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Abstract

Argument Mining (AM) aims to identify and
interpret argumentative structures in unstruc-
tured text, with Argument Component Classifi-
cation (ACC) as a core task. Despite significant
advances, most ACC approaches rely on manu-
ally pre-segmented inputs, an assumption that
rarely holds in practice due to the high cost and
effort of expert human annotation, creating a
major bottleneck for scalable AM systems.

In this work, we focus on the foundation Ar-
gument Component Segmentation (ACS) task
by proposing a fine-grained, paired-tag anno-
tation schema that explicitly distinguishes be-
tween relevant and surrounding content, thus
overcoming the limitations of previous single-
separator approaches. Leveraging small and
open Large Language Models (LLMs) fine-
tuned on our paired-tag annotation schema,
we can perform ACS with quality compara-
ble to human expert annotators across multiple
benchmark datasets. We further validate our ap-
proach on the downstream ACC task, showing
that automated segmentation with fine-tuned
LLMs yields ACC performances comparable
to pipelines relying on human annotations.

These findings suggest that reliable automated
ACS via LLMs is both feasible and effective,
paving the way for more scalable AM pipelines
without human intervention.

1 Introduction

Argument Mining (AM) has emerged as a key
branch of Natural Language Processing dedicated
to the automatic detection, segmentation, and in-
terpretation of argumentative discourses in unstruc-
tured texts (Lawrence and Reed, 2019). By ex-
tracting argument components (e.g., premises and
claims) and the relations that bind them, Argu-
ment Mining facilitates downstream applications
in various fields, including legal analysis (Palau
and Moens, 2009), scientific debate (Sukpanich-

nant et al., 2024), and web discourse (Habernal and
Gurevych, 2017).

Argument Mining pipelines typically consists of
four key subtasks (Eger et al., 2017; Cabrio and
Villata, 2018): (i) Argument Component Segmen-
tation (ACS), to distinguish argumentative units
from non-argumentative ones; (ii) Argument Com-
ponent Classification (ACC), to assign a specific
type to each identified argument component (e.g.,
claim, premise); (iii) Argument Relation Identifi-
cation (ARI), to detect relations among argument
components; and (iv) Argument Relation Classifi-
cation (ARC) to label the detected relations (e.g.,
attacks, supports).

Traditionally, the majority of research has fo-
cused on ACC and ARC tasks, achieving nowa-
days remarkable results (Liu et al., 2023; Cabessa
et al., 2025; Gorur et al., 2025). However, this
often presuppose the availability of already iden-
tified argument components (Niculae et al., 2017;
Liu et al., 2023), contrasting with real-world cases,
where texts lack or have incomplete pre-annotated
arguments (Peldszus, 2014), and manually annotat-
ing these at scale is prohibitively costly and time-
consuming (Reed et al., 2008; Lawrence and Reed,
2019). Consequently, this mismatch between re-
search assumptions and practical constraints leaves
ACS underexplored, creating a bottleneck for more
automated AM systems.

Large Language Models exhibit remarkable Nat-
ural Language Understanding capabilities (Chang
et al., 2024) due to their ability to capture rich
contextual representations and model long-range
dependencies in unstructured texts, and represent a
promising direction for automated ACS, with reli-
able boundary detection and distinction between ar-
gumentative and non-argumentative pieces of text.

Contributions. Motivated by these considerations,
this work addresses a key limitation in current Ar-
gument Mining research: the lack of effective and
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fine-grained automated segmentation of argument
components in unstructured texts. Specifically, our
contributions are as follows:

* We propose a paired-tag annotation schema
that enables a more fine-grained identifica-
tion of argument components. This addresses
key limitations of previous single-separator
segmentation methods (Favero et al., 2025),
which implicitly assume that all text spans
belong to some argument component, thus
potentially not distinguishing argumentative
from non-argumentative content.

* We show that fine-tuned, compact, and openly
available LLMs can overcome existing ACS
approaches and achieve segmentation quality
comparable to human annotators across di-
verse, human-annotated datasets. By prioritiz-
ing efficiency and accessibility, our approach
enables scalable deployment and supports the
automatic creation of high-quality annotated
argumentative corpora with minimal to no hu-
man intervention, addressing a key issue in
the current landscape (Kashefi et al., 2023).

* We validate our segmentation approach in the
downstream ACC task on widely recognized
benchmark datasets, showing that our fully
automated segmentation leads to classifica-
tion performances matching the ones based
on gold-standard human annotations, detach-
ing from earlier works where single-separator
automated segmentation showed disruptive ef-
fects on the downstream ACC tasks (Morio
et al., 2022; Favero et al., 2025). This high-
lights the reliability of our method and its
practical viability in end-to-end argumenta-
tive analysis pipelines, without the need for
costly or impractical manual annotation.

The remainder of the paper is organized as fol-
lows: Section 2 discusses related work on Argu-
ment Mining, Section 3 formalizes the ACS and
ACC problems, Section 4 outlines our methodol-
ogy, Section 5 outlines our evaluation approach,
Section 6 presents our results, and Section 7 con-
cludes this work by outlining future directions.

2 Related Work

Argument Mining encompasses various subtasks,
including component detection, classification, rela-
tion identification, and quality assessment (Cabrio

and Villata, 2018). Despite its relevance across
domains such as legal analysis (Carstens and Toni,
2015), education (Zhang and Litman, 2016), and
scientific discourse (Kirschner et al., 2015), only a
limited number of studies have addressed AM in its
full complexity, due to the inherent methodological
challenges (Chen et al., 2022).

