the sentence.

For obligations of action, the target is the entity that is subject
to or concerned by the action and is the grammatical object of the
sentence. When the predicate consists of a ditransitive verb (e.g.,
inform, grant, notify), the target is always the direct object of the
sentence, while the indirect object is the beneficiary (see below).
For instance, in the statement “the controller shall inform the data
subject of any such extension within one month of receipt of the
request” (Article 12 of the GDPR), the target is the “[information
on] any such extension”, while the data subject is the beneficiary.

Specifications. Specifications define the standard, time or meth-
ods required to fulfil the obligation. For obligations of being, they
typically establish qualitative or quantitative criteria specifying the
requirements the target is expected to meet (e.g., “in accordance
with the standard procedure”). In obligations of action, specifica-
tions may outline the rigour or procedural benchmark necessary
to perform the action. Not all obligations are accompanied by spec-
ifications; therefore, this element is optional.

Beneficiary. The beneficiary is the party who directly or indi-
rectly benefits from the fulfilment of the obligation.! In obligations
of being, the beneficiary may benefit from the maintained condition
or state of the target, such as enhanced safety or transparency. In
obligations of action, the beneficiary derives an advantage from
the specific action performed, such as receiving a service, right, or
information. While the beneficiary is not always explicitly stated,
it is often possible to infer their identity from the context or prior
knowledge about the relationships and responsibilities between the
involved parties.

In theory, when a beneficiary can be identified, it should always
be possible to establish derivative obligations (such as the duty to
compensate for harm) that come into effect in the event of a viola-
tion of the primary obligation. For now, we do not consider these
derivative obligations (also known as “contrary-to-duty obligations”
[21]) in our experiments.

Pre-Condition. The pre-condition is another optional element
that defines the circumstances or criteria that must be met (or not
met) before an obligation becomes enforceable. In both obligations
of being and obligations of action, pre-conditions act as triggering
factors. Positive pre-conditions require certain conditions to be ful-
filled for the obligation to take effect, while negative pre-conditions
specify that the obligation applies only if particular conditions are
absent.

In our framework, we also consider exceptions as instances of
negative pre-conditions. These exceptions can be identified ex-
plicitly in the deontic statement or inferred from its context or
referenced provisions. However, we acknowledge that not all ex-
ceptions can be modelled and identified as negative pre-conditions

!An indirect beneficiary refers to a situation where the party benefiting from the
obligation differs from the one directly advantaged by its performance. Although this
distinction may be relevant in our contexts, we have not implemented this distinction
in the prompt so far.
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of particular obligations. Exceptions may stem from broader contex-
tual factors or require a cross-referenced interpretation of related
provisions.

4 Workflow

Figure 1 shows the proposed workflow to extract, analyse and
represent legal obligations from the text of EU digital regulations.?
The workflow is composed of four modules:

e Module 1: Obligation Detection;
e Module 2: Deontic Obligation Filtering;
e Module 3: Deontic Obligation Analysis;
e Module 4: Deontic Obligation Representation.
Modules 2-3 represent the core of the workflow and leverage
LLMs to extract and analyse deontic obligations from legal texts.

The following subsections contain an explanation of each module.

4.1 Candidate Obligation Detection

EU digital regulations are retrieved from the EUR-Lex database,
i.e., the EU institutional database containing all legal sources of EU
law.3 The database stores the documents on EU legal regulations
in XML format, with the text already divided into paragraphs. This
structure facilitates the splitting of the documents into smaller,
more manageable components for analysis or processing.

After the paragraphs are split, we retain only paragraphs con-
taining “candidate obligations”, namely those sentences potentially
containing deontic obligations. For this, we rely on keywords com-
monly associated with obligations in the English version of EU legal
texts [22], namely, “shall”, “must”, “should”, “has” and “have to”. To
identify the presence of one or more of these keywords, we relied
on regular expression, looking for the precise terms or variants
when available.

Within the paragraphs containing these keywords, we also ex-
tract the specific sentence in which the keyword occurred, isolating
the portion of text that the LLMs would focus on in subsequent
analyses.

