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Abstract

Argument Mining (AM) is a subfield of Natural Language Processing (NLP) that
focuses on the automatic extraction of argumentative structures from unstructured text.
These structures are composed of Argumentative Components (ACs), such as claims
and premises. They are connected through Argumentative Relations (ARs), including
support and attack relations. By producing structured representations of discourse,
AM enables discourse-level reasoning and systematic argumentative analysis. Owing
to these capabilities, AM has become increasingly important in applications such as
public policy analysis, online deliberation, and the synthesis of scientific and biomed-
ical literature. AM is generally formulated through four core tasks: (i) Argument
Component Identification (ACI), which detects argumentative text spans; (ii) Argument
Component Classification (ACC), which assigns roles such as claim or premise to
these spans; (iii) Argumentative Relation Identification (ARI), which identifies the
existence of relations between components; and (iv) Argumentative Relation Classifi-
cation (ARC), which determines the type of these relations, for example support or

attack.

Most existing models treat these tasks independently or in a pipeline manner. This
fragmented design suffers from error propagation. Recent efforts have explored end-
to-end paradigms, utilising dependency parsing or graph-based inference, to jointly
predict components and relations. While promising, these approaches involve complex
post-processing to construct final argumentative structures. Moreover, relation mod-
elling frequently involves Cartesian product assumptions, evaluating all possible AC
pairs. This leads to high class imbalance and inefficiency, as the majority of AC pairs
are unrelated. Another gap lies in the treatment of semantic signals that guide human
understanding of argumentation. For example, prior work often overlooks important
linguistic indicators, such as discourse and argumentative markers, or conceptual key
phrases that serve as semantic bridges between components. These cues carry signifi-
cant utility in improving span detection and relation modelling. Their absence from
most AM formulations results in shallow text representations that fail to capture deeper
discourse-level structure. To address these limitations, this thesis explores several
generative modelling approaches to AM that provide an efficient and unified solution.

Four distinct frameworks are introduced to advance AM across multiple dimensions
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and domains: (i) end-to-end generation with marker integration, (ii) semantic key
phrase enrichment joint modeling, (iii) entity-enhanced end-to-end biomedical AM

and (iv) autoregressive argument structure prediction.

The first chapter introduces a generative framework, argTANL. It reformulates AM
as a text-to-text generation task using Augmented Natural Language (ANL). This
formulation enables joint modelling of ACs and ARs by generating label-augmented
sequences from raw text. To improve performance, discourse and argumentative
markers are incorporated. These markers often precede or co-occur with argumentative
spans. Two variants are proposed. Marker-Based Fine-Tuning exposes the model
to marker distributions through auxiliary pretraining. Marker-Enhanced argTANL
(ME-argTANL) embeds marker information directly in the target sequence. These
variants improve AC-type classification. However, it performs poorly on AR-type
classification. This indicates that marker-based cues are insufficient to capture deeper
semantic dependencies between related ACs.

Motivated by this limitation, the second chapter focuses on enhancing relation mod-
elling by introducing explicit semantic linkages between connected ACs. An ANL-
based generative framework is developed that integrates Related Key Phrases, concise
spans that capture conceptual connections between ACs. By utilising these semantic
cues, the framework jointly performs ACC and ARI tasks, achieving SoTA results

across multiple AM benchmarks.

The third chapter builds on the second contribution, which improved relational mod-
elling by introducing related key phrases as semantic bridges in ANL-based generation.
Since these cues are largely domain-agnostic, this chapter shifts to domain-specific
semantic grounding for biomedical texts. Accordingly, the third chapter introduces
Ent-BAM, an entity-aware generative framework for Biomedical Argument Mining
(BAM). Ent-BAM incorporates biomedical entity (co-)occurrence information, particu-
larly PICO-aligned entities inside the target ANL. This formulation enables end-to-end
joint modelling of all four BAM tasks: ACI, ACC, ARI, and ARC. Experimental
results demonstrate that Ent-BAM achieves SoTA performance across all benchmark
BAM datasets.

The final chapter addresses the structural limitations of ANL-based generation in
AM. Although such approaches simplify the modelling space, the repetition of text
spans introduces redundancies that make the target output lengthy and less efficient.
To overcome this, we introduce Autoregressive Argumentative Structure Prediction
(AASP), which reconceptualises AM as a sequence of constrained decoding actions
using a conditional language model. AASP constructs argument structures through
three atomic actions: span identification, boundary pairing, and type labelling. This

stepwise formulation mirrors human argumentative reasoning and enables the model to

TH-4046_216101004



xi

more effectively capture long-range dependencies and reasoning chains. Experimental
evaluations show that AASP achieves SoTA performance on two AM benchmarks and

remains competitive on a third.

This thesis presents generative frameworks that enhance AM tasks’ performance by
addressing existing challenges in the literature. The proposed approaches improve
performance over existing methods and extend the applicability of AM in the era of

generative Al.
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Chapter 1

Introduction

1.1 Overview

Computational Argument Mining (AM) [7] is an interdisciplinary research area within
Natural Language Processing (NLP) that seeks to automatically identify and extract
arguments from unstructured text. AM aims to uncover the reasoning that under-
pins human communication. At its core, AM operates with ACs, such as claims and
premises, and ARs, such as support or attack. Together, these form the building
blocks of reasoning-oriented discourse. Figure 1.1 illustrates the ACs and ARs through
examples. Traditionally, AM is decomposed into four subtasks: Argument Component

Argumentative Structure

Studying abroad has many advantages

SUPPORT SUPPORT

Students who study outside their
countries can get,a lot of
experience living in a foreign

Students gain a lot out of the
experience personally, academically,
and culturally

country
TSUPPORT
. . Living in a new country requires a
Major(_:lalm great amount of flexibility and
CIa|!n adaptability in one’s character
premise

SUPPORT

Students might face many
challenges in the host country

Fig. 1.1 Argumentative structure showing the relation hierarchy of Claims and
Premises for the MajorClaim “Studying abroad has many advantages.”

TH-4046_216101004



Non-Arg Argument Non-Arg
r A N ,—M

Therefore, society should be educated and became aware of health issues so that the potential precautions on
ACI Task > : ’ h : p .

the way of ilinesses can be taken instead of trying to provide treatment for the increasing number of patients.

Claim Premise
ACC Task society should be educated and the potential precautions on the way of illnesses can be taken instead
became aware of health issues of trying to provide treatment for the increasing number of patients
Link
or
ARI Task society should be educatf_ed and No-Link the pot_ential prec_autions on the way of iIInes;es can be taken instead
became aware of health issues of trying to provide treatment for the increasing number of patients
Claim Support Premise
ARC Task society should be educated and the potential precautions on the way of illnesses can be taken instead
became aware of health issues of trying to provide treatment for the increasing number of patients

Fig. 1.2 Illustration of different Argument Mining tasks: Argument Component Identi-
fication (ACI), Argument Component Classification (ACC), Argument Rela-
tion Identification (ARI), and Argument Relation Classification (ARC).

Identification (ACI), which detects argumentative spans within text; Argument Compo-
nent Classification (ACC), which distinguishes claims from premises; Argumentative
Relation Identification (ARI), which determines whether a link exists between two
components; and Argumentative Relation Classification (ARC), which assigns a rela-
tion type, such as supportive or opposing. The same is illustrated in Figure 1.2. These
subtasks are conceptually interdependent. However, much of the early research treated
them independently or in sequential pipelines [8]. This results in fragmented systems
with limited coherence. The rise of large-scale textual data in domains such as public
debates, parliamentary proceedings, online discussions, academic essays, and news
media has made AM an increasingly important tool for both academic inquiry and
practical applications. By rendering implicit reasoning structures explicit, AM allows
the analysis of discourse at a semantic and pragmatic level. Thus, it offers insights into
how people argue, persuade, and justify decisions. This not only enables advanced
computational reasoning but also creates opportunities for applications in automated
essay scoring [9], legal decision support systems [10], healthcare argument analysis
[8] etc.

1.2 Significance

The significance of AM lies in its transformative potential to bridge human reasoning
and computational processing. Firstly, in public policy and governance, AM enables
large-scale analysis of deliberative texts such as parliamentary debates or opinion edi-
torials, assisting policymakers in synthesizing diverse viewpoints [11]. In education,
AM-driven tools can analyze student essays [12] or debate transcripts, providing struc-
tured feedback on argument quality, coherence, and logical soundness. Similarly, in

online platforms and media [13], AM can help detect persuasive techniques, misinfor-
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mation, or patterns of reasoning in large-scale discussions, offering valuable insights
for both researchers and practitioners. Secondly, from a research perspective, AM rep-
resents one of the most challenging problems in NLP. Unlike lexical-level tasks such
as sentiment classification or named entity recognition, AM requires the integration of
syntax, semantics, pragmatics, and discourse-level understanding. Argumentation is
inherently complex: it relies on contextual interpretation, background knowledge, and

29 ¢

subtle linguistic cues such as discourse markers (“however,” “therefore”) or rhetorical
strategies [14]. As such, AM provides a rich testing ground for developing advanced
machine learning models capable of reasoning beyond shallow text features. Third,
AM plays a critical role in fostering transparency and explainability in Al systems
[15]. While neural models have achieved remarkable progress in text classification
and generation, their reasoning processes often remain opaque. By explicitly modeling
argumentative structures, AM can serve as a foundation for interpretable Al, offering
users insights into why a system reaches a particular conclusion. This is particularly
significant in high-stakes domains such as law, journalism, and public deliberation,

where accountability and justification are as important as predictive accuracy.

1.3 Motivation and Research Gaps

Despite substantial progress, AM research continues to face significant challenges that
limit its practical deployment. One of the primary issues is the fragmented treatment of
subtasks in the earlier studies [16]. Pipeline-based models often propagate errors from
one stage to the next: a misclassified component at the ACC stage, for example, directly
impacts relation identification and classification downstream. Independent modeling
of tasks also prevents information sharing between components and relations, leading
to shallow representations that fail to capture the holistic nature of argumentative
discourse. A second limitation lies in the inefficiency of relation modeling. Many
existing approaches rely on Cartesian product assumptions [17], evaluating every
possible pair of components in a document. Since the majority of component pairs
are unrelated, this approach not only creates extreme class imbalance but also leads
to unnecessary computational overhead. A third challenge is the underutilization of
semantic and linguistic cues. Humans often rely on subtle indicators such as discourse
markers (“because,” “although”), argumentative markers (“the point is,” “in fact”),
and conceptual key phrases that signal relationships between claims and premises
[14]. However, many computational models ignore these weak yet informative signals,
resulting in representations that miss deeper discourse-level structures. Finally, most
existing generative approaches represent arguments as flattened sequences output [18],
which can capture local relationships but struggle with long-range dependencies and

the stepwise nature of the reasoning. Human argumentation is inherently procedural:
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it unfolds through a sequence of steps where components are introduced, connected,
and expanded upon. Capturing this process computationally requires models that can

mirror the autoregressive and constrained nature of human reasoning.

These gaps highlight the need for efficient modeling approaches that unify subtasks,
reduce inefficiencies, leverage semantic signals, and introduce richer structural repre-
sentations. Generative formulations, particularly when combined with customizations,
offer a powerful paradigm for overcoming the limitations of fragmented and shallow
approaches. This motivation underpins the present research, which seeks to design a
new class of AM frameworks that are robust, efficient, and capable of capturing the
depth of human argumentative structure.

1.4 Problem Statement

We represent an argumentative paragraph as W = wy, wy, w3, ..., wy, where n denotes
the total number of tokens in the sequence. A contiguous segment spanning from token
w; to token w; is denoted as w;.;. Among the four core tasks in Argument Mining
(AM), the first task, Argument Component Identification (ACI), is concerned with
locating all argumentative spans in the text. Given W as input, ACI predicts a set of
span boundaries Cacy = {(s;, ;) }'_;, where each pair (s;, e;) specifies the start and end
indices of a candidate Argument Component (AC) corresponding to the span wy,..,. The
second task, Argument Component Classification (ACC), assigns a semantic label #;,
such as Premise or Claim, to each span in Cacy, yielding the set Cacc = {(#;,si,e:)}7 ;.
The third task, Argument Relation Identification (ARI), aims to identify directed links
between components and produces a relation set Ragy = {(h;,t j)}’]’.’zl, where each
pair denotes a connection from a head component 4; to a tail component ¢;, with
hj,tj € Cacc. The final task, Argument Relation Classification (ARC), assigns a

relation label 7, such as Support or Attack, to each identified pair (%;,¢;), resulting in
the set Rarc = {(l’lj,lj,l’j)}lm:l.

Broadly, the literature can be categorised into three paradigms: Standalone, Joint,
and End-to-End formulations. In Standalone formulations, each task is solved
independently, often using outputs from preceding ones (e.g., solving ACC or ARI
after ACI). Joint formulations address a subset of tasks together, such as ACC+ARI
or ACC+ARI+ARGC, to reduce error propagation and enhance inter-task learning. End-
to-end formulations aim to predict all four tasks jointly from plain text, offering full

structural modelling but with higher complexity.

In this thesis, we consider two distinct problem settings. The first setting assumes
that the argumentative spans (i.e., the output of ACI) are provided as input. Under this
setting, the objective is to solve the ACC, ARI, and ARC tasks jointly. The second
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setting, termed the End-to-End framework, considers the plain text paragraph W as the
only input. The goal is to jointly infer all four AM tasks. This unified formulation aims
to simulate a realistic AM scenario where no prior structural information is available.
Thereby, enabling the model to learn the entire argumentative structure directly from
unannotated text.

1.5 Contributions

This thesis proposes four generative approaches to enhance AM systems. The first
contribution presents a simple text-to-text generation framework. Given plain text as
input, the model generates an ANL output containing ACs and ARs. Argumentative
structures are then reconstructed through postprocessing. The second contribution
extends this idea by adding key phrases that link related ACs. Given AC spans as
input, the model jointly solves ACC, ARI, and ARC by appending these key phrases
to the ANL output. The third contribution adapts this framework to the biomedical
domain. Here, key phrases are replaced with biomedical entities extracted from ACs.
To form an entity-enhanced representation, we place these entities at the beginning
of the ANL output, enabling end-to-end modeling of all four AM tasks from plain
text. The final contribution models AM as a sequence of constrained decoding actions.
Using three structured actions, the model builds argumentative structures step by
step, resembling human reasoning. Together, these contributions move from simple
generation to structured and semantically rich modelling, resulting in a family of AM
frameworks.

The key contributions of this thesis are summarised as follows:

1. Exploration of Marker-Based Approaches in Argument Mining through
Augmented Natural Language: Reformulates AM as a generative task us-
ing ANL, integrating discourse markers as weak semantic cues to enhance
component and relation modeling.

2. On the Role of Key Phrases in Argument Mining: Introduces a key phrase-
aware generative framework that embeds related key phrases to the ANL output,
enriching relational understanding between ACs.

3. Ent-BAM: A Generative Framework for Biomedical Argument Mining En-
riched with Entity Information: Extends generative AM to the biomedical do-
main by embedding biomedical entities into the ANL output for entity-enhanced
modeling of all four tasks.

4. End-to-End Argument Mining through Autoregressive Argumentative Struc-
ture Prediction: Proposes AASP, a constrained decoding framework that mod-
els AM as sequential actions, enabling structured and procedural generation of
argumentative structures.
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Together, these contributions establish a comprehensive foundation for next-
generation AM systems adaptable across both general and specialised argumenta-
tive domains. Extensive experiments are conducted on four standard AM bench-
marks: Argument Annotated Essay (AAE) [12], Consumer Debt Collection Practices
(CDCP) [11], and Fine-Grained Argument Annotated Essay (AAE-FG) [19], along
with the biomedical benchmark Abstracts of Randomised Clinical Trials (AbstRCT)
[20]. Across all datasets, the proposed frameworks achieve consistent improvements

over competitive baselines, yielding SoTA or near SoTA results.

Thesis Outline

This thesis is organised as follows (See Fig. 1.3):

Chapter 1: Introduction introduces the field of AM, outlines its key tasks, highlights
existing limitations, and presents the research motivation, objectives, and overall

contributions.

Chapter 2: Literature Review surveys prior works on AM, including pipeline, joint,
and end-to-end formulations, with emphasis on semantic cues, discourse signals, and

structural modelling.

Chapter 3: Exploration of Marker-Based Approaches in Argument Mining
through Augmented Natural Language presents a generative ANL-based formula-

tion that integrates different markers as weak semantic cues to improve AM modeling.

Chapter 4: On the Role of Key Phrases in Argument Mining introduces a key
phrase-aware generative framework that incorporates related key phrases into the ANL

output to enrich relational reasoning between ACs.

Chapter 5: Ent-BAM: A Generative Framework for Biomedical Argument Min-
ing Enriched with Entity Information extends the generative approach to the biomed-

Generative Frameworks
for Argument Mining

Chapter 3 Chapter 4 Chapter 5 Chapter 6
Marker_—Based Enhancing Argument Adaptation of Re!ated End-to-En(_i
Modeling for Relations using Key Phrases in Autoregressive
End-to-End Related Key Phrases Biomedical Domain Argumentative
Argument Mining through PICO elements Structure Prediction

Fig. 1.3 Overview of the Thesis Contributions
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ical domain by embedding biomedical entities into the ANL output, enabling entity-
aware modeling of all four AM tasks.

Chapter 6: End-to-End Argument Mining through Autoregressive Argumentative
Structure Prediction proposes an autoregressive framework that models AM as
a sequence of constrained decoding actions, incrementally constructing argument

structures in a human-like manner.

Chapter 7: Conclusions and Future Work summarises the findings, emphasising
advances in unified modelling, semantic enrichment, and structural representation, and

outlines directions for future research in AM.
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Chapter 2

Literature Survey

2.1 Early Stages of Argument Mining

Before moving towards the recent advancements of argument mining, we will briefly
touch upon the origins of it. In the domain of logic and critical thinking, there is a pro-
cess called “Argumentation” [21]. In this process, deeper analysis and understanding
of arguments are being studied with a framework called “Argumentation Framework
(AF)” [21]. Substantial efforts have been made to construct the best possible AF
over the years [22]. In general, the commonality shared by all AFs comprises a finite
set of arguments (X) and a set of relations D € X x X. Rather than presenting the
mathematical formulation of AF, we provide a conceptual overview of the underlying
notion of argumentation. In simple terms, "Argumentation" refers to the “process of
constructing, presenting, and evaluating arguments with a compatible argumentation
framework (AF)" [22]. 1t encompasses the study of how arguments are formulated,
supported, and presented in various contexts, as well as the analysis of their logical,
rhetorical, and persuasive aspects. It also focuses on understanding the principles,
norms, and processes involved in constructing and evaluating arguments. This includes
examining the structure of arguments, the patterns or schemes used to formulate them,
the fallacies or errors in reasoning that can undermine their strength, and the contextual
factors that influence their effectiveness. The emergence of computational argument
mining can be attributed to several factors, despite the existence of argumentation
theory and frameworks. While argumentation theory has long provided a conceptual
framework for analyzing arguments, argument mining utilizes computational methods
along with machine learning techniques to automatically extract and analyze argu-
ments from large volumes of textual data. This enables the analysis of large datasets
and facilitates the identification of arguments on a scale that would be challenging or

time-consuming for humans to accomplish manually.
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2.2 Overview of the Existing Literature

In the previous studies of argument mining, the distinction between various sub-tasks
was not clearly defined. However, several attempts are made to categorize them into
four distinct sub-tasks. Over time, the methodologies for all four sub-tasks in argument
mining have evolved from using statistical classifier-based models [23] to the current
era of large language models [18]. Handcrafted features [24] have been replaced by
representation learning [25], marking a significant advancement. Additionally, the
granularity of these sub-tasks also has evolved from a sentence level [26] to a more
detailed segment level [27]. Several survey works have contributed significantly to the
development of argument mining research. Lippi and Torroni [28] presented a compre-
hensive survey covering the foundational concepts, major computational approaches,
and challenges in argumentation mining. Stede and Schneider [29] provided a detailed
overview of the linguistic, theoretical, and computational aspects of argumentation
mining in their book. Furthermore, Lawrence and Reed [7] summarized the progress of
the field by discussing key datasets, methodologies, evaluation strategies, and emerg-
ing research directions in computational argumentation. One notable challenge in
sentence-level argument mining was accurately determining the relations (e.g., support
or attack) for sentences that contained conflicting multiple premises. Furthermore,
a single sentence could encompass multiple claims and premises, complicating the
differentiation of various argument components when considering the sentence as a
whole. To address these difficulties, researchers gradually shifted their focus from
sentence-level sub-tasks to segment level sub-tasks. Further discussions on all four
sub-tasks will be provided in the subsequent sections. This section will be divided into
six subsections: (2.2.1) Review of identifying argumentative or non-argumentative
text (ACI Task), (2.2.2) Review of clausal properties classification (ACC Task), i.e.,
determining if a given argumentative text is a premise or a claim, (2.2.3) Review of
identifying and classifying relational properties between ACs (ARI & ARC Tasks),
(2.2.4) Joint formulations of different AM tasks, (2.2.5) End-to-End approaches, which
solves all four tasks of AM, and (2.2.6) Biomedical Argument Mining, which is a
biomedical domain adaptation of AM.

