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Abstract

The selection of demonstrations for few-shot learning plays a pivotal role in the performance of LLMs. In the
legal domain, selecting these examples becomes especially critical, since they must be both informative and
economical. We address legal argument mining by adopting dynamic selection strategies where a specific set of
demonstrations is selected for each inference, and we compare them to static approaches where examples are
chosen by experts or by the LLMs themselves. We experiment with 34 learning configurations over 3 different
tasks, i.e., classification of argumentative components, type of premises, and argumentative schemes. We find
that dynamic selection methods are better than static ones in all three tasks, suggesting that similarity is an
important criterion in this domain.
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1. Introduction

The ability to automatically extract and classify arguments from legal decisions holds significant promise
for improving legal research and education, judicial transparency, and Al tools that support legal decision-
making. Argument Mining (AM) in this domain enables structured access to Courts’ reasoning, a critical
asset for legal practitioners (e.g., suggesting relevant arguments and counterarguments), scholars,
and Al systems dealing with a wide range of legal tasks, including the retrieval and classification of
legal arguments from large corpora, the summarization of judicial decisions, and the construction of
domain-specific ontologies. Recently, Large Language Models (LLMs) have dramatically advanced the
field of Natural Language Processing (NLP), offering state-of-the-art performance across a wide range of
tasks. Their versatility and generalization capabilities make them attractive tools for analyzing complex
texts. However, the application of LLMs to the legal domain has yielded mixed results [1, 2, 3]. While
some studies report strong performance on certain tasks, others highlight the difficulty of transferring
general-purpose architectures to legal argumentation, particularly when nuanced legal reasoning and
domain-specific language and cultural differences across jurisdictions are involved [4, 5]. One of the
challenges underlying this gap lies in the nature of legal language itself, which is formal, layered, and
often ambiguous. Legal reasoning frequently involves implicit knowledge, domain-specific interpretive
schemes, and multi-step argumentation patterns that are difficult to capture through pre-training alone.
These characteristics suggest that LLMs require carefully designed prompting strategies, particularly in
few-shot settings, to perform effectively on legal argument mining tasks.
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In few-shot learning, the provided demonstrations significantly shape the LLMs’ performance. In
the legal domain, selecting these examples becomes especially critical. To be informative, they must
encapsulate key reasoning patterns and linguistic cues. At the same time, they must remain concise,
due to the token limitations of current models. Moreover, the multi-label nature of some tasks further
complicates this process, as each example may represent multiple dimensions of legal reasoning.
Consider, for instance the case of argumentation schemes, which are not mutually exclusive, i.e., a
single legal premise may be assigned multiple schemes (e.g., from rule, precedent, principle).

In this paper, we address the open question of how to best select few-shot examples for LLMs, in the
context of legal argument mining. We rely on a pre-existing dataset, Demosthenes [6, 7], and focus on
four strategies for selecting demonstrations: (i) static selection performed by legal experts, (ii) static
selection performed by LLMs, (iii) dynamic selection based on semantic similarity (k-nearest neighbors),
and (iv) a novel dynamic graph-based method, accounting also for diversity in the demonstrations. Our
goal is to assess how these strategies affect the performance of LLMs across different sub-tasks, as well
as to provide guidance for leveraging few-shot learning in legal NLP applications.

2. Related Works

LLMs for Argument Mining. Argument mining aims to automatically detect and classify argu-
mentative text. It has gained increasing attention in recent years, particularly within the legal domain,
where legal reasoning relies heavily on well-structured arguments, which are fundamental for the
decision-making process. Since LLMs can leverage in-context learning and few-shot classification, they
can be particularly useful for this context, where annotated data is scarce and costly to obtain. However,
the application of LLMs for argument mining shows limitations. Ruiz-Dolz et al. [8] apply LLMs to the
detection of argumentative fallacies, but did not surpass the performance of Transformer models. Pan
et al. [9] obtain ambivalent results on similar tasks. As concerns the legal domain, similar conclusions
are drawn by Al Zubaer et al. [10]. Chen et al. [11] evaluate several LLMs on argument detection and
argument generation tasks, in both zero-shot and few-shot settings, with results that are promising
yet not consistently superior to those obtained with pre-trained language models. In contrast, in the
work by Gorur et al. [12], Llama2-70B and Mixtral-8x7B outperform the Transformer baseline in the
relation prediction task on several datasets. Additionally, Cabessa et al. [13] fine-tune LLMs, quantized
and non-quantized, that achieve state-of-the-art results in classifying argument components and their
relations.

