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Abstract

Legal Argumentation Mining (LAM) aims to uncover the argumentative structure
in legal documents. It identifies which sentences present arguments, their roles, the
types of reasoning they use, and how they support or challenge each other. This
process naturally breaks down into several related sub-tasks. However, most research
focuses on each sub-task in isolation, and it remains unclear how these sub-tasks

work together within a complete system.

This thesis presents the design, implementation, and evaluation of a five-agent
LLM pipeline for LAM, using the Demosthenes corpus, an annotated dataset of
decisions on fiscal State aid by the Court of Justice of the European Union. The
pipeline uses a LangGraph state machine to coordinate agents that handle the
different sub-tasks: detection of argumentative components, their classification in
premises or conclusions, classification of factual and legal premises, identification of

argumentation schemes, and directed relation identification.

The main methodological contribution is an evaluation framework to measure the
performance of the system under three different settings, to quantify the intrinsic
capabilities of individual agents and the impact of error propagation. First, each
agent is executed in an isolated setting and evaluated on the golden data. Then, the
full pipeline is evaluated both in an upstream-conditioned setting, to evaluate the
agents without penalizing them for mistakes made by their predecessors, and in an
end-to-end setting to evaluate the performance of the pipeline as a whole, without

distinguishing the contribution of single agents.

The experiments compare a commercial model (Gemini) with an open-weight
model (Gemma), and show the importance of evaluating modular LLM systems on

their overall performance, not just on individual tasks.

Keywords: Legal Argument Mining, Large Language Models, Multi-Agent Systems,
Prompt Engineering, Error Propagation, Argumentation Schemes, Court of Justice

of the European Union.
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Chapter 1

Introduction

Legal Argumentation Mining (LAM) is a subfield of Natural Language Processing
(NLP) that aims to automatically identify and classify arguments in legal documents
[1]. Legal documents are especially challenging because they use dense, specialized
vocabulary, follow strict rhetorical rules, and contain complex logical links between

arguments [2].

Early work on legal argumentation mining mostly relied on traditional machine
learning methods such as Support Vector Machines (SVMs), logistic regression, and
manually designed linguistic features [3]. These systems performed moderately well
but often struggled to work across different legal contexts because they depended on
handcrafted representations. Later research introduced deep learning models, such
as recurrent neural networks (RNN) and Transformer-based models, especially those
based on BERT. These newer models greatly improved contextual understanding

and accuracy [4, b].

Recently, Large Language Models (LLMs) have performed well on argument-
mining tasks. Several studies have turned argumentation sub-tasks into text-
generation problems [6]. Despite these advances, a key challenge remains: legal
reasoning is structured and interdependent; mistakes made early on can affect later
tasks, reducing the reliability of the final argument [7, 6]. In practice, a legal ar-
gument graph must meet global structural rules: conclusions must be supported
by premises, argumentative links must be logically consistent, and labels across

sub-tasks should remain compatible.

Multi-agent systems provide a promising way to address this limitation. Instead
of using a single model for every sub-task, these systems break down a complex
task into specialized agents that work together and share information through an
organized process [8, 9]. This approach makes it easier to understand, control,

and diagnose problems in the reasoning pipeline. Importantly, breaking tasks into
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sub-tasks also makes error propagation measurable.

This thesis describes how a collaborative multi-agent system was designed, im-
plemented, and evaluated for LAM in CJEU decisions on fiscal State aid [10]. The
system uses the LangGraph framework to break the task into specialized agents,
each handling a specific sub-task with its own prompting strategy [11]. A final
rule-based critic agent checks the argument graph for structural problems such as
orphan premises, unsupported conclusions, contradictory links, and low-confidence

links, and then reports them as diagnostic annotations.

Each agent is responsible for one of the following sub-tasks: argumentative identifi-
cation, argument role classification (premise / conclusion), premise type classification
(factual / legal), argumentation scheme classification (Rule, Prec, Aut, Class, Itpr,
Princ), and relation identification between argumentative components (support /
attack) [10]. These sub-tasks are highly interdependent; for example, classifying roles

and relations requires accurate detection of argumentative components.

Thesis Structure

The rest of this thesis is organized as follows:

Chapter 2. Gives an overview of the background and related work. It covers
classical NLP methods, transformer-based LLMs, argumentation mining, prompting

strategies, and multi-agent architectures.

Chapter 3. Explains the materials, methods, and system architecture used to
build the pipeline. It covers the Demosthenes corpus, the annotation scheme, the
methodology, and how the pipeline components work together in a multi-agent

workflow.

Chapter 4. FExplains how the system was implemented, focusing on node-level

design choices and prompt-engineering strategies.

Chapter 5. Shows the experimental results, compares different prompting configu-

rations, and provides a qualitative analysis of the generated argument graphs.

Chapter 6. Summarizes the main contributions, discusses the limitations, and

suggests possible directions for future research.
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Research Questions

This thesis is structured around five main research questions.

RQ1 (Decomposition) How much can decomposing the legal argument mining

into specialized LLM agents improve performance?

RQ2 (Error propagation) How much downstream performance is affected by
errors propagated from earlier stages, and which stage is the most consequential
bottleneck?

RQ3 (Isolated agent performance) If a sub-task has low end-to-end perfor-
mance, is the poor result caused by earlier errors or by the agent’s own
limitations? In other words, does providing gold upstream input improve

performance?

RQ4 (Model capability) How does an open-weight model perform compared to

a commercial model across the sub-tasks?

RQ5 (Prompting strategy) How does the pipeline perform on zero-shot prompt-

ing in comparison to few-shot ones?

Contributions
This thesis makes two main contributions:

1. Pipeline architecture and prompt engineering. This work presents a
five-node multi-agent system that covers the entire legal argument mining

pipeline.

2. A diagnostic evaluation methodology. The pipeline is evaluated in three
ways: end-to-end, upstream conditioning, and an isolated setting. As a result,
it becomes possible to measure the cost of error propagation directly and to
distinguish between errors caused by propagation and those due to the task’s

inherent difficulty.
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Background and Related Work

2.1 Foundations of Natural Language Processing

and Large Language Models

2.1.1 Classical NLP and Statistical Language Models

Classical NLP is based on statistical models implemented using explicit text repre-
sentations. Before doing any math, unstructured, raw text must be converted into a

structured, clean representation that a computer can process.

Step 1: Text Preprocessing

This process includes reducing text variation by lowercasing to ensure that “The”
and “the” are treated as the same word and noise removal to strip out irrelevant

elements such as HT'ML tags, punctuation, or special characters, based on the task.

Step 2: Tokenization

This is the process of breaking a text into chunks (tokens). While classical systems
used word-level tokenization (splitting by spaces), modern systems use sub-word
tokenization (e.g., splitting "unbelievable" into "un-", "believe", and "-able"), called

Byte Pair Encoding (BPE), to handle the out-of-vocabulary problem.

Step 3: Normalization

This is the process of converting tokens into a format that a model can process
more effectively. Two of the most common normalization techniques in NLP are

stemming and lemmatization, which aim to break words down to their root.

o Stemming: It is a rule-based process that cuts prefixes or suffixes of words to

reduce them to a stem.
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o Lemmatization: It is a process that reduces a word to its lemma, which is its

dictionary form.

Stemming Lemmatization
quantifying quantifying \
uantifies \4 uantifies —» quanti
q ~3 . q quantify

/' quantifi

quantified / quantified
quantifiers quantifiers —» quantifier
quantifications —» quantif quantifications —® quantification

Figure 2.1: stemming and Lemmatization

Step 4: Part-of-Speech (POS) tagging

This is a fundamental step in classical NLP that assigns grammatical categories to
tokens, causes improvement in normalization (e.g., POS-aware lemmatization), and
creates linguistic features used in statistical feature-based models like Bag-of-Words
and TF-IDF classifiers.

Step 5: Feature Extraction

This is the process of converting tokens into numbers that a computer can
understand. There are three classical methods for converting tokens into numerical

features, including:

1. Bag-of-Words (BoW):

Creates a vocabulary of all unique words in the dataset. Each document
is represented as a vector, where each entity corresponds to a word in the
vocabulary and the frequency of that word in the document. This method
ignores word order and grammatical structure; therefore, sentences such as

“The cat ate the mouse” and “The mouse ate the cat” are treated as identical.
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M7
[["the cat ate | : /

NN\

YV doc
i
2/

the mouse’, / %/'//
'the mouse «”’; /
ate the cat’, V) ;

L'ca«t and olog'l

Figure 2.2: Bag-of-Words visualization

2. n-grams:

Behave exactly like a Bag-of-Words model, but n-grams consider each n con-
secutive tokens as a unique word to preserve word orders (like "not good'
vs "good"). However, as n increases, the number of unique sequences grows

exponentially, leading to massive and sparse vectors.

o n =1 (Unigram): Looks at a single word (Bag-of-Words).

2 (Bigram): Looks at pairs of consecutive words.

n
e n =3 (Trigram): Looks at triplets of consecutive words.

3. Term Frequency-Inverse Document Frequency (TF-IDF):

TF-IDF is defined to capture lexical meaning in the text by computing an
importance weight score to balance the occurrence of a word in a single

document compared with the entire collection of documents (the corpus).

TF-IDF is the product of two separate metrics:

o Term Frequency (TF)

Measures the occurrence of a term (t) in a specific document (d) to

measure its importance in the document.

Count of t in d
TF(t. d) =
(t,d) Total number of words in d

 Inverse Document Frequency (IDF)
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Measures the occurrence of a term () across the entire corpus (D). If a
word appears in every document in the dataset, its informational value

drops to zero.

IDF(t, D) = log (

Total number of documents in corpus |D)|
Number of documents containing term ¢

Since the word appearance in 10 documents vs 100 documents, with a

corpus of 1 million documents, make a huge ratio difference, use log.

e The Combined Formula

The product of these two components gives the final score:

TF-IDF(t,d, D) = TF(t,d) x IDF(t, D)

Step 6: Statistical language models

In statistical natural language processing, the earliest idea was to model language
through probability by estimating the likelihood of a word appearing in a sequence
based on its preceding words. This led to the development of n-gram language mod-
els, which estimate the probability of a word sequence using the Markov assumption,

where each word depends only on the previous n — 1 words:

P(wt | wl:t—l) ~ P(wt | wt—n+1:t—1)

Example: For a unigram language model:

P(I love NLP) = P(I) - P(love | I) - P(NLP | love)

However, n-gram language models have their limitations, such as being unable to
capture semantic meaning; poor generalization, assigning zero probability for unseen
word combinations; and, as the value of n increases, the number of possible word
combinations grows exponentially, resulting in high computational cost and sparse

representations.

In parallel, another branch of statistical NLP focuses on text classification
tasks, such as identifying spam emails, sentiment polarity, or document topics,
rather than sequential next-word prediction. Traditional statistical classifiers use
fixed feature representations taken from text, such as Bag-of-Words (BoW) or TF-

IDF. Among these, Naive Bayes and Logistic Regression act as foundational
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baseline approaches, representing generative and discriminative modeling paradigms,

respectively.

1. Naive Bayes (Generative Approach)

One of the earliest statistical classifiers in NLP was Naive Bayes, which is based on
Bayes’ theorem. As a generative model, it estimates the joint probability of the text
features and the class label. To make computation feasible on high-dimensional text
data, the model relies on a strict conditional independence assumption—the
assumption that the occurrence of every word feature is entirely independent of any
other word given the class label.

For a document d represented by a set of features (words) wy,ws, ..., w,, this
independent assumption allows us to express the likelihood P(d|c) as the product of
individual probabilities:

n

P(U}th,...,’wn|C>:HP('LU1‘|C)

i=1
This assumption makes Naive Bayes computationally efficient for high-dimensional
text classification tasks. However, this assumption is unrealistic for natural language,

since words are highly dependent in reality.

2. Logistic Regression (Discriminative Approach)

As an alternative, Logistic Regression represents a discriminative approach that
directly models the decision boundary between classes rather than the data-generating
distribution. The model assigns a weight (/3;) to every input feature z;, such as word
counts or TF-IDF values. Given a feature vector z = (z1,2,...,2,), the model

computes a linear combination score (2):

2= PBo+ frx1 + foxo + - + Butn

where fy represents the bias term. To map this raw score from a real line (—oo
to +00) into a valid probability score between 0 and 1, Logistic Regression passes z

through the Sigmoid function:

Ply=1]2)=0() = ——

For multi-class classification tasks, this mapping is generalized using the Softmax

function.
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Limitations of Traditional Statistical Classifiers

When used with traditional vocabulary-based features, such as BoW or TF-IDF, both
Naive Bayes and Logistic Regression have systemic limitations. Because these feature
representations ignore sequential structure, the resulting classification systems can
not capture word order or contextual nuances. For example, consider the following

sentences:

« Sentence A: “The movie was not terrible, it was actually good.” (Positive)

« Sentence B: “The movie was not good, it was actually terrible.” (Negative)

When mapped to standard frequency vectors, both sentences contain same
features. Consequently, the classifiers treat them identically, completely missing
the contextual meaning. Additionally, it can not handle Out-of-Vocabulary (OOV)
words. If a document contains a synonym or a new slang word that did not appear
during the training phase. This limitation led us to move toward deep learning

approaches, which automatically learn meaningful representations from data.

2.1.2 Transition from Statistical NLP to Deep Learning

Despite classical NLP that required domain experts to manually engineer features,
deep learning introduced end-to-end representation learning, where the model auto-

matically learns the features directly from the raw text data.

Additionally, deep learning scales well with data and computation. By using
self-supervised learning, deep neural networks can train on massive, raw datasets
(like the entire internet) to build a foundational understanding of language, which

can then be fine-tuned for specific tasks.

Embeddings

One of the breakthroughs in deep learning for natural language processing was intro-
ducing distributed word representations, known as word embeddings. Embeddings
represent words as dense, numeric vectors in a continuous space that captures both
semantic relationships and contextual information. This means that words with

similar meanings are positioned close to each other in this multidimensional space.

The distance and direction between these vectors encode the degree of similarity
between words. The most famous example of this geometry is the relation between

the words "woman', "man", "queen" and "king":
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Vector('King") — Vector("Man") 4+ Vector("Woman") ~ Vector("Queen")

There are various models for generating word Embeddings. The two most popular
models are Word2Vec and GloVe.

1. Word2Vec

Word2Vec was developed by Google in 2013. This approach is built based on
two distinct architectures: Continuous Bag-of-Words (CBOW) and Skip-gram.

« Continuous Bag-of-Words (CBOW) Architecture

The core idea of this architecture is to predict a specific target word
based on its surrounding context words. To achieve this, the model maps
the high-dimensional one-hot encodings of the context words into their

corresponding dense vector representations.