2.2.1 Argumentative or Non-argumentative Text Identification
(ACI Task)

In computational argument mining, this sub-task deals with the identification of a
piece of text, whether it is argumentative or not. The very first approach to tackle this
task was developed in [24], where authors considered argument as a sentence-level

component. The experiment was performed in legal texts by constructing manually-
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Features

1. Syntactic / Positional Information

2. Lexicons

3. Semantic Similarity

4. Sentiment
5. Embeddings
6. Patterns (REGEX)
7. Discourse Markers

8. Bag-of-words
9. Wikipedia-based
10. PMI
11. Emoticons

Table 2.1 Most used features for several argument mining tasks [5]

engineered features (See Table 2.1) such as Adverbs, Verbs, Modal auxiliary, Word
couples, N-grams, Text statistics, Punctuation, Keywords, and Parse-tree features.
They used Araucaria corpus [30], which consists of data from various domains (news-
paper editorials, advertising, judicial judgments, parliamentary debates, etc.). They
performed the classification with a multinomial Naive-Bayes classifier and a maxi-
mum entropy model. The highest accuracy 0.74 was obtained with the multinomial

Naive-Bayes classifier.

Similarly, in another experiment [26], the authors proposed a two-step approach
for argument detection from social media, which resembles the method employed in a
previous work[24]. Along with the handcrafted features, they used a logistic regression
classifier for the classification of a sentence if it is argumentative or not. They used a
corpus from social media that was on renewable energy sources in Greek language.
By employing this method, they achieved a significant performance improvement,
increasing the F-score from base-case 0.21 to 0.77, enabling the identification of
argument-containing sentences. This approach was further enhanced in [31], where
authors used the Continuous Random Field (CRF) classifier for detecting arguments at
the sentence level. They used the “word2vec" [38] representation with features such as
POS tags and a small lexicon of cue words of the Greek language articles and trained

a CRF-based classifier to detect argumentative texts.

In a study by Madnani et al. [32], the authors aimed to categorize argumentative
discussion text into two components: argumentative content and the linguistic material
used to organize or present such content, referred to as the shell. For example, in
the sentence: “So I strongly agree on a point that, we should never think twice
to use our military force...to keep the safety of European people.", the italicized

segment constitutes a shell. To identify such shell segments, the authors proposed
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Paper | Features Model Granularity | Type Dataset Result
[24] General NB, ME Sentence Classification | Araucaria F1  upto
Features 0.73
[26] General LR Sentence Classification | Greek Social | F1  upto
Features Media 0.77
[31] Word2Vec | CRF Sentence Classification | Greek Social | F1 ~ upto
Media 0.75
[32] Lexical Rule- Segment Sequence La- | Own Corpus | F1  upto
Based + beling 0.61
CRF
[1] Semantic, | Bi-LSTM | Segment Sequence La- | AAE[12], In-domain:
Syntactic, beling Editorials[33],, F1  upto
Structural, Web 0.88,
Pragamtic Discourse[34]| Cross-
domain:
F1  upto
0.69
[35] GloVe, Bi-LSTM | Segment Sequence La- | AAE F1  upto
BERT, beling 0.87
Flair em-
beddings
[36] ELMo, Bi-LSTM- | Segment Sequence La- | AAE F1  upto
BERT em- | CRF beling 0.90
beddings
[37] BERT em- | BERT + | Segment Sequence La- | Own Corpus | In-domain:
bedding CRF beling F1  upto
0.75,
Croess-
domain:
F1  upto
0.68

Table 2.2 A summary of different approaches used for Argument Component Identifi-

cation.
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three methods: (i) a rule-based system, (i1) a supervised probabilistic sequence model
based on conditional random fields (CRF), and (iii) a hybrid approach that combined
the rule-based and CRF-based predictions using a voting-based mechanism introduced
in the paper. The rule-based system consisted of 25 manually crafted regular expression
(REGEX) patterns designed to capture common discourse markers, sentential openers,
hedges, stance indicators, and other organizational cues that typically signify shell
language. This system achieved an F-score of 0.44. The supervised sequence model
is a conditional random field (CRF), trained using lexical and contextual features.
These include token frequency statistics such as thresholded frequency indicators,
prompt-level occurrence proportions, orthographic cues, positional features, transitions
between labels, and two features incorporating predictions from the rule-based system.
The hybrid system, which integrated the outputs of both the rule-based patterns and the
CRF model through a weighted combination strategy, achieved an improved F-score of
0.61. When compared to a baseline system and human annotators, the hybrid method
outperformed both the rule-based system and the baseline. However, it still remained
below the human annotator performance, which achieved an F-score of 0.74. It is
important to highlight that although the detected shell material does not itself identify
argumentative content, its presence signals an increased likelihood that an argument

component will follow.

One of the very first approaches to segment-level ADU identification was done
in [39]. In this work, the authors proposed a supervised learning approach with a
specific focus on identifying the boundaries of ADUs. They used two Naive-Bayes
classifiers for “Proposition Boundary Learning"; the first one is to find the first word
of a proposition and another to get the last word. Training data consists of manually
extracted propositions. The segmentation process starts by splitting the text into words.
Subsequently, a comprehensive set of features is generated for each word such as its
length, Part-of-Speech tags, the preceding and following words, punctuation marks,
etc. The trained classifiers labeled each word as either a “start" or an “end." In cases
where start-end ordering is not maintained, indicating ambiguity in the length of the
proposition, the probabilities calculated by the classifiers are utilized to resolve such

situations.

While these results are promising, it is important to note that most argumenta-
tive text identification methods relied solely on sentence-intrinsic features. As a
consequence, these approaches lacked robustness when handling texts that may be
argumentative in one context but not in another. This indicates that contextual infor-
mation was not adequately captured, as these methods largely treated context only
at the sentence level. The significance of contextual domain knowledge was initially
investigated in [40]. Through the analysis of diverse corpora, the study delved into the
essential types of knowledge necessary for the development of an effective argument
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mining system. This exploration revealed that approximately 75% of cases demand

contextual knowledge to precisely identify arguments concerning a contentious matter.

Now, one of the earliest neural network implementations [1] for argument mining
was formulated as a task of argument unit segmentation using sequence labeling,
which simply means, the detection of ADUs at the token level. They performed a
cross-domain experiment with three datasets from different domains such as student
essay [12], news editorials [33] and web-discourse [34]. All three corpora were
annotated at the segment level. For feature selection, they chose a combination of
semantic, syntactic, structural, and pragmatic features. The semantic feature was
represented using a Bag-of-Words approach, while syntactic features were captured
through Parts-of-Speech analysis. Structural features encompassed sentence, clause,
and phrase-level attributes, and pragmatics features included token-before-marker,
beginning-of-marker, etc. The implementation employed two Bidirectional Long
Short-Term Memory (Bi-LSTM) units. One unit processed the semantic feature input,
while the other handled the concatenated input of syntactic, structural, and pragmatic
features. The task formulation aimed at sequence labeling at the token level, utilizing
the standard BIO-tagging scheme. The experimental results demonstrated that the
model performed well when applied to in-domain data. However, its performance on

cross-domain data was not as promising.

Another experiment was performed in [35], who made three different variants
of the Bi-LSTM-based neural model (see Figure 2.1) of [1] by inserting attention-
heads [41] at different positions to check the efficiency of attention-heads in the
argument unit segmentation task. Experiments on the AAE dataset [12] showed
that although the modified models did not exhibit any performance degradation, the
added attention heads did not yield any substantial improvement either. In a separate
experiment conducted in [36], a novel approach was adopted by leveraging BERT,
ELMo, Flair, and GloVe embedding as inputs to a BILSTM-CRF model for token-level
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sequence labeling in argument unit segmentation. Notably, no manually-engineered
features were utilized in this approach. The experiment yielded a macro F1 score
of up to 0.90 on the AAE dataset. This performance surpassed the achievements
of all previous tasks on argument unit segmentation conducted on the same dataset.
Another similar experiment was performed in [37] for the same task. They proposed
a crowd-annotated dataset from the web-discourse domain and performed several
experiments with BERTgasg, BERTiagrge and BERTpasg + CRF for in-domain and
cross-domain experiments. In all the variants, the input was fed as the concatenated
topic sentence and input sentence and expected output of unit segmented ADU at
the token level. Results again indicate that in-domain performance was better than

cross-domain performance.

2.2.2 Clausal Properties Classification (ACC Task)

This sub-task determines if the previously identified argumentative text is a premise or
a claim i.e., knowing their clausal properties. In the early days of argument mining,
researchers used different terminologies to differentiate the clausal property types
like the conclusion, value, policy, testimony, fact, reference, etc. The standardized
differentiation comes after the introduction of several standard corpora like [42], [43],
where authors clearly mentioned two types of major clausal properties “claim" and
“premise"”, where a premise will give the justifications of the claim. One of the early
tasks of clausal property identification was done in [44], where the authors performed
sentence-level premise and conclusion classification of ECHR (own) corpus with
the help of rich features handcrafted for this task only. They used Support Vector
Machine (SVM) and Context Free Grammar (CFG) for the classification. Another
experiment on the same dataset was done in [45], where the authors experimented
with the “Scheme-Wise" classification instead of the clausal properties identification.
They defined five types of schemes namely “example", “cause to effect", “practical
reasoning", “consequences" and “verbal classification". They used statistical classifiers

to identify these schemes.

In a study [46] of online user comments, the authors analyzed the clauses at
the segment level to classify them into three types: “unverifiable", “verifiable non-
experiential", and “verifiable experiential". Different types of supports, such as “rea-
sons", “evidence", and “optional evidence", were associated with these clauses. SVM
classifiers trained on various features showed significant improvements. However,
further research is needed to establish relations between clause types and determine
the argument structure. In a subsequent work [49], the authors revised the clause

categories as “fact", “testimony", “value"”, “policy", and “reference" and created the

Consumer Debt Collection Practices (CDCP) corpus, comprising 731 user comments.
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Paper | Features | Model Granularity | Type Dataset | Result
[44] General SVM, Sentence Classification | ECHR F1 upto
Features CFG (Own) 0.74
[46] General SVM Segment Classification | CDCP F1 upto
Features 0.69
[23] Structural, | SVM, NB, | Segment Classification | AAE F1 upto
Lexical, DT, RF 0.726

Syntactic,
Indicators,
Contex-
tual
[47] General NB, Segment Boundary AlIFdb F1 upto
Features, | REGEX- Identifica- 0.83
Discourse | rule based tion
Markers,
Topical
Similarity
[48] GloVe Bi-LSTM- | Segment Sequence La- | Six dif- | F1  upto
Embed- CRF beling ferent 0.58
ding based Datasets
Multi-
Task
Learning
(Low
Resource)
2] BERT em- | BERT, Segment Span Identi- | AAE F1 upto
beddings | Pointer fication and 0.64
Network, Sequence La-
CRF beling

Table 2.3 A summary of different early approaches used for Clausal Properties Clas-

sification.
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<claim> because <premise>.

Since <premise> 1 strongly believe that <claim>.

As the fact is saying <premise> hence <claim>.

<premise>. Therefore, <claim>.

Fig. 2.2 Examples of discourse patterns connecting premises and claims.

Apart from this, another dataset was proposed in [50], it was clearly differentiating
between “claim", “premise" and “Major Claim", which was based upon the persuasive
essay, known as AAE corpus. In a later work [23], the authors used two classifiers
to identify those clausal properties. The first one focuses on identifying argument
components, and the second one performs a multi-class classification, categorizing
each clause using various feature types such as structural features (such as the position
and punctuation of the argument component), lexical features (n-grams, verbs, adverbs,

and modals), syntactic features, discourse indicators features, and contextual features.

Whereas, the previous work used discourse markers as features, another work by
[47] used them as a method for identifying arguments. “Reasoning/discourse markers"

are words or phrases that indicate the type of reasoning used in an argument.

In Figure 2.2, each underlined text segments are some instances of reasoning/discourse
markers because they are connecting the different argument components (<claims>
and <premises>). So, by detecting reasoning/discourse markers, it is possible to
detect the different premises, claims and their corresponding relations. Because,

some markers are supportive in nature, for example, “because”, “it follows that”,

“therefore”, “I strongly believe that” etc., by which we can directly say that, the claim

is “supported” by the given premise; whereas some are attacking in nature, for

2% ¢ 99 ¢

example, “but”, “however”, “nevertheless”, “on the other hand” etc., which “attacks”

the claim with the given premise. In addition to this approach, the authors conducted
experiments with two alternative methods: one focused on topical similarity, while
the other involved a feature-based supervised machine learning classification task
based on argumentation schemes, as mentioned earlier. The detection of segment-level
clausal properties along with their boundary identification was performed using all
three methods. The outcomes obtained were comparable to those achieved by existing
methods in the field. Several other studies [12, 14, 51] have also shown that markers
are crucial signals for ADUs. Markers as a lexical feature for classifying argument
components with a feature-based multiclass classification were used by [12]. Later,
1131 argumentative markers were extracted from different datasets by [14] to check
the efficacy of AM tasks. An improved span representation utilizing the information
of extracted markers was proposed by them. The contribution of markers for AM
tasks in the Reddit social discussion thread was also explored by [51]. 69 Reddit-

specific markers were extracted, and selective masked language modeling (sSMLM)
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Fig. 2.3 Clausal Properties Identification at Multi-Scales [2]

was performed by them by masking those markers for domain adaptation. Later, the
resultant model was used for Argument Component Identification. A template-based
approach was designed by them to predict the marker-like tokens in masked positions

to predict the Relation Type between given components.

In the era of traditional neural models, the classification of clauses has evolved into
a token-level sequence tagging task. This is because proper boundary detection of the
clauses becomes necessary when transitioning from the sentence level to the segment
level. In an experiment [48], the authors implemented a multi-task learning setup where
argument unit segmentation and premise-claim classification were jointly performed
using a sequence tagging approach. The model employed Bi-LSTM-CREF for sequence
modeling and utilized GloVe [52] embeddings. The experiment aimed to assess the
effectiveness of multi-task learning compared to single-task learning in a low-resource
setting and to enhance generalizability across domains. The results, obtained from
six different domain datasets, demonstrated that multi-task learning outperformed
single-task learning in the classification of argument components. Additionally, it
successfully reduced the occurrence of invalid clause sequencing observed in previous
methods.
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Another method proposed in [2] with the AAE corpus [50] highlighted the varying
scales (see Figure 2.3) of clauses in argumentation. They defined a Major Claim as a
clause at the essay level, a Claim as a clause at the paragraph level, and a Premise as a
clause at the token level component. To process each clause, they employed distinct
inputs and anticipated candidate spans as outputs. For instance, since the Major Claim
is an essay-level clause, the entire essay was fed into BERT. For Claims, they fed
paragraphs, and for Premises, they fed essays into BERT. They utilized a pointer
network [53] to identify the spans of Major Claim and Claim candidates, employing
a Multi-span extraction strategy and a Randomized extraction strategy, respectively.
However, for Premises, they employed a sequence-tagging approach using CRF with
the standard BIO scheme to fetch the potential premise candidates. This work provides
insights into considering the contextualization of different clausal elements in different

levels.

Till now, several methods are discussed, where relation prediction is modeled
jointly with ADU identification and ADU classification. In the next subsection, we

will focus on the methods, that are particularly used for relation prediction only.

2.2.3 Identifying and Classifying Relational Properties (ARI &
ARC Tasks)

One of the dedicated approaches for relation prediction was done in [54], where the
authors filtered the argumentative sentences with the basis of sentence pair relation
classification. More precisely, given two sentences, if the relation between them is
support or attack, then both sentences are considered to be argumentative. To iden-
tify conflict relations, Peldszus ef al. [55] examined the texts of counter-attacking
nature. These instances include phrases like "Even though..." or "It has been claimed
that...however...". The authors utilized these phrases to detect criticisms of the ar-
guments and strengthen corresponding points. They identified textual segments as
“proponent” or “opponent” using a linear log-loss model achieving an F-score of 0.64.
Also, another work by Nguyen ef al. [56] contends that simply examining the content
of paired elements to establish relationships fails to exploit the available informa-
tion to its fullest extent. The authors suggest an alternative method that incorporates
contextual features derived from the surrounding sentences of both the source and
target components, in addition to general topic information. The authors of [39] used
the WordNet information to experiment with the semantic similarity between two
clauses. They used topical similarity instead of semantic similarity to address this
task. Although the results were promising, they were missing the broader context of

knowledge.
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Coming to the neural models, an experiment in [57], the authors used two Bi-LSTM
to encode two texts separately at the sentence level. The outputs of those Bi-LSTMs
were concatenated and fed into a dense32 ReLLU and then through a softmax layer to
do the multi-class classification of support, attack, or no-relation. Another approach in
[42], the authors focused on sentence-level relation prediction by utilizing a Bi-LSTM
along with cosine similarity features and an attention mechanism. Both the topic and
candidate sentences served as input for the Bi-LSTM, while the expected outputs were
classified as support, attack, or no-relation. This experiment aimed to evaluate the
cross-topic generalization of relation prediction using heterogeneous sources. The
in-topic F1 score achieved a value of up to 0.741, while the cross-topic F1 score
reached 0.658.

Another interesting approach was done in [3], which was based on lexicons (see
Figure 2.4). Claim lexicons, sentiment lexicons, emotion lexicons, and WordNet were
used to expand the individual topic sentence. Additionally, four topic sentence variants
were created with the help of corresponding lexicons as mentioned above. Both the
extended topic sentence and the candidate sentence were fed into a Bi-LSTM and
RNN respectively. The outputs of Bi-LSTM and RNN were then concatenated and
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Example

[Camping]. [is a great way],. to [bring],, [families], [together],,

[Campers]. [have an opportunity]oc to try some [interesting]oq [food]q

When [families]. go [camping]., they put the [jobs], and [sporting events], [on hold],.

[Housing]. [did collapse],e

[These countries, especially China]., [are taking],. [Americans’ jobs],

[Wel., [are losing]oc [our]q [good]oq [jObs]. so many of them

[Our jobs]., [are fleeing]o,. [the country],

By putting aside these events, the [family]. [has an opportunity],. to [bond],, their [relationships],

\DOO\]O\UI&U)N»—‘Z

[Cooking]. over a fire makes [burgers]. and [potatoes]. [faste better],. than can be found at [fast],[food].[place].

10 | [Advertising]. [alcohol],, [cigarettes],, [goods], and [services], with [adult content], [siould be prohibited]o,.

11 [Modern society]. [needs],. [advertising],

12 [Ads]. will [keep] us [well informed],. about [new],, [products], and [services],

13 | [advertising]. [cigarettes], and [alcohol], [will definitely affect],. our children [in negative wayloc

Table 2.4 Description of four fine-grained components (C, A, OC, and OA)[6]

passed through a softmax layer to enable multi-class classification for support, attack,

and no-relation. This approach led to noticeable performance improvements.

A more fine-grained approach was taken in [6], where the authors decomposed
the token sequences of premises and claims into four components (See Table 2.4)
namely target concepts (C), aspects (A), opinion on concepts (OC), and opinion on
aspects (OA). Now, the relation between premises and claims will be determined by
the relation between all those four components. This experiment was performed with
three datasets namely AAE [50], AMT [58], and US2016GITV [59] at the segment
level. First, they identified C, A, OC, and OA with two methods: (1) relation extraction
with manual features and (2) sequence labeling with CNN. Then, they link the premise
and conclusion according to the similarity (proposition level similarity and aspect-
based similarity) between A and C present inside the premises and conclusions. Once
the linked premise-conclusion pairs are identified, then the relation between them is
identified with the agreement between the OC and OA present inside those claims and
premises via identifying constrained synonyms (CS). The results were promising with
F1 scores of 0.79, 0.74, and 0.64 for AAE, AMT, and US2016 corpora respectively.