In-Context Learning. In recent years, the popularity of in-context learning (ICL) as a research topic
has seen a significant rise. Few-shot inference, which consists of providing LLMs with demonstration
examples as part of the instruction prompt, has been proven to be an effective technique to use LLMs [14].
Similar to zero-shot inference, it allows using a general-purpose architecture without the need for
training or fine-tuning. Unlike zero-shot inference, it necessitates labeled data, but the required amount
is several orders of magnitude less than that needed for fine-tuning. The performance of ICL varies both
with the instruction formatting and the demonstration organization, which concerns several aspects
such as demonstration selection, format, and order [15, 16]. In this work, we focus on the demonstration
selection aspect. Demonstrations are often randomly selected from the dataset, as in Chen et al. [11].
Alternative approaches include adopting unsupervised approaches to preliminarily select a static set
of demonstrations for labelling out of a larger set of unlabeled data [17, 18], selecting representative
examples consulting experts [19], or relying on LLMs themselves [20]. Choosing examples similar to
the query in the embedding space has been shown to greatly improve the performance of LLMs [21]. In
particular, Liu et al. [22] introduce a k-NN-based demonstration selector. Wang et al. [23] identify a
contrast between the need for the demonstrations to be similar to the test instance and the need for
diversity between the examples. They propose a reinforcement learning approach to demonstration
selection, which aims to maximize both relevance and diversity. However, this approach computes
diversity only by considering the distribution of labels among the selected demonstrations. Ye et al. [24]



Table 1
Dataset composition.

Split Docs Prem Conc Factual Legal Aut Class Itpr Prec Rule
Train 32 2,030 138 1,345 774 49 51 268 422 272

Test 8 345 22 231 132 4 5 29 82 51
Total 40 2,375 160 1,576 906 53 56 297 504 323

show that LLMs can benefit from example sets that exhibit both complementarity and relevance to a
given test query. Here, the diversity is based on the same similarity metric used to assess the relevance,
creating a trade-off between the two objectives. Other works also yield similar findings [25, 26]. In our
work, we compare static and dynamic selection approaches and propose a novel graph-based method
to leverage the advantages of both similarity and diversity of demonstrations.

3. Data

We rely on the Demosthenes corpus [6, 7], consisting of 40 decisions in English on Fiscal State Aids by the
Court of Justice of the European Union (CJEU). We select this dataset for several reasons: (a) annotation
was performed manually by legal experts; (b) CJEU rulings present a variety of legal reasoning (e.g.,
arguments based on statutes, legal principles and precedents); (c) decisions follow a relatively consistent
structure; (d) all the selected cases belong to the same legal domain, Fiscal State Aid, which heavily
depends on judicial interpretation. The argument structure is annotated at three hierarchical levels,
that can be used for three classification tasks: (i) argument elements (premises and conclusions), (ii) type
of premises (legal and factual), and (iii) argument schemes.

Argument Components and Types. Each document contains one or more argument chains, which
are structured arguments supporting a final conclusion on a specific ground of appeal. It includes both
supporting reasoning and any counterarguments considered by the Court (see B.1). Each argument
is a set of connected inferences, where one or more premises lead to a conclusion. Each argument
component that is part of an argumentative chain is a sentence labeled either as premise or conclusion.
Conclusion of an inference can also serve as the premise for further inferences, and they are labeled as
premises. Premises are categorized as either factual or legal. Factual premises describe real-world events
or procedural aspects of the case, while legal premises refer to legal content such as laws, precedents,
principles, or their interpretation. When a premise contains both legal and factual elements, it is labeled
accordingly (see B.2)

Argument Schemes. Each legal premise is labeled with its argument scheme, based on the framework
described in [27, 28] and adapted to CJEU reasoning, resulting in five schemes.! Since they are not
mutually exclusive, a single legal premise may be assigned multiple schemes (see Appendix B.3).

The Rule (or established rule) scheme applies when a legislative rule applies to the case outcome, unless
overridden by exceptions. It covers premises explicitly citing an EU norm as part of the legislative
framework, excluding references to national laws or norms from the Court of First Instance, which
cannot form the legal basis for a CJEU ruling.

The Precedent scheme (Prec) applies whenever the ratio decidendi of a past case applies to the current
one unless a distinction is justified [29]. Premises in CJEU decisions citing the Court’s earlier rulings
are annotated accordingly. Typical indicators include citations of prior judgments, along with standard
expressions like “according to settled case-law”, “as is apparent from that case-law;,” or “as the Court
has consistently held”

The Authoritative scheme (Aut) applies when a statement by an authority supports the case outcome,

IThe dataset includes a sixth scheme, Princ, which we do not consider in our work.



barring opposing reasons. It includes: (1) administrative authority, exercising command over others; (2)
expert opinion, based on domain expertise; and (3) majority or common opinion [28, 30]. In our corpus,
CJEU references to Advocate General opinions are annotated as authoritative inferences, as these serve
as non-binding but influential sources of legal reasoning.

The Classification scheme (Class) applies when a concept is applicable to the case and used to support a
classification, unless exceptions apply. Adapted from the Verbal Classification scheme in [31, 27], its
acceptability depends on the acceptability of the classification and any applicable exceptions. Premises
are marked under this scheme when they define a legal concept by specifying the conditions under
which a fact, property, or entity qualifies as falling within it.