Initial AM approaches relied on traditional su-
pervised machine learning algorithms such as max-
imum entropy classifiers (Palau and Moens, 2011),
logistic regressors (Levy et al., 2014), Support Vec-
tor Machines (Stab and Gurevych, 2014; Niculae
et al., 2017), optimization techniques (Stab and
Gurevych, 2017), or deep neural networks like
RNNs (Eger et al., 2017; Niculae et al., 2017) and
LSTMs (Potash et al., 2017).

Advances in Transformer-based architectures
such as BERT (Mayer et al., 2020; Kashefi
et al., 2023), Longformer (Ding et al., 2022), and
TS5 (Kawarada et al., 2024), have significantly im-
proved performance on classification and relation
prediction, due to the greater contextual awareness
and ability to catch the argumentative flow in texts.

Recently, generative Large Language Models
demonstrated remarkable capabilities in AM tasks
framed as text-generation (Chen et al., 2024). In
this direction, Liu et al. (2023) used a BART-based
text-generation model to learn the argument struc-
ture as a Chain-of-Thought, Gorur et al. (2025)
employed various open-source and commercial
LLMs to perform Relation-based Argument Min-
ing, Pojoni et al. (2023) leveraged ChatGPT to ex-
tract arguments from podcast transcripts, whereas
Favero et al. (2025) relied on small LLMs for argu-
ment mining in educational contexts. Recent works
also investigate the effects of different LLM opti-
mizations techniques for AM, such as in-context
learning and fine-tuning approaches (Cabessa et al.,
2024, 2025). However, to the best of our knowl-
edge, no works assessing the feasibility and impact
of fully automated ACS via generative LLMs have
been proposed, thus prompting us to fill this gap.

3 Problem Definition

In this section, we formally define two key argu-
ment mining sub-tasks, namely the Argument Com-
ponent Segmentation (ACS) and Argument Compo-
nent Classification (ACC).

Let D = [t1,t2, ..., t,] represent an open-ended
textual document as a sequence of tokens, where
each ¢; € V is a word drawn from a vocabulary V.
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Definition 1 (Argument Component) An argu-
ment component (AC) of D is any subsequence
[tp, ..., te] of D which has a proper meaning and
can be classified according to a given classification
schema (e.g., Claim, Premise).

Definition 2 (Argument Component Segmenta-
tion) Let D = [t1, ta, ..., t,], the argument compo-
nent segmentation (ACS) problem consists of find-
ing a mapping function f that applied to D gives
in output a list of components [ACY, ...AC,], such
that e; < bj,Vi <7< m.

Definition 3 (Tagged Argument Component)
Given a document D = [tq, ta, ..., t,] and a map-
ping function f, and let f(D) = [ACY,...ACy,],

with AC; = [t,,...,te,], the tagged ar-
gument component AC; is defined as
ACT = [(AGy),th,, ..., te;, (J/AC;)].  Accord-

ingly, D* denotes the tagged document derived
from D by replacing each AC; (1 < i < m) with
the corresponding ACY.

Definition 4 (Argument Component Classifica-
tion) Given a tagged document D* and a compo-
nent index 7, the argument component classification
(ACC) problem consists in defining a function ~y as-
signing a class (e.g., Premise, Claim, Major Claim)
to the i-th argument component in D*.

4 Methodology

Our approach follows a paired-tag annotation
schema, as outlined in Definition 3, to achieve
fine-grained and more suitable ACS (Stab and
Gurevych, 2017; Mayer et al., 2020), contrasting
with previous work in Argument Mining (Favero
etal., 2025), which relies on sentence-level segmen-
tation. An example of this difference is depicted in
Figure 1.

Furthermore, in contrast with Favero et al.
(2025), we do not use any additional LLMs to as-
sess argumentative content, yet we propose a uni-
fied fine-tuning strategy allowing any single LLM
architecture to be optimized for both Argument
Component Segmentation (ACS) and Argument
Component Classification (ACC).

To foster flexibility, we introduce two task-
specific modules: the Argument Component Identi-
fication Module (ACIM) and the Argument Compo-
nent Classification Module (ACCM). These mod-
ules can be fine-tuned independently, depending
on the downstream task (e.g., when annotations are
already available or classification is not required)

i Well, from my personal experience, | guess exercising in '
i the morning boosts productivity throughout the day, !
; and there's even a study that shows improved !
+ focus in people who work out regularly. Anyway, that's

i just how | feel.

i Well, from my personal experience, | guess
1 exercising in the morning boosts productivity
i throughout the day ,and there'sevena
i study that shows improved focus in people who work ;

. Anyway, that's just how | feel. j

Figure 1: Single (top) vs. paired (bottom) tagging ap-
proach for the ACS task. Colors denote identified argu-
ment components. Crossed words refer to unnecessary
parts included by traditional approaches yet filtered out
by our paired-tagging approach.

and leveraged to develop a complete segmentation
and classification pipeline. An example of our pro-
posed approach is shown in Figure 2, and we next
describe the methodology in detail.

4.1 Learning Paradigm

Due to the inherent complexity of natural language,
finding the exact transformation function f and
the classification function ~ poses significant chal-
lenges. Therefore, in this work, we approximate
these functions as a fext-generation task by means
of a decoder-only Large Language Model whose
parameters 6 (being them for ACS or ACC) are
optimized via fine-tuning.

Our transformation function f is implemented
as an LLM model fine-tuned on a paired dataset
(D;, DZT)ZL:1 containing L documents D; and cor-
responding ground-truth tagged versions D7 .

Following established methodologies in previ-
ous work (Liu et al., 2023; Cabessa et al., 2025), we
first structured the raw documents into the Alpaca
format, which is particularly suitable for specializ-
ing LLMs via the instruction-following paradigm.
Each ground-truth tagged document D] was struc-
tured as a JSON file containing three fields: an
instruction I, an input context C, and the corre-
sponding expected output Y, as illustrated in Ap-
pendix A.2.