A prompt-based approach was introduced in [4], where the authors were predicting
relations between premise and claim (see Figure 2.5) by predicting discourse markers
from a pre-defined manually constructed set. They made this list of discourse markers
with supporting or attacking differentiation. The experiment was conducted with the
Reddit discussion thread dataset [60]. They masked the discourse markers from the
list and fine-tune the transformer-based models like BERT to let the model know
about the general representation of the argumentative discussion of Reddit. Then,
they performed sequence tagging to detect the premise and claim components at the
segment level. Now, once the components are there, then they designed prompt
like this: “Thread sequence texts before components USER 1 said Component 1
[MASK], [MASK], [MASK] USER 2 said Component 2". In these masked positions,
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Paper | Features Model Granularity | Type Dataset Result
[23] Structural, | SVM, NB, | Segment Classification | AAE F1 upto
Lexical, DT, RF 0.722
Syntactic,
Indicators,
Contextual
[57] GloVe Em- | Bi-LSTM | Sentence Text-Pair Clas- | Araucaria | F1  upto
beddings sification and SNLI | 0.89
[42] Cosine Bi-LSTM | Sentence Text-Pair Clas- | Own F1: In-
Similarity | with Atten- sification Cross- Domain
tion Domain 0.74 and
Corpus Cross-
Domain
0.658
[3] Lexicons: | Bi-LSTM | Sentence Text-Pair Clas- | Same as | F1: Cross-
Claim, sification above Domain
Emotion, 0.57
Sentiment
and Word-
net
[6] Similariy Statistical | Segment Fine-grained | AAE, F1: AAE
and Word- | Classifiers components AMT, 0.79,
Net classification | US2016G1 | AMT 0.77,
US2016G1
0.64
[4] BERT Em- | Fine-tuned | Segment Prompt-based | CMV F1: Upto
beddings BERT marker predic- | Reddit 0.69

Table 2.5 A summary of different early approaches used for Relation Type Prediction.
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Masked
Markers

Fine-tuned Premise

Selected for Model Used and
Markers for ACI Claims

Finetuning
(sMLM)

<Thread Token Sequence> USER 1 said <Component 1> sSMLM Model Relation
[MASK][MASK][MASK] USER2 said <Component 2> (F10.69)

Fig. 2.5 Prompt-based approach for relation prediction [4]

(BIO-Tagging) (F10.59)

the model will predict markers and that will be mapped to the previously constructed

markers list to identify the relation.

With the advent of deep learning, transformer-based architectures such as BERT
and RoBERTa demonstrated superior performance by learning contextual represen-
tations of argument pairs [61]. Multi-task learning frameworks further enhanced the
ARC performance by jointly solving multiple argumentative tasks [62, 63]. Addition-
ally, models incorporating external commonsense knowledge, such as ARK [64] and
KE-RoBERTa [65], showed improvements by leveraging knowledge graphs like Con-
ceptNet and WordNet. However, these approaches depend on predefined knowledge
graphs, limiting their ability to generalize to unseen and implicit arguments. Recently,
COMET-based approaches are introduced to generate commonsense inference chains
to uncover implicit links between argumentative units [65]. While effective, these
methods are constrained by the quality and coverage of pre-existing commonsense
knowledge bases. Graph-based neural networks, such as DPGNN [66], have also been
proposed to incorporate structural dependencies from pre-trained language models
(PLMs). These methods improve reasoning but still struggle with capturing nuanced
argumentative structures. Another recent method, DISARM [67], enhances relational
argument classification using adversarial training and discourse marker detection.
However, it lacks cross-domain evaluation and exhibits instability on smaller datasets,
limiting its robustness. Despite these advances, the existing literature lacks RAM
formulations that leverage the generative capabilities of LLMs. In particular, no prior
work has explored how LLLMs can be employed to model RAM tasks, or how their
synthetic data generation abilities can be harnessed to address persistent challenges
such as class imbalance.

2.2.4 Joint Modeling Approaches

Traditionally, AM research has approached its core tasks: ACI, ACC, ARI, and ARC
either independently or sequentially in a pipeline manner [68, 65, 8]. Such formulations

often suffer from error propagation and limited knowledge sharing, which restrict the
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system’s ability to capture the holistic nature of argumentative discourse. To mitigate
these issues, a line of work has emerged that emphasizes joint modeling, where two or
more subtasks are optimized within a shared framework. Early studies in this direction
was explored by Stab ef al. [12], who applied Integer Linear Programming (ILP)
for joint optimization. Further, Niculae ef al. [11] leveraged structured SVMs with
factor graphs to capture interdependencies. Building upon this, neural approaches
such as Pointer Networks [69] and residual networks with link-guided training [70]
demonstrated the promise of deep learning in enhancing joint inference. More recent
contributions employed span-based and attention-driven strategies, including span
representation with LSTMs [68], task-specific parameterization with biaffine attention
[71], and transition-based formulations with pre-trained language models [72]. Morio
et al. [73] further extended this line by combining Longformer [74] with biaffine
parsing in both single-task and multi-task setups, while Liu et al. [63] reframed AM
subtasks as machine reading comprehension with a multi-hop reasoning strategy using
BART.

2.2.5 End-to-End Approaches

Parallel to the joint formulations, there has been a recent growing shift toward fully
end-to-end approaches that aim to unify the entire AM pipeline. A key challenge
in this direction is the scarcity of annotated datasets, which motivated Morio et al.
[73] to propose a cross-corpora multi-task approach using a span-biaffine architecture
with Longformer [74], effectively modeling all four subtasks jointly. Their framework
employed span classification with BIO tagging and pooling operations to construct
span-level representations, thereby reducing the reliance on handcrafted pipelines.
More recently, generative approaches have gained momentum, reframing AM as a
structured text generation task. A generative approach was first taken in [18], by
treating this task as a sequence-to-sequence generation task, focusing on the AAE [50]
and CDCP [49] datasets. It involves performing all three subtasks of argument mining
jointly at the same time. Given an input text, represented as W = [wy,w», ..., wy], the
model aimed to generate a sequence Y = [3,5,Claim, 10, 14, Premise, Support|. In
this sequence, tokens 3 to 5 corresponded to the claim, tokens 10 to 14 represented the
premise, and the relation between them was identified as support. To achieve this, they
employed a pointer mechanism, as discussed earlier, along with additional constraints
known as the “constrained pointer mechanism". Furthermore, they modified the origi-
nal positional encoding of BART to suit this specific task. The results were promising,
with a 0.75 F1 score achieved on the AAE dataset and 0.58 on the CDCP dataset,
demonstrating successful identification of premises and claims. Building on the idea
of structured prediction, the TANL framework [75] was adapted to AM by Kawarada
et al. [76], who modeled ACC and ARC tasks within a text-to-text generation formula-
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tion. Extending further, Sun et al. [77] integrated discourse structure-aware prefixes
into BART [78], enabling the joint modeling of all four subtasks with task-specific
prompts. These end-to-end generative approaches highlight a promising shift towards
flexible and unified formulations, capable of capturing richer contextual dependencies

compared to traditional joint models.

2.2.6 Biomedical Argument Mining

BAM has emerged as a prominent subfield of AM, driven by its potential applications
in evidence-based healthcare, biomedical literature analysis, and clinical decision
support. The pioneering work of Mayer et al. [79] introduced the first BAM dataset,
annotated at the level of ACs, to facilitate automatic identification of argumentative
discourse within biomedical abstracts. Building upon this, the same authors later
released the AbstRCT dataset, which extended annotations to include both ACs and
ARs, thereby enabling three central tasks in BAM: ACI, ACC, and ARI. Subsequent
research has leveraged advanced contextualized word representations, such as various
BERT-based models [80], to enhance performance across these tasks. Galassi et al.
[81] proposed a multi-task learning framework that jointly optimizes AC and AR
classification, effectively capturing shared argumentative structures within biomedical
discourse. Similarly, the SeqMT framework [82] assumes that the ACI task is pre-
resolved and focuses primarily on the ACC and ARI sub-tasks through a sequential
multi-task formulation. More recent work by Liu et al. [83] introduced entity-aware
modeling by incorporating entity co-reference and co-occurrence signals into transfer
learning architectures, achieving significant improvements in ARI performance. These
advances highlight the increasing integration of semantic and structural knowledge in
BAM, underscoring the growing trend toward unified and context-rich representations
of biomedical argumentation. Despite this progress, challenges remain concerning
data sparsity, cross-domain generalization, and fine-grained relation modeling, moti-
vating further exploration of generative and entity-enriched frameworks in subsequent

chapters.

2.3 Datasets and Evaluation Metrics

2.3.1 Datasets

We conduct experiments on four widely used AM benchmarks that differ in domain,

annotation granularity, and structural assumptions:
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1. Argument Annotated Essay (AAE) [12]: This dataset contains 402 persuasive
student essays annotated at the span level, resulting in 1,833 paragraphs. The
annotation follows a tree-structured scheme, where each AC is allowed at most
one outgoing AR. It defines three AC types, namely MajorClaim, Claim, and
Premise, and comprises 6,089 ACs and 3,832 ARs in total. With approximately
147,000 tokens, AAE remains one of the most commonly used benchmarks in
AM research.

2. Fine-Grained Argument Annotated Essay (AAE-FG) [19]: AAE-FG extends
AAE by introducing a finer-grained AC taxonomy. Both Claim and MajorClaim
are subdivided into Fact, Value, and Policy, while Premise is further categorized
into Common Ground, Testimony, Hypothetical Instance, Statistics, Real Exam-
ple, and Others. This results in nine distinct AC types, while the AR annotations
remain unchanged from AAE. All numerical statistics, including the number of
essays, paragraphs, ACs, and ARs, are identical to AAE.

3. Consumer Debt Collection Practices (CDCP) [11]: This dataset consists of
731 user comments collected from a US eRulemaking platform. Unlike AAE,
it does not impose a tree constraint, allowing ACs to participate in multiple
outgoing ARs. It defines five AC types, namely Fact, Value, Policy, Testimony,
and Reference, along with two AR types, Reason and Evidence. In total, the
dataset includes 4,931 ACs and 1,220 ARs, and its graph (non-tree) structure

introduces additional challenges for AM models.

4. Abstracts of Randomized Controlled Trials (AbstRCT) [8]: This dataset
comprises 700 abstracts across five disease domains: Neoplasm, Glaucoma,
Hypertension, Hepatitis B, and Diabetes. It defines three AC types, namely
MajorClaim, Claim, and Evidence, and three AR types: Support, Attack, and
Fartial-Attack. The NEO-train split contains 1,537 Evidence, 666 Claims, and
64 MajorClaims, together with 1,213 Support, 36 Attack, and 169 Partial-Attack
relations. The NEO-dev split includes 218 Evidence, 99 Claims, and 9 Major-
Claims, along with 186 Support, 8 Attack, and 25 Partial-Attack relations. The
NEO-test split provides 438 Evidence, 228 Claims, and 20 MajorClaims paired
with 364 Support, 16 Attack, and 44 Partial-Attack relations. Two additional
test sets, GLAU-test and MIX-test, include 404 Evidence, 183 Claims, 7 Major-
Claims and 388 Evidence, 182 Claims, 30 MajorClaims, with corresponding
AR distributions of 334 Support, 7 Attack, 26 Partial-Attack and 305 Support, 3
Attack, 21 Partial-Attack, respectively. The dataset contains both tree and graph

structures, making it a domain-specific benchmark for biomedical AM.
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Together, these datasets cover both tree-structured and graph-structured argumen-
tation settings, providing a diverse and challenging evaluation ground for the proposed

frameworks.

2.3.2 Evaluation Metrics

To evaluate model performance, we use the F1-score, the harmonic mean of precision
and recall, as the primary metric for all four AM tasks. Following prior work, we
adopt strict matching in evaluation. A predicted AC is considered correct only if both
its boundaries and type match the gold annotation exactly. Similarly, a predicted AR
is correct only if its head and tail ACs, along with the relation type, exactly match the
gold standard. This strict protocol ensures fair comparison with existing methods.

2.4 Summary

This chapter presented a comprehensive overview of existing research in AM, outlining
its progression from early feature-based and rule-driven approaches to modern end-
to-end and generative frameworks. Initial studies primarily focused on independent
sub-tasks such as ACI and ARI, where pipeline-based models dominated but often
suffered from error propagation and weak structural coherence. The introduction
of neural architectures, particularly those employing contextual embeddings and
attention mechanisms, marked a significant shift by enabling joint and multi-task
formulations that captured dependencies among argumentative units. Later, end-to-end
and generative models further advanced the field by unifying multiple AM tasks within
a single framework, effectively addressing limitations of modular architectures. In
parallel, domain-specific research in BAM has demonstrated the adaptability of AM
techniques to evidence-based biomedical discourse. Studies in this area highlight the
importance of contextual, semantic, and entity-level cues for capturing fine-grained
argumentative relations, motivating more integrated and knowledge-enriched modeling
strategies. The literature reflects a clear movement toward unified, generative, and
structure-aware formulations that better capture the semantic and procedural depth
of argumentation. These developments provide the foundation for the subsequent
chapters, which focus on advancing end-to-end AM through autoregressive and entity-

enriched generative frameworks.
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Chapter 3

Exploration of Marker-Based
Approaches in Argument Mining
through Augmented Natural Language

Chapter Highlights

* This chapter investigates the integration of discourse and argumentative markers
into a generative formulation of AM.

* Marker-Based Fine-Tuning: Marker distributions are introduced through aux-
iliary pretraining, guiding the model to recognize marker-rich contexts.

* Marker-Enhanced argTANL (ME-argTANL): Marker information is directly
embedded into the target sequence, enabling explicit conditioning of generation
on marker cues.

* Comprehensive experiments are conducted on three benchmark datasets: AAE,
AAE-FG, and CDCP. Results demonstrate that ME-argTANL achieves strong
performance as compared to the competitive baselines.

* The publication related to this chapter is as follows:

1. Nilmadhab Das, Vishal Choudhary, V. Vijaya Saradhi, Ashish Anand,
“Exploration of Marker-Based Approaches in Argument Mining through
Augmented Natural Language,” in Proceedings of the International Joint
Conference on Neural Networks (IJCNN), Italy, 2025.

3.1 Introduction

While the earlier chapters introduced the fundamental concepts and challenges in AM,

this chapter presents a unified methodology that addresses end-to-end argument mining
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in a streamlined unified manner. Traditionally, AM is decomposed into four subtasks
[11]: ACI, ACC, ARI, and ARC, as mentioned in the previous chapters. In the current
chapter, however, we considered only ACC and ARC. This choice was intentional.
First, solving ACC implicitly resolves ACI, since identifying the type of a component
requires simultaneously locating its span. Likewise, resolving ARC implicitly covers
ARI, as determining the type of relation between two components inherently requires
identifying whether a relation exists. Building on this rationale and following the same
formulation of [76], this chapter adopts a grouped view of the subtasks. We denote
the combined responsibilities of ACI and ACC as Argument Component Extraction
(ACE), and the combined responsibilities of ARI and ARC as Argumentative Relation
Classification (ARC). Consequently, end-to-end AM, termed ACRE, entails jointly
solving both ACE and ARC in a single unified framework. However, in the subsequent

chapters, we revisit the four sub-tasks individually.

In the recent times, AM contributes to a variety of downstream applications such
as debate analysis [84], automated essay scoring [85], and customer review analysis
[86]. However, the primary challenge in AM lies in effectively handling the longer
sequence length of ACs and their associated ARs [7]. Defining boundaries for ACs
is more intricate compared to tasks like Named Entity Recognition (NER) or Parts-
of-Speech (POS) tagging, where the target text span consists of a few tokens only.
Also, every AC has certain underlying contexts of argumentativeness and is related
to another AC of the same context. Variations in argument representations across
domains pose another challenge [87]. Previous approaches to this task have primarily
utilized extractive methods [18] to address these challenges, which have shown limited
performance. Recently, end-to-end frameworks based on dependency parsing [17]
have gained popularity due to their ability to streamline the extraction process into a
single unified model. However, these methods often require intricate post-processing
steps, adding to the overall complexity of the solution. Given the limitations of these
recent approaches, we propose an alternative method based on a text-to-text generation
paradigm. This new approach reduces complexity by eliminating the need for elaborate

post-processing.

Several generative frameworks have recently been proposed for various NLP tasks,
including NER [88], joint entity and relation extraction [89], and co-reference resolu-
tion [90]. One such framework is Translation between Augmented Natural Language
(TANL)[91], which addresses a range of NLP tasks within a unified framework. This
framework generates outputs by augmenting the original input text with class labels
specific to downstream tasks. ““[ Tolkien | person ]’s epic novel [ The Lord of the
Rings | book ] was published in 1954-1955." Here, labels such as person and book
are embedded within the original text. With this kind of output format, complex

post-processing steps are reduced. However, among all the NLP tasks solved by the
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[ Argumentative Text (W) ]

Nevertheless, supporters would argue that zoos, which are equipped with modern facilities and
professionals, would provide better care for the animals inside. They further point out that the
endangered species preserved in zoos would never die of illegal hunting. It seems that the
growing number of natural habitat would be the ultimate solution of saving wild animals
worldwide.

Target Generation
(Augmented Natural Language)

Nevertheless, supporters would argue that [ zoos, which are equipped with modern facilities
and professionals, would provide better care for the animals inside | Claim ]. They further
point out that [ the endangered species preserved in zoos would never die of illegal hunting |
Premise | Support = zoos, which are equipped with modern facilities and professionals, would
provide better care for the animals inside ]. It seems that [ the growing number of natural
habitat would be the ultimate solution of saving wild animals worldwide | Premise | Attack =
zoos, which are equipped with modern facilities and professionals, would provide better care
for the animals inside ].

Fig. 3.1 An overview of the proposed generative end-to-end argument mining frame-
work argTANL. Claims are highlighted in italics and marked in red. Premises
are underlined and marked in blue. Augmented labels are represented with
bold font and marked in green.

TANL framework, the target output spans (e.g., Tolkien or The Lord of the Rings) are
relatively shorter as compared to the target spans of AM tasks, where each AC span
is distributed across extended sections of text. Thus, it is a meaningful direction to
explore the effectiveness of TANL in solving AM tasks that consist of longer target

spans.

Studies in [92] have demonstrated that markers are strongly correlated with im-
provements in AM task performance as they reliably indicate the presence of ACs in
the text. Two distinct types of markers are categorized: (a) Argumentative Markers
and (b) Discourse Markers (DMs). Argumentative Markers are typically phrases such
as “I strongly agree that,” “But, I deny the point that,” or “However, this clearly
proves that,” conveying the argumentativeness of the discourse. In contrast, DMs are
single-token connectives like “But,” “And,” or “However,” representing the rhetorical
structure of language. The set of argumentative markers is extracted using the rule-
based methods by [14], while the set of DMs is constructed from a specific web-corpus
by [93]. However, rule-based extraction yields a large number of irrelevant spans
lacking generalizability. We employ a similar extraction method for Argumentative
Markers, incorporating an additional manual filtering step to eliminate irrelevant or

non—generic Spans.

We propose the following. (1) argTANL, a TANL framework for the downstream
task of computational AM. In this, both ACs and ARs are label-augmented to form

an ANL-based generation sequence (See Figure 3.1). This framework handles longer
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target AC spans than the target spans of previously attempted downstream tasks. (2)
Marker-Based Fine-Tuning of argTANL to enhance its performance. From the
different marker sets (e.g., Argumentative Markers and DMs), the marker informa-
tion is learned first with specifically designed fine-tuning strategies. Then with this
learned marker information, the argTANL output is learned. (3) Marker Enhanced
argTANL (ME-argTANL), an enhanced argTANL framework by incorporating the
marker knowledge inside the output text itself. This is distinctly different from the
TANL framework, where in addition to the class labels of ACs and ARs, the marker
information is also included in the output. ME-argTANL allows to perform two
tasks jointly: (a) Marker Identification and (b) AC and AR identification. With this
framework, the model receives a strong signal from the markers, which are present
just before the AC, to guide the identification of that AC inside the same generation
sequence. This, in turn, enhances the overall performance of the AM task. Whenever
the marker information is present inside the AC span the ME-argTANL framework is
redundant, In that case, the Marker-Based Fine-Tuning framework is appropriate.

We conduct a comprehensive set of experiments to evaluate the performance of
the proposed framework, organized into several subsections. We first analyze the
main results with a detailed comparison of argTANL, Marker-Based Fine-Tuned
argTANL, and ME-argTANL to highlight the improvements brought by the knowledge
of markers. Then we compare the Component-Only and End-to-End variants to
determine their relative effectiveness. Next, we analyze the Impact of input length on
the performance of the argTANL. Then, we conduct an ablation study by introducing
Abbreviated argTANL. Here, repeated full AC spans are replaced with unique “ID"
tokens, reducing output sequence length and improving efficiency in handling longer
paragraphs. This study explores the performance trade-offs between the standard and
abbreviated formulations. Finally, an Error Analysis is performed to find the scope
for further improvement. Through these extensive experiments upon three standard
benchmarks of AM literature, the proposed approach achieves competitive results in
several datasets and surpasses various important baselines. In summary, the main

contributions of this chapter are:

1. A generative task formulation in the form of argTANL framework to solve
End-to-End AM along with Component-only variant.

2. We enhance argTANL with a specialized Marker-Based Fine-Tuning by lever-
aging the knowledge of markers to improve the AM task performance.

3. We propose ME-argTANL, an advanced version of argTANL that integrates
marker information directly into the output sequence. It identifies markers and
argumentative structures jointly to deliver superior AM task performance.

4. An extensive performance analysis along with a target-oriented ablation study
with Abbreviated argTANL to justify the strength of the proposed formulation.
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Leading Candidate
g .

There is no doubt that working for the others have
Sandwich Caﬂdidate @

some advantages too, but | imaginé people that

have their own business are more comfortable.