The formal XML structure of the document, with its division in
paragraphs, is also used as context for the LLMs. In particular, when
constructing the prompt, we include the entire article containing
the analysed paragraph, along with any explicitly cited paragraphs
from the same regulation, as additional contextual information.
This context is often essential because it provides important details
such as addressees, specifications, or preconditions that are often
replaced in the analysed sentence by pronouns (e.g., "This shall..")
or references to earlier provisions (e.g., "as stated in the previous
paragraph").

Explicitly cited articles of the same regulation are also extracted
and included as context. The relevance and impact of these contex-
tual clues is evaluated after the LLM analysis and validation.

4.2 Deontic Obligation Filtering

Within the obligation filtering module, LLMs evaluate each “candi-
date obligation” to ascertain those that constitute genuine deontic
obligations within the specified framework. Although modal verbs

2Code, dataset, validation results and prompts are available at https://github.com/
thiagordp/obligation_extraction_for_compliance.
3https://eur-lex.europa.eu.
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such as “shall” or “must” frequently indicate obligations, they may
also be employed in definitions, authorisations, or constitutive
statements. In order to ensure accuracy, the model is required to de-
termine the semantic function of each sentence and to subsequently
classify it into one of the following classes:

(1) Definition: The statement provides a definition of an entity
or term.

(2) Constitutive Statement: The statement creates a new state
of affairs or qualifies a fact with a legal effect, rather than
prescribing behaviour or imposing obligations.

(3) Deontic Obligation: The statement imposes a duty on some-
one (Obligation of Action) or establishes a requirement on
something (Obligation of Being).

(4) Entitlements: The statement empowers someone or grants a
right.

(5) Authorisations: The statement indicates when an action is
permitted or authorised under specific conditions.

(6) Deontic Prohibition: The statement imposes a prohibition on
someone (Obligation of Action) or establishes a negative
requirement on something (Obligation of Being).

An additional label, namely “Not Applicable”, has been intro-
duced to serve as a fallback category for statements that do not
align with any of the defined classes.

The deontic obligation filtering prompt is composed of two el-
ements. Firstly, there is the system prompt, the function of which
is to define the task and require the model to justify its classifica-
tions. Secondly, there is the user prompt, the function of which is to
provide the sentence to be analysed. Few-shot examples illustrate
candidate obligations paired with their expected classifications. As
demonstrated in Listing 1, the prompt employs Markdown format-
ting to ensure consistency with prevalent LLM outputs.

The user prompt (Listing 2) presents a single sentence along
with its surrounding paragraph in order to provide context. This
sentence-level focus has been demonstrated to enhance classifica-
tion accuracy. Citations were excluded from the analysis, as prelim-
inary tests indicated that they exerted minimal influence on model
performance of the obligation filtering step.

The model’s output is in JSON format to ensure consistency,
readability, and smooth integration into downstream processing.
Sentences that are classified as deontic obligations or prohibitions
proceed to the subsequent module, Deontic Obligation Analysis.

Listing 1: System Prompt Overview for Obligation Filtering

# Classification of potential legal obligations

You are an expert in analysing regulatory texts.

## Context

Your task is to classify each occurrence of the term
shall" or "must" or "has/have to" into one of the
following categories based on its use in the text:

[Presenting the details of Definitions, Constitutive
statements, Deontic Obligations and Prohibitions,
Entitlements, Authorizations.]

## Instructions:

[A set of instructions on how to analyse and extract the
required elements and how to structure the JSON
output.]

[Few shot examples]

[Final Remarks]
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Figure 1: The obligation extraction workflow processes provisions through four modules: obligation detection, deontic obligation
filtering, deontic obligation analysis and obligation representation. It integrates LLMs and knowledge graphs to identify, classify

and structure legal obligations.

Listing 2: User Prompt Overview and Expected Output for
Obligation Filtering

# User prompt

## Sentence to analyse

[Sentence here]

## Context

[Paragraph and surrounding paragraphs]
# Expected Output

T json
{ "classification":"[type of sentence]",
"justification":"[Explanation here]" }

4.3 Deontic Obligation Analysis

Based on the results of the obligation filtering step, LLMs are further
required to process the text of the "deontic obligation" and break it
down into the six constitutive elements delineated in our theoretical
framework (i.e., addressee, predicate, targets, specifications, pre-
conditions, beneficiary).