Argument Component Identification Module
(ACIM). For the ACS task, we obtain the ACIM
as a fine-tuned LLM by optimizing the following
loss function:

T;

Lacs(0) = — E E log Py(Yit | Vi<t Li, Cs)
i=1 =1
(1
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Raw text Tagged text

./ Will newspapers become a thing of the past ? \I
! [...] Some people , however, still believe that |
they can exist for long time ; others disagree, !
arguing that newspapers have lost their :
1
|
|
1
|
|

: arguing that

competitive advantage to sustain their

. - rolonged existence
prolonged existence . Personally , | am inclined P! g

to agree with the latter view for following
reasons . First of all , to obtain information,
using the internet is quicker and more
convenient than reading newspapers . [...] As
can be seen , these devices and machines are

Argument
Component

S " Will newspapers become a thing of the past?
1 [...] Some people, however, still believe that

I they can exist for long time ; others disagree,
newspapers have lost their
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5 S (ACIM) ' i i i i ines i
very common in all parts of the world, making ! ' dz\rl‘l(s:eosf ?:ed mult;hlneskgre _\{ery (_:on'f\rnon in l|1|| : (ACCM) : dewcesf O|:d mu‘chmeskure very corr;mon in ?H
) ‘er for people to read a number of things ' ' P world, making it easier for people | ) barts of the world, making it easier for people
it easier for peop P 95 1 to read a number of things that newspapers 1 1 to read a number of things that newspapers
that newspapers can _not proylde n Oqu some : ! can not provide in only some pages ! ! can not provide in only some pages
pages . Hence , the print media has failed to \ ! H the print media has failed T MaijorClaim IH Py e 1
keep its important role in the provision of | | nence, < @ print media has fafecto 1 Premise | nence, = Epnimesiaiheslialedilo
N . | keep its important role in the provision of Clai keep its important role in the provision of
information . [...] , [N formation | aim !
N e e L - X

Vi
~

Figure 2: Workflow of our proposed approach: given a raw unstructured text, we perform fine-grained ACS by
tagging via our Argument Identification Module; these can hence be utilized for the downstream ACC task.

where L is the total number of documents in the
training set, 7; denotes the number of tokens in D7,
and Y; ; is the ¢-th token in D] . Intuitively, this
means that we want to optimize the set of parame-
ters € so that the considered LLM learns to properly
insert the argument delimitation tags while preserv-
ing the original structure of the document.

Argument Component Classification Module
(ACCM). For the ACC task, we obtain the ACCM,
implementing the classification function ~, as a
fine-tuned LLM by optimizing the following loss
function:

L m;

Lace(0) ==Y > log Py(cij|aij) ()

i=1 j=1

where L is the total number of document in the
training set, m; is the number of argument compo-
nents in the i-th document, a; ; is the j-th compo-
nent of document ¢, and c¢; ; is its corresponding
gold label (e.g., Premise, Claim, or Major Claim).
The goal is to train the model to classify each ar-
gument component based on its textual content,
across all documents in the corpus. The full set
of prompts utilized for fine-tuning our LLMs is
reported in Appendix A.2.

4.2 Models

We utilize small and open-weight Large Language
Models that are publicly available from the Hug-
gingface Hub.! This choice is motivated by
the possibility to train and use them under low-
resource constraints with proper inference times,
thus ensuring ease of access and scalability in AM
tasks (Favero et al., 2025). These include Liama3.1
8B Instruct, Qwen2.5 7B Instruct and Mistral v0.3

"http://huggingface.co/models

7B Instruct. Details on how we deploy and fine-
tune these models, as well as the main hyperparam-
eters we used, are reported in Appendices A.2-A.4.

4.3 Datasets

We conduct our experimental analysis by resorting
to two benchmark datasets for argument mining:

Persuasive Essays (PE) (Stab and Gurevych,
2017) containing 402 essays containing argument
components that are annotated with their start/end
positions, component types or classes (i.e., Major
Claim, Claim, Premise).

AbstRCT (Mayer et al., 2020) containing 659 ab-
stracts of Randomized Controlled Trials extracted
from PubMed, spanning three main categories,
i.e., neoplasms (neo), glaucomas (gla), and mixed
(mix). Note that, for this dataset, we follow previ-
ous studies (Mayer et al., 2020; Liu et al., 2023;
Cabessa et al., 2025) that consider Claim and Ma-
jor Claim as a single Claim class, and Evidence as
the Premise class. Additional details on datasets
are reported in Appendix A.1.

In contrast with earlier approaches, we do not
perform any preprocessing steps that would al-
ter the original text of these datasets. In this re-
gard, we avoided the manual insertion of additional
structural tags beyond those required for delimit-
ing argument components to facilitate segmenta-
tion (Cabessa et al., 2025), as we want our approach
to operate under realistic, unstructured input condi-
tions and avoid reliance on handcrafted cues that
may not generalize across domains. Similarly, we
avoided correcting grammatical errors in the orig-
inal data (Favero et al., 2025), as we require our
approach to faithfully adhere to the original text—
regardless of the presence of typos.
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4.4 Fine-tuning Strategies

We adopted the same prompting strategies pro-
posed in Cabessa et al. (2025) for ACC, and em-
ployed a slightly adapted version of the prompt
introduced in Favero et al. (2025) for ACS (cf. Ap-
pendix A.2). We resorted to the QLoRA strategy
to maintain the fine-tuning efficient, using a 4-bit
quantization of the model’s pre-trained weights,
and training a low-rank adaptation of these, thus
significantly reducing memory consumption and
computational requirements without sacrificing per-
formance (Dettmers et al., 2023).