Imagine a sentence like "The chef cooks delicious food." If the target
word is "cooks", the model looks at the surrounding words ("The", "chef",
"delicious", "food"). It takes the high-dimensional one-hot encodings of
these context words, maps them to their dense vector representations,
and averages them together to form a single hidden context layer. The
model then uses this averaged context vector to calculate a probability
distribution over the vocabulary and predict that "cooks" is the most likely

target word.

o Skip-gram Architecture

This architecture is exact opposite of CBOW. It predict the surrounding

context words given a single target word.

Using the same example, if the input target word is "cooks", the Skip-
gram architecture uses this single word’s vector to independently predict
the probability of finding "the", "chef", "delicious", and "food" within its
neighborhood.
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Input Output
REEE—— ~—>  The
By Output Input -

>—> Projection —». -_. Projection —<

delicious — \—> delicious
food —7 —  food

CBOW Skip-gram

Figure 2.3: Word2Vec Architecture Visualization

2. GloVe

Global Vectors for Word Representation (GloVe) was developed by Stanford
University in 2014. This approach is built based on co-occurrence statistics
to create word vectors, meaning analyzing how often words appear together

across the entire corpus.

GloVe builds a massive co-occurrence matrix X from the entire corpus, where
every entity X;; represents how many times a word ¢ appears in the context of

another word j.

However, GloVe, instead of looking at raw co-occurrence counts, focuses on the
ratios of co-occurrence probabilities. For example, for words "ice" and "steam",
the word "solid" has a high co-occurrence with "ice" but low with "steam".
The word "gas" has a high co-occurrence with "steam" but low with "ice". A
neutral word like water has a high co-occurrence with both. By analyzing these

relations, the model learns precise semantic directions.

GloVe solves this by training word vectors so that the dot product of any two

word vectors equals the logarithm of their global co-occurrence probability:

w, W; ~ log(X;)

To prevent highly frequent words (like "the" and "is") from dominating the
space, GloVe introduces a weighting function that reduces the influence of

massive counts while still giving meaningful weight to rare word pairs.
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The main difference is that Word2Vec learns from local context, updating word
vectors by predicting nearby words step by step, while GloVe learns from global
information by using global word co-occurrence counts from the whole dataset to
directly build the embeddings.

2.1.3 Neural Language Models and Pre-training Paradigms

In modern NLP, embeddings solve the representation problem by mapping tokens
into dense numeric vectors; the central challenge in natural language processing
shifts from word representation to learning meaningful structure. At this stage, the
key problem is no longer how to encode words, but how to enable a model to infer
syntactic structure, semantic relationships, and long-range dependencies directly

from raw text.

Modern NLP addresses this through a self-supervised learning principle, which
means learning language by predicting missing or future tokens. Rather than requiring
manually labeled data, models are trained on a massive corpus, using prediction tasks
that force them to learn general linguistic patterns before using them for specific
downstream tasks. This worked because the model predicts successfully only if the
model has learned useful internal representations of grammar, meaning, and discourse

structure.
Two main formulations for these modern architectures are the following:

« Autoregressive (Causal) Language Modeling: The model predicts each
token based on preceding tokens. If a sequence is x = (z1,x2,...,27), the

model predicts x; by using the probability chain rule:

T

p(x) = Hp(xt | 21, .., 1)

t=1

It forms the decoder-only models, e.g., GPT [12]. Since the model never
accesses future context, it learns representations that are naturally suitable
for coherent and fluent text generation. So GPT is literally implementing the

following:

T

p(response | prompt) = ] play | 1,22, 201)
t=N+1

e Masked Language Modeling: The input of this model is a sequence of

tokens with a hidden subset. The model is trained to recover the hidden
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subset using both left and right context. This bidirectional conditioning allows
the model to build better contextual representations of each token, making it
particularly effective for understanding tasks. This objective is commonly used

in encoder-only architectures, e.g., BERT.

If a sequence is x = (x1, T3, ..., x7), the model predicts x,; as follows:

p(xu | %) = [] plem |%)
meM
Where, x is the corrupted sequence where the chosen tokens have been replaced
by a special [MASK] token, and M is the set of indices representing the positions

of the masked tokens.

The masked language model looks at the entire corrupted sequence x all at

once (bidirectionally) to reconstruct the missing tokens.

After pre-training, models learn general linguistic patterns and can be adapted
to specific downstream tasks through fine-tuning or instruction-based alignment to
follow specific prompts for applications such as classification, question answering,

and reasoning systems.

2.2 Neural Architectures for Language Models

Section 2.1.3 describes how modern language models learn natural language structure
via next-token prediction. This section focuses on the development path leading to

large language models, particularly on autoregressive language modeling.

2.2.1 Feedforward Neural Language Models

A feedforward neural network is a multi-layer architecture in which information flows
only in one way, from the input layer through one or more hidden layers to the

output layer, without recurrent or feedback connections.

In feedforward neural language models, the input sentence is first tokenized, and
each token is converted into a continuous vector representation (word embedding).
Since these models operate on a fixed context window, a sequence of n tokens is
represented as the concatenation of their corresponding embeddings into a single

input vector .
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The input vector is then passed through one or more hidden layers, where the
model learns to capture non-linear dependencies between input features. Each hidden

layer typically performs two main operations:

o Linear transformation: the input is projected using a weight matrix W and

a bias vector b:

z=Wzx+0b

e Non-linear activation: to introduce non-linearity and increase the expres-

siveness of the network, an activation function such as ReLLU is applied:

a = ReLU(z) = max(0, z)

Without non-linear activation functions, the combination of multiple layers would
still result in a linear transformation, limiting the model’s capacity to learn complex
patterns.

Finally, the output layer produces a probability distribution over the vocabulary

using the softmax function:

P(w, | x) = softmax(hW, + b,)

Where h is the final hidden representation and W,, b, are the output layer
parameters. This distribution represents the model’s prediction for the next token

given the input context.

2.2.2 Recurrent Neural Networks

Recurrent neural networks (RNNs) remove the fixed-window constraint by processing
the sequence one token at a time while maintaining a hidden state h; that summarizes

all tokens seen so far:
hi = c(Whp hy—1 + Wep e + by) p(zy | x<y) = softmax(Wh, hy + b,) .

Since h; depends on h;_1, information can propagate across the whole sequence,
and the same parameters are reused at every time step. This recurrence makes
RNNSs a natural fit for the autoregressive objective, where h; can be interpreted as a

summary of the conditioning context z ;.
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In practice, training RNNs over long sequences causes vanishing and exploding
gradients, which happen during backpropagation through many time steps. As
gradients are repeatedly multiplied across the sequence, they can prevent learning of
long-range dependencies. As a result, standard RNNs struggle to capture relationships

between distant tokens.

Gated variants, such as the Long Short-Term Memory network (LSTM) and
the Gated Recurrent Unit (GRU), address this limitation by introducing gating
mechanisms that control the flow of information through the hidden state. These
gates regulate what information is retained, updated, or forgotten, allowing gradients
to propagate more effectively over long sequences and sequentially improving long-

term dependency modeling.

Two limitations persist even with gating. First, computation is inherently sequen-
tial, meaning the state at a position ¢ can not be computed before the state at t —1, so
training can not be implemented in parallel across the time dimension, which causes
the problem for long documents and large corpora. Second, all information must still
pass through a single hidden-state bottleneck, so preserving long-range dependencies
remains difficult. The idea of handling dependencies between arbitrarily distant
tokens, without forcing all information through one sequential channel, motivates

the attention mechanism.

2.2.3 The Attention Mechanism

Attention was first introduced to solve the limitation of recurrent encoder-decoder
models for sequence-to-sequence tasks such as machine translation. In these models,
the entire source sequence had to be compressed into a single fixed-size vector before
decoding. This created an information bottleneck so that many details of the input
could be lost.

Attention replaces that single summary with a mechanism that allows the decoder
to look at all encoder states directly and, at each step, decides which parts of the

input are most relevant and focuses more on them.

The mechanism scores the relevance between the current decoder state and each
encoder state. These scores are then normalized into weights «a;; that sum to one

and form a final context vector as their weighted combination:

T i h;
i =Y aijhy, Qi = TeXp(SCOI"e(S ])> ;
j=1 > p_1 €XD (score(si, hk))
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Where s; is the current decoder state and h; are the context representations.

This is a form of soft alignment that the model learns to focus on, which

positions instead of forcing the model to compress everything into a vector.

The attention mechanism also creates a direct connection between any two
positions in a sequence, independently of their distance. This removes the long-
range limitation of recurrent models and avoids the fixed-size bottleneck of earlier
architectures. Another key advantage is that these interactions do not depend on

step-by-step recurrence, so they can be computed in parallel.

This raises a key question that changed the direction of the field: if attention

alone can model long-range dependencies, is recurrence still necessary?

2.2.4 The Transformer Architecture

The Transformer answered that question by removing recurrence completely and
building the model from attention. Its main idea is self-attention, where every token
in a sequence looks to every other token (including itself) to build a context-aware
representation. To do this, each token is mapped into three vectors: a query, a key,
and a value. The queries are compared against all keys to produce attention weights

(how relevant they are), which are then used to combine the values:

Vdy,

The scaling factor y/dj. keeps the dot products in a numerically stable range. In

KT
Attention(Q, K, V) = SoftmaX<Q ) V,

addition, several attention operations are run in parallel as multi-head attention,
allowing different heads to capture different types of relations, such as syntactic

agreement or co-reference.

Since self-attention does not process tokens in a fixed order of their inputs,
the architecture uses positional encodings in the token representations to make
sequence order available to the model. Each layer also contains a position-wise
feedforward sub-layer for additional capacity, and the network is made deep and
stable through two components: residual connections, which add each sub-layer’s
input to its output (x + F'(x)) so that gradients flow through deep stacks without

degrading; and layer normalization, which stabilizes the scale of activations.
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Input from previous layer

skip path l/

e Multi-head self-attention
tokens exchange information
I Add
residual: x + F(x)
Layer norm
skip path l
—e Feedforward (position-wise)
each token processed alone
I Add
residual: x + F(x)
Layer norm ———> to next layer

Figure 2.4: Transformer block

The Transformer can also be used in different ways depending on how attention
is restricted. If each token is only allowed to attend to previous tokens, the model
becomes autoregressive, as in GPT. If tokens can attend in both directions, it becomes
a bidirectional encoder model, as in BERT [4]. An encoder-decoder setup combines
both ideas.

A key advantage of this design is that all tokens can be processed in parallel,
unlike RNNs. In addition, any token can directly interact with any other token in
a single step, no matter how far apart they are. This makes training much more
efficient and scalable, which is one of the main reasons Transformers work well on

very large datasets and form the basis of modern large language models [13].

2.2.5 Scaling Laws and Large Language Models

After the Transformer, large-scale training became possible, and the question of "How
does performance improve as models become larger and are trained on more data?"
became central. Kaplan et al. showed that the test loss of a Transformer language
model decreases as a smooth power law in three factors: the number of model
parameters IV, the size of the training dataset D, and the amount of training compute
C, as long as none of the three is the limiting bottleneck [14]. These relationships

indicate that performance depends more on overall scale than on architectural details.

Later research by Hoffmann et al. whose compute-optimal analysis (the Chin-

chilla result) showed that for a fixed compute budget, model size and the number
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of training tokens should be scaled in roughly equal proportion, on the order of
twenty training tokens per parameter, rather than growing the parameter count
alone [15]. Empirically, their 70B-parameter Chinchilla model, trained on more data,
outperformed the much larger 280B-parameter Gopher under the same compute
budget [15]. Scaling laws made model development more predictable: the loss of a
larger model can be estimated before committing resources to train it, enabling the

development of even larger systems.

Transformer-based models scaled to billions of parameters and trained on web-
scale corpora are referred to as large language models (LLMs) [12]. They
demonstrated abilities that were not present in smaller models, including in-context
learning, where the model learns from examples provided in the prompt without
any parameter update [12]; instruction-following [16]; and multi-step reasoning, such
as chain-of-thought prompting [17]. Some researchers describe these as emergent
abilities, although there is debate about whether they appear suddenly or are

influenced by the chosen evaluation criteria[18].

In-context learning and emergent reasoning enable an LLM to be treated not only
as a text predictor but also as a general-purpose reasoning component that can follow
instructions, decompose problems, and act on intermediate results. This capacity is
the foundation for the agentic and collaborative multi-agent systems investigated in
this thesis and motivates their application to legal argument mining, as developed in

the following sections.

2.3 Argumentation Mining

Argumentation Mining (AM) is a research field in Natural Language Processing (NLP)
that focuses on automatically identifying, extracting, and analyzing argumentative

structures from natural language text [3].

Argument Mining (AM) aims to understand how arguments are constructed and
how conclusions are justified through supporting evidence and reasoning [19]. This
process includes identifying which parts of a text are argumentative, what role each
argumentative component plays (e.g., premise or claim), and how these components

relate to one another (support or attack relation) [3, 20].

The field is based on argumentation theory. One of the important works in this
field is Toulmin’s work, which described arguments as claims supported by evidence

(data) through a warrant [21]. Toulmin claims that human arguing does not match
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mathematical reasoning in real life. Therefore, he proposed a practical model of how

arguments are structured. For example:

o The Claim (final state of argument, like conclusion):

"My grandfather should wear a hearing aid."

o The Evidence/Data (The facts and observed data which are the starting points):

"Over 70% of people over the age of 65 have documented hearing difficulties."

o The Warrant (logical bridge that connects the data to the claim):

"A hearing aid helps most people hear better."

( qualifier — probably )

Data — grounds Claim — conclusion
50
Over 70% of people over 65 have Y — My grandfather should wear

documented hearing difficulties. a hearing aid.
since  {_

Warrant — the bridge Rebuttal

A hearing aid helps most people (unless)
hear better. defeats the claim

because

Backing

supports the warrant

Figure 2.5: Toulmin’s model

Another important contribution comes from Walton et al. [22], who introduced
argumentation schemes, which are reasoning patterns that explain how premises
support claims. Walton identified more than 60 of these schemes. These theoretical

models provide the foundation for computational argument mining systems.

From a methodological perspective, argument mining is divided into sub-tasks as
follows [23, 19]:

1. argumentative component detection, which identifies argumentative from

non-argumentative text

2. component classification, which assigns roles to argumentative units, such

as premise or conclusion

3. structure or relation prediction, which identifies support and attack rela-

tions between components to reconstruct the overall argument structure.
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Despite significant advances, argument mining remains challenging due to the
ambiguity and implicit nature of arguments. One major difficulty is segmentation,
as argumentative boundaries do not always align with sentence boundaries; a single
sentence may contain both a premise and a claim [7]. A second challenge is relation
prediction, which requires contextual or domain-specific reasoning. These challenges
become more important in specialized domains such as law, where legal reasoning

involves implicit assumptions, reliance on precedent, and highly technical language.