The prompt follows a structured approach similar to the obliga-
tion filtering module and includes a system and a user prompt.

A general overview of the system prompt for deontic obligation
analysis is presented in Listing 3.

Listing 3: System Prompt Overview for Obligation Analysis

# *xLegal Syntactical Analysis of Legal Obligations*x

You are an expert in legal linguistics and you are
required to make a syntactical analysis of legal
obligations.

## *xObligation of Action vs. Obligation of Being**

[Definitions and short examples]

## *xSyntactical Analysis Structure*x

### **Obligation of Being Elements**

[Definitions and short examples]

### **0Obligation of Action Elementsxx

[Definitions and short examples]

## x*Extraction Method**

[Definitions of "Stated", "Context",
Background-Knowledge"]

## **Qutput Structurexx*

[Presentation and explanation of the expected JSON
Structure]

[Few shot examples]

[Additional guidelines]

[Final remarks]

"Citation", and "

The prompt begins with a high-level task definition to ensure
clarity. Then, it introduces the distinction between obligations of
being and obligations of action, supported by their definitions and
examples. Next, the obligation extraction framework is presented,
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detailing the key components as detailed in our theoretical frame-
work: Addressee, Predicate, Target, Specifications, Pre-conditions
and Beneficiaries. Each of these elements is interpreted differently
depending on the type of deontic obligation (action/being). Note
that multiple values can be extracted for each element of the frame-
work (e.g., there may be more than one addressee for the same
obligation).

The system prompt also includes instructions on how to deter-
mine the extraction method, i.e. where the source of information is
taken from. These methods include:

(1) Stated, when the information is explicitly present in the
deontic obligation analysed;

(2) Context, when it is inferred from the surrounding text;

(3) Citation, when it is inferred from referenced sections;

(4) Background Knowledge, when it is inferred based on implied
knowledge of the model;

(5) None, when no reliable extraction is possible.

We included this additional classification task for the LLM for
both technical and legal reasons. Technically, initial results showed
that prompting the LLM to classify the extraction methods min-
imised the risk of hallucinations, especially when the information
was not explicitly stated in the provision. From a legal standpoint,
this approach ensures a comprehensive understanding of obliga-
tions by considering not only explicitly stated information but also
the broader context and referenced sections. Methods like “Context”
and “Citation” enable the reconstruction of obligations dispersed
in the surroundings of the analysed provision.

Conversely, the “Background Knowledge” category ensures that
when explicit information is unavailable in the provision or its con-
text/extracted references, the model is allowed to make probabilistic
inferences based on its pre-existing knowledge. Besides ensuring
the completeness of the extraction, this category provided a means
to test the model’s understanding of general legal knowledge and
its capacity for logical reasoning beyond the explicit text.

Finally, the system prompt includes a series of final remarks
to reinforce key extraction principles and prevent the LLM from
omitting details. This ensures a more reliable output.

In the user prompt, the materials required for the LLM to analyse
are presented in a clear manner. This includes the sentence to be
analysed, the context, and any relevant citations. The following list
provides a general overview of the prompt (Listing 4).
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Listing 4: User Prompt Overview for Obligation Analysis

## Sentence to analyse

[Content of the sentence to be analysed]

## Context

[Surrounding text where the sentence appears]

## Citations to other paragraphs, sections, if any
[Content of citations if any]

In this step, too, LLMs are tasked with providing a structured,
machine-readable output in a JSON format (Listing 5). This step acts
as a bridge between raw legal text and structured representations.

