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Abstract

Norms are essential in our society: they dictate how individuals should behave
and interact within a community. They can be written down in laws or other writ-
ten sources. Interpretations often differ; this is where formalisations offer a solu-
tion. They express an interpretation of a source of norms in a transparent manner.
However, creating these interpretations is labour intensive. Natural language pro-
cessing techniques can support this process. Previous work showed the potential
of transformer-based models for Dutch law texts. In this paper, we (1) introduce a
dataset of 2335 English sentences annotated with legal semantic roles conform the
Flint framework; (2) fine-tune a collection of language models on this dataset, and
(3) query two non-fine-tuned generative large language models (LLMs). This allows
us to compare performance of fine-tuned domain-specific, task-specific, and gen-
eral language models with non-fine-tuned generative LLMs. The results show that
models fine-tuned on our dataset have the best performance (accuracy around 0.88).
Furthermore, domain-specific models perform better than general models, indicat-
ing that domain knowledge is of added value for this task. Finally, different methods
of querying LLMs perform unsatisfactorily, with maximum accuracy scores around
0.6. This indicates that for specific tasks, such as this adaptation of semantic role
labelling, the process of annotating data and fine-tuning a smaller language model is
preferred over querying a generative LLM, especially when domain-specific models
are available.
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1 Introduction

Norms play a crucial role in shaping and maintaining a functional and organised
society. Norms are social expectations and guidelines that dictate how individuals
should behave, interact, and conform within a given community. Some norms are
captured in laws. Other written sources of norms include agreements, contracts and
policy guidelines. Researchers have worked on formalising norms into machine-
readable formats since the 1990s (Leone 2021; van Doesburg and van Engers 2019).
Such formalisations can help to resolve conflicting interpretations of sources of
norms, and ultimately resolve legal conflicts.

Flint is a formal language that captures an interpretation of a norm (van Doesburg
and van Engers 2019). It can be used as a basis for a reasoner to model agent behav-
iour in a normative setting or for conflict resolution later in the process. It represents
norms in terms of normative acts — who may do what to whom — and the accom-
panying pre- and post-conditions — when can these acts be performed, and what are
the results of performing it. The normative act, with its components actor, action,
object and recipient, and their pre- and post-conditions, is formalised in a frame,
called a Flint frame. An example of a Flint act frame is given in Table 1.

A limitation of implementing the Flint framework or similar formalisations in
real-life settings is that constructing the frames requires a lot of manual labour and
domain knowledge. Parts of these frames are, however, repetitive or could be auto-
matically deducted using linguistic patterns. Therefore, we explore a system that can
support the norm modeller in their endeavour. More specifically, we explore sev-
eral methods to identify the following components of an act frame: the action, actor,
object and recipient. These roles are similar to semantic, or thematic roles, making
the task of identifying them akin to that of semantic role labelling. We have seen
several attempts to employ NLP techniques to formalise the interpretations of norms
(Biagioli et al. 2005; Brighi et al. 2008). Earlier work focusing on Dutch law texts
has shown the feasibility of extracting semantic roles using transformers (Bakker
et al. 2022a; van Drie et al. 2023).

Table 1 Simplified example of a

manually created act frame from Act Collect personal data
the GDPR, adapted from Bakker ~ Action Collect
etal. (2022a) Actor Processor
Object Personal data
Recipient Data subject
Precondition Personal data are processed lawfully

fairly and in a transparent manner
In relation to the data subject
Creating postcondition Controller shall be able to demon-
strate compliance
with Art. 5(1) GDPR
Terminating postcondition -
Source Art. 5 (1) GDPR

@ Springer



Semantic role extraction in law texts: a comparative analysis. ..

With the introduction of the transformer architecture (Vaswani et al. 2017) and
subsequent language models such as BERT (Devlin et al. 2018), language models
achieved enhanced performance on a variety of tasks and became widely accessible.
Domain-specific models further pushed the state-of-the-art for tasks within special-
ised domains such as the medical field. For the legal domain, previous work showed
the potential of fine-tuned language models for Dutch (Bakker et al. 2022a; van Drie
et al. 2023). Recent work on generative Large Language Models (LLMs) shows their
potential on a variety of tasks. Models such as Generative Pre-Trained Transformers
(GPT) follow a decoder-only architecture, thus allowing for more efficient training
(Brown et al. 2020). Being a thousand times larger than previous models such as
BERT (Devlin et al. 2018), these models have gained popularity due to their emer-
gent behaviour and superior performance on benchmark tasks (Wei et al. 2022).
With the introduction of ChatGPT,' LLMs became accessible to the wider public.
However, its performance on specialised tasks often shows lack of transparency and
inconsistency (Schwartz et al. 2023).

The contributions of this paper are (1) a dataset of sentences from legal texts
annotated with Flint roles, (2) a collection of fine-tuned models for labelling legal
texts, and (3) an extensive comparison between fine-tuned domain-specific mod-
els, task-specific models, and pre-trained, non fine-tuned, generative large language
models (GPT-3.5 Turbo and GPT-4). Where possible, we give results for English
and Dutch. By creating a dataset for English, we can fine-tune domain- and task-
specific models such as LEGAL-BERT by Chalkidis et al. (2020) and SpanBERT
by Joshi et al. (2020) that do not exist for Dutch. By comparing such models to
standard BERT models, we can investigate the influence of domain knowledge. For
comparing the performance of fine-tuned models to generative large language mod-
els, (GPT-3.5 Turbo and GPT-4) we use four different query methods, but we do not
fine-tune the LLMs. This is done to explore the potential of these generative LLMs
on performing a task without the extensive effort of annotating a dataset. We com-
pare their performance against the performance of the task-specific fine-tuned BERT
models for Dutch and English.

In the next section, we describe related work on information extraction in NLP,
specifically BERT and GPT, NLP for legal text and formalising norms. In Sect. 3,
we describe the collection and annotation of our English dataset, all models that
we tested and compared, including a rule-based approach, five models that we fine-
tune on our dataset, and a mapping model which maps traditional semantic roles to
Flint roles, and lastly the different approaches we used for querying two generative
LLMs. In Sect. 4, we show and describe the performance of all different models
and approaches on labelling legal texts with Flint roles. These results will be further
discussed and interpreted in Sect. 5. Finally, we summarise our work and reflect on
it in Sect. 6.

! https://chat.openai.com/chat
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2 Related work
2.1 Formalising norms: flint

Early work in formalising normative relations has been done by Hohfeld (1917) who
aimed to formalise norms to avoid the ambiguity between ‘rights’ and ‘duties’. To
do so, Hohfeld formalised the relations between two adversarial parties in law cases
and differentiated four legal concepts which exist exclusively in pairs: Power—Liabil-
ity, where a party is allowed by norms to perform an action that has effect on another
party, and Duty—Claim, where a party is expected to do something for the benefit for
the other party. This work can be seen as a basis to conceptualise the legal relations
between two parties (van Doesburg 2017).

The Flint (Formal Language for the Interpretation of Normative Theories) lan-
guage, proposed by van Doesburg (2017), is based on Hohfeld’s approach to norm
representation. It is a means to formally represent the interpretations of information
found in normative text in frames. The original version of Flint distinguished three
types of frames: institutional act frames, which builds upon the Power—Liability
concept pair of Hohfeld, duty-claimright frames, and institutional fact frames. How-
ever, in recent work duty frames are recognised as a special sub-type of fact frames.
As a result, the Flint language currently distinguishes only the act and fact frame
(van Gessel et al. 2023). In this paper, we focus on the act frame.

Act frames are used to express a normative action performed by an actor upon
an object to the benefit or detriment of a recipient. An example act frame is given
in Table 1. The Flint act frame contains slots for the action, actor, object, and recip-
ient. The action slot contains the action that is performed; it represents the thing
that happens. The acfor slot describes the agent that performs the action. The object
slot contains the thing that is acted upon, i.e. that is undergoing the action and on
which the action has an effect. The recipient slot shows who the intended target of
an action is. Apart from these four roles, the frame also expresses precondition(s)
and postcondition(s). A precondition must be satisfied to make the act valid. In the
example given, the precondition to collecting personal data is that the personal data
are processed lawfully, fairly and in a transparent manner in relation to the data sub-
ject. A postcondition represents how performing the act affects the normative state.
Flint distinguishes creating and terminating postconditions, that create or terminate
a previously non-existent or false fact respectively. In this example, a fact is created
saying the controller shall be able to demonstrate compliance with Art. 5(1) of the
GDPR.

Currently, there are four tools available to support a norm modeller in their
endeavour (van Gessel et al. 2023).2 First, the Source Decomposition tool,
which is a tool that converts normative texts into RDF representations. Second,
the Norm Editor, which can be used to create interpretations of norms using
Flint, either manually or semi-automatically. Third, Automated Assistance, is
a module on top of the editor that generates annotation suggestions based on

2 https://gitlab.com/normativesystems/ui/interpretation-editor
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the work of Bakker et al. (2022a) and van Drie et al. (2023). Finally, there is
a software ecosystem that combines the tooling, and includes support to use a
data repository of choice. The work described in this paper could improve and
extend the Automated Assistance module.