2.3.1 Legal Argument Mining

Legal argument mining (LAM) is a subfield of argument mining (AM) that focuses on
extracting argumentative structures from legal texts such as court decisions, statutes,
contracts, and legal briefs [1]. Legal texts differ from general domain arguments; they
use highly formalized language, domain-specific vocabulary, and reasoning based on

legal rules, precedents, and evidential interpretation [5].

In legal reasoning, arguments are constructed from legal norms and factual circum-
stances, which may include implicit assumptions and references to prior case law. As a
result, legal argument mining aims to identify claims and premises but also to capture
legally interdependent reasoning structures, such as issue-rule-application—conclusion
patterns and precedent-based justification [24]. This makes the task more complex
than general argument mining since it requires understanding both linguistic structure

and domain-specific legal knowledge.

Existing research in legal NLP has focused on argument mining in judicial decisions
and legal case texts, showing that legal arguments can be computationally modeled;
however, some challenges remain due to the complexity of legal reasoning and the
frequent absence of explicitly stated argumentative relations. Recent neural and
transformer-based models have improved performance in identifying argumentative
components in legal documents; however, challenges remain in capturing implicit
reasoning and maintaining globally coherent argument structures across long legal
texts [3, 19].

In the literature, legal argument mining is usually decomposed into three funda-

mental, standard sub-tasks that form the core pipeline of most architectures:

e Argument Component Detection: Detecting argumentative sentences from

procedural, administrative, and descriptive passages within a judicial text.

e Argument Component Classification: Assigning each argumentative sen-

tence its role. The standard distinction is between conclusions, the final
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assertions or claims made by the court, and premises, the supporting evidence,

reasoning, or legal grounds.

e Relation and Link Prediction: Determining the structural relationships
between the argumentative components, such as premise supports, or attacks
on the conclusion, or premise supports or attacks on each other, resulting in a

directed argument graph.

These three are the traditional baselines in legal argument mining; however,
the Demosthenes corpus introduces deeper semantic layers that depend on its

underlying annotation frameworks, as discussed in Chapter 3.

2.3.2 Computational Approaches to Argumentation Mining

Over the last two decades, computational research on argument mining has developed
significantly, with improvements in natural language processing, including rule-based
systems, deep learning models, and, more recently, large language models (LLMs)
and agent-based architectures. This progress shows a shift from highly structured,

manually designed systems to more data-driven, practical approaches.

Rule-based and Early Linguistic Approaches

Early work in argument mining was mostly influenced by computational linguistics
and rule-based natural language processing. Argumentative structures were detected
using manually designed linguistic rules, syntactic patterns, and domain-specific
heuristics. To detect argumentative relations, systems relied on cue phrases (e.g.,

"therefore" and “because”), discourse markers, and manual grammar definitions.

Early computational approaches to argument mining modeled argument structures
using rule-based grammars and manually designed textual features to identify claims,
premises, and relations between argumentative components [1]. Similarly, early
research in the legal domain relied on symbolic representations and handcrafted

features to extract argumentative components from judicial texts [25].

Although these methods produced interpretable structures, they depended on
domain expertise and struggled with linguistic variation, implicit reasoning, and

cross-domain generalization.
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Classical Machine Learning Approaches

The next step in argument mining was supervised machine learning algorithms.
Instead of manually defining rules, these approaches treated argument mining as a
classification problem, classifying sentences or discourse segments [3, 19]. Feature
engineering remained vital, but features were now learned or statistically computed

from data.

Common models were support vector machines (SVMs), conditional random
fields (CRFs), and logistic regression classifiers [26, 7]. These systems were used
for sub-tasks such as argument detection, classification of premises and claims, and

prediction of relations between argumentative units.

One of the most significant limitations of these approaches was their dependency
on feature engineering and domain-specific preprocessing. While robustness im-
proved compared to rule-based systems, performance declined on data with different
writing styles or argumentative conventions. According to comprehensive surveys,

generalization is a significant challenge of this stage [3, 19].

Neural and Deep Learning Approaches

The development of deep learning has significantly advanced argument mining
research. Neural architectures learned distributed text representations without
requiring manual feature engineering. Early neural models used convolutional neural
networks (CNNs) and recurrent neural networks (RNNs), especially long short-term
memory (LSTM) networks, to capture sequential and contextual information in

arguments [6, 27).

However, transformer-based architectures became dominant with the introduction
of models such as BERT. Argument mining systems improve their performance by
using pre-trained language models. Fine-tuning pre-trained transformers became
the standard approach for tasks such as argumentative classification and relation

extraction [4, 6].

Neural models are effective in structured argument analysis, especially in domains
such as persuasive essays where argumentative components and relations are well-
defined [7]. Transformer-based models have also been successfully used in legal
argument mining tasks, where contextual understanding is essential due to implicit

reasoning and domain-specific language [5, 2].

However, some challenges remain. Deep learning models still struggle to capture



Chapter 2. Background and Related Work 23

global argumentative coherence and reasoning across multi-step structures, especially
when arguments rely on external knowledge [28]. This motivates research into hybrid

reasoning approaches and more structured architectures [28, 27].

Large Language Models and In-Context Learning

Large language models (LLMs) have introduced a new paradigm in argument mining.
Instead of training a classifier for a specific task, an LLM can be prompted to
perform argument mining by providing the task definition and, if needed, a few
labeled examples within its context window. This approach is called in-context

learning [29].

There are two main reasons why this approach works well in the legal field.
The first is the length of the document. Legal judgments are long, and their
argumentative chain spans many paragraphs. Encoder models like BERT can only
handle a few hundred tokens at a time, so they have to break legal texts into smaller
pieces, which means they lose the context of the argument. In contrast, LLMs
can process much larger sections at once, making it possible to consider an entire
line of reasoning as a whole. The second reason is data scarcity. Labeling legal
arguments requires expert knowledge; it is a slow and costly process. As a result,
available datasets are few, usually limited to a single area of law, and do not provide
enough examples to effectively fine-tune an encoder model [10, 30]. LLMs address

this problem because they can be used with little or no specialized training.

LLMs have been used throughout the argument mining pipeline for general appli-
cations, such as detecting argumentative components, classifying support and attack
relations between argument pairs, and reconstructing argument graphs using multi-
stage prompting [31]. In legal contexts, LLMs are applied to detect argumentative
sentences in the ECHR corpus [32, 30], are used to generate case-based arguments and
counterarguments based on specific argumentation schemes [33], and are prompted to
identify premises and conclusions based on the structure of legal syllogisms, showing
that organizing reasoning according to legal principles can improve the accuracy
and reliability of legal judgment predictions [34]. The most relevant work for this
thesis examines LLMs with few-shot prompting on three classification tasks in the

Demosthenes corpus, which is also used in this study [35].

The evidence on whether LLMs outperform supervised models is different. Eval-
uation of GPT models for argumentative classification on the ECHR corpus shows
results below a legal-BERT baseline [36], and similar findings have also been reported
on Demosthenes Alfieri et al. [35]. Recent surveys in the field agree that LLMs
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offer strong generalization and remove the fine-tuning bottleneck, but complex legal
reasoning remains a challenge, and domain-specific encoders remain competitive with
sufficient supervision [29]. In practice, this means there is a trade-off rather than a
full replacement. LLMs are useful when data is limited, but this comes at a cost to

task accuracy.

They are also highly sensitive to prompt design, so their performance depends on
how the prompt is worded and which demonstrations are chosen [35]. In addition,
these models are used for tasks that produce graphs; they can not offer structural
reliability [29].

Reasoning Strategies for a Single Agent

The following techniques help a single model think more effectively.

1. Reasoning and acting (ReAct). This approach combines reasoning (or
chain-of-thought) with actions. It allows a model to use external tools or take
intermediate steps during inference, then keep reasoning based on what it

observes [37] .

2. Self-reflection (Reflexion). This approach proposes a form of verbal rein-
forcement learning in which an agent reviews its own natural-language output,
stores the feedback in episodic memory, and uses it to guide future attempts.
The agent improves over time without changing its parameters. In this ap-
proach, a single agent revises itself through multiple iterations, rather than

relying on a group of agents [38] .

3. Self-consistency. This approach samples several reasoning paths and selects

the most frequent final solution via majority voting [39].

Multi-Agent Systems: Decomposition and Interaction

A multi-agent system (MAS) is a setup in which several LLMs, each with a distinct
role, prompt, and often a unique view of the shared state, cooperate to solve a task
together [9]. The main questions of MAS are not about how the model reasons, but

about how the problem is divided and how the parts communicate.

1. Decomposition into specialized sub-tasks. The main reason to use MAS
is to break down a complex problem into smaller sub-tasks. Each sub-task
is assigned to an agent with a specific prompt [9]. This approach has three

main benefits: First, each agent can focus on a single decision point. Second,
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intermediate results can be checked; if something goes wrong, it is easier to
find where the problem occurred. Third, agents can be improved or replaced
independently, which is useful for tasks that are already organized hierarchically,

such as legal reasoning.

2. Interaction paradigms. MAS mainly differ in how agents interact with each
other. In a pipeline (or cascade), agents are arranged sequentially, with each
using the output of the previous agent, and coordinate through the shared state.
In debate architectures, several agents propose their own answers and then
critique each other’s responses over several rounds, reaching agreement through
discussion rather than by ordering. In hierarchical (orchestrator—worker)
designs, a supervisor agent decomposes the task into sub-tasks, assigns them to
worker agents, and then combines their results. In blackboard architectures,
agents use shared memory to read and write information, coordinating by

updating the shared state rather than addressing each other directly [9].

Multi-Agent Systems in the Legal Domain

Multi-agent designs have recently been used in legal NLP, reflecting how legal work
is divided in practice, as in Sadowski et al. [40], which decomposes legal analysis
into verifiable intermediate steps, improving the transparency and consistency of
results. Another work, LegalGraphRAG, assigns specific roles to a researcher, an
auditor, and an adjudicator to support legal reasoning based on retrieved evidence
[41]. Additionally, L-MARS orchestrates agents for decomposition, retrieval, and
verification to improve the reliability of legal question answering [42]. Systems such
as LawLuo and ChatLaw show that multi-agent collaboration can simulate legal
consultation workflows and reduce hallucinations [20, 43]. And finally, AgentsCourt

models adjudication as an interaction between agents playing different roles [44].

2.4 Prompting Strategies for Complex NLP Tasks

Since our pipeline is based on prompting rather than fine-tuning, its accuracy depends
on how each sub-task is presented to the model. This section reviews the prompting
techniques used by individual nodes, as well as inference-time controls such as

sampling temperature and majority voting.
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2.4.1 Chain-of-Thought Prompting

Wei et al. [17] demonstrated that prompting LLMs with intermediate reasoning
steps significantly improves performance on complex tasks. Chain of Thought (CoT)
is a prompt engineering technique that encourages LLMs to generate step-by-step
reasoning before providing the final answer. Shifting the objective of the model from

predicting the final answer to predicting the reasoning path toward the answer.

2.4.2 Self-Consistency and Majority Voting

Self-Consistency, proposed by Wang et al. [39], is a prompting technique that
involves generating multiple reasoning paths and selecting the most frequent answer.
One decision-making method is Majority Voting. After generating a pool of diverse
outputs, the algorithm selects the final output based on the one that appears most

frequently among all generated paths.

2.4.3 Few-Shot Prompting and Domain Matching

Brown et al. [12] showed that LLMs can learn to perform a task from a small number
of demonstrations presented directly in the prompt, known as in-context learning,
without any parameter updates. However, the selection of demonstrations is not
neutral. Min et al. [45] found that examples from the same domain as the target
input perform better than generic examples. Since CJEU State-aid judgments use
specialized terminology, the demonstrations in this work are derived from the same
legal material. This choice helps align the model’s in-context expectations with the

reasoning patterns and language found in the judgments.

2.4.4 Decomposed Prompting

Khot et al. [46] showed that decomposing a complex task into simpler sub-tasks
with a specialized prompt can improve performance. Instead of asking an LLM
to solve a massive, complex problem all at once, which often leads to reasoning
errors or hallucinations, decomposed prompting introduces a decomposer (often a
specific LLM prompt or agent) that breaks the main problem into sequential or
parallel sub-problems. These sub-problems are then solved independently, sometimes
using specialized prompts, different models, or external tools, before their results are

integrated to form the final output.
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Materials and Methods

3.1 Dataset

3.1.1 The Demosthenes Corpus

This thesis evaluates a collaborative multi-agent system for legal argument mining
using the Demosthenes dataset [10]. The dataset contains manually annotated
legal documents with detailed argumentative structures, making it a suitable choice
to evaluate whether multiple agents can collaboratively identify and classify legal
arguments. The system is designed to model how specialized agents collaborate in

legal reasoning to reconstruct argumentative structures.

The Demosthenes dataset contains decisions from the Court of Justice of the
European Union (CJEU) about fiscal state aid law. It offers hierarchical annotations
of argumentative components, premise types, legal reasoning schemes, and their rela-
tionships, making it a strong benchmark for evaluating complex legal argumentation
tasks [10, 47].

27
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Sentence

Argumentative Non-argumentative
Premise Conclusion ‘
Legal Factual ‘
)
Argumentation schemes
‘ Rule ‘ Class Authority ‘
‘ Interpretation ‘ Principle Precedent ‘

Figure 3.1: Hierarchical Annotation of Dataset

3.1.2 Document Structure

Each CJEU decision is organized into distinct sections. This annotation looks
specifically at the Findings of the Courts sections, which detail all argumentative
steps leading to the final ruling [10]. The following sections are not included in the

annotation:

o Preamble: Party information, composition of the Court, and references to the

appealed judgment.
o (Case background: Facts and procedural history before the General Court.
o Judgment under appeal: Assessment of the General Court at first instance.

o Arguments of the parties: Submissions of the appellant, respondent, and

interveners.

o Costs and Ruling: Cost attribution and final orders, which merely repeat the

conclusion of each argument chain.

Annotation Schema

The dataset includes hierarchical annotations as follows:
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Level 1 — Argumentative elements. In the Findings of the Court section, each
argumentative sentence is labeled as a premise (<prem>) if it represents evidence,
legal rules, or interpretations that support a ruling. It is labeled as a conclusion

(<conc>) if it represents the court’s final decision on a plea or the whole case.

Level 2 — Premise type. Each premise is classified as follows:

o Type="F" (Factual): Denotes factual situations, events, or procedural aspects

of the case.

o Type="L" (Legal): Indicates legal content, including rules, precedents, and

interpretations of applicable laws and principles.

o Type="L|F" (Both): Integrates legal and factual aspects within a single sen-

tence.

