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Abstract

Identifying arguments is a foundational stage for many forms of manual and automated dis-
course analysis, including the study of political deliberation, online dialogue, and scientific
reasoning. As such, the availability of rich open-access text corpora combined with powerful
Language Models (LMs) has sparked overall interest in Argument Mining (AM) research.

Nevertheless, two significant shortcomings persist. Specifically, there is an incomplete account
of the systemic factors that ostensibly propel progress and validate its acclaimed achievements
and enduring constraints that this oversight imposes on both the reliable extraction of argu-
ments across heterogeneous domains, particularly in the fast-paced context of social media.

To be precise, Twitter, recently rebranded as X, has become a global agora that shapes public
opinion and offers a rich source of conversational data, but systematic investigation of argu-
mentation on this platform remains scant. Second, despite steady methodological advances,
most argument systems are validated only on the datasets for which they were designed, leaving
their generalizability untested. This thesis tackles these issues with three interlinked studies.

At the data level, it introduces and fully documents the creation of the first conversation-
based corpus for mining arguments on Twitter. Findings reveal that Twitter debates frequently
involve meaningful information exchange and explicit reasoning. Furthermore, although human
argument recognition is highly sensitive to conversational context, the state-of-the-art (SOTA)
is driven by LMs that appear to attain strong performance when trained on such data. Closer
inspection, however, indicates that this performance is largely superficial and does not reflect
robust representational alignment of these models with the expected class semantics.

At the representation level, this work addresses the inherently entangled representations of
arguments on Twitter and proposes a pre-training strategy for LMs that disentangles and
refines them internally. By explicitly modeling argument structure at the component level and
capturing distinctions between those components, this approach generates representations that
are inherently more interpretable and more faithful to the intended semantics. The resulting
model surpasses earlier baselines on Twitter and generalizes robustly across topics.

Finally, an extensive re-evaluation and cross-application analysis assesses the most task-relevant
approaches and corpora, including those introduced in this thesis. Experiments reveal sharp
performance drops caused by dataset-specific artifacts related to topic and content, which cur-
rent SOTA LMs undesirably exploit when identifying arguments. Hence, this challenges the
informative value of isolated baseline experiments and the transferability of findings in AM.

Taken together, the thesis offers both a novel resource and a refined pre-training approach for
LMs that enhance the generalization of argument signals on Twitter, alongside a systematic
comparative study that highlights the limitations of existing research and sets the stage for
future advances in genuine argument identification.
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Symbols

Although every effort has been made to keep this thesis as accessible as possible, it cannot be
entirely free of mathematics. The mathematical components have been kept to a minimum,
yet some notation is unavoidable. To provide clarity, a brief overview of the symbols and
formulas used throughout the text is given here, and additional notation is introduced where
necessary.

Learning

f, Fy,0 : Abstract target function f, its approximation Fjy, the set of learnable parameters 6.
Cw, W : Classification model Cy;, with learnable parameters w.

Gyw,W : Feature representation model Gy with learnable parameters W.

T,t, 60 2 Atext T, ¢t = (tM, ... t(") a token sequence of a textual unit from 7.

V,y,5 : A set of possible labels ), y the true, and § the predicted label.

h, h¢ES B . Summary hTS of token representations h(¥) via Gy (t), h = hLS for simplicity.
H,R% d : Representation space H of Gy, a subset of the d-dimensional real vector space R%.
Measures

M,Md,SD : Mean, median, and standard deviation.

A : Difference or change between two values.

a : Krippendorft’s coefficient measuring inter-annotator agreement.

p : Spearman’s non-parametric correlation coefficient for monotonic relationships.

macro : Averaging strategy computing a metric per class and averaging equally across classes.
P,R,F1 : Precision, recall, and F1 as their harmonic mean.

F(dfy,df2) : F-statistic, ratio of explained to residual variance, degrees of freedom dfy, dfs.
t(dfy) : t-statistic, standardized difference between means, degrees of freedom df;.

Dy Peorr : Probability (uncorrected or corrected) of observing a result under the null hypothesis.
d : Cohen’s effect size quantifying the magnitude of a difference between two means.

né : Generalized effect size indicating the proportion of variance explained by a specific effect.
Operations

S(n) : The n-dimensional unit sphere on which vectors are normalized to unit length.

p(y|t) : Conditional probability distribution of labels y given input ¢.
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Chapter 1

Introduction

Communication. The word communication comes from the Latin word communis, meaning
commonness. To communicate is to create something in common with someone else, to share
an idea, a thought, or a feeling, and is about getting a sender and a receiver in tune with each
other (Schramm and Roberts, 1971).

What happens, however, when there is no common ground to start with? Then the task is
not just to share but to build what can be shared. How can this common ground be found?
Where are its limits, and how can these limits be identified and, in the best interest, overcome?
This is where argumentation comes into play, for it does not assume commonness but actively
works to create it (Eemeren and Grootendorst, 2003; Eemeren et al., 2014).

Arguments, in this sense, shape human reasoning, constitute a basis for inferring meaning
in challenging situations, guide collective decisions, and slip almost effortlessly into everyday
conversations (Cohen, 1984, 1987; Walton, 1996; Eemeren and Grootendorst, 2003; Toulmin,
2003; Mercier and Sperber, 2011; Eemeren et al., 2014), while standing as cornerstones of a
deliberative democracy (Lawrence et al., 2017; Inaki Goni, 2025).

However, developing systems and methods that can mimic or deal with this human characteris-
tic of applying language is a non-trivial problem in Natural Language Processing (NLP) (Dus-
manu, Cabrio, and Villata, 2017; Cabrio and Villata, 2018; Lawrence and Reed, 2019; Reimers
and Gurevych, 2019; Slonim et al., 2021).

At the heart of this lies one of its problems, Argument Mining (AM), which can be described as
the automatic identification and extraction of the structure of inference and reasoning expressed
as arguments presented in natural language (Lawrence and Reed, 2019).

While numerous surveys (Daxenberger et al., 2017; Cabrio and Villata, 2018; Lawrence and
Reed, 2019; Schaefer and Stede, 2021; Vecchi et al., 2021; Ajjour et al., 2023; Feger, Boland,
and Dietze, 2025; Romberg et al., 2025; Stahl et al., 2025) demonstrate that AM is an active
research area applied across a wide range of genres, its particular relevance becomes evident in
the context of social media. Thereby, these platforms are increasingly emerging as the primary
arena of Computer-Mediated Communication (CMC) (Simpson, 2002), where messages are
disseminated and received by many within the dynamics of mass communication (Perelman
et al., 1969; Schramm and Roberts, 1971).
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Figure 1.1: A Twitter conversation graph spanning ~30k tweets, created from three original
tweets for each of six controversial topics. Node size and brightness indicate the
in-degree, that is, the number of replies received by each tweet. The graph reveals
conversations where individual tweets attracted up to 4k direct replies, as well as
threads extending to eighty-one consecutive tweet—reply exchanges.

Considering, for example, a social media platform like Twitter (now X)! (Lippi and Torroni,
2016; Schaefer and Stede, 2021), even a brief examination of the platform reveals the broad
diversity of tweets. As is typical of user-generated content, they can vary widely in purpose
(Dusmanu, Cabrio, and Villata, 2017; Schaefer and Stede, 2021), tone (Agarwal et al., 2011),
and even show inconsistency when written by the same author (Tan, Lee, and Pang, 2014).

Under this circumstance, a single tweet may serve as a provocation, a rallying cry, a joke,
or nothing more than a mundane remark about lunch (Rogers, 2013). Although some tweets
reflect a sincere desire to engage in ongoing debates, others arise from very different motivations,
which is precisely what makes this type of user-generated data valuable for public interest
research (Rogers, 2013; Schaefer and Stede, 2021; Independent Technology Research, 2023).

Once replies begin, a tweet can develop into a rapidly expanding conversation network involving
thousands of participants (Nishi et al., 2016), as shown in Figure 1.1. Without any doubt,
as these conversations grow and their context becomes more complex, manually tracking each
tweet quickly becomes infeasible. Nevertheless, identifying argumentative excerpts within them
remains crucial for meaningful debate analysis (Lopes Cardoso et al., 2023), underscoring once
more the importance of automated solutions.

ITwitter is used hereafter to remain consistent with the publications.



1.1 Motivation and Problem Statement

Arguing, by whatever means, is not confined to Twitter. Rather, Twitter can be conceived as
a microcosm that reflects certain fundamental challenges of AM research in general.

What unites all AM projects is that, alongside conceptual questions such as what constitutes an
argument (Freeman, 1991, 2000; Toulmin, 2003; Walton, Reed, and Macagno, 2008; Lawrence
and Reed, 2019), they also confront practical challenges related to the comparability and
transferability of findings (Daxenberger et al., 2017; Geirhos et al., 2020; Thorn Jakobsen,
Barrett, and Sggaard, 2021), as well as the assessment of the so-called state-of-the-art (SOTA),
that is, identifying the field’s current best performance or approach (Lippi and Torroni, 2016).

While these challenges persist, they unfold in parallel with the rapid progress of Language
Models (LMs) (Rogers, Kovaleva, and Rumshisky, 2020; Saphra et al., 2024; Li et al., 2025;
Zhao et al., 2025), whose advances in capturing language, context, and nuance shape how such
issues can be addressed (Chen et al., 2024; Cabessa, Hernault, and Mushtaq, 2025).

This thesis arises from the premise that reliable and automated AM is and will become an
even more important technological aid for social media, society, and NLP in general because
the torrent of sources and the accelerating pace of debates will or already do exceed the fixed
limits of human attention. Without reliable AM research, that struggle will only intensify.

1.1 Motivation and Problem Statement

Generally speaking, a straightforward way to understand the problem of AM is to recognize
that despite the lack of an exact definition, researchers within this field usually focus on analyz-
ing discourse on the pragmatics level and applying a certain argumentation theory to model and
analyze textual data at hand (Habernal and Gurevych, 2017). In this process, increasing atten-
tion has focused on automatically identifying arguments based on their constituent elements, a
prerequisite for argument-centric downstream tasks (Cabrio and Villata, 2018; Lawrence and
Reed, 2019; Schaefer and Stede, 2021; Vecchi et al., 2021; Ajjour et al., 2023).

In this context, the problem statement of this thesis is aimed at a bilateral gap of AM:

G1 - The Twitter Gap: Despite the relevance of social media and Twitter’s role in public in-
terest research (Rogers, 2013; Independent Technology Research, 2023), argument iden-
tification in full Twitter conversations is understudied (Schaefer and Stede, 2021).

G2 - The Generalization Gap: Although advances in argument identification are frequently
reported across studies, concerns are growing over the real robustness and task alignment
of current SOTA LMs in NLP and AM alike (Geirhos et al., 2020; Saphra et al., 2024).
These issues and limitations are rarely addressed in AM research (Daxenberger et al.,
2017; Thorn Jakobsen, Barrett, and Sggaard, 2021).

In short, without the ability of LMs to automatically and consistently recognize arguments,
downstream tasks are prone to failure. Accordingly, claims of SOTA performance and findings
must rely on model- and data-centric AM that generalizes robustly and is evaluated against the
volatility of real-world debates, particularly those shaped by social media such as Twitter.
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1.2 Research Questions

In this section, the research questions of this thesis are presented as they derive from the
research gaps motivated in the previous Section 1.1. Each research question corresponds to
one of the primary publications of this thesis, which are listed in the next Section 1.3. It is
important to note that these questions represent a canonical progression from the previous
ones and reflect an expansion of the overall research scope. Moreover, each research question is
further divided into sub-questions, which individually contribute to the overarching answer.

While Q1 and Q2 are still closely tied to G1 (i.e., Twitter-specific issues), Q3 is formulated
in a more general manner and addresses G2, namely the broader generalization gap across the
literature. Q3 thus extends the core ideas of Q1-2 beyond the Twitter context to the more
general task of argument identification in scholarly literature.

It should also be emphasized that Q1-2 are not explicitly stated in their respective publica-
tions, whereas Q3 is reflected in its corresponding publication, albeit in a paraphrased form.
Nevertheless, each chapter concludes with a discussion of the corresponding research questions
and its sub-questions, with Chapter 3 addressing Q1, Chapter 4 answering Q2, and Chapter 5
concerning Q3. The overarching answers are then synthesized in the concluding remarks of
Chapter 6.

Q1: Can arguments be extracted within entire Twitter conversations?
Q1.1: How can an annotation scheme for arguments in conversations be designed?
Q1.2: What annotation quality can a resulting gold dataset achieve?
Q1.3: What baseline results do SOTA models yield on this dataset?
Q2: Do SOTA models inherently predict arguments in Twitter conversations?
Q2.1: Can the semantics of Twitter arguments be encoded and represented?
Q2.2: How well do learned representations generalize across topics?
Q3: Does reported progress in argument identification reflect genuine advances?
Q3.1: How comparable are existing AM benchmark datasets?
Q3.2: Do SOTA models transfer their abilities across benchmarks?

Q3.3: What do SOTA models actually learn when identifying arguments?
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1.3 Publications and Contributions

The following types of publications delineate the scholarly output generated over the course of
this thesis and their function within the overarching problem statement of AM.

Primary Publications constitute the backbone of the thesis. Within these, the central re-
search questions Q1-3 are addressed, the core methodology is articulated, and the key findings
are presented. For each primary study, the specific contributions of all authors are outlined,
and their scope and context in advancing the thesis argument are explained.

Secondary Publications are complementary to these and stem from the broader research
contributions of this thesis or from the ideas, challenges, and solutions they present. These
publications are not included in the main body of the thesis but are suggested for further
reading as they provide additional context on the broader scope of the research. The main
author’s contributions are indicated, with each placed within the research line and explicitly
linked to the relevant primary publication.

1.3.1 Primary Publications

The following peer-reviewed publications represent the core contributions of this thesis and
reflect the central research questions, methodologies, and findings of this thesis:

Paper 1: Marc Feger and Stefan Dietze (May 2024a). “TACO — Twitter Arguments from
COnversations”. In: Proceedings of the 2024 Joint International Conference on Computational
Linguistics, Language Resources and Evaluation (LREC-COLING 2024). Ed. by Nicoletta Cal-
zolari et al. Torino, Italia: ELRA and ICCL, pp. 15522-15529. URL: https://aclanthology.
org/2024.1rec-main. 1349

Scope and Context: For answering Q1, this paper presents a data-centric contribu-
tion, introducing the first dataset of Twitter Arguments from COnversations (TACO)
that captures full conversations on six controversial topics, enabling the study of argu-
ment components within real-world social media interactions. It also highlighted both
theoretical and practical challenges related to bias, usability, and the establishment of
reliable ground truth data for AM. Baseline evaluation involved fine-tuned LMs, follow-
ing best practices within AM literature. While achieving numerical SOTA performance,
the error analysis indicated that these results stemmed from model confusion between
tweet classes belonging to the same overarching category (argument vs. no-argument)
and from reliance on superficial signals rather than true task alignment. These early
limitations motivated efforts to improve model-sided capabilities in reliably handling and
generalizing elements from different types of tweets toward their joint and pragmatic role
in constituting arguments.

Contributions: The contributions and achievements of this paper are the result of
ongoing and close cooperation between both authors. Marc Feger conceived the research
idea, obtained Twitter research access, and oversaw data collection and hosting.
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He also developed the annotation framework and managed the recruitment, training,
and compensation of annotators. Stefan Dietze contributed equally by providing domain
expertise, actively shaping the planning, execution, and evaluation of the experiments
and acquired data, and offering valuable feedback on editorial decisions and conceptual
discussions throughout the process. In particular, it should be noted that he initiated the
error analysis, which ultimately revealed the limitations that gave rise to the subsequent
research questions and contributions of this thesis. Both authors were involved in every
written iteration of this paper. Of special note is that the experience and supervision of
Stefan Dietze proved essential in fruitfully implementing the reviewers’ feedback, which
ultimately led to the acceptance of this paper at the LREC-COLING conference.

Paper 2: Marc Feger and Stefan Dietze (June 2024b). “BERTweet’s TACO Fiesta: Contrast-
ing Flavors On The Path Of Inference And Information-Driven Argument Mining On Twitter”.
In: Findings of the Association for Computational Linguistics: NAACL 2024. Ed. by Kevin
Duh, Helena Gomez, and Steven Bethard. Mexico City, Mexico: Association for Computa-
tional Linguistics, pp. 2256-2266. DOI: 10.18653/v1/2024.findings-naacl. 146. URL:
https://aclanthology.org/2024.findings-naacl. 146

Scope and Context: In response to Q2, this paper presents a model-centric contri-
bution by demonstrating that enhancing pre-training and incorporating theoretical in-
sights on structural argument components into the baseline model of TACO through text
augmentation and Contrastive Learning (CL) improves its performance at the represen-
tational level. WRA Presentations (WRAP), the resulting LM of this process, not only
boosts performance across diverse classes of tweets but also enables effective cross-topic
AM on TACO, whereas relying solely on standard cross-entropy loss fails to preserve
critical argument-specific signals when applied to out-of-distribution (0.0.d) data. This
work lays the groundwork for rethinking the foundations of AM by raising two broader
questions. First, based on the applied text augmentation and cross-topic performance of
WRAP, it examines whether detecting arguments on Twitter truly requires in-domain
training or if models can instead be effectively trained using data from other domains.
Second, it investigates whether the representational improvements proposed here gener-
alize beyond Twitter and whether the limitations addressed by WRAP persist in other
benchmarks as well.

Contributions: This work is the result of the close collaboration of both authors. Marc
Feger originated the research idea and was responsible for the planning, execution, and
evaluation of the experiments as well as the data analysis. Stefan Dietze contributed
to these aspects and provided critical feedback on experimental and editorial decisions
while also engaging in in-depth discussions on possible improvements, particularly in
relation to the limitations identified in the first main contribution of this thesis and
their connection to the comparative and generalization experiments. Both authors were
involved in every written effort that ultimately shaped the work into its current form and
led to its acceptance at the NAACL conference on the first attempt.
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Paper 3: Marc Feger, Katarina Boland, and Stefan Dietze (July 2025). “Limited Gener-
alizability in Argument Mining: State-Of-The-Art Models Learn Datasets, Not Arguments”.
In: Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers). Ed. by Wanxiang Che et al. Vienna, Austria: Association for
Computational Linguistics, pp. 23900-23915. URL: https://aclanthology.org/2025.acl-
long.1164/

Scope and Context: Addressing Q3, this work provides an evaluation-focused con-
tribution and demonstrates that despite strong benchmark performance, SOTA LMs for
argument identification tend to overfit to dataset-specific artifacts, which limits their
cross-dataset generalization. Task-specific pre-training on structural signals of argument
components, as introduced with WRAP, yields slightly improved representations and
transferability across datasets with differing theoretical assumptions. However, overall
generalization remains low. The same pattern can be observed when training on com-
bined data sources, where both improved pre-training and vanilla LMs showed small
improvements compared to single-dataset transfer experiments that involve training on
one dataset and testing on another. Yet performance remained far below the SOTA on
individual benchmarks. Strikingly, performance drops most for datasets that had pre-
viously been considered easy to learn. Perhaps most surprising are the manipulation
experiments where only content words are retained. Under these conditions, models
achieve nearly the same or even better results, which suggests that they may not cap-
ture much beyond lexical content. Altogether, these findings expose key limitations of
current benchmark assumptions and emphasize the need to reconsider data, model, and
evaluation practices that define the current notion of the SOTA within AM.

Contributions: This work is also the result of an utterly positive team effort by all
authors. Marc Feger originated the research idea and was responsible for the planning,
implementation, execution, and evaluation of the experiments as well as the data analy-
sis. Both Katarina Boland and Stefan Dietze provided critical feedback on experimental
decisions, contributed to revisions of the paper, and actively engaged in discussions re-
garding the central ideas. In particular, Katarina Boland’s input on dataset collection,
assessment, and evaluation, as well as her contributions to the experimental design con-
cerning sufficient dataset sizes, were essential. Equally important was Stefan Dietze’s
critical engagement in formulating the research questions and interpreting the observed
results, which directly guided the design of the manipulation experiments. He further
emphasized the need to assess the empirical and practical relevance of the findings, a
contribution that proved central to the overall success of this paper. All authors were
involved in every written iteration of the paper. Especially Katarina Boland’s and Stefan
Dietze’s handling of reviewer feedback, along with the additional experiments carried out
in response, as well as Stefan Dietze’s guidance on the structure of the paper, contributed
decisively to its acceptance in the special track of the ACL conference.
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1.3.2 Secondary Publications

In addition to the primary publications, the following works are related to or have emerged
alongside the thesis research. These include collaborative efforts, secondary studies, and sup-
porting investigations that complement the main line of inquiry.

Paper 4: Jan Steimann, Marc Feger, and Martin Mauve (2022). “Inspiring Heterogeneous
Perspectives in News Media Comment Sections”. In: Human Interface and the Management
of Information: Visual and Information Design. Ed. by Sakae Yamamoto and Hirohiko Mori.
Cham: Springer International Publishing, pp. 118-131. 1SBN: 978-3-031-06424-1. DOI: https:
//doi.org/10.1007/978-3-031-06424-1_10

Scope and Context: The development of this work was shaped by foundational insights
from TACO, particularly in the creation and evaluation of data annotations. The collab-
oration that emerged from this context was vital, with WRAP to assess the relevance of
online comments proving crucial to follow-up work (Steimann, 2025). This collaboration
underscores the broader applicability and transferability of methods and findings from
this thesis (Feger and Dietze, 2024a,b), highlighting their relevance and the value of AM
for advancing research in related domains.

Contributions: The idea of recommending comments based on other comments orig-
inated with Martin Mauve. Building on this foundation, Jan Steimann developed the
concept into a comprehensive ecosystem of components for suggesting comments across
diverse communities. He designed the recommendation model, which in follow-up pub-
lications incorporated the approach proposed in the second contribution of this thesis,
implemented the two-step method for timely suggestions, conducted the evaluation, and
authored the full paper. Marc Feger strengthened the work by implementing and hosting
the annotation platform and by offering valuable guidance on conducting the annota-
tions and assessing their quality, drawing on the first contribution of this thesis. The
joint effort ultimately led to the paper being accepted in its current form at the HCII
conference.

Paper 5: Yannick Zelle, Thibault Grison, and Marc Feger (2024). “SciTok - A Web Scraping
Tool for Social Science Research”. In: HCI International 2023 — Late Breaking Posters. Ed.
by Constantine Stephanidis et al. Cham: Springer Nature Switzerland, pp. 103-109. ISBN:
978-3-031-49212-9. DOIL: https://doi.org/10.1007/978-3-031-49212-9_14

Scope and Context: This contribution builds on ideas from the data extraction tool
used to gather TACO, which was developed for Twitter (Feger and Dietze, 2024a) and
was guided by content moderation approaches specific to that platform (Grison et al.,
2023), to enable data collection and content analysis for other platforms, notably TikTok.

Contributions: Yannick Zelle initiated his bachelor thesis project in collaboration with
Marc Feger, building on an idea by Thibault Grison to extract data on content moderation
related to LGBT topics from TikTok. He was responsible for developing the technical
solutions, conducting the experiments, and writing the bachelor thesis.



1.3 Publications and Contributions

Thibault Grison and Marc Feger provided the conceptual input, shaped the research
direction, and supported editorial decisions. In addition, Marc Feger contributed to
the development and validation of the data extraction tool, drawing on his experience
with data gathering from Twitter in the first contribution of this thesis. In addition, he
carefully reviewed the work, supervised the resulting publication, and actively supported
its further elaboration and development, which ultimately led to its acceptance as a
conference paper on the first submission trial at the HCII conference.

Paper 6: Simon B. Weber, Marc Feger, and Michael Pilgermann (2024). “Don’t Stop Be-
lievin’: A Unified Evaluation Approach for LLM Honeypots”. In: IEEE Access 12, pp. 144579—
144587. poI: 10.1109/ACCESS.2024.3472460

Scope and Context: This contribution illustrates that research into conversational
dynamics, the creation of standardized annotation frameworks and evaluation method-
ologies as employed for TACO, the exploration of representation properties in LMs, as
exemplified with WRAP, and the generalization of methods across datasets as explored
in the third paper extend well beyond the boundaries of AM. The overarching aim was to
identify an LMs capable of generalizing across different conversational turns (Feger and
Dietze, 2024a,b; Feger, Boland, and Dietze, 2025) to distinguish between legitimate and
malicious responses in an attacker and defender scenario and simulating a server under
attack, framing a form of technical dialogue between the two sides (Weber, 2025).

Contributions: Simon Weber, bringing in his expertise in cybersecurity, initiated the
project by proposing the evaluation of Large Language Models (LLMs) as honeypot back-
ends, preparing the datasets, and generating the evaluation data. Together with Marc
Feger, who contributed his expertise in NLP, he developed and tested the annotation
framework. Building on insights from the first and second contributions of this thesis,
Marc Feger led the annotation evaluation, analyzed conversational dynamics between
honeypots and attackers, and devised the distance-based method for assessing response
convincingness, drawing on prior experience with semantic similarity and LMs. Simon
Weber conducted the dataset comparisons and analyzed command complexity as well
as, at Marc Feger’s request, the methodological generalizability in relation to the third
contribution of this thesis. Simon Weber and Marc Feger co-authored the paper in equal
parts, while Michael Pilgermann enriched the project through idea exchange and provided
valuable feedback on the drafts, which ultimately led to its acceptance and publication
in the renowned IEEE Access journal on the first submission attempt. The collaboration
itself was initiated on the suggestion of Martin Mauve, whose role, though not named as
co-author, was instrumental in bringing the involved researchers together.
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Paper 7: Marie Braun and Marc Feger (2025). “TextLabel: A Web Application for Stream-
lining Text Annotation and Classification”. In: HCI International 2025 Posters. Ed. by
Constantine Stephanidis et al. Cham: Springer Nature Switzerland, pp. 243-250. ISBN: 978-
3-031-94171-9. DOTI: https://doi.org/10.1007/978-3-031-94171-9_21
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Scope and Context: This paper addresses practical challenges encountered during
the annotation process for several contributions of this thesis (Feger and Dietze, 2024a;
Steimann, Feger, and Mauve, 2022; Weber, Feger, and Pilgermann, 2024) and particu-
larly bottlenecks arising from repeated cycles of model training and evaluation required in
real-world implementation scenarios (Feger and Dietze, 2024b; Feger, Boland, and Dietze,
2025). Central to this contribution is a web-based application, TextLabel, which provides
a click-and-select pipeline for constructing and executing text classification workflows, in-
cluding annotation, training, and evaluation, with minimal coding effort. By addressing
these challenges through an integrated and user-friendly interface, the work offers im-
provements that benefit not only AM but also NLP projects more broadly.

Contributions: Marc Feger initiated the development of an automated tool for text
annotation and model training, building on the efforts of the main contributions and the
first secondary contribution of this thesis, thereby laying the foundation for the project.
Under his supervision, Marie Braun significantly advanced this work through both her
bachelor’s and master’s theses, in which she combined theoretical considerations with
practical implementations for data annotation and the standardization of LM training,
including their abstraction into a pipeline architecture. She further contributed sub-
stantially to the design and implementation of both the backend and frontend, along
with other technical aspects related to the deployment of the tool. Her contributions
strengthened the technical implementation and included conducting and evaluating the
field experiments. Marc Feger guided the process, ensuring their coherence and scientific
rigor, and oversaw their transformation into a research paper. The paper itself was writ-
ten and revised in close collaboration between the two authors, which ultimately led to
its immediate publication by the HCII conference.



1.4 Outline

1.4 Outline

This thesis follows the canonical order of its contributing publications along the corresponding
research questions Q1-3, as these build on one another in such a way that the conclusion of
each serves as the initial question for the next.

Chapter 2, at first, establishes the conceptual and methodological foundations of this thesis. It
starts with a motivating introduction that uses practical examples and real-world use cases to
show where AM is used. Drawing on theoretical literature, the chapter continues by describ-
ing the communicative role and structure of arguments, provides a formal task description of
AM, and outlines its canonical pipeline. The focus then turns to applied research, reviewing
prevailing practices, genre coverage, and computational approaches to argument identifica-
tion. Collectively, these preliminaries provide a descriptive overview that contextualizes and
motivates the empirical investigations presented in the subsequent chapters.

Chapter 3 is primarily data-centric and addresses Q1 by introducing the TACO dataset, de-
scribing its construction, the modeling of argument components within coherent Twitter con-
versations, and the development of a corresponding annotation scheme. Furthermore, this
chapter presents the final dataset and baseline results. It also identifies their limitations in
preparation for Q2, focusing on ambiguous tweet representations and the baseline model’s ten-
dency to exploit artifacts, such as text length, that are not tied to the target class semantics.

Chapter 4 is model-centric and is concerned with Q2 by introducing WRAP, an enhanced
TACO baseline. It shows how class definitions can be explicitly turned into a learning task
for enhancing the representations associated with their intended semantics. Best-practice ap-
proaches are then systematically compared, showing that text augmentation and CL are par-
ticularly effective for improving semantic representations in TACO. Beyond concrete gains in
baseline performance and cross-topic generalization for AM on Twitter, the chapter also raises
the broader question of how well AM baselines generalize at all.

Chapter 5, for the purpose of answering Q3, is evaluation-centric, surveying and re-evaluating
the findings from Chapter 3 and 4, while also revisiting the literature and SOTA models and
datasets presented in Chapter 2. In doing so, it systematically examines the pairwise and com-
bined transferability of baseline methods and datasets. In contrast to the descriptive overview
in the preliminaries, this survey chapter provides a more fine-grained and numerical analysis
of model performance and dataset properties that defines the current literature. The analysis
shows that while some improvements achieved in this thesis can be partially transferred to
other research contributions, the generalizability between these remains fundamentally lim-
ited. Comparative experiments highlight that much of the reported SOTA performance is not
the result of capturing the underlying class semantics of arguments but rather of exploiting
dataset-specific artifacts related to topics and content.

The final Chapter 6 then summarizes the primary contributions and findings of this thesis
(Q1-3) and outlines directions for future research in the field of AM.
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Chapter 2

Preliminaries of Argument Mining

This section presents the fundamental theoretical and practical concepts of Argument Mining
(AM), which form the basis for the discussions and approaches adopted throughout this thesis,
with particular emphasis on argument identification, which constitutes the central focus of this
work. In one way or another, the preliminary concepts presented here reflect the best practices
available at the time this thesis and its respective contributions were developed.

The preliminaries begin with a brief overview of AM applications, highlighting the matter’s
relevance and diverse domains of use while providing context for the research problem that
motivates the subsequent theoretical and practical explorations. Thereafter, the section delves
into the key theoretical foundations that underpin AM, as well as the practical methodologies
that guide its implementation. In particular, a detailed survey is provided of existing literature,
including both AM frameworks and the LMs that are commonly utilized with them, offering
insights into their history, areas of application, and trends.

2.1 Understanding the World Through Argument Mining

Undoubtedly, the range of applications in which arguments are formulated and employed is not
only rooted in a long historical tradition but has also become nearly ubiquitous in contemporary
contexts. Thereby, it is a common aspect of daily life to engage with information, develop
personal interpretations, and, when appropriate, communicate these perspectives to others,
which often shift quickly into the digital sphere. Thereby, as of October 2025, approximately
5.66 billion people worldwide use social media primarily to stay connected, follow news, and
engage with trending topics (DataReportal, 2025). Regardless of the setting in which such
communication occurs, it is an iterative process that involves the collection of information, the
formation of beliefs, and the articulation of messages and feedback (Schramm and Roberts,
1971; Eveland and Cooper, 2013).

To provide an initial sense of context, Figure 2.1 illustrates several common settings in which
arguments occur. These include social media platforms such as Twitter, political and legal
discourse involving figures like Elon Musk in relation to his acquisition of Twitter and his
connections to Donald Trump, as well as scientific writing and reviews, extending to user
feedback on products and films.

13



Chapter 2 Preliminaries of Argument Mining

Figure 2.1: A brief inspiration of possible application areas for AM.

While a comprehensive account of all AM applications and research exceeds the scope of
this thesis, various notable scientific contributions should be mentioned to provide a general
overview. Surveys covering 103 datasets on various argument quality criteria (Romberg et al.,
2025) and 71 datasets related to computational argumentation (Stahl et al., 2025) are to be
listed in this context. Likewise, 59 datasets focusing on topic ontologies, that is, the thematic
coverage of datasets within AM research, are reported (Ajjour et al., 2023). Another key
contribution is the third paper of this thesis (Feger, Boland, and Dietze, 2025), which reviews
52 datasets related to argument detection. Earlier studies also provide valuable insights, with 18
datasets surveying argument-centric tasks (Cabrio and Villata, 2018) and 6 datasets identifying
specific argument components like claims (Daxenberger et al., 2017).

Given such comprehensive literature, it is unsurprising that research in the field of AM has
yielded a diverse body of work, reflecting the wide-ranging contexts in which arguments occur.
Therein, prominent areas of investigation encompass political discourse (Haddadan, Cabrio,
and Villata, 2019), as well as user-generated content on social media platforms, including
Twitter (Feger and Dietze, 2024a; Schaefer and Stede, 2021), Reddit (Hidey et al., 2017), and
various other digital environments where online discussions take place (Walker et al., 2012;
Habernal and Gurevych, 2015; Swanson, Ecker, and Walker, 2015; Stab et al., 2018; Cheng et
al., 2022). Closely related to these are deliberative applications in the context of participation,
including online civic engagement (Liebeck, Esau, and Conrad, 2016), e-rulemaking (Niculae,
Park, and Cardie, 2017), and deliberation in political science (Falk and Lapesa, 2022).
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2.1 Understanding the World Through Argument Mining

Another important area of deliberation, in which the usage of arguments comes to mind, is
e-commerce, where purchasing decisions and consumer opinions play a significant role. Such
contributions include arguments found in Amazon product reviews (Chen et al., 2022), the
comparison of arguments related to different brands or products (Panchenko et al., 2019), or
their relevance (Wachsmuth, Stein, and Ajjour, 2017; Feger, Steimann, and Meter, 2020).

Further domains involve communication that is not directly connected to public participation
platforms like social media or civic engagement forums. These include discussions of financial
reports (Alhamzeh et al., 2022), presentations of essays (Stab and Gurevych, 2014, 2017), or
research (Lauscher, Glavas, and Ponzetto, 2018; Fergadis et al., 2021) including peer reviews
(Hua et al., 2019; Fromm et al., 2021) and abstracts (Mayer, Cabrio, and Villata, 2020b).

In addition, arguments also appear in other contexts of knowledge dissemination, for example,
on Wikipedia (Biran and Rambow, 2011; Aharoni et al., 2014; Levy et al., 2018), as well as in
everyday news (Al-Khatib et al., 2016b; Hautli-Janisz et al., 2022) and law (Palau and Moens,
2009; Teruel et al., 2018; Poudyal et al., 2020; Grundler et al., 2022; Habernal et al., 2023).

At this stage, it would certainly be possible to identify numerous additional applications and
studies related to AM. However, the central observation is that AM does not address a narrowly
defined or isolated problem. Instead, it constitutes a broadly applicable problem that extends
across various domains and applications of communication. In any context where communica-
tion and the exchange of ideas occur, AM either already serves a practical function or presents
clear potential for meaningful implementation to make sense to the real or digital world.

However, to develop effective approaches for AM, it becomes crucial to consider the nature of
the data involved. Specifically, one must distinguish whether arguments are already explicitly
annotated or present within the data or whether they must first be scraped and automatically
identified. This distinction has significant implications for the design of AM systems and the
selection of appropriate techniques, as it directly influences the complexity and scope of the
task.

2.1.1 Explicit Argument Data

Ideally, the data under consideration is already available in a structured format, where argu-
ments do not need to be extracted from raw text but can instead be accessed directly. Such
explicit argument data often originates from applications specifically designed to support the
exchange and analysis of arguments. Examples include debating platforms such as Dialog-
Based Online Argumentation (D-BAS) (Krauthoff et al., 2018) or Social Linked Arguments
(SoLAr) (Feger, 2021), which guide users through a dialogue process and force the formulation
of arguments via predefined input fields. Similar structures can also be found in platforms
and formats developed to facilitate and organize real-world online deliberation (Kriplean et
al., 2012; Schneider and Meter, 2019), as well as in web-based discussion environments like
kialo.com (Mezza, Wobcke, and Blair, 2024), args.me (Ajjour et al., 2019), or procon.org,
which allow users to systematically construct and organize pro and con arguments.
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The concept of the Argument Web (AW) (Reed et al., 2017) builds on such platforms by
seeking to integrate explicit argument data within a broader ecosystem of specialized tools,
services, and systems for which the focus does not lie within the conventional boundaries of
NLP, particularly in terms of LMs or automated pipelines to identify arguments. Instead,
the focus lies on the structured collection of arguments explicitly indicated as such by users,
supported by standardized frameworks and interfaces that guide users through debates and
facilitate the articulation and storage of the resulting data, for instance, using the Argument
Interchange Format (AIF) (Rahwan and Reed, 2009).

Consequently, from an NLP standpoint, the need for automatic argument identification is
significantly reduced in these settings. This is because the platforms themselves, through
a combination of user incentives and platform design, make arguments explicit and directly
accessible. This supports tasks such as argument similarity (Misra, Ecker, and Walker, 2016),
argument search (Boltuzi¢ and Snajder, 2014; Ajjour et al., 2019), or the acquisition of research
data (Walker et al., 2012; Al-Khatib et al., 2016a; Reed et al., 2017).

Nonetheless, it remains debatable whether such applications and data sources are widespread
or merely academic idealizations of structured debate on social media, rather than reflecting
platforms where users engage at scale and arguments must be distinguished from other content
after a text is published.

2.1.2 Arguments within Noise

On the other side of explicitly structured argument data is a broad category of data, which
may even represent the majority of cases, that exists in an unstructured form and requires
the automated identification and extraction of arguments along with related methodologies to
access and pre-process the data.

In such applications, arguments are not directly available, nor are the contents readily accessible
to AM models. This includes, for example, spoken interactions such as transcribed debates
(Haddadan, Cabrio, and Villata, 2019; Shnarch et al., 2020; Alhamzeh et al., 2022), images
(Kiesel et al., 2021; Liu et al., 2023), and audio (Olshefski et al., 2020; Mestre et al., 2021).
In these cases, AM efforts are closely linked to traditional data pre-processing tasks and the
associated challenges, such as transcription errors and related issues.

While platforms such as Twitter (Schaefer and Stede, 2021), Reddit (Hidey et al., 2017), or
news agencies like the BBC (Hautli-Janisz et al., 2022) provide access to their data, it is
still necessary to, for example, extract conversational structures (Feger and Dietze, 2024a),
approximate such (Bosc, Cabrio, and Villata, 2016), or develop appropriate scrapers to extract
the content (Steimann, Feger, and Mauve, 2022; Zelle, Grison, and Feger, 2024).