2.2 Natural language processing

The field of Natural Language Processing (NLP) has seen considerable progress
over the past decade, driven by advancements in neural networks and innovative
techniques like word embeddings (Mikolovet et al. 2013). With the introduction
of word2vec (Mikolovet et al. 2013), interest in distributional semantics methods
increased. The parallel advancements of the broader field of machine learning led
to substantial improvements in performance on standard tasks such as Question
Answering and Named Entity Recognition. A turning point occurred in 2018 with
the introduction of BERT (Bidirectional Encoder Representations from Transform-
ers) (Devlin et al. 2018), which utilises a transformer architecture (Vaswani et al.
2017) for language modelling. This architecture uses information from the surround-
ing sentence to generate contextual embeddings, capturing the meaning of a word
or token based on both its preceding and following context. In 2020, Brown et al.
(2020) introduced the large language model GPT-3 (Generative Pre-trained Trans-
former 3), which, like its predecessors GPT 1 and 2, uses an autoregressive archi-
tecture. Unlike BERT, GPT-3 employs an autoregressive architecture, considering
only the left context when making predictions. This design choice, while limiting
bidirectional understanding, allows for improved performance in language genera-
tion tasks and the ability to handle variable-length inputs more effectively. Brown
et al. (2020) showed competitive results using few-shot learning on standard tasks
such as Question Answering, showing the potential of these models. However, chal-
lenges have also been identified such as lack of semantic coherence, biases, and lack
of transparency (Dale 2021). In this section, we elaborate on different applications
and strengths of BERT and GPT models.

2.2.1 BERT

BERT is a transformer model, a deep learning architecture based on the multi-
head attention mechanism, proposed by Vaswani et al. (2017). Specifically, BERT
(Devlin et al. 2018) uses an encoder-only transformer architecture, that represents
sequences of tokens—words or part of words—as numerical vectors. BERT is pre-
trained on two tasks: masked token prediction and next sentence prediction. In
masked token prediction, some tokens in the input are hidden, and the model learns
to predict these hidden tokens based on their context. In next sentence prediction,
the model is trained to determine the correct order of two spans of text by predict-
ing which one appears first. This pre-trained model can be fine-tuned to perform
a specific task, known as a downstream task, using annotated data. Fine-tuning is
derived from transfer learning, an idea that was introduced for training neural net-
works (Bozinovski and Fulgosi 1976). The knowledge that is gained by a model
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trained to perform one task can be leveraged to create a new model to solve a related
task, where we use the same model with a different dataset to learn the new task.
For example, a model that has been trained to recognise images of chairs can be
fine-tuned to recognise images of tables. Similarly, BERT models can be trained
and fine-tuned in various ways according to the domain and the type of task. For
instance, performance can be improved by pre-training on domain specific data
(Zheng et al. 2022; Lee et al. 2019; Beltagy et al. 2019). These models are intended
to address the fact that many terms and phrases have a different or unique meaning
in a domain-specific context than they would have in a general context (Shaghaghian
et al. 2020). For example, the word atforney occurs in both general and legal con-
text, whereas memorandum is mostly used in the legal domain. Moreover, domain-
specific texts, especially legal texts, often have a different syntactic structure than
general domain texts. In the legal domain, the LEGAL-BERT collection of mod-
els is available (Chalkidis et al. 2020), which is pre-trained on a dataset of 12GB
of English legal data from different subdomains such as contracts, legislation, and
court cases.

Besides specific domain-models, other types of BERT models are trained on
specific prediction tasks. For example, SpanBERT (Joshi et al. 2020) was intro-
duced to improve performance on predicting spans of text. This model was not
trained for a specific domain. In pre-training, instead of randomly masking 15%
of the tokens in the pre-training text as BERT does, SpanBERT masks random
spans of tokens in the text, thereby also masking 15% of the tokens in total.
Thus, this model is trained to predict spans based on the token representations of
the tokens at the boundaries of the spans, ignoring individual representations of
tokens within the masked span. This means that it is more suitable for the pre-
diction of longer spans.

Another specialisation of these models is a multilingual model. The authors of
BERT also released Multilingual BERT (M-BERT) (Devlin et al. 2018), which is
pre-trained on multiple languages. The training corpus for this model consisted of
the combination of the Wikipedia content of the 104 most common languages. One
of the main advantages of M-BERT is that it allows for cross-lingual transfer learn-
ing: models can be fine-tuned on task-specific annotated data in a certain language,
to be evaluated on that task with test data in a different language.

2.2.2 GPT

With the introduction of ChatGPT, the concept of Large Language Models
(LLMs) became well-known in- and outside the academic world. Emergent
behaviour of sufficiently large language models had been described by Wei et al.
(2022), which became more apparent in all the potential ways users utilised
ChatGPT that it had not been trained on specifically. Risks have been pointed
out in literature and in popular media, but there are also opportunities such as
increased efficiency due to its lack of needing annotated data, and its improved
accuracy in several NLP tasks (Deng and Lin 2022). Besides ChatGPT, many
other models exist, trained on different data (quality and amount), with pre-
processing (such as filtering and tokenisation) and different architectures
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(encoder-decoder, causal decoder, prefix-decoder and other) (Zhao et al. 2023).
A few popular publicly available open source examples include BLOOMZ
(Muennighoff et al. 2022, 2023), LLaMA 2 (Touvron et al. 2023), MPT (Mosai-
cMLNLPTeam 2023), and Falcon (Almazrouei et al. 2023). Other popular
models which are not publicly available include, but are not limited to: Gemini
(Pichai and Hassabis 2023) and Claude 2 (Anthropic 2023).

Interaction with a GPT model primarily occurs through user interactions via
ChatGPT, employing question-answer exchanges or dialogue sessions. Another
method involves prompt engineering, where users, in this case more often
researchers or data scientists, craft and furnish tailored texts to direct a model in
generating desired responses or accomplishing specific tasks (Zhao et al. 2023).
Prompt engineering can include specific instructions for the model as an assis-
tant, and examples of outputs for the user. This technique which provides exam-
ples of input and output is known as few-shot learning (Brown et al. 2020; Gao
et al. 2020), and has been shown to improve performance compared to zero-
shot learning (just a prompt), reaching competitive results (Agrawal et al. 2022).
Another option to steer the LLM model is function calling. Here, a function in
the form of a dictionary prescribes the output format that the model should fol-
low, thereby steering towards a more consistent output. This is important when
output is reused as part of a pipeline, or for automatic evaluation (Eleti et al.
2023). However, guiding LLMs to follow an output schema is still a challenge,
which results in a lack of quantitative evaluation on tasks such as semantic role
labelling as Agrawal et al. (2022) point out.

Previous work has shown the potential of large language models for not only
natural language generation tasks, but also for natural language understanding
such as semantic role labelling. For example, Schucher et al. (2021) shows how
prompt tuning can be used for semantic parsing. Using LLMs for such a task
would limit the need for fine-tuning and thus for annotated data, thereby making
natural language understanding tasks more accessible for smaller use cases.

2.3 Natural language processing for legal texts

In the legal domain, textual information is available in abundance. Within the field
of Legal NLP, a diversity of tasks can be found, including machine summarisation,
pre-processing, classification, information retrieval, information extraction, text
generation, and creating or using resources such as taxonomies, datasets and code
libraries (Katz et al. 2023). Our work falls in the information extraction category,
and specifically in labelling.

Early work in the field of legal information extraction was done in the SALO-
MON project by Uyttendaele et al. (1998), which had the goal to automatically
summarise legal texts to make them more accessible. Work on Italian law texts
was done by Biagioli et al. (2005), who introduced a method for making the pro-
cess of retrieving information from legal documents more efficient. They devel-
oped a system, SALEM (Semantic Annotation for LEgal Management), that
automatically enriches law texts with semantic annotations on paragraph and
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sentence level. Brighi et al. (2008) adopts a similar rule-based approach to fill
slots in a semantic frame for modificatory provisions (e.g. replacements, dele-
tions). They distinguish themselves from Biagioli et al. (2005) by using a deep
rule-based parser to analyse the syntactic structure of modificatory provisions.
This analysis is subsequently used by their semantic interpreter to fill slots in the
semantic frame by using a set of pattern-matching rules.

In recent years, we have seen a shift from rule-based approaches to machine
learning approaches. For example, the work by Gao and Singh (2014) imple-
ments an approach to automatically extract norms from contracts for multi-agent
systems. With the development of the BERT (Devlin et al. 2018) and transfer
learning, language models have been used increasingly for the task of modelling
legal text. Shaghaghian et al. (2020) experimented with BERT-based models to
perform document review tasks on legal texts. A recent study by Bakker et al.
(2022a) uses Flint frames to represent information extracted from Dutch legal
texts and considers a rule-based as well as a transformer-based approach to fill
these frames. They compared a fine-tuned BERT model on annotated data to a
rule-based approach, based on POS- and dependency tags. The fine-tuned model
performed much better at 81%, which was later improved with an extended data-
set to 84% by van Drie et al. (2023).

First work on generative LLMs for the legal domain explores tasks such
as automatic annotations (Gray et al. 2023) and rule classification (Liga and
Robaldo 2023). Savelka (2023) explore the LLMs’ capacity for sentence-level
annotations with zero-shot learning. They prompt the LLM with short text snip-
pets, and the semantic types that must be used for the annotations, such as evi-
dence or legal rule, together with compact definitions of these types. Although
the model (GPT-3.5) was outperformed by fine-tuned smaller models, it still
reached promising scores for categories such as evidence (micro-F1 of 0.77,
compared to a micro-F1 of 0.91 for the fine-tuned model). While not suitable for
fully automatic annotation due to their lower performance on other categories,
workflows could be improved where resources for manual annotations are scarce
(Savelka 2023).