4.5 Post-processing Strategies

As both our ACS and ACC problems are conceived
as text-generation tasks, it can occur that the consid-
ered LLMs might hallucinate (Huang et al., 2025),
thus generating a different number of argument
components compared to the ground truth.

To mitigate this issue, simply resorting to a
matching between enumerated tag delimiters (i.e.,
matching (AC;) from the ground truth with the one
predicted, provided that ¢ coincides) is not effective.
Indeed, if the considered LLM generates a different
number of components (being them less or more),
we will lose our ability to perform exact matching.

Therefore, we perform so-called Best-Matching
(BM) among candidate argument components by
means of their word overlap, aiming at matching
each ground truth component to the closest pre-
dicted one. A detailed overview of this process
is reported in Algorithm 1. Note that, as hal-
lucinations occur only rarely and to a negligible
extent, we omit cases with zero overlap in Algo-
rithm 1. Furthermore, we adopt a straightforward
word-overlap approach to enhance efficiency, as
our models are fine-tuned to preserve the original
word order of components, thereby reducing the
likelihood of misleading matches due to reordering.

5 Evaluation Metrics

Next, we introduce the set of metrics we considered
to evaluate the performances of our tested LLMs
on the ACS and ACC tasks.

5.1 ACS Metrics

ACS requires measuring how accurately the pre-
dicted argument components, i.e., annotated by the
fine-tuned LLMs, match with the human-provided
ground truth annotations. To capture this, we resort

Algorithm 1: Best Matching (BM)

: Predicted tagged text D*; Ground-truth
tagged text D"
Output : Matched pairs M C AC* x AC™

1 Step 1: ACs Extraction

Input

2 Use regex to extract: AC™ = {x1, ..., Zm=};
ACT ={y1, ..., ym~ }
3 Step 2: Pairing ACs
4 Initialize M < 0 ;
s foreach: € [1,...,m"] do
6 k=0;¢;, =0;
7 forj € [1,...,m"] do
8 overlap = M
min (|, [y;])
9 if overlap > c; then
10 | i =overlap;k=7j;
1 end
12 if overlap = 1 (i.e., exact matching) then
13 | break
14 end
15 end
16 M+ MU {(zi,yx)};
17 ACT +— AC" \{y;};

18 end

19 return M

to both token-level labeling as well as argument-
level overlap and similarity metrics.

Given a collection of L documents D =
{D1, D, ...,Dr}, we apply the LLM-based seg-
mentation function f to obtain the predicted an-
notations D* = {Dj, D3, ..., D} }, where D} =
f(D;). From each annotated document D}, we
extract the set of predicted argument components,
denoted by AC". Let us denote with D] the ground
truth human annotations available for each docu-
ment D;, and with ACT the corresponding compo-
nents. To evaluate annotation quality, we rely on
the following set of established reliability metrics.

Correlation Over Argument Component
Counts. As in Kasner et al. (2025), we first count
how many argument components were annotated
for each document in D} compared to D as:

p(D*, D7) = p({|AC |, |ACT |)i=1,...L)  (3)

where p is the Pearson correlation coefficient, i.e.,
the higher the better.

BIO. (Ramshaw and Marcus, 1995) We convert
both predicted and ground-truth documents into
BIO-labeled sequences, where token beginning an
argument, including the opening tag, are labeled
as B (Begin), inner tokens within the boundaries
of the argument are labeled as I (Inside), and to-
kens outside any argument component, including
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the closing tag, are labeled as O (Outside). We
compute the corresponding Fj score based on the
obtained labeled sequences. This score is particu-
larly sensitive to boundary errors or segmentation
mismatches, which can typically occur in LLM-
based approaches (cf. Section 4.5).

Precision, Recall, and F;. We consider argument-
level precision (P), recall (R), and F1-score metrics,
as typically used in similar tasks (Da San Martino
et al., 2019; Kasner et al., 2025), adapting them to
the ACS task to measure the alignment between
predicted and gold-standard argument component
annotations as outlined next. Let us denote with M
the sequence of matched pairs obtained by applying
the Best Matching algorithm over a pair of tagged

and ground-truth documents (D}, D]). We can
define document-level P and R as:
1 . .
P(D;,D]) = sl
| M;| |z
(@i,y:)EM;
1 |I'Z N yz|
R(D!, D7) = (5)
DLPD =gz 2 T

(@) EM;

with N indicating the word-level overlap between
predicted and human-annotated components.

These scores are then aggregated for a tagged
corpus D* and its ground truth corpus D7 using a
weighted average approach as follows:

P(D*,D7) = ZP (D}, DY) - | M)

(6)

\Ml

R(D*, D7) =

‘M|ZRD* D7) - | M|
(7

Finally, we obtain the F7-score as the harmonic
mean between P and R.

ROUGE. Since the aforementioned metrics do not
account for the sequential order of words within
argument components, we also resort to ROUGE-
L (Lin, 2004), which evaluates the longest com-
mon subsequence (LCS) between the predicted and
reference spans, thereby capturing both content
overlap and word order alignment.

POS Distribution Divergence. Beyond surface-
level token overlap, we also deepened at the com-
position of predicted components, compared to

the ground-truth ones, by analyzing their Part-of-
Speech (POS) distributions. The rationale here is
twofold: (i) POS allows us to gain insights into
the syntactic role of included/excluded tokens, and
(i1) we can investigate whether and to what extent
the LLM is omitting uninformative or structurally
irrelevant parts (e.g., determiners, conjunctions),
or mistakenly excluding essential argumentative
elements (e.g., nouns, verbs). To quantify this, we
compute the Kullback-Leibler divergence as:

P(i)

Dki(P|| Q) = ZP ) log, ( 210

) ®

where P and () represent the relative frequencies
of POS tags in the i-th ground-truth and gener-
ated components, respectively. The lower the diver-
gence, the higher the fidelity in capturing argument-
relevant language.