Broadly speaking, data is most commonly unstructured and requires substantial effort to make
it suitable for AM research, posing the challenge of distinguishing arguments from noisy or
irrelevant content across sources that differ in complexity (Lopes Cardoso et al., 2023), but
offering access to large volumes of unfiltered user-generated data.
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2.1.3 Emerging Applications in Large Language Models

In this context, AM can also be considered gaining practical relevance for modern applications
of LLMs such as ChatGPT (OpenAl, 2025). Models like Large Language Model Meta Al
(LLaMA) (Grattafiori et al., 2024) or Generative Pre-trained Transformer (GPT) (Radford
et al., 2019) not only set new standards for the use of NLP technologies but are increasingly
moving into the public and scientific spotlight because of their apparent ability to engage in
human-like communication. Thereby, such models do not merely process language but aim to
emulate human reasoning and discourse, including the formulation, exchange, and evaluation
of arguments (Bender et al., 2021; Saphra et al., 2024; Zhou et al., 2024a), and are increasingly
being integrated into AM research, with applications ranging from argument identification and
relation modeling (Cabessa, Hernault, and Mushtaq, 2025) to argument generation (Chen et
al., 2024) and instruction tuning (Stahl et al., 2025).

A central point of current debate is whether such are genuine Large Reasoning Models (LRMs)
capable of reasoning about factual relationships, referring to their ability to construct coherent
arguments to solve problems and to communicate the underlying process effectively (Lawsen,
2025; Shojaee et al., 2025). Against this backdrop, the relevance of AM goes beyond the use of
such models, as it also concerns the acquisition and structuring of high-quality data on which
these data-hungry systems depend (Bender et al., 2021).

2.2 Argument Mining in Theory

In addition to exploring the potential applications of Argument Mining (AM), it is essential
to address its foundations. While the mining aspect is reserved for later discussion, the term
argument involves defining the concept and engaging with theoretical frameworks explaining
what constitutes an argument. Although no exhaustive definition exists (Wagemans, 2016;
Stab et al., 2018; Lopes Cardoso et al., 2023; Feger, Boland, and Dietze, 2025), the term
argument can be approached from various theoretically grounded perspectives (O'Keefe, 1977;
Reed and Walton, 2003; Toulmin, 2003; Lopes Cardoso et al., 2023).

Arguments as a Product: The product-oriented perspective, typically associated with a
bottom-up approach, focuses on the structural properties of individual argument instances.
This perspective aims to identify abstract, transferable patterns, often referred to as argument
schemes or frameworks, capable of describing a wide range of argument types (Eemeren and
Grootendorst, 2003; Eemeren et al., 2014) and to find those features of an argument that stay
the same and independent of their use case or content (Toulmin, 2003).

Arguments as a Process: In contrast, the process-oriented perspective, similar to a top-down
approach, views arguments as communicative acts embedded in discourse in which the focus
shifts to their pragmatic and dialogical dimensions (Eemeren and Grootendorst, 2003; Eemeren
et al., 2014), how arguments are used, negotiated, and responded to within communication
(Schramm and Roberts, 1971; Toulmin, 2003).
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While the distinction between arguments as products and as processes is not always clearly
defined (Lopes Cardoso et al., 2023), the process-based perspective provides a valuable concep-
tual framework for understanding the purpose of arguments within communicative contexts. It
contributes to a more profound understanding of what an argument is, along with the theoret-
ical considerations that are relevant to its practical application. In contrast, the product-based
perspective is more closely concerned with applied aspects such as structure, formalization,
and identification, which will be addressed in subsequent Subsection 2.2.2 of this thesis.

2.2.1 The Communicative Role of Arguments

When considering arguments as a dynamic process, the notion of argumentation naturally
comes to mind. This association is by no means inaccurate. In fact, the terms Argument
Mining (AM) and Argumentation Mining (AM) are often used interchangeably to describe the
computational analysis of argumentative discourse (Lawrence and Reed, 2019).

Nonetheless, it remains to be clarified which specific characteristics and purposes of communi-
cation, particularly those related to argumentation, arguments have within that process.

Communication: According to the basic Schramm model (Schramm and Roberts, 1971),
communication is understood as the exchange of information, ideas, or attitudes between at
least two participants. This exchange presupposes three essential components. These are a
sender, a message, and a receiver, whose interaction forms the foundation of any communicative
act and enables the transmission and interpretation of meaning.

Specifically, the sender encodes information or thoughts into a message using natural language,
supported by verbal and non-verbal signals, all shaped by personal experience. Aiming to trig-
ger similar thoughts and mental images in the receiver’s mind, the message is then interpreted
by the receiver, who decodes it based on their background and perspective. This interpreta-
tion, in turn, is translated into individual thoughts and returned to the sender as feedback,
expressing the receiver’s understanding of the original message. Communication is therefore
not a one-way transmission but a dynamic and mutual exchange of meaning.

Communication and Problems: As introduced, the term communication originates from
the Latin word communis and refers to the pursuit of commonness (Schramm and Roberts,
1971). However, this common ground can be called into question when different experiences,
inaccurate information, misinterpretations, or poorly encoded messages from communicators
impair mutual understanding and must first be actively established and questioned.

In this context, messages are shaped with the intention of conveying to the receiver that one’s
own views and assumptions are valid and of providing justification for them (Toulmin, 2003).

Ideally, this leads to the identification of common ground if the issue is tame, in the sense
of having a self-evident solution upon which a consensus can be reached. However, many
disputes involve abstract problems shaped by moral values, personal experiences, or political
motivations. In such situations, there is no clear solution, no absolute right or wrong, but
rather better or worse compromises that need to be established (Rittel and Webber, 1973).
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This becomes especially apparent in CMC (Simpson, 2002), particularly in social media en-
vironments, which represent contemporary forms of classic mass communication (Schramm
and Roberts, 1971) and share similar communicative challenges. These, among others, include
messages being exposed to outer noise that interferes with the original message (Shannon,
1948), for example, through interpretation by many minds (Perelman et al., 1969) and their
amendment in the process (Boyd, Golder, and Lotan, 2010).

Hence, it is within these problem-oriented forms of communication, which themselves are prone
to errors, where attempts are made to establish commonness, where advantages and disadvan-
tages of solutions are considered, that specific messages need to take on a particular role
therein.

Argumentation: In a broader sense, one might argue that argumentation, at its most funda-
mental level, is the existence of a shared language and thus a technique that enables commu-
nication to take place (Perelman et al., 1969), and that it does not fundamentally differ from
what is generally understood as the use of everyday language (Eemeren and Grootendorst,
2003; Eemeren et al., 2014).

More specifically, in the context of problems and communication, argumentation can be un-
derstood as a linguistic necessity, meaning a specific mode of communication concerned with
what is defensible, plausible, or probable, particularly in cases where no self-evident, obvious,
or exact solutions to a problem exist or can be decided (Perelman et al., 1969).

Combining these perspectives on communication, argumentation can be considered a verbal,
social, and rational activity that involves the use of language directed toward others, grounded
in individual assumptions, and aimed at persuading by presenting standpoints either supporting
or in opposition to a particular issue (Eemeren and Grootendorst, 2003).

However, not every expression necessarily constitutes such a specific message, and the inter-
pretation of such expressions depends on their pragmatics, meaning the inclusion of contextual
information and background knowledge, which allows them to fulfill a context-specific function
within the communication process (Eemeren and Grootendorst, 2003; Eemeren et al., 2014).

Against this background, an argument can be understood as a specific type of message in
the communication process. It is a problem-oriented exchange that invites mutual feedback
and adaptation of the message itself. This message serves a persuasive purpose by providing
justification through feedback on the credibility of one’s viewpoint, beliefs, and experiences, and
it requires careful attention to the pragmatic-dialectical context, including relevant background
information, the broader conversational setting, and the recipient’s interpretation, all of which
are also subject to change.
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2.2.2 The Constitution of Arguments

Rather than viewing arguments as embedded within the interactive process of argumentation
between at least two opponents, an alternative approach considers arguments as the outcome,
the product, of this form of communication, emphasizing the identification of those components
that are fundamental to their meaning, function, and representation in language (Freeman,
1991; Simosi, 2003; Katzav and Reed, 2004; Freeman, 2011; Lopes Cardoso et al., 2023).

In fact, there are commonly established theories (Perelman et al., 1969; Eemeren and Grooten-
dorst, 2003; Reed and Walton, 2003; Toulmin, 2003; Katzav and Reed, 2004; Walton, Reed, and
Macagno, 2008; Eemeren et al., 2014) that define stereotypical patterns of arguments, which
lead to individualized lists of schemes that must be named on a case-by-case basis through the
use of identification questions specific to each argument type therein (Wagemans, 2016).

For instance, there are schemes that encompass as many as 104 distinct stereotypes of argu-
ments, such as the argument-from-expert-opinion, argument-from-position-to-know, argument-
from-lack-of-knowledge, or the slippery-slope-argument (Walton, Reed, and Macagno, 2008).
Actually, entire periodic tables of arguments have been developed, outlining how they can
theoretically be described (Wagemans, 2016).

Due to the large number of different argument schemes, initial concerns have arisen regarding
their practicability beyond the idealized conditions of argumentation theory, particularly about
making these diverse stereotypical forms accessible and consistently usable for AM systems
(Katzav and Reed, 2004; Rahwan and Reed, 2009). This problem is best exemplified by
the widely used Toulmin model (Toulmin, 2003), which comprises six components that are
not always present or used in real-world arguments (Freeman, 1991; Simosi, 2003; Habernal
and Gurevych, 2015). Moreover, the underspecification or even contradiction of identification
questions and their interpretation also merits critical consideration of such kinds of argument
schemes (Wagemans, 2016).

A Standard Approach to Arguments: Despite the absence of a universally accepted
nomenclature and definitional scope for arguments (Stab et al., 2018), a broadly standardized
framework is employed within the field of AM (Thomas, 1986; Freeman, 1991, 2011; Lawrence
and Reed, 2019), which serves as a conceptual foundation for articulating the theoretical prin-
ciples underlying argument structure and function of the respective components. Therein, an
argument is described as consisting of two kinds of statements where the premises provide
reasons to support the main point, the conclusion, an argument is trying to establish.

In this context, deviations in terminology from the aforementioned components may arise, such
as the colloquial use of a conclusion as a claim, which might be employed synonymously in the
standard approach (Freeman, 1991). To maintain conceptual clarity, the terms premise and
conclusion will be used consistently from this point until Subsection 2.3.2, which is devoted to
explicating various frameworks that build upon the standard approach.
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Accordingly, it is important to bear in mind that a variety of alternative descriptions exist,
sometimes referred to as the flat or simple argument model (Aharoni et al., 2014; Stab et al.,
2018; Fromm et al., 2021), all grounded in the notion of representing arguments in terms of
their structural composition, or, put differently, their argument kernel (Fergadis et al., 2021).

In this sense, arguments can be understood as a canonical structure A = (C, P) with P =
{Py,..., Py} where k > 1, C denotes the conclusion, and P the set of premises (Freeman,
1991, 2011; Wachsmuth, Stein, and Ajjour, 2017; Feger, Steimann, and Meter, 2020).

However, despite the widespread use of this representation, one has to decide whether an ar-
gument in its minimal form (k = 0) can consist solely of a conclusion without any explicitly
stated premises (Palau and Moens, 2009; Habernal, Eckle-Kohler, and Gurevych, 2014). En-
thymemes exemplify this issue (Hitchcock, 1985; Lawrence and Reed, 2019) because they rely
on a premise presumed to be common knowledge or considered obvious to the audience.

In any case, the minimal condition for something to qualify as an argument is the explicit
presence of the point it seeks to establish, that is, the conclusion, for without such a focal
element the argument would be pointless (Freeman, 1991, 2011).

While the primary focus may lie on the formalized structure of arguments, their actual linguistic
realization as textual structures may also be worth considering in this context. Thereby, textual
structures and their interrelations are ideally made explicit through specific lexical cues (Cohen,
1984, 1987) like because, therefore, or for this reason, which indicate functional relationships
between text segments by marking both the transition points and the scope of the connected
elements (Mann and Thompson, 1987; Knott and Dale, 1994).

Although such cues are not always overtly realized, particularly when argument components
remain implicit or when less attention is given to fair and deliberate language use (Lopes
Cardoso et al., 2023), they also do not always convey unambiguous meaning, as illustrated by
the word since, which can function as either a temporal or a causal marker (Pitler and Nenkova,
2009). Nonetheless, these cues constitute an integral part of language. Thereby, authors
frequently employ them strategically to facilitate the reader’s identification and interpretive
processes (Cohen, 1984, 1987; Knott and Dale, 1994). For example, concluding elements can be
emphasized by cue phrases such as therefore or as a result, sequences by first or then, contrasts
by however or but, and justifications by because, since, or as, thus directly emphasizing special
parts of the text and giving an indication about the role of these individual statements in an
argument (Cohen, 1984; Knott and Dale, 1994).

Turning back to the structure of arguments, the canonical model of premises and conclusion
can be expanded to include various stereotypical patterns and derived hybrid forms that arise
from the interplay of these components (Thomas, 1986; Freeman, 1991, 2011; Lawrence and
Reed, 2019; Lopes Cardoso et al., 2023).
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Typical structures of conclusion and premise include the following:

Convergent Argument Structures have multiple indepen-
dent premises that each support the conclusion on their own. @ @

Ezample: Because the road is icy p, and the car
has worn-out tires p,, it is reasonable to conclude

that driving fast would be dangerous. ¢,

Linked Argument Structures have premises that work to-
gether to support the conclusion.

Example: Because Altbier has a rich, malt

flavor p, and that flavor pairs perfectly with its
top-fermented character p,, it follows that Altbier

offers a uniquely balanced taste experience. ¢,

Sequential Argument Structures present premises in a
logical chain, where each premise supports the next one, lead-
ing to the conclusion.

Bzample:  After the new medication was

administered too late to_effectively combat the
infection p,, as a matter of fact, this delay allowed

the T virus to spread unchecked p,, therefore

humanity will turn into zombies ¢, .

E-E-®

Divergent Argument Structures have one premise that
supports multiple independent conclusions and represent a

special case in which separate arguments emerge.

Ezample: This coffee is strong p,, so it is not only @ @

great for waking up in the morning ¢, but also

useful for pulling all-nighters. ¢,

2.2.3 The Argument Mining Pipeline

After outlining how arguments are constituted, AM will be defined more precisely as a struc-
tured sequence of standardized tasks, as is conventionally described in scholarly literature
(Palau and Moens, 2009; Peldszus and Stede, 2013; Cabrio and Villata, 2018; Lawrence and
Reed, 2019; Vecchi et al., 2021; Cabessa, Hernault, and Mushtaq, 2025). Thus, the following
pipeline outlines the objectives and challenges of the first three AM steps, focusing on defining
the tasks rather than prescribing methods, while acknowledging, in line with the no-free-lunch
theorem (Wolpert and Macready, 1997), that no single approach might address all of them
equally well (Habernal, Eckle-Kohler, and Gurevych, 2014).
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Argument Mining as a Formalized Learning Task: In fact, each step in AM can be
regarded as a Supervised Learning (SL) task (Lippi and Torroni, 2015), in line with how such
tasks are typically defined in the Machine Learning (ML) literature (Mitchell, 1997; Wolpert
and Macready, 1997; Bishop, 2006).

To be precise, let T denote the set of textual units (e.g., sentences, sub-sentences, or words)
extracted from a text source (e.g., a document), and let ) denote the set of possible labels
associated with the respective step of the AM pipeline, specified later in this section.

It is assumed that there exists an (unknown) target function f : 7 — ), which maps each unit
t € T to its correct label y € V.

Since f is inaccessible, the task of AM is to learn a parameterized function Fy : T — Y, with 0
denoting the learnable parameters, that serves as an approximation of f. In ML terminology,
the learnable function Fy is referred to as the model, whereas f designates the abstract target
function. Throughout this thesis, the uppercase notation is used for the parameterized model,
while the lowercase notation denotes the underlying, unknown function.

In practice, models often estimate conditional probabilities p(y|t) over all labels in ), and the
prediction ¢ is taken as the label with the highest probability. Rule-based systems skip this
probabilistic step and deterministically define which label might apply to a given input ¢t. Both
can thus be considered defining a conditional mapping from inputs to predictions g, differing
only in whether this mapping is probabilistic or determined by fixed rules.

The objective during training is to optimize Fy by learning 6 on a labeled dataset (¢;,v;);,
such that the predictions §; = Fy(t;) approximate the true labels y; = f(¢;). To this end, a loss
function, such as the cross-entropy loss (Zhang and Sabuncu, 2018), is applied to quantify and
reduce prediction error, thereby guiding the learning of § toward alignment of Fyp with f.

This procedure is referred to as Supervised Fine-Tuning (SFT).

Argument Unit Detection: Building on this, the initial phase of AM focuses on identifying
segments of text that are relevant to argumentation, referred to as Argumentative Discourse
Units (ADUs), without yet assigning them specific roles such as premise or conclusion. This
step operates on a predefined, non-overlapping segmentation of the input text, with each
segment denoted by t € T. Segmentation is typically performed at the token, sub-sentence, or
sentence level, depending on the desired granularity.

Although segmentation can be treated as a task in its own right, it is most often provided
by the labeled dataset as a result of pre-processing during annotation. Nonetheless, when
segmentation is modeled explicitly, it is commonly approached as a sequence labeling problem
using token-level tagging schemes, which enable models to learn ADU boundaries directly from
annotated data (Habernal and Gurevych, 2015; Habernal et al., 2023).

In one way or another, at this stage, the goal is to distinguish between segments that contribute
to an argument and those that do not. The term argumentative is used here in a broad sense,
encompassing any kind of argument component. Accordingly, the label space for this sub-task
can be defined as Yapy = {ADU, -ADU}.
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Thereby, the objective is to detect ADUs by approximating the function fayp : T — Vapu,
which maps each text segment to its ADU status. The resulting ADUs, in turn, form the basis
for the subsequent classification of argument components. Nonetheless, it can be debated over
whether this step is necessary or can be replaced by directly labeling argument components,
which by definition are ADUs.

For a better understanding, however, consider the following example in which the ADUs are
emphasized.

Ezample (John F. Kennedy, 1962):

President Pitzer, Mr. Vice President, Governor, Congressman Thomas, Senator
Wiley, and Congressman Miller, Mr. Webb, Mr. Bell, scientists, distinguished
guests, and ladies and gentlemen: [...]

We choose to go to the moon in this decade and do the other things, not because

they are easy, but because they are hard, because that goal will serve to organize

and measure the best of our energies and skills, because that challenge is one that

we are willing to accept [...]

Thank you.

Argument Component Classification: Given the set of ADUs, denoted by 7apy, the next
step is to assign a functional role within an argument to each unit. These roles are drawn from
a predefined label set like Ycomponents = {Conclusion, Premise, @} based on the definition and
function of each component within the argument. Hence, this step transforms raw ADUs into
argument components or excludes them as non-components, if necessary, by approximating
facc : Tabu = Ycomponents, which maps each ADU to its corresponding component label.

In the following, the previously introduced ADUs are explicitly labeled as either conclusion or
premise, reflecting their anticipated component types.

Ezample (John F. Kennedy, 1962):

We choose to go to the moon in this decade and do the other things, not because

they are easy, but because they are hard, because that goal will serve to organize
and measure the best of our energies and skills, because that challenge is one that
we _are willing to accept [...]

Argument Structure Prediction: After the individual components of an argument have

been classified and are represented as Tcomponents, the final step is to determine the structural
connections between them. These are drawn from labels like Ysirycture = {Is-Premise-Of, &},
indicating the type of relation (or absence thereof) between pairs of components. Consequently,
for all pairs of distinct component assignments (¢;,t;) € Tcomponents X TComponents, With i # 7,
the goal is to predict the structural role that ¢; has regarding ¢;. This, in turn, can be modeled
by fasp : Tcomponents X TComponents — YStructure, Which maps each ordered pair of argument
components, or subset thereof, to its corresponding structural label. Based on this, the most
plausible overall argument structure can be constructed, reflecting how the components interact
within the argument.
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To illustrate this, the identified conclusions and premises are mapped onto a hybrid structure
based on the standard approach to arguments introduced earlier.

Ezample (John F. Kennedy, 1962):

Conclusion:
C7 We choose to go to the moon in this decade
and do the other things @ @
Premises:

Py they are (not) easy
P, they are hard

P5 that goal will serve to organize and measure
the best of our energies and skills

P, that challenge is one that we are willing to
accept

2.3 Argument Mining in Practice

This section complements the theoretical perspective on AM by examining how existing studies
engage with real-world data and apply theoretical frameworks in practice. It aims to provide a
general overview of key research contributions, all centered on the common pursuit of identify-
ing arguments in text. To this end, selected studies are presented and discussed, highlighting
the most relevant methodological approaches and developments in the field.

The selection and presentation of related work on argument identification is primarily based on
a central contribution of this thesis presented in Chapter 5, which systematically evaluated 52
relevant AM studies and benchmarks in English language (Feger, Boland, and Dietze, 2025).

Building on the aforementioned work, which compiled contributions on AM from the ACL An-
thology, systematic surveys (Daxenberger et al., 2017; Cabrio and Villata, 2018; Lawrence and
Reed, 2019; Schaefer and Stede, 2021; Vecchi et al., 2021; Ajjour et al., 2023), Google Scholar,
and Google Datasets, the here presented overview extends this foundation by incorporating
additional characteristics not addressed but necessary for a more comprehensive overview of
the field. In contrast, it is not assessed whether the datasets contain a sufficient number of
instances, as this information is mainly relevant for application-oriented research questions.
Apart from this difference, the same selection criteria, either directly or in an adapted form,
were applied. The selected contributions were required to meet the following conditions:

Sentential: The data is available in sentence-based form or can be aggregated accordingly
(e.g., from token-level annotations to sentence-level).

Binary: The annotations distinguish between arguments and no-arguments or can be simplified
accordingly, for instance, by identifying a central element such as the conclusion that
defines an argument.
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Reproducible: The data is (largely) available and accessible as described in the paper.

Related: The datasets are available either in their original (primary) form, in a curated version,
or in an updated form. Additionally, datasets are included in the overview if they are cited
in other works as a reference for the theoretical framework used, regardless of whether
they are directly employed or merely serve as a source of conceptual inspiration.

For the datasets identified through the selection process, additional attributes were systemat-
ically collected to enable a more comprehensive comparison across studies and to enrich the
descriptive analysis. These features are not intended to provide scientific rigor through em-
pirically standardized comparisons or methods, as such rigor is generally lacking across the
reviewed studies, but rather to indicate overarching trends within the literature landscape.

Framework: The theoretical framework that defined arguments, informed the annotation guide-
lines, or served as a conceptual foundation (e.g., through reference to the Toulmin model)
was recorded as explicitly described in the respective publication or its supplementary
materials (e.g., repositories or appendix).

Best Model & F1 Score: The best-performing model was identified based on the highest base-
line results for argument identification. These results were either explicitly stated or re-
ported as part of the AM pipeline (excluding argument structure prediction) and, when
not directly provided, inferred from supplementary materials such as confusion matrices.
No distinction was made between F1 variants (macro, micro, weighted) or evaluation
strategies (e.g., fixed splits vs. cross-validation), as no consistent practice exists across
studies. When multiple test sets were available, the average performance was reported.
If a mixed test set was used, the corresponding result was selected.

The full outcomes of this process are shown in Table 2.1, which is used as a guide for the sections
that follow. These sections will outline quantitative trends in the data that are pertinent
to surveying the field and motivating several methodological decisions underlying the main
contributions of this thesis.

While a more in-depth, feature-level analysis and interpretation follows in Chapter 5, this
section does not provide a full-scale numerical comparison. Though the presentation and
discussion of fundamental dataset characteristics (genres, annotation frameworks, and applied
models) remain essential for a comprehensive understanding of the current literature, which in
turn helps identify key challenges and opportunities in AM research.

It must be acknowledged, however, that each dataset was developed under specific conditions,
involving varying levels of expertise, theoretical foundations, and annotation methodologies. As
each of the respective contributions shows, these differences naturally manifest across genres,
definition scopes, and the linguistic and structural features of the texts involved. Nonetheless,
as the following sections will demonstrate, this does not mean that these works exist in isolation.
In fact, many of them inform, inspire, or are adopted by others, and at some point come to
address the constitution of arguments and their identification to some extent.
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Dataset Paper Genre Definition Framework Model Best F1
VG Reed et al., 2008 Mixed Claim-based ‘Walton, 1996

ocC Biran and Rambow, 2011 Online Debate  Claim-based Own Handcrafted + HB 47.41
WTP Biran and Rambow, 2011 Online Debate  Claim-based Own Handcrafted + HB 49.91
CDC Aharoni et al., 2014 Encyclopedia Claim-based Stance-based (Own)

MT Peldszus and Stede, 2015 Microtext Claim-based Freeman, 1991, 2011  Handcrafted + EG 86.90
CE Rinott et al., 2015 Encyclopedia Claim-based CDC

AEC Swanson, Ecker, and Walker, 2015 Online Debate  Implicit-Markup Own

WD Habernal and Gurevych, 2015 Online Debate  Claim-based Toulmin, 2003 Handcrafted + SVM"™™ 34.80
WEBIS Al-Khatib et al., 2016a Online Debate  Argumentative Stance-based Handcrafted + NB 92.20
AFS Misra, Ecker, and Walker, 2016 Online Debate  Conclusion-based AEC

ASC Wojatzki and Zesch, 2016 Twitter Debate Claim-based Stance-based Handcrafted + SVM 66.00
PE Stab and Gurevych, 2017 Academic Claim-based Toulmin, 2003 Handcrafted + SVM (ILP) 82.60
CMV Hidey et al., 2017 Online Debate  Claim-based Freeman, 2000

CDCP™) Niculae, Park, and Cardie, 2017 Online Debate  Argumentative Own Handcrafted + SVM 73.50
QMC Levy et al., 2018 Encyclopedia Argumentative CDC DNA\T_',.HHY“,ZU 69.00
ARGUMINSCI  Lauscher, Glavas, and Ponzetto, 2018  Academic Claim-based Toulmin, 2003

UKP Stab et al., 2018 Mixed Evidence or Reasoning ~ Stance-based dip2016 + biclstm + mtl 66.62
RCT Mayer et al., 2018 Academic Claim-based PE Handcrafted + SVM (SSTK)  78.00
USELEC Haddadan, Cabrio, and Villata, 2019  Spoken Debate  Claim-based CE FastText + BILSTM 84.30
ACQUA Panchenko et al., 2019 Mixed Argumentative Own InferSent + XGBoost 85.00
AMPERE Hua et al., 2019 Academic Argumentative CDCP BiLSTM + CRF 62.64
ASRD Shnarch et al., 2020 Spoken Debate  Argumentative Stance-based BERT 57.00
ABSTRCT Mayer, Cabrio, and Villata, 2020a Academic Claim-based RCT SciBERT + GRU + CRF 87.00
VACC Morante et al., 2020 Online Debate  Claim-based Stance-based

ECHR Poudyal et al., 2020 Legal Conclusion-based Own RoBERTa 76.50
SCIARK Fergadis et al., 2021 Academic Claim-based Toulmin, 2003 SciBERT + BiLSTM 74.20
AMSR Fromm et al., 2021 Academic Claim-based UKP PeerBERT 78.90
SDAT Hansen and Hershcovich, 2022 Twitter Debate Argumentative CDC RoBERTa + XGBoost 67.00
TAM Cheng et al., 2022 Mixed Claim-based CDC RoBERTa 72.36
FINARG Alhamzeh et al., 2022 Spoken Debate  Claim-based Cohen, 1987 DistilBERT 80.00
TACO Feger and Dietze, 2024a Twitter Debate Inference-Information ~ Own BERTweet 85.06

Table 2.1:

Overview of the 31 datasets that meet the sentential, binary label, and reproducibil-

ity criteria, including associated theoretical frameworks, best-performing models,

and reported F1 scores.

served as a framework for another study.

(*) The binary criterion was not met, but the dataset
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2.3.1 Genre Coverage in Contemporary Research

While various domains in which AM is applied have already been touched upon in Section 2.1,
the following sections provide a description of the collected datasets, presented in Table 2.1, in
terms of their genres. These refer to the origin of a dataset and characterize the nature of the
platforms from which the data were collected. It thus reflects the primary source characteristics
and highlights the focus placed on specific data sources and application domains within the
research. A more detailed analysis is provided in the contribution presented in Chapter 5.

Online Debate: Unsurprisingly, online debates, including those conducted on Twitter, con-
stitute a significant portion of the collected studies. In fact, a total of 12 works (~39%) focus
on this genre. On the one hand, there are platforms specifically designed to facilitate formal
debates. On the other hand, discourse also arises on general comment-based platforms, where
interaction develops more organically and is not shaped by predefined constraints of online
argumentation systems.

The first group includes the Argument Eztraction Corpus (AEC) (Swanson, Ecker, and Walker,
2015), derived from 4forums.com and createdebate.com, and the Web Discourse (WD)
dataset (Habernal and Gurevych, 2015), which contains data also collected from createdebate.
com and extended by data from debate.org. In addition, the Web Information Systems (WE-
BIS) dataset (Al-Khatib et al., 2016a), named after the research group at Bauhaus-Universitét
Weimar, was compiled from idebate.org. The Argument Facet Similarity (AFS) dataset
(Misra, Ecker, and Walker, 2016), on the other side, used the same source and also included
material from procon.org, where facets are typically paraphrased propositions.

Comment-based platforms where argumentation takes place, though not as explicitly struc-
tured or guided as in dedicated argumentation systems, are represented in several datasets
as well. These include the Online Comments (OC) corpus from livejournal.com and posts
from the Wikipedia Talk Pages (WTP) dataset (Biran and Rambow, 2011), respectively. The
Consumer Debt Collection Practices (CDCP) dataset (Niculae, Park, and Cardie, 2017), also
referenced as the Cornell eRulemaking Corpus (CDCP), consists of user comments on rule
proposals from regulation.org, while Change My View (CMV) (Hidey et al., 2017) contains
discussions from the thread of the same name on reddit.com. To this end, the Vaccination
Corpus (VACC) (Morante et al., 2020) draws on archived web content from archive.org
related to vaccination.

Twitter also belongs to this category, representing a hybrid between argumentation and com-
ment platforms. Within the context of this category, one might argue that Twitter functions as
a general CMC platform that incorporates elements of online argumentation yet lacks prede-
fined input structures and, unlike dedicated argumentation systems, is socially mainstream and
attracts a broad and diverse audience. In this respect, such debates can range from scientific
(Hafid et al., 2022), political (Marchetti-Bowick and Chambers, 2012), social (Bhatti, Ahmad,
and Park, 2021), and sustainability (Hansen and Hershcovich, 2022) to mixed topics (Feger
and Dietze, 2024a; Fafalios et al., 2018), while supporting multimodal forms of expression that
go beyond text and also include arguments in images (Liu et al., 2022).
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However, studies focusing on twitter.com are relatively scarce within the subset of contribu-
tions that meet the quality criteria applied in this analysis. In fact, among available resources,
only the Argument Stance Classification (ASC) corpus (Wojatzki and Zesch, 2016), sometimes
called Tweet Stance Classification (TSC) (Schaefer and Stede, 2019), the Sustainable Diet Ar-
guments on Twitter (SDAT) corpus (Hansen and Hershcovich, 2022), and Twitter Arguments
from COnversations (TACO) (Feger and Dietze, 2024a), a contribution of this thesis, provide
data for mining arguments on this widely used yet underrepresented platform in the context
of AM (Schaefer and Stede, 2021). These three datasets account for only one out of four
addressing online debate and just one in ten of the total considered in this survey.

In practice, a major challenge in working with Twitter content concerns the criterion of repro-
ducibility (Independent Technology Research, 2023), as datasets are often removed to comply
with Twitter’s data retention policies (Bosc, Cabrio, and Villata, 2016; Dusmanu, Cabrio, and
Villata, 2017). In many other cases, datasets are not publicly released or referenced, which
further complicates their reuse and validation (Procter, Vis, and Voss, 2013; Llewellyn et al.,
2014; Addawood and Bashir, 2016; Addawood, Schneider, and Bashir, 2017; Bhatti, Ahmad,
and Park, 2021). Moreover, such datasets relied on Twitter’s 1% Application Programming
Interface (API), raising concerns about representativity (Morstatter, Pfeffer, and Liu, 2014;
Morstatter et al., 2021), which has since been discontinued and replaced by an advanced but
costly APT that hampers public-interest research (Independent Technology Research, 2023).

Academic: In addition, several sources were included that are situated within academic,
scientific, or educational contexts. This category accounts for seven contributions (~22%) in
total. A notable trend is the reliance on scientific publication platforms. For example, the
Randomized Clinical Trials (RCT) and Abstracts of Randomized Clinical Trials (ABSTRCT)
datasets (Mayer et al., 2018; Mayer, Cabrio, and Villata, 2020a) both focus on abstracts
collected from pubmed.gov. Within the same context of scientific contributions, openreview.
net, a platform for peer review in areas like Artificial Intelligence (Al), served as the source
for the Argument Mining for Peer Reviews (AMPERE) (Hua et al., 2019) and the Argument
Mining in Scientific Reviews (AMSR) (Fromm et al., 2021) dataset, respectively.

Similarly, the Dr. Inventor project (Fisas, Ronzano, and Saggion, 2016), which focuses on
publications containing scientific discourse in the field of computer graphics, was incorporated
into the Argumentative Analysis of Scientific Publications (ARGUMINSCI) corpus (Lauscher,
Glavas, and Eckert, 2018), named after the corresponding system but also known as Scientific
Arguments (SCIARG) (Lauscher, Glavas, and Ponzetto, 2018). In turn, undocs.org, which
provides official United Nations documents and sustainability reports, was included as a source
in building the Scientific Argumentation Knowledge (SCIARK) corpus (Fergadis et al., 2021).
This corpus examined how sustainability goals are reflected in scientific abstracts collected
from databases such as pubmed.gov and semanticscholar.org. The study further explored
the generalizability of SCIARK in relation to ABSTRCT.

Moreover, in the context of educational communication, essayforum.com, a platform where
users seek support in writing persuasive essays, was addressed in the Persuasive Essays (PE)
dataset (Stab and Gurevych, 2017).
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Mixed: Beyond clearly delineated genres, there are four datasets (~13%) that also blend con-
tent from a range of heterogeneous sources. For example, this includes a dataset on Various
Genres (VG) (Reed et al., 2008) from AraucariaDB (Reed and Rowe, 2004), a database of argu-
ments. Complementing this, diverse web-based materials from archive.org and commoncrawl.
org were also incorporated into the Ubiquitous Knowledge Processing (UKP) corpus (Stab et al.,
2018), developed by the lab of the same name at the Technical University of Darmstadt. Sim-
ilarly, the Argumentation in Comparative Question Answering (ACQUA) corpus (Panchenko
et al., 2019) stems from a project with the identical designation, funded by the Deutsche
Forschungsgemeinschaft, and is also referred to as the Comparative Sentences (COMPSENT)
corpus. In addition, user-generated content from various online forums was taken into account
with the Integrated Argument Mining (IAM) dataset (Cheng et al., 2022).

Encyclopedia: Three sources (~10%) in the selection focus exclusively on the knowledge
platform wikipedia.org, addressing Context Dependent Claim (CDC) (Aharoni et al., 2014),
their supporting evidence in the Context Dependent Evidence (CE) corpus (Rinott et al., 2015),
and retrieving them through Querying of Main Concepts (QMC) (Levy et al., 2018).

Spoken Debate: Moreover, another three sources (~10%) were included that focus on spe-
cific thematic domains, particularly in the areas of politics, public discourse, and economics,
where debates are typically conducted in spoken form. This includes data from debates.org,
which provides official transcripts of United States presidential debates from 1960 to 2016,
forming part of the U.S. Election Debate (USELEC) dataset (Haddadan, Cabrio, and Villata,
2019), also referred to as USElecDeb60To16 (USELEC). Furthermore, the Automatic Speech
Recognition of Debates (ASRD) corpus (Shnarch et al., 2020) spoken debate is also transcribed.
Within the economic domain, materials from financialmodelingprep.com were used for the
Finanical Arguments (FINARG) corpus (Alhamzeh et al., 2022), with transcribed financial
calls of Amazon, Apple, Microsoft, and Facebook.

Legal: A corpus containing legal documents was also included in the selection (~3%). Specif-
ically, judgments and decisions, as made available through hudoc.echr.coe.int, were made
available in the Furopean Court of Human Rights (ECHR) corpus (Poudyal et al., 2020). It is
important to note, however, that this source represents only one among several that address
law (Teruel et al., 2018; Grundler et al., 2022; Habernal et al., 2023), though it is excluded
based on the selection criteria mentioned earlier.

Microtext: Lastly, the selection includes a distinctive dataset (~3%) consisting of the Micro-
text (MT) dataset (Peldszus and Stede, 2015). Such texts are characterized by their concise
form and manual composition, and one can argue at this point whether this renders them
comparable to comments or tweets.
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2.3.2 Conceptual Frameworks for Defining Arguments

In the following, the underlying theoretical frameworks concerning the conceptual structure
of arguments are examined. Particular emphasis is placed on the central role of the so-called
standard approach to arguments (Thomas, 1986; Freeman, 1991, 2011; Lawrence and Reed,
2019), as in Subsection 2.2.2, and how it is addressed in practical AM research.

For this sake, the primary labels of the underlying datasets are presented first. This is followed
by an outline of the theoretical frameworks employed in generating these labels, with particular
attention paid to their relation to the standard approach in argument construction.

Claim(Conclusion)-based: This category refers to definitions that identify either a claim or
a conclusion as the minimal constituent of an argument. While both terms denote the minimal
element of an argument, speaking of a claim emphasizes the language of the arguing process,
whereas speaking of a conclusion emphasizes the argument as the end product of that process
(Freeman, 1991).

Building on this, referring to a statement as a claim within argumentation theory situates
it within the process of argumentation. It is a proposition advanced for the acceptance of
others, carrying the obligation to provide backing if challenged, and one for which reasons are
or can be provided, whether those have yet been examined (Freeman, 1991; Toulmin, 2003).
By contrast, calling it a conclusion, a particular type of claim, places it within the product of
argumentation as the point reached in that process for which reasons have been presented and
deliberated (Freeman, 1991).

Datasets belonging to this category are characterized primarily by their reliance on claims. In
numerical terms, the majority of the 31 selected datasets, 19 in total (~61%), are claim-based,
whereas only two (~6%) are conclusion-based.

The conclusion-based datasets are AFS, which focuses on the facets, which refer to the essential
aspects of arguments, and ECHR, which draws on conclusions due to the nature of legal texts.
Such legal texts, as reflected in their pleadings, contain judgments, in other words, decisions
that have been reached and evaluated through the argumentative process, and thus pertain
more to conclusions than to claims.

In particular, debates in online forums, as in ASC and CMV, or in spoken form, as in USELEC,
are found in two out of five claim-based datasets. A similar pattern can be observed in two
of the six cases in which a claim-based dataset belongs to the academic genre, with examples
including PE, RCT, and AMPERE. This breadth reflects, on the one hand, the versatility of
claims and, on the other, their open nature, since claims need not be conclusively substantiated
in the way that conclusions must be.

It should be noted, however, that the respective definitions are not necessarily uniform, where
the same holds true for conclusions or other definitional approaches that may be employed.
As will be elaborated later in this section, there are naturally different perspectives on which
framework to adopt, to what extent such frameworks should be applied, and what elements a
framework for defining arguments and their components ought to include.
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For instance, in the context of academic datasets such as ABSTRCT, claims are described
using the term conclusion to characterize the summarizing and persuasive function of scientific
abstracts. By contrast, in ARGUMINSCI and SCIARK, they are presented, as explained in
the next section, in an argumentatively synthesized form. While an in-depth analysis of the
motivations behind this remains open to debate and likely reflects individual design choices,
it would also encompass questions about the differences, similarities, and even contradictions
that arise when such frameworks are applied mutually. Further details relevant to this point
are provided in the contribution of this thesis, presented in Chapter 5.