3 Method

In this paper, we compare different approaches of recognising Flint roles in a
sentence. We specifically focus on the roles in an act frame that are often pre-
sent within a sentence, which are the roles actions, actor, objects and recipient.
Preconditions and postconditions, on the other hand, are often found across the
sentence boundary. This choice is consistent with the Dutch dataset we will be
comparing this dataset with from van Drie et al. (2023). We introduce a dataset
annotated with Flint roles (action, actor, object and recipient) used to fine-tune
a set of language models: a base model, task specific models, domain specific
models, and a multilingual model. The dataset is discussed in Sect. 3.1, the mod-
els in Sect. 3.2. Additionally, we query a non-fine-tuned generative LLM in four
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different ways to assess the impact of task-specific annotated data on a complex
task. This will be described in Sect. 3.2.4. Finally, we will explain the evaluation
methods for all approaches in Sect. 3.3.

3.1 Data

We gathered sentences from five different EU regulations for the annotations
and the subsequent fine-tuning of the models. These regulations contain many
actions that individuals and organisations can and cannot take, and influence
all individuals in Europe, making them an interesting use case for extracting
act frame roles. The regulations are the General Data Protection Regulation
(GDPR), the Digital Services Act, the Digital Markets Act, the Capital Require-
ments Act, and the Food Safety Act, which were collected from the EUR-Lex
website.> To collect the sentences from the GDPR, we used the dataset with
CLAL annotations from Nazarenko and Lévy (2021). This resulted in a total of
6664 sentences from EU regulations. After collecting all sentences, we manu-
ally selected the sentences together with a domain expert that contain an action.
During this filtering, we looked for actions that would specifically influence or
shape the behaviour of individuals or organisations, which is known as a norma-
tive effect (van Doesburg 2017; van Binsbergen et al. 2020). This concept was
recommended as a selection criterion by van Drie et al. (2023). The filtering
process resulted in 1575 action sentences.*

After collecting the sentences, five annotators labelled four Flint act-frame roles
in each of the action sentences: action, actor, object, and recipient. The annotations
were conducted based on a set of annotation instructions, which are included in
appendix A. The annotation process resulted in 2335 annotated sentences. We com-
puted the inter-annotator agreement for 196 unique sentences that were annotated
by all annotators on the token level. We used Fleiss’ kappa metric (Fleiss 1971) to
determine the inter-annotator agreement. To compute the agreement per category,
we implemented the specific agreement coefficient, which was first introduced by
Dice (1945). The agreement scores can be found in Sect. 4.1.

For the sentences that were annotated multiple times by different annotators, we
kept one unique annotation per action sentence to ensure data consistency. For the
sentences where there was disagreement among annotators, we randomly selected
which annotation to keep, making sure there was an even distribution across anno-
tators. Subsequently, we split the dataset for training, validation, and testing, using
a 80-10-10% split for the training of all models. This split allowed us to make the
most efficient use of our relatively small dataset, as it provided a reasonable number
of training data while leaving a sufficient quantity for reliable and meaningful test
results. We used the same 10% test split of sentences to test all our models.

3 https://eur-lex.europa.eu/homepage.html

* Dutch data, BERT models and LLM approaches: https:/gitlab.com/normativesystems/flintfillers/flint
filler-srl/-/releases/v3.1.0, English data and transformer models: https://gitlab.com/normativesystems/flint
fillers/flintfiller-english
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To compare the results between English and Dutch, we used an existing dataset
and model® of 4463 annotated sentences from Dutch laws, created by van Drie et al.
(2023). They fine-tuned their Dutch model on 90% of the 4463 annotated sentences.
We reuse their dataset to fine-tune the Multilingual BERT model, and part of it as
examples for the non-fine-tuned generative LLM. The inter-annotator agreement of
the Dutch dataset is substantial (x = 0.75). A ground truth was set aside of 104 sen-
tences manually annotated by the authors, which we will use in this work as a test
set.

3.2 Models
3.2.1 Rule-based model

As a baseline, we implemented a rule-based model that leverages the syntactic
structure of the sentence to identify Flint roles, based on the method and the rules by
Bakker et al. (2022b). Sentences were tagged with POS and dependency tags by the
en_core web_sm model from the spaCy toolkit,® chunks were then formed from
the POS tags, and rules were applied based on these tags to assign the relevant Flint
roles.

The rules are applied per sentence:

If a token has a nsubj or obl:agent tag, the phrase will be assigned the acfor role.
If a token has a dobj or nsubjpass tag, the phrase will be assigned the object role.
If a token has a dative tag, the phrase will be assigned the recipient role.

If a token has a root, ccomp or xcomp tag, the phrase will be assigned the action
role.

b

All tokens that are not assigned a Flint role by one of these rules are automatically
labelled as other.

3.2.2 Mapping model

The standard SRL task is similar to the task of labelling Flint roles in a sentence.
Therefore, we tested the performance of a model pre-trained on a SRL task by map-
ping the resulting semantic roles to Flint roles. First, the model labels the legal text
that we provide as input. Next, the resulting semantic roles are mapped to thematic
roles, which are then again mapped on the Flint roles. We used the pre-trained model
from the transformer-srl library’ to obtain the PropBank semantic roles
(Palmer et al. 2005) for the sentences. Next, we used the mapping provided by Ver-
bAtlas (Di Fabio et al. 2019), which contains a mapping from PropBank semantic
roles to VerbAtlas semantic roles for 5306 PropBank predicate senses. We applied

5 https://gitlab.com/normativesystems/flintfillers/flintfiller-stl/-/releases/v2.0.0
© https://spacy.io..
7 https://github.com/Riccorl/transformer-srl.
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Table 2 Mapping from

VerbAtlas thematic roles to Flint VerbAtlas thematic role Flint role
roles Agent Actor
Patient Object
Theme
Topic
Asset
Beneficiary Recipient
Recipient

this to all sentences whose predicate sense had a mapping in the VerbAtlas resource.
For the sentences for which there was no mapping in the resource for that sentence’s
predicate sense, we labelled each token in the sentence as Other and use this as the
final labelling.

The complete mapping from thematic roles to Flint roles that we utilised can be
found in Table 2. Since this mapping follows an n-to-1 pattern, with no thematic
roles mapping to more than one Flint role, it did not present any difficulties during
our role translation process.

3.2.3 Fine-tuning models

As discussed in Sect. 2, fine-tuning pre-trained language models on specific tasks
using relatively small sets of annotated data has proven to be an effective method
for various downstream NLP tasks. Moreover, studies using variations of the BERT
model that were pre-trained for a specific domain or task also proved to be very
effective in their respective domain (Chalkidis et al. 2020; Joshi et al. 2020). As
such, we selected the following variations of the BERT model to fine-tune on our
dataset on the Flint role labelling task:

BERT Standard BERT model.
LEGAL-BERT BERT model pre-trained on data from the legal domain. Poten-
tial to better understand patterns in our legal dataset.

e EURLEX-LEGAL-BERT BERT model pre-trained on data from EU regula-
tions. Potential to better understand patterns in our legal dataset with EU regula-
tions.

¢ SpanBERT BERT model pre-trained to capture the relationships between spans
of words. Potential to better performance if fine-tuned on an SRL task.

¢ Multilingual BERT Integrates cross-lingual transfer learning. Potential to lever-
age larger Dutch dataset.

The first four models were fine-tuned on the training and validation set of our Eng-
lish dataset described in the previous section. We fine-tuned Multilingual BERT,
hereafter referred to as M-BERT, on the larger Dutch dataset (van Drie et al. 2023),
to evaluate its ability to generalise to English for our labelling task. As described in
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Sect. 2.2.1, this approach could possibly mitigate the need for separate datasets and
model training for each language.

To monitor the performance of our models during fine-tuning, we used the
cross-entropy loss function. The Dutch dataset by Bakker et al. (2022a) showed
some imbalance across the Flint roles. We also observed such an imbalance in
our dataset, with 52% of the tokens labelled as O, 28% as Object, 9% as Actor,
6% as Action, and 5% as Recipient. To avoid a bias toward the majority classes,
we implemented class weighting by giving a set of weights to the loss function
that ensured that the loss function prioritises minimising the error for the minor-
ity classes. We balanced the weights by assigning to each role label a weight that
is inversely proportional to the frequency of that role label in the train and vali-
dation sets. We fine-tuned each model for 4 epochs. Moreover, for the learning
rate and batch size, we executed a grid search to systematically explore the best
combination of values. For comparing the performance to Dutch, we reuse the
fine-tuned BERTje model described by van Drie et al. (2023). BERTje (de Vries
et al. 2019) is a Dutch version of BERT.

3.2.4 Generative LLMs

We use two generative LLMs to label the legal texts with the Flint roles. Due to its
superior performance on benchmarks and additional functionalities such as function
calling, we use the GPT-3.5 Turbo and the GPT-4 models®.” We used a tempera-
ture of O to ensure a consistent output. To prompt the models, we use four different
approaches: zero- and few-shot learning, function calling, and a combination of few-
shot learning and function calling.