5.2 ACC Metrics

For this task, we adopted standard evaluation
metrics derived from the confusion matrix of
the corresponding multi-class classification prob-
lem—namely, the macro-averaged precision (P),
recall (R), and F'i-score (F1).

6 Experimental Results

In this Section, we report and discuss the results
we obtained for the Argument Component Segmen-
tation task, unveiling whether and to what extent
fine-tuned LL.Ms are able to match human expert
annotations for argument components in raw texts.
Furthermore, we investigate the impact of fully au-
tomated ACS in the downstream ACC task. Inter-
ested readers can refer to Figure 8 (Appendix B.3)
for a qualitative analysis of our proposed approach.

6.1 Argument Component Segmentation

Tables 1-2 report the ACS performances of our
considered LLMs across the datasets presented in
Section 4.3. We next discuss them by metric.

Correlation Analysis. The correlation coeffi-
cient p in Table 1 shows a notable alignment be-
tween the number of predicted argument compo-
nents and the ground-truth annotations. This is
particularly evident for the PE and AbstRCT (gla)
datasets, where models exhibit a very high corre-
lation, consistently around 0.9, with Mistral being
the more robust. Conversely, AbstRCT-neo and mix
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Persuasive Essays AbstRCT (gla) Persuasive Essays
Model (4bit) p pred  gold p  pred gold Model (4bit) BIO IO P R Fy R-L
Llama 3.1 8B 0.918 14.438 0.878 6.320 Llama 3.1 8B 0.710 0.857 0.907 0.907 0.906 0.966
Mistral v0.3 7B | 0.942 14.528 14.512| 0.872 6.320 5.940 Mistral v0.3 7B 0.910 0.925 0.910 0.920 0.914 0.966
Qwen 2.5 7B 0.908 14.738 0.868 6.430 Qwen 2.5 7B 0.888 0.908 0.908 0.918 0.912 0.960
AbstRCT (neo) AbstRCT (mix) ADbstRCT (gla)
Model (4bit) p pred  gold p  pred gold Model (4bit) BIO IO P R F R-L
Llama 3.1 8B 0.679 5.970 0.790 6.630 Llama 3.1 8B 0.914 0.945 0.878 0.886 0.882 0.988
Mistral v0.3 7B | 0.712 6.630 6.860 | 0.787 5.980 6.000 Mistral v0.3 7B 0.909 0.938 0.873 0.884 0.878 0.986
Qwen 2.5 7B 0.685 7.230 0.721 6.390 Qwen 2.5 7B 0.912 0.942 0.877 0.875 0.875 0.986
Tab1§ 1: Pearson correlation and average number of AbstRCT (neo)
predicted (pred) vs. ground-truth (gold) argument com- Model (4bit)y  BIO IO P R Fi R-L
ponents across documents in the test datasets. Llama3.18B 0898 0.927 0875 0.897 0.885 0931

appear to be more challenging, achieving the high-
est correlations of 0.71 (Mistral) and 0.79 (Llama),
respectively. These trends are further supported
by the average number of predicted components,
which closely matches the gold annotations (cf. Ta-
ble 1). Most models tend to predict slightly more
components—typically just one extra, on average—
which can often be traced back to cases where a
single gold component is split into two due to the
filtering of conjunctions or discourse markers, lead-
ing the model to segment the argument more finely,
as illustrated in Figure 8 (Appendix B.3).

BIO Tags. The BIO F} scores reported in Table 2
provide a stricter assessment of segmentation qual-
ity, as they reward only exact matches between pre-
dicted and gold-standard argument spans, reflecting
the challenge of precise boundary alignment. The
strongest performance is observed with Mistral on
PE (0.910), Llama on AbstRCT-gla (0.914), and
Mistral again on AbstRCT-neo and -mix (0.912 and
0.906, respectively). The corresponding 10 values
suggest that most discrepancies were due to differ-
ing B tag positions. Qualitative analysis indicated
that LLMs tend to omit initial tokens they deem un-
informative compared to human annotators, while
still correctly identifying the core argumentative
tokens, as shown in Figure 7.

KL-Divergence. This robustness is further sup-
ported by the Kullback-Leibler divergencies re-
ported in Table 11 (Appendix B.2), which reveal
no shift in Part-of-Speech distributions between
predicted and ground-truth components. Notably,
slightly higher discrepancies are observed in ex-
ternal tokens, i.e., those omitted by the LLM but
included by human annotators, thus highlighting
the tendency to filter out less informative elements.

Mistral v0.3 7B 0.912 0.934 0.876 0.897 0.886 0.983

Qwen2.57B  0.893 0.917 0.879 0.889 0.883 0.980
AbStRCT (mix)

Model (4bit) BIO IO P R R RL

Llama3.18B  0.904 0.940 0.878 0.891 0.884 0.984

Mistral v0.3 7B 0.906 0.941 0.876 0.887 0.880 0.983

Qwen2.57B  0.899 0.934 0.881 0.885 0.881 0.981

Table 2: ACS results on the test datasets averaged over
20 runs. Best scores are bolded. R-L means ROUGE-L.

Precision, Recall, and F;. Under overlap-based
metrics, which allow for a more flexible match-
ing, all models exhibit strong P and R, with an F
score consistently ranging between 0.87 and 0.92.
This suggests that, despite occasional boundary
mismatches, the core content of argument compo-
nents is correctly preserved and predicted.