Argumentative: This term serves as a generic designation, defining sentences as argumen-
tative insofar as they satisfy the minimal requirements of an argument, such as the presence
of a conclusion or another minimally defined component, without further specifying the pre-
cise role of each component. In this sense, argumentative texts are argument products, and
those displaying these structures are to be regarded as presenting single arguments (Freeman,
1991). The term thus serves as a coarse-grained category, independent of detailed argument
structure, and does not address whether a statement is more appropriately labeled as a claim

or a conclusion.

In total, seven of the selected datasets (~23%) fall under this type of definition. Here, too,
except for legal texts and microtexts, this category is represented across all genres. Notably,
it is particularly prevalent in more dynamic environments such as online platforms, as seen in
WEBIS, CDCP, and SDAT, or in spoken contexts such as ASRD, where this softening of the
argument concept is applied.

Others: Lastly, this category functions as a catch-all for definitions that do not fit the previ-
ously specified types, bringing together conceptually diverse, mostly custom-made approaches.
Thereby, this category comprises three (~10%) of the selected contributions.

At the outset, the AEC dataset should be noted, as it introduces the so-called markup hy-
pothesis. This hypothesis is grounded in five lexical cues (so, if, but, first, I agree that) that
signal arguments or the relations between their components, such as those between a conclu-
sion and a premise. This approach, in turn, can be compared to the idea of discourse markers
for signaling rhetorical or structural relations (Cohen, 1984, 1987; Mann and Thompson, 1987;
Knott and Dale, 1994; Pitler and Nenkova, 2009), as discussed in Subsection 2.2.2.

Furthermore, in the UKP dataset, evidence or reasoning are considered as components of
arguments. In this regard, it should be noted that these two components are primarily defined
by the premise, that is, the element that provides the basis for a claim when required. Thereby,
in the UKP dataset, a claim is understood as a stance in favor of or against a given topic,
while evidence or reasoning, without further formal definition, are treated as the elements that
support or refute the claim. In combination, they are intended to be interpreted as supporting
or opposing arguments regarding a specific topic addressed. While the underlying labels of
evidence or reasoning represent a distinctive feature of the UKP dataset, the specific way of
defining arguments as favoring or attacking a given topic is elaborated later in this section in
the context of stance-based frameworks.
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Furthermore, the TACO dataset, which constitutes one of the main contributions of this thesis,
also falls into this category. Anticipating the more detailed description of the definitions
underlying the constitutive elements of inference and information in Chapter 3, it should be
noted that these elements are guided by the standard definition of AM, which focuses on the
automatic extraction of arguments based on the structures of inference and reasoning (Lawrence
and Reed, 2019). Here, inference is defined broadly to include claims, conclusions, and other
minimal argumentative elements, while information encompasses premises, evidence, reasoning,
and contextual details, all of which can inform the inference component of an argument. On
the one hand, these components align with argumentative definitions through their intentional
inclusiveness, accommodating the variety of motivations behind tweets and avoiding the narrow
focus found in, for example, conclusion-based definitions. On the other hand, they also parallel
claim(conclusion)-based definitions, as they likewise divide arguments into distinct components
to achieve greater granularity.

Turning back to the respective frameworks that underlie the definitions of the labels, they
should first be grouped to provide a clearer understanding of their nature. In particular,
attention shall be directed to the interrelations between the respective frameworks, the ways
in which they serve as mutual sources of inspiration, and their connection to the standard
approach to arguments outlined in Subsection 2.2.2. This discussion is presented solely in
descriptive form, while experiments concerning transferability can be found in the respective
contribution in Chapter 5.

Literature-based: To begin with, ten frameworks (~32%) draw on the traditional literature
of argumentation theory, as discussed in Section 2.2, and integrate the conceptual foundations
into their respective definitions, thereby grounding their approaches in established principles.

Foremost among these is Toulmin’s model of arguments (Toulmin, 2003). Various sources
referencing Toulmin serve as direct points of reference for the design of their labels in six of
the selected datasets. Interestingly, only WD and ARGUMINSCI annotate all six compo-
nents of the Toulmin model (claim, data, qualifier, rebuttal, warrant, backing) within a test
iteration, yet both note that many of these components are often implicit or, as in the case
of ARGUMINSCI, virtually absent. In ARGUMINSCI, it was observed that only the claim
and data components were readily identifiable, whereas the remaining components were either
difficult to detect or entirely missing. This observation is consistent with the broader criticism
of the Toulmin model and its practical applicability (Freeman, 1991, 2000, 2011; Lopes Car-
doso et al., 2023). Similarly, SCTARK, citing the complexity of the Toulmin model, adopts a
simplified version consisting solely of claim and evidence. Furthermore, for reasons of practi-
cality, the procedure employed in PE, which serves as the methodological basis for RCT and,
in turn, as the methodological foundation for ABSTRCT, reduces the Toulmin model to only

two components, namely claim and premise.

In this context, the Freeman model (Freeman, 1991, 2000, 2011), widely regarded as the stan-
dard approach to arguments (Lawrence and Reed, 2019; Lopes Cardoso et al., 2023), holds
that an argument consists of only two components, the conclusion and the premises, whereby
the conclusion is, in Toulmin’s terms, an ordinary claim.
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In this approach, there is no dispute over the equivalence of claims and conclusions, as an
argument cannot exist without an attempt to establish at least one point (Freeman, 1991). By
contrast, Toulmin’s additional elements, like data, warrants, and backing, are more controver-
sial, while in the standard approach they may all be subsumed under the category of premises
(Freeman, 1991). This simplification of arguments originates in a critique of the Toulmin
model and its practical applicability, a critique that is supported by the fact that even those
who explicitly refer to Toulmin often reduce their frameworks to two components for the sake
of simplicity.

With this background, it is striking that this model is referenced as a foundational framework
in only two datasets, namely MT and CMV. Thereby, for CMV, it is noted that its framework is
nonetheless comparable to that of PE, as both rely on the same two types of components. In the
case of CMV, however, this decision is justified directly with reference to Freeman’s standard
approach and not indirectly via problems observed in the actual application of Toulmin’s
argument model.

Furthermore, the Walton model for arguments (Walton, 1996; Walton, Reed, and Macagno,
2008), which is also based on two main components and aims to reach a conclusion, albeit
conceptualized primarily from a dialectical perspective between two opponents, has only been
applied in the context of VG. It should be noted that although the Walton model is also
conclusion-based, it is characterized in particular by a topological classification of clearly de-
fined argument types and by associated guiding questions for understanding these arguments.
The central difference from Freeman’s standard approach is that Walton divides structures
and forms of everyday arguments into concrete categories such as an argument-from-example,
slippery-slope-argument, or argument-from-arbitrariness-of-a-verbal-classification, while Free-
man primarily describes them based on their components and basic structures, as shown in
Subsection 2.2.2. Although both approaches are comparable in terms of the constitution of
arguments, they differ both in the level of detail and in the way in which the respective com-
ponents are specified and further grouped. Whereas Freeman remains at a rather superficial
level, Walton captures differentiated contexts between the components and names them.

Lastly, the Cohen model, which is similar to Freeman’s model in its basic structure but focuses
more on computational aspects for the actual identification of arguments, is mentioned in the
literature primarily in connection with FINARG. Yet, a characteristic feature of the Cohen
model is not only that the terms claim and conclusion are used synonymously, but also that
particular emphasis is placed on so-called cues that indicate relationships between the individ-
ual argument components. Thereby, claims or conclusions function as central nodes to which
supporting evidence is arranged in hierarchical form. Similar to the use of discourse markers,
these structures are recognized on a rule-based basis by interpreting certain linguistic patterns

or cues as indications of arguments.

Stance-based: The selection also includes frameworks that, while not directly rooted in clas-
sical argumentation theory, build on Toulmin or, following Freeman, adopt a two-component
model. These are extended by incorporating a stance, a positive or negative attitude, toward
a given topic and classifying arguments or their components in relation to that stance.
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On the whole, 12 of the selected datasets (~39%) use stance-based frameworks. Of these, two
are particularly noteworthy, as they are frequently cited and are characteristic of the other

frameworks used.

In the selection in Table 2.1, this type of framework appears for the first time in the CDC
dataset and was later cited by CE, which serves as a reference for USELEC, QMC, SDAT, and
IAM as the basis for the definitions used there. Although it is reasonable to assume that CDC
had a significant influence on this framework variant, it should be noted that this work was
published as part of the IBM Project Debater, a project in which automated argumentation
was gaining considerable popularity at the time (Slonim et al., 2021).

In the CDC framework, topics are defined as a short, usually controversial statement that
defines the subject of interest, while a context-dependent claim, from which the name of the
data set derives, is described as a general, concise statement that directly supports or disputes
the topic. Context-dependent evidence, in turn, refers to a section of text that directly supports
a CDC in the context of the given topic. Here, the term context is understood in the narrower
sense of indicating the thematic relevance of the respective argument components. However, in
terms of component selection, the CDC framework deliberately distances itself from Toulmin’s
model but relies on a claim-based approach that additionally integrates a topic-dependent
contextualization of the arguments.

A comparable approach can be found in the UKP dataset framework, which in turn was used
by AMSR as a basis. Here, a stance-based method is likewise used for reasons of simplification.
Unlike the CDC approach, however, the topics are defined as some matter of controversy for
which there is an obvious polarity to the possible outcomes, that is, a question of being either
for or against the use or adoption of something, or the commitment to some course of action,
etc. It is therefore characteristic of this approach that the topics themselves are understood as
claims for which there is either supporting or contradictory evidence or reasoning.

In a broader sense, this type of framework draws on Freeman’s model without explicitly naming
it, distilling its core idea to the minimal assumption that arguments are products of discourses
in which certain statements are put forward to support others (Freeman, 1991), and extending
it to encompass the possibility of a negative stance together with its thematic context.

Own: Lastly, it is also important to identify those frameworks that introduce independent
definitions for their frameworks. A total of nine (~29%) of the selected datasets report that
they have developed their own definition, while others do not mention this aspect at all.

To begin with, the AEC dataset, which is referenced by AFS, has to be highlighted. Although
AEC does not explicitly state that it is based on one of the previously described framework
types, it relies on a self-developed markup hypothesis. This hypothesis specifies the argumen-
tative function of the key phrases so, if, but, first, and I agree that within a sentence. The
AEC framework therefore concentrates, although within a more limited scope, on the role of
discourse markers and their connection to the explicit articulation of arguments and, for this
reason, is also comparable to a very simplistic derivative of Cohen’s model (Cohen, 1984).

35



Chapter 2 Preliminaries of Argument Mining

A similar case can be observed in the ACQUA dataset, which focuses on arguments that
establish relative evaluations, in other words, arguments that classify items as better or worse,
which can be argued to be a special case of stance.

For the remaining datasets, it can be stated that they either introduce independent definitions
for a two-component model, as in the case of inference and information in TACO, or, when
several components are involved, specify a hierarchy of different manifestations that indicate
how elements are to be categorized.

Taken together, these types of frameworks can therefore be assumed, similar to Freeman’s
standard model, to regard two components as constitutive of arguments. The differences, how-
ever, lie in the ways in which these components are labeled or identified. Some approaches
rely on simplified indicators such as discourse markers, whereas others develop their own ter-
minologies, either to contribute to a more nuanced understanding of the components or to
adapt the framework to specific use cases, such as Twitter. Given their shared focus on iden-
tifying arguments and their overlapping considerations regarding their constitution, it can be
assumed that the respective approaches, at least at first glance, are closely related. However,
it is questionable to what extent these approaches are transferable to one another. This issue,
therefore, must be considered from a practical perspective and is addressed in Chapter 5.

2.3.3 Computational Approaches to Argument ldentification

Another central focus of this section is the presentation of various approaches and solution
strategies about the models and features used and that have defined the SOTA at various points
in the development of the field. This overview is intended to contextualize the methodological
orientation and focus of the main contributions of this thesis (Feger and Dietze, 2024a,b; Feger,
Boland, and Dietze, 2025) in relation to existing approaches reported in Table 2.1 and to their
respective peak scores summarized in Figure 2.2.

Before proceeding, a brief digression on language modeling is in order, as this is a central
approach to advancing linguistic intelligence in models for both NLP and automated AM.

The History of Language Models: In this regard, four successive and overlapping stages
of Language Models (LMs) have emerged (Saphra et al., 2024; Zhao et al., 2025).

Statistical Language Models (SLMs) assume that language can be modeled through statistical
properties of word sequences observed in their immediate context (Jelinek, 1998; Rosenfeld,
2000; Gao and Lin, 2004; Hastie, Tibshirani, and Friedman, 2009). A common approach uses
n-gram models (e.g., bi- or trigrams) represented as discrete units, each forming a dimension in
a feature vector. More generally, SLMs may also employ composite feature vectors integrating
characteristics such as keyword frequencies, sequence length, or other statistics (Hastie, Tib-
shirani, and Friedman, 2009). While easy to compute, these SLMs remain limited in semantic
richness, as they treat features as independent and without deeper contextualization (Bengio
et al., 2003; Collobert and Weston, 2008; Mikolov, Yih, and Zweig, 2013; Rodriguez et al.,
2018; Svete and Cotterell, 2024).
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Figure 2.2: Best F1 scores reported in Table 2.1, without consistent differentiation into micro,
macro, or weighted averages, etc. The values from 2024 onward (right-hand side)
pertain to the pre-2024 datasets QMC, ASRD, TAM (Chen et al., 2024) and PE,
ABSTRCT, CDCP (Cabessa, Hernault, and Mushtaq, 2025), but were obtained
using LLMs. Across all phases of LMs, results converge within a narrower range,
accompanied by a clear overall rise in reported F'1 scores.
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Neural Language Models (NLMs) take a step further by using Neural Networks (NNs) to mean-
ingfully learn word sequence probabilities (Bengio et al., 2003). A key contribution was the
introduction of distributed word representations, i.e., dense vectors in which the meaning of a
word is spread across many dimensions (Mikolov et al., 2013b). Word meaning, to some ex-
tent, emerges from contextual features learned directly by the model from input data (Turian,
Ratinov, and Bengio, 2010), thereby transcending SLMs and enabling first attempts towards
task-agnostic Representation Learning (RL) (Bengio, Courville, and Vincent, 2013). With
Word to Vector (Word2Vec) (Mikolov et al., 2013a,b), a characteristic model of this genera-
tion was introduced that efficiently learned static word representations and demonstrated their

ability to capture semantic relations between words, as in king — man = queen - woman.

Pre-trained Language Models (PLMs) mark a new generation of LMs aimed at learning general-
purpose, context-dependent representations from large-scale unlabeled corpora. These models
are pre-trained not only to capture complex properties of word usage, such as syntax and se-
mantics, but also to model how these properties vary across different linguistic contexts (Peters
et al., 2018; Devlin et al., 2019; Ethayarajh, 2019). This allows them to represent phenomena
like polysemy, where the meaning of a word depends on its context, for example, when deciding
whether the discourse marker since is interpreted causally or temporally (Pitler and Nenkova,
2009). Moreover, they can be efficiently adapted to a wide range of NLP tasks (Rogers,
Kovaleva, and Rumshisky, 2020; Sun et al., 2020), during which task-specific information is
integrated into the learned representations with relatively little additional training.

An early approach in this line is the use of Bidirectional Long Short-Term Memorys (BiLSTMs),
which process sequences in both directions, left to right and right to left, so that each word
is represented in relation to its full surrounding context (Schuster and Paliwal, 1997; Graves
and Schmidhuber, 2005). Unlike NLMs, this yields dynamic, context-sensitive representations
that vary with the sentence in which a word occurs. A prominent PLM based on BiLSTMs is
Embeddings from Language Models (ELMO) (Peters et al., 2018).

A further advancement in this direction was achieved with the transformer architecture, which
introduced a modular encoder and decoder design built entirely on attention mechanisms and
fully connected Feedforward Neural Networks (FFNs) (Vaswani et al., 2017). In this setup,
the encoder stack maps an input sequence into contextualized hidden representations, and the
decoder stack then auto-regressively generates an output sequence, consuming the previously
generated tokens, basic units of text such as words, subwords, or characters, as additional in-
put. In both stacks, the attention mechanisms make it possible to capture dependencies across
arbitrary distances in the input sequence (Vig, 2019). Building on this foundation, the rev-
olutionary Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al.,
2019) was introduced, triggering a surge of interest in transformers (Liu et al., 2019; Sanh
et al., 2019; Rogers, Kovaleva, and Rumshisky, 2020) and their ability to generate powerful,
context-sensitive language representations. BERT also popularized training strategies such as
Magsked Language Modeling (MLM) (predicting masked words in a sentence) and Next Sentence
Prediction (NSP) (classifying whether two sentences follow each other) and has sparked a wave
of contributions around PLMs in general.
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Some of these focus on different architectures, such as Bidirectional and AutoRegressive Trans-
formers (BART) (Lewis et al., 2020) that use both transformer stacks, or GPT-2 (Radford
et al., 2019) that rely on the decoder-stack and Next Token Prediction (NTP). Others propose
modified pre-training strategies, for example, the Robustly Optimized BERT Pre-training Ap-
proach (RoBERTa) (Liu et al., 2019), which removes NSP in favor of larger datasets, longer
training, and focusing on the MLM objective.

Large Language Models (LLMs), in turn, have demonstrated that generative pre-training of the
decoder-stack of PLMs (Radford and Narasimhan, 2018), combined with scaling by increasing
parameter size, training data, or training duration (Henighan et al., 2020; Kaplan et al.,
2020; Rae et al., 2021; Hoffmann et al., 2022; Wei et al., 2022b), systematically improves
their performance on established downstream tasks (Saphra et al., 2024; Zhao et al., 2025).
Furthermore, scaling has been shown to give rise to emergent abilities that are absent in smaller
models but appear in larger ones (Wei et al., 2022b). An example is the prompting paradigm,
where models such as GPT-3 can perform few-shot learning (Brown et al., 2020), solving tasks
without additional SFT from only a few input—output examples provided in the input prompt.
This capability emerges only beyond a certain scale and leads to performance well above random
guessing (Wei et al., 2022b). Among others, this also includes abilities such as chain-of-thought
prompting (Kojima et al., 2022; Wei et al., 2022c), which enables these models to solve complex
problems by producing intermediate reasoning steps before giving a final answer, as well as
instruction following (Hu et al., 2021; Wei et al., 2022a; Dettmers et al., 2023; Zhang et al.,
2024) and even writing and executing code (Chen et al., 2021; Nye et al., 2021). Building
on this insight, ever larger models have been developed, such as the LLaMA-family (7-65B)
(Touvron et al., 2023), GPT-3 (175B) (Brown et al., 2020), and Pathways Language Model
(PALM) (540B) (Chowdhery et al., 2022), which operate at parameter counts several orders
of magnitude larger than those of earlier PLMs such as BERT (110M). To emphasize this
qualitative leap, the research community coined the term LLMs.

The History of Language Models for Mining Arguments: The transition from hard-
wired heuristics to the ability to solve complex tasks marks a decisive advance in the scientific
understanding of LMs and is central to their historical development. Viewed through the
lens of task-solving ability, four generations can be distinguished accordingly (Saphra et al.,
2024; Zhao et al., 2025). Early SLMs supported specific applications by providing probability
estimates that enhanced task-specific methods, while NLMs sought to learn task-agnostic rep-
resentations and thereby reduced the need for manual feature engineering. With the advent of
PLMs, contextualized representations could be generated and flexibly adapted to downstream
tasks, and through scaling effects these models evolved into LLMs that act as general-purpose
task solvers with a greatly expanded range of capabilities.

This development is also reflected in the application of the respective LMs to AM research, as
illustrated in Figure 2.2 and detailed in Table 2.1.

In the early years of AM (< 2017), SLMs were predominantly relied upon. These models typi-
cally made use of handcrafted features such as n-grams, stylistic indicators including sentiment
and grammatical structures, and other statistical characteristics.
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For decision-making, these features were often combined with classification techniques such as
Support Vector Machines (SVMs) (Cortes and Vapnik, 1995), Naive Bayes (NB) (Lewis, 1998),
or more tailored approaches such as Hybrid Baseline (HB) and Evidence Graph (EG).

In the years that followed, up until 2019, the field increasingly shifted towards NLMs.

On the one hand, improved feature representations such as Word2Vec or FastText (FastText)
(Mikolov et al., 2018) at the word level, Inferential Sentence Embeddings (InferSent) (Con-
neau et al., 2017) at the sentence level, and BiLSTMs became central. In addition to these
advanced approaches to feature representation, other classification models such as Conditional
Random Fields (CRFs) (Lafferty, McCallum, and Pereira, 2001), FFNs, Deep Neural Network
(DNNs) (Rosenblatt, 1958; LeCun, Bengio, and Hinton, 2015), and eXtreme Gradient Boosting
(XGBoost) (Chen and Guestrin, 2016) were used to leverage these features.

On the other hand, the publication of BERT and its impact on NLP research can also be
traced in AM, starting in 2020 and denoting the shift towards PLMs. Since then, models such
as BERT, RoBERTa (Liu et al., 2019), and their derivatives, including Scientific BERT (SciB-
ERT) (Beltagy, Lo, and Cohan, 2019) and smaller variants like Distilled BERT (DistilBERT)
(Sanh et al., 2019), have been the most widely applied.

More recently, starting in 2024, LLMs have been investigated through the application of models
from the Fine-tuned LAnguage Net (FLAN)-family (Chung et al., 2022; Wei et al., 2022a; Tay
et al., 2023) and from the LLaMA-family (Touvron et al., 2023). These models have found
their way into AM research (Chen et al., 2024; Cabessa, Hernault, and Mushtaq, 2025), where
they have been applied to existing datasets such as QMC, ASRD, and TAM (Chen et al., 2024),
as well as PE, ABSTRCT, and CDCP (Cabessa, Hernault, and Mushtaq, 2025).

Considering the best reported results in the papers, a clear trend emerges. In the early years
up to 2017, results obtained with SLMs were scattered between 34.80 and 92.20 F1, with
reasonably good mean and median values (M = 66.66, Md = 69.75,n = 8). During the early
NLM era (2018-2019), results improved (M = 74.26, Md = 73.50,n = 6) and converged to
best scores between 62.64 and 85.00 F1. In the subsequent PLM era from 2020 onwards, results
increased slightly (M = 75.34, Md = 76.50,n = 9) while tightening further to a range between
57.00 and 87.00 F1. Finally, the results of the LLM phase starting in 2024 showed another
numerical leap in best reported scores (M = 80.95, Md = 85.00,n = 6), with values ranging
from 62.06 to 94.13 F'1.

Taken together, and considering that the observed leaps may also reflect datasets becoming
simpler for LMs as the models themselves grow more powerful, these figures, nonetheless,
indicate a steady numerical increase over the years. At the same time, they also show that
expectations for the corresponding baseline reports have risen, particularly given that PLMs,
and especially LLMs, continue to produce increasingly strong results despite the lack of full
understanding of their internal mechanisms (Geirhos et al., 2020). With this background, and
given that the contributions of this thesis were made in the later post-BERT phase of PLM
development, LMs of the BERT-family are considered as the SOTA.
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Chapter 3

Building the First Conversation-Based
Argument Mining Dataset for Twitter

This section introduces the initial contribution of this thesis, presenting the first dataset specif-
ically designed for Twitter Arguments from COnversations (TACO), along with the associated
challenges encountered before its creation that were not included in the respective paper (Feger
and Dietze, 2024a).

3.1 Twitter Conversations

For the purpose of obtaining conversation-based tweets, the Twitter API v2 for academic
projects' and its advanced functionality were used. This API enables a full archive search of
Twitter from March 2006 onwards, with advanced query options for extracting graph-based
data, namely conversations.?

From a theoretical perspective, the representation of a Twitter conversation is to be understood
in analogy to a reply-tree (Nishi et al., 2016), whose structure is a rooted in-tree in which a
designated root-tweet can be reached from every reply-tweet. Technically, the conversation-id
opens a conversation-thread by assigning the identifier of the very first tweet to all, if any, of its
subsequent reply-tweets, each linked via a reply-relation to the tweet they refer to. However,
the conversation-id also preserves deleted tweets structurally and their actual replies within
the conversation, but not to whom they replied.

For the purpose of wording, a tweet can be considered conversation-starting if it receives at least
one reply-tweet, thereby initiating a conversation-thread beyond its root-tweet. A conversation,
in turn, is defined as a set of conversation-threads initiated by conversation-starting tweets,
which indicate their topical focus through the use of designated hashtags. While retweeting and
quoting tweets can spark side-conversations in separate threads, they are excluded due to the
possible broken-telephone effect, where the original message becomes distorted as it is passed
on (Boyd, Golder, and Lotan, 2010). The structure of Twitter conversations, as described here,
is schematically illustrated in Figure 3.1.

L Access was free (10 million tweets per month) and granted by Twitter after reviewing the research idea.
2The dedicated extraction tool is available at: Twitter-Conversation-Extraction.
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Figure 3.1: Simplified illustration of conversations (left) on Twitter. Retweets and quotes create
copies of their original tweets for redistribution and thus cause side-conversations
(right) in their own conversation-threads, which are excluded.

3.2 Modeling Argumentation on Twitter

At the outset of Chapter 2, the standard approach of argument structure, as well as its specific

representation in the academic literature, was examined in detail.

Although there is widespread agreement (Feger, Boland, and Dietze, 2025) that arguments
generally follow the standard approach (Thomas, 1986; Freeman, 1991, 2011) consisting of a
minimal element that defines the argument and additional components that supplement it,
the specific terminology used to describe these elements often varies across sources (Lopes
Cardoso et al., 2023; Feger, Boland, and Dietze, 2025). For example, some authors refer to
the components as premise and conclusion (Poudyal et al., 2020; Grundler et al., 2022), while
others describe them as evidence and claim (Rinott et al., 2015; Mayer, Cabrio, and Villata,
2020a; Fergadis et al., 2021; Hansen and Hershcovich, 2022) or premise and claim (Hidey et al.,
2017; Stab and Gurevych, 2017; Fromm et al., 2021).

Moreover, given Twitter’s prominence as a widely used social media platform, it cannot be
assumed in advance that annotators approach the content without pre-existing opinions about
the topics being discussed. As a result, there is a risk that annotations may reflect individual
beliefs about what is right or wrong, rather than being based on an objective analysis of
the text segments that function as components of an argument. This potential bias could
compromise the reliability of the annotation process by conflating personal judgment with
analytical evaluation.
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The Constitution of Arguments in Tweets: In order to address terminological incon-
sistencies, such as the use of different labels for components that served similar functions, or
to account for genuine differences where applicable, and to avoid the need to assess quality
criteria such as logical cogency (Wachsmuth et al., 2017; Romberg et al., 2025), the focus was
shifted away from fixed terminology. Instead, attention was directed toward the purpose that
individual components fulfilled within the broader context of a conversation at hand.

From this perspective, a more functional understanding of argument components along with
their interrelations was abstracted to highlight their roles within the argument rather than
focusing on specific terminological labels. This approach was shaped by guiding questions that
a reader might reasonably ask when interpreting the data.

At the core of this approach is the idea that the canonical structure of an argument, commonly
represented as A = (C, P), can be meaningfully generalized through two guiding questions.
These questions are intended to capture the functional essence of the components without
relying on fixed terminology. The minimal component C, which conveys the central message
or takeaway of the argument, and the supplementary components P, which provide necessary
support or context, are reinterpreted in terms of what a reader actively seeks to understand.

C then corresponds to the question: What should I take away?
P corresponds to the question: What do I need to know?

As outlined in the main text (Feger and Dietze, 2024a) and presented in Appendix A.1, the
annotation guide supplemented these questions with definitions drawn from the Cambridge
Dictionary?®, while also addressing the annotators’ confidence in assigning the labels. Thereby,
the following questions and definitions were provided to the annotators:

Inference: A guess that you make or an opinion that you form based on the information that
you have?, as captured in What does the author of the tweet want you to believe?

Information: Facts or details about a person, company, product, etc., as reflected in What
does the author of the tweet want you to know?

Difficulty: How well did the components emerge? as indicated by Fasy (directly visible),
Normal (repeated consideration), and Hard (strong concerns).

While inference and information were further elaborated upon in the paper, the difficulty was
used solely as a control and support variable to evaluate and refine the annotation guidelines.

Indeed, the average difficulty rating per annotator shows that in at least 70% of all annota-
tions, the task was generally perceived as easy. Instances that caused uncertainty were used as
discussion points among annotators during the training phase, before the start of independent
annotation. These discussions aimed not only to develop simplification rules but also to en-
courage critical reflection on the abstraction level of the annotated components. This process
helped ensure greater consistency across annotators and promoted a shared understanding of
how to handle ambiguous or borderline cases.

3dictionary.cambridge.org
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For example, among the simplification rules developed, annotators agreed that rhetorical ques-
tions, as do hashtags, can carry inferential meaning. Quotes, dates, and personal stories were
likewise interpreted as forms of information. To maintain consistency, annotators were also en-
couraged to avoid assigning components in cases where such assignments might appear forced
or artificially constructed, such as interpreting an insult based solely on inferred intent.

Manifestations of Argument Components in Tweets: To facilitate a more nuanced
understanding of the various forms that argument components may take, the observed instances
of inference and information within the tweets were accordingly grouped into four distinct
classes. These classes differ based on the specific realization of each component, which may be
either present or absent in a given instance. In order to facilitate a clearer understanding of this
classification, the defining characteristics of each class have been systematically outlined and
documented in the annotation guidelines. The following outlines descriptions and examples of
the four classes in which inference and information can manifest within a tweet.

Reason refers to a type of tweet in which the inference is directly derived from information
explicitly provided within the tweet itself, such as citations, references to events, or factual
statements. This type of tweet underscores the author’s effort to anchor their argument in
traceable and concrete information, which reflects the motivation to try to understand and to
make judgments based on practical facts>.

Ezxample:

Opinion: As the draconian (and then some) abortion law takes effect in #Texas,

this is not an idle question for millions of Americans. A slippery slope towards

more like-minded Republican state legislatures to try to follow suit. #abortion
#F24 https://t.co/sMKUdhRF1

Statement is a type of tweet in which only the inference is expressed, typically as something

that someone says or writes officially, or an action done to express an opinion®. This type of
tweet, in turn, presents an inference without explicitly providing the supplementing informa-
tion, instead relying on context or prior knowledge assumed to be known by the reader.

Ezxample:

Men shouldn’t be making laws about women’s bodies #abortion #Texas

Notification refers to a type of tweet that is restricted to the straightforward dissemination
of information, without engaging in inference. This class typically includes content such as
media outlets sharing links to their articles or announcements that serve primarily to inform
rather than to persuade or evaluate.

Ezxample:

Mexico top court declares criminalizin Abortion 06 unconstitutional

- JURIST-News Mexico’s Supreme Court of Justice of the Nation ruled Tuesda;
that total #criminalization of #abortion is unconstitutional. #AbortoLegalMexico
#USSupremeCourt #SupremeCourt https://t.co/xLj5PZijOL

44



3.2 Modeling Argumentation on Twitter

None is a type of tweet that contains neither inference nor informational content. It lacks
reasoning, factual grounding, or contextual detail and may consist primarily of vague, emotion-
ally charged, or displaced content that offers no clear persuasive or informative contribution
to public discourse or debate in general.

Example:
@sinnfeinireland Blah blah blah blah blah blah

Argumentation in Twitter Conversations: Building on the respective argument compo-
nents and their resulting manifestations, which constitute the observable products of argu-
mentation, it is imperative to also consider their integration into the broader communication
process. In this regard, the contextual factors that are essential for interpreting the commu-
nicative function of arguments within argumentation in general (Eemeren and Grootendorst,
2003; Eemeren et al., 2014) cannot be overlooked for Twitter conversations.

Given that Twitter conversations are structured as reply trees, where tweets are interconnected
and explicitly reference the tweet they respond to, it is essential to account for the contextual
relationship between tweets in order to ensure accurate annotation and interpretation. For
example, a tweet may be recognized as a Reason when viewed in relation to a preceding
Notification tweet that provides the relevant contextual information, while the same tweet
might be classified as Statement if treated in isolation.

Furthermore, entire conversation chains can be used to resolve issues of co-references, such as
people being substituted by their corresponding pronouns used to refer to them in subsequent
tweets (Bosc, Cabrio, and Villata, 2016). For example, if a person is mentioned in one tweet
and later referred to as he, she, his, or hers, the broader conversational context can provide
clarity (Andy, Callison-Burch, and Wijaya, 2020). Nonetheless, the primary focus lies on
direct replies that are explicitly linked to a specific preceding tweet, thereby establishing an
immediate contextual relation between the reply and the tweet it addresses.

In this context, conversations can be formally modeled as transition graphs of messages, where
each state corresponds to a specific type of message and captures how different message types
relate to and influence one another (Shannon, 1948). More precisely, a conversation can be
abstracted as a probabilistic transition graph, which is a directed graph in which each node
represents a message state and each edge represents a possible transition between states, labeled
with a probability that indicates the likelihood of that transition occurring.

Formally, a probabilistic transition graph is defined as a tuple G = (5, E), where S is a finite
set of states and F C S x S is a set of directed edges. Each edge (s,s’) € F carries a label
p(s’]s) € [0, 1], representing the conditional probability of transitioning from state s to state
s’. Moreover, for each fixed state s € S, the probabilities of all outgoing edges sum to 1.

When applied to Twitter conversations, each state corresponds to one of the four possible mani-
festations of inference and information, that is, S = {Reason, Statement, Notification, None}.
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Consequently, the transition probabilities represent the likelihood that a tweet of a given type
will be followed by a reply assigned to any of the four classes, capturing how argumentation
evolves across conversational turns via p(Reply|Tweet), compare Table 3.2.

Reason  Statement Notification  None
r . -

Reason

=
@D
o,
=
—
<
¢
8
Tw;:et

Notification ~Statement

None

Reply

Figure 3.2: Twitter conversations as a transition graph, where nodes correspond to the dis-
tinct tweet classes: Reason Statement, Notification, and None. These types are
distinguished by the manifestation of argument components, specifically inference
and information. Directed edges in the graph represent transition probabilities
p(Reply|Tweet), indicating the likelihood that a tweet of one type receives a reply
of another type. The model captures the interaction patterns and structural dy-

namics of argumentation in Twitter conversations.

3.3 Baseline Evaluation with Pre-Trained Language Models

The following discussion addresses the baseline evaluation of TACO, with particular attention
to the choice of the model-architecture family and the underlying mechanisms, as illustrated by
the processes shown in Figure 3.3. Moreover, the following aspects are of central importance,
as the same principles reappear in different versions throughout the thesis, particularly in the
following Chapter 4.

For the baselines, PLMs, specifically BERT-based architectures, were chosen, since they rep-
resented the SOTA at the time the paper was written, compare Subsection 2.3.3. In partic-
ular, BERT, RoBERTa, DistilBERT, and A pre-trained language model for English Tweets
(BERTweet), which was pre-trained specifically for Twitter language, were used. This work,
however, concentrates on BERTweet as the main baseline. The comparison with the other mod-
els is taken up again in Chapter 5 during the re-evaluation of TACO, where it is shown once
more that BERTweet and its improved version WRAP, presented in Chapter 4, outperform
the others.
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While all these models differ in their pre-training and size, they belong to the same BERT-
based family of PLMs. The description of contextualized representations and the classification
mechanism presented next, as illustrated in Figure 3.3, follows the principles introduced in the
original BERT paper (Devlin et al., 2019).

In essence, these models were taught to generate word representations in context, which provide
a rich foundation for downstream tasks and enable the distinction between different senses and
nuances of meaning. Here, a word representation refers to a mathematical object associated
with each word, typically a vector whose dimensions correspond to latent features, that is,
properties not directly observable but inferred from the data itself, which capture syntactic
and semantic aspects (Turian, Ratinov, and Bengio, 2010; Bengio, Courville, and Vincent,
2013). Beyond that, such a representation can also be understood as an embedding into a
vector space so that these two terms can be read synonymously.

On top of these, a lightweight predictor can be added to perform classification or other specific
objectives without the need to train the entire model from scratch.

Sequence Classification as a Formalized Learning Task: To be precise, a PLM of the
BERT-family can be described as an embedding model, which, in turn, is a learned function
Gw, parameterized by weights W (Sun et al., 2020). These weights are obtained through re-
spective pre-training, which allows the model to be used directly for downstream tasks without
training from scratch.

Given a textual sequence t € T (e.g., a sentence in a document), it can be represented as a
token sequence t = (t(l), . 7t(”))7 where each t() is a basic unit such as a word or sub-word.

For sequence classification, the BERT-family introduces a special token, namely the [C'LS|
token, which is placed at the beginning of the input sequence and aggregates contextual infor-
mation from all other tokens, thus serving as a pooled representation of the entire sequence.

The model then maps ¢ to the corresponding sequence of contextualized token representations
(RCES R . h(™) = Gy (t), where each A € H C R is a d-dimensional vector (typically
d = 768) in the representation space H of Gy . Therein, each R encodes token ¢t in the

context of the entire sequence t. By convention, however, the h¢3

representation, although
itself also context-dependent like the others, is widely adopted as a proxy for the representation
of the entire input sequence.

Apart from the ongoing debate about whether h¢%

is sufficiently informative or whether
alternative pooling strategies such as straight mean pooling over each token representation
R, ... h(™ are more useful (Reimers and Gurevych, 2019), the use of the [CLS] token
remains the standard method for sequence classification (Devlin et al., 2019; Rogers, Kovaleva,

and Rumshisky, 2020; Sun et al., 2020).

Furthermore, for sequence classification, h“*S is often simply referred to as the classification
token h = Gy (t), a convention that will be followed throughout the rest of this thesis.
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Considering this, h is passed to a classification head Cy;,, parameterized by its weights w.
In the BERT-family, this head typically consists of one or two FFN layers on top of Gy,
transforming its input into a vector of real-valued outputs, known as logits. Formally, if the
classification token is denoted as h = Gy (t), then the logits can be expressed as z = CY;, (h).

The probability distribution across classes is then determined by applying the softmax function
p(y | t) = softmax(z). Thereby, z are the raw class scores, which are normalized into a class
probability distribution by the softmax function. As formalized in Subsection 2.2.3, the highest
probability is then selected for the final class prediction .

CLS pOLS
t® 6
+@ r® logits
—> Gw —> —> CW —> —>» Y
¢ Q)
Pre-Trained Classification
Input Language Model Representations Head Softmax  Output

Figure 3.3: Sequence classification with BERT-like PLMs. The input sequence ¢ of tokens
t@) (e.g., words or sub-words) is prefixed with a special [CLS] token. A repre-
sentation model Gy (e.g., BERT) maps ¢ to contextualized token representations
(RCES R (M) = Gy (t). For classification, the pooled vector hCS (hereafter
referred to as h = Gy (t) for simplicity), which integrates contextual information
from the entire sequence, is passed to a classification head CY;,. Its logits (raw out-
puts) are transformed into class probabilities via softmax, and the final prediction
is obtained according to Subsection 2.2.3.

The overall model can thus be described as a composite function Fy = Cy;, o Gy, where the
parameter set § = {W, W} combines both the weights of the PLM Gy, which are used to
derive meaningful representations of the input, and the separate weights of the classification
head Cj;, for making predictions based on them.