Zero-shot and Few-shot Learning

Without a fine-tuned model for a specific task, classification tasks can still be
successful as Brown et al. (2020); Alex et al. (2021) have demonstrated. Genera-
tive LLMs such as GPT-3.5 Turbo have shown that with prompt engineering and
few-shot learning, tasks such as text completion and code support are performed
well. For our first approach to query the generative LLMs, we explore what results
can be achieved on the task of classifying the different roles in a Flint frame with
zero-shot and few-shot learning. We explored different prompt formulations, as well
as differences in input format, such as tokenised versus non tokenised sentences.
Preliminary results showed that prompts performed better on tokenised sentences. '°
Ultimately, we based our prompts on the annotation instructions of our English data-
set (in appendix A), and of the dataset from van Drie et al. (2023). The prompt is
shown in Table 3.

8 https://platform.openai.com/docs/models/gpt-3-5.

9 As described in the related work section, numerous models are available. While an exhaustive com-
parison is beyond the scope of this paper, detailed analyses can be found in various sources, primarily in
blogs and preprints due to the rapidly evolving landscape.

10 Due to the informal nature of these experiments and the absence of rigorous documentation, the
resulting data is not included but can be requested from the authors.
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Table 3 Example prompts and functions

Method Prompt & function example

0-shot Given a sentence: sentence Classify all elements into the following categories:
Action, Actor, Object, Recipient or O. Only classify Actions, Actors, Objects
and Recipients in the main clause. For tokens in subordinate clauses, use
the category O. The amount of elements in the output list needs to equal the
amount of elements in the input list. Generate all the elements of the output
list. Do not omit anything

5-shot 0-shot prompt + User: “Verification of market prices and model inputs shall be
performed by a person or unit independent from persons or units that benefit
from the trading book.." Assistant: [Object, Object, Object, Object, Object,
Object, Object, Action, Action, Action, Actor, Actor, Actor, Actor, Actor,
Actor, Actor, Actor, Actor, Actor, Actor, Actor, Actor, Actor, Actor, Actor,..]
User: “Power is delegated to the Commission to adopt the regulatory techni-
cal standards referred to in the first subparagraph in accordance with Articles
10." Assistant: [Object, Action, Action, Recipient, Recipient, Recipient, O,..]

Classification function {name: classify_flint_labels, description: 0-shot prompt, parameters: {type:
object, properties: {action: {type: array, description: All words that are clas-
sified as the action of the sentence. An action consists of the main verb of the
sentence and its auxiliaries and modals.}}}}

Masking function {name: mask_flint_labels, description: Masks all action words in a sentence
with [action]. Mask all actor words in a sentence with [actor]. parameters:
{type: object, properties: {masked_sentence: {type: array, description: A
sentence with all the action, actor, object, and recipient words of the sentence
masked out with [action], [actor], [object], or [recipient].}}}}

Additionally to sending the instruction in the prompt, we add examples to
explore how few-shot learning can improve zero-shot learning. Labelled examples
are included in the request sent to the language model. Using this very limited set
of annotated data, the model learns the task and the correct way of performing it.
Results from Brown et al. (2020) show that this method is a promising alternative
to fine-tuning a large language model, which is an expensive and time consuming
task. For this experiment, five annotated sentences were randomly selected from the
fine-tuned models’ training set and incorporated into the prompt sent to the LLM.
We provided the Flint roles as a list, as one would do in a classic token classification
task. An alternative approach is to use a format where the sentence is interjected
with the predicted roles such as Paolini et al. (2021) use. We decided on a list of
roles because this aligns with our baseline models and fine-tuned BERT-based mod-
els. The LLM has not seen the examples given yet, and they are not contained in
the test set, thereby ensuring a fair evaluation of the model’s competencies. These
examples were structured in a user-assistant format, as illustrated in the abbrevi-
ated example in Table 3. The full prompt containing all five examples is available in
Appendix B.1.

Function calling

Output format matters when working with natural language understanding tasks.
A downside of using generative LLMs for classification tasks is their inconsistent
output (Agrawal et al. 2022). Flint roles are not the end product presented to users,
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but it is rather a step which should support other parts of the Flint architecture (van
Gessel et al. 2023), and therefore should be in a consistent format. Recently, several
models introduced function calling functionality as a way to structure your request
and the output of your request (Eleti et al. 2023). In this approach, we define a func-
tion for classifying the Flint roles in a sentence. We test two different functions:
one for classification of the roles (classify flint labels), and a second one
which masks the words in a sentence according to the right role instead (mask
flint labels). Simplified versions of both functions are added in Table 3. In the
classification function, the zero-shot prompt is used as description, whereas in the
masking function an instruction is included to mask the words of a sentence by the
label action, actor, object or recipient. The post-processed output of this approach
will be evaluated with a mean accuracy score, as is done by Bakker et al. (2022a).

Classification function

The classification function takes a sentence and classifies the words or phrases
from it that belong to the categories actor, action, object, and recipient. A shortened
example containing only the action parameter is shown in Table 3. The full function
can be found in appendix B.2. The output of this function is a dictionary with sets
of words that are classified to these roles, and need to be post-processed to be evalu-
ated. The classification function has a name, a description which includes a prompt
from the zero-shot approach, and four parameters; one for every role type. Each of
those parameters contain its type (an array) and a description. The classification
function is passed to GPT, guiding the model to generate output in the specified
JSON format, ensuring the correct mapping of words or phrases to their respective
roles. For evaluating the results and comparing them to the other models, we use a
post-processing script to go from the json output to a list of labels per word.

Masking function

We compare the classification function described above to a masking function, which
masks the words in a sentence with the role it belongs to. A simplified example of the
masking function is shown in Table 3. The full function can be found in appendix B.3.
The function in this case only contains a description, and one parameter: the sentence
with the words related to the roles masked. The description contains instructions for the
model. The results of this function still need post-processing, but by directly marking
roles in the text, hypothetically there is less risk of misclassification of double words.

Few-shot learning and function calling combination

For the last approach, we combined few-shot learning with function calling.
Examples are given, and an output format is prescribed. This approach adds com-
plexity to the prompt but has the benefits of both providing examples for the model
to learn from, and prescribing an output format such that the results are reliable and
can be evaluated.
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3.3 Evaluation

To evaluate the performance of the fine-tuned models, we used precision, recall,
the F1 scores per class, the macro F1 score, and the weighted F1 score. Moreover,
considering the goal of filling Flint frames with complete roles extracted from legal
text, we also chose to incorporate in our analysis the metrics used for the SemE-
val-2013 Task 9.1 (Segura-Bedmar et al. 2013) based on the error types from the
Fifth Message Understanding Conference (MUC-5) evaluation (Chinchor and Sund-
heim 1993). The MUC evaluation method allows us to distinguish whether models
recognised a complete semantic role, or only part of it. Earlier work in Dutch from
Bakker et al. (2022a), and van Drie et al. (2023) only included the accuracy score in
their results. In the comparison between English and Dutch, we will also report the
accuracy scores for the rule-based model and the mapping model.'! To evaluate the
output of GPT-3.5 Turbo and GPT-4, we post-processed the generated outputs to
ensure they aligned with the required format, after which we calculated the accuracy
and MUC-based metrics.

4 Results

This section presents the results from our methods described above. It is divided
into four key subsections. In Sect. 4.1, the inter-annotator agreement from our anno-
tated dataset is presented. In Sect. 4.2, we discuss the results from the rule-based
model, the mapping model, and the fine-tuned English BERT model, and we com-
pare them to the results for these methods in Dutch from previous work described
by Bakker et al. (2022a) and van Drie et al. (2023). In Sect. 4.3, we will present the
different evaluation metrics discussed above (Sect. 3.3) for all models that were fine-
tuned on our dataset: the domain-specific models LEGAL-BERT and EURLEX-
LEGAL-BERT (Chalkidis et al. 2020), the task-specific model, SpanBERT (Joshi
et al. 2020), the multilingual model M-BERT (Devlin et al. 2018; Pires et al. 2019),
and finally the standard BERT model (Devlin et al. 2018). Finally, in Sect. 4.4, we
will show the results from querying GPT-3.5 Turbo and GPT-4 with the approaches
described above.

4.1 Inter-annotator agreement

The annotations on the gathered English legal sentences resulted in an inter-anno-
tator agreement of xk = (0.712, which is substantial agreement (Landis and Koch
1977), although a little lower than the inter-annotator agreement for the Dutch data-
set (0.75) from van Drie et al. (2023). The results of the specific agreement for each
category are shown in Table 4.

I Precision, recall, and F1 scores for these methods on our English dataset can be requested from the
authors.
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Table 4 The specific agreement

Acti Act Object Recipient

(SA) per label for the annotated ction etor Jee cepren
dataset SA 0.938 0.946 0.713 0.708
Table 5 Accuracy for the rule- Rule-based Mapping BERT(je)
based model, mapping model,
BERT for English and BERTje EN 0.528 0737 0.879
for Dutch ’ ' ’

NL 0.587 - 0.842

The performance for the rule-based method and BERTje on Dutch is
taken from van Drie et al. (2023)

4.2 Baseline models

We created a rule-based model and a fine-tuned BERT model for English and com-
pare our results to earlier results for Dutch. We also created a mapping model that
maps the results of a semantic role labelling model to Flint roles. This model exists
only for English, as no semantic role labelling model is available for Dutch. Table 5
shows that the BERT model for English and BERTje model for Dutch have the best
performance (indicated in bold). The mapping model, which was only available
for English, does not outperform a BERT model which was fine-tuned on our spe-
cific task. Furthermore, the results show that the BERT model has a higher accu-
racy (0.879, also included in Table 6 in the next section) than the Dutch BERTje
model (0.842), although BERT was fine-tuned on a smaller number of sentences

Actor - Action - Object - Recipient
True annotation:
The Commission may order them to provide access to, and explanations
relating to, its databases and algorithms.
Rule-based prediction:
The Commission may order them to provide access to, and explanations

relating to, its databases and algorithms.
Mapping model prediction:

The Commission may order them to provide access to, and explanations
relating to, its databases and algorithms.
BERT model prediction:

The Commission may order them to provide access to, and explanations

relating to, its databases and algorithms.