The Interpretative scheme (Itpr) applies when a meaning relevant to the decision of the case is ascribed
to a legal source (e.g., legislation, precedent). The scheme includes different kinds of interpretative
reasoning (e.g., literal, teleological, psychological, systematic interpretation).

Dataset Composition. In the original article [6], the evaluation was performed with 5-fold cross-
validation, with manually created splits at the document level, in order to balance their composition. In
our experiments, we use one of these folds as a test set, and the others as training sets (and validation
sets if required by the models). Table 1 summarizes the composition of the dataset and the splits.

4. Method

We focus on few-shot inference for argument mining, addressing three classification tasks:

« Argument Component Classification: given an argumentative sentence, label it as premise
(prem) or conclusion (conc)

+ Premise Type Classification: given a premise, label it as factual (F), legal (L), or both.

+ Argument Scheme Classification: given a legal premise, classify it as belonging to one or more
argument schemes (Aut, Class, Itpr, Prec, Rule).

4.1. Demonstration Selection

We adopt two families of techniques for the few-shot inference: static selection and dynamic selection.
In the former, the demonstrations are selected a priori, independently from the test instance, and the
same examples are used for each inference. In the latter, specific examples from the training set are
selected according to the test instance. Consequently, the content of the final prompt is different for
each inference.

Static Expert-given Selection. In the selection strategy, we combine general and task-specific
criteria. From the general criteria perspective, the selection is informed by the following principles:
(i) clarity and completeness, favoring self-contained sentences with a clear argumentative function;
(ii) length and readability, preferring concise yet informative formulations; (iii) linguistic patterns,
prioritizing lexical indicators relevant for argument labeling; and (iv) diversity, to ensure variety across
decisions while avoiding near-duplicates. Linguistic patterns and diversity were applied only when not
in conflict with more relevant task-specific considerations. For argument component classification, we
aim at reflecting the structure of argument chains, i.e., balancing initial and intermediate (supporting
other) premises, as well as final conclusions. We also try to balance the factual or legal classes. For type
classification, when selecting the legal premises we included one illustrative case per argument scheme.
As regards factual ones, we focus on two main categories i.e., procedural aspects, reporting on actions
or events in the course of litigation (e.g., filings, prior decisions) and disputed facts between parties. For
argument scheme classification, we rely on the nature of the inferences and their content-specificity, as
well as on the legal criteria used to assess a Fiscal State Aid (i.e., distortion of competition, economic
advantage, selectivity, and state resources). Appendix B contains further details and relevant examples.



Static Self-Selection. For each task and class, we provide the model with the definitions of the task
and classes, and query the LLM to choose the best examples. The examples are chosen among a subset
of the training set containing at most 50 instances, including the examples selected by the experts, and
training instances sampled randomly.

Dynamic k-NN Selection. In-context learning leads to better results when the examples used for the
prompt are similar to the entity to be classified [32]. Hence, the first dynamic method that we use for
demonstration selection is based on k-NN. First, we compute sentence embeddings for each available
instance in our training set.” At inference time, given a test query, we first create its embedding. Then,
we compute its dissimilarity from the training set embeddings. Finally, we select the most similar
demonstrations and include them in the prompt. We have chosen to use the Euclidean distance as a
measure of dissimilarity, but our methods are also compatible with other dissimilarities.

Dynamic Graph-based Selection. Another key factor that has been observed to improve the
performances of in-context learning is the diversity among the retrieved demonstrations, both in terms
of associated labels and the respective semantic contents [23, 24]. Therefore, we aim to improve the
semantic diversity of the examples, while preserving the similarity to a given test query. We propose a
novel graph-based method. First, we compute the embedding of each instance in our training set. Then,
we instantiate a large graph, where each node represents an instance, and edges connect instances that
are close to each other. Specifically, two instances are connected by an edge if the distance between
their embeddings is smaller than a threshold hyperparameter r,. At inference time, given an input
query, we compute a subgraph that contains only nodes that are similar to the query. Specifically, we
remove all nodes that represent instances whose distance from the query is greater than a threshold
hyperparameter r,. Last, to improve semantic diversity, we partition the resulting subgraph into dense
communities and select a single node from each community. More in detail, we partition the subgraph
via the Louvain method [33], which detects well-separated groups of examples that are similar to each
other, optimizing modularity. The nodes in each community are chosen according to the PageRank
centrality score, assigning larger scores to nodes that are connected to other important nodes.®> By
construction, the retrieved demonstrations have the two desired properties: (i) they are similar to the
query, thanks to the subgraph extraction, and (ii) they represent diverse concepts, as identified by the
partitioning algorithm.

Balanced Dynamic Selection. As an attempt to further increase the diversity between demon-
strations, we also experiment with a variant of the two dynamic approaches. In such a variant, the
methods are constrained to include an approximately equal number of demonstrations for each class.
For example, for the component classification task, the prompts always contain approximately the same
number of premises and conclusions.