Fig. 3.2 An example sentence from AAE corpus describing both ways of marker
extraction. Here, extracted marker candidates are in bold italics, and ACs are
highlighted.

3.2 Task Formulation

We represent argumentative text as W = wy, wp, w3, ...., wy, where n is the total number
of tokens in W. For a text-span w;, w;11,Wiy2,...,w; in W, we write it as w;.;. We
define a set of AC types as T¢ = {t{,15,15,....,t,, } and a set of AR types as 7" =
{t],45,15, ....,t,gr}, where n. and n, refer to a total number of possible AC and AR types
respectively. We use a set of symbol tokens, S = {[,],=,|} in the ANL, where “[”
marks the start of a component, ““]”” marks the end of a component, “ =" is used for

relation assignments, and “

” is used to separate labels. Subsequent sections discuss

different formulations of the proposed task.

3.2.1 ACE task: Component-only Variant

For any given argumentative text wy.,, objective of the ACE is to extract a set of ACs
as C = {C/|C; = (ci,ct,c§)}, where C; is the i’ AC, ¢; € T¢, and ¢ and c¢ refer to
the relative start and end token indices of ¢; respective to W. Here, we generate the
label-augmented text for ACs only such as, in Figure 3.1, for the head, AC is [ the
endangered species preserved in zoos would never die of illegal hunting | Premise |
and for tail AC is [ zoos, which are equipped with modern facilities and professionals,
would provide better care for the animals inside | Claim ]. The main motivation for
this variant is to assess our proposed method’s ability to identify ACs alone when the

relational information is muted.

3.2.2 ACRE task: End-To-End Argument Mining

The proposed end-to-end formulation jointly frames the ACE and ARC tasks in the
following manner. We define ARs as R = {R;|R; = (r;,!,7%)}, where R; is the i

AR corresponding to AR type r; € T", and r{? and r! refer to the head and tail ACs

respectively. rlh and r} are connected with relation type r;. If two components C,,,C, €
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C are related with R, € R as r,i’ =Cp and r,tC = Cy, then for the token spans of C, i.e.
Wesco and Cy i.e. wes:ce, the model will generate augmented labels as [wc%;cz|cp]rk =
WCZICZ] and [chi e |cq] respectively. The rest of the tokens in W will be rewritten as
it is. We refer to this joint formulation as ACRE. Figure 3.1 illustrates the ACRE
formulation.

3.3 Methodology

In this section, we provide an overview of the argTANL framework, the marker
extraction process, the marker-based fine-tuning approach, and the ME-argTANL
framework.

3.3.1 The argTANL Framework

This framework adopts the TANL formulation (Figure 3.1) with specific customization
tailored for the AM task. Given argumentative text as input, the framework generates
ANL consisting of ACs and ARs as label-augmented texts enclosed with symbol
tokens, as described in Section 3.2. This approach leverages the strengths of the TANL
framework while introducing modifications to effectively capture the complex rela-
tionships and structures inherent in argumentative texts. The integration of symbolic
tokens ensures precise boundary definition and clear distinction between different ACs

and ARs, facilitating accurate identification within the generated sequences.

3.3.2 Argumentative Marker Extraction

An argumentative marker typically signals the beginning of an AC. However, not
every marker is always followed by an AC, and an AC may not always be preceded
by a marker. Considering this phenomenon, we extract two types of (See Figure 3.2)
potential marker candidates from any argumentative text: (i) Leading candidates:
by extracting tokens from the start of a sentence to the beginning of an AC, and (ii)
Sandwich candidates: by extracting tokens after the end of an AC until the start of
another AC in the same sentence. However, these strategies yielded some spans, which
were non-generic. For example, “In spite of the importance of sports activities" or
“Nevertheless, opponents of online-degrees would argue that" are having non-generic
spans. These spans lacked generalizability across diverse topics, being tailored solely
to their respective subjects. To enhance generalizability, we introduce an additional
layer of manual filtering to eliminate topic-dependent spans from the pool of extracted

marker candidates. Initially, we identified 2925 marker candidates. After manual
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Table 3.1 Description of the initial step of Marker-Based Fine-Tuning of the argTANL

framework.
Strategy Input Sequence Target Generation Sequence
A-MKT Last but not least, students have ... difficulties. [ Last but not least, | marker ] students have ... difficul-

ties.

SM-MKT <extra_id_0> <extra_id_1> <extra_id_2> <extra_id_0> Last <extra_id_I1> but <extra_id_2> not

<extra_id_3> <extra_id_4> students have ... <extra_id_3> least <extra_id 4> , <extra_id_5>
difficulties.

E-MKT Last but not least, students have ... difficulties. [-1,-1,-1,-1,-1,0,0,0,0,0,0,0]

D-MKT Motivations for playing cricket are vastly different. ~ Motivations for playing cricket are vastly different. Truly,
It is a well-crafted game. it is a well-crafted game.

filtering and removing duplicates, we refine the list to 1072 unique argumentative

markers.

3.3.3 Marker-Based Fine-Tuning of argTANL

This technique strategically divides the argTANL output generation into two significant
steps. The initial step leverages the extracted markers from various corpora to execute
Marker-Based Fine-Tuning. This involves implementing four distinct generative fine-
tuning strategies, each utilizing varied input and output combinations (see Table 3.1).
The objective is to acquaint the model with the nuanced representations of markers
within the argumentative text. Notably, neither the markers from the test data nor the

test data itself were used during this initial fine-tuning process.

In the second step, the models derived from the initial step undergo additional
fine-tuning to perform the argTANL task. This way, we get four unique resultant
models, each distinguished by the applied fine-tuning strategy. Below are the details
of different Marker-Based Fine-Tuning strategies performed as the first step of this
technique:

3.3.3.1 Augmented Marker Knowledge Transfer (A-MKT)

This strategy takes plain text input and fine-tunes the model to generate ANL where

only markers are augmented. ACs and ARs are not augmented.

3.3.3.2 Span-Masked Marker Knowledge Transfer (SM-MKT)

It is a self-supervised denoising fine-tuning strategy by masking the span of markers.
We replace every token in the marker span with sentinel tokens. Here, the target gener-
ation sequence is formed by concatenating the sentinel tokens and the corresponding

marker tokens.
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EargTANL Formulation_]

Secondly, there are clear evidences that [ tourism increasingly create
harms to the natural habitats of the destination appeals | Premise |

Support = tourism has threatened the nature environments ]. For this
reason, [ many marine lives have been endangered . in the extremes
part of the reef become uninhabitable for these marine species |

Premise | Support = tourism has threatened the nature environments ].

Thus, it is apparent that [ tourism has threatened the nature

environments | Claim ].

|’_ME-a.l"gTANL Formulationj
- B

(( Secondly, there are clear evidences that )) [ tourism increasingly

create harms to the natural habitats of the destination appeals |
Premise | Support = tourism has threatened the nature environments ].

(( For this reason, )) [ many marine lives have been endangered . in the
extremes part of the reef become uninhabitable for these marine
species | Premise | Support = tourism has threatened the nature

environments ]. (( Thus, it is apparent that )) [ tourism has threatened
the nature environments | Claim ].

Fig. 3.3 Description of ME-argTANL Formulation. Markers are enclosed with the “((
))" symbol in violet color. Claims are highlighted in red italics. Premises are
underlined in blue. Augmented labels are represented in green with bold font.

3.3.3.3 Marker Knowledge Transfer through Encoding (E-MKT)

Unlike the above strategies, which are based upon text-to-text generation, it is a text-to-
sequence generation strategy. Here, we generate the labels of marker tokens in terms
of a numeric sequence of 0’s and -1’s, where -1 and 0 are replacing the markers and
non-markers of the input text, respectively.

3.3.3.4 Discourse Marker Knowledge Transfer (D-MKT)

To check the effectiveness of single-token DMs over multiple-token markers, we
propose this fine-tuning strategy. Using sentence pairs from a standard DM corpus, we
generate a target sequence in the following format: (Sentence 1 + DM + Sentence 2),
where the concatenated input is (Sentence 1 + Sentence 2). Thus the model can achieve

the capability of generating the probable “connective” between a pair of sentences.

3.3.4 The ME-argTANL Framework

This framework modifies the argTANL to improve the performance of AM tasks by

uniquely embedding marker knowledge into the same generation sequence. We include
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the marker span using “(( ))” to form an unique marker span as “(( Marker ))" (See
Figure 3.3). These double braces serve as a special enclosing symbol, indicating the
task difference between the argTANL task, and the task of marker identification. Given
that marker identification occurs within the same target sequence and the generation
process is autoregressive, with markers appearing mostly on the left side of the target
AC span, there is a strong likelihood that the augmented markers will be generated first.
Subsequently, these markers will serve as a guiding signal for the generation of ACs
and ARs, which are present immediately afterward. This type of sequential generation
will enrich the model by engaging it in two types of structurally independent tasks

simultaneously.

3.4 Experimental Setup

3.4.1 Datasets

We consider these three datasets: AAE, AAE-FG and CDCP to evaluate the proposed
method.

Alongside, we use the Discovery [93] corpus as the primary source of DMs. It is
used for the sole purpose of the initial fine-tuning of the Marker-Based Fine-Tuning
only for its D-MKT strategy. Extracted from the DepCC web corpus [94], it features
1.74 million pairs of adjacent sentences (Senl, Sen2) with 174 DMs, consolidating 10k
pairs per DM. All DMs occur at the beginning of Sen2.

Notably, the argTANL framework and the Marker-Based Fine-Tuning of argTANL
are designed to be applicable across all datasets. Whereas the ME-argTANL framework
is only designed for both versions of the AAE corpus as this is the only dataset that
contains markers outside the component boundary. The CDCP dataset includes the
DMs inside the AC span boundaries. So, the formation of the ME-argTANL output is
not trivially possible for this dataset.

3.4.2 Training Details

All experiments were performed using the 75-Base model [95] on Nvidia A100 GPUs,
and each reported score is obtained by averaging results over 5 independent runs. The
hyperparameter settings for the argTANL framework are as follows: For the CDCP
dataset, a batch size of 4 is used, while for AAE and AAE-FG, the batch size is set to
8. Across all datasets, we utilize the AdamW optimizer with a learning rate of 0.0005.
The maximum input length is set to 1024 tokens for CDCP and 512 tokens for AAE
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and AAE-FG. In the end-to-end and component-only training scenarios, we run for
more than 10000 steps, with checkpoints saved every 200 steps. During inference,
beam search is used with a beam length of 8 across all datasets. For all strategies
(A-MKT, SM-MKT, D-MKT, and E-MKT) of Marker-Based Fine-Tuning, we use a
batch size of 16, the AdamW optimizer with a learning rate of 0.0005, a maximum
input length of 512 tokens, and 10 epochs of training. We use the following libraries:

(i) TANL framework!, and (ii) HuggingFace’s Transformers?.

3.4.3 Baseline Methods

We consider several important baselines to investigate the efficacy of our end-to-end
AM formulation on each dataset as follows:

1. ILP [96]: Rich feature based approach to perform joint inference over the AM
sub-tasks optimized by Integer Linear Programming (ILP).

2. BLCC [97]: Based upon Bi-LSTM-CNN-CRF (BLCC) to formulate this task as
a sequence tagging problem.

3. LSTM-ER [97]: An adapted version of an end-to-end relation extraction model
with sequential LSTM [98].

4. LSTM-Parser [97]: A dependency parsing approach built on stacked LSTM
[99].

5. BiPAM [100]: Another dependency parsing approach with customized biaffine
operation based upon BERT-base [101].

6. BiPAM-syn [100]: An enhanced version of BiPAM with the inclusion of syn-
tactic information.

7. BART-B [18]: A generative approach to fext-to-sequence generation with Bidi-
rectional and Auto-Regressive Transformer (BART) [78].

8. RPE-CPM [18]: An extended version of BART-B that introduces a modified
positional encoding scheme together with a pointer-based decoding constraint.

9. Span-Biaffine-ST [17]: Latest dependency parsing approach based upon Long-
former [74] along with Span-Biaffine architecture for information sharing among
sub-tasks. Since our approach is based upon a single-task setup (ST), we take
the ST version of this work.

10. SP-AM [76]: Adapted TANL framework for Structured Prediction for end-to-
end AM based upon text-to-text generation.

11. DENIM [77]: A discourse structure aware generative framework with multitask
prompt-tuning.

Thttps://github.com/amazon-science/tanl
Zhttps://github.com/huggingface
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For the AAE benchmark, we evaluate the proposed method against all these
baselines. For the AAE-FG dataset, we benchmark our results by running the most
competitive open-source baseline Span-Biaffine-ST, using our implementation. For
the CDCP benchmark, we use the following baselines: BiPAM, BART-B, RPE-CPM,
CPM-only (without RPE)[18], SP-AM, and Span-Biaffine-ST.

3.4.4 Performance Metrics for Evaluation

After generating the target ANL, we post-process the sequence by removing the symbol
tokens to get a cleaned text. Finally, for a comprehensive evaluation, AC and AR
tuples are created, including their types and corresponding boundaries. Following [97],
we evaluate the results with micro-F1 score for both ACE and ACRE tasks, where an
exact match with the gold label is considered as a true label.

3.5 Results and Discussion

In our discussion, we refer to the arg TANL framework as T'5,,o74n1., ME-arg TANL as
T5ME—argTANL, and the Marker-Based Fine-Tuning as T'5yrs. Here, MFS indicates a
specific Marker-Based Fine-Tuning Strategy: A-MKT, E-MKT, SM-MKT, or D-MKT.

Table 3.2 compares the performance of the proposed frameworks with the baselines
on the ACRE task in terms of micro F1-scores for component classification and relation
classification. For the AAE dataset, T5yE—arerant turns out to be the best among
the proposed frameworks, surpassing argTANL and all the MFS-based strategies,
for component classification. While 75y qrg7an1 Outperforms several baselines for
component and relation classifications, it gave a competitive performance to the current
state-of-the-art models for component classification. We observe a similar performance
on the AAE-FG dataset. For the AAE-FG dataset, T5yE—arg7ANL SUrpasses the current
state-of-the-art result for component classification.

The likely reason behind the relatively poor performance of MFS-based strategies
is that models can detect markers within and outside the AC spans. However, in the
second step of argTANL output generation, containing ACs and ARs, there is a high
probability that some ACs might get split into smaller segments due to the presence
of marker-like tokens within the AC spans. This erroneous splitting increases the
number of potential permutations of ARs with these split ACs. Conversely, in the
T'5mE —argTanL model, both the markers and AC/AR labels are generated within the
same target sequence. This allows the model to understand markers’ relative positions
and corresponding ACs. These markers act as contextual guides with the immedi-

ately preceding markers to automatically exclude markers inside the AC spans. This
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Table 3.2 Experiment results on ACRE task with comparable baselines. Best scores
are marked in bold. * indicates the baseline results we produced by running
their open-source code.

Corpus  Model Params  Micro-F1
ACE ARC
BiPAM 110M 41.15 10.34
BART-B 139M 56.15 13.76
RPE-CPM 139M 57.72 16.57
CPM-only 139M 58.13 15.11
Span-Biaffine-ST 149M 68.90 31.94
CDCP SP-AM (Flan-T5-Base) 220M 66.80 23.19
T5.rerant (Ours) 220M 66.56 19.81
TSE_M[(T (OUI‘S) 220M 57.31 7.97
T54_pmkr (Ours) 220M 61.06 13.86
TS5y pmkr (Ours) 220M 64.17 16.68
T5p_yxr (Ours) 220M 67.49 20.68
Span-Biaffine-ST* 149M 59.54 54.75
T'54rerant (Ours) 220M 60.41 32.14
TS5k _ymkT (Ours) 220M 55.24 25.83
AAE-FG T54_pykr (Ours) 220M 57.66 27.82
T 55y mkr (Ours) 220M 59.37 30.54
T5p—_yxr (Ours) 220M 59.71 31.03
TSMEfargTANL (OUI‘S) 220M 61.39 33.12
LSTM-Parser - 58.86 35.63
ILP - 62.61 34.74
BLCC - 66.69 39.83
LSTM-ER - 70.83 45.52
BiPAM 110M 72.90 45.90
BiPAM-Syn 110M 73.50 46.40
BART-B 139M 73.61 47.93
AAE RPE-CPM 139M 75.94 50.08
SP-AM (Flan-T5-Base) 220M 75.55 58.51
DENIM 139M 76.50 58.51
Span-Biaffine-ST 149M 76.48 59.55
T'54rerant (Ours) 220M 75.93 50.56
T5g_pmkT (Ours) 220M 73.06 45.89
T54_pmkT (Ours) 220M 74.22 48.01
TSSMfMKT (OUI’S) 220M 7591 49.08
T5p_pmkr (Ours) 220M 76.45 4991

TSME—argTANL (Ours) 220M 7714 52.12
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Relation Extraction: TP, FP, FN Precision and Recall Comparison

TP ST Precision
1200 P ST Recall
N ME-argTANL Precision

ME-argTANL Recall
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cobcp AAE AAE-FG AAE-FG cpcp AAE AAE-FG
(ST) (ST) (ST)

cobcp AAE
(ME-argTANL) (ME-argTANL) (ME-argTANL)

Fig. 3.4 Comparison of TP, FP, and FN counts along with Precision and Recall scores
between the ST baseline and the proposed ME-argTANL framework across
the CDCP, AAE, and AAE-FG datasets.

underscores the efficiency of the ME-argTANL by directly including argumentative
markers within the target generation process, along with the augmented ACs and ARs,
as opposed to employing any of MFS-based technique.

D-MKT produces the best result for the CDCP dataset among the argTANL
frameworks. Though it could outperform most of the baselines, it gave the second-best
performance in terms of micro-F1 score for the component classification. It shows
the strength of using the MFS-based approach, where the model benefits from the
contextual cues provided by DMs for identifying ACs. Across all the datasets, none of
the proposed frameworks could beat the state-of-the-art result on relation classification
within the joint formulation.

The above results indicate that the specific nature of argumentative markers, which
are highly beneficial in AAE dataset, might not align as effectively with the argumen-
tative structures present in the CDCP dataset. The A-MKT, SM-MKT, and E-MKT
strategies are likely affected by catastrophic forgetting [102], a phenomenon where the
model partially forgets previously learned knowledge during the target task fine-tuning.
The poor performance of E-MKT across all datasets indicates that the knowledge
of the relative position of markers is not beneficial. Similarly, the A-MKT strategy,
which involves similar tasks set up in both steps of fine-tuning, proves to be sub-
optimal. In contrast, the span-masking-based strategy SM-MKT demonstrates superior
performance compared to both E-MKT and A-MKT.

3.5.1 Detailed Failure Analysis of the ARC Task

Our marker-enhanced argTANL models perform well on the ACC task. However, they
fall short of the strong Span-Biaffine Single-Task (ST) baseline (the best one among
the compared baselines) on the ARC task across several datasets. To understand why,
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Fig. 3.5 Distribution of dominant failure modes across the CDCP, AAE, and AAE-FG
datasets for both ST and ME-argTANL frameworks. The analysis highlights
hallucinated relations and relation-type mismatch errors.

we looked closely at the ARC results. We examined the True Positives (TP), False
Positives (FP), and False Negatives (FN). We also analyzed the most common types of
classification errors. Figures 3.4 and 3.5 compare our TANL framework with the ST
baseline on the CDCP, AAE, and AAE-FG datasets.

Figure 3.4 shows the TP, FP, and FN counts, along with Precision and Recall scores
for the ARC task. Compared to the ST baseline, the ME-argTANL framework creates
more false positives. At the same time, it misses several real argumentative relations.
The generative model sometimes boosts recall by guessing extra relations. However,
the high number of false positives heavily hurts precision. This leads to a lower overall
score on the ARC task. This issue stands out clearly in the CDCP dataset. Here, our
framework predicts relations that make logical sense but are structurally wrong. The
ME-argTANL model generates the entire argument structure step-by-step. Because of
this, it often connects related ACs even when no actual relation exists in the data. This
creates many “hallucinated" or fake relations. These hallucinations directly lower the
ARC Micro-F1 score compared to the ST baseline.

Figure 3.5 takes a closer look at these errors. Across all datasets, we see two main
types of mistakes:

1. Hallucinated Relations:

The model predicts relations that do not exist in the actual data. This happens
often with ME-argTANL models. The decoder tries to build the whole structure
based on word meanings learned during training. As a result, it frequently
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connects topics that seem similar, even without a real link. These fake relations
increase false positives and hurt precision.

2. Relation Type Mismatches:

The model finds the right pair of ACs, but guesses the wrong relation type. For
instance, it might label a Support relation as an Attack. This happens a lot in the
CDCP dataset. In CDCP, arguments are often implied, and clue words are weak
or unclear. This shows that simple marker cues are not enough. We need deeper
meaning to correctly tell relation types apart.