Listing 5: Expect Output Structure for Obligation Analysis

L
{

"ObligationTypeClassification": "string", // "
Obligation of Action" or "Obligation of Being" or "
Unknown"

"Addressees": [

{ "extraction_method": "string", "value": "
string" 3}, [...11,

"Predicate": { "extraction_method": "string", "
value": "string", "verb": "string" 3},

"Targets": [ { "extraction_method": "string", "
value": "string" 3}, [...1 1,

"Specifications": [ { "extraction_method": "
string", "value": "string" 3}, [...]1 1,

"Pre-Conditions": [ { "extraction_method": "
string", "value": "string" 3}, [...]1 1,

"Beneficiaries": [ { "extraction_method": "string
", "value": "string" 3}, [...]1 1]

3
Cooold

4.4 Deontic Obligation Representation

The Deontic Obligation Representation module is the final step of
our framework, where the extracted and structured deontic obli-
gations are represented semantically. To effectively visualise and
enable querying of the extracted obligations, we leverage knowl-
edge graphs, which highlight the relationships between entities,
actions, and other elements involved in the obligations.

To construct a unified and semantically rich knowledge graph
for legal obligations, an ontology is developed to normalise entities,
actions, and relationships. The generalised concepts, previously
selected by legal experts, are used to cluster similar terms, ensuring
consistency and facilitating semantic searches.

Semantic clustering is then carried out using transformer-based
models, such as Sentence Transformers. The clusterings align spe-
cific occurrences with the generalised ontology elements, grouping
semantically related terms. This approach ensures that variations
in syntax or phrasing do not hinder accurate obligation representa-
tion. Once constructed, the final knowledge graph can be exported
in GraphML format, allowing it to be visualised or integrated into
graph database systems.

5 Implementation

We have implemented and evaluated our framework across three
major EU digital regulations: GDPR, DSA and AIA, which share a
common focus on regulating high-impact automated technologies.
However, they differ in scope of application, adoption timeline (2016,
2022, 2024, respectively), and terminology, making harmonised com-
pliance difficult. The application of our framework demonstrates its
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potential to support the extraction of obligations across overlapping
regulatory contexts.

5.1 LLM Selection

We chose LLaMa 3.3 70B for its open accessibility, strong balance
of performance and efficiency in legal tasks, and solid benchmark
scores (68.9% on MMLU PRO, 50.5% on GPQA Diamond). We set the
temperature at 0.6, Top P at 1.0 and Top K at 50 to balance variability
and coherence. The model was accessed via Together AL* with
all other parameters left at their default values. Due to cost and
labelling constraints, we relied on prompt engineering rather than
fine-tuning.

5.2 LLM Validation

The validation of the obligation extraction process was achieved
through a structured evaluation of two key tasks: deontic obligation
filtering and analysis. Four independent legal experts, unfamiliar
with the system’s development, assessed random samples of 30
sentences per regulation in a blind review setting. Each sentence
was subjected to review by two evaluators. In the context of the
obligation filtering task, evaluators employed a binary scoring sys-
tem to ascertain the classification accuracy and the relevance of
the provided justification.

In the context of obligation analysis, evaluators are tasked with
the verification of the accurate extraction of obligation type, in ad-
dition to the assessment of key elements, namely the addressee(s),
target, predicate, precondition(s), and beneficiary(s), with regard
to correctness, with evaluators determining whether the extracted
values were accurate or, in cases where background knowledge
was applied, at least reasonable within the legal framework. The
agreement rates between evaluators, as presented in Tables 2 and 5,
functioned as a performance indicator. Disagreements were re-
garded as incorrect predictions to ensure rigorous evaluation.

5.3 LLM Experimental Results and Discussion

The performance of the LLM was evaluated using accuracy, as is
required by the binary classification framework. While metrics such
as precision, recall, and F1-score may offer additional insights, the
current evaluation design does not take into account false positives
or negatives. It is recommended that future research address this
issue by adapting the methodology accordingly.

As demonstrated in Table 1 for the obligation filtering task, the
results demonstrate consistent accuracy across all three regulations,
with an overall accuracy of 0.84 for both classification and justifica-
tion. The AIA attained the highest score (0.86), presumably due to
the fact that the initial tailored version of the prompt was subse-
quently adapted for the GDPR and DSA, which received a slightly
lower score (0.83). This finding suggests that the design of prompts
according to regulatory specifications may enhance performance.