At the bottom line, for the BERT-family, the sequence classification task boils down to several

Cy R
intermediate steps t Sw, p 2w, y, where the entire set of parameters § = {W, W} can be fine-
tuned together to achieve better classification results while also improving the representations
to a certain extent. The latter will be examined at greater depth in Chapter 4.
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Marc Feger and Stefan Dietze.
“TACO - Twitter Arguments from COnversations”

In: Proceedings of the 2024 Joint International Conference on Computational Linguistics,
Language Resources and Evaluation (LREC-COLING 2024), pages 15522-15529, Torino,
Italia. ELRA and ICCL.

Acceptance Rate: ~44.8%

Now turning to the specific paper (Feger and Dietze, 2024a), the following provides an overview
of its content and outlines the key findings regarding research question Q1 and its sub-questions
Q1.1-3 introduced in Section 1.2. After a brief statement on the general implications and
significance of this work for the dissertation, the respective paper will be presented.

3.4.1 Summary

Twitter Arguments from COnversations (TACO) is the first publicly available dataset for Argu-
ment Mining (AM) based on full Twitter conversations, containing 1,814 annotated tweets from
200 discussions on six peak-performing hashtags, #Abortion, #Brexit, #TwitterTakeover,
#GOT, #LOTRROP, and #SquidGame, sampled from around 600,000 tweets collected be-
tween 2020 and 2021. Specifically, each collected conversation is represented as a complete
reply tree, starting with an initial tweet that sparked reactions and branching out into threads
that trace the full progression of the corresponding sub-discourse down to the very last reply.

First, to address Q1.1 (How can an annotation scheme for arguments in conversations be
designed?), this paper presents the theoretical simplification of arguments and introduces a
custom annotation framework grounded in Cambridge Dictionary® definitions. Given the lack
of a universal definition of arguments and as the first attempt to annotate arguments within
coherent Twitter conversations, it defines inference (opinions or guesses based on information)
and information (facts or details) as the core components of arguments and discusses the design
choices behind this modeling approach in light of established literature and best practices.

Reflecting the diverse communicative intents on Twitter, tweets are classified as Reasons (in-
ference and information), Statements (inference only), Notifications (information only), and
None (no elements). By its design, this differentiation supports a hierarchy of both a binary
categorization between argument tweets, which contain inference, and no-argument ones, as
well as a more detailed analysis of the specific classes each tweet falls into.

Based on this hierarchy, an annotation guide was developed and refined through iterative
testing and optimization. In their final iteration, the annotations were designed with respect
to the conversational context of tweets, that is, the preceding and subsequent replies.

Second, to answer Q1.2 (What annotation quality can a resulting gold dataset achieve?), the
process achieved a high inter-annotator agreement among six experts, with a Krippendorff’s
of 0.718, and a strong retention rate, with 95.6% of all annotations passing a strict majority
vote of 50% agreement regarding one of the four tweet classes defined.
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Although the distribution varies across individual classes, the proportion of argument and
no-argument tweets is balanced within the final dataset.

Based on the final annotations, an analysis of the conversations revealed that users on Twitter
frequently engage in informed discourse, primarily involving reasoning or additional informa-
tion, where reply patterns showed that such context-rich, argumentatively informed tweets
were most frequently responded to in kind.

To address Q1.3 (What baseline results do SOTA models yield on this dataset?), the evaluation
involved the SFT of several SOTA PLMs in a sequence classification setup with cross-validation.
The best performance was achieved with BERTweet, reaching 85.06% macro F1 for argument
detection and 72.49% for tweet-level classification.

In its conclusion, considering Q1.1-3, the paper answers the main research question Q1 (Can
arguments be extracted within entire Twitter conversations?) by showing that arguments,
defined through inference and information, can be identified across conversational threads and
diverse topics with substantial agreement (o = 0.718). Following best practices, BERTweet
further achieved strong results, with 85.06% macro F1 for argument detection and 72.49% for
tweet-level classification. Nonetheless, fine-tuning alone did not ensure strong performance
across all classes, as superficial signals led to underperformance in some cases. In fact, the
length of tweets and the presence of discourse markers show a strong alignment with class
distinctions. Moreover, misclassifications at the tweet-level, for instance, labeling a Statement
as a Reason, still contribute to ~43% of true positives in argument detection.

These results highlight the need for further work on refining model representations to better
capture and generalize the diverse and pragmatic functions of different tweet classes in con-
structing arguments. They also suggest that strong performance in argument detection may
not necessarily reflect a model’s ability to reliably distinguish between the various classes that

emerge of inference and information.

3.4.2 Importance and Impact on this Thesis

Assessing practical AM on Twitter under real-world conditions requires ground truth data that
captures the structural components of arguments and reflects their dynamics across diverse
topics of full conversations, for which this study introduces the first foundational resources.

Following best practices, findings showed that SF'T did not consistently deliver strong perfor-
mance across all tweets. Error analysis revealed that much of the baseline performance was
not solely due to the model’s ability to distinguish arguments from no-arguments based on
the annotated data intent. Instead, superficial correlations, such as length, discourse marker
usage, and tweet-level misclassifications that still matched the broader category of a tweet,
raised concerns about the model’s genuine alignment in representing argument components.
In turn, the findings of this paper (Feger and Dietze, 2024a) provide the foundation for the
second main contribution of this thesis (Feger and Dietze, 2024b), which addresses Q2 (Do
SOTA models inherently predict arguments in Twitter conversations?) in particular.
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IHeiCAD - Heine Center for Artificial Intelligence and Data Science,
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Abstract
Twitter has emerged as a global hub for engaging in online conversations and as a research corpus for various
disciplines that have recognized the significance of its user-generated content. Argument mining is an important
analytical task for processing and understanding online discourse. Specifically, it aims to identify the structural
elements of arguments, denoted as information and inference. These elements, however, are not static and may
require context within the conversation they are in, yet there is a lack of data and annotation frameworks addressing
this dynamic aspect on Twitter. We contribute TACO, the first dataset of Twitter Arguments utilizing 1,814 tweets
covering 200 entire COnversations spanning six heterogeneous topics annotated with an agreement of 0.718
Krippendorff's o among six experts. Second, we provide our annotation framework, incorporating definitions from
the Cambridge Dictionary, to define and identify argument components on Twitter. Our transformer-based classifier
achieves an 85.06% macro F1 baseline score in detecting arguments. Moreover, our data reveals that Twitter users
tend to engage in discussions involving informed inferences and information. TACO serves multiple purposes, such
as training tweet classifiers to manage tweets based on inference and information elements, while also providing

valuable insights into the conversational reply patterns of tweets.

Keywords: Argument Mining, Twitter Conversations, Resource, Inference and Information Extraction

1. Introduction

Social media has created an open network of
voices, connecting people globally and allowing
them to exchange ideas and engage in discus-
sions on any topic of interest. Despite these ben-
efits, maintaining healthy and substantial online
deliberation and promoting transparent informa-
tion exchange remain key challenges in this area
(Chadwick and Howard, 2008; Ruiz et al., 2011).
Twitter, now X, serves as a global hub for opinions,
news, and information, recognized for its research
value and user-generated content prior to its re-
branding (Kwak et al., 2010; Boyd et al., 2010).

In this context, argument mining has emerged
as a valuable technique to identify the structure of
inference and reasoning presented as arguments
in natural language and is closely related to in-
formation extraction, fact checking, citation and
opinion mining (Lawrence and Reed, 2019). This
involves the automatic identification and extrac-
tion of arguments expressed in text, thus enabling
researchers to analyze and understand the na-
ture and structural elements of online discussions.
Over the past years, the field of argument min-
ing has undergone significant development in var-
ious domains, such as legal texts (Moens et al.,
2007; Wyner et al., 2010), newspapers (Reed
et al., 2008; Mochales and Moens, 2011), essays
(Stab and Gurevych, 2014; Persing and Ng, 2016;
Wachsmuth et al., 2016), Wikipedia articles (Levy
etal., 2014, 2017), and sources of conflicting con-
tent, such as user comments (Park and Cardie,

2014), dialogues (Swanson et al., 2015), and web
discourses (Habernal and Gurevych, 2017). While
these works made initial contributions to the field,
more recent research has focused on the detec-
tion of arguments from heterogeneous sources of
arbitrary web text (Daxenberger et al., 2017; Levy
et al., 2018; Stab et al., 2018). Despite address-
ing different aspects of argument mining, all stud-
ies involve the detection of inference and informa-
tion (Palau and Moens, 2009; Daxenberger et al.,
2017) as part of online discourse.’

(1) Men shouldn't be making laws about women’s bodies #abortion #Texas
(2) 'Bitter truth’: EU chief pours cold water on idea of Brits keeping EU
citizenship after #Brexit https://t.co/j3DteyWcMg via @ TheLocalEurope

(3) Opinion: As the draconian (and then some) abortion law takes effect

in #Texas, this is not an idle question for millions of Americans.

A slippery slope towards more like-minded Republican state

legislatures to try to follow suit. #abortion #F24 https://t.co/sMKUdhRF1q
(4) @sinnfeinireland Blah blah blah blah blah blah

Table 1: Example tweets that contain inference (1),
information (2), a combination of both (3), or none
of either (4).

For argument mining on Twitter, research
has expanded from specific topics like football
(Llewellyn et al., 2014) and encryption (Addawood
and Bashir, 2016) to encompass various subjects,
including Brexit and Grexit (Dusmanu et al., 2017).
Recent studies have focused on structuring tweets
into debates via semantic similarity on the topics
Iran, Grexit, Apple Watch and Game of Thrones
(Bosc et al., 2016), and with isolated tweet-reply

"These components, inference and information, are
defined along the annotation framework in Section 2.1.
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pairs on climate (Schaefer and Stede, 2020), nei-
ther capturing entire conversations.

This diversification has led to specialized tasks,
such as identifying pro and con arguments in
Planned Parenthood tweets (Bhatti et al., 2021)
and evaluating scientific support in Covid-19 and
climate-related tweets (Hafid et al., 2022).

Despite the progress in argument mining, the
scope of related research on Twitter is restricted
to a micro-level perspective, solely examining indi-
vidual tweets and neglecting the interrelated reply
tweets that make up the wider context of Twitter
discussions. So far, no ground truth data for as-
sessing arguments in entire Twitter conversations
exists (Schaefer and Stede, 2021). With our work,
we contribute the following to advance the field of
argument mining on Twitter:

1 Annotation Framework. Our specialized ar-
gument mining framework for Twitter conver-
sations evolved from an extensive analysis of
the elements defining arguments in relevant
literature and iterative deliberations among
our experts. It builds on Cambridge Dictio-
nary's? definitions to define and identify infer-
ence and information within tweets.

2 Conversation-Based Ground Truth Data.
Our TACO?® dataset comprises 1,814 tweets,
covering 200 entire conversations from six
widely-discussed Twitter events. It was anno-
tated by six experts with a high agreement
score of 0.718 Krippendorff's o. TACO is
available to the public in compliance with Twit-
ter's data policy.

3 Baseline Classification Model. Our pub-
lished transformer-based classifier*, under-
lines TACO's significance in argument mining
by achieving an 85.06% macro F1 for detect-
ing arguments in tweets and 72.49% macro
F1 for identifying combinations of inference
and information. This classifier can be em-
ployed in both cases to aid in building new
datasets and tweet curation.

2. Constructing the TACO dataset

Given the brevity of tweets, which were originally
limited to 140 respectively 280 characters, struc-
tural elements of arguments such as inference or
information tend to be scattered across distinct
messages (Kwak et al., 2010; Boyd et al., 2010;
Addawood and Bashir, 2016; Dusmanu et al.,
2017). At the same time, tweets tend to be rather
diverse in nature. Some tweets indicate a genuine

2dictionary.cambridge.org
3github.com/TomatenMarc/TACO
“huggingface.co/TomatenMarc/TACO
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interest in contributing to ongoing debates, while
others may express different motivations, such as
a what-i-had-for-lunch-like tweet (Rogers, 2013).

2.1.

With no one-size-fits-all definition of what an argu-
ment is (Palau and Moens, 2009; Habernal et al.,
2014; Stab et al., 2018), the crucial challenge is
how to identify arguments on Twitter. However,
one potential strategy for simplifying this task is
to differentiate between tweets that contain an in-
ference as a key component of an argument and
those that do not (Palau and Moens, 2009; Stab
and Gurevych, 2014; Bosc et al., 2016; Daxen-
berger et al.,, 2017; Lawrence and Reed, 2019).
Our aim here is not to create a new formalism for
arguments, but rather to integrate established the-
ories and provide a reusable set of definitions that
can be applied to Twitter.

To define this critical component of an argument,
we refer to the Cambridge Dictionary, which de-
fines inference as a guess that you make or an
opinion that you form based on the information that
you have. We also utilize their description of in-
formation as facts or details about a person, com-
pany, product, efc..

Taken together, argument mining on Twitter in-
volves determining if a tweet contains an inference
(Argument) or not (No-Argument) by also con-
sidering its combination with information, as illus-
trated in Figure 1.

Tweets categorized as an Argument can be:

Statement, a tweet where only inference is pre-
sented like something that someone says or writes
officially, or an action done to express an opinion
(see tweet 1 in Table 1).

Reason, a tweet where the inference is based
on information mentioned in the tweet, such as ref-
erences, and thus reveals the author’'s motivation
to try to understand and to make judgments based
on practical facts (see tweet 3 in Table 1).

In contrast, tweets that are categorized as No-
Argument are defined by the absence of inference
and can be described as:

Notification, a tweet that is limited to only pro-
viding information, such as media channels pro-
moting their articles (see tweet 2 in Table 1).

None, a tweet that provides neither inference
nor information (see tweet 4 in Table 1).

Annotation Framework

2.2. Data Sampling and Annotation

Twitter conversations are shown to have a strong
focus on various topics, often driven by hashtags
(Hughes and Palen, 2009; Rogers, 2013; Zhou
and Chen, 2014). We utilized Twitter's API v2 to
collect a corpus of tweets and their reply-relations,
enabling the extraction of entire conversations.
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Tweet
Argument (No-Argument!
(inference) (no inference)
Notification
None
only information

Figure 1: Hierarchy of inference and information.

Reason
(with information

Statement
no information

While earlier studies of argument mining on Twit-
ter mostly focused on one or two topics (Llewellyn
et al., 2014; Addawood and Bashir, 2016; Dus-
manu et al., 2017; Schaefer and Stede, 2020;
Bhatti et al., 2021; Hafid et al., 2022), we aimed
to create a more comprehensive corpus by collect-
ing tweets from six controversial topics: #Abortion,
#Brexit, #GOT, #TwitterTakeover, #SquidGame,
and #LOTRROP. Over a period of seven months,
we collected ~600k tweets around key-dates® re-
lated to these hashtags, resulting in a significant
increase in tweet volume. The allocation of the
~600k tweets and the profiles of the hashtag top-
ics are as follows:®

#Abortion (5%) pertaining to the 'Row v. Wade’
lawsuit, which challenges the Texas abortion ban
(S.B.8) after six weeks, discussed and obtained
between August 15 and October 16, 2021.

#Brexit (70.9%) relates to the global discussion
of Great Britain’s departure from the European
Union on February 1, 2020. This historic event
was queried from January 1 to March 1, 2020.

#GOT (10.2%) was gathered from April 1 to May
1, 2019, for expressing criticism about the final sea-
son of ‘Game of Thrones'.

#TwitterTakeover (3.1%) was queried from
April 1 to May 1, 2022, in association with Elon
Musk’s position as Twitter’s largest shareholder,
raising concerns about freedom of speech and ini-
tiating its transition to X.

#SquidGame (8.5%) explores economic in-
equality’s impact on moral choices while also
advertising the corresponding Netflix series, col-
lected from September 10 to October 10, 2021.

#LOTRROP (2.3%) discussed the release of the
trailer for Amazon'’s first season of 'The Lord of the
Rings: The Rings of Power’ and the related debate
on representation and diversity in media, which we
tracked from February 1 to March 1, 2022.

Text annotation is a multifaceted task, encom-
passing reading, comparing, memorization, and
developing consensus about the data (Guetter-
man et al.,, 2018; Geiger et al., 2020). Under
the author’s guidance, two annotation rounds were
performed with distinct expert groups to classify
tweets based on our proposed annotation frame-
work for Twitter conversations.?

SFor the meta-data or examples, see: README.md

In step 1, three experts and the paper’s
first author refined the framework’s guidelines
and assessed their generalizability across topics.
We sampled 300 conversation-starting tweets for
#Abortion and #Brexit, given their significance in
argument mining (Wachsmuth et al., 2017a; Dus-
manu et al., 2017; Stab et al., 2018; Levy et al.,
2018; Bhatti et al., 2021). Only when complete
agreement on a tweet’s classification was reached
did it proceed as a candidate for step 2 annotation.

In step 2, the first author and two additional
experts annotated 200 full conversations, tracing
the sequences of reply-relations from the starting
tweets to the final replies in a conversation, thereby
considering the conversational context.> This in-
cluded 50 conversations for both #Abortion and
#Brexit, and 25 conversations for each of the re-
maining four topics. In total, 236 #Abortion, 285
#Brexit, 192 #GOT, 166 #TwitterTakeover, 226
#SquidGame, and 209 #LOTRROP tweets were
considered, averaging 219 tweets per topic.

In these steps, 1,814 annotated tweets were
generated, including 1,314 conversation-based
tweets of all topics and 500 distinct conversation-
starting tweets for #Abortion and #Brexit, with a
strong 0.718 Krippendorff's o agreement, given
the author’s involvement in both phases.

2.3. TACO Dataset

The final TACO ground truth (see Table 2) involved
a strict majority vote approach, discarding tweets
with less than 50% agreement among assigned
votes for a specific class, resulting in 1,734 tweets,
accounting for 95.6% of the annotated tweets.

No-Ar

869 (50.12%)
Notification None
500 (28.84%) 369 (21.28%)

Argument
865 (49.88%)
Reason St
581 (33.50%) 284 (16.38%)

Category

Class

Table 2: Class distribution in the TACO dataset.

3. Argument Mining on Twitter

We trained a soft-max classifier on top of different
transformer models to utilize TACO in two tasks:
(1) detecting inference in tweets (Argument vs.
No-Argument), and (2) classifying tweets based
on combinations of inference and information.

To obtain a first baseline for the usability of
TACO, we fine-tuned the classifiers within an or-
dinary sequence classification approach integrat-
ing TACO’s tweets, whose labels, created using
our conversation-based annotation framework, en-
code implicit conversational context without detail-
ing the conversation structures.®

8This approach is pragmatic, avoiding the complexity
of modeling conversation hierarchies during fine-tuning.
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For task (2), we fine-tuned the classifiers us-
ing 10-fold cross-validation, whereby the exper-
imental results showed that BERTweet (Nguyen
et al., 2020) provides superior classification perfor-
mance. Further itis worth noting that the results for
task (1) are aggregations of task (2), with a focus
on presence or absence of inference.

The benefits of the BERTweet classifier
for TACO extend beyond theory and are sup-
ported by cross-validation demonstrating strong
performance for argument mining across the
conversation-based tweets. Our results demon-
strate this effectiveness, with the baseline model
achieving an 85.06% macro F1 for inference
detection of task (1) and 72.49% for classification
of task (2), as seen in Table 3.

In terms of TACO's data, the classification model
had access to the following text features indicating
tweet classes. The length of tweets differs among
classes, with Reason being the longest on aver-
age (213), None the shortest (63), and Notifica-
tion (156) and Statement (122) falling in the middle
character range. URL usage varies, with Reason
(34.6%) and Notification (71.6%) having the high-
est, while None and Statement use them less than
8.11%. The usage of discourse marker’ aligns
with the argumentativeness of tweets: Reason
(32.9%) is highest, followed by Statement (19%),
Notification (11.4%), and None (8.7%).

Although there are misclassifications in task (2),
~43% of them are counted as true positives in task
(1). The misclassification of Reason as Statement
(or vice versa) still falls into the category of Argu-
ment, the same being true for the mutual misclas-
sification of Notification and None, which still con-
tributes as No-Argument.

Besides inference detection, the model also
faces the challenge of correctly classifying tweets
by identifying the informative parts, which is dis-
tinct from detecting inference and may not be en-
tirely satisfactory due to the varied forms in which
information can be presented, like URLs or frag-
mented text passages. Different tweets may em-
ploy language for specific intents involving rhetori-
cal devices or visual elements, adding complexity
to identifying information’s formal attributes.

Error analysis revealed that Statements, al-
though typically lacking information, can include
URLs when misclassified as Reason or Notifica-
tion, as URLs might seem like apparent mark-
ers of information, resulting in an increased aver-
age length of 172. In fact, 22.09% of these mis-
classified Statements contained URLs, predomi-
nantly from internal sources like memes, GlIFs, and
videos. This circumstance might be influenced by
Twitter's recommendation system, which rewards

"dictionary.cambridge.org/us/grammar/british-
grammar/discourse-markers

o4

Task Instance Precision (%) Recall (%) F1(%) macroF1 (%)
Category | Argument 83.59 87.17 85.34 85.06
No-Argument | 86.66 82.97 84.77
Class Reason 73.69 75.22 7445 7249
Statement 54.37 59.15 56.66
Notification 79.02 77.60 78.30
None 83.87 77.51 80.56

Table 3: Baseline argument mining performance.

tweets that attract a large audience and have en-
tertaining contents attached.®

Further investigation found that 24.42% of these
incorrect assignments in the Statement class con-
tained discourse markers, which complicated clas-
sification because these markers often organized
relations between information and inference, lead-
ing to multiple stacked inferences that amplified
the message’s tone rather than being perceived as
information in the first instance.

To provide context, the model achieved a F1
score of 80.56% in detecting tweets lacking infer-
ence and information (None), which often led to
conversation halts in about one-third (33.15%) of
cases where a tweet received no further replies.
Reason was the second most common in end-
ing conversations at a rate of 29.73%, potentially
indicating knockout arguments of further interest.
Additionally, a Statement received no replies in
19.04% of cases, while Notification had no replies
in 18.08%.

3.1. Conversational Reply Patterns

In our final analysis of the conversation-based
ground truth data, we explored state transitions be-
tween connected tweet-reply pairs (¢, r) to reveal
TACO’s value in understanding reply patterns and
providing insights into conversation progression,
as shown in Table 4.

P(rlt) Reason [ Statement | Notification | None
Reason 0.51 0.12 0.31 0.06
Statement | 0.38 0.21 0.33 0.08
" Notification | 0.26 0.08 0.57 0.09
None 0.26 0.08 0.44 0.22

Table 4: Transition probability of a tweet with class
t (row) having a reply with class r (column).

Our findings reveal users often reply with in-
formed inferences (Reason) or additional infor-
mation (Notification), with less common conver-
sations solely based on inference (Statement)
or lacking both elements (None). Additionally,
Argument relies on informed inference, while
No-Argument depends on information usage in
replies, reflecting a preference for informed de-
bates.

8github.com/twitter/the-algorithm
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4. Conclusion

This paper presents the first ground truth dataset,
TACO, for conversation-based argument mining
on Twitter, efficiently annotated by six experts us-
ing our purpose-built annotation framework that in-
corporates definitions of argument constituting ele-
ments from the Cambridge Dictionary. Unlike pre-
vious datasets that often rely on isolated tweets
without the contextual framework of conversations,
TACO offers fully annotated and coherent Twit-
ter conversations across six topics used for train-
ing a transformer-based classification model, pro-
viding valuable resources for future research in
this domain. Furthermore, the provided classi-
fier effectively differentiates tweets that make argu-
ments from those that do not, based on the pres-
ence of inference. Additionally, our multi-class
approach sufficiently identifies tweet classes, es-
pecially those that lack information and inference.
Our findings suggest the need for further research
to enhance the semantic features of our proposed
tweet classes, possibly by fine-tuning BERTweet
for more generalized representations according to
our framework.

5. Ethics Statement

In the context of this study, which uses Twitter
data, we have adhered to ethical practices and pri-
vacy principles and ensured data protection by lim-
iting the publication of TACO to tweet IDs in accor-
dance with Twitter’s terms of service. Our anno-
tation process, which involved volunteer experts,
has been carefully designed to limit data access
to what was strictly necessary and to ensure ethi-
cal standards, fair compensation and data integrity.
Access to the original dataset is restricted to non-
harmful research, subject to appropriate data pro-
tection agreements with the authors. It should also
be noted that the TACO dataset covers sensitive
topics that may contain language and images that
some may find offensive.
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Chapter 4

Learning Generalizable Argument
Representations for Twitter

This section presents the second contribution (Feger and Dietze, 2024b) of this thesis, which
addresses the representation-related limitations of the TACO baseline model identified in Chap-
ter 3 from a modeling perspective. The focus lies on the role of representations and possible
strategies for improving them, considerations that were not part of the published paper but
are essential for understanding the improved representation model, WRAP, introduced here.

4.1 Representation Learning

At the heart of ML lies the challenge of transforming raw observations of the real world
into descriptions, i.e., representations of how this world unfolds, which make the information
contained therein accessible to models and enable them to perform downstream tasks such as
classifications (Bengio, 2013; Bengio, Courville, and Vincent, 2013).

Generally speaking, ML, and so is NLP, is bound by the overarching problem that the perfor-
mance of a model depends heavily on the quality of the representations of the data to which
it is applied (Bengio, Courville, and Vincent, 2013; Le-Khac, Healy, and Smeaton, 2020).

Traditionally, and as noted in Subsection 2.3.3 for AM, this challenge has been addressed
through manual feature engineering (Bengio, Courville, and Vincent, 2013; Zhao et al., 2025).
In this paradigm, domain experts design and select features by defining descriptors that capture
relevant aspects of the data, guided by prior knowledge, heuristics, and intuition.

However, these engineered features and their creation are often time-consuming, domain-
specific, and difficult to scale. In addition, manually designed features remain fixed once
they are specified. This means that, due to their design, they cannot adapt to new data dis-
tributions or tasks and may also fail to capture factors that are relevant but unknown to the
designer or cannot be easily represented within handcrafted descriptors.

Representation Learning (RL), on the other side, offers a fundamentally different approach.
Rather than relying on human intuition, models learn directly from data to construct internal
representations that ideally capture task-relevant patterns and abstractions.
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This shift from engineering to learning reduces dependence on handcrafted design, allows rep-
resentations to adapt to specific problems, and enables the discovery of features that may not
be accessible to human designers or which were not thought of in the first place.

With this in mind, an entire chapter, Chapter 5, is dedicated to a more detailed discussion of
the issues arising from this. But before turning to these issues, it is first necessary to clarify
what is meant by RL, how the learning process is generally structured, and how meaningful
representations can be obtained.

At its core, the idea behind RL involves learning representations of data that make it easier
to extract useful information when creating classifiers or other predictors (Bengio, Courville,
and Vincent, 2013). More specifically, it refers to the process of learning a parametric mapping
from the raw data space to a feature vector or tensor, in the hope of capturing and extracting
more abstract and useful concepts that can improve performance on a range of downstream
tasks (Le-Khac, Healy, and Smeaton, 2020).

Representation Learning as a Formalized Learning Task: In practice, RL describes the
process of learning a mapping ¢ : 7 — H from the input space 7 to an abstract representation
space H with desirable properties (Bengio, 2013; Bengio, Courville, and Vincent, 2013; Le-
Khac, Healy, and Smeaton, 2020; Torralba, Isola, and Freeman, 2024).

This mapping is typically referred to as a feature encoder (Le-Khac, Healy, and Smeaton, 2020)
and, in the case of NLP tasks, is implemented as a learnable parametric function Gy, (¢) that
transforms an input sequence t = (t(l), . ,t(")) of tokens t() into a corresponding sequence of
token representations (h"), ... h(™). In this vein, discriminative tasks such as sequence clas-
sification require a single representation of the entire sequence that aggregates the information
contained in A, ..., A(™ which, for simplicity, can be denoted as h = Gy (t).

Although the mechanisms described above are consistent with the BERT architecture presented
in Section 3.3, the notion of RL highlights that a model Gy learns its parameters W to encode
meaningful representations of the input, typically starting from scratch.

In the case of Pre-trained Language Models (PLMs), however, as considered in this thesis, the
weights W are not learned anew but are to be further refined and adapted under task-specific
conditions that go further than the shallow adaptation alongside fine-tuning the classification
head for a downstream task (Sun et al., 2020).

Hence, in such discriminative approaches to RL, the objective is to optimize the conditional
probability p(y | t) in the classification pipeline ¢ Gw, g, C—W> y by specifically aligning the
parameters W of Gy with the general requirements of the task, i.e., to the semantics that
disambiguate each y € Y to be what it has to be (Bengio, 2013) before fine-tuning C;, .

While in classical SFT the information formally flows back through the entire model, most
adjustment signals originate from the lightweight FFN classification head C';, and thus provide
rather unspecific guidance for fundamentally updating W (Merchant et al., 2020; Zhou and
Srikumar, 2022). In contrast, the focus here lies on deliberately improving W, so that the
adapted representations themselves become better suited for later downstream decisions.
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Principles of a Desirable Representation: Unquestionably, it is difficult to define universal
criteria for what makes a representation good. The answer always depends on the specific goal
or application in mind. Still, key contributions (Bengio, 2013; Bengio, Courville, and Vincent,
2013; Le-Khac, Healy, and Smeaton, 2020; Torralba, Isola, and Freeman, 2024) in the field
emphasize a set of general assumptions that guide how to think about such representations.

Before turning to these principles, it is important to emphasize that the properties of RL out-
lined here are based on the aforementioned key contributions, yet paraphrased and reorganized
in a didactic manner to highlight their interrelations.

First, there are assumptions about the explanatory factors underlying data (factor-based as-
sumptions). These assumptions concern the nature and organization of the latent explanatory
factors that give rise to observable data. These are:

Multiple Explanatory Factors: Data is usually generated by a combination of latent, explana-
tory factors rather than a single source of variation. Effective representations should
disentangle these factors, allowing the model to capture them in a structured way.

Sparsity: Building on the idea of multiple factors, sparsity ensures that only a few factors
are active for any given example. In this way, redundancy is reduced, the most rele-
vant variables are highlighted, and interpretability as well as efficiency of the learned
representations are improved.

Depth and Hierarchy: Extending these assumptions, a central principle for building represen-
tations is their hierarchical organization. The guiding idea is that concepts in the real
world are themselves often organized hierarchically, where more abstract notions stand
above and capture less abstract ones.

Second, there are assumptions about the spatial and geometric organization of data in the
representation space (space-related assumptions). In contrast, these assumptions focus on the
geometric and spatial organization of data in the input and representation space. They describe
how data points are distributed and what kinds of neighborhood relations should be preserved.
These can be described as:

Manifold: The manifold assumption states that real-world data, although embedded in a high-
dimensional input space, do not occupy this space uniformly. Instead, data points tend
to concentrate on regions of much lower dimensionality that form a smooth, underlying
manifold. A good representation should uncover and align with this low-dimensional
structure, as it often reflects the true organization and explaining factors of the data.

Smoothness: Building on the manifold view, another assumption is that nearby inputs should
also correspond to nearby representations. This smoothness principle ensures that the
geometry of the learned space respects meaningful similarities in the input space.
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Temporal and Spatial Coherence: In the same sense, underlying concepts are expected to
vary only gradually across time or space, even if individual raw observations fluctuate
more abruptly. This assumption reflects the idea that data trajectories evolve smoothly
along the underlying manifold. Enforcing coherence therefore encourages representations
to capture stable and slowly changing (robust) explanatory factors of variation.

Natural Clustering: Taken together, these assumptions suggest that similar data points should
form natural clusters in the representation space. A good representation makes such
clusters explicit, separating distinct groups while maintaining similarity within them.

Beyond these fundamental assumptions, there are additional properties that increase the use-
fulness of representations in practice. They highlight the potential for transfer across tasks
and unlabeled data.

Shared Factors across Tasks: Building on these principles, many underlying factors are not
confined to a single task but generalize across related problems. Representations that
capture such shared structure are especially valuable, as they can be reused and facilitate
transfer across tasks, topics, or even domains.

Semi-Supervised Utility: In the same spirit, a strong representation should already capture
useful structures for unlabeled data and only require limited supervision to adapt to
downstream tasks. This property is crucial whenever labeled data are scarce, but unla-
beled data is abundant.

Taken together, these considerations lead to three overarching properties identified as the
hallmarks of good representations (Le-Khac, Healy, and Smeaton, 2020). They summarize the
outcome of the assumptions and desirable properties introduced above as:

Distributed: Drawing all these aspects together, good representations should use distributed
encodings, where information is spread across many dimensions. This allows for greater
expressive power compared to local or handcrafted representations.

Abstraction and Invariance: At the same time, they should capture abstract concepts that

remain robust and invariant to irrelevant perturbations, such as noise or smaller changes.

Disentangled: Finally, they should separate independent factors of variation, making them
more interpretable, reusable across tasks, and better aligned with human-understandable
structures and concepts.
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4.2 Turning TACO Definitions into Representations

Again, there are many approaches to learning representations, as best demonstrated by how ex-
amples like Word2Vec or the BERT-family learn to encode word meaning. In this contribution
(Feger and Dietze, 2024b), however, the aim is different.

Here, the focus is on improving the representations of the TACO baseline model, which is
a PLM already capable of encoding language and achieving good classification results but
whose representations remain entangled in terms of the TACO classes. Yet, as has been
shown in Chapter 3, about 43% of instances were misclassified at the instance level, although
they still counted as true positives at the category level. For example, a Reason could be
labeled as a Statement, and despite the misclassification, the outcome would still be correct in
terms of assigning the broader category as an argument. This indicates that while both the
annotations and the classification performance can be considered of high quality, the underlying
representations themselves are not yet sufficiently disentangled.

Hence, the aim is to disentangle these representations so that they reflect the desired TACO
hierarchy in a way that corresponds to human interpretation given the constituting elements
of arguments and can subsequently also be used as supervision for models. In other words,
the representations should first and foremost align with how humans interpret the argument
constitution while at the same time being structured in a way that allows computational
models to leverage them systematically. For this purpose, the principles of learning desirable
representations outlined in Section 4.1 are to be considered.

In particular, this involves transferring the TACO hierarchy into a disentangled representation
space of the baseline model while addressing abstraction and invariance, thereby fostering
robust and generalizable properties that capture the essence of tweet classes, delineate their
boundaries, and, respectively, reveal what distinguishes arguments from no-arguments.

It should be noted in advance that these representations are distributed due to their design, as
they are derived from PLMs in general and from the TACO baseline in particular. Moreover,
abstraction is partly a matter of modeling the relevant factors and properties of the desired
representation space, while invariance and the remaining parts of abstraction are more closely

tied to the training procedure itself and will be discussed later.

Consequently, this section first discusses how the desirable properties of the TACO hierarchy
can be modeled within a corresponding theoretical representation space. Building on this,
several practical considerations are then presented, including fundamental aspects that are not
explicitly addressed in the implementation section of the contribution itself. In both cases, it is
important to stress that both the modeling of the theoretical space and its practical realization
are integral parts of this paper’s contribution. The respective assumptions regarding, for
example, the desired structure of this space and the actual disentanglement of the baseline’s
representations are ultimately subject to experimental validation, which, as will be shown in
the paper, confirms the assumptions made in the following parts.

63



Chapter 4 Learning Generalizable Argument Representations for Twitter

Deriving a Disentangled Representation Space from the TACO Hierarchy: Regard-
ing the TACO dataset, this section focuses on mapping its tweet hierarchy into a theoretical
embedding space so that properties and relations between classes and categories become speci-
fiable according to the hierarchy’s semantics.

To achieve this, the hierarchy, which already reflects a human-understandable structure, must
be transformed into an equivalent spatial structure that is both measurable and metrically
interpretable for computational models (Xing et al., 2002; Chopra, Hadsell, and LeCun, 2005;
Hadsell, Chopra, and LeCun, 2006), thereby following the smoothness and cluster assumption.
By design, this corresponds to an d-dimensional metric space H C R as typically assumed in
PLMs (Devlin et al., 2019) and in the context of RL (Bengio, Courville, and Vincent, 2013).

This transformation, shown in Figure 4.1, builds directly on the main characteristic of the
TACO hierarchy, namely that a tweet can be annotated and interpreted according to its two
constitutive elements, inference and information. By that, the decisive factor in determining
whether an argument arises is the presence or absence of the inference component, while
the categories are further subdivided into classes according to the presence or absence of the

information component.

Formally, the category of arguments consists of the two subclasses Reason (presence of inference
and information) and Statement (presence of inference but absence of information). In contrast,
no-arguments are divided into Notification (absence of inference but presence of information)
and the residual class None (absence of both inference and information).

Statement
Only Inference

Tweet O O

Rea:
Inference & Information

Inference

Information

Argument |No-Argument : \
(inference) (no inference) —Information |1,
&
g
Reason Statement Notification 3
None
(with information) | (no information) (only information) <> D
Neither of both Only Information
None Notification

(Hierarchy) (Representation Space)

Figure 4.1: The TACO tweet hierarchy is mapped onto a representation space (H C R?) defined
by two axes: inference and information. Positive values indicate presence, negative
values absence. The four quadrants correspond to classes (shown by symbols),
with opposite classes (e.g., Reason vs. None) in orthogonal quadrants. Related
classes (e.g., Reason and Statement) are adjacent along the information axis, while
argument vs. no-argument categories are separated along the inference axis (upper

vs. lower half).
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Applied to the canonical structure of arguments from Subsection 2.2.2, a tweet within the
TACO hierarchy can thus be represented as h = (information, in ference).

For practical reasons, the values of this formal representation are treated as general variables,
not as actual text or sets of text as in the examples presented in Subsection 2.2.2. Instead,
following the principle of Section 4.1, they are expressed as numerical values to establish a
bridge between the descriptive examples and a numerical vector in a metrical space.

Accordingly, a tweet can be placed along the information and inference axes, together forming

a two-dimensional Cartesian space.

Considering these assumptions, four quadrants emerge, each corresponding to one of the four
classes defined for TACO. The first quadrant, consisting of positive axis values, can be un-
derstood as the manifold where embeddings of the Reason class reside. The orthogonal third
quadrant, containing only negative axis values, corresponds to the None class. The second
quadrant represents embeddings of the Statement class, since it combines positive inference
values with negative information values. Opposite to this, the Notification class is located,
defined by positive information values but the absence of positive inference values.

Thus, it can further be assumed that the proposed space describes the location of a represen-
tation, i.e., in which class-quadrant the corresponding embedding resides.

More precisely, each dimension corresponds to one component, expressed in terms of positive
or negative values (presence vs. absence) in the (in formation, in ference)-space. To illustrate
the structure of the space, the ones-vector 1o = (1,1) can be taken as a reference. Formally,
any vector representation h = (in formation,inference) in this space can then be obtained by
dimension-wise multiplication h = 15 ® s with a scaling vector s € R? \ {0}. In this, the zero
vector is explicitly ignored, as otherwise a trivial solution or representational collapse would
occur (Torralba, Isola, and Freeman, 2024). In turn, the magnitude of s determines the distance
from the origin (zero vector), while the sign of its components specifies the quadrant.

Hence, the class membership of h is determined solely by its sign pattern. For example,
h = (1,1) lies in the Reason quadrant, h = (—1,1) in the Statement quadrant, h = (1, —1) in
the Notification quadrant, and A = (—1,—1) in the None quadrant.