ROUGE-L. The quality of these core overlaps
is further reinforced by the very high ROUGE-L
scores, which reach the maximum for PE and are no
lower than 0.99 across all AbstRCT subsets. These
results underscore that, even when exact boundary
matches are not achieved (as hinted by BIO scores),
the predicted components maintain a highly faith-
ful reproduction of the gold-standard content. In-
deed, the preservation of the longest common sub-
sequence (LCS) indicates that the models consis-
tently capture essential lexical and structural parts
of the arguments, ensuring high fidelity despite
surface-level discrepancies.

Comparison with Baseline Approaches. To
further validate the effectiveness of our proposed
approach and models, we compare them against
prompt-based baselines under zero-shot and few-
shot settings. As shown in Table 3, there is a
substantial performance gap, as the performance
gains achieved by our method cannot be repro-
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\ PE AbstRCT (avg)

Model Type| BIO 10 | BIO 10
FT |0.710 0.857]0.905 0.937

Llama3.18B FS |0.409 0.546|0.469 0.427
ZS 0284 0.414(0.388 0.317

FT [0.910 0.925[0.909 0.938

Mistral v0.3 7B FS | 0.342 0.450 |0.399  0.343
ZS 10.170 0.254]0.228 0.327

FT |0.888 0.908[0.901 0.931

Qwen257B FS |0.417 0.494]0.483 0.543
ZS |0.182 0.268 |0.224  0.335

Table 3: Comparison between Fine-tuning (FT), Few-
shot (FS), and Zero-shot Prompting (ZS) in the ACS
task. AbstRCT scores are aggregated over splits.

Dataset ‘ Method ‘ BIO
Ours (Mistral v0.3 7B) 0.910

Persuasive Essays | Petasis (2019) 0.901
Stab and Gurevych (2017) | 0.867

Morio et al. (2022) 0.852

Ours (Llama 3.1 8B) 0.914

AbstRCT (gla) Mayer et al. (2020) 0.870
Morio et al. (2022) 0.703

Ours (Mistral v0.3 7B) 0.912

ABSRCT (n€0) |\ ver et al. (2020) 0.910
. Ours (Mistral v0.3 7B) 0.906

ABSRCT (mix) | \pover et al. (2020) 0.910

Table 4: Comparison with competing methods on ACS.

duced through direct prompting alone, even under
a few-shot setting, further strengthening the advan-
tages of our proposed approach.

Comparison with Earlier Approaches. Table 4
shows that our proposed approach consistently out-
performs prior works on ACS, or matches them in
the most challenging cases. The observed gains,
especially on complex datasets like AbstRCT (gla),
support the suitability of fine-tuned LLMs for ACS,
thanks to their greater contextual awareness com-
pared to earlier approaches. Notably, these ap-
proaches typically leverage structural and syntactic
features (Stab and Gurevych, 2017), contrasting
with our more generalizable, generative setting.

Cross-domain Evaluation. We also performed
a cross-domain evaluation, aiming to validate
whether and to what extent models trained on a do-
main (e.g., essays) can generalize to other, unseen
domains (e.g., scientific abstracts). As reported in
Table 5, there is an asymmetry in generalization
across domains. Models trained on essays main-
tain strong in-domain performance and still handle
scientific abstracts reasonably well. In contrast,

‘ ‘ Test
Model | Train | PE  AbstRCT (avg)
Llama 3.1 8B iistRCT 8;(7) 82;8(5)
Mistral vO3 7B | L 8:312 8:;38
Qwen2.57B Z];:)stRCT 81222 gjgg?

Table 5: Cross-domain BIO scores. Models are trained
on one domain and tested across multiple, unseen do-
mains. Training on AbstRCT is performed using the neo
split only. AbstRCT values are averaged across splits.

models trained exclusively on scientific abstracts
achieve excellent results within that domain but
transfer very poorly to essays. We ascribe this con-
trast to two factors: (i) the prevalence of special-
ized technical vocabulary in AbstRCT compared
to PE, and (ii) the fact that PE contains a richer
and more explicit argumentative structure than Ab-
stRCT. Accordingly, models trained on AbstRCT
struggle to recognize the variety of argumentative
structures in PE, resulting in a decrease in perfor-
mance. Conversely, while models trained on PE
might face difficulty in handling the technical lan-
guage of AbstRCT, this impact is limited due to
greater generalizability.

6.2 Argument Component Classification

To assess the impact of automated segmentation
on the downstream ACC task, we fine-tuned our
LLMs for ACC using the training split of each
gold-standard dataset. For evaluation, we tested
each model on two settings: one using human-
annotated components and one using automatically
segmented components. For the latter, we selected,
for each dataset in Table 2, the output from the
best-performing ACS model. This setup allows
us to directly quantify the performance gap intro-
duced by automated segmentation. The compara-
tive results reported in Table 6 show that the per-
formance of the downstream ACC task remains
particularly stable when switching from human-
annotated to automatically segmented argument
components. Indeed, the drop in F} is negligible
across all considered datasets and models, being
consistently below 0.06, resp. 0.008, for PE, resp.
AbstRCT. Interestingly, in some cases (e.g., Mistral
on AbstRCT-mix), the automatically generated seg-
ments might also induce better ACC performances
than the human-annotated ones (A < 0).