The evaluator agreement rate in Table 2 reinforces these findings,
with an overall agreement of 0.85 across all regulations, highlighting
the reliability of the human validation process.

In the Obligation Filtering step, one can observe that the majority
of deontic obligations and prohibitions detected are represented

“https://api.together.ai/
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Table 1: Obligation filtering evaluation results for the three
datasets in terms of Accuracy.

Element AIA DSA GDPR Overall
Classification 0.86 0.83 0.83 0.84
Justification 0.86 0.83 0.83 0.84

Table 2: Obligation filtering evaluation results for the three
datasets in terms of Evaluator’s Agreement Rate.

Element AIA DSA GDPR Overall
Classification 0.86  0.83 0.86 0.85
Justification 0.86 0.83 0.86 0.85

by the term “shall”, suggesting that “shall” is predominantly em-
ployed to denote obligatory mandates across the three datasets, as
presented in Table 3.

Table 3: Obligation Filtering: Frequency of candidate obliga-
tions per category and dataset.

Category AIA DSA GDPR
Authorisations 4 2 1
Constitutive statement 74 64 46
Definition 4 0 1
Deontic obligation 603 392 323
Deontic prohibition 31 24 29
Entitlements 11 16 23
Not applicable 2 1 0

TOTAL 729 423 499

In the deontic obligation analysis task, the system exhibited
strong performance across most elements, as shown in Table 4.
The highest values for each dataset are highlighted in bold. For
obligation type classification, the system achieved near-perfect ac-
curacy (> 0.99) on the AIA, 0.97 on the DSA, and 0.84 on the GDPR,
yielding an overall accuracy of 0.94. Other key components, such
as addressees and predicates, also achieved high overall accuracies
of 0.90 and 0.91 for the corresponding value, and 0.88 and 0.97 for
the extraction method, respectively. However, the system struggled
more with specifications and pre-conditions, particularly for the
GDPR, where the accuracy for value recognition was 0.61 and 0.45,
respectively. Despite this, the AIA consistently yielded the best
results across all elements, demonstrating the robustness of the
pipeline for newer regulations with more structured language.

For the obligation analysis, too, the evaluator agreement rates,
as shown in Table 5, support the observed trends, with agreement
rates closely mirroring the accuracy results. The highest agreement
rates are highlighted in bold.

Confidence intervals were calculated for the best-case (AIA obli-
gation type) and worst-case (GDPR pre-conditions) scenarios to
assess variability in the model’s performance. Using a 95% confi-
dence level with Wilson’s method [26], the AIA obligation type’s
accuracy was estimated between 0.90 and 1.00, indicating potential
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Table 4: Obligation Analysis evaluation results for the three
datasets in terms of Accuracy.

Element Feature AIA DSA GDPR Overall
Obligation Type Value >0.99 0.97 0.84 0.94
Value >0.99 095 0.74 0.90
Addressees Extraction 094 097  0.71 0.8
Tarets Value 086  0.87 0.77 0.84
g Extraction 0.91 0.97 0.84 0.91
Predicate Value 094 092 0.87 0.91
Extraction 0.97 =>0.99 0.94 0.97
Soecifications | VAlue 0.89  0.74 0.61 0.75
P Extraction  0.89  0.79 0.74 0.81
Value 089 074 0.45 0.70

Pre- diti
re-Conditions o\ iction 080 074 048 0.71
Beneficiar Value 0.89  0.74 0.77 0.80
y Extraction  0.89  0.66  0.77 0.77

Table 5: Obligation Analysis evaluation results for the three

datasets in terms of Evaluator’s Agreement Rate.