Learning Desirable TACO Representations from Similarities and Contrasts: Fol-
lowing the modeling of the theoretical representation space, and with it the conception of how
corresponding representations should be spatially arranged, this section turns to more practical
aspects of the implementation. The focus is not on mathematical properties in depth but on
the underlying ideas, as the formal details are addressed in the subsequent paper.

Taking a step back, it is important to note that the focus here no longer lies on the original task
of instance-based classification into discrete labels but on comparing them regarding whether
they should cluster according to their class semantics or be separated from one another, along
with the corresponding implementation that adapts the representations accordingly (Le-Khac,
Healy, and Smeaton, 2020).
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In extension of Section 3.3, which states that classic SF'T assumes pre-trained language rep-
resentations are largely well structured and require only minor adjustments for better class
alignment, the present objective instead calls for a deeper restructuring of the representation
space to enable more advanced classifiers (Bengio, Courville, and Vincent, 2013; Le-Khac,
Healy, and Smeaton, 2020). By that means, the goal is to disentangle the explanatory fac-
tors underlying the representation and to align them with the semantics that define each class
so that not only within-class similarity but also contrasts between them become explicitly
encoded.

This captures the core idea of Contrastive Learning (CL), where representations are learned
such that similar instances are pulled closer together and dissimilar instances are pushed apart
(Chopra, Hadsell, and LeCun, 2005; Chen et al., 2020; Le-Khac, Healy, and Smeaton, 2020).

The mechanism underlying this process is based on pairwise comparisons of input instances.
Pairs that share the same label (e.g., two Reason tweets) are treated as positive pairs, and their
embeddings are to be aligned (pulled together), while pairs with different labels (e.g., Reason vs.
Statement) are treated as negative pairs, and their embeddings are repelled (pushed apart).

More specifically, CL is defined through alignment, denoting the pulling effects, and uniformity,
denoting the separation effects (Wang and Isola, 2020). The latter is usually modeled on the
unit hypersphere, also referred to as the n-sphere S(n) = {h € R"*! : ||a|]| = 1}, which
constrains embeddings to move along its surface rather than expanding arbitrarily, since the
unit length binds all vectors. In two dimensions, as in TACO, this reduces to stable trajectories
along the circle S(1). Distances are then understood not in terms of Euclidean magnitude
but as angular separation. The hypersphere thus stabilizes representations and enforces both
within-class similarity and between-class separation by assigning regions of angular proximity
to clusters and leaving angular gaps between them.

Statement Reason Statement Reason
N o o
: ] 2 L
Information : Information
g g E
g & 5
v 2 o
o fo g
None Notification Input None Notification
(a) Contrastive Learning (b) Optimized Representation Model

Figure 4.2: Comparison of (a) CL of the TACO representation space and (b) the optimized
representation models. In (a), instances of the same class are pulled together and
different ones pushed apart on the unit sphere, yielding a disentangled representa-
tion space whose quadrants abstract and align with the TACO hierarchy and which
serves as the basis for further optimization during classification in (b). Augmented
data is used during training to enforce abstraction and transformation invariance

in the embeddings.

66



4.2 Turning TACO Definitions into Representations

Taken to the intended space for TACO, these clusters ideally converge toward the outermost
points on the unit circle S(1) that best represent their respective classes, provided that at-
traction and repulsion effects are sufficiently strong. These outermost (central) points can be
compared to the example embeddings from the previous section, where the space was theo-
retically constructed. For instance, h = (1,1) for Reason or h = (—1,1) for Statement when
projected onto S(1). All these aspects can be comprehended as part of Figure 4.2a.

Put simply, CL enables further optimization of the TACO baseline PLM, aligning the repre-
sentations more closely with class semantics before classical SFT. The optimized embedding
space then forms clusters that capture these semantics, organizing data along stable angular
trajectories toward maximally separated positions in the class quadrants of the intended space.
More generally, even without directly relying on the original classification objective, a PLM
with such an extended pre-training is already familiar with the elementary semantics of the
classes and categories it will encounter. This is summarized in Figure 4.2b.

Learning Generalizable Representations Through Abstraction and Invariance: Be-
sides CL, the principles of abstraction and invariance presented earlier in Section 4.1 have to
be considered for learning representations as well.

Abstraction in general means moving away from details and instead focusing on the underlying
structures or principles. It is about identifying what is essential while ignoring incidental
aspects such as superficial or spurious associations (for example, arguments being tied to a
specific topic) that can mislead the model (Clark et al., 2019; Geirhos et al., 2020; Thorn
Jakobsen, Barrett, and Sggaard, 2021). In terms of RL and CL for TACO, this means that
the baseline PLM should capture the core semantics of how the classes are constituted, the
information they convey, and the inferences they support while avoiding a focus on surface-level

features such as topics, names, or numbers.

For instance, take the rather simplistic argument, We should study because it helps our future.
In another case one might say, We should exercise because it improves our health. Although
the topics differ, both sentences share the same constitution, a beneficial outcome justifies a
recommended action. What changes on the surface is the subject, but what remains constant
is the relation between and presence of the inference and its information.

The same can be stated in more elaborate reformulations. Again, taking the simplistic ar-
gument, it can also appear as People ought to work out since it benefits their well-being or
In reason of its advantages for the body, exercising is important for us. Here the pronouns,
discourse markers, and stylistic choices vary, and even the order of the argument components
may change, yet the underlying composition and idea of the argument remain intact. Even
more extremely, one can also change the topic and the overall idea entirely, as in We should
smoke because it calms our nerves, without altering the fact that it still represents an argu-
ment. This persistence across different forms is what abstraction aims to capture and can
also be understood in terms of generalization more broadly (Bengio, Courville, and Vincent,
2013).
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Building on this idea, invariance means that a disentangled representation remains stable under
changes in external semantics (Wang et al., 2024), which implies coherence despite variations
in irrelevant signals that co-occur in the data (Torralba, Isola, and Freeman, 2024).

Transferred to TACO, this means that instances of the same class are expected to share essential
properties that remain stable even when certain features like topics, markers, or other surface
features vary. This connects directly to the assumption of shared factors, which holds that
different instances are governed by common latent factors that define their class membership.
In line with this assumption, as well as with the principle underlying the semi-supervised
utility assumption, good representations capture these fundamental properties so that they
can transfer to multiple, potentially unseen, instances and their variations without having
been explicitly included during training. Without such mechanisms, models risk overfitting to
surface details of the training data and fail to learn the deeper regularities required for genuine
task alignment (Geirhos et al., 2020; Thorn Jakobsen, Barrett, and Sggaard, 2021).

To address both these aspects of RL, training is performed on augmented rather than original
data (Le-Khac, Healy, and Smeaton, 2020; Wang and Isola, 2020). Formally, let T'(¢) denote
a transformation for a given input ¢ € T that yields a correlated and semantically similar
reformulation ¢’ = T'(t). According to the smoothness assumption, if ¢ and ¢’ are similar (¢ ~ t')
and preserve the underlying semantics of the original label (y = y'), then the corresponding
representations should remain close in the embedding space, i.e., Gy (t) = Gw (t').

By enriching the training distribution in this way, the model is encouraged to focus on invari-
ant properties of the data manifold rather than memorizing spurious details, thereby fostering
robust generalization across different manifestations of the same class. Building on this per-
spective, the CL approach in this paper is extended more comprehensively by systematically
using such augmented variations from the original data. Moreover, this reduces the depen-
dency on the unaltered training samples and enables more realistic downstream experiments,
since one can explicitly test whether models have genuinely captured the desirable properties
(Zhuang et al., 2021) rather than simply memorizing the original data (Geirhos et al., 2020).
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Marc Feger and Stefan Dietze.

“BERTweet’s TACO Fiesta: Contrasting Flavors On The Path Of Inference And
Information-Driven Argument Mining On Twitter”

In: Findings of the Association for Computational Linguistics: NAACL 2024, pages
2256-2266, Mexico City, Mexico. Association for Computational Linguistics.
Acceptance Rate: ~12.5%

The following section turns to the specific paper (Feger and Dietze, 2024b), providing an
overview of its content and summarizing the key findings regarding research question Q2 and
its sub-questions Q2.1-2 as introduced in Section 1.2. After a brief discussion of the broader
implications and significance of this work for the dissertation, the paper itself is presented.

4.3.1 Summary

This paper explores cross-topic generalization and task-specific RL for TACO, with an emphasis
on enhancing the identification of the argument constituting elements of inference and infor-
mation. This work is motivated by misclassifications between classes that belong to the same
overarching category, for example, distinguishing Statement, which conveys only inference,
from Reason, which combines inference with information but still functions as an argument
even when confused. To address the pragmatic variability inherent in tweet language and to
overcome the limitations of blurred representations that affect both performance and reliance
in the TACO benchmark, the best-performing baseline model BERTweet is refined.

To push the predictive capabilities and foster cross-topic generalization, the study aims at more
reliably encoding the presence or absence of inference and information within the embedding
space of BERTweet, prioritizing their functional role in argument construction over superficial
features like the number of words it takes to express them or topic-specific wording.

To address Q2.1 (Can the semantics of Twitter arguments be encoded and represented?),
a theoretical embedding space is constructed based on the hierarchy defined in the TACO
benchmark, illustrating how ideal embeddings would be expected to cluster. This space is
two-dimensional, with each axis representing either inference or information. The direction
along each axis indicates the presence or absence of that component, resulting in four distinct
sectors that correspond to the four classes defined in TACO.

Building on the theoretical embedding space as a target, this paper presents the training
and parameterization process using a Siamese network with contrastive loss. The objective is
to guide the learned embeddings along fixed trajectories on the unit sphere, encouraging the
formation of clusters that tend toward their ideal, outermost points within each quadrant. The
model is then trained on pairs of augmented tweets that incorporate randomized topic terms,
subtle sentence variations, and the removal of Twitter-specific elements such as hashtags, while
ensuring that the label semantics remain intact.
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Within this architecture, different expressions of inference and information are compared based
on semantic similarity via cosine distance as a measure, with similar instances brought closer
together and dissimilar ones pushed apart in the embedding space. The final representation
model is called WRAP.

Subsequent cluster analysis of the optimized embedding space of WRAP reveals that the
tweet representations can, to a certain extent, be aligned with the theoretically expected ideal
representations, reflecting the intended role of each class within TACQO’s hierarchy.

Guided by Q2.2 (How well do learned representations generalize across topics?), downstream
evaluations involved cross-validation on shuffled topics (closed-topic), as defined by the TACO
baseline, and a leave-one-out setup where each topic was used once for testing while training
on the others (cross-topic). In addition, ablated TACO baseline models with varying pre-
training strategies, including standard cross-entropy and pre-training on the same augmented
tweets used for WRAP, were evaluated under identical conditions. For interpretability and
to evaluate the capabilities of PLMs, the same experiments were also conducted using SLMs,
incorporating tweet length as the sole feature, along with a Random Forest (RF) that employs
Term Frequency-Inverse Document Frequency (TF-IDF) features to assess word importance.

Thereby, the CL strategy of WRAP proves most effective, enabling strong generalization and
robust representation, with macro F1 scores of 86.62% for inference, 86.30% for information,
and 75.29% for the respective classes of TACO in the closed-topic setting, and 86.27%, 84.90%,
and 73.54%, respectively, in cross-topic evaluation.

Regarding the sub-questions Q2.1-2, and in light of the modified variant of BERTweet, namely
WRAP, two distinct insights emerge in relation to the overarching question Q2 (Do SOTA mod-
els inherently predict arguments in Twitter conversations?). First, learning both the contrasts
and similarities of semantics along the TACO hierarchy produces a sufficiently analogous em-
bedding space, which improves the disentanglement of the [C'LS] representation in BERTweet
and promotes invariance to irrelevant signals, thereby enhancing generalization across topics.
Second, however, the results indicate that these properties of desirable representations do not
hold for the classical SFT approach, where pre-trained embeddings are superficially adapted
in any way necessary to fit the task.

Consequently, the results of this paper raise two open questions. The first concerns whether
WRAP is transferable beyond Twitter and whether AM data from other domains can be applied
to Twitter. The second addresses the extent to which the shortcomings of the classical sequence
classification approach observed in this narrow study can also be found more generally in the
broader literature on argument identification.
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4.3.2 Importance and Impact on this Thesis

Developing robust AM models for Twitter’s dynamic and diverse topics involves addressing
those challenges identified for TACO, which point to representational model limitations that
hinder predictive performance and undermine trust in the models’ learned capabilities.

The findings suggest that task-specific pre-training, as implemented in WRAP, guided by ar-
gument theory, combined with corresponding methodological approaches, enables more robust
and generalizable AM models for Twitter than those obtained with current best practices. As
such, this work provides a foundation for critically evaluating the current SOTA in AM, es-
pecially in terms of the reliability of benchmark results and generalization capacity of PLM
models beyond the Twitter context. Hence, this paper (Feger and Dietze, 2024b) provides
the foundational insights that motivate a more rigorous evaluation of argument identification
in general. This, in turn, gives rise to Q3 (Does reported progress in argument identification
reflect genwine advances?), which is addressed in the third main contribution of this thesis
(Feger, Boland, and Dietze, 2025).
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BERTweet’s TACO Fiesta:
Contrasting Flavors On The Path Of Inference And Information-Driven
Argument Mining On Twitter

Marc Feger
HeiCAD - Heine Center for Artificial
Intelligence and Data Science
Diisseldorf Germany
marc. feger@hhu.de

Abstract

Argument mining, dealing with the classifica-
tion of text based on inference and information,
denotes a challenging analytical task in the rich
context of Twitter (now X), a key platform for
online discourse and exchange. Thereby, Twit-
ter offers a diverse repository of short messages
bearing on both of these elements. For text
classification, transformer approaches, particu-
larly BERT, offer state-of-the-art solutions. Our
study delves into optimizing the embeddings
of the understudied BERTweet transformer for
argument mining on Twitter and broader gener-
alization across topics. We explore the impact
of pre-classification fine-tuning by aligning
similar manifestations of inference and infor-
mation while contrasting dissimilar instances.
Using the TACO dataset, our approach aug-
ments tweets for optimizing BERTweet in a
Siamese network, strongly improving classifi-
cation and cross-topic generalization compared
to standard methods. Overall, we contribute the
transformer WRAPresentations and classifier
WRAP, scoring 86.62% F1 for inference detec-
tion, 86.30% for information recognition, and
75.29% across four combinations of these ele-
ments, to enhance inference and information-
driven argument mining on Twitter.

1 Introduction

Twitter (now X) is a global hub for opinions, news,
and information and serves as a primary data source
for research, which had already recognized the
value of its user-generated content prior to its tran-
sition to X (Kwak et al., 2010; Boyd et al., 2010).
Argument mining describes the process of clas-
sifying texts by assessing their written content in
terms of information and inference elements to
identify arguments (Palau and Moens, 2009; Peld-
szus and Stede, 2013; Lawrence and Reed, 2019).
In the intersection of traditional machine learn-
ing and natural language processing, pre-trained
transformers like BERT (Devlin et al., 2019) and its
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specialized variants, such as BERTweet (Nguyen
et al., 2020), have set state-of-the-art classification
standards (Houlsby et al., 2019; Sun et al., 2019).
During fine-tuning, transformers create universal
text representations providing contextual features
for a soft-max classifier, meaning additional layers
on top of the pre-trained model that are jointly op-
timized for downstream tasks (Devlin et al., 2019).

Thereby, the field of argument mining has also
witnessed the benefits of transformer models like
BERT for cross-topic classification (Bhatti et al.,
2021; Thorn Jakobsen et al., 2021) and argument
similarity (Reimers and Gurevych, 2019; Reimers
et al., 2019; Thakur et al., 2021).

Besides the common methods of adjusting the in-
task performance through parameter tweaks (Lan
et al., 2019; You et al., 2019) or incorporating aug-
mentations (Feng et al., 2021; Thakur et al., 2021),
multi-task learning is recommended as an addi-
tional fine-tuning strategy (Sun et al., 2019; Stab
et al., 2018). Thereby, multi-task learning denotes
a prior phase of fine-tuning representations on aux-
iliary tasks such as clustering or semantic similarity
before proceeding to the actual classification step
and is argued to effectively reduce a model’s sen-
sitivity to spurious correlations (Liu et al., 2019;
Tu et al., 2020), which in turn is key to cross-topic
argument mining (Thorn Jakobsen et al., 2021).

We believe that acquiring robust and meaning-
ful representations, in the sense of perceiving the
constituent elements of arguments, prior to classifi-
cation is particularly useful for the nuanced task of
argument mining when applied to diverse topics.

Generalizability in terms of cross-topic classifi-
cation is crucial for practical argument mining in
realistic scenarios, both in general research (Dax-
enberger et al., 2017; Stab et al., 2018) and specifi-
cally on Twitter (Schaefer and Stede, 2021), neces-
sitating models to focus on argument components
while avoiding reliance on spurious correlations
like topic words (Thorn Jakobsen et al., 2021).
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In this paper, we pioneer the optimization of the
understudied transformer BERTweet for argument
mining on Twitter. Thereby, we refine its represen-
tations of tweets within the embedding space by
specializing BERTweet to better encode inference
and information across diverse topics.

Utilizing the TACO dataset (Feger and Dietze,
2024), offering the first strong baseline evaluations
of BERTweet for argument mining on Twitter, we
optimize the model’s representation layers in a
multi-task approach by accentuating the contrast
between inference and information while centering
similar manifestations before the actual classifica-
tion step, for which we assume proximity to imply
shared class signals (van Engelen and Hoos, 2020).

We achieve this by configuring a Siamese
BERTweet network using SBERT (Reimers and
Gurevych, 2019). Applying contrastive loss (Had-
sell et al,, 2006) and text augmentation tech-
niques (Wei and Zou, 2019), this network teaches
BERTweet to cluster tweet embeddings according
to their respective roles in argument mining, that
is, to generally encode the presence or absence of
both inference and information in those represen-
tations used for classification. Hence, we aim for
classifications driven by the argument constituting
elements, steering clear of spurious correlations.

Utilizing BERTweet’s enhanced embeddings, it
excels in both closed and cross-topic argument
mining on Twitter, outperforming several standard
methods (Schaefer and Stede, 2021) in this domain.

Towards inference and information-driven argu-
ment mining on Twitter, we contribute:'

* A pre-classification fine-tuning approach for
BERTweet, enhancing its capacity to repre-
sent information and inference for closed and
cross-topic argument mining on Twitter.

* An augmentation strategy to reduce spurious
entity and topic signals while increasing sen-
tence variability in tweets.

o WRAPresentations?, an enhanced BERTweet
embedding model driven by inference and in-
formation, obtained through contrastive opti-
mization on augmented TACO tweets.

» WRAP?, our tweet argument classifier leverag-
ing WRAPresentations for argument mining
across diverse topics on Twitter.

! github.com/TomatenMarc/TACO-Fiesta

’huggingface.co/TomatenMarc/WR APresentations
*huggingface.co/TomatenMarc/WRAP

2 Twitter Arguments from Conversations

Our primary dataset*, TACO (Feger and Dietze,
2024), encompasses 1,734 tweets from 200 en-
tire conversations spanning six topics: #Abortion
(25.9%), #Brexit (29.0%), #GOT (11.0%), #LOTR-
ROP (12.1%), #SquidGame (12.7%), and #Twit-
terTakeover (9.3%). So far, it stands as the sole
publicly available labeled tweet dataset tailored for
inference and information extraction, strategically
addressing reply-patterns inherent to their emerg-
ing conversational contexts during annotation.

Annotations were conducted by six experts ac-
cording to the Cambridge Dictionary definitions,
differentiating inference as a guess that you make
or an opinion that you form based on the infor-
mation that you have and information as facts or
details about a person, company, product, etc. With
a robust agreement of 0.718 Krippendorff’s v, four
classes emerged of these elements: Reason (infer-
ence and information), Statement (inference with-
out information), Notification (information without
inference), and None (neither element).

Table 1 details the class distribution of TACO.

Notification None
500 (28.84%) 369 (21.28%)

Reason Statement
581(33.50%) 284 (16.38%)

Table 1: The class distribution of tweets in TACO.

On TACO, Vanilla BERTweet serves as the best
performing baseline, excelling with 74.45% F1 for
Reason, 56.66% F1 for Statement, 78.30% F1 for
Notification, and 80.56% F1 for None after fine-
tuning on these classes (Feger and Dietze, 2024).

3 Inference and Information-Driven
Representations for Mining Arguments

In text classification, transformers like BERTweet
use the final hidden state of the first token [CLS]
as the sequence representation. Classification in-
volves a soft-max classifier added as an extension
after the final representation layer, determining the
label assignment for a tweet ¢ by evaluating the
probability of each possible label y as:

p(y|h) = softmaz(Wh) (1)

where, W signifies the task-specific weights
of the classification head, and h represents the
final representation of ¢ obtained with the trans-
former. Achieved through pooling an entire se-
quence representation via [CLS] , his expressed as

4github.com/TomatenMarc/TACO
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Gw (t) = h, where the transformer is considered
an independent function Gy (t) with its distinct
weights W, taking ¢ as input. For the specific clas-
sification task, both W and W are jointly fine-tuned
by maximizing the log-probability of the correct
label, where h implicitly undergoes optimization.
For optimizing class assignments on TACO, we
empbhasize the impact of specializing h for encod-
ing inference and information before classification.
Hence, we consider the pre-classification special-
ization of an embedding h as a contrastive problem
of semantic similarity, where tweets with similar
expressions of the text dimensions inference and in-
formation are brought closer together, while those
lacking in similarity are positioned farther apart.

3.1 Embedding Inference and Information

We measure the semantic similarity between two
tweet representations, denoted as h; and hg, using
cosine distance:

D(hl, hg) =1- COS(hl,hg) € [0, 2} 2)

a standard metric (Mikolov et al., 2013; Kim, 2014,
Tai et al., 2015; Chen and He, 2020) for assessing
text vector similarity. D (hy, ho) reflects complete
equivalence at 0, orthogonality at 1, and absolute
dissimilarity at 2. Mainly defined by the cosine
similarity cos(hi, he) € [—1,1], where —1 rep-
resents complete dissimilarity, 1 indicates equiva-
lence, and values closer to 0 suggest orthogonality,
this distance is length-independent and primarily
influenced by the angle between two embeddings.

Building on this circumstance, we assume that
the actual representation h of a tweet can be nor-
malized and lies on the n-sphere:

S(n) ={h e R"": ||h| =1} 3)

Transferred to the Cartesian nature of arguments
h = (information,inference), we consider
their representations to live on the unit sphere
h € S(1) (Wang and Isola, 2020; Khosla et al.,
2020; Chen and He, 2020). In h, 1 signifies full
presence, and —1 implies total absence of a com-
ponent. Consequently, an ideal class center on
the unit sphere heads towards the pole (1, 1) for
Reason, (—1, 1) for Statement, (1, —1) for Noti-
fication, and (—1,—1) for None. A breakdown
of this is shown in the upper part of Figure 1, ac-
knowledging the realistic expectation that the ac-
tual embeddings may differ from the ideals while
the objective is to get them closer to them.
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3.2 Contrastive Siamese Network

|L(DW, hi, k.Y, m)|

| Gw(t1) = h | | Gw(t2) = h2 |
i
Pooling Pooling

BERTweet BERTweet

Figure 1: Visualization of the employed Siamese
BERTweet architecture, with parameterized co-
sine distance Dyy(h1,he) and contrastive loss
L(Dw, h1, ha, Y, m). Atop this architecture, the Carte-
sian embedding space for an argument representation
h = (information,inference) is presented as target.

To address semantic similarity, a prevalent strat-
egy involves enhancing representations through
learning a metric (Chopra et al., 2005; Xing et al.,
2002; Hadsell et al., 2006). Precisely, metric learn-
ing entails the implicit acquisition of a metric
Dy (hy, hy) parameterized by the weights W of
the representation model Gy (Chopra et al., 2005).

We seek to find W such that the target metric:

Dy (t1,t2) =1 = cos(Gw (t1), Gw (t2))  (4)

is smaller if ¢1, t5 are semantically similar, and
higher if not.

By utilizing the identical embedding function
Gw (t) (BERTweet) with shared weights W to
learn the metric, our architecture is referred to as
a Siamese network (Bromley et al., 1993; Chopra
et al., 2005). Similar and dissimilar tweet pairs are
provided as input to this network. To update the
weights and optimize the network’s performance, a
loss function is applied on top of this architecture.

To attain the goal of increasing the differenti-
ation between similar and dissimilar pairs, it is
suggested to employ the contrastive loss (Chopra
et al., 2005; Hadsell et al., 2006):
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L(Dw,h1,he,Y,m) =
1
(Y)gDW(h1,h2)2+ 5)
1
(1- Y)§~{77”L(MZ(O7 m — Dy (hq, hg))}2

where, hj,hy are two representations
(Gw(t;) = hy) of different tweets ¢1,t2 to
be optimized given Dy (hi, ho) as metric. Y de-
notes the binary label indicating if ¢, ¢, are similar
(Y = 1) or contrasting (Y = 0). Furthermore, a
margin value m > 0 is introduced as the minimal
distance between two contrasting tweets.

When establishing m, our objective was to
set Dy (hi,hy) in a way that maximizes con-
trast between dissimilar pairs while avoiding over-
estimation of their true distance. Focusing on
Dy (h1, hg) € [0,1], representing positive simi-
larity, we selected m = 0.5. This choice intuitively
represents the minimum threshold for high similar-
ity, yielding optimal results in our study.

With m = 0.5 we ensure that even if a represen-
tation closely matches an ideal center but is labeled
as dissimilar, the optimized representation pushes
60° away and into an adjacent quadrant.

3.3 Augmentation of TACO

In the initial phase of processing TACO data, we
generated a unique copy for each tweet through
augmentation, denoted as A-TACO. Employing
EDA (Easy Data Augmentation) techniques (Wei
and Zou, 2019) of (1) synonym replacement, ran-
dom (2) insertion, (3) swap, and (4) deletion, this
procedure segregates our total ground truth into
A-TACO, for optimization the embedding space of
BERTweet prior to classification, and TACO, des-
ignated for fine-tuning and evaluating classifiers.
Maintaining independence between optimization
and evaluation data is crucial to avoid further spuri-
ous correlations (Thorn Jakobsen et al., 2021) and
ensure that the data includes essential class signals,
thus enabling broad generalization across varying
sentence structures and cross-topic evaluations.
Following technique (1), we utilized spaCy" to
automatically identify as many entities and pre-
selected keywords related to the six topics in the
TACO dataset as possible. Subsequently, we re-
placed these words with the []V[ ASK } token, a
placeholder commonly used by BERT-like models,
including BERTweet, for predicting missing words.

Sspacy.io

Particularly, we utilized BERTweet as a fill-mask
model to generate new tokens for those masked in
the input sequence (Kumar et al., 2020).

In order to increase the variability of word choice
and sentence structure while minimizing seman-
tic changes, the techniques (2-4) were applied to
10-90% of all words. Optimal coherence, with
an average cosine distance of ~ (.08 between the
[C'LS] tokens of tweets and augmentations, is seen
at a replacement rate of 10%, maintaining seman-
tic consistency with entity and topic words being
almost entirely changed or removed. Again, step
(1) was applied to avoid reintroducing topic words.
Refer to Table 2 for an augmentation example.°

Elon Musk ready with "Plan B’ if Twitter rejects his

TACO offer Read @USER Story | HTTPURL #ElonMusk
#ElonMuskTwitter #TwitterTakeover HTTPURL
A-TACO ‘Wenger ready with "Plan B’ as Wenger rejects his

offer - HTTPURL via @USER

Table 2: An augmented Notification reminiscent of a
general blog comment after replacing entities (Elon
Musk and Twitter are changed to Wenger), deleting
topic or entity references, including hashtags, and re-
wording the tweet while retaining its original substance.

4 Experimental Setup

This section outlines the protocols used for eval-
uating and optimizing BERTweet’s embedding
space with A-TACO and follow-up classification
on TACO. We select macro F1 scores’ for eval-
uation in response to the imbalanced distribution
across TACO’s four classes, guaranteeing an equi-
table analysis and underscoring a model’s adept-
ness at managing heterogeneous data distributions.
In our subsequent classification analysis, we also
present the micro F1 scores’ for each tweet class.
Beyond this, we consider Recall to account for the
generalizability of a model to unknown topics after
fine-tuning in the pre-classification phase.

4.1 Models

In our approach, it is important to differentiate be-
tween the pre-classification fine-tuning for special-
izing embeddings and their subsequent fine-tuning
tailored for mining arguments on TACO. In this
context, we compare different ablations of our fine-
tuning pipeline for embeddings before and upon
classification, comparing their prediction strength
with various common baseline models.

8For more examples, see: README.md
"Precision and Recall for experiments are in the repository.

(6]
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For both tasks, we utilize the Vanilla BERTweet
model®, with 12 transformer blocks and 12 self-
attention heads processing sequences of up to 128
tokens, consistent with the best performing model
reported for TACO (Feger and Dietze, 2024).

The first embedding model derived from Vanilla
BERTweet, enhanced as described in Section 3
by applying contrastive loss within the Siamese
network utilizing A-TACO to improve the co-
sine distance Dyy (t1,t2) for similar or dissimi-
lar tweets, is referred to as WRAPresentations.
For comparison, we introduce a second deriva-
tive, Augmented BERTweet, which undergoes pre-
classification fine-tuning using the same tweets of
A-TACO as WRAPresentations but directly opti-
mizes p(y|h) with standard cross-entropy loss.

Both these strategies aim to improve the repre-
sentation Gy (t) = h of any tweet ¢ used for sub-
sequent classification p(y|h) on TACO by incorpo-
rating augmented tweets of A-TACO and adjusting
the internal weights IV in different ways to better
encode argument components for each model Gy .

For classification on TACO, we utilize TF-IDF
representations, where word frequency is widely
recognized as a feature in strong baselines for argu-
ment mining on Twitter, which are Support Vector
Machine (SVM) (Addawood and Bashir, 2016), Lo-
gistic Regression (LR) (Bosc et al., 2016; Dusmanu
et al., 2017), and Random Forest (RF) (Dusmanu
et al., 2017). These models go beyond consider-
ing individual words by incorporating tweet-related
features like emoji, URL, and hashtag frequencies.
Despite this, their potential for cross-topic general-
izability remains unexplored.

For each classifier, we evaluate the average class
length for classification to examine linguistic fea-
ture acquisition.

4.2 Pre-Classification Fine-Tuning

To enhance BERTweet’s embeddings, we chose
TACO’s golden tweets with flawless annotation
agreement, accounting for 70.3% of all tweets, with
class distribution remaining largely consistent.
For the final evaluation, we employed the origi-
nal golden tweets for #Abortion but augmentations
of golden tweets for the remaining five topics dur-
ing fine-tuning. #Abortion was deemed as holdout
topic due to its highest dissimilarity when com-
pared to the remaining topics, posing a greater clas-
sification challenge (Thorn Jakobsen et al., 2021).

8huggingface.co/vinai/bertweet-base
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This provided initial insights into cross-topic gen-
eralization and the efficacy of fine-tuning with aug-
mentations and predicting given real tweets. Pairs
were formed for all tweet combinations, denoting
tweets of the same class as similar Y = 1 and those
of different classes as dissimilar Y = 0, yielding
more dissimilar than similar pairs.

For the final validation set, 86,142 pairs were
generated. The optimization data, divided into fine-
tuning and test sets with a stratified 60/40 ratio,
yielded 307,470 and 136,530 candidate pairs, re-
spectively. To ensure a balance between similar
and dissimilar pairs, we chose the largest possible
set such that both similar and dissimilar pairs are
equally represented (Bromley et al., 1993; Chopra
et al., 2005) while maintaining all tweets of the
respective splits.

In total, 162,064 pairs were obtained for fine-
tuning, 71,812 for testing, and 53,560 for final vali-
dation of the enhanced BERTweet representations
prior to classification.

For all transformer models, we performed fine-
tuning over 5 epochs using an A100 GPU with 40
GB of memory, a batch size of 32, and a learning
rate of 4e~°, which proved to be optimal for all
models. The Siamese BERTweet network is im-
plemented using SBERT (Reimers and Gurevych,
2019) as depicted in the lower part of Figure 1.

Additionally, we applied different fine-tuning
strategies for WRAPresentations using both
[CLS] pooling, later used for classification, and
[]V[ EAN ] pooling, recommended for better sen-
tence embeddings (Reimers and Gurevych, 2019).

4.3 Argument Mining on TACO

We evaluate the practicality of BERTweet’s special-
ized embeddings on TACO, given the three argu-
ment mining tasks of (1) inference detection, (2)
information recognition, and (3) classification of
all four tweet classes, with a concurrent aim for
cross-topic generalization.

For task (3), we trained a feed-forward neural
network with two linear layers on top of each em-
bedding model, undergoing 5 additional fine-tuning
epochs with the best performing parameters hav-
ing a learning rate of 4¢~° and batch size of 8,
corresponding to the best model and parameters re-
ported for TACO (Feger and Dietze, 2024). Again,
we used a single A100 GPU with 40 GB of mem-
ory. Thereby, the results for tasks (1) and (2) are
aggregations specific to class elements of task (3)
predictions, focusing on inference or information.
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Extending our ablation strategy, classifiers were
evaluated in two different setups to investigate the
general effects of fine-tuning embeddings prior to
classification and their subsequent adaptability to
actual class signals (Peters et al., 2019).

In the first setup (Frozen), freezing embeddings
allowed us to assess the benefits attributable to pre-
classification fine-tuning. In the second setup (Dy-
namic), embeddings underwent further fine-tuning
during classification head optimization, where we
assessed their adaptability to task-specific learning.
Success in both setups signifies a model’s ability to
represent argument components prior to classifica-
tion and to adapt these fine-tuned representations to
the specific classes of inferences and information.

We employed a 6-fold shuffled cross-validation,
maintaining consistent splits for all classifiers
across the six topics of TACO, to establish an
upper-bound (Thorn Jakobsen et al., 2021). This
closed-topic validation was then compared with
cross-topic validation, where each of the six topics
served as a unique testing set, and the remaining
five topics were utilized for fine-tuning (Bosc et al.,
2016; Daxenberger et al., 2017; Stab et al., 2018).
Lower performance is expected in cross-topic vali-
dation, as classifiers are exposed to unseen topics.

5 Results

In this section, each model is investigated with re-
spect to the actual tweets of TACO. First, we assess
the embeddings of each transformation model in
terms of their baseline notion of argument compo-
nents and in terms of the four tweet classes, focus-
ing on the structural differences of their represen-
tations. Second, we evaluate the different models
in both closed and cross-topic classifications to de-
termine their applicability to, and generalizability
across, topics.

5.1 Results: Pre-Classification Fine-Tuning

Model P R Fl
Vanilla BERTweet- [C LS } 50.00 | 100.00 | 66.67
Augmented BERTweet-[CLS] | 65.69 | 86.66 | 74.73
WRAPresentations-[CLS] 66.00 | 84.32 | 74.04
WRAPresentations- M EAN] | 63.05 | 8891 | 73.78

Table 3: Evaluation of within-class similarity and
between-class separability of all transformer models us-
ing [CLS} tokens as used during classification. These
models were fine-tuned with A-TACO and evaluated on
the TACO holdout topic #Abortion. Suffixes indicate
pooling methods for optimizing the embedding spaces.

After pre-classification fine-tuning to enhance
semantic similarity, we evaluate the optimized em-
bedding models for classifying tweet pairs as simi-
lar or dissimilar given Dyy (t1, t2).

All fine-tuning strategies outperformed Vanilla
BERTweet in terms of F1, compare Table 3.

We excluded WRAPresentations with [C’LS]
pooling for follow-up classification due to the ab-
sence of discernible benefits in F1 compared to
Augmented BERTweet and WRAPresentations us-
ing [M EAN } pooling for pre-classification fine-
tuning, each showing higher Recall scores.

Hence, we will refer to WRAPresentations-
[M EAN ] as WRAPresentations.

In comparing Augmented BERTweet and
WRAPresentations, both models show similar over-
all performance in terms of F1, but diverge in their
emphasis on Precision and Recall. The results sug-
gest that contrastive fine-tuning of representations
is not inherently superior to directly optimizing
p(y|h) with augmented tweets. However, this strat-
egy enhances Recall, with further distinctions ex-
pected in downstream task evaluations.

Nonetheless, we assume that the enhanced Re-
call at this stage is already a first indicator for later
generalizations of classifications across topics. Ad-
ditionally, we confirmed the effectiveness of pre-
classification fine-tuning with A-TACO when ap-
plied to real tweets from an unseen topic.

Furthermore, we visually explored BERTweet’s
embedding space before and after fine-tuning, uti-
lizing [CLS] representations of all original tweets
in TACO, as depicted in Figure 2(a).

Applying t-SNE for dimensional reduction
(van der Maaten and Hinton, 2008; Jawahar et al.,
2019), comparing Vanilla BERTweet with WRAP-
resentations showed enhanced class quadrant den-
sity, compare Figure 2(a), suggesting an improve-
ment of class semantics given inference and infor-
mation for a majority of tweets. Similar patterns,
albeit at smaller numbers, are observed for Aug-
mented BERTweet, see Figure 2(b).

Numerically, WRAPresentations improved
tweet order by 38% for Reason, 37% for Statement,
and 41% for Notification over Vanilla BERTweet.
Despite a -2% decrease in the None class quadrant,
None remains predominant, refer to Figure 2(b).

Augmented BERTweet closely matches WRAP-
resentations in representing tweets, excelling by 6%
for None but lagging behind by -6% for Reason,
-12% for Statement and -13% for Notification.

(s
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Reason Statement Notification

Vanilla BERTweet

WRAPresentations

(a) t-SNE embeddings of tweet class [CLS] tokens before and after fine-tuning given inference and information.
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(b) Distribution of classes within the projected quadrants of the expected (in formation, in ference) space.

Figure 2: Investigation on the impact of BERTweet’s fine-tuning for the transfer of class semantics onto the expected
(in formation,inference) space in terms of the [CLS] tokens for tweet classification. Considering the classes,
(a) highlights the tightening of tweet embeddings towards their respective ideal class poles. Considering the
distribution of tweets, (b) emphasizes that each expected quadrant corresponds to the anticipated majority class.

Inference Information Multi-Class
Model Frozen Dynamic Frozen Dynamic Frozen Dynamic
Closed-Topic (6-fold) Validation
Length 62.34 71.47 38.26
RF + TF-IDF 76.12 80.56 55.65
Vanilla BERTweet 73.12 84.54 66.49 83.55 42.87 71.05
Augmented BERTweet 84.49 86.68 79.22 84.57 67.07 73.80
WRAPresentations 86.88 86.62 81.54 86.30 71.07 75.29
Cross-Topic (6-fold) Validation
Length 61.99 71.55 38.17
RF + TF-IDF 73.93 80.16 53.29
Vanilla BERTweet 70.28 83.15 66.15 82.22 39.00 68.12
Augmented BERTweet  84.20 84.25 79.38 83.31 66.41 69.99
WRAPresentations 86.83 86.27 81.54 84.90 70.93 73.54

Table 4: Macro F1 scores of each classifier for inference and information detection, and all four classes.