Fig. 1 An example sentence from the Digital Service Act, taken from the test set, with the true annota-
tions and the predictions by the rule-based baseline and the mapping model
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Rule-Based (EN) Rule-Based (NL)
Actor 0.03 0 0.02 Actor 10.32 0.05 0 0.03
FT%) 0O |0.05 0.09 0 0.04 O 0.07 0.09 0 0.01
i Object |0.03 0.19 0 0.04 Object 0.05 0.21 0 0.01
E Recipient | 0.03 0.1 0.01 0.02 Recipient 0.09 015 0 0 7
Action| 0 0.21 0.02 0 . Action 0 0.05 0 E y
S Q0 & X o S X NS
Predicted Label Predicted Label
BERT (EN) BERTje (NL)
Actor 0.02 0.06 0 0 Actor 0.03 0.04 0 0.01
E O 0.09 0.01 0 O 0.02 0.02 0
’E Object | o 0 Object 0.03 0.15 0.03 0.01
HE Recipient | o Recipient 0.05 0.17
Action| 0 0 0.02 Action 0 0.1 0.
0\9& Qo \@C‘} \e&) \.000 6"0& Q . \@0\) '@\; S
¥ QO ¥ O
A A
Predicted Label Predicted Label

Fig.2 Confusion matrices for baseline and BERT-based models

Table 6 Results of the evaluation on the token-level for fine-tuned BERT models

BERT M-BERT SpanBERT LEGAL- BERT EURLEX- BERT

Accuracy 0.879 0.829 0.880 0.881 0.896
Balanced accuracy 0.885 0.890 0.890 0.892 0.885
Precision 0.888 0.830 0.880 0911 0917
Recall 0.885 0.832 0.890 0.892 0.896
Macro F1 0.886 0.829 0.884 0.901 0.900
Weighted F1 0.881 0.830 0.880 0.881 0.896
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than BERTje (1868 and 4017 sentences for English and Dutch respectively). Finally,
the rule-based model shows comparable performance for English and Dutch.

The confusion matrices in Fig. 2 show a similar pattern for the rule-based meth-
ods of both languages. First, they show that O (other) is predicted too often. The
reason for this is that the rules in the rule-based method do not cover enough vari-
ation to classify tokens. Therefore, the default category O is chosen. Second, of the
remaining categories, actor and action are classified with the highest performance.
Finally, the matrices show that the rules did not cover the recipient category. In
Fig. 1, an example sentence is given with the true annotation, and the predictions for
the rule-based method, the mapping model, and the BERT model. In this example,
the rule-based prediction does not contain the recipient, and predicts only one word
of the object correctly, which explains its low performance on these roles. Figure 2
shows that the BERT-based models have a good performance for all categories.
Moreover, they show that Object and Recipient are the categories with the lowest
performance, as was the case for the rule-based method. In the example in Fig. 1,
the BERT model predicts all words correct.

4.3 Fine-tuned BERT models

We fine-tuned five variations of BERT models on our dataset with Flint role
labels, and evaluated them on token (word) level and on role level, as described
in Sect. 3.3. The results on token level are presented in Table 6. The highest score
per metric is indicated in bold. The results on all metrics are quite close together,
but clear differences can be spotted between the Multilingual BERT model
(M-BERT) and the other models. The Multilingual BERT model has a lower per-
formance than the other models, but the results are still well above the rule-based
and mapping approaches described in the previous section. SpanBERT’s scores
are very close to BERT’s results, it performs a little higher on accuracy, balanced
accuracy, and recall, whereas the standard BERT model had slightly higher scores
on precision and both F1 scores.

Overall, we observe that LEGAL-BERT and EURLEX-LEGAL-BERT (short-
ened to EURLEX-BERT in Table 6), the models that were pre-trained on data
from the legal domain before we fine-tuned them on our dataset, obtain the high-
est scores, although the differences are small in general. LEGAL-BERT reports
the highest balanced accuracy and Fl-score of 89.2% and 90.1%, respectively.
EURLEX-LEGAL-BERT yields the highest values on accuracy and weighted
F1, with 89.6% on both metrics. Figure 3 reflects these results with an example.
For this example sentence, the predicted labels for LEGAL-BERT en EURLEX-
LEGAL-BERT are equal to the true annotation. The BERT prediction is almost
correct; only ‘the’ is incorrectly labelled as an object. The example also shows
the lower performance of Multilingual BERT (M-BERT) and SpanBERT, with
the actor and the action being correct, but the recipient and object not.

In Fig. 4, the normalised confusion matrices for EURLEX-LEGAL-BERT and
M-BERT models are shown, which contain the accuracy per class. It is notable
that the performance is lower for the Object and Recipient classes, which are
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Actor - Action - Object - Recipient

True annotation:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
BERT prediction:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
M-BERT prediction:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
SpanBERT prediction:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
LEGAL-BERT prediction:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
EURLEX-LEGAL-BERT prediction:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.

Fig.3 An example sentence from the Digital Markets Act, taken from the test set, with the true annota-
tions and the predictions by BERT, M-BERT, LEGAL-BERT, and EURLEX-LEGAL-BERT

EURLEX-BERT M-BERT

Actor .0.05 007 0 0 Actor .0.02 0.06 0.01 0
O o .0.06 0.01 0 (0] 0.01.0.16 0.01 0.01
Object | 0 0.14.0.01 0 Object o0 0.12.0.03 0.01
Recipient | 0 0.05 0.18. 0  Recipient o0 0.09 0.26. 0 ‘
Action | 0 0 001 0 . Action 0.02 0.01 0.01 0 . '

True Label

X OIS $ 0 & .
& Q) & & 9 IR RS
SN S ¥
QS
Predicted Label Predicted Label

Fig.4 Confusion matrices for EURLEX-BERT, and M-BERT
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Table 7 Overall F1 scores on the MUC evaluation for the fine-tuned BERT models
BERT M-BERT SpanBERT LEGAL- BERT EURLEX- BERT

Type 0.906 0.798 0.910 0.924 0.917
Partial 0.866 0.732 0.873 0.888 0.855
Exact 0.802 0.629 0.812 0.833 0.830
Strict 0.790 0.614 0.798 0.822 0.815

also the classes with the lowest inter-annotator agreement (see Table 4). Possi-
ble explanations include that the models struggled with ambiguity in the training
labels, or that these roles are more complex in general and therefore harder to
learn. We will discuss these results further in Sect. 5.

We also evaluated the fine-tuned BERT models on role level using the MUC
evaluation (Chinchor and Sundheim 1993), as explained in Sect. 3.3. This evalua-
tion takes partial correctness of the role into consideration. In Table 7, the overall
F1 scores for the MUC evaluation are reported for all fine-tuned models on all four
of the different evaluation schemas. The highest score per metric is again indicated
in bold. These results exhibit a similar pattern as the results for the evaluation on the
token level: the M-BERT model scores lower on all categories than the other mod-
els. The domain-specific models have the best performance, with LEGAL-BERT
specifically scoring the highest on all schemas. Notably, in this case the EURLEX-
LEGAL-BERT model scores lower than LEGAL-BERT. We note that the scores
for BERT and SpanBERT are again very close, with SpanBERT obtaining slightly
better results on all schemas. All models obtain their highest F1-score for the fype
schema, which only considers whether a model assigned the correct role type to an
identified role, regardless of how it has identified the string boundaries of that role.
The lowest F1-scores are consistently observed for the strict schema, which requires
a model to have an exact match on the boundaries of the identified role as well as the
Flint role type assigned to that role. On this schema, LEGAL-BERT shows the high-
est Fl-score at 82.2%.

4.4 GPT

We used four different approaches to prompt GPT-3.5-turbo and GPT-4: zero-shot
and few-shot learning, function calling (with a classification and a masking func-
tion), and a combination of few-shot learning and function calling.

Table 8 Accuracy for GPT models on Dutch (NL) and English (EN) data
GPT-3.5 Turbo GPT-4

zero shot Few shot Cls Mask Combo zero shot Few shot Cls Mask Combo

EN 0.080 0.026 0.558 0.530 0.627 0.175 0.272 0.498 0.557 0.586
NL  0.029 0.019 0.612 0.464 0.644 0.251 0.382 0.465 0.561 0.457
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Table9 Overall F1 scores on the MUC evaluation for the GPT Models for English
GPT-3.5 Turbo GPT-4

Zero  Few shot Cls Mask Combo Zero shot Few shot Cls Mask Combo

Type  0.401 0.498 0.536 0.203 0.375 0.511 0.498 0.330 0.505 0.332
Partial 0.320 0.427 0.353 0.183 0.288 0.392 0.385 0.293 0.335 0.298
Exact 0.150 0.201 0.077 0.028 0.059 0.182 0.201 0.183 0.074 0.106
Strict  0.145 0.193 0.069 0.017 0.054 0.176 0.197 0.173 0.068 0.095

Table 8 shows the accuracy for labelling the Flint roles in sentences for GPT-3.5
Turbo and GPT-4. The highest scores are indicated in bold. For both languages, the
best performing generative LLM is GPT-3.5 Turbo with a combination of few-shot
learning and function calling. This method has an accuracy of 0.644 for Dutch, and
0.627 for English. Of the different GPT-4 approaches implemented, the combination
approach works best for English, and the function calling with masking function
works best for Dutch. Overall, the worst performing approach is few-shot for GPT
3.5, and zero-shot for GPT-4 for both English and Dutch.