Level 3 — Argumentation scheme. Each legal premise receives one or more
argumentation scheme labels, as defined in Table 3.1, when different types of reasoning

are present.

Table 3.1: Argumentation scheme labels and EU law signals

Label Walton Scheme EU Law Signal

Prec Arg. from Precedent References a prior ECJ case by name or citation
number

Rule Arg. from Rules Cites a treaty article, directive, or Steel Aid Code
provision

Itpr Arg. from Interpretation Interprets scope or meaning of a legal text or concept

Aut Arg. from Authority References an Advocate General opinion or expert
body

Class  Arg. from Classification  Classifies a situation under a legal category

Princ  Arg. from Principle Invokes legal certainty, proportionality, or legitimate
expectation

The original study indicates that the Itpr and Class scheme labels may be noisy
due to their low inter-annotator agreement (k = 0.46 and ~ = 0.00, respectively).
In contrast, the Prec, Rule, and Aut schemes are more reliable, as shown in Table
3.2. These addressed in the original study by introducing “Avgciape’ metric and

evaluation scheme classification, both with and without noisy classes [10].
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Table 3.2: Demosthenes argumentation scheme labels

Scheme Tag value Count TIAA (k)
Precedent S="Prec" 503 0.88
Rule S="Rule" 322 0.93
Interpretation S="Itpr" 296 0.46
Classification = S="Class" 56 0.00
Authority S="Aut" 53 0.79
Principle S="Princ" 15 0.43

Inter-annotator agreement (Cohen’s k) from Grundler et al. [10].

Level 4 — Link. A link (p,c) is annotated when a sentence p gives a direct,
single-step reason for or against sentence c. Indirect or transitive relations are not
valid links. Link relations are classified as Support (<sup>) if p supports ¢, and
Attack (<att>) if p directly contradicts or refutes c. These relationships can be

between premises or between a premise and a conclusion.

attack or support

Premise A Premise B
Legal, rule scheme
J

N
support attack

=

Factual

Conclusion

Target node

Figure 3.2: Links between Argumentative components

3.1.3 Dataset Usage in the Proposed System

Each legal document is divided into sections (argumentative chains) based on the
"Findings of the Court" referred to in Table 3.3 and provided to the agents as
raw legal text to prevent information loss from long documents. This approach helps
agents focus on smaller legal contexts and reduces the risk of missing information

during reasoning.

Because the dataset includes annotation labels, a preprocessing step is performed
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before inference. Original argumentative annotations are removed to prevent infor-
mation leakage and ensure agents make independent predictions. As a result, agents

receive only the legal text, without gold labels.

During execution, agents collaborate to analyze each argumentative chains. They
identify argumentative sentences, determine whether each is a premise or conclusion,
classify premises as factual or legal, assign legal argumentation schemes to legal
premises, identify argumentative links between related sentences, and save all results
in JSON format.

During evaluation, the gold annotations are extracted from the original dataset
and stored in a structured JSON format, as shown in Table 3.4. The system outputs

are then compared with these gold files to measure performance.

Table 3.3: The ten CJEU State-aid judgments in the evaluation set. A = appeal
decision, R = rejection decision.

Document Argumentative chains

A2017_Ellinikos Chrysos AE Metalleion kai Viomicha- 3
nias Chrysou v European Commission

A2018  Commission v Spain 4
A2018 Scuola Elementare Maria Montessori Srl v Eu-

ropean Commission

R2002 Associacao dos Refinadores de Acticar Por- 7
tugueses

R2004__Daewoo Electronics Manufacturing Espania SA 3
and Territorio Histérico de Alava

R2004_Ramondin SA and Ramondin Capsulas SA (C- 2
186_02 P) and Territorio Histérico de Alava

R2010 AceaElectrabel Produzione SpA v European 6
Commission

R2011_ European Commission v Kronoply GmbH & 2
Co

R2013_Telefénica SA v European Commission

R2016_ Orange v European Commission
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3.1.4 Corpus Statistics

Table 3.4 presents the statistical details regarding the structure of the documents

analyzed in this thesis [10]:

Table 3.4: Dataset composition

Element Count
Documents (CJEU decisions) 10
Total sentences 1,040
Argumentative sentence 612
Premises (<prem>) 570
Conclusions (<conc>) 42
Factual premises (F) 385
Legal premises (L) 213
Scheme: Precedent (Prec) 113
Scheme: Rule (Rule) 87
Scheme: Interpretation (Itpr) 63
Scheme: Classification (Class) 13
Scheme: Authority (Aut) 16
Scheme: Principle (Princ) 3
Support link (sup) 559
Attack link (att) 21

Several structural properties of the corpus are important for pipeline design

decisions:

o (lass imbalance between premises and conclusions: The ratio of premises to con-

clusions is approximately 14:1. Conclusions are a small part of argumentative

sentences.

o More factual premises than legal premises: The ratio of factual to legal premises

is approximately 1.8:1.

o Scheme distribution is heavily skewed: Prec (113) and Rule (87) together

account for over 67% of all scheme annotations, while Princ (3) is underrepre-

sented. This distribution shows the class imbalance challenge described in the

original paper.
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3.1.5 Inter-Annotator Agreement and Label Reliability

The original paper reports inter-annotator agreement based on 14 documents anno-
tated by two legal domain experts and addresses conflicts with a third expert [10].

The agreement scores are:

« Argumentative element detection (prem/conc vs. non-argumentative):

Cohen’s k = 0.95 — almost perfect.

« Argumentative classification (prem vs. conc, given both annotators agreed

the sentence is argumentative): x = 0.86 — strong.

« Type classification (F vs. L): k = 0.87 (F) and x = 0.82 (L) — strong for
both.

» Scheme classification: varies widely by class; k = 0.93 (Rule) and x = 0.88
(Prec) are reliable; k = 0.46 (Itpr) and x = 0.00 (Class) are not.

These agreement scores set a human performance ceiling for each sub-task. Results
within 5 to 10 points of these ceilings are considered competitive. However, results
that get close to the ceiling for the noisy Itpr and Class schemes should be viewed

with caution.

3.1.6 Limitations

Although Demosthenes is suitable for evaluating legal argument mining systems,
the dataset only focuses on fiscal state aid cases from the CJEU, limiting domain
diversity. As a result, the proposed system is evaluated within a small legal domain,
and its performance in other areas of law (e.g., criminal or contract law) can not be

directly inferred from the current experiments.

3.2 LLM and Embedding Setup

3.2.1 Orchestration Framework

The multi-agent pipeline is implemented in Python with LangGraph (version 1.2.5),
a graph-based framework for designing stateful multi-agent LLM applications [11].
LangGraph handles agent interaction through a typed shared state, conditional
routing between nodes, and explicitly defined dependencies in the execution graph.
This structure ensures that each agent receives only the information it needs from

earlier stages.
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The pipeline consists of five specialized LLM agents plus a rule-based critic node

as follows:

« Node 1 — Argumentative Sentence Detection (Section 4.4.1): Segments
the raw text into argumentative propositions and labels each as argumentative

or non-argumentative.

« Node 2 — Role Classification (Section 4.4.2): Assigns each argumentative

component the role of premise or conclusion.

« Node 3 — Premise Type Classification (Section 4.4.3): A multi-label
task assigning each premise the type factual (F), legal (L), or both (FL).

« Node 4 — Argumentation Scheme Classification (Section 4.4.4): A
multi-label task assigning each legal premise one or more of six schemes (Rule,
Prec, Itpr, Class, Aut, Princ).

« Node 5 — Link Detection (Section 4.4.5): A two-pass agent predicting
directed support and attack relations, first from premises to each conclusion

and then among premises.

« Node 6 — Structural Critic (Section 4.4.6): This rule-based checker
identifies issues in the argument graph. It does not use any LLM calls and, in

its final setup, works only as a diagnostic tool.

Each agent is an independent node within a directed graph. This modular design
makes the system flexible, allowing nodes to be inspected, adjusted, or replaced
without affecting the rest of the pipeline. The design also provides process-level fault
isolation. For example, if one node produces a malformed output or an API fails,
the pipeline does not crash. However, classification errors can still pass through
the shared state to later stages. This issue is measured separately in Chapter 5 by

comparing cascaded and isolated evaluations.

At each step, the pipeline produces intermediate outputs as structured JSON
objects with a fixed schema. This approach makes the reasoning process clear, easy to
review, and comparable to gold-standard annotations. It also supports the node-level
evaluations in Section 4.7, where each node can be tested in isolation on ground-truth
inputs and produce outputs in the same format as the full pipeline. This allows for

reliable comparisons across different experiments.
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3.2.2 Language Model Configuration

All agents in the pipeline use a large language model (LLM) accessed through the
OpenRouter API with an OpenAl-compatible interface. The current setup uses a
large model Gemini Pro 3.1 ("google/gemini-pro-latest”) and an open-weight model

Gemma 4-26B ("google/gemma-4-26b-a4b-it") as the main reasoning engine.

The system uses the same temperature settings (T'emperature = 0.0), based on a
preliminary test on document 1 (42008 Commission of the European Communities
v Salzgitter AG). Initially, implementing 3-run majority voting at temperature
0.3 for the more challenging classifications (premise type (Node 3) and scheme
classification (Node 4)). However, at temperature 0.3, running Document 1 twice
yielded inconsistent results: one run failed to assign both L and F' labels to certain
sentences, while the other assigned both labels correctly. Similar instability occurred
with scheme classification. At temperature 0, a single deterministic pass consistently
identified F'L correctly.

FL and the minority schemes lie on the model’s decision boundary. At tempera-
tures above zero, these challenging cases become nearly random results across runs.
Majority voting resolves disagreements by selecting the most common label, which
often eliminates the rare correct label rather than preserving it. As a result, voting

reduced performance instead of supporting it.

The architecture is designed to be model-agnostic. Since all communication is
performed through a single API interface, the underlying model can be replaced
(e.g., GPT, Claude, or other OpenRouter-supported models) without changing the

pipeline logic.

3.3 Evaluation Methodology

3.3.1 Schema Alignment Between Demosthenes and Our
Pipeline

Table 3.5 shows how the Demosthenes annotation schema matches the output schema
of each pipeline node. However, since the IDs of the pipeline’s predicted sentences
do not match the gold IDs, the system uses Intersection over Union (IoU) to
compute similarity between predicted and gold text. If the score is > 0.6, they are
considered to be the same semantic component, and the predicted unit is assigned
to the ground-truth ID.
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| Tokenspreq M Tokensgoq|

Overlap Score =
P | Tokenspreq U Tokensgoq|

Table 3.5: Mapping between the Demosthenes annotation schema and our pipeline
node outputs.

Node Task Demosthenes label Our label

1 ARGDETECT <prem> / <conc> / unmarked is_argumentative =
True/False

2 PrREM/CONC <prem> vs <conc> role = ‘'prem" |/
"conc"

3 F/L/FL T="F" / T="L" / T="L|F" premise_type =F/L/
FL

4 SCHEME S="Rule" |"Prec"|... (multi-label) premise_scheme =
List[scheme]

5 LinkDETECT SUP="ID', ATT="ID" has_link, link_type

6 Critic n/a CriticNote list

3.3.2 Evaluation Protocol

The proposed pipeline is evaluated using the annotated dataset described in Section
3.1. Each argumentative chain is processed through the multi-agent pipeline in
cascaded and isolated ways, and the predicted outputs are compared with manually
annotated ground-truth labels. The system is evaluated in zero-shot and few-shot

prompting; no training phase is applied.

To examine error propagation, the system is evaluated in three scenarios:

1. Pipeline scenario 1: Error propagation occurs when upstream errors affect

downstream tasks. For example:

« A missed legal premise (F'N): If the pipeline misses a legal premise,
it can not assign a role, type, or scheme. As a result, a single upstream

error can cause four downstream errors, showing error propagation.

A hallucination (FP): If the pipeline predicts an argumentative premise,
but there is no matching gold segment. This false detection counts as F'P

for the argument and role.

2. Pipeline scenario 2: Without error propagation, each task is evaluated only on

sentences correctly predicted by the upstream component.
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« Agent 2 (role: prem/conc): Consider only sentences that are TP. A
TP is a sentence that is argumentative in both the gold data and the
pipeline prediction of Agent 1.

o Agent 3 (type: F / L): Consider only sentences that are premises in
both the gold data and the predictions of Agent 2.

« Agent 4 (scheme): Consider only sentences that are legal in both the
gold data and the predictions of Agent 3.

« Agent 5 (link: sup/att): Consider only edges where both endpoints

are TP nodes.

The performance difference between scenarios 1 and 2 reflects the cost of error

propagation.

3. Isolated: each node is evaluated on its own. The gold data are used as input,

while the output is stored in the same format as in the full pipeline.

3.3.3 Performance Metrics

Performance is evaluated using the Fj score with four different settings: (1) micro-F}
is calculated per document, (2) macro-F] is calculated per document, (3) micro-F;
is calculated over the pooled set of all documents, and (4) macro-F} is calculated

over the pooled set of all documents.

Precision x Recall

Fi=2
! % Precision + Recall
Where,
TP TP
PT@C’iSiOn = W, Recall = m (31)
where,

o True Positive (T'P): a gold segment aligned to a predicted sentence with

"1s__argumentative = True”.

 False Positive (F'P): a predicted sentence with ”is_argumentative = True”

is not aligned to any gold segment.

 False Negative (F'N): a gold segment that is either (i) aligned to a predicted
sentence with ”is__argumentative = False”, or (ii) not aligned to any predicted

sentence at all.
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o True Negative (T'N): a predicted sentence with "is_argumentative = False”

that is not aligned to any gold segment.

3.3.4 Textual Alignment: Mapping Predictions to Gold IDs

During segmentation, the model often changes punctuation, removes annotation
artifacts, or slightly rephrases the text. This can cause predicted units to not be
matched to gold units by exact string comparison. To address this, each candidate
pair is first normalized by converting to lowercase, removing accents and punctuation,
and collapsing whitespace. Then, two complementary similarity measures are used
to score them. The first, token set comparison by Intersection over Union (IoU),
is the Jaccard index of the two token sets:

IoU — | Tokensreq N Tokensgq|

| Tokenspreq U Tokensgola|

Second, a character-level comparison by sequence-similarity ratio, seq(:,-) €
[0,1]. Tt is based on the longest matching contiguous subsequences between the two
normalized strings and assigns higher scores to nearly identical wording, even if a

few tokens differ. The final alignment score is the higher value of the two measures:

Score(pred, gold) = max (IOU, seq(pred, gold)).

In each section (argumentative chain), predicted sentences are matched to gold
sentences one at a time, starting with the highest-scoring pair. If a pair has a
Score > 0.6, it is considered the same semantic unit, and the predicted sentence is
assigned the matching gold ID (for example, A1, A3bis, or B7). Predicted sentences

that do not meet the threshold remain unaligned and can not be a correct link.