78



4.3 Paper: BERTweet’s TACO Fiesta

Reason Statement Notification None
Model Frozen Dynamic Frozen Dynamic Frozen Dynamic Frozen Dynamic
Closed-Topic (6-fold) Validation
Length 61.68 20.19 14.47 56.72
RF + TF-IDF 69.35 17.30 63.35 72.62
Vanilla BERTweet 66.05 74.98 00.00 53.99 43.80 77.62 61.63 77.62
Augmented BERTweet  74.50 76.82 49.53 58.37 70.95 80.28 73.29 79.71
WRAPresentations 71.34 78.14 58.66 60.96 72.61 79.36 75.67 82.72
Cross-Topic (6-fold) Validation
Length 61.78 19.32 14.49 57.09
RF + TF-IDF 68.61 13.33 62.75 68.46
Vanilla BERTweet 63.57 73.15 00.00 47.40 35.79 74.92 56.64 77.01
Augmented BERTweet 75.18 75.10 46.34 51.74 71.61 75.71 72.50 77.42
WRAPresentations 7713 77.05 57.62 58.33 73.05 78.45 7591 80.33

Table 5: Micro F1 scores for classifiers identifying the four classes in inference and information detection.

5.2 Results: Classification and Generalization

For simplicity, we present the outcomes of the RF
classifier as best performing baseline and the aver-
age class length as minimal-performance indicator.

When turning to the closed-topic validation,
WRAPresentations outperforms all classifiers ex-
cept task (1), where dynamic embeddings in Aug-
mented BERTweet exhibit performance nearly
equivalent, as demonstrated in the upper half of
Table 4. Quantitatively, WRAPresentations yields
86.88% F1 for task (1), 81.54% F1 for task (2),
and 71.07% F1 for task (3) when frozen. Dynami-
cally optimizing embeddings, WRAPresentations
achieves 86.62% F1 for task (1), 86.30% F1 for
task (2), and 75.29% F1 for task (3).

Shifting our attention to the more demanding
task of cross-topic validation, assessing a classi-
fier’s ability to generalize to unseen topics, WRAP-
resentations demonstrates superior performance
over all evaluations, thereby achieving 86.83% F1
for task (1), 81.54% F1 for task (2), and 70.93%
F1 for task (3) when frozen. With dynamically ad-
justed embeddings, it achieves 86.27% F1 for task
(1), 84.90% F1 for task (2), and 73.54% F1 for task
(3), compare lower half of Table 4.

Further, WRAPresentations clearly improved
performance for Statement, the least common and
most difficult class to predict when comparing the
remaining classifiers. Thereby, all other classi-
fiers perform below or slightly above chance agree-
ment for closed-topic validation and generaliza-
tion across topics for this class, where Vanilla
BERTweet even achieved 00.00% F1 when frozen,
showcasing the necessity for adjusting classifiers
and embeddings to specific classes, see Table 5.

6 Discussion

WRAPresentations consistently outperforms all
models, except for a marginal -0.06% F1 decrease
compared to Augmented BERTweet with dynamic
representations for task (1) of closed-topic evalua-
tion, while totally excelling across topics.

Augmented BERTweet performs stronger in de-
tecting instances without inference, as demon-
strated by the substantial 9.33% F1 increase for
the Notification class with dynamic embeddings,
see upper half of Table 5. Considering that tasks
(1) and (2) are aggregations derived from the re-
sults of task (3), WRAPresentations enhances the
overall performance of task (3) for achieving the
best results, prioritizing an improvement in task (2)
while incurring a slight decrease in task (1).

This effect emerges as further refinements for
additional classification improvements can partially
overwrite the enriched representations of inference
and information in tweets, exposing unconsidered
class signals during optimization of the head.

However, examining WRAPresentations’ frozen
states, superior in closed and cross-topic validation,
underscores the advantages of our pre-classification
fine-tuning focused on semantic similarity in tweets
for enhanced classification strength, see Table 4, 5.

Supported by these cross-validated results, it
appears that WRAPresentations can establish ro-
bust inference and information-driven representa-
tions for tweet classification, owing to our multi-
task approach for systematically contrasting the
argument-constituting elements in its embedding
space, demonstrating adaptability and generaliz-
ability for all three argument mining tasks on Twit-
ter, including the difficult Statement identification.
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7 Conclusion and Ongoing Work

Our pre-classification multi-task fine-tuning ap-
proach considerably improves the specification of
embeddings of BERTweet to encode diverse mani-
festations of inference and information, especially
supporting the classification of tweets in TACO.

Enhanced by contrastive learning of semantic
similarity, BERTweet’s optimized embeddings ex-
cel a diverse range of argument mining approaches
for Twitter, showcasing superior adaptability to
class signals and cross-topic generalization.

In this regard, we can successfully contribute
WRAPresentations, a contrastively optimized em-
bedding model, and the advanced classification
model WRAP for inference and information-driven
argument mining across diverse topics on Twitter.

We also provide grounds for assuming that the
augmentation of tweets constitutes a valuable asset
within this domain of research.

Given our successful pre-classification fine-
tuning with augmented tweets showing strong im-
pact towards original tweets, we pose the two
broader questions for argument mining regarding:
(1) the necessity of using tweets for detecting
arguments on Twitter, requiring investigation of
whether tweet-like instances from other domains
alone are sufficient, and (2) whether WRAPresen-
tations or our contrastive learning approach can be
transferred to build strong classifiers for domains
other than Twitter.

Limitations

For our work, we report the following limitations:

The field of argument mining on Twitter is sub-
ject to Twitter’s strict data regulations, which allow
only the publication of tweet identifiers but not their
text. The costly Twitter API, offering only 1,500
free queries per month, complicates research repro-
ducibility and risks data loss from deleted tweets
when fetched by their identifiers. For this study,
we used the TACO dataset from our previous study,
which gave us full access to the data. Access to the
source dataset can be granted on request for non-
harmful research purposes, subject to appropriate
and mandatory data protection agreements.

Acknowledgments

We are very grateful for the attentive and construc-
tive feedback from our anonymous reviewers. Your
willingness to share your expertise and provide
constructive feedback is deeply appreciated.

80

References

Aseel Addawood and Masooda Bashir. 2016. “what is
your evidence?” a study of controversial topics on
social media. In Proceedings of the Third Workshop
on Argument Mining (ArgMining2016), pages 1-11,
Berlin, Germany. Association for Computational Lin-
guistics.

Muhammad Mahad Afzal Bhatti, Ahsan Suheer Ahmad,
and Joonsuk Park. 2021. Argument mining on Twit-
ter: A case study on the planned parenthood debate.
In Proceedings of the 8th Workshop on Argument
Mining, pages 1-11, Punta Cana, Dominican Repub-
lic. Association for Computational Linguistics.

Tom Bosc, Elena Cabrio, and Serena Villata. 2016.
DART: a dataset of arguments and their relations
on Twitter. In Proceedings of the Tenth International
Conference on Language Resources and Evaluation
(LREC’16), pages 1258-1263, Portoroz, Slovenia.
European Language Resources Association (ELRA).

Danah Boyd, Scott Golder, and Gilad Lotan. 2010.
Tweet, tweet, retweet: Conversational aspects of
retweeting on twitter. In 2010 43rd Hawaii Interna-
tional Conference on System Sciences, pages 1-10.

Jane Bromley, Isabelle Guyon, Yann LeCun, Eduard
Sickinger, and Roopak Shah. 1993. Signature verifi-
cation using a "siamese" time delay neural network.
In Advances in Neural Information Processing Sys-
tems, volume 6. Morgan-Kaufmann.

Xinlei Chen and Kaiming He. 2020.
simple siamese representation learning.
abs/2011.10566.

Exploring
CoRR,

S. Chopra, R. Hadsell, and Y. LeCun. 2005. Learning
a similarity metric discriminatively, with application
to face verification. In 2005 IEEE Computer Society
Conference on Computer Vision and Pattern Recog-
nition (CVPR’05), volume 1, pages 539-546 vol. 1.

Johannes Daxenberger, Steffen Eger, Ivan Habernal,
Christian Stab, and Iryna Gurevych. 2017. What is
the essence of a claim? cross-domain claim identi-
fication. In Proceedings of the 2017 Conference on
Empirical Methods in Natural Language Processing,
pages 2055-2066, Copenhagen, Denmark. Associa-
tion for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186, Minneapolis, Minnesota. Association for
Computational Linguistics.

Mihai Dusmanu, Elena Cabrio, and Serena Villata. 2017.
Argument mining on Twitter: Arguments, facts and
sources. In Proceedings of the 2017 Conference on
Empirical Methods in Natural Language Processing,



4.3 Paper: BERTweet’s TACO Fiesta

pages 2317-2322, Copenhagen, Denmark. Associa-
tion for Computational Linguistics.

Marc Feger and Stefan Dietze. 2024. TACO - Twit-
ter Arguments from COnversations.  Preprint,
arXiv:2404.00406.

Steven Y. Feng, Varun Gangal, Jason Wei, Sarath Chan-
dar, Soroush Vosoughi, Teruko Mitamura, and Ed-
uard Hovy. 2021. A survey of data augmentation
approaches for NLP. In Findings of the Association
for Computational Linguistics: ACL-IJCNLP 2021,
pages 968-988, Online. Association for Computa-
tional Linguistics.

R. Hadsell, S. Chopra, and Y. LeCun. 2006. Dimension-
ality reduction by learning an invariant mapping. In
2006 IEEE Computer Society Conference on Com-
puter Vision and Pattern Recognition (CVPR’06),
volume 2, pages 1735-1742.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski,
Bruna Morrone, Quentin de Laroussilhe, Andrea Ges-
mundo, Mona Attariyan, and Sylvain Gelly. 2019.
Parameter-efficient transfer learning for NLP. CoRR,
abs/1902.00751.

Ganesh Jawahar, Benoit Sagot, and Djamé Seddah.
2019. What does BERT learn about the structure of
language? In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 3651-3657, Florence, Italy. Association for
Computational Linguistics.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron
Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. 2020. Super-
vised contrastive learning. CoRR, abs/2004.11362.

Yoon Kim. 2014. Convolutional neural networks
for sentence classification. In Proceedings of the
2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 1746—-1751,
Doha, Qatar. Association for Computational Linguis-
tics.

Varun Kumar, Ashutosh Choudhary, and Eunah Cho.
2020. Data augmentation using pre-trained trans-
former models. In Proceedings of the 2nd Workshop
on Life-long Learning for Spoken Language Systems,
pages 18-26, Suzhou, China. Association for Com-
putational Linguistics.

Haewoon Kwak, Changhyun Lee, Hosung Park, and Sue
Moon. 2010. What is twitter, a social network or a
news media? In WWW ’10: Proceedings of the 19th
international conference on World wide web, WWW
’10, page 591-600, New York, NY, USA. Association
for Computing Machinery.

Zhenzhong Lan, Mingda Chen, Sebastian Goodman,
Kevin Gimpel, Piyush Sharma, and Radu Sori-
cut. 2019. ALBERT: A lite BERT for self-
supervised learning of language representations.
CoRR, abs/1909.11942.

John Lawrence and Chris Reed. 2019. Argument min-
ing: A survey. Computational Linguistics, 45(4):765—
818.

Xiaodong Liu, Pengcheng He, Weizhu Chen, and Jian-
feng Gao. 2019. Multi-task deep neural networks for
natural language understanding. In Proceedings of
the 57th Annual Meeting of the Association for Com-
putational Linguistics, pages 4487-4496, Florence,
Italy. Association for Computational Linguistics.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg Cor-
rado, and Jeffrey Dean. 2013. Distributed representa-
tions of words and phrases and their compositionality.
COoRR, abs/1310.4546.

Dat Quoc Nguyen, Thanh Vu, and Anh Tuan Nguyen.
2020. BERTweet: A pre-trained language model
for English tweets. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing: System Demonstrations, pages 9—14, On-
line. Association for Computational Linguistics.

Raquel Mochales Palau and Marie-Francine Moens.
2009. Argumentation mining: The detection, classifi-
cation and structure of arguments in text. In Proceed-
ings of the 12th International Conference on Artifi-
cial Intelligence and Law, ICAIL 09, page 98-107,
New York, NY, USA. Association for Computing
Machinery.

Andreas Peldszus and Manfred Stede. 2013. From argu-
ment diagrams to argumentation mining in texts: A
survey. Int. J. Cogn. Informatics Nat. Intell., 7:1-31.

Matthew E. Peters, Sebastian Ruder, and Noah A. Smith.
2019. To tune or not to tune? adapting pretrained
representations to diverse tasks. In Proceedings of
the 4th Workshop on Representation Learning for
NLP (Repl4NLP-2019), pages 7-14, Florence, Italy.
Association for Computational Linguistics.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
BERT: Sentence embeddings using Siamese BERT-
networks. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-1JCNLP), pages
3982-3992, Hong Kong, China. Association for Com-
putational Linguistics.

Nils Reimers, Benjamin Schiller, Tilman Beck, Jo-
hannes Daxenberger, Christian Stab, and Iryna
Gurevych. 2019. Classification and clustering of
arguments with contextualized word embeddings. In
Proceedings of the 57th Annual Meeting of the As-
sociation for Computational Linguistics, pages 567—
578, Florence, Italy. Association for Computational
Linguistics.

Robin Schaefer and Manfred Stede. 2021. Argument

mining on twitter: A survey. it - Information Tech-
nology, 63(1):45-58.

81



Chapter 4 Learning Generalizable Argument Representations for Twitter

Christian Stab, Tristan Miller, Benjamin Schiller, Pranav
Rai, and Iryna Gurevych. 2018. Cross-topic argu-
ment mining from heterogeneous sources. In Pro-
ceedings of the 2018 Conference on Empirical Meth-
ods in Natural Language Processing, pages 3664—
3674, Brussels, Belgium. Association for Computa-
tional Linguistics.

Chi Sun, Xipeng Qiu, Yige Xu, and Xuanjing Huang.
2019. How to fine-tune BERT for text classification?
CoRR, abs/1905.05583.

Kai Sheng Tai, Richard Socher, and Christopher D. Man-
ning. 2015. Improved semantic representations from
tree-structured long short-term memory networks. In
Proceedings of the 53rd Annual Meeting of the As-
sociation for Computational Linguistics and the 7th
International Joint Conference on Natural Language
Processing (Volume 1: Long Papers), pages 1556—
1566, Beijing, China. Association for Computational
Linguistics.

Nandan Thakur, Nils Reimers, Johannes Daxenberger,
and Iryna Gurevych. 2021. Augmented SBERT: Data
augmentation method for improving bi-encoders for
pairwise sentence scoring tasks. In Proceedings of
the 2021 Conference of the North American Chapter
of the Association for Computational Linguistics: Hu-
man Language Technologies, pages 296-310, Online.
Association for Computational Linguistics.

Terne Sasha Thorn Jakobsen, Maria Barrett, and An-
ders Sggaard. 2021. Spurious correlations in cross-
topic argument mining. In Proceedings of *SEM
2021: The Tenth Joint Conference on Lexical and
Computational Semantics, pages 263-277, Online.
Association for Computational Linguistics.

Lifu Tu, Garima Lalwani, Spandana Gella, and He He.
2020. An empirical study on robustness to spuri-
ous correlations using pre-trained language models.
Transactions of the Association for Computational
Linguistics, 8:621-633.

Laurens van der Maaten and Geoffrey Hinton. 2008.
Visualizing data using t-sne. Journal of Machine
Learning Research, 9(86):2579-2605.

Jesper E. van Engelen and Holger H. Hoos. 2020. A sur-
vey on semi-supervised learning. Machine Learning,
109(2):373-440.

Tongzhou Wang and Phillip Isola. 2020. Understanding
contrastive representation learning through alignment
and uniformity on the hypersphere. In Proceedings
of the 37th International Conference on Machine
Learning, volume abs/2005.10242.

Jason Wei and Kai Zou. 2019. EDA: Easy data augmen-
tation techniques for boosting performance on text
classification tasks. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 6382-6388, Hong Kong, China. As-
sociation for Computational Linguistics.

82

Eric Xing, Michael Jordan, Stuart J Russell, and Andrew
Ng. 2002. Distance metric learning with application
to clustering with side-information. In Advances in
Neural Information Processing Systems, volume 15.
MIT Press.

Yang You, Jing Li, Jonathan Hseu, Xiaodan Song, James
Demmel, and Cho-Jui Hsieh. 2019. Reducing BERT
pre-training time from 3 days to 76 minutes. CoRR,
abs/1904.00962.



Chapter 5

Evaluating the Generalizability of
Argument Mining Datasets and Models

In this chapter, the third and final paper (Feger, Boland, and Dietze, 2025) is discussed,
focusing on the generalizability of the TACO annotations, the improved representation model
WRAP, and other existing baseline models that define the SOTA of AM more broadly. The
chapter begins with an introduction to aspects of generalizability, in particular the problem
of models learning properties that are not truly related to the task itself but rather to hidden
shortcuts that nonetheless lead to seemingly good results. Following the discussion of the
paper itself, a dedicated section addresses the fundamental issue of limited generalizability,
highlighted as an open challenge in the study, and outlines a resulting shared task.

5.1 Shortcut Learning

Can horses do math? What may sound like an odd question in the context of an academic
thesis attracted considerable public attention in the early 20th century with the case of Clever
Hans (Pfungst, 1907). In fact, Hans was the horse of Mr. von Osten, a German mathematics
teacher. By tapping his hoof, Hans appeared able to add, subtract, multiply, and divide,
leading Mr. von Osten to insist that Hans was genuinely intelligent.

However, systematic investigation discovered that Hans failed whenever he could not see the
questioner or when the questioner did not know the correct answer (Pfungst, 1907; Rosenthal,
1966). Yet, Hans consistently succeeded when the questioner was present and aware. It
was thus concluded that Hans was not actually solving problems but responding to subtle,
unconscious cues such as slight changes in posture, facial expressions of excitement when he
reached the correct answer, or bodily tension that signaled when to stop tapping.

This story of Clever Hans is therefore a classic example of unconscious cues (Clever-Hans-cues)
or experimenter effects (Rosenthal, 1966) and demonstrates a cognitive bias in which successful
performance in tasks associated with human intelligence is easily mistaken for evidence of
comparable cognitive abilities (Marr, 1982). Beyond the above, it demonstrates that it is
sometimes difficult for the observer to imagine that a complex challenge could be solved in a
fundamentally different way than the human way (Geirhos et al., 2020).
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A similar assumption persists in ML as well. Although artificial neurons, as in a DNN, differ
substantially from biological neurons while being inspired by their architecture (Rosenblatt,
1958), their success that drives the hype of modern ML, especially around LLMs like ChatGPT,
naturally invites the belief that they rely on information in the same way humans do (Geirhos
et al., 2020).

In recognition of this, certain research, for example, indicates that LLMs and the human brain
utilize similar prediction and context mechanisms, yet these are mere correlations, not shared
causal mechanisms (Caucheteux, Gramfort, and King, 2022; Goldstein et al., 2022).

However, while showing that clear differences exist at the implementation level, there is often
a tacit assumption at the algorithmic level that human-like performance implies a human-like
strategy for solving a problem (Marr, 1982; Funke et al., 2020; Geirhos et al., 2020).

This phenomenon can be thought of as a symbol for problems of dataset biases (Torralba and
Efros, 2011), or for learning in an anti-causal direction (Scholkopf et al., 2012), all of which
can be summarized under the notion of Shortcut Learning (SCL) (Geirhos et al., 2020).

Put simply, SCL does not offer a mathematical formulation but describes the general problem
that models, like Hans, often perform well not by solving the intended task but by exploiting
hidden cues or spurious correlations in the data. These cues act as shortcuts that fail once they
are absent or altered, exposing a lack of genuine task alignment and generalization, understood
as having learned an ability that is truly of interest and that is invariant to mere memorization
of a specific dataset or reliance on its particular quirks (Geirhos et al., 2020).

5.2 Constraints of Evaluating the State-of-the-Art

In the wider sense, SCL can be understood as a fundamental limitation of the standard ap-
proach to training and testing models. Standard practice assumes that datasets can be di-
vided into subsets that serve different functions. This partitioning is typically done at random,
splitting the ground truth into training, validation, and test subsets (Kohavi, 1995; Hastie,
Tibshirani, and Friedman, 2009; Geirhos et al., 2020).

A common split, for example, is 60/20/20, where 60% percent of the data are used for train-
ing, 20% for validation during training, and 20% are held out for final testing. Alternative
approaches such as k-fold cross-validation, in which the data are divided into k-folds, are es-
sentially based on the same principle. Each fold is used once for testing, while the remaining
k—1 folds are used for training. In practice, these samples are drawn randomly from the ground
truth and assumed independent and identically distributed (i.i.d). This means, although being
disjoint samples of the data, they still share similar characteristics. Such evaluations there-
fore measure performance within the closed scope of a benchmark rather than under real-world
out-of-distribution (0.0.d) shifts (Torralba and Efros, 2011; Rendle, Zhang, and Koren, 2019;
Geirhos et al., 2020).
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Figure 5.1: Adapted example from the original SCL paper (Geirhos et al., 2020). The task is
to distinguish circles (A) from squares (B). While color and size are identical, the
training data differ in shape and position. Circles are located at the top right, while
squares are located at the lower left. On an independent and identically distributed
(i.i.d) test set, this leads to seemingly good results, but on an out-of-distribution
(0.0.d) test set with positions swapped, it becomes clear that the model relies on
position rather than shape. These are so-called shortcut opportunities. While this
toy example involves only a few factors, with more factors it becomes increasingly
unclear which features a classifier, or a model in general, truly relies on.

An adapted example in Figure 5.1, taken from the original SCL paper (Geirhos et al., 2020),
illustrates this using the seemingly simple task of distinguishing circles from squares. For
simplicity, both shapes share the same background, area, and color. Furthermore, the perfor-
mance of a classifier is compared with that of a human observer. No matter how, the dataset
is arranged with the circles always in the top right corner and the squares always in the bot-
tom left corner. In turn, on i.i.d test data, both humans and classifiers achieve comparable
performance, seemingly indicating a shared understanding of object characteristics. However,
when the test set is changed to include 0.0.d conditions where the positions of the shapes are
swapped, the classifier fails. This reveals that the model, apart from humans with real-world
experience and intuition, had not learned the concept of shape at all but had instead relied
on the positional cue as a shortcut. In fact, this problem would not have been exposed under
standard i.i.d testing.
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While this example involves only two dimensions of variation, similar issues become much
more complex in the real world (Ilyas et al., 2019), for instance in domains such as natural
language, where shortcut opportunities are less obvious to the human eye (Gururangan et al.,
2018; Thorn Jakobsen, Barrett, and Sggaard, 2021). This connects to the principle of least
effort in linguistics (Zipf, 1949), which describes the tendency of speakers to reduce effort by
favoring simpler forms, often without consciously noticing it. Nonetheless, these reduced forms
are still understood, as in replacing we are with we’re or shortening television to TV.

In ML and NLP, such tendencies of favoring simple solutions are further reinforced by loss
functions like cross-entropy, which are not designed to evaluate why a model assigns high
probability to an answer but only that it does so. Consequently, it can be argued if models are
rewarded for adopting easier solutions rather than developing robust, semantically grounded
solutions. Humans, by contrast, have an intuitive understanding and real-world experience
of what constitutes certain things, whereas a model is only exposed to a form of artificially
generated experience shaped by its architecture, created representations of the world it is
employed in, training data, and the way it is guided (Marr, 1982; Geirhos et al., 2020).

Taking this into consideration, it is important to recognize that while models can achieve high
performance on specific datasets, this should not be mistaken for evidence that they have
acquired the underlying ability of interest. Thus, SCL emphasizes that each model is only an
approximation, an expectation of how the real world unfolds, and that fixed i.i.d performance
indicators that only consider numbers can be misleading in this regard.

In this sense, SCL calls for greater emphasis on 0.0.d testing not only through larger datasets
(Halevy, Norvig, and Pereira, 2009) or bigger models (Saphra et al., 2024; Zhou et al., 2024b;
Zhao et al., 2025) but through systematic evaluation of certain data properties, for example,
by explicitly removing potential shortcut opportunities (Geirhos et al., 2020).

Hence, SCL denotes testing whether a model sustains performance in the presence of shortcut
opportunities or collapses once these are removed and thus questions the genuine assignment
of terms like intelligence or SOTA for certain models and their results. Within the scope of
this thesis and of AM in general, such shortcut opportunities are examined in more detail in
the corresponding publication (Feger, Boland, and Dietze, 2025) presented here.
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Marc Feger, Katarina Boland, and Stefan Dietze.

“Limited Generalizability in Argument Mining: State-Of-The-Art Models Learn Datasets,
Not Arguments”

In: Proceedings of the 63rd Annual Meeting of the Association for Computational
Linguistics, pages 23900-23915, Vienna, Austria. Association for Computational Linguistics.
Acceptance Rate: ~20.3%

5.3.1 Summary

This study, at first, reassesses Argument Mining (AM) benchmarks and their cross-applicability,
questioning whether reported results reflect genuine progress or overfitting to data artifacts.

From an initial pool of 52 AM resources, 17 sentence-level datasets, including TACO, were
mainly selected based on reproducibility, size, and relevance. The collection is organized by
primary labels such as argumentative sentences, claims, conclusions, and custom-defined ele-
ments like implicit markups, inference, or others.

Concerning Q3.1 (How comparable are existing AM benchmark datasets?), the analysis focused
on characterizing the selected benchmarks based on the definitions used to annotate arguments
therein. It also involved comparing the benchmarks using broader statistical properties of
sentence-level features, such as length, readability, entropy, and part-of-speech distributions,
alongside word-level features derived from their vocabularies.

Despite differences, it was found that the definitions often inform each other and reflect a shared
understanding of what constitutes an argument. Additionally, the analysis of sentence-level
features revealed a strong correlation between arguments and no-arguments, with Spearman’s
p > 0.97 within datasets and p > 0.68 across datasets as such. In contrast, at the word-level,
both datasets and labels differed mainly in semantic content. While stop and function words,
punctuation, and discourse markers overlapped by over 73%, remaining words showed only
19% overlap on average, driving lexical separation in content and vulnerability to SCL.

For assassin Q3.2 (Do SOTA models transfer their abilities across benchmarks?), practical
experiments included BERT, RoBERTa, and DistilBERT, which are frequently reported as
SOTA, as well as WRAP. Accordingly, these models were evaluated in two setups using strat-
ified samples. In the first, a model was trained on one dataset and tested on another. In the
second, the model was trained on all but one dataset, which was used for testing.

Experimental results indicate that although the best-performing models often achieve around
0.79 macro F1 on benchmarks, they struggle in o.0.d test settings. In these generalization
tests, 97% perform worse, with 62% falling below 0.65 and 8% dropping under 0.5 macro F1.

Regarding Q3.3 (What do SOTA models actually learn when identifying arguments?), con-
trolled input manipulation was performed for each experiment investigating whether perfor-
mance remains stable after removing punctuation, stop words, function words, or discourse
markers. If true, then a model is likely to rely on shallow artifacts related to content.
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In fact, the ablation experiments suggest that performance remained largely stable as long as
topical terms are retained, even when omitting nearly every second word in a sentence.

While none of the models fully generalize across benchmarks, WRAP showed slightly bet-
ter robustness to varying data and achieved performance gains in generalization, particularly
towards TACO, averaging 0.75 macro F1 in cross-dataset evaluations.

Moreover, training on the combination of all datasets while holding out one dataset at a time
for evaluation consistently improved the performance of the PLMs. However, none of them
outperformed established benchmarks in absolute terms. Still, they showed more robust and
stable performance compared to training on one dataset and testing on another.

Error analysis suggests that generalization issues are not solely attributable to SCL alone.
Across all models, arguments are correctly classified in ~28% of cases, while no-arguments are
correctly recognized in ~37% of cases. In addition, the misclassification rate for no-arguments
(~13%) is lower than for arguments (~22%). This suggests that arguments are not only more
difficult to recognize but that contextual differences (e.g., different pragmatic function in dis-
course) and annotation practices might also contribute to differences in classification.

Based on Q3.1-3 and with respect to the overarching research question Q3 (Does reported
progress in argument identification reflect genwine advances?), it is concluded that the datasets
share similar properties and labels of the same task but differ primarily in their content. As a
result, those PLMs assumed to define the SOTA for AM, even when following best practices,
often exploit such shortcuts and learn dataset-specific features rather than the intended task.
This undermines both generalization and contextualization capabilities and holds true even
when such models are applied to seemingly simple datasets in which discourse markers are ex-
plicitly used to signal arguments. These findings confirm what has long been suspected in AM,
namely that common baselines do not reflect genuine progress but rather the exploitation of
discriminative shortcuts, raising questions about how benchmarks should be expanded to more
accurately measure progress and alignment with the intended task of argument identification.

5.3.2 Importance and Impact on this Thesis

This study is the first to systematically and empirically demonstrate the limited generalization
of current approaches to argument identification.

Although task-specific pre-training provides some robustness and transferability (e.g., to Twit-
ter data), the reported SOTA results do not demonstrate inherent model capabilities, as they
collapse under shortcut-controlled o.0.d evaluations across benchmarks. The recognition of
these limitations, subsequently, highlights the need for AM models, benchmarks, and eval-
uations that emphasize task alignment and robustness over dataset-specific optimization, a
direction to be further outlined in the shared task' presented after this paper.
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Abstract

Identifying arguments is a necessary prerequi-
site for various tasks in automated discourse
analysis, particularly within contexts such as
political debates, online discussions, and sci-
entific reasoning. In addition to theoretical
advances in understanding the constitution
of arguments, a significant body of research
has emerged around practical argument min-
ing, supported by a growing number of pub-
licly available datasets. On these benchmarks,
BERT-like transformers have consistently per-
formed best, reinforcing the belief that such
models are broadly applicable across diverse
contexts of debate. This study offers the first
large-scale re-evaluation of such state-of-the-
art models, with a specific focus on their ability
to generalize in identifying arguments. We eval-
uate four transformers, three standard and one
enhanced with contrastive pre-training for bet-
ter generalization, on 17 English sentence-level
datasets as most relevant to the task. Our find-
ings show that, to varying degrees, these mod-
els tend to rely on lexical shortcuts tied to con-
tent words, suggesting that apparent progress
may often be driven by dataset-specific cues
rather than true task alignment. While the mod-
els achieve strong results on familiar bench-
marks, their performance drops markedly when
applied to unseen datasets. Nonetheless, in-
corporating both task-specific pre-training and
joint benchmark training proves effective in
enhancing both robustness and generalization.

1 Introduction

Undeniably, discourse gives people the opportunity
to express and discuss their beliefs on any topic.

Argument mining, in this sense, is the automatic
identification of the structure of inference and rea-
soning expressed as arguments presented in natural
language (Lawrence and Reed, 2019).

Although there is no one-size-fits-all answer to
What is an argument? (Stab et al., 2018), the idea
suggests itself that arguments are latent yet observ-
able and revolve around how they are constituted
in terms of their logical scaffolding of argument
discourse units, rather than what specific subject
they address. In practice, these elements, whether
sentences or sub-sentence segments, are pragmat-
ically assigned functional roles, most commonly
claims and premises, and form the fundamental
building blocks of an argument (Stab and Gurevych,
2014; Daxenberger et al., 2017; Lawrence and
Reed, 2019; Lopes Cardoso et al., 2023).

Consider the example X should Y, because Z,
such as Students should study, because it improves
grades or We should reduce plastic use, because
it minimizes ocean pollution, which illustrates that
the manifestation of an argument should ideally
rely on structural components conveyed through
functional patterns, while remaining agnostic of
certain topics or other content-specific elements.

For this reason, one might assert that argument
mining, in theory, is applicable across different cor-
pora if the structural signals defining arguments
are reliably identifiable from appropriately labeled
data. Conversely, in practice, any inability to apply
these signals to diverse datasets may expose sys-
tematic biases in the field, an issue that has long
been informally discussed over coffee breaks.

Generalizability, in this regard, takes high pri-
ority, especially at leading NLP conferences such
as ACL 2025, as it allows models to make reliable
and reasonable predictions on data that does not
correspond to their training data. This is especially
true for real-world models, which should mimic
human-like generalization abilities, where emerg-
ing evidence indicates that such models are often
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fine-tuned to the specifics of established benchmark
datasets, leading to unfounded optimism about their
improvements (Saphra et al., 2024).

Consequently, concerns about vulnerability to
shortcut learning (Geirhos et al., 2020) highlight
the broader challenge of evaluating baselines be-
yond isolated benchmarks (Rendle et al., 2019).

Argument mining is one such area of natural lan-
guage processing applications in which the ability
to generalize is key. Hence, we ask for:

Q1: How comparable are the existing benchmark
datasets for argument mining?

Q2: Do state-of-the-art argument mining models
generalize to out-of-distribution data from
other benchmarks?

Q3: Do these models acquire a generalizable con-
cept of arguments?

In this context, there has been speculation
that BERT (Devlin et al., 2019), known to pay
great attention to basic syntax, nouns, and co-
references (Clark et al., 2019), is prone to learning
shortcuts when mining arguments (Geirhos et al.,
2020), where its generalization is limited to within-
topic signals in datasets sharing similar argument
and topic structures (Thorn Jakobsen et al., 2021).

Our aim is not to propose a new formalism for
arguments or to pinpoint the best-performing argu-
ment mining model, but to use data from previous
work in which different theories have been applied
to see whether individual efforts and perspectives
converge in terms of identifying arguments.

With this being said, we perform the first large-
scale experimental assessment of benchmarks, sys-
tematically evaluating generalization across diverse
argument mining datasets following a comprehen-
sive review of datasets spanning 2008 to 2024.

For our study, we selected BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), and Distil-
BERT (Sanh et al., 2019) as exemplary BERT-
like models, widely recognized as standard base-
lines in various areas of natural language process-
ing (Rogers et al., 2020), including recent research
on argument mining (Shnarch et al., 2020; Mayer
et al., 2020a; Fromm et al., 2021a; Alhamzeh et al.,
2022; Feger and Dietze, 2024b). We also examine
WRAP (Feger and Dietze, 2024a), the only trans-
former whose language representation pre-training
is extended by leveraging contrasts of inference and
information signals to generalize argument compo-
nents. Although originally designed for cross-topic
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generalization on Twitter (X), WRAP does not rely
on tweet- or topic-specific features to enhance its
generalizability, distinguishing it from the others
and making it particularly interesting for research.

In this study, we start by detailing our process of
finding argument mining benchmark datasets and
explain the selection criteria and justifications in
Section 2. The core characteristics of these datasets,
addressing research question Q1, are then exam-
ined in Section 3. Next, we describe our exper-
imental setup in Section 4, covering both result
generation and the implementation of best prac-
tices for significance testing, which form the basis
for answering Q2 - Q3 in Section 5. The results
of this paper are then discussed in Section 6 and
concluded in Section 7.

In order not only to elucidate the process but
also to foster discussion that may inspire new ap-
proaches for novel datasets and broader generaliza-
tion of argument mining methods, we contribute:

1. A survey of argument mining datasets be-
tween 2008 and 2024, primarily from the ACL
Anthology, that identified 52 relevant papers
with datasets from leading NLP conferences.

2. The first large-scale re-assessment that com-
bines benchmark evaluations for 17 selected
argument mining datasets, including con-
trolled manipulation experiments to determine
whether the reported state-of-the-art models
(BERT, RoBERTa, DistilBERT, WRAP) actu-
ally learn generalizable argument concepts.

3. Statistical evidence that shortcut learning un-
dermines generalization in argument mining.
Although each of the examined transform-
ers delivers strong results on benchmarks, all
struggle to varying degrees when applied to
other datasets, with WRAP generally perform-
ing slightly better. These challenges are com-
pounded by divergent argument definitions
and inconsistent annotations across datasets.

2 Argument Mining Benchmark Datasets

This section outlines the dataset collection and se-
lection process, emphasizing the rationale behind
our choice of benchmark datasets for argument min-
ing. The decisions for all 52 datasets reviewed are
present in Appendix A.1. Additionally, the code
and data are available in our repository!.

'Limited-Generalizability



5.3 Paper: Limited Generalizability in Argument Mining

Dataset Paper Genre Definition Arguments No-Arguments
ACQUA (Panchenko et al., 2019) Mixed Argumentative 1,949 5,236
WEBIS (Al-Khatib et al., 2016a) Online Debate  Argumentative 10,804 5,543
ABSTRCT (Mayer et al., 2020b) Academic Claim-based 1,308 7,323
ARGUMINSCI (Lauscher et al., 2018) Academic Claim-based 6,554 9,548
CE (Rinott et al., 2015) Encyclopedia ~ Claim-based 1,546 85,417
CMV (Hidey et al., 2017) Online Debate  Claim-based 979 1,593
FINARG (Alhamzeh et al., 2022) Spoken Debate  Claim-based 4,607 8,310
IAM (Cheng et al., 2022) Mixed Claim-based 4,808 61,715
PE (Stab and Gurevych, 2017)  Academic Claim-based 2,093 4,958
SCIARK (Fergadis et al., 2021) Academic Claim-based 1,191 10,503
USELEC (Haddadan et al., 2019) Spoken Debate  Claim-based 13,905 15,188
VACC (Morante et al., 2020) Online Debate  Claim-based 4,394 17,825
WTP (Biran and Rambow, 2011)  Online Debate  Claim-based 1,135 7,274
AFS (Misra et al., 2016) Online Debate  Conclusion-based 5,150 1,036
UKP (Stab et al., 2018) Mixed Evidence or Reasoning 11,126 13,978
AEC (Swanson et al., 2015) Online Debate  Implicit-Markup 4,001 1,374
TACO (Feger and Dietze, 2024b)  Twitter Debate  Inference-Information 864 868

Table 1: The final 17 datasets that meet the sentential, binary label, and reproducibility criteria, each yielding at
least 1,700 instances (850 per label) under a stratified 60/20/20 split, ensuring adequate size for the experiments.

2.1 Collection Process

As part of our data collection process, we examined
the most recent and relevant survey papers on argu-
ment mining, primarily from the ACL Anthology
(Daxenberger et al., 2017; Cabrio and Villata, 2018;
Lawrence and Reed, 2019; Vecchi et al., 2021;
Schaefer and Stede, 2021; Ajjour et al., 2023), all
of which catalog datasets addressing various sub-
tasks within the field, where argument identifica-
tion is a fundamental prerequisite for each.

To expand and back up our dataset collection,
we searched Google Scholar and Google Dataset
Search for the keyword argument mining to find
contributions beyond survey papers.

Based on our assessment, we found 52 such pa-
pers with datasets, mostly from top NLP confer-
ences like ACL, NAACL, LREC, or EMNLP.

2.2 Selection Criteria

The dataset selection process for this paper was
conducted in two stages. In the primary inclusion
phase, we evaluated all 52 datasets based on:

¢ Sentential: The data and labels are at the
sentence-level or aggregatable to this level
(e.g., from sub-sentence or token annotations).
Tweets were excluded from classical sentence
conventions due to their unique structure.

Binary: The dataset assigns binary labels to
distinguish argument from no-argument sen-
tences (e.g., based on the presence or absence
of claims or other argument components).

* Reproducible: The dataset is largely replica-
ble, with minor discrepancies from the pub-
lication (e.g., updates or duplicate removal
affecting size). To ensure reproducibility, we
reviewed documentation, labels, guidelines,
and tools, and attempted to resolve access is-
sues (e.g., client-sided or coding errors).