Element Feature AIA DSA GDPR Overall
Obligation Type Value >0.99 0.97 0.84 0.94
Value >0.99 0.95 0.77 0.91
Addressees Extraction 097 097 081 0.92
Tarsets Value 0.94 0.87 0.77 0.87
& Extraction 0.91 0.97 0.84 0.91
Predicate Value 0.94 0.92 0.87 0.91
Extraction 0.97 >0.99 0.94 0.97
. . Value 0.91 0.84 0.61 0.80
Specifications .
Extraction 0.91 0.89 0.74 0.86
e Value 0.89 0.82 0.48 0.74
Pre-Conditions o\ oction 089 079 052 0.74
Beneficiar Value 0.89 0.76 0.77 0.81
Y Extraction 089 074 077 0.80

overfitting or the influence of the small sample size. For GDPR
pre-conditions, the confidence interval was much wider, ranging
from 0.29 to 0.62, reflecting significant variability and areas needing
improvement.

These findings highlight the importance of larger datasets to
reduce uncertainty and improve the precision of accuracy estimates.
Despite these limitations, the study provides a strong initial frame-
work for Al-driven legal obligation extraction and identifies areas,
like specifications and pre-conditions, for further refinement and
targeted enhancements.

Across the two tasks, it clearly emerges that the LLM compar-
atively performed better on the AIA than on the GDPR or DSA.
This result is somewhat unexpected from a legal perspective, as
the AIA is often regarded as being written in a more complex
and less straightforward manner than the GDPR. This outcome
may, however, depend on the fact that, for large parts, the prompts
were designed and optimised for the structure and language of
the AIA. Possibly, the use of examples in the prompts, which were
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predominantly inspired by the regulatory framework in the AIA,
was determinant.

All in all, this result suggests that the model’s effectiveness is
influenced less by the inherent structure of obligations and more by
how the prompts were constructed and optimised. In future work,
adjusting the few-shot approach to reflect other regulations like
the GDPR or DSA could reveal how example selection impacts the
model’s ability to generalise across texts.

Secondly, since our pipeline is automated, errors in earlier stages
can propagate through subsequent steps, impacting the accuracy
of the overall task. For instance, if a "candidate obligation" is incor-
rectly classified as a deontic obligation, it will be processed by the
second LLM and parsed as if it were deontic. This can lead to mis-
leading extractions, as the model will attempt to identify elements
such as addressees, targets, and conditions within a sentence that
does not impose an obligation.

Finally, another important factor contributing to lower accuracy
scores in some cases (e.g. GDPR preconditions and specifications)
was evaluator disagreements (which, by our design, was consid-
ered as a proxy for an LLM’s incorrect output) rather than outright
misclassification by the model. In many cases, differences in inter-
pretation among evaluators led to inconsistent assessment. This
may also depend on the way elements such as “specifications” and
“pre-conditions” were defined in our framework. While these defi-
nitions provide a general understanding, they may be too broad to
consistently capture all relevant elements across different regula-
tions. A more focused and detailed set of definitions, combined with
enhanced evaluator training and clearer guidelines, would likely
improve consistency in assessments and provide a more accurate
measure of the model’s true performance.

5.4 AI Act Knowledge Graphs

In this subsection, we further present the results of the last module
(i.e. deontic obligation representation) with regard to the obligations
automatically extracted from the ATA.

Following the general methodology explained in Section 4.4,
we aimed to build a knowledge graph capturing the relationships
between obligations, entities, and conditions specified in the regula-
tion. To ensure consistency and manage variability in terminology,
we enriched the ontology by clustering terms such as "provider,’
"deployer" and "authorities", which showed a high degree of vari-
ability in the extracted information under broader, expert-selected
categories.

For example, we included the generalised concept of "provider” to
encompass specific occurrences in the text (e.g., “providers of high-
risk Al system®, “providers of Al system”, “prospective provider”
etc.), aligning queries and searches with the language used in the
regulation.

The semantic clustering was carried out using Sentence Trans-
formers, using general models (a smaller one all1-MinilLM-L6-v2,
and nomic-ai/modernbert-embed-base, a more modern and larger
version), as well as models trained on EU legislations, The differ-
ence between the models was minimal to none, mainly due to the
fact that the terms clustered were short and fairly distinct.

5All the models used were fetched from HuggingFace.
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Finally, we exported the resulting knowledge graph as a GraphML
file,® to enable advanced querying, visualisation, and analysis of
the relationships and structures within the graph. This integration
supports advanced functionalities, including searching, filtering,
and linking obligations to specific entities or categories, making
the representation both practical and scalable for compliance and
analysis tasks. Figure 2 shows an example of knowledge graphs of
some obligations of the provider (addressee) under the AIA.