The AAE and AAE-FG datasets contain more explicit argumentative structures than
CDCP. Their discourse markers align better with relation boundaries, which reduces
the performance gap between ME-argTANL and ST. However, ST still performs
better on the ARC task because it models pairwise relations more directly under
stronger structural constraints. In contrast, the autoregressive decoding process of
ME-argTANL is more prone to hallucinated relations, relation-type confusion, and
error propagation. Overall, this analysis shows that marker-based cues alone are
insufficient for robust relation classification, especially in cases involving implicit
reasoning and long-range dependencies. These findings motivated the later chapters of
this thesis, where semantically grounded key phrases and entity-aware representations

are introduced to improve relational reasoning.

3.5.2 Component Only vs End-to-End Variants

Table 3.3 compares the performance of models on the ACE task in the two formulations.
Analyzing the argumentative structure of AAE and AAE-FG datasets reveals that
argument components always form a tree, indicating a single parent for each child. In
this well-structured dataset, the performance of the models drops in the Component-
only variant compared to the end-to-end variant. The CDCP dataset contains many
isolated components. It does not necessarily form a tree but can form a graph (e.g., 1]
— 15,15 — 15, and a transitive relation #{ — 15). We observe the similar performance
of models, except E-MKT, in the two variants for CDCP corpus. This result indicates
that ACs and ARs benefit from mutual feature information, suggesting synergy in
an end-to-end setup. For Component-only variant, the D-MKT strategy proves to be
beneficial for all the datasets. When comparing the compatibility of the E-MKT with
other MFS strategies, it appears more suitable for the Component-only variant rather
than the end-to-end for the ACE task. It exhibits the minimum performance difference
in the Component-only setup for both versions of the AAE corpus and even shows
performance improvements for the CDCP corpus.
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Table 3.3 Performance difference on the ACE task: Component-Only vs. End-to-End
variants. Among all techniques, minimum differences between these two
variants are marked in bold.

Corpus  Model Micro-F1 of ACE Diff. (+)
Comp-Only End-to-End
TSurgTANL 74.12 75.93 -1.81
TSME—argTANL 74.48 77.14 -2.66
AAE TS5g_mkr 71.64 73.06 -1.42
TS5A-mkT 72.20 74.22 -2.62
TS5sp—mxr 73.63 75.91 -2.28
TS5p_mkT 74.87 76.45 -1.58
TSurgTANL 59.20 60.41 -1.21
T SME—areTANL 58.90 61.39 -2.49
AAE-FG TS5g_mkr 55.15 55.24 -0.09
TS5A-mkT 56.08 57.66 -1.58
TS5sp—mxT 57.32 59.37 -2.05
TS5p_mkr 59.29 59.71 -0.42
T54rgTANL 66.40 66.56 -0.16
TS5g_mkr 59.05 57.31 +1.74
CDCP TS5A_mkT 60.43 61.06 -0.63
TSsy—mkr 62.76 64.17 -1.41
TS5p—_mkr 66.66 67.49 -0.83
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Fig. 3.6 Performance on the ACE task of the End-to-End variant with the varying
number of ADUs (left) and of sentences (right) in a paragraph.
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- "7
argTANL Formulation
ks ')

Some people claim that [ the prevalent of English brings a great number of
benefits for people | Claim ] . First of all , [ it promotes the communication and
interaction between different countries more conveniently and clearly | Premise |
Support = the prevalent of English brings a great number of benefits for people ] .
[ In the ancient time , the different languages and geography set barriers for
people to exchange their goods and ideas | Premise | Support = the prevalent of
English brings a great number of benefits for people ] . Fortunately , [ the
innovation of plane and train solved the geographical barriers | Premise | Support
= the prevalent of English brings a great number of benefits for people ] .

Abbreviated argTANL |
Formulation B |

Some people claim that [ the prevalent of English brings a great number of
benefits for people | Claim | C1] . First of all, [ it promotes the communication
and interaction between different countries more conveniently and clearly |
Premise | P1 | Support = C1]. [ In the ancient time , the different languages and
geography set barriers for people to exchange their goods and ideas | Premise |
P2 | Support = C1] . Fortunately , [ the innovation of plane and train solved the
geographical barriers | Premise | P3 | Support =C1].

Fig. 3.7 Representation of Abbreviated argTANL with “ID" tokens replacing repeat-
ing spans for a shorter ANL output format.

3.5.3 Performance Analysis Based on the Length of the Input

We assess the performance of argTANL on the ACRE task for extracting ACs for the
AAE dataset. Our analysis considers both the number of input text sentences and the
number of ADUs. As illustrated in Figure 3.4, the performance generally improves
with increasing input length. However, the trend is more consistently monotonic when
paragraph length is measured in terms of ADUs compared to sentences. This suggests
that argumentative density, represented through ADUs, is more indicative of argTANL

performance than sentence count alone.

3.5.4 Ablation with the Abbreviated argTANL framework

This representation (See Figure 3.7) is designed to minimize redundant and repeated
AC spans connected to the right side of the Relation-type. Here, we add an extra
“ID" token to every unique AC present in a paragraph in an ascending manner. For
example, if n number of ACs of type Premise and m number of Claims are present in
a paragraph, then, we will create abbreviated labels in the form of “ID" tokens as P1,
P2, P3... for all n number of Premises and CI, C2, C3... for all m number of Claims.
These tokens will then be appended just after the original AC label as a “unique ID"
of the original label. Later, whenever the same AC is repeated during the relation
assignment with Relation-type, only the abbreviated tokens will be used for the same.

This way we are keeping the related AC connections intact while reducing the size of
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Table 3.4 Performance comparison between argTANL and Abbreviated argTANL for-
mulations.

Micro-F1 of ACE Micro-F1 of ARC

Dataset | argTANL Abbr. Diff. | argTANL Abbr. Diff.
AAE 75.93 7548 -0.45 50.56 4732 -3.24

AAE-FG 60.41 59.50 -0.91 32.14 28.44 -3.70
CDCP 64.78 65.16 0.38 20.65 18.20 -2.45

the output sequence, allowing longer paragraphs to fit within the permissible output

length.

For all the datasets: AAE, AAE-FG and CDCP, the Abbreviated formulation
achieved impressive average reductions in output sequence length of 23.56%, 23.01%,
and 16.45%, respectively. As shown in Table 3.4, this formulation resulted in compet-
itive performance for the ACE task, showcasing its efficiency. While the ARC task
experienced a noticeable decline in performance across all datasets with this formu-
lation, the substantial reduction in output length represents a compelling trade-off.
This suggests that this formulation effectively balances performance and efficiency,
capturing essential information with shorter spans in the form of “I/Ds". However, for
tasks that demand a deeper understanding of relational context, the argTANL frame-
work, with its longer spans, remains superior. Overall, the Abbreviated formulation
presents pragmatic and resourceful insights, offering significant benefits in terms of

output length reduction while maintaining competitive performance for certain tasks.

3.5.5 Error Analysis

The proposed method sometimes produces invalid ANLs as the generation is not fully
controllable. We identified the following three major types of ANL-related erroneous
generation (see Table 3.5): (i) Invalid Token: The generated ANL consists of some
out-of-vocabulary tokens or out-of-context text spans (Hallucinations). (ii) Invalid
Format: The invalid ANL format includes mismatched brackets, symbols, or corrupted
text. (iii) Invalid Component: The tail component connected with the relation in
ANL is invalid if it is a span of text from the non-component regions. Importantly,
these errors are not very frequent, and erroneous generations are discarded as negative
results without undergoing any additional post-processing. Among all the datasets,
D-MKT is the most effective in generating error-free ANL, whereas E-MKT produces
the highest number of errors for the ACRE task.
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Table 3.5 Error analysis for the ACRE task. IT, IC, and IF refer to Invalid Token,
Invalid Component, and Invalid Format respectively.

Corpus Model IT IC IF
TSureTANL 295 451 1.11
T55_mkT 5.45 6.62 3.39

AAE T54_mkr 261 54 1.05
TS5sv—MmKT 306 523 1.39
TSp_mkr 239 49 0.8
TSpe—argtane 495 557  1.00
TSureTANL 323 6.07 1.05
TS5g_mkT 10.47 10.41 7.01

AAE-FG T54_mkr 339 885 1.00
TS5sv—mKT 345 529 133
TS5p_mkr Bl 5.75 MJ122
TSmE—argtane 545 729  1.05
T5.reTANL 11.33 493 7.6
TS5g_mkT 2733 152 5.73

CDCP T54s_mkr 13.6 893 7.33
TS5syv—mKT 12.53 64 7.2
TS5p_mkr 9.6 493 7.06

3.6 Conclusion

This chapter introduces argTANL framework, a generative approach to AM. We
demonstrate a text-to-text generation model could effectively handle the complexi-
ties of End-to-End AM tasks. We further enhance the argTANL framework through
Marker-Based Fine-Tuning, which utilizes argumentative markers and DMs to improve
the performance. This fine-tuning step enables the model to better recognize and ex-
tract ACs by learning the marker information. Additionally, we propose ME-argTANL
framework, which directly integrates marker knowledge into the output sequence. ME-
argTANL framework simultaneously identifies markers and argumentative structures.
This dual-task approach yields superior performance compared to traditional methods.
Through extensive experimentation on multiple AM benchmarks, we validate the pro-
posed approaches argTANL, Marker-Based Fine-Tuned argTANL, and ME-argTANL
by showcasing strong performance. The ablation study on Abbreviated argTANL
provides additional evidence of the efficiency and effectiveness of our framework,
especially in managing longer sequences. Thus, our research highlights the potential
of generative models in the AM domain. This also paves the way for future research in

integrating domain-specific knowledge into generative models for complex NLP tasks.
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Chapter 4

On the Role of Key Phrases in
Argument Mining

Chapter Highlights

* This chapter addresses the limitations of surface-level cues by focusing on the
deep conceptual connections between argumentative components, introducing
the concept of Related Key Phrases.

* LLM-Based Key Phrase Extraction: A prompt-based strategy is employed,
utilizing a Large Language Model (LLM) to automatically extract the semantic
key phrases that form a conceptual bridge between related AC pairs.

* Key Phrase-Enhanced ANL: The extracted key phrases are integrated directly
into the target ANL sequence. This allows the generative model to explicitly
learn and leverage the internal semantic links when modeling argumentative
relations.

* The framework is evaluated on the joint formulation of ACC and ARI across
three structurally diverse benchmarks: AAE, AAE-FG, and CDCP. The pro-
posed method establishes a new SoTA on all datasets.

* The publication related to this chapter is as follows:

1. Nilmadhab Das, V. Vijaya Saradhi, Ashish Anand, “On the Role of Key
Phrases in Argument Mining,” in Findings of the 2025 Conference of
the Nations of Americas Chapter of the Association for Computational
Linguistics: NAACL, New Mexico, 2025.

4.1 Introduction

In the preceding chapter, we introduced a generative framework, argTANL, which

reframed end-to-end AM as a text-to-text generation task. That work demonstrated
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Claim A: N ' i
. - EWSpapers Claim B: Electric cars
production will have to face o
. . . should be a priority to
environmentalists on its way fioht slobal :
to be alive. 1ght global warming.
Premise A: This is simply Premise B: Public
the contributor to the transportation is a
deforestation which is better idea than electric
happening all over the world. cars.

Fig. 4.1 Examples of Related Key Phrases between related AC pairs, highlighted in
green. Claim A is supported by Premise A, with two key phrases serving as
conceptual bridges between these components. Similarly, Premise B attacks
Claim B, as they are connected by conceptually opposing key phrases.

that by leveraging explicit linguistic signals, specifically argumentative and discourse
markers, we could improve a model’s ability to jointly identify ACs and their cor-
responding ARs. This marker-based approach proved effective for streamlining the

end-to-end pipeline and capturing the overall structure of an argument.

However, that methodology, while successful, primarily relies on surface-level
cues that signal the presence or boundary of an argumentative unit. It does not fully
address the more complex challenge of modeling the deep conceptual connection that
underpins the relationship between two components. For instance, while a marker
like "because" indicates a supporting relationship, it does not capture why the premise
logically supports the claim based on its content. This leaves a critical gap: how to
model the internal semantic links that form the true backbone of an argumentative
relation, especially when explicit markers are absent. Alongside, the previous method

also produced limited performance for the most difficult ARI task across datasets.

This chapter delves deeper into this challenge by shifting focus from external lin-
guistic signals to the internal semantic content of the arguments themselves. We posit
that the most crucial links between related ACs are often encapsulated in Related Key
Phrases, which are conceptual bridges that semantically connect a premise to a claim.
For example, in figure 4.1, the link between Premise A discussing "deforestation" and
Claim A about "environmentalists" is a core element of their argumentative relationship
that previous methods, including the marker-based approach, often overlook. Similarly,
both Claim B and Premise B contain the phrase "Electric cars"”, suggesting a potential
connection between these ACs. Yet, this similarity does not effectively convey the
attacking nature of the relationship between them. Instead, it is the conceptual contrast
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between "Electric cars" in Claim B and "Public transportation” in Premise B that

reveals the true argumentative nature of the relation, where opposing ideas are at play.

To explore this hypothesis, this chapter presents a unified approach to jointly
model a subset of the key tasks in AM: ACC and ARI, given that the ACI task is
already solved. Our method leverages a text-to-text generation framework, where
both input and output are structured using the ANL format. In the input, AC spans
are augmented and enclosed with special symbols. On the output side, AC types
and their corresponding related spans are embedded with augmented labels, also
using special symbols. To invoke the knowledge of related key phrases, we first
prompt an open-source LLLM, guiding it in extracting these phrases between pairs of
ACs from the standard AM datasets. Such extracted phrases are then appended to
the ANL output sequence, embedding this knowledge directly into the text-to-text
generation task. Through extensive experiments across multiple structurally diverse
standard AM benchmarks, our proposed approach achieves SoTA results for both tasks,
outperforming all existing baselines. These results highlight the strong potential of our

method in effectively addressing two distinct AM tasks jointly. In summary:

1. We propose a joint modeling of two key AM tasks, ACC and ARI, using an
ANL-based text-to-text generation framework to model both tree and graph
(non-tree) structured arguments.

2. We integrate the explicit knowledge in terms of related key phrases within the
target ANL to strengthen its relational representation.

3. We utilize LLM-based prompting techniques to extract related key phrases
between related AC pairs, which in turn enhances the proposed task performance.

4. We conduct extensive experiments achieving SOTA results across datasets and
demonstrate strong noise resilience through a Noise Adaptability Study. We also
assess the impact of external knowledge and the utility of joint modeling with an
in-depth argumentative structural analysis.

4.2 Proposed Method

The proposed method consists of two main steps. First, the input ANL is represented
with special markers to indicate argumentative spans. For example: “Nevertheless,
supporters would argue that [ Argument 1 ]. They further point out that [ Argument 2
]." Here, the special tokens “[" and “]" denote the start and end of each argument. The
output representation further extends this format to include argument classification
and relationships: “Nevertheless, supporters would argue that [ Argument 1 | Claim |
Argument 2 ]". This indicates that Argument 1 is classified as a Claim and is related

to Argument 2. Next, from each argument pair, related key phrases are extracted
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C Prompt for Related Key Phrases Extraction )

Q’arget Task: Text-to-Text GeneratiorD

#i## Task:
Given TWO related Arguments AC_1 and AC_2, generate key phrases of AC_1, generate key phrases
of AC_2, generate related key phrases between AC_1 and AC_2 and the reason behind these
related phrases step by step as follows:
### Steps:
- STEP 1: Identify key phrases of AC_1
- STEP 2: Identify key phrases of AC_2
- STEP 3: Identify list of related key phrases from AC_1 and AC_2.
- STEP 4: Give reason for each individual related key phrases.
S>355355>555>555555>555555>55>555>55>555>555>>55>55>>>
# Example 1:
Arguments :
AC_1: "Affirmative action is good public policy."
AC_2: "Diversity improves group decision-making."
Key Phrases of AC_1:
- Affirmative action
- Public policy
Key Phrases of AC_2:
- Diversity
- Decision-making
Related Key Phrases between AC_1 and AC_2:

- ("Public policy", "Decision-making")
- ("Affirmative action", "Diversity")
Reason:

- Effective decision-making helps to shape public policy.

- Affirmative action increases diversity.
>>53553555>555355>55>555>555>555>555 55555555555 55> 555>
(Four more examples like Example 1 are added here)
### Real Data ###
Arguments:

AC_1: "the growing number of natural habitat would be the ultimate solution of saving wild
animals worldwide."

AC_2: "zoos, which are equipped with modern facilities and professionals, would provide
better care for the animals inside."
### Output:

[ Input Paragraph ANL ]

Nevertheless, supporters would argue that [ zoos,
which are equipped with modern facilities and
professionals, would provide better care for the
animals inside ]. They further point out that [ the
endangered species preserved in zoos would never
die of illegal hunting ]. It seems that [ the growing
number of natural habitat would be the ultimate
solution of saving wild animals worldwide ].

1] 7s

[ Key Phrases Integrated Target Output ANL ]

Nevertheless, supporters would argue that [ zoos,
which are equipped with modern facilities and
professionals, would provide better care for the
animals inside | Claim ]. They further point out that
[ the endangered species preserved in zoos would
never die of illegal hunting | Premise | zoos, which
are equipped with modern facilities and
professionals, would provide better care for the
animals inside ]. It seems that [ the growing number
of natural habitat would be the ultimate solution
of saving wild animals worldwide | Premise | zoos,

which are equipped with modern facilities and
professionals, would provide better care for the
animals inside ].
J—

Prompt Output: | Strongly Related Key Phrases:

! | ases
(never die, better care), (natural habitat,
[Extracted Key Phrases: (natural habitat, zoos) 200s)

Fig. 4.2 llustration of the proposed method. On the left, the prompt description for
extracting Related Key Phrases using the LLLM in a 5-shot setting is shown.
On the right, the input/output ANL configurations for the proposed generation
task are presented. Claim spans are marked in red, Premises are in blue, and
augmented labels are in green. The Related Key Phrases within the AC spans
are in bold and are explicitly appended at the end of the output.

Meta LLaMa 3.1
00 (Instruct)

using Lamma-3.1-instruct in a few-shot setup. Then, these extracted key phrases
are appended with the target ANL to produce the final ANL output.

This structured input and output ANL are then used to fine-tune a TS5 model.
During inference, TS5 classifies AC spans, predicts argument relations, and generates
key phrases as a by-product. Figure 4.2 illustrates the overall process. Further details
are discussed in subsequent sections.

4.2.1 Key-Phrases Extraction with LLM

Utilizing an open-sourced LLM Meta-LLaMa-3.1-instruct, we employ a prompt-based
strategy to extract related key phrases from the related ACs. To enhance the quality
of the extracted key phrases, we adopt a few-shot prompting approach, where we
manually create five carefully crafted examples from a standard AM dataset. These
examples illustrate both the input and the expected output, helping guide the model
towards producing the desired results. To prevent the model from generating irrelevant
or random text, we design a well-structured instruction composed of four distinct
steps, each aimed at constraining the extraction process (See Figure 4.2). The first

step consists of extracting key phrases from AC_1, focusing on the most relevant
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phrases that reflect its core argument. In the second step, the model performs a similar
extraction from the AC_2. Notably, both AC_1 and AC_2 may contain more than
one central point. Next, in the third step, those extracted phrases from both the ACs
are matched by identifying conceptual links to establish a connection between these
arguments. In the fourth step, the model provides an explanation of how and why the
chosen pairs of related key phrases are linked. The reasoning is expressed through
meaningful sentences that articulate the logical or thematic connections, ensuring that
the extracted links are relevant and coherent. By reasoning this way, the model is

forced to reduce the likelihood of extracting unrelated key phrases.