3.3.5 Directed Edge-Set Evaluation

After predictions and gold data use the same ID space, each relation is shown as
a directed edge A — B. Here, A is the sentence that supports or attacks, and B
is the target sentence. Both gold annotations and model predictions follow this
format and are stored as sets of (doc, source_id, target_id) tuples. These are
grouped by document to prevent ID overlap between documents. The direction of
each edge matters, so A — B and B — A are treated as different. No graph-level
reasoning, such as cycle detection or transitive closure, is used. The support and

attack relations are checked as two separate sets of edges.
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Edge-level confusion matrix. When comparing the predicted edge set to the

gold edge set, the following results are given:

o True Positive (TP): an edge A — B present in both the predicted and the
gold sets.

« False Positive (FP): a predicted edge A — B that is not in the gold set.
This includes hallucinated links, links to the wrong unit, reversed-direction
links, and transitivity shortcuts, such as predicting A — C' when the gold data
only includes the intermediate steps A — B — C.

» False Negative (FIN): a gold edge A — B that is not in the predicted set,

such as a direct relation the model missed or predicted in the reverse direction.

Link detection is scored with TP, F'P, and F'N. The number of T'N sentences
does not count because the number of possible non-edges grows dramatically with

the number of units and can not be enumerated.



Chapter 4

Implementation

The system is a multi-agent LLM pipeline for Legal Argument Mining (LAM) using
a directed graph structure to enable information sharing between specialized agents.
The task is decomposed into five sequential sub-tasks, based on the Demosthenes
corpus [47]. Each task is assigned to a specialized agent (node), and the structure
is verified by a rule-based critic agent, as shown in Figure 4.1. This thesis involved
ensuring that a sequence of LLM calls per document section could run reliably,
deterministically, and reproducibly via hosted model APIs. It also involved building
an evaluation setup that allows the same predictions to be evaluated in different

scenarios, as shown in Chapter 5.

‘ Section plain text

Argumentative detection
T1 - which sentences argue

)

Premise / conclusion
T2 - assign role

!

Premise type
T3-F/L/FL

!

Argumentation scheme
T4 - Rule, Prec, Itpr ..

J

Link detection
T5 - two-pass, in-section

J

Critic agent
rule-based consistency

J

‘ Argument graph ‘

() LLM node (T1-T5) () rule-based O input / output

Figure 4.1: Legal Argument Mining Pipeline Nodes

40
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4.1 System Overview and Development Environ-

ment

The system was implemented in Python using Google Colab notebooks. All
intermediate results, such as pipeline outputs, per-document metrics, and unified
prediction tables, were saved to cloud storage. This allowed long-running experiments

to be interrupted and restarted later. The final implementation uses three notebooks:

e Thesis_pipeline.ipynb: the main few-shot pipeline, which includes agent
definitions, LangGraph orchestration, the cascaded corpus driver, and the

isolated-node runners.

e zero_shot_pipeline.ipynb: a version of the same pipeline where all exam-

ples are removed from the prompts (Section 4.6).

o evaluation_scenarios.ipynb: the scenario-based F'l scorer that uses the

unified prediction tables to produce the results reported in Chapter 5.

Two main groups of components support the implementation. Orchestration
is managed by LangGraph, which designs the pipeline as a typed state graph.
The nodes are specialized agents, while the edges define the control flow, such as
early termination for unrecoverable errors. Model access is provided through the
OpenRouter gateway using the OpenAl-compatible chat-completions interface.
This configuration allowed switching between the evaluated models, Gemini and
Gemma, by changing only the model identifier without modifying prompts or

orchestration code.

4.2 Data Preparation

As explained in Section 3.1, all experiments use the Demosthenes corpus, which
contains decisions from the Court of Justice of the European Union (CJEU) for fiscal
state aid law. In this thesis, a set of ten judgments was selected from both appeal
(A-prefixed) and rejection (R-prefixed) decisions from 2002 to 2018 (see Table 3.3)

[47]. Each judgment was prepared in two parallel representations:

Clean input files. Each document has one JSON file with the plain text of each
section in reading order (sections — section_k — plain_text), with all

annotations removed. These files are the only input the pipeline uses.
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Structured gold files. Each document also has one JSON file with gold anno-
tations for every argumentative segment. This includes its ID, text, role
(prem/conc), premise type ( F, L, or the multi-value F|L mapped to FL), legal

argumentation schemes, and its support (sup) and attack (att) relations.

The gold data uses two representational conventions that require handling in the
code. First, premise types are stored as a pipe-separated field. A mapping function
reduces {F} — F, {L} — L, and mixed set to FL as shown in Table 3.4. Second,
and more importantly, the gold link annotation. Fach sentence lists the IDs of the
sentences that support or attack it, while the pipeline predicts directed edges from
source to target. As a result, the final parser converts the gold annotation into a set
of explicit directed edges {(p,e) : p € sup(e)} for each section. This ensures that
both the gold and predicted links use the same directed format before comparison,

as explained in Section 3.3.5.

All processing is done at the section level. As explained in Section 3.1.3, giving
the model a whole judgment at once goes beyond practical token limits and makes it
more likely to lose important information in the middle. Sections are the natural
argumentative units in a CJEU decision, such as a plea, a part of a plea, or an admis-
sibility discussion. Gold links in Demosthenes also do not cross section boundaries.
For this reason, each part of the pipeline works on one section at a time and starts

with a fresh state for each.

4.3 Agent Orchestration Architecture

The pipeline state is a TypedDict AgentState object shared by all nodes. It has the
attributes shown in Table 4.1.
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Table 4.1: Attributes of the LangGraph State definition (AgentState).

Attribute Type Description

document_id  str Unique document identifier

raw_text str Input judicial text

sentences List[dict] Sentence records accumulated across Nodes 1-4

(detection, role, type, scheme)

links List[dict] ArgumentLink records written by Node 5

critic_notes List[dict] Active Critic Note records written by Node 6 that
the graph is trying to resolve

error Optional[str] Error message; triggers routing to END when set

retry_count int The refinement loop acts as a circuit breaker; it

stops the process when a set limit is reached, help-
ing prevent endless refinement loops.

audit_log List[dict] Unresolved notes that hit the retry limit are
recorded here instead of being dropped silently

The graph is structured as a linear pipeline with six nodes, as shown in Figure 4.2.
Each step between nodes uses a conditional edge controlled by a should_continue

check. If a node logs an error in the shared state, the pipeline responds differently.

The two structural nodes, argumentative detection and premise/conclusion clas-
sification, use a fail-fast strategy. If the model output can not be parsed, the node
logs an error in the state, and the router sends execution to the END. Because later
stages rely on these identified sentences and their argumentative roles, the pipeline

can not continue without them.

In contrast, the three downstream nodes, such as premise type and legal scheme
classification and link detection, use a fail-soft strategy. If a response is malformed,
the error is caught and logged as a warning, and the affected argumentative unit does
not get that specific annotation. In this way, a failure only affects one argumentative
unit instead of stopping the whole document’s processing, so incomplete annotations
can be reviewed and fixed later. Empty responses and API errors are retried within
a fixed budget, with exponentially increasing wait times before an error is finally
raised. However, if a response is malformed but non-empty, it is not retried: the
retry logic checks only for emptiness and transport errors, so an unparseable response
passes through and is handled by the node’s fail-soft catch, which logs a warning

and leaves the affected unit unannotated.
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Section text
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Argument detection
node 1 - arg / non-arg
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Role
node 2 - prem / conc
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Figure 4.2: Multi-Agent Architecture based on its input dependency

4.4 Node Implementation Details

Each agent generates a specific system prompt, makes one or more LLM calls as
shown in Table 4.2, parses the JSON response, and writes its predictions to the shared
state. All calls in the final configuration use a temperature of 0 (see Section 3.2.2
for details). The prompts are based on class definitions and developed through
an iterative prompt-engineering process in this thesis. The following paragraphs

summarize the final version of each prompt.

Table 4.2: LLM call complexity per pipeline node (per section).

Node Task LLM Calls

1 Argumentative detection 1

2 Prem/Conc classification 1

3 Type classification (F/L/FL) 1

4 Scheme classification 1

ba  Link detection: prem—conc (one call per conclusion) C

5b  Link detection: prem—prem (single batched call) 1

6 Critic agent 0 (rule-based)
Total C+5

For Node 5, the total number of API calls is given by C + 1[|P| > 2], where C'is

the number of conclusions and | P| is the number of premises. If a section contains
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no premises, the "detect_links" function terminates immediately, resulting in zero
calls. If it contains exactly one premise, the second pass contributes zero calls instead
of one. Consequently, in the standard scenario where a section contains at least two

premises, the expression simplifies directly to C' 4 1.

4.4.1 Node 1: Argumentative Sentence Detection

The first agent takes the raw section text and, in a single pass, both segments it
and labels each resulting unit with a binary is_argumentative flag. Segmentation
is performed at the level of argumentative propositions instead of grammatical
sentences, since one sentence can often have more than one argumentative role. The

prompt is guided by three main rules as shown in Appendix Prompt A.1:

« Proposition-level splitting. A single sentence can have two argumentative
parts with different roles, usually a premise followed by a conclusion, so it
should be split in these cases. However, it should never be split into two parts
with the same role. This rule was added after early tests showed that splitting
only by sentences did not work well, as seen in the A2008 Commission of the

FEuropean Communities v Salzgitter AG document and the following example:

“In light of the response to the first limb of the first plea, it must be
held that the second limb of that plea is unfounded [...], and that the

second limb must therefore be rejected.”

A segmenter that splits by periods would keep this as one unit, but it actually
contains two roles: the finding “the second limb [...] is unfounded” (a premise)
and the verdict “the second limb must therefore be rejected” (a conclusion).
Splitting at the proposition level separates these into a PREM and a CONC. To
avoid the opposite problem—splitting a single long premise into two premise

fragments—a rule forbids splitting parts with the same role.

e Scope. Only the Court’s own reasoning counts as argumentative. Sentences
that just report what the parties or the Commission said are considered context
and should be left out. This follows the corpus’s annotation policy and was

the most effective way to reduce false positives (F'P).

o« Component definitions. Premises are evidence, rules, or interpretations used
to justify a ruling, while conclusions are the claims that follow. Legal inter-
pretations used to justify a rejection are considered premises, not conclusions.

These components are defined for better splitting.
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4.4.2 Node 2: Premise/Conclusion Classification

Role classification in this thesis uses the DISPOSE/DESCRIBE test. The prompt is
guided as follows, as shown in Appendix Prompt A.2:

o A sentence counts as a conclusion only if it disposes of an argumentative unit
by formally closing a plea, limb, or ground of appeal with a verdict, such as

"must be rejected,” "must be set aside,” or "cannot succeed.".

o A sentence that describes a legal position, fact, or consequence is considered a

premise, even if it sounds conclusive.

e The prompt tells the model not to rely on words like "consequently," "therefore, "
or "it follows,”" since these appear in both conclusions and premises. An
annotated example with three sentences shows that a sentence starting with
"consequently” can still be a premise if it states a consequence regarding a
party’s legal position rather than a verdict. This test is designed to address
the main mistake in naive prompting, in which every sentence started with

those specific words is marked as a conclusion.

The last rule focuses on a common mistake in naive prompting, where any sentence
starting with a certain marker is labeled as a conclusion. The prompt includes a

three-sentence example to show this problem clearly.

[1] “The aid falls under Article 4(c) CS.” — prem

[2] “Consequently, Germany cannot rely on an authorisation under Article
67 CS.” — prem

[3] “Therefore, the plea must be rejected.” — conc

Although both [2] and [3] begin with deductive markers, [2] outlines a consequence
for a party’s legal position and should be classified as a premise. In contrast, only
[3] resolves the plea with a verdict. It is the logical action of the sentence, not just
the cue word. Previous versions of the prompt relied primarily on cue words and
often produced too many conclusions. The Dispose/Describe test was added to fix

this issue.

4.4.3 Node 3: Premise Type Classification (F/L/FL)

Premises are labeled as factual (F), legal (L), or both (F'L) using a single main test,
as shown in Appendix Prompt A.3: “Is the sentence asserting something specific to

this case, or stating a general legal norm that holds beyond it?”
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o If a sentence names a specific party and uses phrases such as “the aid”, “the

decision”, or “this plea” signals factual (F).

o If a sentence could appear in a legal textbook without a case context, it is legal

(L).

o There are two important exceptions that make this task more challenging, and

the prompt explains them using a minimal pair based on the same article:

1. Exception 1: Mentioning a legal article does not make a sentence legal

if the article only points to a case-specific finding.

“The aid fell within the scope of Article 4(c) CS.” — F  (the
article only locates the finding)

2. Exception 2: Naming an institution does not make a sentence factual if

it states a general interpretive rule.

“Article 4(c) CS prohibits aid in any form whatsoever.” — L  (a

general norm)

Both examples mention “Article 4(c) CS” but the function of the reference is

different in each case.

o The mixed class (FL) is rare and used only for sentences in which both a
general rule and its application to a specific fact are essential. For example, in
the below sample where a general prohibition and its specific application are

both essential:

“Given that Article 1 prohibited all steel aid, the Commission could
not withdraw the 1971 Decision.”

4.4.4 Node 4: Argumentation Scheme Classification

Scheme classification is used only for legal and mixed premises (L/F L) following the
corpus’s annotation policy [10]. There are six multi-label schemes: Rule, Prec, Itpr,
Aut, Class, and Princ, as shown in Table 3.1. The prompt uses an ordered decision
rule to address the main confusion that occurred during development, especially the

distinction between Rule and Itpr, as shown in Appendix Prompt A.4:

1. If a sentence names a specific article, treaty provision, or code, including
sentences that derive consequences from a named provision, it is always labeled

as Rule.
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2. If it cites a specific past case by name or number, Prec is also added (so a

sentence can be both Rule and Prec).
3. An interpretation without a named legal source is labeled as Itpr.

4. Aut, Class, and Princ are checked separately, based on their typical signals:
phrases like "as the commission submits," classification under a legal category,

and mention of a named general principle, respectively.

The most difficult distinction to make was between Rule and Itpr. The key test

is whether a specific legal source is named:

“It follows from Article 305(1) EC that the EC and ECSC Treaties are
independent.” — Rule  (derives from a named article)
“The ECSC Treaty does not distinguish between new and existing aid.” —

Itpr (interpretation with no named source)

This criterion was developed through several revisions. At first, Itpr was defined
as an interpretation that "goes beyond the literal text" of a provision, but this
overlapped with Rule whenever an article was mentioned. The final version defines
Itpr as an interpretation without a named legal source and sets a clear rule: if any
specific article is named, it counts as Rule, not Itpr. This made the distinction

clearer.