4.2. Models and Hyperparameters

As LLMs, we consider Llama and Gemini. Llama 3.1 [36] is a collection of multilingual generative
LLMs, pretrained and instruction tuned, developed by Meta. Gemini 2.0 Flash [37] is the latest generative
LLM accessible through Google’s API, with a one-million-token context window, meaning that it can
process an input of 700k words.*

We also experiment with four other models and inference paradigms as references. We consider
a LinearSVC classifier with TF-IDF features that we train from scratch and we fine-tune a LEGAL-
BERT [38] model.’ For both classifiers, we train/fine-tune a separate model for each task. Additionally,

“We use the embedding methods associated with the LLM we use for inference.

*For undirected graphs, the PageRank distribution is statistically close but not equal to the degree distribution [34, 35].

*We use the following implementation of the models from HuggingFace: nlpaueb/legal-bert-base-uncased, meta-llama/Meta-
Llama-3.1-8B-Instruct. For Gemini we use model gemini-2.0-flash-001.

*We fine-tune the whole model.



we also use the two LLMs in a zero-shot setting. Examples of prompts can be found in Appendix A.

For the Dynamic Graph method, given the wide hyperparameter space and the lack of previous
research on the matter, we rely on a preliminary study to set the values for hyperparameters r, and ry,
using different values for each task and number of shots. In particular, we define two configurations,
named c! and ¢2. In c1, r, is chosen so that each node is connected, on average, to 1% of the other nodes.
In c2, r, is based on the value r,: r, is chosen so that each node is connected, on average, to half of the
nodes inside the r, range. The value of r;, is chosen so that, when performing inference over the training
set, it yields a subgraph with average size VKN. N'is the total number of examples in the training set and
k is the number of demonstrations to be included in the prompt. This way, both subgraph extraction
and node selection yield approximately the same reduction in the number of nodes.

5. Results and Discussion

As shown in Table 2, the best result is always obtained by LinearSVC or LEGAL-BERT, suggesting that
specific training or fine-tuning is still crucial. As concerns the results of the LLMs, overall, dynamic
k-NN is the best configuration in all three tasks, suggesting that similarity is an important criterion in
this domain.

For the first task, the balanced versions seem particularly beneficial, especially with the Llama model.
For each model and number of shots, at least one configuration of dynamic graph reaches equal or
comparable results to k-NN, which are also very similar to the results obtained with the static expert
prompts. However, the models are clearly underperforming compared to LEGAL-BERT, in particular on
the conc class. In the second and third tasks, the results do not seem impacted as much by the balancing
of classes. At least one configuration of dynamic graph performs similarly to k-NN in three out of four
configurations. For the second task, the static expert selection yields results that can be considered
comparable to the dynamic approaches. In contrast, for the third task, they perform consistently worse.
For all three tasks, no configurations of dynamic graph between cI and ¢2 is clearly superior to the
other, as performance differences are consistently small and vary depending on the model and/or task.

As concerns the self-selected prompts, with Gemini they reach comparable results to the expert-
selected ones. Notably, 14 of the demonstrations were chosen both by the model and by the experts, 11
of which for the Argument Scheme task. It was not possible to make the same comparison with Llama,
because the model hallucinated and consistently generated new sentences, instead of choosing among
the provided ones.

As for the relationship between these results and the available data, LinearSVC and LEGAL-BERT are
the best-performing techniques, but they require the use of the entire training set. Dynamic few-shot
techniques work well and use only 5 or 10 demonstrations in the prompts, but all the training instances
are considered for selection for each inference. Static few-shot methods perform worse, but they always
use the same demonstrations for each inference, even if they are selected from the whole training set or
a subsample of it. It is therefore reasonable to hypothesize that reducing the amount of labeled data
would have a greater negative impact on the best-performing methods. Nonetheless, we want to remark
that for zero-shot and few-shot inference approaches we use the same general-purpose LLM for all the
tasks. Instead, for LinearSVC and LEGAL-BERT we train or fine-tune a different model for each task.

6. Conclusion

In this work, we explore the open challenge of selecting effective few-shot examples for LLMs for
legal argument mining. We compare several selection strategies and find out that the best approach is
dynamic selection based on k-NN, which indicates the importance of semantic similarity in this context.
This approach consistently matches or outperforms the expert selection, suggesting that comparable
or improved performance can be achieved without the cost and effort associated with manual expert
curation. We notice that at least one configuration of the dynamic graph method performs similarly to
k-NN, encouraging further exploration of the large hyperparameter space of this method. Our baselines,



Table 2

Experimental results for the three tasks. For each task, we report the F1 scores of each class and their macro
average. For each macro average, we highlight the best score overall in bold and underline the best score reached
by LLMs.