5161



Persuasive Essays

Human Ours
Model (4bit) P R F P R F AF;
Llama 3.1 8B |0.884 0.875 0.879|0.837 0.833 0.835| 0.044
Mistral v0.3 7B | 0.870 0.864 0.867|0.799 0.803 0.801| 0.066
Qwen2.57B |0.860 0.850 0.855|0.815 0.804 0.809| 0.046
Morio et al. — - 0.796| - — 0.666| 0.130
AbstRCT (gla)
Human Ours
Model (4bit) P R F P R F AF,
Llama 3.1 8B ]0.930 0.922 0.926|0.925 0.917 0.921| 0.005
Mistral v0.3 7B [ 0.934 0.934 0.934|0.935 0.930 0.933| 0.001
Qwen2.57B |0.940 0.931 0.936|0.939 0.920 0.928| 0.008
Morio et al. — —  0.676| — — 0.450] 0.226
AbstRCT (neo)
Human Ours
Model (4bit) P R FF P R P AF,
Llama 3.1 8B ]0.931 0.920 0.925|0.930 0.916 0.923| 0.002
Mistral v0.3 7B [ 0.938 0.932 0.935|0.934 0.928 0.931| 0.004
Qwen2.57B |0.940 0.933 0.936|0.954 0.935 0.944 |-0.008
AbstRCT (mix)
Human Ours
Model (4bit) P R FF P R P AF,
Llama 3.1 8B |0.949 0.941 0.945|0.949 0.942 0.945| 0.000
Mistral v0.3 7B | 0.946 0.949 0.947|0.955 0.958 0.957|-0.010
Qwen2.57B  |0.952 0.949 0.951|0.953 0.946 0.950| 0.001

Table 6: ACC results on the test datasets averaged over
5 runs. AF is the gain in F; by humans over LLMs.
For Morio et al. we report the values as in their paper.

Notably, these results contrast with previous
work where automated ACS is found to cause a
strong reduction in ACC performances (Ding et al.,
2023; Favero et al., 2025). For example, Morio
et al. (2022) observed a reduction in Fj of 0.130
and 0.226, considering the PE and AbstRCT-gla
datasets, respectively. Conversely, we demonstrate
that our automated paired-tag annotation schema
performed via fine-tuned LLMs produces segmen-
tations of high quality, leading to reliable ACC.

7 Conclusions

Argument Mining has advanced significantly in re-
cent years, but a major bottleneck remains: most
pipelines still depend on limited, manually anno-
tated datasets, an approach that is costly, unscal-
able, and restricts broader adoption. At the same
time, robust methods for automating Argument
Component Segmentation are still lacking.

In this work, we address this gap by introducing
a fine-grained annotation schema for reliable seg-
mentation, implemented through fine-tuned LLMs

that match human-level segmentation quality while
offering scalability and cost-efficiency.

We evaluated its impact on the downstream Ar-
gument Component Classification, finding no drop
in performance compared to human-labeled data,
thus demonstrating that automated segmentation is
feasible and properly supports downstream tasks,
paving the way for truly end-to-end pipelines.

Future work will extend our framework to tasks
like relation extraction and classification, aiming
to fully automate the Argument Mining pipeline.
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A Additional Details on Methodology

A.1 Data

Tables 7-8 provide details on the train/test splits as
well as the number of components for each dataset
used in our work.

Component Class ‘ Count

Split ‘ Essays

Train | 322 Major Clalm 751
Test 20 Claim 1,506
- - Premise 3,832
_Toul | 402 Total | 6,089

Table 7: Statistics (left) and component details (right)
for the Persuasive Essays dataset.

‘Split Abstracts Components

Train | neo 350 2291
neo 100 691
Test | gla 100 615
mix 100 609

Table 8: Statistics for the AbstRCT dataset.

A.2 Prompts

Figures 3—4 show the prompt templates defined for
the Argument Component Segmentation task and
the corresponding Alpaca format for the fine-tuning
process on the Persuasive Essays (PE) dataset.

Likewise, Figures 5—6 report the templates we
used for the Argument Component Classification
task. Note that these templates were slightly ad-
justed to accommodate the specific formatting of
each dataset outlined in Section 4.3.

A.3 Models

To ease reproducibility, Table 9 reports the Hug-
gingFace tags for the models used in our study.

Name HuggingFace ID

Llama 3.1 8B meta-1llama-3.1-8b-instruct-bnb-4bit
Mistral v0.3 7B mistral-7b-instruct-v@.3-bnb-4bit
Qwen 2.5 7B Qwen2.5-7B-Instruct-unsloth-bnb-4bit

Table 9: Detailed references for the (4 bit) models used
in this study.

ACS Prompt

#TASK: Segment the following essay into distinct
argument components. At the start of each argu-
ment component, insert the marker (AC™). At the

end of each argument component, insert the marker
(JAC™).

* is a sequential enumeration that starts from 0. Keep
the original text in the same order without adding,
removing, or altering any words (other than inserting
the (AC™*)(/AC™) markers).

#GUIDELINES: Identify each coherent segment that
forms a logical unit of the argument (e.g., claims,
premises, evidence, or conclusions).

Figure 3: Example of prompt for the Argument Compo-
nent Segmentation task on the PE dataset.

ACS Alpaca

{"instruction": "#TASK: Segment the following es-
say into distinct argument components. [...]",

"input": "From this point of view , I firmly believe
that we should attach more importance to cooperation
during primary education . [...]",

"output": "From this point of view , I firmly believe
that <ACO> we should attach more importance to co-
operation during primary education </ACO> . [...]"}

Figure 4: Example of Alpaca format for fine-tuning over
the Argument Component Segmentation task on the PE
dataset.

ACC Prompt

### You are an expert in Argument Mining. You are
given an essay which contains numbered argument
components enclosed by (AC™)(/AC™) tags.

Your task is to classify each argument components in
the essay as either Major Claim, Claim, or Premise.

You must return a list of argument component types
in the following JSON format:

{component_types: [component_type (str), compo-
nent_type (str), ..., component_type (str) ] }

Figure 5: Example of prompt for the Argument Compo-
nent Classification task on the PE dataset.
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ACC Alpaca

non

Premise, ... ]}"}

{"instruction": "### You are an expert in Argument
Mining. You are given an essay [...]",

"input": "### Here is the essay text: Should students
be taught to compete or to cooperate? [...]",

"output": "{component_types: [MajorClaim, Claim,

Figure 6: Example of Alpaca format for fine-tuning over
the Argument Component Classification task on PE.