4.4.5 Node 5: Two-Pass Link Detection

Link detection is the most challenging part of the pipeline. The design choice is based
on the structure of the argument graphs in the corpus. There are three main features:
(1) The number of premises is more than conclusions; (2) the graphs are very sparse,
with only 2% to 4% of all candidate pairs actually linked; and (3) the links between
premise and conclusion are directional, meaning premises always support or attack
conclusions. These three factors guide the design described below. It works in two

passes for each section, as shown in Appendix Prompt A.5.

Pass 1 (anchor-based premise—conclusion). Each conclusion acts as an anchor.
The agent gets one conclusion along with all the premises in the section and must
judge each premise as a possible direct supporter or attacker. For each premise, it
gives a verdict, a short chain-of-thought reasoning, a type (support/attack), and a
confidence level. Focusing on one conclusion at a time keeps the process efficient and

allows the model to reason about a single target.
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Pass 2 (premise—premise chains). All ordered pairs of premises in the section

are checked together for serial-support chains and collective support.

Both passes follow three rules as follows:

o Directness. A link must be made in a single reasoning step. Transitive links
are not allowed. For example, if 1 —2 and 2— 3, the edge 1 — 3 can not be

added unless premise 1 directly supports premise 3.

o Collective support, where several premises together support a target, still

counts as one step.

e Direction and default-to-false. Edges always run from premise to target,
never the other way around. The prompt makes it clear that most premise-
conclusion pairs are not linked, helping to prevent the model from forming too

many links.

o Confidence. Links are rated by the type of textual evidence. Explicit sig-
nal words indicate high confidence, implicit but clear logic indicates medium,
and just topical similarity indicates low. In the premise-to-premise pass, low-
confidence positives are removed during parsing to avoid adding speculative
links, but premise-to-conclusion links are considered regardless of their confi-

dence.

In the few-shot configuration, each pass includes a selected block of examples
from A2008 Commission of the European Communities v Salzgitter AG document,
which is not included in the evaluation set, as shown in Few-Shot Prompt A.6. The
examples show not only positive support and attack cases but also mention the two
main failure types seen in early tests: the transitivity trap, where a premise links to
a distant conclusion across missing steps, and independent rules, where two legal

norms on the same topic have no deductive link.

The directness rule addresses a failure mode from early tests called the transitivity
trap. In this situation, the model connects a premise to a distant conclusion
and skips intermediate links. The prompt shows this as a negative example from

A2008 _Commission of the European Communities v Salzgitter AG document:

Premise: “The Commission had knowledge of Salzgitter’s aid since the
end of 1988 through annual reports submitted to it.”
Conclusion: “The cross-appeal must therefore be dismissed in its entirety.”

Expected: has_link = false.
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In the few-shot configuration, the link detection is implemented with a block of
examples from A2008 Commission of the Furopean Communities v Salzgitter AG

document as shown in Appendix Prompt A.6.

4.4.6 Node 6: Critic Agent

The final node is a rule-based structural checker. It verifies graph-level correctness

properties as follows:

e Orphan premises: A premise that is the source of no active link.

« Unsupported conclusions: A conclusion that is not supported or attacked

by any premise.

o Contradictory links: The same ordered pair predicted as both a support
and an attack edge. This is the only check that was raised as an error rather

than a warning.

o Low-confidence links: Links are flagged for review.

Its output is diagnostic at the graph level. The critic’s notes are added to the
output JSON for later analysis.

Note. The prompt texts were developed with the assistance of generative Al for
two purposes: to clarify legal concepts in the Demosthenes corpus and to improve
the grammar, clarity, and formatting of the prompt text. The task decomposition,
annotation rules, prompt structure, and all methodological decisions are the author’s

own. The complete prompts are reported in Appendix A.

4.5 Robustness Engineering

Running a five-agent cascade through the OpenRouter API across 10 multi-section
documents, which involves several hundred LLM calls per configuration, reveals
failure patterns that do not appear in single-prompt experiments. 4 mechanisms

were developed in response.

Retries with exponential sleep intervals. The shared call 11m function for
the Gemma wrapper retries each call up to four times, using exponentially increasing
wait times after each attempt. If a hosted endpoint returns an empty completion,

such as when rate limiting or truncation occurs with only a finish_reason, the
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wrapper treats this as a failure and retries the call instead of passing it along. This
approach addresses a silent failure found during development, where rate-limited
calls returned None content appeared to be empty predictions and could not be

distinguished from real model abstention in the metrics.

Defensive JSON parsing. Model responses are parsed by finding the outermost
brace-delimited section before using json.loads. This approach tolerates preambles

and Markdown fences that models may emit, even when instructed otherwise.

Section-level fresh state and checkpointing. The cascaded driver creates
new agents and, therefore, a clean LangGraph state for each section. Creates a
new LegalArgumentAgent for each section, releases it (del + gc.collect()) before
proceeding, and saves the document’s output JSON after each section as a checkpoint.
If a run crashes or is rate-limited, the completed sections are preserved, allowing
processing to resume at the document level using the driver’s start index. This

avoids re-running the entire corpus.

Determinism: from self-consistency voting to a single temperature-0 pass.
Nodes 3 and 4 originally used self-consistency majority voting, sampling three runs
at temperature 0.3 and selecting the most frequent label. Preliminary experiments
performed at temperature 0.3 show inconsistency in predicting labels for the most
challenging cases, including the FL class and minority schemes. Because voting
did not stabilize the targeted cases and tripled the number of API calls, the final

configuration runs each node once at a temperature of 0.

4.6 Zero-Shot prompting

To measure the effectiveness of few-shot prompting, a second notebook was created
that copies the pipeline exactly. It uses the same architecture and output format as
with temperature = 0, but removes all in-context examples from each prompt and
keeps the definitions unchanged. The zero-shot version was run with the open-weight

Gemma model, described in Chapter 5.

4.7 Isolated-Node setup

Cascaded scores have two types of errors: a node’s own limitations and any mistakes it

inherits from earlier steps. To separate them, the isolation performance of each node
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is executed. Each node from Nodes 2 to Node 5 is run in isolation on gold upstream
input. Node 2 gets the gold argumentative segments; Node 3, the gold premises;
Node 4, the gold legal and mixed premises; and Node 5, the gold argumentative
segments with their gold role. The setup uses the same node functions as the pipeline,

and their outputs match the pipeline’s JSON schema.



Chapter 5

Evaluation

This chapter presents the evaluation of the multi-agent legal argumentation mining
pipeline. The evaluation focuses on analyzing various aspects, including error
propagation through the cascade pipeline, comparisons between the commercial and

open-weight models, the impact of few-shot examples, and individual agent behavior.

5.1 Experimental Setup

5.1.1 Configurations

Three configurations were evaluated, each using the same architecture and determin-

istic temperature 0 as described in Chapter 4:

1. Gemini F'S — the few-shot pipeline run with the Gemini model, cascaded

and isolated;

2. Gemma FS — the few-shot pipeline run with the open-weight Gemma model,

cascaded and isolated;

3. Gemma ZS — the zero-shot pipeline (Section 4.6) run with the open-weight

Gemma model, cascaded and isolated.

5.2 Evaluation Protocol

5.2.1 Scenarios

Each configuration is evaluated in three scenarios:

Scenario 1 — end-to-end pipeline (S1). This is the real end-to-end setup, where

earlier mistakes affect later tasks, meaning errors propagate across the pipeline.

23
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Scenario 2 — upstream conditioning (S2). This uses the same cascaded pipeline,
but each task is scored only where the previous step was correct. For example,
roles are scored only on components that were correctly detected (true posi-
tives), and types are scored on true positive components that are also correctly
classified as premises. The difference between S2 and S1 shows the propagation

cost for each task.

Isolated (Iso). In this scenario, each node receives gold as input. Iso shows the best
possible performance for each node with the current prompts. The difference
between Iso and S2 shows how much the cascade affects when a node’s input

is correct.

5.2.2 Aggregation Modes and Metrics

Each scenario is reported using two aggregation methods. In the doc-by-doc
approach, each metric was calculated for each document, and the results were then
averaged. This method gives equal weight to each judgment and shows how scores
differ across documents. In the pooled approach, all instances are combined, and a
single F1 score is computed, giving equal weight to each instance. Both methods
are reported because they often differ for rare classes. Pooled scores are mostly
influenced by the few documents where a rare class appears, while doc-by-doc scores

reflect averages over smaller groups within each document.

Macro-F1 takes the average of the F1 scores for every class that appears in either
the gold standard or the model’s predictions. If a class is predicted but not found
in the gold standard, it gets a score of 0, so classes with only false positives are
penalized. Classes that appear in neither the gold standard nor the predictions are
excluded. Micro-F1 works differently: it adds up the true positives, false positives,
and false negatives from all classes before calculating a single F'1 score. This approach
gives equal weight to each instance, so common classes have a bigger influence. The
gap between Macro-F1 and Micro-F1 highlights how much a task’s performance

depends on its rare classes.

Link F1 is a directed edge-set F1 score calculated using (document, source, target)
triples. A predicted edge counts as a true positive only if all three fields match a
gold edge exactly. The score is calculated separately for support and attack relations,
then combined into a macro variant (the average of the two) and a micro variant

(using their pooled counts).

If a class or relation does not have any gold or predicted positives in the scored
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Table 5.1: Macro-F1 (pool) Results for argumentative detection, role, premise type,
and scheme classification.

Arg Role Type Scheme
Model / Setting Arg Prem Conc M-F;, F L M-F; Aut Class Itpr Prec Princ Rule M-F;

Isolated setting

Gemma ZS .84 .95 .59 77 95 .86 .90 71 .38 .59 .93 .36 .90 .65

Gemma FS 74 .96 .68 82 94 8 .90 .60 .07 .55 .92 31 92 .56

Gemini FS .89 97 72 .84 96 92 .94 .57 .00 .50 91 27 97 .54
Upstream conditioning

Gemma ZS - .79 .52 .65 .74 7T 76 .50 .50 40 .62 .67 .65 .56

Gemma FS - .84 .65 75 82 8 84 .67 11 A7 .79 .00 .83 .48

Gemini FS - 97 71 .84 96 92 .94 .53 .00 .52 91 .31 97 .54
End-to-End Pipeline

Gemma ZS - .67 .37 52 40 62 51 .20 40 .25 43 40 .39 .34

Gemma FS - .61 .46 54 41 63 .52 .33 .09 .32 .50 .00 AT .29

Gemini FS - .89 .50 69 81 8 .84 .35 .00 .46 .86 31 .82 AT

Table 5.2: Macro-F1 (doc-by-doc) Results for argumentative detection, role, premise
type, and scheme classification.

Arg Role Type Scheme
Model / Setting Arg Prem Conc M-F;, F L M-F; Aut Class Itpr Prec Princ Rule M-F;

Isolated setting

Gemma ZS .81 .94 .61 78 95 .78 .86 .46 15 .67 .95 A1 7 .62

Gemma FS .74 97 .71 84 94 77 .86 .53 .03 .57 .95 A1 .79 .60

Gemini FS .87 97 7 87 96 .89 .93 43 .00 57 .95 .10 95 .62
Upstream conditioning

Gemma ZS - .78 .54 .66 .77 71 .74 .33 .25 .39 51 .50 45 .39

Gemma FS - .82 .67 74 76 .70 .73 40 .08 A1 .68 .00 .83 A7

Gemini FS - .96 .73 85 96 .89 .92 .32 .00 .55 .95 .10 .95 57
End-to-End Pipeline

Gemma ZS - .65 A1 53 42 55 49 .10 A7 .26 .33 .33 .28 .23

Gemma FS - .59 AT b3 .38 51 45 A7 .04 21 .35 .00 .38 21

Gemini FS - .86 .51 69 .80 .80 .80 .20 .00 44 .88 .10 .66 44

set, its F1 score is considered (NaN) and is not included in the averages.

5.3 Results

Table 5.1, Table 5.2, Table 5.3, Table 5.4, and Table 5.5 report the results for com-
ponent detection, role classification, premise type classification, scheme classification,

and link identification. Each of these results is analyzed below.

5.4 Analysis

5.4.1 Task-by-Task Overview

The multi-agent pipeline performs well in the early stages of LAM, but scheme

classification and relational identification remain challenging. With the best setup
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Table 5.3: Micro-F1 (pool) Results for argumentative detection, role, premise type,
and scheme classification.

Arg Role Type Scheme
Model / Setting Arg Prem Conc p-F; F L p-F; Aut Class Itpr Prec Princ Rule p-F;
Isolated setting
Gemma ZS .84 .95 .59 90 95 86 .92 .71 .38 .59 .93 .36 .90 .79
Gemma FS .74 .96 .68 94 94 8 91 .60 .07 .55 .92 31 .92 .75
Gemini F'S .89 97 .72 95 96 92 .95 .57 .00 .50 91 .27 97 .76
Upstream conditioning
Gemma ZS - .79 .52 754 7t 60 .50 .50 .40 .62 .67 .65 .57
Gemma FS - .84 .65 82 82 8 84 .67 11 A7 .79 .00 .83 .66
Gemini FS - 97 71 94 96 .92 94 .53 .00 .52 91 .31 97 .78
End-to-End Pipeline
Gemma ZS - .67 .37 62 .40 62 49 .20 40 .25 43 40 .39 .37
Gemma FS - .61 .46 59 41 63 .50 .33 .09 .32 .50 .00 A7 41
Gemini FS - .89 .50 84 81 88 84 .35 .00 .46 .86 31 .82 .69

Table 5.4: Micro-F1 (doc-by-doc) Results for argumentative detection, role, premise
type, and scheme classification.

Arg Role Type Scheme
Model / Setting Arg Prem Conc p-F; F L p-F; Aut Class Itpr Prec Princ Rule p-Fy
Isolated setting
Gemma ZS .81 94 .61 90 95 78 .90 .46 15 .67 .95 A1 7 .81
Gemma FS .74 97 .71 94 94 77 90 .53 .03 .57 .95 A1 .79 .78
Gemini FS .87 97 7 95 96 .89 .95 43 .00 57 .95 .10 .95 .79
Upstream conditioning
Gemma ZS - .78 .54 N Y 6 WY/ R X .25 .39 .51 .50 .45 .48
Gemma FS - .82 .67 80 .76 .70 .74 40 .08 41 .68 .00 .83 .53
Gemini FS - .96 .73 94 96 89 94 .32 .00 .55 .95 .10 .95 .79
End-to-End Pipeline
Gemma ZS - .65 41 .61 42 55 49 .10 A7 .26 .33 .33 .28 .30
Gemma FS - .59 A7 57 .38 51 4317 .04 21 .35 .00 .38 .28
Gemini FS - .86 .51 82 .80 .80 .81 .20 .00 44 .88 .10 .66 .65

(Gemini FS), the system detects argumentative components with a pooled F1 score

of 0.89, providing downstream agents with a solid starting point.