Figure 6 shows the confusion matrices for the combination method. The upper
two confusion matrices show the best-performing generative LLM method, which
is the combination method with GPT-3.5 Turbo. These figures highlight that the
performance on the action category is relatively high, as is the performance on
the Other category. The recipient category has the lowest performance. Another
noteworthy source of errors is that too many tokens falsely received a predic-
tion for the category Other (O). This general pattern can also be observed in the
middle left confusion matrix, showing the combination method with GPT-4 for
English. However, the confusion matrix for the GPT-4 combination approach for
Dutch shows a rather different pattern. We observe that the relatively high accu-
racy obtained by this approach is mainly due to predictions in the Other category.
Finally, the lower two confusion matrices in Fig. 6 show the performance of the
zero-shot and few-shot approach with GPT-4 for English. While the accuracy
indicates that the few-shot approach is better, the confusion matrix shows that the
zero-shot approach is performing better in the Other category, while the few-shot
approach is doing better for the other categories Actor, Object and Recipient.

The GPT-3.5 and GPT-4 models were also evaluated on role level using the MUC
evaluation (Chinchor and Sundheim 1993), as detailed in Sect. 3.3. Table 9 presents
the overall F1 scores across all four evaluation schemas, with the highest scores
indicated in bold. Both models achieve their highest F1 scores on the type schema,
where only correct role type assignment is required without precise boundary
matching, while the strict schema—requiring exact boundary and type matches—
yields the lowest F1 score.

To illustrate the difference in performance between the fine-tuned models
and the GPT approaches, an example is given in Fig. 5. Whereas LEGAL-BERT
predicts all labels correct (Fig. 3), GPT-4 (the combo method) confuses words
in the dependent clause for an action and an act, and only correctly labels the
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Actor - Action - Object - Recipient

True annotation:
If that authority so requests, its officials may assist the officials and other

accompanying persons authorised by the Commission to conduct the interview.
GPT-3.5 Turbo combo prediction:
If that authority so requests, its officials may assist the officials and other
accompanying persons authorised by the Commission to conduct the
interview.
GPT-4 combo prediction:
If that authority so requests , its officials may assist the officials and other
accompanying persons authorised by the Commission
to conduct the interview.
GPT-4 few-shot prediction:
If that authority so requests , its officials may assist the officials and other

accompanying persons authorised by

the Commission to conduct the interview .

Fig.5 An example sentence from the Digital Markets Act, taken from the test set, with the true annota-
tions and the predictions by GPT-3.5 combo, GPT-4 combo and GPT-4 few-shot

main action and actor. GPT-3.5 Turbo correctly identifies the actor and action,
but mislabels the recipient for the object. Our few-shot approach with GPT-4
performs worse. It only predicts parts of the roles correctly, but none of the
roles are completely correct.

5 Discussion

The results of the rule-based model showed the lowest performance of all models
except for the generative LLMs, followed consistently by the mapping model. This
observation highlights the fact that the effectiveness of these approaches is directly
tied to the quality and completeness of the components on which they are based. For
the rule-based model this applies to the quality of the POS-tagger, the dependency
parser, and mainly the rules that it relies upon, as Bakker et al. (2022b) also empha-
sise. As we saw in Table 5 in Sect. 4.2, the recall of the rule-based model was very
low, which is indicative of a lot of false negatives. Therefore, we believe that updat-
ing and further specifying the rules of this model could lead to significant jumps
in performance since new rules might be able to capture the roles that the current
model missed. However, it is important to keep in mind that as the rules become
too detailed, the model might lose its ability to generalise across the legal domain,
beyond just EU regulations.
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GPT-3.5 Turbo combo (EN)

GPT-3.5 Turbo combo (NL)

Actor o.oer 0 0 Actor sz, 0.06 0 0.017
E O 0.06 0 0.03 (0) 0.14 0.02 0.03
% Object 0.04 0.01 0.03 Object 0.02 0.01 0.03
E Recipient 0.11 0.33 0.3 027 0 Recipient  0.08 0.27 0.28 0
Action 0 0.12 0.02 0 . Action 0 0.21 0.03 0 .
GPT-4 combo (EN) GPT-4 combo (NL)
Actor 0.08 0.01 0 Actor 0.04 0 0.01
E O 0.23 0.03 0.06 O 01 0 0.02
E Object 0.01 0.02 Object 0.11 0.01 0.02
5 Recipient | 0.15 7; \:ﬂm Recipient 0:27 0.07 0 | |8
Action| 0 0.06 0.02 0 . Action 0.02 0 0.23
GPT-4 zero-shot (EN) GPT-4 few-shot (EN)
Actor 0.04 0.02 0.03 0.11 0.03 0.02
E O 0.03 0.11 0.05 0.06 O 0.02 0.22 0.02 0.05
% Object 0.04 0.24 0.01 0.08 Object 0.01 0.02 0.03
E Recipient 0.06 0.03 0.29 0.02 Recipient 0.03 0.01
Action 0 0.25 0.02 0 . Action 0.01 0.18 0.03 0.01 y
ey %&i@f@& e OQ&“Z@~@°;&°°
< Q¥

Predicted Label Predicted Label

Fig. 6 Confusion matrices for the combination approach with GPT-3.5 Turbo and GPT-4 for English and
Dutch, and the zero-shot and few-shot with GPT-4 for English

For the mapping model, the quality of the pre-trained SRL model that
labelled text with PropBank roles, the mapping from PropBank to thematic
roles, and the mapping from thematic roles to Flint roles all influence the qual-
ity of its predictions. The original SRL model on which the mappings were
applied yielded an F1 of 86% on the CoNLL 2012 set (Pradhan et al. 2012), so
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it could be expected that the performance on our data is similar at best, since
the SRL model was trained on non-legal texts and legal texts are generally
regarded as containing complex sentences. Moreover, the mapping from the-
matic roles to Flint roles is not necessarily completely correct due to the fact
that both thematic roles and Flint roles are not universally defined. An alterna-
tive to the current mapping model could be a model that is directly fine-tuned
to label (legal) text with thematic roles and map its resulting roles to Flint.
However, at the time of this research, we are not aware of the existence of any
pre-trained SRL models that use thematic labels in the legal domain.

When considering the results of the fine-tuned models, we saw that M-BERT’s
performance was relatively close to BERT’s compared to the rule-based and map-
ping model, yet still performed significantly worse than BERT and all variations
of BERT pre-trained on English data. We believe that this might be a result of the
differences in language use in the legal domain across languages given that legal
language is often highly specific and tailored to each language’s legal system. This
might explain why M-BERT, which had only seen examples of Dutch legal sen-
tences, had trouble recognising the Flint roles. These roles are generally long and
complex so the model may have had difficulties correctly identifying them in Eng-
lish, especially since it had not seen any specific examples of how these roles are
usually structured in English. Its performance may be improved upon by combining
datasets from different languages for fine-tuning, since M-BERT is also trained on
multilingual data (Pires et al. 2019).

Overall, the domain-specific models achieved the best scores. The dif-
ferences between LEGAL-BERT and EURLEX-LEGAL-BERT were small,
despite EURLEX-LEGAL-BERT having been pre-trained on less legal data.
However, we believe that the high performance of EURLEX-LEGAL-BERT
can partly be attributed to the fact that our dataset solely consisted of sentences
from EU legislation, which is exactly what EURLEX-LEGAL-BERT was pre-
trained on. We expect that if we were to add sentences from other legal sources
to the dataset, we would start to notice a larger difference in the results of the
domain-specific models, where LEGAL-BERT would be more generalisable
across the entire legal domain.

For the generative LLMs GPT-3.5 Turbo and 4, the results show that the dif-
ferent methods of prompting produce accuracy scores ranging from very low,
such as with a zero-shot method, to higher, such as using a combination of few-
shot learning and function calling. Interestingly, GPT-3.5 Turbo reaches higher
accuracy scores than GPT-4 for the combination approach, although GPT-4
performs better at zero- and few-shot approaches. This is not in line with their
performance on other tasks, where GPT-4 scores higher overall (OpenAl 2023).
It might be interesting to explore whether these results are consistent over mul-
tiple runs, due to the inconsistency of these models and their tendency to hal-
lucinate. The low scores of zero- and few-shot learning can partly be explained
by the difference in answer formats. The models do not consistently output the
same format and sometimes hallucinate extra tokens, or parts of answers such
as an explanation. The scores for zero- and few-shot learning both are higher
for the GPT-4 model. This might indicate that GPT-4 is better at providing
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consistent answers in the same format, a trend supported by findings in other
studies (Hackl et al. 2023). The few-shot results for GPT-4 are higher than the
zero-shot, indicating that including examples in the prompt is beneficial for this
model. We included five examples in our few-shot approach, though further
research to determine the optimal number of examples or applying heuristics to
improve their selection for this use case could enhance performance. Neverthe-
less, the function-calling approach achieved higher results, as it prescribes the
output format, making automatic evaluation feasible. This is reflected in the
accuracy scores: they went up for both approaches of function calling.