Model and Arg Component Premise Type Argument Scheme
Configuration prem conc Avg F L Avg Aut Class Itpr Prec Rule Avg
Other Models
LinearSVC 099 0.81 0.90 0.86 0.78 0.82 086 1.00 0.48 093 090 0.83
LEGAL-BERT 099 0.82 0.91 091 0.88 0.89 1.00 0.00 0381 098 097 0.75
Llama 0-shot 096 0.29 0.63 0.80 0.57 0.68 0.89 0.00 0.23 086 0.62 0.52
Gemini 0-shot 0.78 0.26 0.52 0.74 0.61 0.68 0.89 0.26 0.06 095 091 0.61
Llama 5-shot
Static Expert 091 044 0.67 0.80 0.60 0.70 0.67 0.00 0.22 085 0.68 0.48
Dynamic k-NN 0.16 0.12 0.14 0.80 0.60 0.70 089 036 037 0.80 0.63 0.61
Dynamic k-NN bal. 093 046 0.69 0.81 0.58 0.69 0.89 0.24 0.27 088 0.65 0.59
Dynamic graph c1 0.07 0.11  0.09 0.80 0.64 0.72 0.62 0.21 0.24 0.61 0.59 0.45
Dynamic graph c2 0.09 0.09 0.09 0.80 0.64 0.72 0.67 015 025 0.74 0.62 0.49

Dynamic graph c¢1 bal. 090 0.34 0.62 0.81 0.61 0.71 1.00 0.28 0.24 088 0.65 0.61
Dynamic graph c2 bal. 092  0.44 0.68 0.81 0.59 0.70 1.00 0.26 0.28 0.84 0.66 0.61

Llama 10-shot

Static Expert 095 0.53 0.74 0.80 0.60 0.70 0.89 0.19 0.21 0.80 0.67 0.55
Dynamic k-NN 0.16 0.09 0.13 0.81 0.62 0.72 0.80 0.44 034 0.79 0.65 0.61
Dynamic k-NN bal. 095 054 0.74 0.81 0.59 0.70 1.00 0.29 0.25 086 0.64 0.61
Dynamic graph c1 0.09 0.10 0.10 0.81 0.61 0.71 0.73 029 030 0.82 058 0.54
Dynamic graph c2 0.11  0.09 0.10 0.81 0.58 0.70 0.73 0.22 024 0.70 0.62 0.50

Dynamic graph ¢1 bal. 094 0.51 0.73 0.81 0.60 0.70 1.00 030 0.24 0.84 0.69 0.61
Dynamic graph c2 bal. 094 0.49 0.72 0.81 0.56 0.68 1.00 030 0.15 0.83 0.67 0.59

Gemini 5-shot

Static Expert 0.88 0.37 0.62 0.80 0.71 0.76 1.00 032 047 093 0.69 0.68
Static Self 0.86 0.34 0.60 0.82 0.77 0.80 1.00 036 042 094 0.70 0.68
Dynamic k-NN 0.85 033 0.59 091 0.74 0.82 1.00 055 0.57 095 095 0.80
Dynamic k-NN bal. 0.86 0.37 0.63 0.86 0.71 0.78 1.00 043 0.51 096 094 0.77
Dynamic graph c1 0.82 0.29 0.56 0.80 0.63 0.72 1.00 033 0.41 095 091 0.72
Dynamic graph c2 0.84 0.32 0.58 0.77 0.70 0.74 1.00 045 045 094 087 0.74

Dynamic graph c1 bal. 0.88 0.37 0.63 0.84 0.63 0.74 1.00 031 030 094 088 0.69
Dynamic graph c2 bal. 0.88 0.37 0.63 0.87 0.69 0.78 1.00 038 031 096 091 0.71

Gemini 10-shot

Static Expert 092 046 0.69 0.84 0.77 0.81 1.00 0.20 048 097 0.87 0.71
Static Self 091 043 067 0.81 078 080 1.00 040 0.55 095 084 0.75
Dynamic k-NN 091 040 0.65 090 0.79 0.84 1.00 0.59 0.52 094 095 0.80
Dynamic k-NN bal. 091 043 0.67 086 0.77 082 1.00 0.53 0.58 095 094 0.80
Dynamic graph c1 090 040 0.65 0.81 0.77 0.79 1.00 0.53 056 096 090 0.79
Dynamic graph c2 091 042 0.67 0.84 0.83 0.83 1.00 040 051 094 0386 0.74

Dynamic graph c¢1 bal. 091 0.44 0.68 0.90 0.75 0.82 1.00 036 0.54 097 0.80 0.74
Dynamic graph c2 bal. 090 0.40 0.65 0.84 0.73 0.78 1.00 032 0.54 097 0.87 0.74

LinearSVC and LEGAL-BERT, obtain the best results in all three tasks, suggesting that training or
fine-tuning is still crucial in this domain.

In future work, we want to investigate how reducing the amount of available data impacts perfor-
mances. We also want to evaluate the robustness of our approaches, considering the impact of prompt
format and demonstration order.
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Appendix

A. Definitions (Zero-Shot)

Argument component.

Classify the following argumentative text as premise “prem' or conclusion “conc'. A
premise (prem) is a proposition that provides a reason or support for the argument. A
conclusion (conc) is the statement that follows logically from the premise(s) and
represents the final point being argued for.

Only reply with “prem' or “conc'.

Premise Type.