We applied these criteria sequentially, excluding
datasets immediately upon failing any condition,
eliminating 24 of the initial 52. In the refined in-
clusion step, we assessed relationships and data
sufficiency to ensure adequate evaluation and gen-
eralization sizes, leading us to consider:

* Related: Connections between datasets such
as updated versions, additional non-task-
related features (e.g., stance added to a claim),
and curated subsets derived from repositories
that serve as data sources rather than datasets.

Sufficiency: For a stratified 60/20/20 split,
each dataset must have at least 500 training
instances and 150 evaluation instances per la-
bel. An initial analysis revealed that two in
five datasets fell short of this threshold, and
alternative splits (e.g., 70/15/15 or 80/10/10)
would further reduce evaluation sizes, wors-
ening the small-data issue.

In total, this process resulted in 17 datasets en-
compassing ~345k labeled sentences, each meeting
the aforementioned criteria. The final selection of
datasets included in this study is listed in Table 1.

91



Chapter 5 Evaluating the Generalizability of Argument Mining Datasets and Models

3 Characterizing Argument Mining
Benchmark Datasets and Definitions

Before addressing Q1, we briefly introduce the in-
dividual datasets, organizing them by their primary
labels. We then give the answer to Q1 in terms of
comparing definitions in Section 3.1 and textual
characteristics in Section 3.2.

Argumentative serves as an umbrella term, iden-
tifying arguments with markers or patterns that
suggest structural components, without necessarily
specifying their roles (e.g., as claim or inference).
In this sense, ACQUA (Panchenko et al., 2019) con-
tains 7,185 argumentative sentences from Common
Crawl (Panchenko et al., 2018), covering topics like
computer science and brands, categorizing compar-
isons (e.g., Matlab vs. Python) as argumentative
or not. Similarly, WEBIS (Al-Khatib et al., 2016a)
comprises 16,347 segments across 14 topics (e.g.,
culture, health) from iDebate, with user-assigned
labels (introduction, for, against) mapped to argu-
mentative and non-argumentative labels.

Claim-based approaches explicitly annotate for
the presence of claims as the core of an argument.
Thereby, ABSTRCT (Mayer et al., 2020b), sourced
from PubMed, comprises 8,631 sentences extracted
from abstracts related to five diseases (e.g., neo-
plasm, glaucoma). ARGUMINSCI (Lauscher
et al., 2018) provides annotations for the Dr. In-
ventor dataset (Fisas et al., 2016) for computer
graphics publications, totaling 16,102 sentences.
CE (Rinott et al., 2015) contains 86,963 sentences
from Wikipedia across 58 topics (e.g., one-child
policy, physical education). CMV (Hidey et al.,
2017) consists of 2,572 sentences from the Change
My View subreddit, spanning a diverse range of
topics. FINARG (Alhamzeh et al., 2022) com-
prises 12,917 sentences sourced from transcribed
earnings calls of Amazon, Apple, Microsoft, and
Facebook. Moreover, IAM (Cheng et al., 2022)
contains 66,523 sentences from various online plat-
forms across 123 topics (e.g., vaccination, multi-
culturalism), while PE (Stab and Gurevych, 2017)
includes 7,051 annotated sentences from persuasive
essays (e.g., about cloning). SCIARK (Fergadis
et al., 2021) contains 11,694 annotated sentences
from scientific literature (e.g., PubMed, Semantic
Scholar) on sustainable development goals (e.g.,
well-being, gender equality), also considering gen-
eralization to ABSTRCT. On the other hand, US-
ELEC (Haddadan et al., 2019) offers 29,093 sen-
tences from transcripts of U.S. presidential debates
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from 1960 (Kennedy vs. Nixon) to 2016 (Clinton
vs. Trump), transcribed from the Commission on
Presidential Debates. VACC (Morante et al., 2020)
offers 22,219 sentences from a mixed collection of
online debates about vaccination, while WTP (Bi-
ran and Rambow, 2011) includes 8,409 sentences
from Wikipedia Talk Pages on various topics (e.g.,
Darwinism, the Catholic Church).

Others represents a residual category encom-
passing a variety of distinct definitions. AFS (Misra
et al., 2016) comprises 6,186 annotated sentences
drawn from online debate platforms such as iDe-
bate and ProCon for three topics (e.g., gay mar-
riage, death penalty). Sentences are labeled based
on whether they explicitly convey a specific argu-
ment facet, with conclusions serving as the core
component of the argument. UKP (Stab et al.,
2018) contains 25,104 sentences across eight top-
ics (e.g., nuclear energy, minimum wage) for cross-
topic argument mining from heterogeneous sources,
where arguments provide evidence or reasoning
to support or oppose a topic. On the other hand,
AEC (Swanson et al., 2015) contains 5,375 sen-
tences on four topics (e.g., evolution, gun control)
from CreateDebate, highlighting simple argument
signals with labels based on the implicit markups:
so, if, but, first, I agree that. Finally, TACO (Feger
and Dietze, 2024b) comprises 1,734 tweets span-
ning six topics (e.g., abortion, Squid Game). It is
designed for cross-topic argument mining on Twit-
ter, focusing on inference to shape arguments.

3.1 Comparing Argument Definitions

(Q1) Argument definitions vary, reflecting a spec-
trum of perspectives that contribute to a shared
understanding of arguments. Central to this is
the observation that definitions mutually inform
each other in their concepts (Lopes Cardoso et al.,
2023). For example, in Table 1 most papers are
claim-based, but when comparing the definitions,
some view a claim as argumentative (Lauscher
et al., 2018; Fergadis et al., 2021), others as conclu-
sive (Mayer et al., 2020b), as stances (Rinott et al.,
2015; Hidey et al., 2017; Cheng et al., 2022; Stab
and Gurevych, 2017), or as a hybrid concept of all
these (Haddadan et al., 2019; Morante et al., 2020).

Hence, further clarification is needed, especially
concerning their generalization as part of Q2 - Q3.
Thereby, Table 2, with examples from different
definitions, illustrates whether their efforts never-
theless converge in the identification of arguments
despite different perspectives.
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Label Dataset Example
ACQUA  We chose MySQL over PostgreSQL primarily because it scales better and has embedded replication.
ARG SCIARK In this case, if symptomatic, the treatment should be surgery, clinical follow-up, and counseling.
AEC So it would seem that if there is a scientific theory of [...], it has been tested [...] and therefore [...].
WEBIS  The Mo Ibrahim Prize was first established in 2007, and the prize represents [...] African leadership.
—ARG FINARG For those unable to attend in person, these events will be webcast and you can follow [...] at URL.
TACO ’Bitter truth’: EU chief [...] on idea of Brits keeping EU citizenship after #Brexit URL via USER

Table 2: Examples of argument (ARG) and no-argument (-ARG) sentences from various datasets. Despite
differences in definitions and topics, the similarities within and distinctions between label groups underscore the
shared endeavor of argument mining approaches in identifying arguments, though each emerged differently.

3.2 Comparing Dataset Dimensions

First, the two text dimensions used to analyze the
selected datasets are presented. For dataset-wise
correlations of these, please refer to Appendix A.2.

Sentence-Level: To capture a broad, macro-
level view without delving into individual word
details, we used spaCy? to extract key textual at-
tributes. These features reveal the overall structural
and statistical properties of sentences, enabling
sentence-level characterization of each dataset by:

e Length: Measured by the number of words
per sentence, which serves as an indicator of
linguistic complexity and verbosity.

* Stop/Function Word Ratio: The ratio of stop
(e.g., it, is, are) and function words (e.g.,
against, because, therefore), including dis-
course markers, to the other words in a sen-
tence to show their relative frequency of use.

Type-Token Ratio: The ratio of unique words
to total words in a sentence, assessing lexical
diversity.

Readability: The Flesch Reading Ease score
quantifies text clarity, with lower values (0 <)
indicating complex academic language and
higher values (< 100) denoting easy readabil-
ity, understandable by an 11-year-old.

Entropy: Quantifies lexical unpredictability
and the amount of information in a sentence,
with values ranging from O (fully predictable
text) to 1 (maximal unpredictability).

Sentiment: Defined by polarity, ranging from
-1 (extremely negative) to 1 (extremely pos-
itive), and subjectivity, ranging from O (ob-
jective) to 1 (subjective), possibly revealing
persuasive strategies through emotions.

2 .
“spacy.io

* Part-of-Speech Tags: The distribution of the
17 universal POS tags reflects basic syntax,
lexical composition, and stylistic variation.

Word-Level: To compare datasets at the word
level, we analyze the vocabulary of unique words
used in each dataset. We extend this to words that
convey the central semantic content of a sentence
(e.g., government, abortion, freedom), that is, all
words except stop and function words, discourse
markers, and punctuation. Their relatedness or
uniqueness is described using Jaccard similarity, a
measure of similarity between two sets based on
the ratio of their intersection to their union.

(Q1) The sentence structures are strongly corre-
lated across all datasets and labels. On average,
a sentence contains 21 words, with nearly every
second word (48%) being a stop or function word.
Sentences are lexically diverse (91% type-token
ratio) yet highly readable (63% readability). The
high predictability (22% entropy) and objective
tone (43% subjectivity) suggest clear, structured
writing with a slightly positive inclination (8% po-
larity). This is reinforced by the POS patterns,
where sentences typically include five nouns, three
punctuation marks, and two verbs, adpositions, and
determiners, with other tags averaging below two.

Moreover, an average sentence closely aligns
with both argument and no-argument sentences
across these 24 sentence-level features (Spearman’s
p > 0.97), with a strong correlation (p > 0.68)
across datasets. Slight differences exist in length,
with an argument sentence averaging 24 words
compared to 20 for a no-argument sentence, with
readability scores of 60% and 64%, respectively.

(Q1) Datasets and labels mainly differ in their
semantic content. Looking at the vocabularies, the
datasets remain largely distinct, with 7-36% Jac-
card similarity, a trend also observed for the seman-
tic content words, reflecting their open-class.
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In contrast, stop, function, and discourse words
show over 73% overlap due to their closed nature.

Interestingly, while comparing sentences across
labels shows similar patterns, words describing the
core semantic content remain largely distinct, over-
lapping below 48% and 19% on average, reinforc-
ing lexical separation. Undeniably, the datasets
share overlapping content, e.g., when discussing
the one-child policy (PE) and abortion (IAM,
TACO, UKP) or, figuratively speaking, the death
penalty (AEC). Similarly, when discussing vacci-
nation (VACC) overlaps might occur with medical
(ABSTRCT) or sustainability (SCIARK) topics.

However, we found that these similarities are not
very pronounced and that the datasets and labels are
largely disjointed in terms of their core semantic
content. This could provide the models with a
shortcut opportunity, not based on how the labels
are constructed, but rather on what they are about.

4 Experimental Setup

In this section, we outline the experimental setup
and the best practices used for statistical testing to
generate the data needed to answer Q2 - Q3.

Sampling: To create fixed training, develop-
ment, and test sets, we used a 60/20/20 stratified
split for each of the 17 datasets in Table 1, select-
ing 850 instances per label, corresponding to 1,700
samples per dataset and 28,900 in total.

Transformers: We selected BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), and Distil-
BERT (Sanh et al., 2019) as widely accepted stan-
dard baselines for NLP (Rogers et al., 2020), in-
cluding argument mining (Shnarch et al., 2020;
Mayer et al., 2020a; Fromm et al., 2021a; Al-
hamzeh et al., 2022; Feger and Dietze, 2024b).
Further, we examined WRAP (Feger and Dietze,
2024a), the only transformer that is specifically pre-
trained for argument generalization. This applies
contrastive learning to cluster similar manifesta-
tions of inference and information, separate dis-
similar ones, and produce generalized embeddings
robustly adaptable to downstream classification.
However, our goal is to assess the generalizability
of these state-of-the-art argument mining models,
not to find the best. For these, we use the standard
hyperparameter grid for GLUE (Wang et al., 2018),
as accepted in the BERT and RoBERTa papers, bal-
ancing performance and time with a batch size of
32, 3 epochs, and a learning rate between 2e-5 and
Se-5, each trained on an A100 GPU.
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Benchmarking and Generalization: The exper-
iments presented here are the core investigations
related to Q2. For each, we report the test results
after tuning the hyperparameters to a target’s devel-
opment dataset, optimizing the macro F1 score to
ensure equal importance of both labels.

We begin with an initial assessment using pair-
wise comparisons, following the transfer learning
framework (Pan and Yang, 2010; Houlsby et al.,
2019; Zhuang et al., 2019), where models are
trained on one dataset and evaluated on others, in-
cluding benchmarks on individual datasets. This
yields a 17 x 17 matrix per model, with rows as
training and columns as test data, see Figure 1.

Secondly, we conducted a supplementary ex-
periment by training on all but one dataset and
testing on the reserved one, forcing the models
to generalize from joint benchmark data (Hays
et al., 2023; Feger and Dietze, 2024a). Thereby, we
will report the performance per model and evaluate
each against the excluded dataset’s state-of-the-art
benchmark, compare Table 4 and Figure 1.

Disrupting Argument Signals: To build on the
experiments addressing Q2 and provide insight for
Q3, we apply controlled input manipulation to both
experiments described above. Specifically, we as-
sess transformer performance after systematically
removing stop and functional words (e.g., a, the,
against, because), discourse markers, and punctua-
tion using spaCy2. This process results in the elimi-
nation of around half the words in each sentence. It
is therefore assumed that the removal of these lexi-
cal and syntactic elements, which also function as
scaffolding for rhetorical and logical devices (Knott
and Dale, 1994), suppresses the linguistic cues that,
in theory, enable the distinction between the ele-
ments that constitute an argument and those that
do not (Daxenberger et al., 2017; Opitz and Frank,
2019; Thorn Jakobsen et al., 2021). What remains
is a lexical skeleton that primarily reflects topical
and subject-related content while omitting func-
tional and discursive elements, calling into ques-
tion the model’s ability to discern argued excerpts
from mainly descriptive content (Lopes Cardoso
et al., 2023), see Table 3.

Evaluation: We perform the experiments for
Q2 - Q3 and repeat them three times, each with
varied samples and training initializations. To test
significance, we use a two-way ANOVA with re-
peated measures for experimental robustness and
one-tailed Student’s t-tests for pairwise compar-
isons of models, see Appendix B for full details.
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Label Form Example
L. They should increase more routes to
ARG Original i
make people transport more easily.
Manipulated increase routes people transport easily
ARG  Original Sh(-)uld gm}/emmems spenfi more money
on improving roads and highways?
overnments spend money improvin,
Manipulated & P Y imp €

roads highways

Table 3: Example from PE showing an argument (ARG)
and no-argument (mARG) sentence in the original and
manipulated form.

5 Results

In this section, we will address and answer ques-
tions Q2 - Q3. To this end, we will mainly focus
on Figure 1, which compares the pairwise exper-
iments to show which state-of-the-art argument
mining model performs best, thus reflecting the
current benchmark and generalization landscape.
Tying in with this, we will then turn on Table 4
contrasting the state-of-the-art performance against
those obtained by the models if trained on hetero-
geneous data. In addition, we elaborate on the
insights gained from the controlled manipulations
applied to these experiments. After that, we will
discuss the significance of our results. However,
for a better understanding, it can already be as-
sumed that the results for each model and exper-
iment follow a normal distribution, as confirmed
with D’ Agostino and Pearson’s K2 test (p > .05).
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Figure 1: The best macro F1 scores from the benchmark-
ing and pairwise generalization experiments, compar-
ing WRAP (W), BERT (B), RoBERTa (R), and Distil-
BERT (D), indicate that strong performance is primarily
achieved in the benchmark settings, as reflected along
the main diagonal. Furthermore, WRAP excels in gen-
eralizing to TACO, as seen on the right.

(Q2) Strong argument mining baselines do not
necessarily imply strong argument generalization.
A notable observation in Figure 1 is the contrast
between baselines on individual datasets and gen-
eralization across multiple datasets and definitions.
Strikingly, 97% of generalization experiments fall
below the mean benchmark result (M = 0.79),
with 62% scoring under 0.65, while in 8% of cases
generalization drops below 0.5 macro F1, highlight-
ing the challenge of maintaining strong benchmark
performances when tested on out-of-distribution
datasets. We will further break down our answer:

Generalizability seems to be the exception rather
than the norm. Given these circumstances, Table 1
shows several notable exceptions of good (> 0.75)
to strong (> 0.8) generalizability across and within
both definitional categories and genres, particularly
for claim-based datasets. For instance, strong per-
formance emerges within the academic domain,
where SCIARK reaches 0.82 on ABSTRCT with
BERT, and both ABSTRCT and ARGUMINSCI
achieve 0.77 using BERT and DistilBERT. Evi-
dence of cross-genre generalization also appears
in cases such as IAM (mixed genre) and VACC
(online debate), which achieve 0.76 and 0.79 on
CE (encyclopedia) using RoOBERTa and WRAP.

Broader generalization across definitions and
genres is especially evident in UKP (evidence or
reasoning, mixed), which surpasses 0.75 on both
ABSTRCT (claim-based, academic) and CE (claim-
based, encyclopedia) with BERT and WRAP. Sim-
ilarly, TACO (inference-information, Twitter de-
bate) consistently exceeds 0.8 across a vast range
of definitions and genres with WRAP.

Still, both cross-definition and cross-genre gen-
eralization remain limited and exceptional.

Task-related pre-training appears to have a pos-
itive effect on overall performance and generaliza-
tion. Numerically, WRAP (M = 0.61,SD = 0.1)
shows the best overall performance in terms of
macro F1. Notably, WRAP is the only model
that attains a mean above 0.6 macro F1, while
BERT (M = 0.58,SD = 0.11), RoBERTa
(M = 0.57,5SD = 0.12), and DistilBERT (M =
0.56, SD = 0.11) all perform worse. This perfor-
mance advantage is particularly evident in cases
where WRAP achieves the highest scores compared
to the other models. In fact, WRAP demonstrates
superior performance in 133 out of 289 experi-
ments (46%), whereas BERT does so in 58 experi-
ments (20%), RoBERTa in 50 experiments (17%),
and DistilBERT in 48 experiments (17%).
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WRAP BERT RoBERTa DistiIBERT SOTA

Arnag/min

ACQUA 0.66 0.6 0.59 0.59 0.84 0.18/0.25
WEBIS 0.63 0.66 0.62 0.65 0.74  0.08/0.12
ABSTRCT 0.74 0.74 0.74 0.71 0.89  0.15/0.18
ARGUMINSCI  0.59 047 055 0.5 0.84  0.25/0.37
CE 0.77 0.72 0.76 0.72 0.85 0.08/0.13
CMV 0.63 0.62 0.62 0.58 0.67 0.04/0.09
FINARG 0.61 0.62 0.66 0.65 0.68  0.02/0.07
1AM 0.73 0.71 0.73 0.73 0.76  0.03/0.05
PE 0.65 0.65 0.69 0.65 0.78  0.09/0.13
SCIARK 0.75 0.73 0.74 0.73 0.83 0.08/0.1

USELEC 0.7 0.66 0.68 0.59 0.74  0.04/0.15
VACC 0.68 0.7 0.68 0.69 0.78  0.08/0.1

WTP 0.59 0.55 0.55 0.54 0.65 0.06/0.11
AFS 0.57 0.58 0.59 0.6 0.84  0.24/0.27
UKP 0.7 0.67 0.7 0.68 0.79  0.09/0.12
AEC 0.52 0.57 0.51 0.56 096  0.39/045
TACO 0.76 0.61 0.65 0.55 0.88  0.12/0.33

Table 4: Transformers trained on all but the target bench-
mark are evaluated against their state-of-the-art base-
line (SOTA), compare diagonal of Figure 1. Minimum
and Maximum values indicate deviation from SOTA
(Araz/min)- While all models fall short relative to
SOTA, WRAP yields the best results in most cases.

Joint benchmark data for training may also help
bootstrap reliable and improved generalization.
Furthermore, the results of the supplementary ex-
periment presented in Table 4 indicate that over-
all performance tends to improve when models
are trained on joint benchmark data. Thereby,
WRAP (M = 0.66, 5D = 0.07), RoBERTa (M =
0.65,SD = 0.07), BERT (M = 0.64,5SD =
0.07), and DistilBERT (M = 0.63,SD = 0.07)
all achieve average macro F1 scores above 0.6, with
values that are numerically higher than those ob-
served in the pairwise setup. Again, WRAP shows
the most consistent advantage, ranking first in 11
out of 17 experiments (65%).

(Q3) State-of-the-art argument mining models
are not solely defined by argument signals. Fol-
lowing the controlled manipulation in the pair-
wise setup, all models dropped to similar levels,
WRAP and BERT (M = 0.56, SD = 0.09), Dis-
tilBERT (M = 0.55, SD = 0.1), and RoBERTa
(M = 057, SD = 0.1). Similar trends ap-
pear post-manipulation in the supplementary ex-
periment for WRAP, RoBERTa, and DistilBERT
(M = 0.62, SD = 0.06), and BERT (M = 0.61,
SD = 0.06). With careful attention to detail:

Shortcut learning influences generalization of
arguments, but task-related pre-training weakens
the impact. For the pairwise experiments, BERT
and DistilBERT showed almost no changes after
manipulating inputs (A < 0.02), while RoOBERTa
maintained its performance completely, suggest-
ing that the overall performance of these models
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is not based on learning how arguments are con-
stituted. In contrast, WRAP, which relies on its
task-related pre-training to embed structural argu-
ment components across topics, showed the largest
drop in macro F1 with A = 0.05.

Jointly integrating benchmark data for training
improves generalization and reduces shortcut re-
liance. The impact of WRAP towards robustness
of generalization is also true for the supplementary
experiment, where WRAP exhibited the largest
performance drop (A = 0.04) post-manipulation.
Nonetheless, ROBERTa and BERT showed simi-
lar trends (A = 0.03), while DistilBERT showed
mostly no changes (A = 0.01). Whereas the re-
sults in Table 4 show that each model underper-
formed relative to the state-of-the-art baselines, a
notable pattern still emerged. This is, training on
jointly integrated benchmark data raises the av-
erage macro F1 score to at least 0.64 for three
out of four transformers and 0.63 for the lowest-
performing model, compared to a maximum of 0.61
in pairwise transfer, achieved by WRAP. While
only WRAP generalizes better in the pairwise set-
ting and is less affected by lexical shortcuts, this
advantage persists when trained on joined datasets.
However, in this merged setting, RoBERTa and
BERT also show improved robustness, despite their
stronger reliance on shortcuts in the pairwise setup.
Furthermore, average differences remain moderate
with Ay, = 0.12 and Ay, = 0.18 while the
models learn from heterogeneous data sources.

Differences in definitions of arguments reinforce
the limitations of generalization. However, while
signs of shortcut learning are found, it is undeni-
ably not the sole limiting factor. Averaged across
all models, misclassification patterns show that ar-
guments are correctly classified 28% of the time
and no-arguments 37%, suggesting that identifying
no-arguments is easier. This is further supported by
the lower misclassification rate for no-arguments
(13%) compared to arguments (22%), highlighting
practical differences in argument definitions that
affect both generalization and benchmarks (e.g.,
due to conflicting annotations). This can also be
observed when analyzing the misclassifications of
individual models. Here, all models misclassify no-
arguments as arguments in fewer than 16% of cases.
In contrast, BERT, RoBERTa, and DistilBERT ex-
hibit higher misclassification rates, ranging from
21% to 26%, while WRAP misclassifies arguments
as no-arguments in 18% of cases, highlighting its
superior generalization ability for arguments.
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(Q2 - Q3) The experiments demonstrate both
statistical significance and practical relevance.
Repeated experiments support the robustness of
these results. Regarding the pairwise experiments,
a two-way repeated measures ANOVA for Q2
showed a significant effect only when compar-
ing model performances (F'(3,864) = 69.47,¢ =
0.56, peorr < .05,77% = 0.03), with negligible re-
sampling or interaction effects. For Q2, paired
one-tailed t-tests also showed that only model
comparisons involving WRAP were significant
(Peorr < -05,8.12 < ¢(288) < 10.14), with moder-
ate effect sizes (0.39 < d < 0.49). Similarly, re-
peating Q3 revealed no significant effects, confirm-
ing that once ablated, the models perform compara-
bly overall. Also, for Q3, when comparing pre- and
post-manipulation results per model, only WRAP
showed a relevant decrease (p < .05,%(288) =
—8.91,d = —0.49). In terms of the supplemen-
tary experiments, repetition yielded no significant
effects pre- and post-manipulation. However, re-
garding Q3, one-sided paired t-tests revealed sig-
nificant post-manipulation decreases for WRAP,
RoBERTa, and BERT (p < .05, —5.52 < ¢(16) <
—2.67,—0.58 < d < —0.41), with WRAP show-
ing the strongest effect.

6 Discussion

To summarize the limited generalization in argu-
ment mining addressed, Table 5 compares the best
baseline results pre- and post-manipulation. On
average, macro F1 differences remain close, within
Apaz = 0.07 and A, = 0.12 per model, and in
the best cases even exceed benchmark levels.

In the single case of AEC, which relies on only
five keywords for arguments, overemphasis on
these signals also appears to impair generaliza-
tion. Although AEC attains the highest score (0.96)
and experiences the largest post-manipulation drop
(< 0.45, Table 5), its generalization is limited to
0.63 or even below 0.5, compare Figure 1. Given
the low performance and minimal differences be-
tween pre- and post-manipulation results, BERT,
RoBERTa, and DistilBERT do not clearly demon-
strate an inherent ability to generalize arguments.

Although these challenges may be widespread,
positive examples highlight the potential for fu-
ture progress. This is particularly evident in cases
involving diverse sources and topics (VACC, CE,
TACO, UKP, IAM), where UKP, IAM, and TACO
already aim for generalizable annotations.

WRAP BERT RoBERTa DistilBERT SOTA  A,uz/min

ACQUA 0.73 0.77 0.76 0.78 084  0.06/0.11
WEBIS 0.61 0.66 0.66 0.67 0.74  0.07/0.13
ABSTRCT 0.83 0.87 0.84 0.87 0.89  0.02/0.06
ARGUMINSCI  0.78 0.79 0.77 0.77 0.84  0.05/0.07
CE 0.75 0.79 0.77 0.81 0.85 0.04/0.1
CMV 0.57 0.64 0.64 0.65 0.67  0.02/0.1
FINARG 0.62 0.61 0.66 0.69 0.68 -0.01/0.07
1AM 0.66 0.69 0.71 0.7 076  0.05/0.1
PE 0.66 0.67 0.71 0.73 078  0.05/0.12
SCIARK 0.71 0.8 0.77 0.79 0.83  0.03/0.12
USELEC 0.65 0.66 0.62 0.66 074  0.08/0.12
VACC 0.67 0.68 0.69 0.69 0.78  0.09/0.11
WTP 0.58 0.54 0.57 0.56 0.65 0.07/0.11
AFS 0.78 0.81 0.8 0.79 0.84  0.03/0.06
UKP 0.74 0.76 0.78 0.74 0.79  0.01/0.05
AEC 0.51 0.55 0.58 0.59 096 0.37/045
TACO 0.77 0.76  0.76 0.77 088 0.11/0.12

Table 5: Post-manipulation performance of each trans-
former compared to state-of-the-art (SOTA) results for
baseline experiments per dataset. Minimum and Maxi-
mum values are highlighted, with Aax/min indicating
their deviation from SOTA.

Despite limitations, the need for a unified struc-
tural approach to argument analysis becomes ap-
parent. This is reinforced by the effectiveness of
methodologies tailored to argument mining, as seen
in WRAP’s strong performance, averaging 0.75
when generalizing to TACO from all other datasets
(Figure 1). Training on joint benchmark data fur-
ther strengthens these abilities also for the stan-
dard transformers, even if numerical results fall
short of the rarely doubted state-of-the-art (Table 4).
Benchmarking should therefore build on combined
datasets that capture the task’s general demands,
as in GLUE (Wang et al., 2018) and instruction-
tuning benchmarks (Ouyang et al., 2022; Zhang
et al., 2024), for which decoder-based argument
mining (Cabessa et al., 2025) may be of interest.

7 Conclusion

We present the first large-scale re-evaluation of
argument mining benchmarks through a general-
ization lens and evaluate whether the reported per-
formance marks true progress. While structural
patterns hold, thematic and content differences be-
tween labels and datasets favor shortcut learning.
BERT, RoBERTa, and DistilBERT often rely on
this to inflate benchmarks, while WRAP shows
more resilience, likely due to its pre-training for
argument generalization. Training on shared bench-
mark data further reduces shortcut reliance and
improves generalization, notably in combination
with WRAP. Our results stress the need to integrate
different task demands and suggest re-framing ar-
gument mining as a joint generalizability task.
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Limitations

This study did not separate direct from implicit
arguments lacking clear structural and lexical cues,
including discourse markers, and based on data
analysis, assumed such cases are rare. However,
this may affect interpretation, as implicit arguments
are likely to depend on topical and content cues.
While we mostly used publicly available
datasets, some require granted access.
Additionally, when extraction scripts were un-
available, we derived our procedures from both the
available documentation and our understanding of
the original process. This was particularly relevant
for datasets where . ann files only provided anno-
tated sequence boundaries for larger documents
stored in .txt or .json formats. In such cases,
we used spaCy? for sentence boundary extraction,
which may produce boundaries that differ from the
original assumptions. Nevertheless, we confirmed
that over 95% of the extracted sentences ended with
proper punctuation and began with a capital letter.
We provide an extraction script! that automatically
retrieves and processes all datasets considered.
The reproducibility of the experiments may be
constrained by factors such as data size, runtime,
and associated costs, with all experiments in this
study running ~126 hours on a costly A100 GPU.
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A Extended Descriptive and
Experimental Details

This appendix provides additional data and details
omitted from Sections 2 and 3.

A.1 Section 2

For Section 2 we present the entire decision-
making process for the selection of the benchmark
datasets used in this work, which is in Table 6.

A.2 Section 3

Figure 2 extends the analysis in Section 3.2 by
showing pairwise Spearman’s p correlations for all
reproducible datasets, including those omitted from
experiments due to their small size.

Figure 3 extends the vocabulary analysis from
Section 3.2 by displaying word overlaps across all
datasets with available data.

B Statistical Design Protocol

In this appendix we also explain our protocol for
the best-practices of statistical testing as described
in Section 4 and applied in Section 5.
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Figure 2: The correlations of the individual datasets (as
well as the labels) in relation to the sentence-related
features show a strong overall correlation (p > 0.68).
Most strikingly, the ABSTRCT dataset stands out as
medical texts exhibit different sentence structures from
conventional ones, characterized by technical language,
methodological details, and numerical values.

ACQUA - e

AMPERE
ASRD

ARGUMINSCI
AsC
CE
oMy 60
FINARG
1AM
MT
oc
PE
SCIARK
USELEC
VACC
VG

Jaccard Similarity

wD
wTP
ECHR
AFS
UKP
AEC

£ 10 (OO O S S NS (L O
& l\fﬁgg# RIS

Figure 3: The word overlaps, measured by the Jac-
card similarity between the vocabularies of two datasets,
show that the datasets (as well as the labels) are gen-
erally distinct from each other. The overlaps range
between 3-36%, with an average of 19%.

B.1 Two-Way Repeated Measures ANOVA

We employ a two-way repeated measures ANOVA
to evaluate the effects of sampling (factor 1) and
model choice (factor 2) on the macro F1 (dependent
variable), with each dataset pair treated as a subject.

For valid inference, the following assumptions
must be met:

* Continuous Dependent Variable: By def-
inition, the macro F1 score is a continuous
measure.

* Within-Subject Design: Each subject experi-
ences every variation of both factors.

Normality: The dependent variable is approx-
imately normally distributed for each repeated
measure (D’ Agostino and Pearson’s K2 test).

Sphericity: The variances of the differences
between every pair of repeated measures are
equal. If the Greenhouse-Geisser ¢ is below
0.75 (with values near 1 indicating compli-
ance), we adjust the p-values (pcorr)-

We can specifically evaluate for:

* Sampling Effect: Whether variations in data
sampling (via different random seeds) influ-
ence model performance.

* Model Choice Effect: The performance dif-
ferences among transformer models trained
and evaluated on fixed samples. Each model
is reinitialized in each trial using distinct ran-
dom seeds to prevent carry-over effects.

Interaction Effect: Whether the effect of
sampling varies across the different models,
offering insights into model stability under
varying data conditions.

We evaluate the practical relevance of statistical
significance using the effect size:

* Generalized Eta Squared (12): Propor-
tion of the explained variance, interpreted
as: ~0.01 (small), ~0.06 (moderate), ~0.14+
(strong).

B.2 One-Tailed Paired Student’s t-Tests

Further, we conduct one-tailed paired t-tests as
post-hoc analysis to identify directional differences
(e.g., one model consistently outperforming an-
other). These tests use the same assumptions as
the prior ANOVA, except for sphericity. We ap-
ply the Bonferroni correction (pcorr) for multiple
comparisons.

For these tests, we evaluate their practical rele-
vance using the effect size:

¢ Cohen’s d: The mean difference between
paired conditions relative to the standard devi-
ation of the differences, interpreted as: ~0.2
(small), ~0.5 (moderate), ~0.8+ (strong).
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Dataset Paper Definition Genre Sent. Binary Reprod. Related Arg. N-Arg. Used
ACQUA (Panchenko et al., 2019) Argumentative Mixed Yes Yes Yes 1,949 5236 Yes
AMPERE (Huaetal., 2019) Argumentative Academic Yes Yes Yes 6,729 242 No
ASRD (Shnarch et al., 2020) Argumentative Spoken Debate  Yes ~ Yes Yes 260 440 No
CDCP (Niculae et al., 2017) Argumentative Online Debate ~ Yes No No
COMARG (Boltuzi¢ and Snajder, 2014) Argumentative Online Debate  No No
EDIT (Al-Khatib et al., 2016b) Argumentative Online Debate ~ Yes No No
IAC (Walker et al., 2012) Argumentative Online Debate  No No
MARG (Mestre et al., 2021) Argumentative Spoken Debate  Yes ~ No No
QMC (Levy et al., 2018) Argumentative Encyclopedia ~ Yes  Yes Yes 733 1,766 No
SDAT (Hansen and Hershcovich, 2022)  Argumentative Twitter Debate ~ Yes Yes Yes 387 210 No
WEBIS (Al-Khatib et al., 2016a) Argumentative Online Debate  Yes Yes Yes 10,804 5,543 Yes
AAE (Stab and Gurevych, 2014) Claim-based Academic Yes Yes Yes PE No
ABSTRCT (Mayer et al., 2020b) Claim-based Academic Yes  Yes Yes 1,308 7,323 Yes
AMECHR (Teruel et al., 2018) Claim-based Legal Yes Yes No No
AMSR (Fromm et al., 2021b) Claim-based Academic Yes Yes Yes 839 561 No
ARGUMINSCI (Lauscher et al., 2018) Claim-based Academic Yes Yes Yes 6,554 9,548 Yes
ASC (Wojatzki and Zesch, 2016) Claim-based Twitter Debate ~ Yes Yes Yes 147 568 No
CDC (Aharoni et al., 2014) Claim-based Encyclopedia ~ Yes  Yes Yes CE No
CE (Rinott et al., 2015) Claim-based Encyclopedia Yes Yes Yes 1,546 85,417 Yes
CMV (Hidey et al., 2017) Claim-based Online Debate ~ Yes Yes Yes 979 1,593 Yes
Cs (Bar-Haim et al., 2017) Claim-based Encyclopedia ~ Yes  Yes Yes CE No
DT (Olshefski et al., 2020) Claim-based Spoken Debate  No No
FINARG (Alhamzeh et al., 2022) Claim-based Spoken Debate  Yes Yes Yes 4,607 8,310 Yes
IAM (Cheng et al., 2022) Claim-based Mixed Yes Yes Yes 4,808 61,715  Yes
MT (Peldszus and Stede, 2015) Claim-based Microtext Yes Yes Yes 112 337 No
ocC (Biran and Rambow, 2011) Claim-based Online Debate ~ Yes Yes Yes 702 7,824 No
PE (Stab and Gurevych, 2017) Claim-based Academic Yes Yes Yes 2,093 4958 Yes
QT (Hautli-Janisz et al., 2022) Claim-based Spoken Debate  Yes No AIFDB No
RCT (Mayer et al., 2018) Claim-based Academic Yes Yes Yes ABSTRCT No
SCIARK (Fergadis et al., 2021) Claim-based Academic Yes  Yes Yes 1,191 10,503  Yes
UGWD (Habernal and Gurevych, 2017)  Claim-based Online Debate  Yes Yes Yes WD No
USELEC (Haddadan et al., 2019) Claim-based Spoken Debate ~ Yes Yes Yes 13,905 15,188 Yes
VACC (Morante et al., 2020) Claim-based Online Debate ~ Yes Yes Yes 4,394 17,825  Yes
VG (Reed et al., 2008) Claim-based Mixed Yes Yes Yes AIFDB 547 2,029 No
WD (Habernal and Gurevych, 2015)  Claim-based Online Debate  Yes  Yes Yes 211 3,661 No
WTP (Biran and Rambow, 2011) Claim-based Online Debate ~ Yes Yes Yes 1,135 7,274 Yes
ECHR (Poudyal et al., 2020) Conclusion-based Legal Yes  Yes Yes 414 10,264 No
AFS (Misra et al., 2016) Conclusion-based Online Debate ~ Yes Yes Yes TIAC 5,150 1,036 Yes
ARGSME (Ajjour et al., 2019) Conclusion-based Online Debate ~ Yes No No
BASN (Kondo et al., 2021) Conclusion-based Mixed Yes No No
BIOARG (Green, 2018) Conclusion-based Academic Yes No No
DEMOSTHENES  (Grundler et al., 2022) Conclusion-based Legal Yes Yes No No
RSA (Houngbo and Mercer, 2014) Conclusion-based Academic Yes No No
AIFDB (Lawrence et al., 2012) AIF Mixed Yes No No
LAMECHR (Habernal et al., 2023) Custom Framework Legal Yes No No
ABAM (Trautmann, 2020) Evidence or Reasoning  Mixed Yes No AURC No
ASPECT (Reimers et al., 2019) Evidence or Reasoning  Mixed Yes  No UKP No
AURC (Trautmann et al., 2020) Evidence or Reasoning Mixed Yes Yes No No
BWS (Thakur et al., 2021) Evidence or Reasoning  Mixed Yes No UKP No
UKP (Stab et al., 2018) Evidence or Reasoning Mixed Yes Yes Yes 11,126 13,978 Yes
AEC (Swanson et al., 2015) Implicit-Markup Online Debate ~ Yes Yes Yes 1AC 4,001 1,374 Yes
TACO (Feger and Dietze, 2024b) Inference-Information ~ Twitter Debate  Yes  Yes Yes 864 868 Yes

Table 6: Summary of the 52 datasets from the reviewed papers, sorted by their applied definitions. Data collection
followed the methodology described in Section 2.1, and selection criteria are detailed in Section 2.2. Empty entries
indicate that the corresponding criteria were not further evaluated because a preceding criterion had already been
rejected. The Related column indicates connections between datasets, like updates (e.g., AAE to PE, CDC to CE,
RCT to ABSTRCT), additions of non-task-related features (e.g., CS adds stances to the claims from CE, ABAM
adds aspects to the claims of AURC), or subsets from larger repositories (e.g., VG and QT from AIFDB, AEC and
AFS from IAC).
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5.4 Shared Task: Generalizability of Argument ldentification
in Context

In this short section, a shared task is described that will be published as one of four tasks of
the Touché Lab on Argumentation Systems at CLEF 2026'. The description is based on the
already accepted and peer-reviewed proposal and highlights the specific task derived from the
final and previously presented paper (Feger, Boland, and Dietze, 2025) of this thesis.