In the end-to-end pipeline (S1), role classification achieves 0.84 micro-F1 and 0.69
macro-F1, while premise type classification achieves 0.84 for both. This shows that,
once argumentative components are detected, the model classifies their properties

well.

Performance drops on the more complex reasoning tasks. For argumentation
scheme classification, the model reaches 0.69 micro-F1 but only 0.47 macro-F1. It
therefore performs well on common schemes, such as Rule and Prec, but struggles
with rare ones; removing the two hardest classes (Itpr, Class) raises the scheme
micro-F1 to 0.80. This indicates that most errors come from a few ambiguous or

rare schemes.

Link identification is the weakest part of the pipeline. Support relations achieve
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Table 5.5: Link detection results across all evaluation settings: Macro-F1 (pool),
Macro-F1 (doc-by-doc), Micro-F1 (pool), and Micro-F1 (doc-by-doc). Sup and ATT
report per-class F'1 for the support and attack relations.

Macro-F; (pool) Macro-F; (doc-by-doc) Micro-F; (pool) Micro-F; (doc-by-doc)
Model / Setting Sup ATT M-F; Sup ATT M-F, Sup ATT u-F; Sup ATT n-Fq

Isolated setting

Gemma ZS .30 .00 15 .30 .00 .20 .30 .00 .28 .30 .00 .29

Gemma FS .23 .00 11 22 .00 15 .23 .00 22 .22 .00 21

Gemini FS 48 .00 24 A7 .00 .29 48 .00 .46 AT .00 .46
Upstream conditioning

Gemma ZS .25 .00 12 .26 .00 23 .25 .00 .25 .26 .00 .26

Gemma FS .26 .00 13 .28 .00 .24 .26 .00 25 .28 .00 .28

Gemini FS 48 .10 .29 A7 .07 .38 48 .10 AT AT .07 .46
End-to-End Pipeline

Gemma ZS .20 .00 .10 21 .00 14 .20 .00 .20 21 .00 21

Gemma FS .20 .00 .10 .20 .00 .13 .20 .00 19 .20 .00 .19

Gemini FS 43 .06 24 .40 .05 27 43 .06 41 40 .05 .39

an F1 score of 0.43, while attack relations are rarely detected (0.06). Overall, link
micro-F1 is 0.41, and macro-F1 is 0.24. This shows that identifying argumentative

relations is much harder than classifying individual components.

5.4.2 The Cost of Error Propagation

The comparison between the end-to-end setting (S1) and the conditioned cascade
(S2) shows the effect of error propagation. Since S2 receives the correct upstream
predictions, the performance gap shows the amount of information lost due to earlier

mistakes in the cascade.

Providing correct upstream input for Gemini FS improves every downstream task.
Role classification increases from 0.69 to 0.85 macro-F1, premise type classification
from 0.80 to 0.92, scheme classification from 0.44 to 0.57, and link detection from
0.39 to 0.46 micro-F1 (doc-by-doc evaluation). Overall, around 12-16 F1 points are
lost due to upstream errors in the classification tasks, while link identification loses

around 7 F'1 points.

The impact is larger for the open-weight Gemma model. Role classification
improves from 0.53 to 0.74 macro-F1, while premise type classification increases
from 0.45 to 0.73. These larger gaps indicate that Gemma produces more missed

and hallucinated components during the earlier stages.

To determine whether the cascade itself introduces additional limitations, the
conditioned cascade (S2) can be compared with the isolated evaluation (Iso), where
each node receives gold input directly. For Gemini, the two settings are nearly

the same for role classification (0.847 vs. 0.874), premise type classification (0.924
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vs. 0.928), and link detection (0.459 vs. 0.458), with a slightly larger difference for
scheme classification (0.566 vs. 0.623). These results show that, once the correct
components are available, the downstream agents perform almost as well inside the
pipeline as they do in isolation. In contrast, Gemma shows larger gaps between S2
and Iso, especially for premise types (0.728 vs. 0.857), suggesting that even when

components are detected correctly, downstream agents receive less reliable context.

In summary, the results suggest that the proposed task decomposition works well.
Most of the performance loss in later stages comes from mistakes made earlier, not

from the downstream agents themselves.

5.4.3 Link Identification Is an Intrinsic Weakness

The interesting finding from the isolated evaluation is about link detection. If
low link scores were mainly due to propagation, the isolated node, which receives
gold components with gold roles, should score much higher than the cascade node.
However, the results show a different scenario. For Gemini FS, the isolated Support-
F1is 0.47, vs. 0.47 in the conditioned cascade and 0.40 end-to-end (doc-by-doc). For
Gemma FS, the isolated performance (0.22) is even slightly below the conditioned
cascade (0.28). This shows that link identification is inherently weak. Attack edges,

with only 21 gold instances, are almost never found (best F1 = 0.10).

5.4.4 Model Comparison: Gemini vs. Gemma

The commercial Gemini model usually performs better than the open-weight Gemma
model, although the performance gap depends on the task complexity. For local
classification tasks, the difference is small. In the isolated setting, role classification
reaches 0.87 macro-F1 for Gemini compared with 0.84 for Gemma, indicating that

both models can classify argumentative roles accurately with correct input.

The difference is larger for premise type classification (0.93 vs. 0.86), grows even
more for scheme classification, and is largest for link identification. In this last task,
Gemini achieves more than twice the isolated link micro-F1 score of Gemma (0.46
vs. 0.21). While Gemma can achieve performance close to Gemini on classification
tasks, it is weaker at detecting relations between components, resulting in much

lower overall performance, especially when reconstructing the argumentative graph.

These findings suggest that a hybrid architecture could effectively combine the
strengths of both models: an open-weight model for relatively simple classification

tasks and a stronger model for more complex tasks such as relation prediction.
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5.4.5 Few-Shot vs. Zero-Shot Prompting

Comparing Gemma in the few-shot (FS) and zero-shot (ZS) settings shows the effect

of demonstrations in the pipeline. The results reveal three different patterns:

First, few-shot prompting does not improve argumentative component detection.
Zero-shot performs slightly better (0.81 vs. 0.74 detection F1, doc-by-doc). The
prompt already provides clear decision rules, so adding demonstrations only lengthens
the prompt without giving the model any new information. This small difference
in detection leads to the next pattern: the few-shot detector forwards fewer, noisier

components to later nodes.

Second, the impact of few-shot examples on downstream tasks depends on the
evaluation setting. In the end-to-end pipeline (S1, doc-by-doc), few-shot prompting
does not help: Gemma FS performs about the same as, or slightly worse than,
Gemma ZS on role- and premise-type classification and on scheme macro-F1 (role
micro-F'1 0.57 vs. 0.61, premise-type micro-F1 0.43 vs. 0.49, scheme macro-F1 0.21
vs. 0.23). This is because the few-shot detector passes fewer and noisier components
to the later nodes. The value of examples appears only once the upstream input is
corrected. In the conditioned cascade (S2, doc-by-doc), few-shot prompting clearly
improves the harder classification tasks: role macro-F1 increases from 0.66 to 0.75
and scheme macro-F1 from 0.39 to 0.47, while premise-type classification stays about
the same (0.74 to 0.73). Demonstrations help, but only when the node gets clean
input. When error propagates, this benefit disappears.

Finally, the link detector is the most sensitive to different settings. When using
clean gold input, zero-shot performs better than few-shot (Support-F1: 0.30 vs. 0.22),
suggesting that the link demonstrations, which are used to illustrate transitivity
and independence traps, make the smaller model overly cautious when the input is
already clean. Few-shot only does better than zero-shot in the conditioned cascade
(0.28 vs. 0.26 in S2). When there is end-to-end error propagation, the two methods
are almost the same, with zero-shot slightly ahead (0.20 vs. 0.21). This means the
demonstrations do not make the model more robust to upstream noise. Their small

benefit appears only when the upstream input is correct.
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Conclusion and Future Work

6.1 Summary of the Thesis

This thesis evaluates the performance of a multi-agent system for legal argument
mining using Gemini and Gemma LLMs. The task is divided into five specialized
LLM agents: argumentative detection, role classification, premise type classification,
legal scheme classification, and two-pass directed link identification, plus a rule-based
critic node. The LangGraph framework manages these agents, which are evaluated

on the Demosthenes corpus of CJEU state-aid judgments.

The pipeline is implemented for both cascaded and isolated agent predictions.
Performance is measured across three scenarios: end-to-end with error propagation,
upstream conditioning without error propagation, and isolated performance, at two

aggregation levels, per-document and pooled.

6.2 Main Findings
The main findings of this evaluation can be summarized in five key point statements.

1. Decomposition: The result shows that decomposing legal argument mining
into specialized sub-tasks is an effective strategy, as agents achieve promis-
ing performance when provided with correct upstream inputs, particularly in
argumentative detection, role classification, and premise type classification.
However, the end-to-end pipeline is still limited by error propagation, underscor-
ing the importance of accurate upstream predictions and robust intermediate
outputs. It also performs weakly on the hardest sub-task, as link identification
remains weak even in an isolation setting. The other benefit of this approach is

in diagnosis: evaluating each agent across different settings reveals where the

60



Chapter 6. Conclusion and Future Work 61

pipeline fails and separates upstream errors from those inherent to the task’s
difficulty.

2. Error propagation: The difference between the upstream conditioned setting,
where each agent is scored only if its predecessors were correct, and the end-
to-end setting, where errors can carry forward, shows the impact of error
propagation on downstream tasks. Both the commercial model (Gemini) and
the open-weight model (Gemma) are affected by error propagation. However,
Gemma shows greater vulnerability. Its weaker detection leads to more missed
and hallucinated components, and each one causes errors in every downstream
task. This shows that detection quality at the start of the cascade is the most

important factor for overall performance.

3. Isolated agent performance: When each agent receives gold upstream
input in isolation, the agents achieve promising results for argumentative
detection and role and premise type classification and good results for scheme
classification, while the agent struggles with rare ones. The link identification
agent is different; its performance does not improve. This suggests that the
challenge of relation identification comes from its intrinsic difficulty, not from
errors in earlier stages. These isolated results highlight two types of limitations:
for the first four agents, the main end-to-end problem is upstream errors, while
for the link agent, the problem persists, indicating that relation identification

is the main challenge for the system.

4. Model capability: Relation identification is where the two models show the
biggest difference. On isolated link identification, where each receives gold
input so the comparison reflects reasoning ability rather than input quality,
Gemini reaches more than twice the micro-F1 of Gemma. The gap on the first
four agents is considerably smaller. This pattern suggests that the classification
sub-tasks transfer well to the open-weight model, but relation identification
still requires the stronger model, motivating a hybrid design that reserves the

commercial model for link detection.

5. Prompt strategy: Comparing the two Gemma configurations, the effect
of few-shot examples differs by agent and by whether error propagation is
present. Argumentative detection is slightly better under zero-shot prompting,
since the detection rules are already explicit and extra demonstrations do
not help. Once the upstream input is clean (the conditioned setting), few-

shot prompting improves role and scheme classification, while premise type
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classification remains unchanged. In the true end-to-end pipeline, however, this
benefit disappears: the few-shot detector passes fewer and noisier components
downstream, so few-shot performs at or below zero-shot overall. The difference

in relation identification is small across all settings.

6.3 Future Work

The pipeline proposed in this thesis is implemented in a feed-forward manner. Each
agent uses the output of the preceding ones, so any early error will propagate to
later stages and impact their performance. In the next step, can explore advanced
multi-agent mechanisms to provide feedback or corrections on earlier stages before

the argument graph is complete.

Multi-agent debate. Instead of relying on just one agent’s verdict, a debate setup
can be used. For example, agents might decide whether a sentence is a premise or
a conclusion. They then critique each other’s reasoning over one or more rounds
before deciding the final label. This approach is more useful for tasks where a single
agent is least reliable, such as scheme classification or relation detection, since using

it for each task would be too expensive.

Iterative self-reflection. Another useful approach is to let agents reflect on their
own outputs. After producing an initial argument graph, either the agent or a
dedicated reviewer would review the result in natural language, identify possible
mistakes, and rerun the affected predictions. This process continues until the output
becomes stable. This method works well for correcting upstream classification errors

early, before they affect later steps.

Closing the loop with the structural critic. It already finds structural prob-
lems in the final graph, such as orphan premises, unsupported conclusions, and
contradictory links, but currently it only reports them. In the future, this process
could be improved by sending each flagged defect back as a targeted prompt to revise
only the affected parts, rather than repeating the entire process, such as the edges or

labels involved in restructuring the graph, so that reflection helps stabilize the graph.
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Appendix A

Key Prompt Templates

A.1 Node 1: Argumentative/Non-Argumentative

Classification Prompt

1
> You are an expert in legal argumentation mining. Your task
is to extract argumentative components from a legal

judgment .

. CRITICAL RULES:

1. PROPOSITION-LEVEL SPLITTING: A single grammatical
sentence may contain multiple argumentative components (
e.g., a premise followed by a conclusion). Split these
into separate entries.

6 - Example: "Because the law was followed [PREM], the
appeal is rejected [CONC]."

s Point: ONLY split a sentence if it contains two components
with DIFFERENT roles (one PREM and one CONC). Never

split a sentence into two components of the same role.

10 Example of a FALSE split to avoid:

11 Fragment A: "It follows from this that Regulation X
and Directive Y operate in separate legal spheres"

12 Fragment B: "and that, consequently, measures adopted
under Regulation X cannot override obligations
arising exclusively within the scope of Directive Y

13 -> These must be ONE premise.

69



Appendix A. Key Prompt Templates 70

2. SCOPE: Identify ONLY the Court’s reasoning and findings

16 - EXCLUDE: Sentences that merely report the submissions
or contentions of the parties (Salzgitter, the
Commission, etc.). These are context, not

argumentative components.

s 3. COMPONENT DEFINITIONS:
19 - PREMISE (prem): Evidence, legal rules, or
interpretations used to justify a ruling.
20 * Note: Legal interpretations used to justify a
rejection are PREMISES, not final conclusions.
21 - CONCLUSION (conc): The final claim, ruling, or

decision that follows logically from the premises.

23 Respond ONLY with wvalid JSON:

24 | {

25 "sentences": [

26 {"id": 1, "text": "...", "is_argumentative": truel,
27 {"id": 2, "text": "...", "is_argumentative": falsel,
29 ]

30 }

Listing A.1: System prompt for Argumentative/Non-Argumentative classification

agent.