Classify the following premise as factual “F', legal "L' or both. Factual premises (F)
describe factual situations and events, pertaining to the substance or the procedure of
the case. Legal premises (L) specify the legal content (legal rules, precedents,
interpretation of applicable laws and principles). The expected output is a list with
all applicable labels. For example: ['F', “L']. Only reply with the list of labels.

Argument Scheme.

Classify the following legal premise as one or more of the following argumentative
schemes: Rule, Prec, Class, Itpr, Aut. Rule: whether there is an explicit or implicit
reference to an article of law or citation of the text of a certain article. Prec:
whether there is a reference to a previous ruling of the Supreme Court or the Court of
Justice of the European Union. Class: if there is a definition of a legal concept or
its constituent elements. Itpr: if there is reference to one of the interpretative
criteria contained in Article 12 of the prelegislations (literal, teleological,
psychological, systematic) to the Civil Code. Aut: if there is a reference to an
indication by an authority (e.g., an opinion of the Advocate General). The expected
output is a list with all applicable labels. For example: [‘Prec', “Aut', “Rule']. Only
reply with the list of labels.

B. Detailed Examples (Few-Shot)

B.1. Argument components

As noted in Section 3 and 4, by an argument, we mean a set of connected inferences. In the selection,
we aimed at reflecting the structure of argument chains, i.e., initial and intermediate (supporting other)

premises, as well as final conclusions.
The following is an example of a starting (factual) premise:

“As a preliminary point, it must be recalled — as held earlier in paragraph 39 of the present judgment — that the
Court of First Instance did not commit an error of law in finding that the aid covered by the contested decision
fell within the scope of the prohibition laid down in Article 4(c) CS.” (Case A2008 Commission of the European
Communities v Salzgitter)

Rationale: the statement is self-contained and of medium length. It refers to a legal rule, i.e., to a
relevant legal aspect of the case, routinely characterizing premises rather than conclusions. It presents
a typical linguistic indicator of starting premises introducing a new argument, i.e., “As a preliminary

point”.

The following is an example of an intermediate (legal) premise, i.e., a conclusion of an inference serving

as a premise for further inferences:

Also, it is clear from consistent case-law that Articles 4 CS and 67 CS concern two distinct areas, the first abolishing
and prohibiting certain actions by Member States in the field which the ECSC Treaty places under Community

Jjurisdiction, the second intended to prevent the distortion of competition which exercise of the residual powers of

the Member States inevitably entails (see Banks, paragraph 88, and the case-law cited there) (A2008 Commission
of the European Communities v Salzgitter AG)



Rationale: The sentence is self-contained and of medium length. It opens with “it is clear from consistent
case-law”, a standard CJEU formulation to reaffirm settled interpretations, thereby invoking argument
from precedent. It provides a legal interpretation distinguishing the scopes of Articles 4 CS and 67 CS -
—prohibited State actions versus competition distortion under residual powers— and cites established
jurisprudence (Banks, paragraph 88) to reinforce its reasoning. Although it expresses a conclusion
drawn from case-law, it does not close the argument but instead sets up a further inference, likely about
legal classification or compatibility. As such, it functions as an intermediate legal premise within a
broader chain of judicial reasoning.

The following is an example of a conclusion:

“Since the Court of First Instance interpreted Albany wrongly, and consequently failed to address the appellant’s
argument relating to its competitive position in relation to other trade unions in the negotiation of collective
agreements for seafarers, the order under appeal must accordingly be set aside on this point.” (Case A2009 3F v
Commission of the European Communities)

Rationale: the statement is self-contained and of medium length. It is structurally coherent, linguis-
tically explicit, and rhetorically decisive, functioning as the final step in a legal reasoning chain. It
follows a premise-reason—conclusion pattern, including clear discourse markers: “Since” introduces the
underlying justification (misinterpretation of Albany and failure to consider the appellant’s argument),
while “accordingly” signals the conclusive remedial action. The conclusion is concrete, linking the legal
misinterpretation to a specific outcome, i.e., “the order under appeal must accordingly be set aside on
this point”, thereby reinforcing its classification as a conclusion.

B.2. Type of Premise

As pointed in Section 3 a distinction was made between factual and legal premises. Factual premises
describe situations or events related to the substance or procedure of the case, while legal premises
articulate legal content, including rules, precedents, and interpretations of applicable laws and principles.
When a premise contains both legal and factual elements, it was classified accordingly.
The following is an example of a(n) (intermidiate) legal premise:
“Also, it is clear from consistent case-law that Articles 4 CS and 67 CS concern two distinct areas, the first abolishing
and prohibiting certain actions by Member States in the field which the ECSC Treaty places under Community
Jjurisdiction, the second intended to prevent the distortion of competition which exercise of the residual powers

of the Member States inevitably entails (see Banks, paragraph 88, and the case-law cited there).” (Case A2008
Commission of the European Communities v Salzgitter AG)

Rationale: the statement is self-contained and of medium length. It clearly functions as a legal premise,
offering a legal interpretation grounded in consistent case-law, which clarifies the distinct purposes
of Articles 4 CS and 67 CS. The reference to prior jurisprudence (Banks, paragraph 88) and treaty
provisions signals a reasoning step that informs later conclusions. The phrase “it is clear from consistent
case-law” is a standard CJEU formulation used to introduce or reaffirm established interpretations.
By combining legal rule, precedent, and interpretation, the sentence reflects a typical argumentative

>

pattern in the Court’s reasoning.