Parameter Value
Train epochs 5
Train batch size 2
Gradient accumulation steps 4
Learning rate Se-5
LR scheduler type cosine
Warmup ratio 0.1
Max grad norm 1.0
Finetuning type lora
LoRA target all
Quantization bit 4
LoRA + LR ratio 16.0
FP16 True

Temperature Model default

Table 10: Fine-tuning parameters for our LLMs.

A.4 Hyperparameters

All models were fine-tuned through the LLaMA-
Factory Python library (Zheng et al., 2024), using
the hyperparameters reported in Table 10, on a
single consumer NVIDIA RTX 3090 (24GB) GPU.

B Additional Details on Results

B.1 Tagging Mismatches

Figure 7 reports an example of a mismatch be-
tween ground-truth (top) and predicted (bottom)
arguments due to the filtering out of tokens deemed
as potentially uninformative.

B.2 Part-of-Speech Evaluation

Table 11 reports Part-of-Speech tagging KL diver-
gencies, which serve as a proxy for consistency
during the Argument Component Segmentation
process as they reflect how well the model pre-
serves the original syntactic structure during seg-
mentation. Notably, across datasets, we observe
extremely low divergencies, suggesting that fine-
tuned models learn to insert paired tags to delimit

2https://github.com/hiyouga/LLaMA-Factory

As can be seen , these devices and machines are :

very common in all parts of the world , making it easier 1

for people to read a number of things that newspapers
can not provide in only some pages

I
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| As can be seen, these devices and machines are
E very common in all parts of the world, making it easier
' for people to read a number of things that newspapers

Figure 7: Example of mismatch between ground-truth
(top) and predicted (bottom) arguments due to poten-
tially uninformative tokens.

Persuasive Essays

Model (4bit) External  Internal

Llama 3.1 8B 481 xe™3 516 x e~?

Mistral v0.3 7B 592 x e ? 141 xe?

Qwen 2.5 7B 119 xe3 1.58 x e
AbstRCT

Model (4bit) External  Internal

220 x e 3 350 x et
Llama 3.1 8B (neo) 523 x e * 473 xe?
Llama 3.1 8B mix) 1.97 xe™® 274 xe™*

Mistral v0.3 7B (glay  2.26 X e=%  4.17 x e~ %
Mistral v0.3 7B (neo) 4.00 x e™* 3.32 x e™*
Mistral v0.3 7B (mix) 1.88 x e™3 1.75 x e™*

Qwen 2.5 7B (gla) 207 xe 3 273 xe?
Qwen 2.5 7B (neo) 4.55 x e 349 x e
Qwen 2.5 7B (mix) 3.19x e 226 xe?

Llama 3.1 8B (gla)

Table 11: KL divergencies for POS-tagging on the test
datasets. External, resp. internal, refer to the tokens
outside, resp. inside, the argument components.

argument components without disrupting the lin-
guistic integrity of the raw input text.

B.3 Qualitative ACS and ACC Example

Figure 8 provides a comparison of the ACS and
subsequent ACC tasks between human annotators
and LLMs on a sample from Persuasive Essays.
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Human Annotation - Human Classification

The expression " Never , never give up " means keep trying and never stop working Many individuals throughout their life face
with at least one failure in different areas such as education , love and economy . Some believe when a person faces with a
failure the best way is to forget that and releases that ; however , | completely disagree with this idea . | always believe that
<ACO> a defeated person has to try and try until to achieve her or his goal </ACO> . First of all, <AC1> when people face with a
failure they can learn a large number of things from that failure , therefore in the next effort they try to avoid doing and
repeating that mistakes </AC1> . For instance , <AC2> most of inventors in the first phases of their job face with some problems
and defeats , but in the next stages they learn how to deal with problems </AC2> . Second of all , <AC3> experience shows
while people doing a job constantly , they become more experienced in that subject , so in the final effort they become
successful with the high percentile </AC3> . For example , <AC4> scientists experiment a substance for a long time , after they
gain lots of experience and knowledge about that subject they decide to make it final </AC4> . To sum up, | would maintain that
<AC5> people should not give up when they face with a failure </AC5> . In opposite , <AC6> they have to learn new points from
that failure , and they become more experienced </AC6> .
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The expression " Never, never give up " means keep trying and never stop working Many individuals throughout their life face
with at least one failure in different areas such as education, love and economy. Some believe when a person faces with a
failure the best way is to forget that and releases that ; however, | completely disagree with this idea. | always believe that
<ACO> a defeated person has to try and try until to achieve her or his goal </ACO>. First of all, <AC1> when people face with a
failure they can learn a large number of things from that failure </AC1>, therefore <AC2> in the next effort they try to avoid
doing and repeating that mistakes </AC2>. For instance, <AC3> most of inventors in the first phases of their job face with some
problems and defeats, but in the next stages they learn how to deal with problems </AC3>. Second of all, <AC4> experience
shows while people doing a job constantly, they become more experienced in that subject </AC4>, so <AC5> in the final effort
they become successful with the high percentile </AC5>. For example, <AC6> scientists experiment a substance for a long time,
after they gain lots of experience and knowledge about that subject they decide to make it final </AC6>. To sum up, | would
maintain that <AC7> people should not give up when they face with a failure </AC7>. In opposite, <AC8> they have to learn new
points from that failure, and they become more experienced </AC8>.

B e

Figure 8: Human- (top) vs LLMs-based (bottom) ACS and subsequent ACC tasks on the PE dataset.
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