4.2.2 Joint Formulation of ACC & ARI

We define the proposed ANL formatting using five core elements: (i) the input para-
graph W = wy,wy,ws,...,wy,, where n denotes the total number of tokens in W, and
a contiguous span covering tokens w; through w; is represented as w;.;. (ii) a list
of ACs, C = {(c;,t;,si,ei) }7_,, where c; represents the AC span, #; specifies its type
(e.g., Claim, Premise), s; is the start index, and e; is the end index of the AC; (iii)
a list of ARs, R = {(h;,t;)}"_,, where hj,t; € C are the head and tail ACs, respec-
tively; (iv) a list of LLM-extracted related key phrases from all the ARs is denoted
by KP = {(ey,,e1,),(€2,,€2,);-- -, (€k,. ek )}, where ¢;, and e;, denote the related key
phrases extracted from related head and tail ACs, respectively; (v) a set of special sym-
bols S ={[,],(,),|,=}, where “[” marks the start of an augmented label, “|” marks the

end of an augmented label, “(” and ) are used to enclose the phrases,

” separates
different augmented labels, and “ = connects the related AC spans. Now, consider
two arbitrary ACs C,, and C, from the set C, which are related by an AR Ry from R,
where h;, = Cj, and 1, = C,. The spans of C), and C, are denoted by Wesico and Wes:ce s
respectively. In the input W, the spans of those ACs are constructed as: [Wc;:c;] and
[ch:cg]~ And, in the output, the augmented labels are created as: [Wc;:c; lcql ch,:c;] to
make connection between the pairs of ACs, and for the head AC C), the augmented
label is written as: [wc;v] ¢ | ¢p]. The remaining tokens in W are rewritten as they are
for both input and output. Finally, all the related key-phrase from all the ARs present
in W are appended at the end of the label-augmented paragraph as:

Strongly Related Key Phrases: (ey,,e1,), (€2,,€2,), ---, (€x,.€xk)-

An illustrative example of the proposed formulation is presented in Figure 4.2. The
figure demonstrates both the ANL-formatted input and the corresponding target output
used for the joint ACC and ARI generation task. In the input paragraph ANL, the com-
plete argumentative component spans are explicitly enclosed within square brackets
to preserve their exact boundaries. For example, the Claim span highlighted in red is

represented as: [ zoos, which are equipped with modern facilities and

TH-4046_216101004



professionals, would provide better care for the animals inside ]. Sim-
ilarly, the two Premise spans highlighted in blue are represented as: [ the endangered
species preserved in zoos would never die of illegal hunting ] and [
the growing number of natural habitat would be the ultimate solution
of saving wild animals worldwide ]. These bracketed spans allow the model

to identify the exact argumentative component boundaries within the paragraph context.

In the target output ANL, the same spans are augmented with structural labels and rela-
tional information. The Claim span is generated as: [ zoos, which are equipped
with modern facilities and professionals, would provide better care
for the animals inside | Claim ], where the appended label explicitly denotes

the component type. The first Premise span is generated as: [ the endangered
species preserved in zoos would never die of illegal hunting | Premise
| zoos, which are equipped with modern facilities and professionals,
would provide better care for the animals inside ]. Likewise, the sec-
ond Premise span is generated as: [ the growing number of natural habitat
would be the ultimate solution of saving wild animals worldwide | Premise
| zoos, which are equipped with modern facilities and professionals,
would provide better care for the animals inside ]. In both cases, the
first segment corresponds to the complete Premise span, the second segment specifies

the argumentative component type, and the final segment explicitly encodes the re-
lated Claim span, thereby jointly modeling ACC and ARI within a unified generation
sequence. Finally, the related key phrases extracted using the LLM-based phrase
extraction module are appended at the end of the output as: Strongly Related Key

Phrases: (never die, better care), (natural habitat, zoos).

4.3 Experimental Setup

4.3.1 Datasets

We evaluate our proposed method on these three AM benchmarks: AAE, AAE-FG and
CDCP. Both AAE and AAE-FG are tree-structured, while CDCP is graph-structured.

4.3.2 Implementation Details

We utilize the Flan-T5 model family [103] in three variants: Base (220M), XL (3B),
and XXL (11B) for all our experiments. A batch size of 32 is used for AAE and AAE-FG,
and that of 16 is used for CDCP. In each case a maximum input/output sequence length
of 1024 is kept. We apply a learning rate of 0.0005 with the AdamW optimizer. All
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experiments are conducted on a single A100 GPU over 10000 steps, with checkpoints
taken every 400 steps. The results are averaged over three independent runs. For the
XL and XXL variants, we incorporate QLoRA adapters [104] for parameter-efficient
fine-tuning. The QLoRA configuration uses a rank (r) of 16, a LoRA alpha of 32, and
a dropout of 0.05. The adapters are applied to the query (g), key (k), value (v), output
(0), and feed-forward network layers (wo, wig, wii). The base model is loaded in 4-bit
using the NormalFloat4 (nf4) quantization type with double quantization, while the

computation is performed using torch.bfloat16.

4.3.3 Evaluation

Following the prior studies [72, 63], we evaluate the performance of the proposed
method using the Macro-Averaged F1 score for both ACC and ARI tasks. We treat an
AC span as correct only when it exactly matches the gold boundaries, and we ignore

partial overlaps to ensure strict consistency with prior benchmarks.

4.3.4 Baselines

We use the following SoTA joint models as baseline systems in our experiments:

Joint-ILP [12]: An argumentation structure parser that performs joint optimization of
ACs and ARs using Integer Linear Programming (ILP).

St-SVM [11]: A structured SVM that models AM as an inference problem in both full
and strict factor graph.

Joint-Ptr-Net [69]: This joint model leverages a Pointer Network architecture to
simultaneously address ACC and ARI tasks.

Deep-Res-LG [70]: It utilizes a residual network with link-guided training.

Span-LSTM [68]: An LSTM-based span representation with argumentative markers
for improved AC and AR processing.

TSP-PLBA [71]: It employs task-specific parameterization for encoding ACs and a

biaffine attention module for ARs.
BERT-Trans [72]: A neural model that employs a transition-based approach.

SB-Parser [73]: Latest dependency parsing approach using Longformer combined

with a Span-Biaffine(SB) architecture for sub-task information sharing.

MRC-GEN [63]: A multi-hop generative formulation converting the AM tasks into

machine reading comprehension.
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Error Type Related AC Spans Extracted Key Correct Key Phrases

Phrases

Generated AC: The better a person feels, the better his brain  (Better feelings, Men-  (Better  his  brain
New Words works. tally healthy society) works, Mentally

AC,: Putting physical activities in early steps of healthy society)

human development would finally lead to men-

tally healthy society.
Smaller AC1: The more cars and motorbikes are on roads, (Cars, Carbon emit- (Cars and motorbikes,
or  Larger the more seriously the ozone layer is damaged. ted) Carbon emitted)
Phrases AC,: This is sure to lead to more carbon emitted

into the atmosphere, which can cause skin cancer.
Unrelated AC;: Roommate turns down the music or televi-  (Nighttime, Relation- (Roommate, Relation-
Phrases sion volume at night time. ship) ship)

AC,: Consideration is always important in rela-

tionship.

Table 4.1 Examples of different erroneous extraction of related key phrases using
Meta-LLaMa-3.1-instruct.

PITA [105]: A generative multitask formulation with prompt-tuning for efficient task

interactions.

4.4 Results and Discussion

4.4.1 Comparison with Baseline Models

Table 4.2 compares the proposed method with the SOTA baselines. Our approach
consistently outperforms all existing baselines by a significant margin in both ACC
and ARI tasks, achieving new SoTA results across all datasets. While most baselines
perform well on the tree-structured AAE dataset, they struggle with the graph-structured
CDCP dataset, particularly for the ARI task. The mix of transitive and non-transitive
relations in CDCP pose challenges that our method handles relatively better. In this
dataset, the proposed method marginally outperforms the latest baseline by 0.6% F1
score for the ACC task with an impressive relative improvement of F1 score of 9% for
the challenging ARI task. Such improvements indicate the strength of our method in
managing complex relationships. In the case of the tree-structured AAE dataset, it gave
similar F1 scores or marginal improvement over the compared baselines for both the
ACC and ARI tasks. This shows that the proposed approach works equally well for
both tree-structured and graph-structured data. For the AAE-FG dataset, we benchmark
our results against the SB-Parser baseline. Considering the original data content of
AAE is classified into nine AC classes in AAE-FG as compared to three AC classes in the
original one, this baseline struggles to classify those fine-grained AC classes correctly,
resulting in poor performance in the ACC task. In contrast, our method achieves a
significant 17.38% F1 score gain in ACC and a 1.65% F1 score improvement in ARI
as compared to the baseline. Such strong performance of our ANL-based method
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Macro-F1

Corpus Model AVG
ACC ARI
Deep-Res-LG 65.3 29.3 47.3
St-SVM (strict) 73.2 26.7 50.0
TSP-PLBA 78.9 34.0 56.4
BERT-Trans 82.5 37.3 59.9
CDCP SB-Parser 82.3 40.1 61.2
PITA 83.6 449 64.3
Base (Ours) 77.9 35.3 56.6
XL (Ours) 84.2 534 68.8
XXL (Ours) 84.2 (+0.6) 53.9 (+9.0) 69.0 (+4.7)
SB-Parser®* 56.6 67.8 62.2
AAE.FG Base (Ours) 71.4 66.1 68.8
XL (Ours) 74.0 (+17.4) 69.4 71.7 (+9.5)
XXL (Ours) 73.3 69.4 (+1.6) 71.3
Joint-ILP 82.6 58.5 70.6
St-SVM (full) 77.6 60.1 68.9
Joint-Ptr-Net 84.9 60.8 Y
Span-LSTM 85.7 67.8 76.8
SB-Parser 86.8 69.3 78.1
AAE BERT-Trans 88.4 70.6 79.5
MRC-GEN 89.2 70.9 80.1
PITA 88.3 73.5 80.9
Base (Ours) 87.4 69.3 78.4
XL (Ours) 89.4 12 81.1

XXL (Ours) 89.5 (+0.3) 73.5 81.5 (+0.6)

Table 4.2 Comparison of experimental results against the baselines. Best scores are
marked in bold. Recent SoTA results are underlined. * indicates the base-
line results produced by running the corresponding open-source code with
original hyperparameters. All values are rounded to one decimal place. Base,
XL, and XXL refer to different variants of the Flan-T5 model.
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Macro-F1

Corpus Variant

ACC ARI

CDCP With KP 77.88 35.28
Without KP  80.58 (+2.7) 34.27 (-1.01)

AAEFG With KP 71.39 66.13
Without KPP 69.83 (-1.56) 64.07 (-2.06)

AAE With KP 87.44 69.26

Without KP  87.20 (-0.24) 68.02 (-1.24)

Table 4.3 Experimental results of "with" or "without" the related key phrases (KP) in
the target ANL with Flan-T5-Base. Best scores are marked in bold.

across diverse datasets, whether tree-structured or not, highlights its generalizability to

manage complex argumentative structures, all while achieving SoTA results.

4.4.2 Impact of Related Key Phrases

To assess the contribution of the related key phrases, we perform the proposed task
without using key phrase information in the output ANL. For this, we use the Flan-
T5-Base model. As shown in Table 4.3, omitting key phrases leads to a decline in
performance in most of the cases across all datasets. This highlights the positive
impact of key phrase information within the ANL in improving both ACC and ARI
tasks. By generating this information, the model gains an internal understanding of
the phrase-level AR connections, enabling it to better distinguish between related ACs.
As a result, the likelihood of incorrectly associating non-related ACs is reduced, which
significantly boosts ARI performance. Noticeably, the drop in ARI performance is
more substantial than in ACC for all datasets. However, there is an exception: the CDCP
dataset actually performs better without key phrases in the ACC task. This exception
could be due to 207 out of 731 paragraphs lacking ARs, meaning a significant portion
of the target ANL lacks key phrase information. This increases the difficulty for the
model to generalize across both types of ANL sequences in the same training set: those
that contain key phrases and those that do not. This complex distribution negatively

impacts the ACC task performance when the key phrase information is on.

4.4.3 Human Evaluation of the Extracted Key Phrases
Since standard AM benchmarks lack explicit annotations for related key phrases, we

conducted a manual evaluation. Two annotators (authors of this paper) assessed 10%

of randomly selected related ACs and their key phrases from the AAE and CDCP training
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sets, classifying them as Correct or Wrong. Out of 506 key phrases analyzed, 451 and
4472 were correct, yielding an average accuracy of 88.24%. The main error types are

summarized in Table 4.1.

Generated New Words: The model generates a new phrase instead of extracting it
directly from the span, resulting in a mismatch with the original span words. This

error is the most frequent one.

Smaller or Larger Phrases: The extracted spans are either too short or too long. Very
few instances of this type of error were found.

Unrelated Phrases: The extracted phrases are not semantically related to the corre-

sponding ACs.

We relied entirely on the capabilities of the LLM for related key phrase extraction
tasks and did not manually filter the erroneous extractions, leaving them unchanged
as they were utilized during training for the proposed generation task. Despite using
these silver-standard key phrases, we achieved SoTA results, highlighting the strength
of the proposed method even when the utilized key phrases are partially noisy.

4.4.4 Joint vs. Standalone Formulation

To evaluate the importance of solving ACC and ARI tasks together rather than handling
them independently, we propose two standalone task formulations by modifying the
original ANL: (i) ACC Only, which focuses solely on the ACC task; (ii) ARI Only,
which handles only the ARI task. In the ACC Only formulation, we remove the related
AC span wes:c¢ from the original augmented label [W“Z”f} lcql Wes:ce |, creating a new
augmented label [Wc;:cg | ¢4 ] in the target ANL sequence. In the ARI Only formulation,
the AC type ¢, is removed to make a new augmented label as [ch]:cf] \ Wc;,;c;,], which
only contains the two related AC spans without their class labels. The input ANL
format remains unchanged for both formulations. We formulate the target ANL in

both with and without key phrase information settings.

Table 4.4 shows the joint setting outperforms the standalone formulations in nearly
all cases. This demonstrates the advantage of joint modeling over treating the AM tasks
independently. The most significant drop of 4.2% F1 scores was observed for the ARI
task on AAE while using key phrases. Performance drop is also observed for the ACC
task, with a maximum drop of 1.65% F1 scores on AAE. The joint formulation benefits
from the mutual feature sharing across different tasks formulated in the same target
ANL, uplifting each others’ performances. In contrast, the standalone formulations
miss out on these advantages, leading to lower performance. However, we observe two

exceptions, one each in CDCP and AAE-FG. For the CDCP, the standalone model using
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KP . Macro-F1
Corpus  Variants
Status ACC ARI
Joint 77.88 35.28
CDCP ACC Only 79.71 (+1.83) -
ARI Only — 33.73 (-1.55)
Joint 71.39 66.13
with KP | AAE-FG ACCOnly 70.29 (-1.1) -
ARI Only - 65.06 (-1.07)
Joint 87.44 69.26
AAE ACC Only 86.75 (-0.69) —
ARI Only — 65.06 (-4.2)
Joint 80.58 34.27
CDCP ACC Only 79.83 (-0.75) =
ARI Only — 33.22 (-1.05)
Joint 69.83 64.07
w/o KP | AAE-FG ACC Only 69.83 —
ARI Only — 66.12 (+2.05)
Joint 87.20 68.02
AAE ACC Only 85.55(-1.65) —
ARI Only — 66.12 (-1.9)

Table 4.4 Joint Vs. Standalone formulation of AM tasks including "with" and "without"

Key Phrases (KP) with Flan-T5-Base. Best scores are in bold.
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Macro-F1

Corpus Variant
ACC ARI
No Noise 77.88 35.28
CDCP  Noise-Inf 75.11 (-2.77) 2829 (-6.99)
Noise-FT  77.65 (-0.23) 36.81 (+1.53)
No Noise 71.39 66.13
AAE-FG Noise-Inf 70.81 (-0.58)  60.89 (-5.24)
Noise-FT 71.48 (+0.09) 64.02 (-2.11)
No Noise 87.44 69.26
AAE  Noise-Inf 86.14 (-13)  65.09 (-4.17)
Noise-FT 87.50 (+0.06) 68.02 (-1.24)

Table 4.5 Performance comparison under different noise setups using Flan-T5-Base.
No Noise refers to training and inference without noise, Noise-Inf adds noise
only during inference, and Noise-FT includes noise in both training and
inference.

key phrases performs better on the ACC task. This is likely due to the fact that 207
out of 731 paragraphs lack ARs in the joint formulation, complicating generalization
across ANL sequences with and without ARs. In contrast, the exclusion of ARs in
the standalone formulation enhances the performance in this dataset. In the AAE-FG
dataset, the standalone ARI task yields better results than the joint formulation with
muted key phrase information. The higher number of AC types in this dataset may
lead to increased number of misclassified ACs, resulting in error propagation with
inaccurate relation identification in the joint formulation. However, by removing
AC-type information in the standalone ARI task, the model improves performance by
reducing the chance of error propagation.

4.4.5 Noise Adaptability Study

This analysis aims to evaluate the robustness of our proposed method to noise by
introducing noisy sentences into the input ANL. These noisy sentences are unrelated
to the paragraph’s content, often presenting an opposing viewpoint or being distinctly
off-topic. We use few-shot prompting containing manually created noise with Meta-
LLaMa-3.1-instruct to generate noisy sentences. On average, the AAE and CDCP
datasets contain 72.35 and 111.2 tokens per paragraph, respectively. Inserting a single
noisy sentence in a paragraph adds roughly 18.57% noisy tokens to AAE and 17.2% to
CDCP. For this significant amount of noise injection, we define two experimental setups:
(D) Train the model with noise and evaluate with noisy inputs. (II) Train the model

without noise and evaluate with noisy inputs. Table 4.5 presents the results under these
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Macro-F1

Corpus Model AVG
ACC ARI
Flan-T5 (Fine-Tuned) 80.58 34.27 38.51
CDCP LLaMa (5-shot) | 3996 850 1641
LLaMa (10-shot) 5295 8.88 20.82
LLaMa (20-shot) 5240 7.64 20.29
Flan-T5 (Fine-Tuned) 69.83 64.07 44.88
AAEFG LLaMa (5-shot) 2573 3875 21.76
LLaMa (10-shot) 37.61 40.95 26.40
LLaMa (20-shot) 39.52 4395 28.08
Flan-T5 (Fine-Tuned) 87.20 68.02 51.97
AAE LLaMa (5-shot) ~ 43.56 19.80 21.37
LLaMa (10-shot) 42.53 27.36 23.51
LLaMa (20-shot) 4246 39.59 27.62

Table 4.6 Performance comparison of Few-shot Meta-LLaMa-3.1-instruct Vs. Fine-
tuned Flan-T5-Base.

conditions. The performance on the ACC task remains notably stable across datasets in
both setups, highlighting the resilience of our method in noisy environments. However,
for the ARI task, there is a significant drop in performance when noise is introduced
during inference without prior exposure in training. When the model is trained with

noise, the drop is notably smaller.

4.4.6 Few-shot Decoder-based LLM vs Fine-tuned Flan-T5-Base

Table 4.6 presents a comparison between the performance of 5-shot, 10-shot, and 20-
shot experiments using the SoTA decoder-based LLM Meta-LLaMa-3.1-instruct and
the fine-tuned Flan-T5-Base, both evaluated without key-phrase information. Although
the few-shot performance improves as the number of examples increases, it consistently
falls short of the fine-tuning approach, which outperforms it by a substantial margin
across all datasets. It is worth noting that we did not conduct an extensive search for
the optimal prompt in the AM task, as determining the most effective prompt can be
quite challenging. Instead, we use the same input-output combination employed in the

text-to-text generation of the proposed model to construct the few-shot prompts.
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Fig. 4.3 Performance comparison of the ARI task in capturing long-range relations,
based on the distance between related ACs, measured by the number of
components separating them. The X-axis represents different Flan-T5 variants
(Base, XL, XXL), while the Y-axis indicates the distance.

Dataset

Model 2-length (%) 3-length (%) 4-length (%) AVG (%)

CDCP

Base 6.52 3.57 0.00 3.36
XL 26.09 25.00 33.33 28.81
XXL 10.87 7.14 0.00 6.67

AAE-FG

Base 38.44 27.06 0.00 21.83
XL 46.26 35629 6.25 29.93
XXL 43.54 35.88 18.75 32.06

AAE

Base 39.46 30.00 18.75 29.40
XL 50.68 40.59 6.25 32.51
XXL 43.88 33.53 12.50 29.97

Table 4.7 Performance analysis of n-length chains in terms of Accuracy(%), where
n={2,3,4}.

Ground Truth
ANL

That is not to say, however, that advertisements have no downsides. Of course, [ the advertising expenses lead to
a higher product price and some of them express fake information, creating information asymmetry between
consumers and companies | Claim ]. Yet, [ its merits still outweigh these downsides | Premise | the advertising
expenses lead to a higher product price and some of them express fake information, creating information asym-
metry between consumers and companies |. Strongly Related Key Phrases: (Merits, Advertising
expenses)

Flan-T5-Base
generated
ANL

That is not to say, however, that advertisements have no downsides. Of course, [ the advertising expenses lead to
a higher product price and some of them express fake information, creating information asymmetry between
consumers and companies | Claim ]. Yet, [ its merits still outweigh these downsides | MajorClaim ].