6 Conclusions and Future Work

This paper presented a structured, automated pipeline that com-
bines advanced natural language processing techniques and legal
theory to extract obligations, filter them for relevance, and repre-
sent them in a visually navigable and semantically rich knowledge
graph. This approach offers practical benefits, such as providing a
structured overview that may support stakeholders in identifying
relevant obligations more efficiently. It also provides a foundation
for future tools that can enhance legal interpretation, obligation
tracking, and compliance management.

Our findings reveal that LLMs, particularly when integrated with
a robust workflow and enhanced prompts, perform well in identify-
ing and classifying obligations across complex legal texts, achieving
high accuracy in filtering and analysing deontic obligations. Fur-
thermore, the use of knowledge graphs adds value by facilitating a
structured representation of obligations, enabling better traceability,
consistency, and contextual understanding.

Despite these contributions, our work presents certain limita-
tions that warrant further consideration in future research.

One key area for improvement is the refinement of our frame-
work. Some categories, such as specifications and pre-conditions,
remain too broad, making it difficult to consistently capture the
nuances of legal obligations across different regulations. To address
this, future work will explore the introduction of finer-grained
subcategories, distinguishing, for example, between procedural
benchmarks and substantive criteria for compliance.

In addition, improving prompt design is crucial to increasing
the model’s adaptability across different regulations. As discussed
earlier, the model performed significantly better on the AI Act
compared to other regulations, which is likely due to the examples
used in the prompt, primarily based on the AI Act’s structure and
terminology. Future research will investigate whether modifying
the examples to better reflect the linguistic and structural diversity
of regulations such as the GDPR and DSA can enhance the model’s
generalisability. Moreover, expanding the evaluation to include
other EU digital regulations will allow for a more comprehensive
assessment of the framework’s scalability.

Another aspect that requires attention is the use of contextual
information. While our results indicate that contextual information
improves performance, references beyond nearby paragraphs (e.g.,
citations to other sections) were found to be less critical. However,
these structural elements may still hold value in specific legal con-
texts. Future iterations of the framework will focus on developing
more refined methods for integrating cross-referenced information,
ensuring that contextual dependencies are considered appropriately
without introducing unnecessary complexity.

®For example in Neodj, available at https://neo4j.com.
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Figure 2: AIA’s “Provider” Knowledge Graph.

To further strengthen our findings, experimenting with alterna-
tive LLMs will be an essential next step. This will help determine
whether certain models perform better in legal text processing.

Further evaluation will be carried out in future developments
on the output of the first module (Obligation Detection), to iden-
tify issues that may propagate through the pipeline. We consider
however that the impact of error propagation from this phase is
arguably limited: False Negatives may result in some relevant sen-
tences being excluded from further analysis, while False Positives
are handled by the downstream LLM for filtering, which is expected
to filter them out for the subsequent stages.

Another limitation relates to the evaluation procedure, particu-
larly in how disagreements between evaluators are handled. Cur-
rently, these disagreements are treated as incorrect predictions,
which may not accurately reflect the model’s performance. To im-
prove this aspect, we plan to implement an ex-post agreement
procedure, allowing for a more systematic resolution of evaluator
disagreements.

Beyond these refinements, extending the framework will be nec-
essary to accommodate more complex aspects of legal obligations.
One promising direction is incorporating logic-based reasoning,
exceptions, and temporal constraints as distinct elements. This will
enable a deeper analysis of how obligations interact, particularly
in cases where compliance depends on sequential conditions or ex-
ceptions. To enhance specialisation and accuracy, we may explore
a multi-agent LLM approach, where different models are dedicated
to specific tasks within the framework.

Finally, an important avenue for future work is the integration
of legal ontologies. Linking obligations to structured legal concepts
within EU regulations will allow us, in the long run, to identify
overlaps between obligations and enhance the interpretability of
compliance requirements.
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