The differences in results from the two function calling approaches indi-
cate that the choice of task type and prompting strategy influence model per-
formance. The two types of functions show that GPT-3.5 Turbo has a slight
preference for a classification task over a masking task; when asked to clas-
sify the words to certain roles, performance is higher than when asked to mask
the words in the sentence. For GPT-4, it’s the other way around. The combina-
tion approach with both few-shot learning and function calling yielded higher
accuracy scores for English; few-shot learning improves the results by showing
the model examples, while function calling leads to consistent outcomes with-
out hallucinations. However, GPT-4 performed worse for Dutch on this method
than on the function methods. This might be an indication that for GPT-4, dif-
ferent prompting strategies might be beneficial for this task. Another aspect in
the prompt that can influence the results is the format that the model should
output. While we adopted a token-based approach, alternative methods where
phrases are kept together (e.g. (Paolini et al. 2021)) could be worth investigat-
ing further.

Regarding the performance of the generative LLMs on roles, higher scores
are seen on the action role than the other roles. This implies that the action role
is easier to recognise for the models, probably because the action is guaranteed
to occur in every sentence due to the way our test sets were built. The lowest
scores are found in the recipient role, followed by the object role. This is also
the case for the fine-tuned models, although the differences are smaller. As Bak-
ker et al. (2022a) describe, this might have to do with the length of the roles;
the recipient and object can be long phrases or dependent clauses, whereas the
action and the actor are often shorter. The O label is also more often predicted
correctly, but that also has to do with the fact that anything not belonging to
another role should be O, so there is a relatively high amount of O labels in the
dataset. For the fine-tuned models, class weights were implemented to limit the
influence of this imbalance. To further assess the influence of the imbalance and
the generalisability of the models, applying cross-validation could be a valuable
addition, computational resources permitting. For GPT-3.5 Turbo and GPT-4 in
the few-shot and combo setting, the examples include more tokens with the O
label, which might have influenced its performance on that label.

Interestingly, there are no big differences between Dutch and English.
For the fine-tuned BERT models, the performance is a bit higher for English,
even though the Dutch BERTje model is fine-tuned on more data. This can
be explained by the overall better performance of the BERT model. No direct
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comparison is made in the work of de Vries et al. (2019), but their NER accu-
racy scores are lower than the scores that BERT achieves (0.88 for BERTje ver-
sus 0.93 for BERT (Devlin et al. 2018)). For the rule-based model and GPT-3.5
Turbo and GPT-4, scores are a bit lower for the English data. This is surprising
due to the fact that GPT models usually perform better on English than on other
languages (OpenAl 2023).

Overall, fine-tuned models consistently outperform all different generative
LLM approaches, both in general and across all roles. This can be attributed
to the fine-tuned models having exposure to a larger number of examples and
not relying on a prompt formulation with only a few examples. However, the
advantage of generative LLMs like GPT-3.5 Turbo and GPT-4 lies in their abil-
ity to be queried without the need for an annotated dataset, yet still achieving
reasonable performance depending on the prompt and approach used. There-
fore, in resource-constrained settings, employing generative LLMs might still
be advantageous as an initial step in extracting legal semantic roles. However,
the results from the fine-tuned models indicate that specific tasks, such as this
adaptation of semantic role labelling, still benefit significantly from the process
of annotating data and fine-tuning a model when resources are available.

6 Conclusion

Norms are essential in our society, as they dictate how individuals should
behave, interact, and conform within a community. Some norms are captured
in laws, agreements, or other written sources. Interpretations of norms can dif-
fer, which is where formalisations such as Flint offer a solution. They express
an interpretation of a norm in a transparent manner. However, creating these
interpretations is labour intensive. Natural Language Processing (NLP) tasks
such as semantic role labelling can support norm modellers. This paper explored
whether different models can perform this task successfully. We implemented a
rule-based model, based on the work of Bakker et al. (2022b), and a mapping
model which maps thematic roles to Flint roles. We fine-tuned several BERT-
based models among which two models pre-trained on domain specific texts.
Lastly, we queried two generative LLMs with zero- and few-shot learning, func-
tion calling, and a combination thereof. To fine-tune the BERT-based models,
we contributed a dataset of 1573 sentences from EU regulations with Flint act
role annotations containing multiple annotations per sentence, with 2335 anno-
tations in total. All models were evaluated and compared on their ability to cor-
rectly assign words in legal sentences to Flint act roles.

The results showed that SpanBERT, LEGAL-BERT, and EURLEX-LEGAL-
BERT had the highest overall performance after they were fine-tuned on our dataset.
On the token-level evaluation, EURLEX-LEGAL-BERT yielded the highest scores.
On the role evaluation (MUC), SpanBERT, LEGAL-BERT, and EURLEX-LEGAL-
BERT consistently outperformed BERT on all schemas, with LEGAL-BERT
yielding the overall highest scores on all schemas. These results suggest that there
is added value to using domain-specific and task-specific language models on this
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particular task, with especially the domain-specific language models showing com-
petitive results.

We fine-tuned M-BERT, a multilingual BERT model, on the Dutch dataset
by van Drie et al. (2023), to explore the viability of re-purposing datasets from
different languages for the same task in another language. After fine-tuning on
the Dutch dataset and evaluating on the English test set, we found that whereas
M-BERT outperforms the rule-based model and the mapping model, it does
not manage to reach the level of BERT on our task. We conclude that more
language-specific fine-tuning is required to learn these longer and more com-
plex roles in legal text.

Additionally to fine-tuning these task-specific smaller language models,
we tested several approaches for querying the GPT-3.5 Turbo and the GPT-4
model. If such generative LLMs are successful in this, it greatly reduces the
need for annotated data, thereby reducing the reliance on labour-intensive man-
ual annotation efforts and potentially accelerating the development and deploy-
ment of natural language processing applications. However, the results showed
that the generative LLMs, GPT-3.5 Turbo and GPT-4, performed poorly on this
task, especially when compared to the fine-tuned domain specific models such
as LEGAL-BERT and EURLEX-LEGAL-BERT. This suggests that for com-
plex natural language processing tasks, like our specialised form of semantic
role labelling, the investment in domain-specific fine-tuned models through
annotation efforts proves to be valuable.

For future research, it would be interesting to explore improving the per-
formance of multilingual BERT (M-BERT) by combining datasets from differ-
ent languages, for instance the Dutch dataset from van Drie et al. (2023) and
the English dataset introduced in this work. Even though it did not perform as
well as the other fine-tuned models, this method enables usage of resources
from other languages when these are not available for the target language. Fur-
thermore, the results of the generative LLMs GPT-3.5 Turbo and GPT-4 might
be improved by narrowing down the task. For instance, one could simplify the
task by asking for only one role at the time and combining them afterwards,
potentially improving accuracy, but at the cost of it being more computationally
intensive. Additionally, the influence of the functions that are used should be
further explored; the difference between the two functions described above indi-
cate that this can play an important part in the quality of the results. Another
direction for future research is identifying the best k value for few-shot exam-
ples, as this could further optimise performance. Finally, large language models
could also work together in a pipeline where humans combine and utilise out-
put. An architecture where human knowledge and reasoning is combined with
the capabilities of language models might be the solution to an efficient and
transparent process of creating legal interpretations.
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Appendix A Annotation instructions

Task
You will be presented with sentences from law text. In these sentences, you are
supposed to select words with the following roles/functions:

e Action: that what happens (often a verb)
Actor: the volitional causer of the event
Object: the entity which is moved by the action / the entity undergoing the effect
of the action

e Recipient: the entity for whose benefit the action was performed

We can assign these roles by asking: who (actor) does (action) what (object) to
whom (recipient)?

For each sentence, try to indicate as completely as possible which words have
these roles. It is possible that a sentence does not contain an object, actor, or recipi-
ent. In this case, it is not necessary to select that role. It is also possible that there
are multiple words in the sentence that have the same type of role. In this case, they
should all be selected as such.

Extra information

Below you will find an overview of the different types of words or phrases that
should or should not be included in the annotations. While annotating, you can
return to this overview at any given time.

Include in the annotations:

e Articles should be included in the actor, object and recipient. Example: [The
controller] ,-por [shall provide] ,rion [Information]opper-

e Prepositions should be included in the actor, object and recipient. Exam-
ple 1: [The Member State],cror [makeslacrion [the information]ggiger
[available] , 10N [t0 the data subject]gpepient- EXample 2: [The controller] ycror
[asks]acTion [t0 be included in all communications]ogper and [informs]cron
[the data subjects]gpcrpipnt [Of their rights]opieer

e Complementisers should be included in the object, actor and recipient (a com-
plementiser is a conjunction that can be used at the start of a clause, which
allows the entire clause to function as the object of the sentence). Example:
[The supervisory authority],cpor [determines],cpion [that the processing
was not lawful]ogipcr-

e Negations should be included in the action. Example: [The Member
State],cror [shall not provide],cron [the information referred to in para-
graph S]ogcr-

e Multiple instances of the same role. If a sentence contains multiple actors,
actions, objects or recipients they should all be annotated as such. Example:
[The supervisory authority]lacpor [decides]ycrion [On the case]opper and
[informs] s cpion [the Member State]gpcpien [Of the decision]ggper
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e Phrasal verbs should be included in the action. The adverb of preposition of a
phrasal verb should be included in your annotation of the action. Example: [The
board] ycror [calls off] ,crion [the meeting] g et in case of any cancellations.

e Words that are essential to the meaning of the action should be included in
the action. Example 1: [The authorities] cror [takelacmion the necessary
[steps]sction to enforce the rules. Example 2; [The Union],cror [Shall make
public] ,-rion [2ll relevant communications]ggper-

¢ Include interpunction in the annotation only if it appears within the role. Do not
include periods or commas that appear at the beginning or end of the role.