Flan-T5-XXL
generated
ANL

That is not to say, however, that advertisements have no downsides. Of course, [ the advertising expenses lead to
a higher product price and some of them express fake information, creating information asymmetry between
consumers and companies | Claim ]. Yet, [ its merits still outweigh these downsides | Premise | the advertising
expenses lead to a higher product price and some of them express fake information, creating information asymme-
try between consumers and companies ]. Strongly Related Key Phrases: (Merits, Advertisement
expense)

Table 4.8 Errors where missing key phrases in the generated sequence cause incorrect
AC classification with Flan-T5-base, while the larger Flan-T5-XXL generates
the correct ANL sequence. Incorrect generations are marked in red, and
correct ones in green.
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4.4.7 Argumentative Structural Analysis

We perform an in-depth performance study of our proposed approach in three important
argumentative structural aspects as follows:

(I) Analysing the Relation Chains: Consider an argumentative paragraph contain-
ing multiple ACs, denoted as Cy,(C;,C3,Cy, and Cs. These ACs may form a sequential
chain such as C; — C; — C3 — C4 — Cs, with Cs being the root AC. Each consecutive
AC is related to the previous one, thereby forming a 4-length chain, as four relations
connect these five ACs. Several such n-length chains are present in a paragraph in
both AAE and CDCP, where n = {2,3,4}. In such configurations, relation identification
between two closely connected ACs becomes challenging. Because, given that all
ACs in the chain are (in-)directly related through the root, there is a high likelihood
of incorrectly identifying relations, such as predicting C3 — Cs instead of the correct
C4 — Cs. Table 4.7 reports the performance of different length chains across different
datasets with all three model variants. Considering the inherent difficulties, the results
are promising in both tree and graph-structured datasets. As the chain length increases,
the larger models mostly show better capability in detecting these chains correctly.
Notably, we consider the counts of smaller sub-chains that are part of the bigger chains

in our analysis.

(II) Capturing Long-Range Relations: In an argumentative paragraph, some ACs
are related despite being far apart. For instance, one AC may appear at the start, while
the other is found near the end. We compare the long-range relation identification
performance based on the number of intermediate ACs between the linked components.
Figure 4.3 shows a heatmap comparing model performance across varying distances.
For both versions of the AAE dataset, most model variants excel at capturing these
distant connections. However, in CDCP, the Base model struggles, and the XL model
outperforms the XXL variant. Short-range relations with few or no intermediate ACs
are more prevalent across the datasets, making them easier for most models to identify.
Interestingly, the strong performance on long-range connections, despite their presence

in lower numbers across datasets, showcases the effectiveness of our approach.

(IIT) Performance of Transitive Relations: The inherent challenge of the ARI task
for graph-structured arguments lies in the presence of additional transitive relations.
We evaluate the performance of identifying these transitive relations on the graph-
structured CDCP corpus across different model variants. The base variant identified 9
out of 31 ground truth transitive relations, achieving an accuracy of 29.03%. The XL
variant performed better, correctly identifying 14 out of 31 transitive relations with an
accuracy of 45.16%. The XXL variant exhibited the best results, detecting 17 out of
31 transitive relations, yielding an accuracy of 54.84%. These findings highlight the

strength of our method in handling complex graph argumentative structures.
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4.4.8 Error Analysis

In all datasets, there are a few instances where the Base model either fails to capture
or mistakenly captures relational dependencies. One such instance is shown in Table
4.8. This issue arises due to the erroneous generation or missing key phrases. In
contrast, the larger XXL model effectively generates correct key phrases, enabling
accurate identification of AC types and their spans, thus reducing errors. Also, a small
number of cases exhibit unclosed brackets in the augmented labels in the generated
ANL sequences. Since these errors are rare, we choose not to address them and retain

the generated output as it is.

4.5 Conclusion

This chapter introduces an ANL-based generative framework for jointly modeling
ACC and ARI tasks in AM. By utilizing few-shot LLM prompting to extract related
key phrases between AC pairs, we enrich the output ANL to improve the capability of
capturing complex relations. With extensive experiments across multiple datasets, the
proposed approach achieves SoTA results and handles both tree- and graph-structured
data with ease, demonstrating strength and generalizability. Moreover, it handles noise
effectively and is capable of capturing longer relation chains, long-range relational
dependencies and transitive relations. Despite the strong performance of our ANL-
based method for AM tasks, several limitations remain. First, the accuracy of the
extracted key phrases is closely tied to the quality of the prompts and the performance
of the LLM. As the LLM’s output is not fully predictable, it can occasionally generate
irrelevant or incomplete key phrases. These are discarded, and we do not attempt
further extraction from these instances, leaving them empty during the construction of
the proposed target ANL. Second, the method’s reliance on key phrases introduces
variability in performance, particularly in datasets like CDCP, where the inclusion
of key phrases sometimes leads to performance drops. A more dynamic strategy
for key phrase integration, tailored to dataset characteristics, could improve results.
Another limitation is the challenge of handling transitive relations in graph-structured
arguments. While our method performs well, the accuracy for detecting transitive
links remains moderate (up to 54.84%), indicating room for improvement in more
complex, non-hierarchical structures. Finally, the joint modeling of ACC and ARI
tasks can lead to error propagation, especially in datasets with a large number of AC
types, such as AAE-FG, where mistakes in one task may negatively impact the other.
Refining error mitigation strategies could help reduce these issues. Addressing these
limitations in future work will enhance the robustness and adaptability of the proposed
method further.
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Chapter 5

Ent-BAM: A Generative Framework
for Biomedical Argument Mining
Enriched with Entity Information

Chapter Highlights

* This chapter focuses on enriching biomedical argument mining (BAM) with
domain-specific cues by integrating Outcome entity information within the
ANL-based generative framework.

* LLM-Based Entity Extraction: A prompt-based strategy is employed to extract
(co-)occurred Outcome entities between related ACs from the standard BAM
dataset to model the BAM.

 Entity-Enriched ANL: The extracted entities are prepended to the target ANL
sequence, enabling the model to jointly solve all four BAM tasks: ACI, ACC,
ARI, and ARC.

* The proposed Ent-BAM framework enhances the conditional generation process
by aligning entity information with argumentative labels, achieving SoTA results
on the standard BAM benchmark.

* The publication related to this chapter is as follows:
1. Nilmadhab Das, Yash Sunil Choudhary, V. Vijaya Saradhi, Ashish Anand,

“Ent-BAM: A Generative Framework for Biomedical Argument Mining

Enriched with Entity Information,” Accepted in IEEE Transactions on
Artificial Intelligence (TAI), 2025.

5.1 Introduction

In the preceding chapter, we proposed a key phrase-aware generative framework that

enhanced argumentative relation modeling by introducing Related Key Phrases. These
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Claim: Intraperitoneal perfusion of
verapamil enhances the efficacy of
chemotherapy drugs, prolongs survival, and
improves the quality of life.

Evidence: Evidence: The quality of Evidence: The rate of
Cumulative survival life improved in control group efficacy was
rate was also by 13.7 %, while combined significantly higher in
significantly higher in treatment group showed the combined treatment
the combined improvement of 83.5 % (p < group (85.36 %; p <
treatment group. 0.05 vs. control group). 0.05 vs. control group).

Fig. 5.1 An example of argumentative structure from standard BAM dataset highlight-
ing the occurrences of entities (green) in individual ACs and co-occurrences
among related pairs of ACs.

were semantic bridges that connect conceptually linked ACs. This approach demon-
strated that enriching ANL sequences with contextual key phrases allows generative
models to better capture the internal semantics between ACs, thereby improving rela-
tion identification and classification. While this framework effectively handled generic
argumentative texts, it remained limited to open-domain AM and did not incorporate
domain-specific knowledge critical to specialized fields such as biomedical literature.

BAM presents unique challenges that demand domain-informed reasoning. The
ACs in biomedical texts such as clinical trial abstracts are often grounded in PICO
elements. It focuses on four key entities: Patients/Population (P), which represents
the group of individuals being studied; Intervention (I), referring to the treatment or
procedure applied; Control/Comparison (C), which serves as a baseline or alternative
to the intervention; and Outcome (O), describing the results or effects observed. These
entities are also present in the standard BAM dataset [8], consisting of abstracts of
clinical trial reports. A study by Liu et al. [83] on this dataset reveals that these
entities have significant occurrences in ACs and co-occurrences in related pairs of
ACs in AM literature (See Figure 5.1). Similar entities within a pair of ACs strongly
suggest a high likelihood that an AR exists between these ACs. The presence of many
such entities within a single AC indicates that the AC is the central argument of an
argumentative structure. Moreover, in a pair of related ACs, if they share at least one
common entity and one of the ACs contains multiple distinct entities, the direction of
the AR is likely to flow from the AC with fewer entities to the AC with more entities.
Another important observation shows that the ACs in this dataset primarily describe
experimental results and conclusions of the clinical trials. As a result, the Outcome (O)
entity appears most frequently within these ACs [106], emphasizing the significance
of Outcome (O) entities over other PICO elements in this BAM dataset.
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Despite the importance of PICO entities in BAM literature, leveraging these
informative rhetorical cues in a BAM system is not straightforward. The primary
challenge lies in the lack of PICO entity (co-)occurrence annotations in standard BAM
datasets, which makes it difficult to utilise this valuable information effectively. Liu
et al. [83] made an effort to utilise the Outcome entities in BAM for the ARI task
through a transfer learning approach. Their method extracted PICO information from
an external dataset using an entity-cluster extraction module and later mapped the
Outcome entities only into the BAM dataset. However, this approach is inherently
tedious, as it involves multiple engineering steps and addresses only the ARI task. This
leaves significant room to explore efficient methods to incorporate the information of
Outcome entities in solving all key BAM tasks more comprehensively.

The use of large language models (LLMs) as external knowledge sources has
been demonstrated to be highly effective in several studies [107]. Recently, numerous
approaches have been developed to leverage LLMs for NLP applications by eliciting
external knowledge through prompting. For instance, Wadhwa et al. [108] utilised
GPT-3 to generate explanations detailing why specific tuples of entities are related.
These explanations were then appended to the target generation text, providing ad-
ditional context for the relation extraction task and yielding significant performance
improvements. Building on this idea, a similar strategy was applied to NER tasks by
Jiang et al.[109], leading to a performance gain. Building on the proven capability of
LLMs to extract relevant task-specific knowledge, we employ a prompt-based strategy
to leverage LLMs for extracting Outcome (co-)occurred entities from the BAM dataset.
This approach addresses the lack of explicit annotations for such entities in the standard
BAM corpus.

Recently, ANL-based frameworks [91] have been employed to transform various
structured prediction tasks such as Joint Entity and Relation Extraction, into text-to-
text generation problems, resulting in improved performance. In this setup, plain text
is given as input, and target labels are embedded within the generated output to form
the ANL sequence. Kawarada et al. [76] first apply this approach to BAM tasks, but
without incorporating biomedical-specific information, which limited performance on
BAM datasets. To address this gap, we use ANL-based formulation with biomedical-

specific customizations to improve the modeling of BAM tasks.

In this chapter, we propose Ent-BAM (Biomedical Argument Mining using
Entities), an ANL-based generative framework designed for BAM that jointly ad-
dresses all four key BAM tasks. This framework leverages the previously LLM-
extracted Outcome (co-)occurred entities to construct a biomedical entity-enriched
target ANL. Such a biomedical entity-enriched target ANL models the relational depen-
dencies in a simple yet efficient way with biomedical-specific information. Ent-BAM
divides the whole process into distinct steps. The first step extracts relevant entities
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(Sﬁep 1: Few-Shot Prompt-based Outcome Entity Extraclinn) ( Step 2: Formation of Target Output ANL with Extracted Entities ) ( Step 3: Text-to-Text Fine-Tuning )

Input (W) .
##t# PROMPT Abstract of Randomized Clinical Trail Report 23945243 Given Raw Abstract
Consider you are a friendly cancer specialist and you will analyse cancer research
trial reports. This study was designed to evaluate efficacy, .... were assessed W
in both study groups. Thus, the rate of efficacy was significantly
#it# TASK: higher in the combined treatment group (85.36 %; p < 0.05 vs.
Given a clinical trial report, you need to find all the cancer-specific "Outcome" control group). Using KPS scores, changes in quality of life were
entities only in JSON format. Outcome entities refer to the specific measurable compared before and after the treatment. The quality of life as input
results or effects that are being i asa of the { improved in control group by 13.7 %, while combined treatment
being studied, essentially representing the "O" (Outcome) element of PICO group showed improvement of 83.5 % (p < 0.05 vs. control
P d h C Outcome) group). Further, cumulative survival rate was also significantly
higher in the i group. Intr i perfusion
Following are the examples for your reference: N
#it# Example 1: of verapamil enhaqces the efficacy of chemotherapy drugs,
Report: prolongs survival, and improves the quality of life.
In endocrine therapy trials in advanced breast cancer, patients ............. are
investigated separately.
Outcome Entities: Target Output (2)
S( N Entitiy-Enhanced Augmented Natural Language
‘type': outcome,
“entity": ['response”, "stable disease", "coping", ‘mood", "physical well-being", ly Outcomes: ((efficacy, adverse effects, quality of life, survival rate))
"progressive disease", "quality of life", "appetite" ]
eevesesens & MOFE EXAMPIES TONOWS wvovevrre This study was designed to evaluate efficacy, .... were assessed in both
study groups. Thus, [ the rate of efficacy was significantly higher in the
#4444 Real Data ### combined treatment group (85.36 %; p < 0.05 vs. control group). |
Report: This study was designed to evaluate efficacy, ............. and improves the Evidence Support | Intraperitoneal perfusion of verapamil enhances the Generate
quality of life. efficacy of chemotherapy drugs, prolongs survival, and improves the
Outcome Entities: quality of life. ] Using KPS scores, changes in quality of life were
compared before and after the treatment. [ The quality of life improved
Note: Avoid unnecessary text like steps or explanations. Strictly follow the in control group by 13.7 %, while combined treatment group showed
formatting improvement of 83.5 % (p < 0.05 vs. control group). | Evidence Support
| Intraperitoneal perfusion of verapamil enhances the efficacy of as output,
chemotherapy drugs, prolongs survival, and improves the quality of f :
0Q MetaLLamas.1 life. ] Further. [ cumulative sunvival rate vas aloo sniicanty nigher n | Which contains
(Instruct) (Entiles are the combined treatment group. | Evidence Support | Intraperitoneal (i) Augmented ACs &
. Prepended perfusion of verapamil enhances the efficacy of chemotherapy drugs,
Prompt Output: totarget ANL) | ‘prolongs survival, and improves the quality of life. ] [ Intraperitoneal " ARs -
Extracted Entities: perfusion of verapamil enhances the efficacy of chemotherapy drugs, (i) Outcome Entities
Outcome: [efficacy, adverse effects, quality of life, survival rate | prolongs survival, and improves the quality of life. | Claim ] as by-product

Fig. 5.2 An overview of the Ent-BAM framework. Step 1 extracts entities using a
prompt-based strategy. Step 2 formulates the target ANL output consisting
of augmented AC and AR labels with extracted Outcomes entities. Claim
and Evidence are marked in Green and Blue respectively, with AR labels
underlined and AC labels italicized. Step 3 describes the proposed text-to-text
fine-tuning using an encoder-decoder model.

with the help of a LLM. The second step prepares the training data in a desired format.
It transforms the raw text of a clinical trial report into a label-augmented target ANL
output, embedding both AC and AR labels. Subsequently, the (co-)occurrence infor-
mation of Qutcome entities, extracted in the first step and related to the corresponding
ACs, is prepended to the ANL, forming the final target output. The third and final step
fine-tunes an encoder-decoder model. Given the raw clinical trial report as input, an
encoder-decoder model is then trained to generate the proposed target ANL output,
which contains both augmented ACs/ARs and the Outcome entities. By incorporating
entity information in this manner, the model enhances its conditional generation ca-
pabilities for AC and AR labels by generating additional Outcome entity information
alongside the label-augmented output. Experimental results demonstrate improve-
ments over recent baselines, achieving state-of-the-art (SoTA) results on the standard

BAM dataset. We summarise the main contributions of this chapter as follows:

1. We propose Ent-BAM, an ANL-based framework for joint modelling of all four
key BAM tasks: ACI, ACC, ARI and ARC, where the generation is guided by
(co-)occurred Outcome entity information.

2. We prompt an LLM to extract (co-)occurred Outcome entities from the standard
BAM dataset, where the explicit annotation of such entities is absent.

3. We conduct extensive experiments with ablation studies and error analyses,
achieving SoTA results that highlight the strength of our approach.
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5.2 Ent-BAM Framework

This framework is built on three key steps. The first step extracts Outcome entities
from a standard BAM dataset using a prompt-instructed method powered by an LLM.
The next step utilizes the extracted entities to create an entity-enhanced ANL. The
final step is to fine-tune an encoder-decoder model for a text-to-text generation with
raw clinical trials as input and the proposed entity-enhanced ANL as output. Figure
5.2 illustrates all steps of the Ent-BAM. Subsequent sections discuss each of the steps
in detail.

5.2.1 Prompt-Based Entity Extraction

We implement a Few-Shot prompt-based extraction strategy with an open-sourced
LLM, Meta-LLaMa-3.1-instruct to extract the Outcome entities (See Figure 5.2 step 1).
As the dataset mainly contains cancer-related trials, we instruct the LLM to assume the
role of a friendly cancer specialist tasked with analyzing research trial reports. Given
a specific report and five reference examples, the LLM is instructed to extract the
Outcome entities from it. The final output is structured in a JSON format, containing
a list of the identified Outcome entities. The prompt emphasizes strict formatting

adherence and discourages unnecessary text or explanations.

5.2.2 Entity Enhanced Target ANL Formulation and Fine-Tuning

We first introduce notations used in describing the step two of the proposed method. A
paragraph W with n number of tokens is written as W = wy,w», w3, ....,w,. For a text-
span w;, Wit 1,Wi42,...,w; in W, we write it as w;.;. AC is indicated as c), and its type
as t,. An AC span is indicated as Wes:ee with cf, and cf, indicates start and end indices
of the AC ¢, in W. r), indicates the AR type (e.g., Support, Attack) between the head
AC ¢, and the tail AC ¢,. We also use a set of special symbols S = {[,],((,)),|} in the
formatted target ANL output. “[” marks the start of an augmented label, “|” marks the

end of an augmented label, “((” and *“))” are used to enclose the entities, and “|” is

used to separate different augmented labels in the output.

In a paragraph W, if two ACs ¢, ¢, are related with r,, type, and ¢, as a head AC
and ¢, as tail AC, then for the token spans of ¢, i.e. Wes e and ¢, 1.€e. Wesico the model
will generate augmented labels of this relation pairs as [chi e |24 7pq | wc;;c;;] and for
the head AC as [wey.¢ |1, ]. The remaining tokens in W will be rewritten as they
are. At last, the whole constructed sequence will be appended after E = Qutcomes:
((e1,ea,...,e;)) to form final target output ANL Z.
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As shown in step 2 of Figure 5.2, the first augmented label of the output text, [
the rate of efficiency ... | Evidence Support | Intraperitoneal perfusion of verapamil ...
|" indicates that “the rate of efficiency ..." is an AC of type Evidence and it Supports

n

another AC “Intraperitoneal perfusion of verapamil ...", which is of type Claim,
which is originally present at the end of the paragraph with an augmented label “|
Intraperitoneal perfusion of verapamil ... | Claim |". This way, augmented labels
are created for all the ACs in the paragraph. Within these AC spans, entities such
as “efficacy,” “adverse effects,” “quality of life,” and “survival rate” are the extracted
Outcome entities. These extracted entities are added at the beginning of the target

output, forming the final proposed output.

5.2.3 Proposed Text-to-Text Fine-Tuning

Given the raw clinical trial paragraph W as input, an encoder-decoder model is fine-
tuned to generate the previously constructed proposed ANL output Z to perform two
tasks in a single target output: (I) Generation of label-augmented ACs and ARs, and
(IT) Generation of Outcome entities as a by-product. During the inference, the flattened
ANL is post-processed to get the final ACs and ARs. We ignore the generated Outcome
entities as they are not part of the argumentative structure.

5.3 Experimental Setup

5.3.1 Datasets

We consider the standard BAM dataset AbstRCT to evaluate the proposed method.