The following is an example of a (starting) legal premise:

“It must be held, first, that while Article 4(c) CS prohibits the granting of State aid to steel and coal undertakings,
without drawing a distinction between individual aid or aid disbursed under a State aid scheme, Article 67
CS refers expressly to State aid only in respect of protective measures that the Commission may authorise,
pursuant to the first indent of paragraph 2 of that article, in favour of coal or steel undertakings where they
suffer competitive disadvantages because of general economic policy measures.” (Case A2008 Commission of the
European Communities v Salzgitter AG)

Rationale: the statement is self-contained, of medium length, effectively illustrating a legal premise. It
begins with the formal expression “It must be held, first, that..”, a conventional marker to introduce
legal interpretation or establish foundational reasoning. The content provides a comparative analysis



of Article 4(c) CS and Article 67 CS, clarifying their respective scopes — general prohibition of State
aid versus authorized exceptions. The reference to Treaty provisions and the interpretive nature of
the analyses, coupled with the absence of remedial or conclusive language, supports its role as an
early-stage premise in legal reasoning.

The following is an example of a factual premise:

“In paragraph 37 of the order under appeal, the Court of First Instance found that the appellant could not be
regarded as individually concerned merely because the aid in question was passed on to its recipients by means of
a reduction in the wage claims of the seafarers enjoying the exemption from income tax introduced by the fiscal
measures at issue.” (Case A2009 3F v Commission of the European Communities)

Rationale: The statement is self-contained and of moderate length, serving as a clear example of a
factual premise. It reports a specific finding by the Court of First Instance - “In paragraph 37 of the order
under appeal, the Court of First Instance found” — a standard formulation for referencing procedural
determinations. The content presents a factual assessment of how the aid was transferred and its effect
on wage claims, relevant to the appellant’s legal standing. The reference to “individually concerned”
and the absence of evaluative or conclusive language confirm its role in establishing the factual basis
for subsequent legal reasoning, rather than stating a normative conclusion.

The following is an example of a factual premise:

“As regards in particular the members of the trade union, the Court of First Instance found that, since they appeared
to be persons falling within the definition of a worker within the meaning of Article 39 EC, they were not themselves
undertakings.” (Case A2009 3F v Commission of the European Communities)

Rationale: The premise is self-contained and of relatively short length. It reports a factual finding
by the Court of First Instance on the classification of trade union members as workers rather than
undertakings. The introductory statement “the Court of First Instance found that ..”” frames it as a
procedural observation grounded in case-specific context. It provides a factual basis relevant to assessing
standing or eligibility, without presenting a normative conclusion, and serves to support subsequent
legal reasoning.

The following is an example of an (intermediate) legal-factual premise:

“As regards the Court of First Instance’s finding that the adoption of the Second and the Third Steel Aid Code led to
ambiguity as to whether subsequent application of the ZRFG had to be notified as a ‘plan’ within the meaning of
Article 6 of that third code, it must, first, be held that that article expressly provides that there is an obligation to
inform the Commission of plans to grant aid to the steel industry under schemes on which it has already taken a
decision under the EC Treaty.” (Case A2008 Commission of the European Communities v Salzgitter AG)
Rationale: The premise is self-contained and of medium length. It opens with “As regards the Court of
First Instance’s finding ..”, a commonly used formulation to recall the history of a case, followed by a
legal interpretation signaled by “it must, first, be held that..” This transition from factual observation
to normative interpretation under Article 6 of the Third Steel Aid Code reflects the dual structure
characteristic of legal-factual premises.

B.3. Argument schemes

The following is an example of an argument from Precedent:

“With regard to the requirement that competition should be distorted, it must be borne in mind in that regard
that, in principle, aid intended to release an undertaking from costs which it would normally have to bear in its
day-to-day management or normal activities distorts the conditions of competition (judgment of 30 April 2009,
Commission v Italy and Wam, C-494/06 P, EU:C:2009:272, paragraph 54 and the case-law cited” (R2016 Orange v
European Commission)

Rationale: the statement is self-contained and of medium length, functioning as a legal premise grounded
in precedent. It introduces the issue of whether competition is distorted through a general legal condition,
and then reinforces the normative assertion with an explicit reference to prior case-law. The use of “it
must be borne in mind” signals a restatement, while the citation of a specific judgment (Commission



v Italy and Wam, C-494/06 P) and the reference to the case-law cited clearly anchor the reasoning in
established jurisprudence.