A.2 Node 2: Premise/Conclusion Classification

Prompt

1
2 You are a legal argumentation expert working with EU Court
of Justice judgments.
For each sentence, determine if it is a:
1+ - "prem" (premise): a supporting statement, evidence, fact
, legal rule, or interpretation used to build an

argument .
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~

0

- "conc" (conclusion): a sentence that DISPOSES OF an
argumentative unit -- it formally closes a plea, limb, or

ground of appeal with a verdict.

CORE RULE:
Ask: "Does this sentence DISPOSE OF an argumentative unit,
or does it DESCRIBE a legal position, fact, or

consequence?"

DISPOSE -> conc ("must be rejected", "must be
dismissed", "must be set aside", "cannot succeed", "
committed an error of law in holding...")

DESCRIBE -> prem (states a rule, derives a consequence,
establishes a fact, states what a party or

institution can or cannot do)

Do NOT rely on signal words alone: "consequently", "
therefore", "it follows", "must" can appear in both prem

and conc.

Example:

[1] The aid falls under Article 4(c) CS.

[2] Consequently, Germany cannot rely on an authorisation
under Article 67 CS.

[3] Therefore, the plea must be rejected.

Labels:
[1] -> prem
[2] -> prem

[3] -> conc

Reasoning:
[1] DESCRIBE -- states a legal finding about the aid ->
prem.
[2] DESCRIBE -- "consequently" signals a deduction, but the
sentence states a consequence about a party’s legal
position, not a verdict that closes a plea unit -> prem.
[3] DISPOSE -- formally closes the plea with a verdict ("

must be rejected") -> conc.
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20 KEY: "consequently" in [2] and "therefore" in [3] are both
signal words, but [2] describes and [3] disposes. The

logical act matters, not the signal word.

31 Respond ONLY with valid JSON:

s2 {

"classifications": [
3 {"id": 1, "role": "prem"},
35 {"id": 2, "role": "conc"},
37 ]
s}

Listing A.2: System prompt for Premise/Conclusion classification agent.

A.3 Node 3: F/L/FL Binary Classification Prompt

1
> Legal argumentation expert for EU Court of Justice
judgments.
Classify each premise as F, L, or FL.
|
5 CORE TEST: "Is this sentence asserting something specific
to THIS case, or stating a general legal norm true

beyond this case?"

7 F -— Case-specific finding (even if a legal article is
mentioned) :

8 e Reports what the Court found/determined in THIS case

9 e States what a party can/cannot do IN THIS SITUATION

10 e KEY SIGNAL: names a specific party, "the aid", "the
decision", "this plea"

11 v "The aid fell within the scope of Article 4(c) CS." ->
F (article just locates the finding)

12 v/ "Germany cannot rely on an authorisation under Article
67 CS." -> F

13 v/ "It must be held that the second limb is unfounded."
-> F
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15 L -— General legal norm (true in any case):

16 e States what a rule/article/treaty says or means IN
GENERAL

7 e KEY SIGNAL: could appear in a legal textbook with no

case context

18 v "Article 4(c) CS prohibits aid in any form whatsoever
.ll -> L

19 v’ "The ECSC Treaty does not distinguish between new and
existing aid." -> L

20 EXCEPTION: naming an institution ("Commission", "Court

of First Instance")

21 does NOT make it F if the sentence asserts a general
interpretive principle.

22 v "Commission practice cannot affect treaty

interpretation." -> L (general principle)

N

22 FL -— RARE. Legal norm APPLIED to a specific fact; both
parts load-bearing:

v "Given that Article 1 prohibited all steel aid, the

™)

Commission could not
26 withdraw the 1971 Decision." -> FL
27 X "The aid fell within Article 4(c) CS." -> F not FL (

article just referenced)

20 DECISION:
s0 1. Names specific party/fact + no general norm stated -> F
31 2. General norm, true beyond this case -> L

2 3. Both (1) and (2) load-bearing in same sentence -> FL

34 Respond ONLY with valid JSON:
{"classifications": [{"id": 1, "premise_type": "F", "

reason": "..."}]1}

Listing A.3: System prompt for one voting run of the F/L/FL classification agent.

A.4 Node 4: Scheme Classification Prompt
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1

10

Legal argumentation expert for EU Court of Justice

judgments.

SCHEME DEFINITIONS:

Rule -- the sentence cites a SPECIFIC article, treaty
provision, or code BY NUMBER OR NAME and states what it

says, requires, or implies.

This includes sentences that derive consequences FROM a

v

named article.

"Article 4(c) CS prohibits aid in any form whatsoever
." =-> Rule

"Article 305(1) EC states that the EC Treaty shall not
affect the ECSC Treaty." -> Rule

"It follows from this [citing Article 305(1)] that the
EC Treaty and the ECSC Treaty are independent
treaties." -> Rule <- DERIVES FROM named article =
Rule

"Article 6 of the Third Steel Aid Code provided an
obligation to notify." -> Rule

KEY: if a specific article/code/provision is mnamed

anywhere in the sentence -> Rule.

Prec (Precedent) -- the sentence cites a specific past

court decision BY CASE NAME or NUMBER.

v  "Joined Cases 188/80 to 190/80 France v Commission
[1982] ECR 2545" -> Prec

v’ "Case 328/85 Deutsche Babcock [1987] ECR 5119" -> Prec

v. "Falck and Acciaierie di Bolzano v Commission,
paragraph 117" -> Prec

KEY: must name a specific case. "The Court has held..."

alone -> NOT Prec.

NOTE: a sentence can be BOTH Prec and Rule if it cites

both a case and an article.

Itpr (Interpretation) -- interprets the meaning or scope of

a legal norm WITHOUT citing a specific

article by number or name. The interpretation stands on

its own without a

named legal source.
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24 v' "The ECSC Treaty does not distinguish between new aid
and existing aid." -> Itpr (no specific article cited
-- general interpretation of treaty structure)

X "It follows from Article 305(1) EC that..." -> NOT
Itpr -> Rule (Article 305(1) is cited by name -> this

I

is Rule)
26 HARD RULE: if any specific article/provision is named ->
Rule, NOT Itpr.

27 Itpr = interpretation with NO named legal source.

20 Aut (Authority) -- cites an expert, Commission
communication, or authoritative body for its VIEW.
30 v "As the Commission submits, Article 6 provided..." ->
Aut
31 KEY: "as [authority] submits/states/argues" signals Aut.

Class (Classification) -- classifies a situation under a
legal category.
34 v' "The aid falls within the category of existing aid."

-> Class
36 Princ (Principle) -- invokes a general legal principle by
name.
37 v/ "the fundamental requirement of legal certainty" ->
Princ
38 v/ "the principle of proportionality" -> Princ

w DECISION RULE -- apply in order:

1 1. Does the sentence cite a specific article/provision
by name? -> Rule (always)

12 2. Does the sentence cite a specific case by name? ->
add Prec

43 3. Does the sentence interpret WITHOUT any named article
? -> Itpr

14 4. Check for Aut, Class, Princ independently

v Respond ONLY with valid JSON:
7 {"classifications": [{"id": 1, "schemes": ["Rule"], "

reason": "..."}]1}
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Listing A.4: System prompt for Scheme classification agent.

A.5 Node 5: Link Detection Prompt

N

You are an expert in legal argumentation mining for EU

Court of Justice judgments.

. {FEW_SHOT_PREM_CONC}

¢ TASK: For a given CONCLUSION, evaluate each PREMISE as a

potential direct support or attack.

s RULES:

o 1. DIRECTNESS: One logical step only. Reject if

intermediates are required.

10 2. DIRECTION: Always PREMISE -> CONCLUSION. Never reverse.

11 3. DEFAULT TO FALSE: Most premises do not directly link to

a given conclusion.

12 4. CONFIDENCE -- based on explicit textual evidence:

13 "high": Link signalled EXPLICITLY ("it follows", "
consequently", "therefore", "however", "must be
pointed out").

14 "medium": Link is IMPLICIT but logically clear -- no
signal word, but content makes dependency clear.

15 "low": SPECULATIVE -- topic similarity only. Prefer

has_link=false.

17 Respond ONLY with wvalid JSON:

s {{

19 "conclusion_id": <int>,

20 "premise_evaluations": [

21 {{

22 "premise_id": <int>,

23 "reasoning": "What does premise establish? What does

conclusion claim? Direct?",
24 "has _link": true/false,

25 "link_type": "Support" | "Attack" | null,
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N

16

+}

"confidence": "high" | "medium" | "low"

1}

Listing A.5: System prompt for link detection (Premise - Conclusion).

You are an expert in legal argumentation mining for EU

Court of Justice judgments.

{FEW_SHOT_PREM_PREM}

TASK: Evaluate whether PREMISE A directly or indirectly

supports or attacks PREMISE B within the same

argumentative section.

RULES :

1.

DIRECT LINK: B explicitly deduces from or challenges A

in one step.

Support signals: "it follows from this", "consequently
", "therefore".

Attack signals: "however", "must be pointed out", "
misreading", "contrary to".

-> has_link=true, link_type="Support" or "Attack",

confidence=high

COLLECTIVE LINK: A is one of multiple premises that

together support or attack B. B may not deduce from A

alone, but A contributes to B’s reasoning.

Support signals: "in the light of the foregoing", "
taken together", "consequently" after several
premises established.

Attack signals: "however", "contrary to the foregoing
", "nevertheless","that reasoning is flawed" after
prior premises established.

-> has_link=true, link_type="Support" or "Attack",

confidence=medium

INDEPENDENT: related by topic but no logical dependency
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20 -> has_link=false
22 4. DEFAULT TO FALSE for genuinely independent premises.

2« IMPORTANT:

25 A link must be DIRECT -- it must hold in a single step,
without passing

26 through an intermediate premise.

27 - Do NOT infer transitive links: if [1] -> [2] and [2] ->
[3], do NOT add [1] -> [3], UNLESS [1] independently
supports/attacks [3] on its own (i.e. not only by way of

(215 .

28 — A premise that is one of several DIRECT supporters of B

(Rule 2, collective) is still a one-step link and IS

allowed. "Direct" means one step, not "sole".

30 Respond ONLY with valid JSON:

s1 | {{
32 "prem_prem_evaluations": [
{{

"source_id": <int>,

"target_id": <int>,
36 "reasoning": "...",
37 "has _link": true/false,
38 "link_type": "Support" | "Attack" | null,
39 "confidence": "high" | "medium" | "low"
10 +}
1 ]
> }}

Listing A.6: System prompt for link detection (Premise - Premise).

A.6 Few-shot Example for Link Detection Prompt

2 —--- FEW-SHOT EXAMPLES ---

. Example 1 -- SUPPORT:
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Premise: [P] "Article 4(c) CS explicitly prohibits State
aid in any form whatsoever, without distinction between
individual and general aid."

Conclusion: [C] "Article 4(c) CS applies even under a
general aid scheme not specific to the steel sector."

Reasoning: One direct step -- premise establishes scope,
conclusion extends it.

Result: {"has_link": true, "link_type": "Support", "

confidence": "high"}

Example 2 -- ATTACK:

Premise: [P] "The EC Treaty and the ECSC Treaty are
independent instruments; EC secondary legislation cannot
produce effects in ECSC scope."

Conclusion: [C] "The 1971 Decision under EC Treaty
implicitly authorised ECSC aid."

Reasoning: Independence directly negates cross-
authorisation. One step.

Result: {"has_link": true, "link_type": "Attack", "

confidence": "high"}

Example 3 -- FALSE LINK (transitivity trap):

Premise: [P] "The Commission had knowledge of Salzgitter'’s
aid since 1988."

Conclusion: [C] "The cross-appeal must therefore be
dismissed in its entirety."

Reasoning: Three missing intermediates required: knowledge
-> legal certainty -> recovery decision legality ->
dismissal. Multi-hop jump, not direct.

Result: {"has_link": false, "confidence": "high"}

--- END EXAMPLES ---

Listing A.7: Few-shot prompt for link detection (Premise - Conclusion).

--- FEW-SHOT EXAMPLES ---

Example 1 -- DIRECT LINK (Support):

Premise A: [P3] "Article 305(1) EC states that EC Treaty
provisions shall not affect ECSC Treaty provisiomns."

Premise B: [P4] "It follows from this that the EC Treaty
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and the ECSC Treaty are independent treaties."

7 Reasoning: "It follows from this" -- explicit one-step
deduction. Support.

s Result: {"has_1link": true, "link_type": "Support", "

confidence": "high"}

10 Example 2 -- COLLECTIVE SUPPORT:

11 Premise A: [A1] "Article 4(c) CS prohibits State aid
without distinguishing between individual aid and aid
under a general scheme."

1> Premise B: [A9] "In the light of the foregoing, it must
consequently be held that Article 4(c) CS applies to
State aid under a general scheme."

13 Reasoning: A9 synthesizes multiple prior premises
including Al1. Al contributes.

12 Result: {"has_link": true, "link_type": "Support", "

confidence": "medium"}

16 Example 3 -—- ATTACK (premise challenges another premise):

17 Premise A: [D1] "It is not sufficient that the initial
promotion scheme was financed by a compulsory levy to
enable it to be regarded as financed through State
resources."

s Premise B: [D2] "However, it must be pointed out that that

argument is based on a misreading of that judgment."

19 Reasoning: D2 directly challenges the legal reading
asserted in D1. Attack.

20 Result: {"has_link": true, "link_type": "Attack", "

confidence": "high"}

2> Example 4 -- FALSE LINK (independent rules):

23 Premise A: [P8] "The ECSC Treaty does not distinguish
between new and existing aid."

22 Premise B: [P8bis] "Article 4(c) CS prohibits aid in any

form whatsoever."

™)

Reasoning: Both are independent legal rules. Neither
deduces from the other.

26 Result: {"has_link": false, "confidence": "high"}

2s Example 5 -- INTERMEDIATE SUPPORT:
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N

o Premise A: [A3] "Articles 4 CS and 67 CS cover two
distinct areas: the first prohibits certain Member State
actions under Community jurisdiction; the second
prevents competition distortions from residual Member
State powers."

so. Premise B: [A4] The Court deduces from this that Article
67 CS covers only general economic/social measures and
measures applied to industries other than coal and steel
"

31 Premise C: [A10] Consequently, Article 4(c) CS applies to

aid paid to coal/steel firms even under a scheme that is

not specific to that sector."

%}

Reasoning: A3 Support A4 Support A10 Support. Note that
the link connection MUST be one step therefore because
of A4 is intermediate support, A3 has no link with A10.

Result [A3] Support [A4]: {"has_link": true, "link_type":

"Support", "confidence": "high"}
32 Result [A4] Support [A10]: {"has_link": true, "link_type":
"Support", "confidence": "high"}
Result [A3] Support [A10]: {"has_link": false, "confidence
": "high"}

36 ——— END EXAMPLES ---

Listing A.8: Few-shot prompt for link detection (Premise - Premise).
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