Do not include in the annotations:

e Adverbs (something that modifies the verb) should not be included in the action.
Example: [The supervisory authority],cror immediately [informs],crion [the
board]ggcrpent-

e Certain clauses (e.g. preconditions) should not be included in the annotation,
even if the information contained in them is important or essential for the mean-
ing of the sentence. We are referring to the type of clause that is a word or a
phrase that can be omitted without making the sentence grammatically incor-
rect. Example 1: Where the data subject agrees, [the controller],-por [shall
share],crion [the data]opper [With a third partylgpeprent. Example 2: [The
board] ,-ror [takes responsibility],cron [for this decision]ggper, unless oth-
erwise provided for in this regulation. Example 3: [The board],cror [shall
define] oo [the division of tasks]gpper in the first chapter of their regula-
tion.

e Clusters of verbs should not be included in the action as a whole. In many cases,
the cluster of verbs is not all part of the action, but should be split up to form
part of the action and part of the object. Example: [The Commission],cror
[may] oo Ultimately [decide] ,-ron [t0 handle the caselogper

e Actions (and their corresponding actors, objects and recipients) that are part of
clauses should not be included in the annotation. Example: [When the supervi-
sory authority defines a transfer as lawful]prpconpirions [the processor]acror
[may execute] ,crion [the transfer]opiper

Please also pay attention to the following:

e Passive sentences. For sentences written in the passive voice, it is important to
consider who/what performs the action and who/what undergoes the action. In
passive sentences, the grammatical subject might be the thing acted upon, rather
than the actor. Example 1: [The information],gpcr [shall be made public]ycron-
Example 2: [The supervisory authoritylgpcpent [shall be assisted] ycrion [BY a
committee],cpor- Example 3: [This power]oppcr [may be assigned] ycrion [tO
the Member Statelypcipient [bY the supervisory authority],cror-
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Appendix B GPT function calls and few-shot learning examples

B.1 Few-shot learning examples

1 {"role": "system", "content": "You are an assistant that can tag the

— roles action, actor, object, and recipient in sentences. You tag

— words that do not fall into this category with o for other."}

2 {"role": "system", "name": "example_user", "content": "Significant

— subsidiaries of EU parent financial holding companies or EU parent
— mixed holding companies and those subsidiaries which are of material
oo significance for their local market shall disclose the information
— specified in Articles 437 , 438 , 440 , 442 , 450 , 451 and 453 on

< an individual or sub- consolidated basis . "}

3 {"role": "system", "name": "example_assistant", "content": "['Actor',
— YActor', *Actor’, ‘Actor', "“Actor', ‘'Actor’, ‘Actor', "Actor"',
s tACtox ', 'Attor'; *'Actoxr',; "Actox' ;. ‘Acter?', YActorx', "Actox',
o LActoxr!t; *Actor!®,; ‘Actoxr!,; '"Actor', 'Actoxr!'; 'Actoxr'; 'Actoxr',
<» 'Actor', 'Actor', 'Actor', 'Actor', 'Action', 'Action', 'Object',
— 'Object', 'Object', 'Object', 'Object', 'Object', 'Object’',
o 'Object', 'Object', 'Object', 'Object', 'Object', 'Object’',
— 'Object', 'Object', 'Object', 'Object', 'Object', 'OD', '0', '0',
— o PR o P o e L o TR s L e g

a {"role": "system", "name": "example_user", "content": "Power is

o delegated to the Commission to adopt the regulatory technical
— standards referred to in the first subparagraph in accordance with

— Articles 10 to 14 of Regulation (EU) No 1093/2010 . "}

5 {"role": "system", "name": "example_assistant", "content": "['Object',
— 'Action' 'Action', 'Recipient', 'Recipient', 'Recipient', 'O', 'O°’',
e ‘9*, ‘o', ‘o', 'o0', '‘0O', ‘0', '‘0O', '0O', '0O', ‘0O', '‘0', '0', '0',
— Y2 e B YOV, WO YOG MOY%; G, YO, 0N, D% Y0ty YD, MY,
ey O T

6 {"role": "system", "name": "example_user", "content": "For the purposes
s of calculating own funds on an individual basis and a
— sub-consolidated basis , institutions subject to supervision on a
— consolidated basis in accordance with Chapter 2 of Title II of Part
— One shall not deduct holdings of own funds instruments issued by
e financial sector entities included in the scope of consolidated
— supervision , unless the competent authorities determine those
— deductions to be required for specific purposes , in particular
s structural separation of banking activities and resolution planning
o "}

7 {"role": "system", "name" "example_assistant", "content": "['0', 'O’',
. ‘g*, 'o*, ‘o', '0', '0', ‘0O', ‘O', '0', '0', ‘0O', '‘0', '0', '0',
—~ 'O', 'O', ',', 'Actorxr', 'Actor', 'Actoxr', 'Actor', 'Actor', 'Actor',
— 'Actor', 'Actor', 'Actorxr', 'Actor', 'Actor', 'Actor', 'Actorxr',
— 'Actor', 'Actor', 'Actor', 'Actor', 'Actor', 'Actor', 'Actiomn',
— 'Action', 'Action', 'Object', 'Object', 'Object', 'Object',
— 'Object', 'Object', 'Object', 'Object', 'Object', 'Object’',
— 'Object', 'Object', 'Object', 'Object', 'Object', 'Object’',
< HOBJecHY; Tty WY NOWG MOMs MOV NOYs FO0R; fows ol MOl 0
iy GBS, mQhs bgkg Wi dpes Mg wighis vgee mgE. agies Ya. ®gr; Wow;
s o, tLtInd

8 {"role": "system", "name": "example_user", "content": "Where an
<» institution fails to meet the condition in point (b) of paragraph 1
s it shall immediately notify the competent authority . "}

B {"role": "system", "name": "example_assistant", "content": "['0O', 'O',
— SO0 v ARG YRy (A By SOV "NBWS. YOGy URRg WSS Nals WEEs AL
s ‘D', 'Actor', ‘'Action', '0', 'Action', 'Recipient’', 'Recipient’,
s “Recipient'; 'ViY]"¥

1o {"role": "system", "name": "example_user", "content": "Verification of
— market prices and model inputs shall be performed by a person or
— unit independent from persons or units that benefit from the trading
— book , at least monthly , or more frequently depending on the nature
<~ of the market or trading activity . "}

1 {"role": "system", "name": "example_assistant", "content": "['Object’',
s 'Object', 'Object', 'Object', 'Object', 'Object', 'Object’',
P t*Action', 'Action', 'Action’'; 'Actor', "Actoxr', 'Actor', 'Actox',
— '‘Actor', 'Actor', 'Actor', 'Actor', 'Actor', 'Actor', 'Actor',
— *Actor', 'Actor', "Actor', 'Actor"', 'Actor’, *',%, 'O'; ‘D', '0',
. P W@y KOV DM 0N MO D% YOrs mOR, ¥0Ws Tovi mor; eevg
s WO LR
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B.2 Function call for classification

10
11

12
13
14
15
16

35

o

@ aaa
[

IS

{"name": "classify_flint_labels",
"description":
"Classify all words in a sentence as part of the action, actor,
> object, recipient, or other."
"Include determiners, adjectives, prepositions, complementisers,
- mnegations and phrasal verbs."
"Exclude adverbs."
"An action consists of the main verb of the sentence and its
«— auxiliaries and modals.",
"parameters": {
"type'": "object",
"properties": {
"action": {
"type": "array",
"items": {
"type": "string"
B
"description":
"All words that are classified as the action of the sentence."
"An action consists of the main verb of the sentence and its
auxiliaries and modals.",
T,
"actor": {
"type": "array",
"items": {
"type": "string"
B
"description":
"All words that are classified as the actor of the sentence. "
"An actor consists of the main agent who interacts with the
— action in the sentence."
"The actor is the volitional causer of the event",
¥,
"object": {
"array",
{
"type": "string"

B
"description'":

"All words that are classified as the object of the sentence. "
"An object is the direct object of the action."

"The object is the the entity which is moved by the action."
"The object is the entity undergoing the effect of the action",

¥,
"recipient": {
"type": "array",
"items": {
"type": "string"
>
"description":
"All words that are classified as the recipient of the sentence.
-
"The recipient is the benefactor of the action.",
¥,
"other": {
"type": "array",
"items": {
"type": "string"
B
"description':
"All words that are not classified into the other categories",
¥

W
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B.3 Function call for masking

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

{
"name": "mask_flint_labels",
"description":
"Masks all action words in a sentence with [action]."
"Mask all actor words in a sentence with [actor]. "
"Mask all object words in a sentence with [object]."
"Mask all recipient words in a sentence with [recipient]."
"An action consists of the main verb of the sentence and
— 1its auxiliaries and modals."
"An actor consists of the main agent who interacts with
— the action in the sentence."
"An object is the direct object of the action."
"The recipient is the benefactor of the actiomn.",
"parameters": {
"type": "object",
"properties": {
"masked_sentence": {
"type": "array",
"items": {
"type": "string"
},
"description": "A sentence with all the
— action, actor, object, and recipient words
< of the sentence masked out with [action],
— [actor], [object], or [recipient]."
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