The following is an example of an argument from Rule:

“Article 92 of the Treaty states: Save as otherwise provided in this Treaty, any aid granted by a Member State or
through State resources in any form whatsoever which distorts or threatens to distort competition by favouring
certain undertakings or the production of certain goods shall, in so far as it affects trade between Member States, be
incompatible with the common market.” (R1997 Tiercé Ladbroke SA v Commission of the European Communities) ”

Rationale: the statement is self-contained and of moderate length. It consists of a direct quotation
from Article 92 of the Treaty, restating the general legal standard governing the compatibility of Fiscal
State Aid with the common market. The use of this treaty provision as the basis for subsequent legal
reasoning draws its normative force from the explicit content of a binding legal text. This type of
premise typically establishes the applicable legal framework, which is then interpreted or applied to the
facts of the case. By invoking the rule in its full textual form, the sentence serves as a foundational step
in deductive legal argumentation.

The following is an example of an argument from interpretation:

“As was noted in paragraph 73 above, only selective advantages, and not advantages resulting from a general measure
applicable without distinction to all economic operators, fall within the concept of State aid.” (A2011_European
Commission (C-106_09 P) and Kingdom of Spain (C-107_09 P) v Government of Gibraltar and United Kingdom
of Great Britain and Northern Ireland)

Rationale: The statement is self-contained and of short length. It begins with a referential phrase — “As
was noted in paragraph 73 above” — which anchors the reasoning in an earlier step. The premise clarifies
the meaning of a key legal concept, namely “State aid”, by distinguishing between selective advantages
and general measures. This definitional refinement illustrates an argument from interpretation, where
the legal effect of a legal provision depends on how its terms are construed in context. Rather than
quoting a rule or invoking precedent directly, the sentence draws on internal interpretive reasoning to
specify the scope and application of an existing legal standard. It thereby functions as a premise that
shapes the analytical boundaries for assessing whether a measure qualifies as aid.

The following is an example of an argument from Authority:

Accordingly, first, as the Advocate General observed in point 86 of his Opinion, the judgment under appeal sets out
clearly the reasons why the General Court rejected Orange’s claims. (R2016_Orange v European Commission)

Rationale: the statement is self-contained and of short length, functioning as a premise grounded in
authoritative endorsement. It explicitly refers to the observations made by the Advocate General - “as
the Advocate General observed ..” —which are used to reinforce the validity of the Court’s reasoning.
Such opinions can be considered as authoritative sources of knowledge on which the Court relies, even
though they are not legally binding. The argument does not offer new factual or legal reasoning, but
rather strengthens the justification for the conclusion by referencing an external source regarded as
knowledgeable and reliable.

The following is an example of an argument from Classification:

Any activity consisting in offering services on a given market, that is, services normally provided for remuneration,
is an economic activity. (A2018_Scuola Elementare Maria Montessori Srl v European Commission)

Rationale: the statement is self-contained and of short length. It establishes a definitional boundary by
linking a general category — economic activity - to a set of specific conditions: the offering of services on
a given market for remuneration. The argument classifies a particular kind of conduct (service provision)
within a legal category. Indeed, in argument from classification, the legal consequence depends on
placing a fact pattern within a broader conceptual category, thus determining the applicability of legal
regimes.

The following is an example of a multi-scheme argument from Classification, Precedent and Rule:



“First, it must be recalled that, according to the Court’s settled case-law, classification of a national measure as
‘State aid’, within the meaning of Article 107(1) TFEU, requires all the following conditions to be fulfilled ...” (Case
A2016_European Commission v World Duty Free)

Rationale: the statement is self-contained and, despite its short length, exemplifies a composite legal
argument drawing simultaneously on rule, precedent, and classification. The starting “it must be
recalled that according to the Court’s settled case-law” signals reliance on established jurisprudence,
invoking argument from precedent. The reference to Article 107(1) TFEU introduces a rule-based
argument, linking legal outcomes to specific normative criteria. Simultaneously, the statement engages
in classification, as it outlines the definitional conditions under which a national measure qualifies as
State aid. This combination of doctrinal restatement, rule application, and conceptual framing gives the
sentence a foundational and multi-layered argumentative function.

The following is an example of an argument from Authority and Interpretation:

“Tt follows, as the Advocate General observed, in essence, in point 62 of his Opinion, that recovery of such aid entails
the restitution of the advantage procured by the aid for the recipient, not the restitution of any economic benefit
the recipient may have enjoyed as a result of exploiting the advantage.” (Case A2016_European Commission v
Aer Lingus Ltd and Ryanair Designated Activity Company)

Rationale: the statement is self-contained and, despite its short length, exemplifies a composite argument
drawing on both authority and interpretation. It opens with “It follows”, introducing an inference,
and cites the “Advocate General in point 62 of his Opinion”, invoking argument from authority. The
substantive content offers a clarifying interpretation: recovery concerns the restitution of the advantage,
not any resulting economic benefit. This reflects argument from interpretation, as it defines the legal
scope of aid recovery. Together, the citation of authoritative opinion and the interpretive refinement of
a legal effect give the sentence dual argumentative weight.
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