5.4.1 Motivation

At the end of the previous paper (Feger, Boland, and Dietze, 2025), the problem is raised that
the current assumptions about the SOTA performance of PLMs for AM cannot be sufficiently
explained by an inherent capability of these models. Instead, the evidence suggests that these
so-called SOTA models rely on topic-based shortcuts, which isolate datasets from one another
and prevent genuine generalization across them.

Before turning to the main body of this shared task, Figure 5.2 should be considered to illustrate
the problem of limited generalization more clearly and to provide a visual motivation for the
underlying problem. For this purpose, a Mini Language Model (MiniLM)? (Wang et al., 2020,
2021), which is a smaller, distilled PLM from the BERT-family, was employed as a de-facto
standard for obtaining PLM-based sentence embeddings (Reimers and Gurevych, 2019).

The Uniform Manifold Approzimation and Projection (UMAP) visualization shows that the
embeddings form dataset-specific clusters. For example, datasets such as UKP, which is in-
tended to cover AM data across heterogeneous sources, or IAM, which is presented as the
largest AM dataset integrating multiple sources, nonetheless form distinct, separate clusters.
The same phenomenon can be observed for many other datasets as well.

Although some overlap and mixing occur, the datasets largely form isolated clusters that can
be distinguished from each other. Hence, this visually supports the findings that the previ-
ously discussed PLMs encode dataset-specific characteristics in their pre-trained representation,
which the standard SFT approach cannot overcome.

In this context, the contrast is particularly striking when comparing almost diametrically
opposed datasets such as CE and TAM, or AFS and SCIARK, as well as academic datasets
like SCIARK, AMPERE, ABSTRCT, and ARGUMINSCI.

Even within the same genre, and, as the paper (Feger, Boland, and Dietze, 2025) shows, with
comparable sentence structures and identical target tasks, the representations are more strongly
divided by dataset boundaries than unified by shared factors for identifying arguments.

I Advertised at CLEF 2026.
2Specifically: all-MiniLM-L6-v2.
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Nevertheless, the visualization also shows that all datasets occupy a broader common space
in which gaps remain but certain overlaps emerge, visible in the central area or at the fringes
where clusters partially blend into one another.

Motivated by this, the shared task starts from the observation that reported SOTA in AM
is inflated by thematic and dataset-specific shortcuts, while genuine generalization, although
suggested by strongly correlated shared factors, is hindered because current SOTA models fail
to remain invariant to these shortcuts. It is therefore important to recognize these limitations
and to work toward genuine generalization, or at least to examine the problem in more depth.
Taking on this challenge is a task for the AM research community.

o
» E 3

Figure 5.2: Visualization of the 28 reproducible datasets referenced in this paper (Feger,
Boland, and Dietze, 2025). Representations were generated with MiniLM as a
proxy for other PLMs of the BERT-family and visualized using UMAP. Despite
some overlaps, clear clusters separate the datasets, showing that such models en-
code dataset-specific properties in their pre-trained representations for AM data.
As shown in the paper, these properties cannot be overcome by superficial SFT in
the classical approach.
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Marc Feger, Julia Romberg, Katarina Boland, and Stefan Dietze.
“Generalizability of Argument Identification in Context”

In: Working Notes of the Conference and Labs of the Evaluation Forum: CLEF 2026, Touché
Lab on Argumentation Systems, Jena, Germany, September 21-24, 2026.

Overview: Argument identification is a fundamental prerequisite for discourse analysis across
domains such as political debate, online discussion, and scientific reasoning.

PLMs such as BERT (Devlin et al., 2019), designed for contextualized language representation,
have demonstrated SOTA performance on established benchmarks. However, recent research
suggests that SOTA performance often stems from exploiting spurious correlations (Thorn
Jakobsen, Barrett, and Sggaard, 2021) and SCL (Geirhos et al., 2020), as benchmarks rely
on specialized datasets that encourage models to capture dataset-specific patterns shaped by
topic bias, argument definitions, and labeling schemes rather than abstractions that generalize
across contexts (Feger, Boland, and Dietze, 2025).

Yet arguments are defined not only by form or content but also by their pragmatic function
and contextualized use (Eemeren et al., 2014). Just as humans rely on context to identify and
interpret arguments in discourse, so must machines. This task therefore examines how contex-
tual cues can support automated argument identification, focusing on the impact of different
types and amounts of context on building more generalizable and task-aligned systems.

Task: Given a sentence from a dataset along with metadata about its provenance, such as
the source text and the dataset’s annotation guidelines, predict whether the sentence can be
annotated as an argument or not. In particular, the participants are encouraged to develop
robust systems that generalize beyond lexical shortcuts to unseen datasets and investigate ways
to exploit rich context information for this purpose.

Dataset: For the task, training data will be provided as a subset of the 17 benchmark datasets
totaling about 345k labeled sentences and identified as most relevant for argument identification
(Feger, Boland, and Dietze, 2025). This subset includes sentences each labeled as argument
or no-argument, according to the respective dataset annotations, along with accompanying
metadata such as IDs, generated training and development splits, links to original data sources
and annotation guidelines, as well as the scripts used for data preparation.

Evaluation Setup: The systems will be evaluated on test data that differs from the develop-
ment data. This includes partially or fully held-out portions of the datasets used for sampling,
as well as newly created data reflecting diverse domains and annotation guidelines. This setup
addresses the risk of data contamination in LLMs and participants’ potential use of additional
datasets during training. Generalizability will be measured using the macro F1 score. To
evaluate the systems, the macro F1 score will be specified for each test dataset, along with the
overall average of all these values.
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Chapter 6

Conclusion

This thesis has demonstrated that Argument Mining (AM) is not a marginal curiosity but a
cornerstone of modern automatic discourse analysis and, by extension, of Natural Language
Processing (NLP) itself. In particular, two critical blind spots were addressed. The first is G1,
which is referred to as The Twitter Gap and denotes the inherent neglect of conversational
structure in social media discourse data, especially on Twitter. The second is G2, which
is referred to as The (Generalization Gap and describes the limited mutual validation of
existing datasets and models that claim to define the state-of-the-art (SOTA) in AM.

For these gaps, this work has delivered three tightly interwoven primary studies (Feger and
Dietze, 2024a,b; Feger, Boland, and Dietze, 2025). Each study was peer-reviewed and presented
at flagship NLP venues (LREC-COLING, NAACL, and ACL). Together they provide new
resources, methods, and empirical evidence that address the identified gaps while also opening
new questions to guide future research. At the time of this thesis, these efforts have culminated
in a shared task accepted at CLEF'.

These papers, in turn, not only provided the foundation for several bachelor’s and master’s the-
ses but also influenced four peer-reviewed secondary studies published in venues such as HCII
and IEEE Access. These studies extend the findings to research domains as diverse as com-
ment recommendation (Steimann, Feger, and Mauve, 2022), social science (Zelle, Grison, and
Feger, 2024), cybersecurity with LLMs (Weber, Feger, and Pilgermann, 2024), and annotation
tooling (Braun and Feger, 2025).

Building on the points stated here and the background knowledge gained throughout the
thesis, this chapter concludes by revisiting the key findings regarding the research questions
introduced in Section 1.2, with each main contribution discussed in relation to these. The
future prospects arising from these results are then outlined before concluding with reflective
thoughts that offer a meta-level interpretation of the findings and an optimistic outlook on AM
research as a whole.
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6.1 Key Findings

Turning to the key findings of this thesis, it first has to be noted that each main contribution
pushes a different research question of this thesis forward, which will be discussed next.

Q1: Can arguments be extracted within entire Twitter conversations?

First, Twitter Arguments from COnversations (TACO), the first AM corpus spanning entire
Twitter conversations, has been compiled and annotated in the opening contribution of this
thesis (Feger and Dietze, 2024a). By shifting the scope of analysis from isolated tweets to
full discourse threads, TACO supplies a realistic ground truth for AM on Twitter and, therein,
foregrounds the decisive roles of context dependence, pragmatic function, and tweet-level ambi-
guity in argument annotation and certain limitations regarding their automated recognition.

Based on the respective paper (Feger and Dietze, 2024a), the corresponding research question
Q1 can essentially be approached in two ways:

The first concerns the annotation itself. Across six different topics, 200 coherent conversations
were annotated by six experts, resulting in a high inter-annotator agreement of a = 0.718.
Moreover, a definite majority decision regarding class assignment was reached in 95.6% of all
1,814 annotated tweets, which, in ordinary terms, can be regarded as strong. This reliability
is supported by the iterative development of the guidelines, based on established definitions of
argument components, the inference-information distinction from the Cambridge Dictionary?,
and the hierarchical categorization into four classes. For arguments, these are Reason (both
elements) and Statement (inference only), while for no-arguments they are Notification (infor-
mation only) and None (neither element). In addition, annotators’ difficulty ratings indicate
that at least 70% of all cases were generally perceived as easy.

On the other hand, it could thus be argued that not only the strong annotation results but
also the classification outcomes speak for themselves. Following best practices, which included
the use of different PLMs, hyperparameter tuning, and 10-fold cross-validation, BERTweet
achieved a macro F1 of 85.06 for categorizing arguments vs. no-arguments and a macro F1 of
72.49 for classification, which can both be regarded as solid baseline performances.

Nevertheless, the other side of the answer to Q1 emerges at the level of detail. Although
arguments and no-arguments show similar classification performance with F1 scores of 85.34
and 84.77, the individual classes reveal a different picture. Most lie between 74.45 and 80.56,
yet the Statement class falls sharply to 56.66 F1. Considering the macro and individual F1
scores, it is thus striking to see that BERTweet handles aggregated categories more reliably
than the underlying classes. Error analysis shows that class-specific discrepancies cause this
issue, with about 43% of misclassifications still correctly categorized.

Overall, the findings of this paper reveal a tension. On the one hand, the annotations were
consistently perceived as easy by human annotators, and this perception was confirmed by the
agreement measures. On the other hand, the best baseline results obtained with BERTweet
reflect this to some extent, but a closer examination shows outcomes that point to confusion
and a lack of clear separability rather than genuine task alignment.
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Q2: Do SOTA models inherently predict arguments in Twitter conversations?

Secondly, WRA Presentations (WRAP) was developed as an extension of BERTweet and ad-
dresses the representational challenges identified in TACO in a second contribution (Feger and
Dietze, 2024b). To this end, a tailored CL framework with text augmentation promotes rep-
resentation disentanglement, enhancing classification performance and enabling robust cross-
topic transfer while maintaining invariance to paraphrasing. Building on this foundation,
WRAP aligns with the structural semantics of arguments in the TACO hierarchy of tweets by
modeling similarities and differences within different manifestations of inference and informa-

tional signals before task-specific SFT.

Regarding research question Q2, it is necessary to draw a further distinction based on the
respective findings (Feger and Dietze, 2024b):

From this perspective, as shown by experimental results such as embedding space compar-
isons and cross-topic evaluations, the proposed CL method underlying WRAP captures class
semantics more effectively. Quantitatively, WRAP raises the TACO baseline to 86.62 macro
F1 for categories and 75.29 macro F1 for classes, with cross-topic experiments also yielding
solid scores of 86.27 and 73.54 macro F1, respectively. Moreover, WRAP produces embeddings
that approximate the ideal space derived from the TACO hierarchy and yields interpretable
representations, with Reason aligned in 77% of cases, Statement in 64%, Notification in 65%,
and None in 76%, whereas the vanilla BERTweet baseline achieves only 39%, 27%, 24%, and
78%. Thus it can be argued if WRAP constitutes an inherent SOTA model for TACO.

However, it is important to note that WRAP was explicitly designed and guided toward this
capability through an extended pre-training phase aimed at abstracting the class semantics in-
tended for TACO. This stands in contrast to standard best practices for sequence classification,
in which PLMs depend on the downstream class information acquired only during conventional
SET following their general language pre-training.

Consequently, the vanilla approach to TACO does not exhibit this behavior beforehand. As
demonstrated by the frozen parameter setup of BERTweet, where the representations cannot
be adapted to downstream class information during SF'T, the model yields 0.00 macro F1 for
Statement. Moreover, Statement representations are misplaced in the Reason space in 42% of
cases, while Reason itself accounts for only 39% there. Similarly, 27% of Statement embeddings
occur in regions dominated by Reason with 30% and Notification with 29%. The Notification
space, in turn, is almost evenly fragmented across Reason with 23%, Statement with 28%,
Notification itself with 24%, and None with 25%. Considered as a whole, this indicates that
certain classes cannot be classified at all before SF'T or appear only in a heavily distorted
manner, overlapping with the semantics of other classes.

At the same time, experiments suggest that general pre-training on augmented data can
improve performance and yield results and representations somewhat comparable to those
achieved with WRAP. Nevertheless, neither the vanilla approach nor augmented pre-training
of BERTweet reaches the same level of robustness and consistency as the specifically designed
CL framework inherent to WRAP.
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In this sense, the findings for TACO demonstrate that established best practices for sequence
classification using conventional SF'T do not necessarily allow PLMs to rely on an inherent
ability to identify tweets according to the intended class semantics.

Instead, these results raise a broader question regarding the applicability of WRAP to other
datasets and, more fundamentally, the extent to which existing SOTA baselines suffer from
similar limitations and therefore fail to reflect inherent task alignment for identifying arguments
according to the intended semantics.

Q3: Does reported progress in argument identification reflect genuine advances?

Third, an extensive meta-analysis of the cross-applicability of the most relevant AM literature
was conducted as the final contribution of this thesis (Feger, Boland, and Dietze, 2025). This
included a comprehensive review of 52 AM studies and their datasets. From these, the 17
most relevant works were identified. These provide sentence-level annotations of arguments
and no-arguments, represent reproducible and up-to-date sources, and contain a sufficient size
with at least 850 instances per label.

About research question Q3, the following conclusions can be drawn from the contribution
(Feger, Boland, and Dietze, 2025):

Survey-based comparison of the applied definitions and annotation guidelines reveals that
the datasets often build on one another in their conception of argument, and, although they
approach the same problem from different perspectives, they are not fundamentally distinct.
This is supported by a more detailed structural investigation of direct comparability revealing
that the datasets are strongly correlated across 24 surface-level sentence properties such as
length, entropy, or part-of-speech tag distributions (p > 0.68). At the word level, however, the
respective vocabularies of the datasets show two trends in terms of Jaccard similarity. It was
shown that argument cues unite with at least 73% overlap, whereas content words divide with
overlaps between 7-36%.

What stands out most is that, while sentence-level comparisons across labels show similar
patterns, the words expressing core semantic content remain largely distinct, with overlaps
below 48% and averaging 19%. This highlights lexical separation in specific words and suggests
potential shortcuts by focusing on content rather than argument signals.

Concerning the re-evaluation of the baseline results and the transferability between datasets,
two experimental approaches were pursued. In the first approach, models were trained pairwise
on one dataset and tested on another, producing a 17 x 17 experiment matrix. This setup
provided both i.i.d benchmarks on the main diagonal and o.0.d evaluations across datasets
within a single report. In the second approach, one dataset was tested successively while
training was conducted on the combination of all remaining datasets, thereby addressing both
0.0.d training and testing. For all these experiments, the PLMs BERT, RoBERTa, DistilBERT,
and WRAP were employed.
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While the i.i.d results yielded strong baseline scores averaging 0.79 macro F1, the outcomes
of the respective models across all experiments remained only between 0.56 and 0.61 macro
F1, with WRAP achieving the numerically best results. The same pattern emerged in the
joint benchmark experiments, where the models reached slightly higher average scores of 0.63
to 0.66 macro F1, with WRAP performing best. Yet they still fell far short of the baseline
performance. A prime example of the contrast between strong i.i.d baseline results and weak
0.0.d generalization is the AEC dataset, which appears relatively simple as it relies on exactly
five keywords to distinguish arguments from no-arguments. While benchmark results of 0.96
macro F1 are achieved, transfer performance drops and is strongly located around the chance
level of 0.5 macro F1.

Regarding the divergent i.i.d and o.o.d results and the identified shortcut opportunities, the
experiments were repeated as controlled manipulation ablations in which only content-related
words were retained. The findings showed that all models, except for WRAP, largely main-
tained their performance, and in the case of FINARG, even improved by 0.01 macro F1.

A threefold repetition using different random initializations and samples of all these experi-
ments likewise showed no significant inconsistencies and overall significance (p < .05) of the
experiments, as measured by a repeated-measures Analysis of Variance (ANOVA).

As for the research questions, this paper has shown that contemporary benchmarks capture
dataset idiosyncrasies in the form of dataset-specific shortcuts rather than genuine argument
signals. This finding reframes recent benchmark improvements and underscores the need for
a methodological shift toward data, models, and evaluation setups that can generalize beyond
narrowly optimized scenarios.

Taken more broadly, these limitations can also be read as a constraint of standard evaluation
practices, which often impose SOTA expectations on models that exceed what they can reason-
ably achieve. These PLMs are inherently limited to exploiting superficial textual properties,
since they receive only isolated input sequences. Expecting them to replicate human reasoning,
which relies on broader context such as surrounding sentences and annotation guidelines, is
therefore misguided. In this light, the present findings lay the groundwork for a shared task
specifically designed to confront these limitations.
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6.2 Future Work

The findings presented in this study should not be regarded as final, but rather as a foundation
for future research in the field of Argument Mining (AM).

Future work could explore the following areas, either individually or in ways that complement
and strengthen one another:

Comprehensive and Standardized Benchmarks: Building on the insights from this thesis,
there is a clear need for greater standardization of benchmark datasets and a more consistent
definition of fundamental task requirements in AM. Rather than focusing on isolated or nar-
rowly scoped benchmarks, future efforts should emphasize the development of comprehensive
evaluations, generalizable methodologies, and unified benchmark data.

A primary objective should be the robust detection of arguments. One possible direction would
be the creation of integrated benchmark collections, akin to General Language Understanding
Evaluation (GLUE) (Wang et al., 2018), which encompass various NLP sub-tasks. For exam-
ple, the GLUE benchmark comprises a variety of tasks, including, among others, Multi-Genre
Natural Language Inference (MNLI) (Williams, Nangia, and Bowman, 2018), Stanford Sen-
timent Treebank (SST) (Socher et al., 2013) for sentiment analysis, the Corpus of Linguistic
Acceptability (CoLA) (Warstadt, Singh, and Bowman, 2019), and Recognizing Textual Entail-
ment (RTE) (Dagan, Glickman, and Magnini, 2006), which originates from a series of annual
textual entailment challenges (Wang et al., 2018).

In this sense, instruction-tuning datasets (Ouyang et al., 2022; Zhang et al., 2024; Stahl et
al., 2025) may also serve as inspiration, as they combine a diverse range of tasks paired with
varying natural language instructions and contextual information to support the generalized
training of LLMs (Radford and Narasimhan, 2018; Mishra et al., 2022).

For future work, following the approach already adopted in the shared task' derived from this
thesis, an important step would be the integration of existing benchmarks (Feger, Boland, and
Dietze, 2025). Beyond this, it may also be valuable to not only group the data but also store
task-related information and requirements, such as definitions, guidelines, and contextualized
materials like the source documents analyzed alongside the annotated data.

Contextualization and Large Language Models: Preliminary research suggests that
prompting LLMs with natural language instructions yields performance on par with baseline
models across the QMC, ASRD, and TAM benchmarks (Chen et al., 2024). In this regard,
it has already been reported for PE, CDCP, and ABSTRCT that instruction tuning can also
increase the performance of LLMs even further (Cabessa, Hernault, and Mushtaq, 2025).

In this sense, one especially interesting direction for AM involves re-formulating traditional
classification tasks, typically handled as sequence classification by PLMs from the BERT-
family, into generation-based tasks for LLMs (Cabessa, Hernault, and Mushtaq, 2025) like
those models from the LLaMA- or GPT-family.
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This opens new avenues for examining how task performance relates to model contextualization
and the injection of task information. Instead of relying on PLM classifiers that implicitly learn
context from labeled data (Radford and Narasimhan, 2018; Feger, Boland, and Dietze, 2025),
future work might embed full task information such as documents, definitions, and annotation
guidelines directly into LLMs, creating training conditions that more closely mirror those of
human annotators (Pangakis and Wolken, 2024).

However, the limited task alignment observed for PLMs (Feger, Boland, and Dietze, 2025) may
also extend to LLMs, an issue that has already been noted for early GPT models (Geirhos et
al., 2020). In this context, it remains debated whether these models develop genuine semantic
understanding or mainly reproduce output patterns shaped by dataset-specific artifacts (Zhao
et al., 2021; Kung and Peng, 2023), by factors related to scale, or by memorization effects due
to exposure to existing benchmarks during training (Saphra et al., 2024).

Interpretability and Error Analysis: Building on this, it is essential to understand how
such models operate in the execution of tasks. In the classic PLM setup, they are trained on
annotated datasets with data and labels, and their predictions and internal mechanisms are
subsequently reconstructed through methods such as SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro, Singh, and Guestrin,
2016; Lundberg and Lee, 2017; Bhatti, Ahmad, and Park, 2021), feature attribution tech-
niques (Thorn Jakobsen, Barrett, and Sggaard, 2021), or manipulation experiments (Geirhos
et al., 2020; Feger, Boland, and Dietze, 2025). Although these approaches can yield valu-
able insights, they illuminate only limited aspects of model behavior and remain inherently
bounded by the adequacy of the explanatory framework itself (Liu, Yin, and Wang, 2019;
Molnar, Casalicchio, and Bischl, 2020).

Beyond that, there is also the question of how far experimental design, corresponding flaws,
and inherent model limitations are interdependent (Lawsen, 2025; Shojaee et al., 2025).

Nonetheless, it might be interesting to investigate whether directly prompting an LLM to
generate explanatory reasoning for its decisions (Liu, Yin, and Wang, 2019; Gu, Tafjord, and
Clark, 2024) improves interpretability and truly mirrors the model’s decision process. This can
involve techniques such as chain-of-thought prompting (Wei et al., 2022c), where the model
generates an answer step by step, or least-to-most prompting (Zhou et al., 2023), which guides
the model through explicitly decomposed subproblems toward a final decision.

Future research in AM could therefore investigate the interpretability of model decisions and
how far these align with the justifications underlying human annotations in specific AM tasks.

Accounting for Human Abilities: Beyond models and datasets, attention should also be di-
rected toward the humans whose argumentative abilities constitute the very task to be learned.
These abilities often rely on world knowledge or reasoning over information not explicitly con-
tained in the input. This highlights the need for benchmarks that move beyond hard class
labels to also include the explanations annotators provide for their labeling decisions.
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Inspiration for AM can be drawn from resources such as the Fvaluating Rationales And Simple
English Reasoning (ERASER) benchmark (DeYoung et al., 2020), which integrates multiple
datasets and tasks like Fact Extraction and VERification (FEVER) (Thorne et al., 2018), where
human annotations of rationales (supporting evidence) have been collected. In this setting it is
not sufficient to predict a True or False label because models must also identify the relevant text
passages that justify their predictions and thus align their rationales with human evidence anno-
tations. Additional examples are provided by datasets such as explanation-augmented Stanford
Natural Language Inference (e-SNLI) (Camburu et al., 2018) or Common Sense Explanations
(CoS-E) (Rajani et al., 2019), where language models are trained to generate explanations in
natural language that can be employed both during training and inference.

Incorporating such explanatory information may also strengthen the assessment of general-
izability and reproducibility when annotation guidelines are reapplied by diverse annotators
across differently distributed datasets. In this way, future research can explore the extent to
which benchmarks and perspectives on arguments converge, how much generalization can re-
alistically be expected from models and reported SOTA scores, and to what degree humans
themselves can generalize in debates or reach consistent explanations for distinguishing argu-
ments from no-arguments, if such is possible at all.
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6.3 Closing Thoughts

The end of this thesis marks the beginning of new questions and challenges.

While the identification of limitations in current Argument Mining (AM) research represents
one of the central contributions of this thesis, it also reveals that existing approaches, including
those proposed herein, are often designed in isolation. Thereby, it cannot be excluded that
they rely on features that are not intrinsically important for the task, even though they achieve
state-of-the-art (SOTA) performance. This, in turn, raises doubts about whether later steps
can be considered reliable when built on potentially flawed argument identification.

Undoubtedly, the findings presented in this thesis are not entirely exempt from these con-
cerns, although they demonstrate comparatively better generalizability and overall numerical
performance. Nonetheless, this thesis highlights the often-neglected need to critically examine
how such results are achieved and whether they genuinely support the transfer of anticipated
findings beyond the specific conditions in which they were obtained.

One possible explanation for this narrow perspective in the field is that AM is inherently tied to
specific pragmatic-dialectical contexts in which arguments are articulated and interpreted. The
recognition and interpretation of arguments can vary significantly from case to case, influenced
not only by the subjective perceptions and prior knowledge of the recipient but also by a
range of external factors such as temporal context, cultural background, discourse setting, and
communicative intent. Such contextual factors influence how arguments are interpreted and
annotated, making universal approaches difficult to develop. Unquestionably, this may suggest
a need for locally tailored AM solutions that are closely aligned with the specific requirements
of individual applications.

While this perspective has undoubtedly influenced the current AM landscape, it does not
address the fundamental challenge of how interpretations and justifications are constructed
within individual benchmark settings that are often presented as defining the SOTA. Moreover,
it falls short of establishing a universally applicable paradigm for discourse analysis by isolating
the research efforts.

At the same time, this thesis demonstrates that generalization across different benchmarks
and models is indeed desirable and fertile for scholars, provided that appropriate attention
is and will be given to the model perception, design of training strategies, the selection and
preparation of data, and the development of robust evaluation frameworks.

It can thus be speculated if current limitations of AM research are symptoms of a fundamental
research dilemma in which isolating novelty and the incremental pursuit of better benchmark
scores often replace the search for more profound insights that actually live up to their promise
(Lipton and Steinhardt, 2019; Bender and Koller, 2020). Relevant but not-so-good results are
rejected from scholarly discourse and disappear down the drawer (Rosenthal, 1979), while stan-
dardized metrics are transfigured into targets (Strathern, 1997) whose numerical optimization
says little about the actual quality of how they are satisfied (Goodhart, 1984).

Cheers!
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A.1 Annotation Guide for the TACO Dataset

A.1 Annotation Guide for the TACO Dataset

Annotation

Dear annotators,

Arguments may be written in a wide variety of forms and may not always
be directly apparent. Likewise, an Argument may address one topic or more,
be rhetorically and linguistically heavy, or the inferences stated and reasons
given may not be immediately obvious. Nevertheless, the individual text
passages in a tweet can form an Argument in their effect. It is not important
for you whether the Argument is right or wrong or whether it corresponds to
your personal world view and opinion. To simplify this task, we differentiate
between tweets that contain an inference as a key component of an Argument

and those that do not.

To identify Argument constituents, we use the Cambridge Dictionary:

¢ Inference: a guess that you make or an opinion that you form based on the

information that you have.

* Information: facts or details about a person, company, product, etc..

Tweets that make an Argument can be classified as either:

¢ Statement: a tweet where only Inference is presented like something that
someone says or writes officially, or an action done to express an opinion.

* Reason: a tweet where the Inference is based on Information mentioned
in the tweet such as a source-reference or quotation, and thus reveals the
author’s motivation to try to understand and to make judgments based on

practical facts.

Tweets that make No-Argument can be classified as either:

* Notification: a tweet that limits itself to only provide information like
media channels promoting their latest articles.
* None: a tweet having neither inference or information, including hate-

speech or spam.

Tweet

(inference)

_[ Argument [No-Argumen

(no inference)

)

Reason Statement
(with information) | (no information)

] [ Notification
(

only information)

None ]

Figure 1: Hierarchy of Argument Mining on Twitter.
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Before answering the questions ask yourself:

1 What does the author of the tweet want you to believe (Inference)?
2 What does the author of the tweet want you to know (Information)?
3 Does (1) emerge from (2)?

In the case of uncertainty consider the following:

1 Look the tweet up on Twitter
2 Follow the conversation down to the tweet.
3 Concrete dates are Information
4 Quotes and headlines are Information
5 Experiences are Information
6 Considerations are Information
7 Standpoints are Inference
8 Rhetorical questions are Inference
9 Hashtags can provide Inference
10 Insults are no Inference
11 Exceptions might indicate Inference
12 Tend to 0 in case of absolute doubt

Task:

1 Detect Information and Inference.
Mark each identified component with 1 else use 0

2 For self-monitoring, specify if you have strong concerns about interpret-
ing the tweet too strongly and selecting the component too artificially?
Therefore, how well did the components emerge?

Mark the Difficulty with:

1: Easy (The component(s) is/are directly visible)
2: Normal (Repeated consideration reveals the component(s))
3: Hard (Strong concerns about any component(s) present)
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Examples:

Tweet 1 (Reason):

The formula:

Not everyone who voted Leave is racist.

But everyone who's racist voted Leave.

Not everyone who voted Leave is thick.

But everyone who's thick voted Leave.

The thick racists therefore called the shots,
whatever the thoughts of the minority of others.
#thick #Brexit

Topics: Brexit, Racism, Minority, Leave, Thick
Inference: 1

Information: 1

Difficulty: 1

In this example, Information and Inference are chosen because, on the one
hand, a consideration is made, and on the other hand, a concrete image of
Brexit is drawn. Specifically, the consideration “everyone who’s racist voted
Leave” and "everyone who’s thick voted Leave” leads to the Inference ("The thick
racists [...] called the shots”) relative to the exceptions “Not everyone who voted
Leave is racist” and ”Not everyone who voted Leave is thick”. Likewise, it alludes to
the lack of hearing minorities, which is intended to emphasize the perceived
backward step in Brexit (#thick #Brexit). Obviously, this tweet hints at the
right-winged aspects of Brexit and reminds of the negative (“thick”) character-
istics of marginalization as they are often present in racism and right-winged
movements. For the entirety of the tweet, it is not relevant here whether the
Inference and Information are true or false but contribute to the Argument.

Tweet 2 (Notification):

#Mexico top court declares criminalizing #Abortion_06 unconstitutional
JURIST-News Mexico’s Supreme Court of Justice of the Nation ruled Tuesday
that total #criminalization of #abortion is unconstitutional.
#AbortoLegalMexico

#USSupremeCourt

#SupremeCourt

https://t.co/xLj5PZijOL

Topics: Mexico, Abortion, Supreme Court, USA
Inference: 0

Information: 1

Difficulty: 1

In this example, only a summary of the article in the link below is presented

in the tweet. To see this, the URL to the article must be followed. Likewise,

the tweet summarizes and recites the main message of the article, as it also 123
occurs in the headline.



Tweet 3 (Statement):

Possible tangible benefit of #Brexit: a fairer immigration system.

Topics: Immigration, Brexit, Benefit, Possibility
Inference: 1

Information: 0

Difficulty: 1

In this Tweet, only an Inference in the form of an assertion is made from antic-
ipated and implicit Information (the immigration system is unfair). Any further
elements are missing; the assertion is assigned to the topic in a substantial but

challenging role.

Tweet 4 (None):

’ @sinnfeinireland Blah blah blah blah blah blah

Topics: Ireland — Brexit (?)
Inference: 0

Information: 0

Difficulty: 1

After a brief consideration, the individual components for an Argument are to
be strongly doubted.

Tweet 5 (Reason):

Love my new favorite abortion shirt! Abortions are as good as, if not better
than, all medical procedures! Get yourself this badass shirt and donate to

@TEAFund: https://t.co/vSiwJaMZjh
#abortion #AbortionBan #AbortionlsHealthcare #txlege #texas https://t.co/

5iTXpODVIv

Topics: Abortion, Texas, Healthcare, Donation, Abortion-Shirt
Inference: 1

Information: 1

Difficulty: 2

This tweet primarily looks like an advertisement and call for donations. How-
ever, on closer reading, both main components are present as well. Here, the
Information is provided by following the first URL to an information page
or by the consideration "Abortions are as good as, if not better than, all medical
procedures”. Where the consideration appears to have priority over the infor-
mation page. Likewise, the Inference is in the hashtag #AbortionIsHealthcare.
In both cases, the components of an Argument become apparent after short
consideration (Difficulty: 2).
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A.2 Statement on the Use of Artificial Intelligence (Al) Tools

This thesis was written by the author with the support of conventional academic tools and
resources. ChatGPT! and LanguageTool? were employed in limited capacities to assist with
clarifying technical phrasing, grammar checking, and paraphrasing. At no point did these tools
generate original research content, interpret data, or substitute for the author’s intellectual
contributions and critical analysis. All Al-assisted input was reviewed and edited by the
author to ensure alignment with the academic standards and integrity of the work.

Lchatgpt.com
2]anguagetool.org
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Glossary

ABSTRCT Abstracts of Randomized Clinical Trials. 29, 32, 33, 37, 40, 105, 114, 167
ACQUA Argumentation in Comparative Question Answering. 30, 36

ADU Argumentative Discourse Unit. 23, 24

AEC Argument Extraction Corpus. 28, 32, 35, 113

AFS Argument Facet Similarity. 28, 31, 35, 105

Al Artificial Intelligence. 29

AIF Argument Interchange Format. 16

AM Argument Mining. vii, 1, 3-11, 13-18, 20, 22, 23, 25, 26, 28, 29, 31, 33, 36, 39, 40, 49,
50, 59, 70, 71, 83, 86-88, 105, 106, 109, 110, 112, 114-117, 167, 168

AMPERE Argument Mining for Peer Reviews. 29, 31, 105

AMSR Argument Mining in Scientific Reviews. 29, 35

ANOVA Analysis of Variance. 113

API1 Application Programming Interface. 29, 41

ARGUMINSCI Argumentative Analysis of Scientific Publications. 29, 32, 33, 105
ASC Argument Stance Classification. 29, 31

ASRD Automatic Speech Recognition of Debates. 30, 32, 37, 40, 114, 167

AW Argument Web. 16

BART Bidirectional and AutoRegressive Transformers. 39

BERT Bidirectional Encoder Representations from Transformers. 38-40, 46-48, 60, 63, 87,
105-107, 112, 114, 167, 168

BERTweet A pre-trained language model for English Tweets. 46, 50, 69, 70, 110, 111
BiLSTM Bidirectional Long Short-Term Memory. 38, 40

CDC Context Dependent Claim. 30, 35

CDCP Consumer Debt Collection Practices. 28, 32, 37, 40, 114, 167
CE Context Dependent Evidence. 30, 35, 105

CL Contrastive Learning. 6, 11, 66-68, 70, 111, 168

CMC Computer-Mediated Communication. 1, 19, 28
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Glossary

CMV Change My View. 28, 31, 34

CoLA Corpus of Linguistic Acceptability. 114
COMPSENT Comparative Sentences. 30
CoS-E Common Sense Explanations. 116

CRF Conditional Random Field. 40

D-BAS Dialog-Based Online Argumentation. 15
DistilBERT Distilled BERT. 40, 46, 87, 112
DNN Deep Neural Network. 40, 84

ECHR European Court of Human Rights. 30, 31

EG Evidence Graph. 40

ELMO Embeddings from Language Models. 38

ERASER Evaluating Rationales And Simple English Reasoning. 116

e-SNLI explanation-augmented Stanford Natural Language Inference. 116

FastText FastText. 40

FEVER Fact Extraction and VERification. 116
FFN Feedforward Neural Network. 38, 40, 48, 60
FINARG Finanical Arguments. 30, 34, 113
FLAN Fine-tuned LAnguage Net. 40

GLUE General Language Understanding Evaluation. 114
GPT Generative Pre-trained Transformer. 17, 39, 114, 115

HB Hybrid Baseline. 40

IAM Integrated Argument Mining. 30, 35, 37, 40, 105, 114, 167
i.i.d independent and identically distributed. 84-86, 112, 113, 168

InferSent Inferential Sentence Embeddings. 40

LIME Local Interpretable Model-agnostic Explanations. 115

LLaMA Large Language Model Meta AI. 17, 39, 40, 114

LLM Large Language Model. 9, 17, 37, 39, 40, 84, 107, 109, 114, 115, 167
LM Language Model. vii, 3, 5-7, 9, 10, 13, 16, 3640, 167
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Glossary

LRM Large Reasoning Model. 17

MiniLM Mini Language Model. 105, 106, 168

ML Machine Learning. 23, 59, 84, 86

MLM Masked Language Modeling. 38, 39

MNLI Multi-Genre Natural Language Inference. 114
MT Microtext. 30, 34

NB Naive Bayes. 40

NLM Neural Language Model. 38-40

NLP Natural Language Processing. 1, 3, 9, 10, 16, 17, 36, 38, 40, 59, 60, 86, 109, 114
NN Neural Network. 38

NSP Next Sentence Prediction. 38, 39

NTP Next Token Prediction. 39

OC Online Comments. 28
0.0.d out-of-distribution. 6, 84-88, 112, 113, 168

PALM Pathways Language Model. 39
PE Persuasive Essays. 29, 31, 33, 34, 37, 40, 114, 167

PLM Pre-trained Language Model. 38-40, 46-48, 50, 60, 63, 64, 67, 70, 71, 88, 105-107,
110-115, 167, 168

QMC Querying of Main Concepts. 30, 35, 37, 40, 114, 167

RCT Randomized Clinical Trials. 29, 31, 33

RF Random Forest. 70

RL Representation Learning. 38, 59-61, 64, 67-69

RoBERTa Robustly Optimized BERT Pre-training Approach. 39, 40, 46, 87, 112
RTE Recognizing Textual Entailment. 114

SCIARG Scientific Arguments. 29

SCIARK Scientific Argumentation Knowledge. 29, 32, 33, 105
SciBERT Scientific BERT. 40

SCL Shortcut Learning. 84-88, 107, 168
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Glossary

SDAT Sustainable Diet Arguments on Twitter. 29, 32, 35

SFT Supervised Fine-Tuning. 23, 39, 50, 60, 66, 67, 70, 105, 106, 111, 112, 168
SHAP SHapley Additive exPlanations. 115

SL Supervised Learning. 23

SLM Statistical Language Model. 36, 38—40, 70

SoLAr Social Linked Arguments. 15

SOTA state-of-the-art. vii, 3-5, 7, 11, 36, 40, 46, 50, 70, 71, 83, 86-88, 105-107, 109, 111-113,
116, 117

SST Stanford Sentiment Treebank. 114
SVM Support Vector Machine. 40

TACO Twitter Arguments from COnversations. 5, 6, 8, 9, 11, 29, 33, 36, 41, 46, 49, 59, 63-71,
83, 87, 88, 110-112, 168

TF-IDF Term Frequency-Inverse Document Frequency. 70
TSC Tweet Stance Classification. 29

UKP Ubiquitous Knowledge Processing. 30, 32, 35, 105
UMAP Uniform Manifold Approximation and Projection. 105, 106, 168
USELEC U.S. Election Debate. 30, 31, 35

VACC Vaccination Corpus. 28
VG Various Genres. 30, 34

WD Web Discourse. 28, 33

WEBIS Web Information Systems. 28, 32

Word2Vec Word to Vector. 38, 40, 63

WRAP WRAPresentations. 6-9, 11, 46, 59, 70, 71, 83, 87, 88, 111-113
WTP Wikipedia Talk Pages. 28

XGBoost eXtreme Gradient Boosting. 40
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