5.3.2 Implementation Details

We employ Flan-T5 [103] with four different model sizes: Base (220M), Large (770M),
XL (3B), and XXL (11B). We perform all experiments using an NVIDIA A100 GPU
with a maximum input/output sequence length of 1024. For the Base model, we use a
batch size of 8, while a batch size of 16 is employed for the other model variants. The
AdamW optimizer is applied with a linear learning rate decay starting from 0.0005.
Results are averaged across three independent runs. Apart from the Base model,
QLoRA adapters [110] are utilized during fine-tuning. The QLoRA configuration
uses a rank (r) of 16 and a LoRA alpha of 32, with a dropout rate of 0.05 and no
bias. It is set up for sequence-to-sequence language modeling (SEQ_2_SEQ_LM) and

targets specific modules including query, value, key, and output layers. The model
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Micro F1 Scores of Key BAM Tasks

Test Split Baseline Model ACT ACC ART ARC AVG
GMAM [18] BART-Base 7267 6535 3488 33.64 51.63
ST [17] Longformer 7029 6416 3935 3838 53.04
DENIM [77] BART-Base 7752 7019 4179 40.46 57.49
77777777777777777777777777777 Flan-T5-Base 7871 7229 3866 3714 5670
. Flan-T5-Large 7700 7220 4324 42.50 58.75
ANL-AMT[76] Flan-T5-XL 7822 7202 4334 42.58 59.04
NEO-test Flan-T5-XXL 7834 7290 4720 4596 61.10
77777777777777777777777777777 Qwen-3-8B-Instruct 7641 6955 4324 4108 5757 7
LLaMa-3.1-8B-Instruct 7090  64.62 3972 3675 52.99
Flan-T5-Base 7938 ARl 4319 A6 5938
Ent-BANM (Ofsh * o oaim 7977 7458 4554 4421 61.02
Flan-T5-XL 8059 7549 5268  49.83 64.64
Flan-T5-XXL 81.67 7604 5456 5157  65.96 (+4.86)
ST* [17] Longformer 59.36 55.58 17.89 17.19 37.51
DENIM* [77] BART-Base 78.14 7275 4237 4152 58.70
77777777777777777777777777777 Flan-T5-Base 7964 7371 3776 3675 5696
. Flan-T5-Large 8141 7631 4205 4179 60.39
g L-AM” [7d] Flan-T5-XL 8256 7688 4564  44.87 62.48
GLAU-test Voo ] Flan-T5-XXL 8187 7572 4934 4881 6393
Qwen-3-8B-Instruct 76000 T 723142 T a4 5974
LLaMa-3.1-8B-Instruct 7546 6941 4256  41.60 57.25
Flan-T5-Base 8027 746640193971 5870
Ent-BAM (OUrs) TS Large 8079  75.12 4150 4035 59.44
Flan-T5-XL 8229 7781 5073 4947  65.07(+1.14)
Flan-T5-XXL 8288 7737 5047 4866 64.84
ST* [17] Longformer 60.60 5634 2305 2239 40.62
DENIM* [77] BART-Base 7524 6868 3928  37.79 55.25
77777777777777777777777777777 Flan-T5-Base 7489 6822 4022 3797 5532 7
. Flan-T5-Large 7443 7060 4090  40.62 56.63
AN Flan-T5-XL 7666 7144 4202 4113 57.81
Flan-T5-XXL 7843 7323 4369 4340 59.68
MIX-1ESt  Fmmmmmm o m e e e L L s ool liiooooooolosioiooooooo.
Qwen-3-8B-Instruct 7510 6830 40,00 739.03 55.60
LLaMa-3.1-8B-Instruct ~~ 72.60  67.63 4033  39.33 54.97
Flan-T5-Base 77037059 4100 739,16 56.94
B R S T 7791 7277 4133 40.15 58.04
Flan-T5-XL 7840 7409 4748 4542 61.34
Flan-T5-XXL 7933 7370  49.15 4686 6226 (+2.58)

Table 5.1 Comparison of Ent-BAM against the baselines in terms of Micro FI scores
across all test splits of the AbstRCT dataset. The highest scores are in
Bold, and improvements over SOoTA are highlighted within brackets in
Green. Scores marked with * are reproduced using public code from the
respective baselines; those marked with # are from our reimplementation due
to unavailable source code. In the AVG column, underlined scores compare
Ent-BAM with the most recent SOTA model of equivalent scale across each
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loads in 4-bit precision (load_in_4bit) with NF4 quantization (bnb_4bit_quant_type),
double quantization enabled (bnb_4bit_use_double_quant), and computes using the
torch.bfloat16 data type (bnb_4bit_compute_dtype). In addition to the Flan-T5 model
family, we also report results using two recent instruction-tuned decoder-only models:
LLaMa-3.1-8B-Instruct' and Qwen-3-8B-Instruct?, to ensure the generalisation
ability of our method across models. These are fine-tuned via the Unsloth? framework
with the similar QLoRA configuration as described above.

5.3.3 Prompt-Based Entity Extraction

We extract the Outcome entities solely from the NEO-train dataset using a Few-Shot
prompt-based extraction strategy. The dev and all three test splits are not used. These
entities are only required in the training process to enhance the model. During this
fine-tuning step of the model Flan-T3, the generation of these entities, as an auxiliary
task, helps the model to enrich the conditional probabilities of the augmented ACs and
ARs.

5.3.4 Baselines and Evaluation

We compare our method with the following SoTA baselines. GMAM [18] is a gen-
erative model using positional encoding and a pointer mechanism to solve all key
BAM tasks. ST [17] enhances task sharing with Longformer and Biaffine Attention,
which solves all key BAM tasks. ANL-AM [76] applies a text-to-text ANL strat-
egy with Flan-T5, which originally solves ACC and ARC only. DENIM [77] uses
discourse-aware prefixes and multi-task prompting to solve all key BAM tasks.

Most baselines report results on the NEO-fest set only. To ensure a thorough
comparison, we ran the latest strong baselines, ST and DENIM, on the GLAU-test
and MIX-test sets using their open-source code and original hyperparameters. For
ANL-AM, the authors’ code is unavailable, so we reimplemented it using the reported
hyperparameters for all three test splits. As a result, our scores for the ACC and ARC
tasks on the NEO-test slightly differed from those reported in the original paper, which
only provides results for these two tasks. We report the results of all four tasks with
our implementation in Table 5.1. Following prior work [17], we evaluate all four BAM
tasks using the Micro-F1 metric. An AC prediction is counted as correct only when its
span exactly matches the gold annotation. Partial span overlaps are not considered,

ensuring strict consistency with earlier evaluation settings.

Thttps://github.com/meta-llama/llama3
Zhttps://github.com/QwenLM/Qwen3
3https://unsloth.ai/
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5.4 Results and Discussion

5.4.1 Main Results

Table 5.1 presents the comprehensive performance comparison of the proposed Ent-
BAM framework with the latest SOTA baselines across all test splits of the AbstRCT
dataset. As the Ent-BAM framework addresses all four key BAM tasks, we compute the
average performance to compare those tasks in one place, similar to the studies in [77].
The results demonstrate that Ent-BAM consistently surpasses all existing baselines,
establishing new SoTA results across all test splits. Specifically, in the NEO-test,
GLAU-test, and MIX-test splits, our method outperforms the average Micro F1 scores
of the most recent SOTA baseline DENIM by significant margins of 4.86%, 1.14%,
and 2.58%, respectively. These improvements across different diseases underscore
the cross-disease generalizability of our approach, even when trained exclusively on
the NEO-train set. We also observe that, compared to the non-generative baseline ST,
the generative baselines DENIM and ANL-AM, along with the proposed Ent-BAM,
consistently outperform in solving BAM tasks across all test splits. This highlights
the advantages of adopting a generative approach for BAM. However, the GMAM
baseline struggles to effectively model relational dependencies, leading to weaker
performance in the ARI and ARC tasks. In contrast, Ent-BAM excels in handling
relational dependencies, delivering robust performance across all tasks, including ARI
and ARC.

Upon analysing the performance of decoder-only models, namely Qwen-3-8B-
Instruct and LLaMa-3.1-8B-Instruct, the results suggest that these models demonstrate
competitive performance compared to earlier baselines such as ST and GMAM. How-
ever, their effectiveness lags behind that of the Flan-T5 variants of similar or smaller
scale. This is evident across all test splits and especially pronounced in the ARI
and ARC tasks, where relational reasoning is crucial. For instance, on the NEO-test
split, Qwen achieves an ARC score of 41.08 compared to 51.57 with Flan-T5-XXL,
and LLaMa attains only 36.75 in ARI, reflecting limitations in modelling the argu-
ment relations. This suggests that, despite their strong general-purpose capabilities,
decoder-only models are less suited to BAM tasks within the current setup. On the
other hand, with the increase in model parameters of Flan-T5, the performance of
Ent-BAM improves. Especially for the models with higher parameters, Ent-BAM
captures the relations dependencies very well. For instance, in the comparatively
complex ARC task, the performance improvements from Base to XXL across the
NEO-test, GLAU-test, and MIX-test splits are substantial: 10.31%, 8.95%, and 7.7%,
respectively. Whereas the improvements for ACC tasks are 2.23%, 2.71%, and 3.11%,

respectively. This suggests the utility of using larger encoder-decoder models in mod-
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Dataset Model ACI ACC ARI ARC AVG

NEO-test Ent-BAM 79.28 73.81 43.19 41.26 59.38

e Ent-BAM(-OE) 78.19 71.38 41.42 39.32 57.57 (-1.81)
Ent-BAM 80.27 74.66 40.19 39.71 58.70

GLAU-test

e Ent-BAM(-OE) 80.07 75.06 40.01 39.36 58.62 (-0.08)
Ent-BAM 77.03 70.59 41.00 39.16 56.94

MIX-test

Ent-BAM(-OE) 76.68 70.67 39.21 37.28 55.96 (-0.98)

Table 5.2 Results of ablation experiments across all test splits in Micro F1 Scores.
Ent-BAM(-OE) is without the list of Qutcome entities.

elling the argumentative structural dependencies, making them especially suitable for

BAM tasks requiring complex relational reasoning.

5.4.2 Ablation Study

We conduct an ablation study by removing Outcome entities from the ANL. We
refer to this variant as Ent-BAM(-OE). It uses the Flan-T5-Base model. Table 5.2
shows the average performance across all BAM tasks in Ent-BAM(-OE) consistently
lagged behind the original Ent-BAM variant across all test splits. The drop is more
pronounced in NEO-test and MIX-test splits, emphasizing the positive impact of
integrating Qutcome Entity (Co-)Occurrence information in Ent-BAM. When the
model generates Outcome entities at the beginning of the sequence, it implicitly
provides some guidance for identifying and classifying ACs and ARs. Interestingly,
the Ent-BAM(-OE) still outperforms the recent SoTA baseline DENIM in NEO-fest
and MIX-test splits, highlighting the effectiveness of the ANL-based formulation for
jointly addressing all BAM tasks.

Additionally, we perform another ablation study to assess the utility of the proposed
target ANL format (repeated AC spans for relation aggregation). We design an
Abbreviated format (see Figure 5.3) that replaces repeated AC spans with ID-token
identifiers. For a paragraph containing n Evidences and m Claims, we assign tokens
such as E/, E2, ... for Evidences and CI, C2, ... for Claims, assigned in order of
appearance. These tokens are used consistently during AR-type assignment, replacing
repeated AC spans. This approach reduces output length and preserves relational
links via token references. However, results using Flan-T5-Base (Table 5.3) show a
consistent performance drop across tasks and splits. The added indirection appears
to hinder the accurate localisation of ACs and their relations. This suggests a trade-
off between sequence compression and performance, highlighting the benefit of the

original span-based relational representation in this generative AM modelling.
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Proposed Target Output J

Outcomes: ((remission rate, disease control, quality of life, response
rate, progression etc.))

[ Responses (> or = 50% improvement) were seen in 3 (20%) of 15
patients with an initial dose at 6.5 mg/m(2) per day (95% confidence
interval [Cl], 0%-40%), 15 (54%) of 28 patients at 300 mg/m(2) per day
(95% ClI, 35%-72%), and 10 (67%) of 15 patients at above 300
mg/m(2) per day (95% CI, 43%-91%). | Evidence Support | Bexarotene
(Targretin capsules) (the first retinoid X ..... doses of 300 mg/m(2) per
day. ] [ The rate of progressive disease was 47%, 21%, and 13% at the
same dose levels, respectively. | Evidence Support | Bexarotene
(Targretin capsules) (the first retinoid X ..... doses of 300 mg/m(2) per
day. ] [ Eight (73%) of 11 patients crossing over from 6.5 mg/m(2) per
day to higher doses subsequently responded. | Evidence Support |
Bexarotene (Targretin capsules) (the first retinoid X ..... doses of 300
mg/m(2) per day. ] [ Bexarotene (Targretin capsules) (the first retinoid X
..... doses of 300 mg/m(2) per day. | Claim ]

[Abbreviated Target OutputJ v

Outcomes: ((remission rate, disease control, quality of life, response
rate, progression etc.))

[ Responses (> or = 50% improvement) were seen in 3 (20%) of 15
patients with an initial dose at 6.5 mg/m(2) per day (95% confidence
interval [Cl], 0%-40%), 15 (54%) of 28 patients at 300 mg/m(2) per day
(95% ClI, 35%-72%), and 10 (67%) of 15 patients at above 300
mg/m(2) per day (95% ClI, 43%-91%). | E1 Support | C1] [ The rate of
progressive disease was 47%, 21%, and 13% at the same dose levels,
respectively. | E2 Support | C1 ] [ Eight (73%) of 11 patients crossing
over from 6.5 mg/m(2) per day to higher doses subsequently
responded. | E3 Support | C1 ] [ Bexarotene (Targretin capsules) (the
first retinoid X ..... doses of 300 mg/m(2) per day. | C1]

Fig. 5.3 Representation of Abbreviated ANL output using “ID-tokens" to replace

repeated AC spans.
Outcomes Distribution in ACs Outcomes Distribution in ARs
L 80 C = Claim 78.40% R g 23.33%
S A 0,
0 MC = MajorClaim 0 21.34%
9 ; 920
B 60 E = Evidence B 17.12%
L -
& £ 151 12.98%13.18%
g g
£ 21.60% g 10
g 20 S s
L = -
S S
°© 0 ° 0
C & MC E C-MC C-C E-E E-C E-MC

Fig. 5.4 The left figure illustrates the percentage occurrences of Qutcome entities
across different ACs in the NEO-train split, while the right figure presents
their distribution within various related pairs of ACs.
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Dataset Model ACI ACC ARI ARC AVG

NEO-test Ent-BAM 79.28 73.81 43.19 41.26 59.39
Ent-BAM(Abbr) 67.94 59.91 32.65 30.61 47.78 (-11.61)

GLAU-test Ent-BAM 80.27 74.66 40.19 39.71 58.71
Ent-BAM(Abbr) 71.45 64.08 35.49 34.08 51.78 (-6.93)

””””””””””” Ent-BAM  77.03 70.59 41.00 39.16  56.95
Ent-BAM(Abbr) 67.16 58.39 34.55 32.11 48.55 (-8.40)
Table 5.3 Comparison between Ent-BAM and its Abbreviated Output Variant across

all test splits (Using Flan-T5-Base).

Dataset  Model ACI ACC ARI ARC AVG
Ent-BAM 79.28 73.81 43.19 41.26 59.39
NEO-test  with Zero-Shot 77.74 72.20 39.89 37.73 56.39 (-3.00)
with TransforMED 76.69 69.63 40.10 37.98 56.10 (-3.29)
””””””””””” Ent-BAM  80.27 74.66 40.19 39.71 5871
GLAU-test with Zero-Shot 78.08 72.71 39.75 39.44 57.00 (-1.71)
with TransforMED 78.45 73.02 42.46 41.53 58.87 (+0.16)
””””””””””” Ent-BAM  77.03 70.59 41.00 39.16  56.95
MIX-test  with Zero-Shot 76.25 70.29 39.11 37.22 55.22 (-1.73)
with TransforMED 72.89 66.71 36.67 34.82 52.77 (-4.18)

Table 5.4 Comparison of Ent-BAM (Few-Shot) with Zero-Shot, and TransforMED
extraction approaches using Flan-T5-Base.

4000 Total vs Unique  5g47 Unique Entity Count Distribution
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Fig. 5.5 Comparison of Outcome entity counts, and distributions across extraction
methods, revealing redundancy and noise in Zero-Shot and TransforMED
outputs.
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Few Shot Method Zero Shot Method TransforMED Method

quality of life quality of life survival
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Fig. 5.6 Statistics of predominantly occurring Outcome entities in the NEO-train split
using different methods of extraction.

5.4.3 Analysis and Evaluation of the Extracted OQufcome entities

Figure 5.4 shows that Outcome entities appear far more frequently in Evidence ACs
than in Claims or MajorClaims. Among AR pairs, they are most common in Evidence-
MajorClaim, while Claim-MajorClaim shows fewer occurrences. As noted by [83],
current biomedical datasets often lack cancer-specific PICO elements like “Quality
of Life" and “Survival Rate," making direct quality comparisons difficult. To address
this, we conducted a human evaluation of 10% of the training data. Two annotators
reviewed the extracted entities, achieving a Krippendorff’s Alpha of 0.69 and an Inter-
Annotator Agreement of 94.47%, indicating strong reliability. This suggests that our
silver-standard entities are of good quality and beneficial to Ent-BAM’s performance.
While some entities may be missed due to prompt-based limitations, this analysis

focused solely on evaluating the quality of those extracted.

To assess the effectiveness of our proposed Few-Shot Outcome extraction method,
we compare it with two alternative strategies: (i) a Zero-Shot variant, which follows the
same pipeline but omits examples in the prompt; and (ii) TransforMED, a recent tradi-
tional BIO-tagging approach that uses an encoder-based model trained on biomedical
texts to extract PICO elements [111]. In both cases, the extracted Qufcome entities are
integrated into the final ANL target output of Ent-BAM. Both models are fine-tuned
using the Flan-T5-Base backbone, and the results are summarised in Table 5.4. Across
NEO-test and MIX-test, Ent-BAM with Few-Shot extraction achieves the highest
performance, demonstrating the robustness of our method. Although TransforMED
slightly outperforms it on GLAU-test, the overall results highlight the reliability and
generalizability of the proposed Few-Shot approach for extracting Outcome entities
over other approaches. Figure 5.5 further shows that Zero-Shot and TransforMED
produce more number of unique entities due to redundancy or noise. This makes
it more difficult for the downstream model to understand the extracted information,
ultimately reducing performance. It is illustrated in Figure 5.6, where Few-Shot yields
clean, well-normalized entities, while Zero-Shot method includes duplicates such as
quality of life"” and quality of life (QOL)". Similarly, TransforMED also yields both

full and abbreviated forms (e.g., “qol”) of it, as well as irrelevant tokens like “)"” and

« . n
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Fig. 5.7 Comparison of ACI Micro F1 Scores (%) between DENIM and Ent-BAM
(Base & XXL) across paragraphs of varying lengths (in terms of the number
of ADUs present in that paragraph) for different test splits of AbstRCT dataset.
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Fig. 5.8 Performance Comparison of Micro F1 Scores for DENIM, Ent-BAM (Base),
and Ent-BAM (XXL) on the ACC Task across different splits of the AbstRCT
Dataset.

5.4.4 Performance Analysis of All Four BAM Tasks

We conduct a comprehensive comparison of Ent-BAM (Base and XXL) against the
SoTA baseline DENIM across all four BAM tasks: ACI, ACC, ARI, and ARC in the
subsequent sections to discuss the trends over paragraph lengths, relation distances,
and class-wise performances of ACs and ARs.

ACI Task for Varied Length Paragraphs: Figure 5.7 compares the ACI perfor-
mance of Ent-BAM (Base & XXL) against DENIM across varying paragraph lengths
in three test splits. Both Base & XXL variants consistently outperform DENIM, with
the XXL model achieving peak F1 scores around 90% on moderate-length paragraphs
(e.g., 5-6 ADUs) in the NEO and GLAU splits. Ent-BAM (Base) also maintains
strong performance, often within 5-10 points of the XXL variant, while significantly
outperforming DENIM across all length ranges. DENIM, in contrast, exhibits sharp
drops in shorter (2—4 ADUs) and longer (10-11 ADUs) paragraphs, particularly in the
GLAU and MIX splits. Thus, Ent-BAM demonstrates stability and generalizability
across all test splits, confirming its robustness across diseases and length variations.

Classwise ACC Task Performance Comparison: Figure 5.8 compares the per-
formance of the three models: DENIM, Ent-BAM (Base), and Ent-BAM (XXL) on
the ACC task. Ent-BAM (XXL) consistently achieves the best Micro F1 scores across
all dataset splits, followed closely by Ent-BAM (Base), while DENIM lags slightly
behind but remains competitive. A similar pattern is observed in the Claim category
also, where Ent-BAM (XXL) and Ent-BAM (Base) perform closely, with a slight ad-
vantage for the larger model. DENIM trails behind the Ent-BAM models but maintains

reasonable performance across all dataset splits. In contrast, MajorClaim extraction
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Fig. 5.9 Performance analysis of ARI task Micro F1 Scores (%) for DENIM and
Ent-BAM (Base & XXL) across varying distances (in terms of number of
intermediate ADUs) in different test splits of AbstRCT dataset.
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Fig. 5.10 Comparison of Micro F1 Scores of ARC task of different AR classes across
different splits of the AbstRCT dataset, highlighting the performance of Ent-
BAM (Base & XXL) and DENIM.

poses a significant challenge for all models, largely due to the scarcity of training
examples and the resulting imbalance in class distribution.

ARI Task for Varied Distance Relations: In argumentative paragraphs, the dis-
tance between related ACs varies from zero ADUs to a few ADUs. Some related ACs
are directly linked with no intermediate components (0 intermediate ADUs), forming
straightforward connections, while others are moderately far apart, involving a few
intermediate ADUs. The most challenging cases arise when one ADU appears near the
beginning of the paragraph and the other near the end. Identifying such varied-distant
relations is critical for understanding complex argumentative structures. As shown
in Figure 5.9, Ent-BAM (Base and XXL) consistently outperforms DENIM across
all splits. In the NEO-test split, Ent-BAM (XXL) maintains strong performance for
close-range links (0—2 ADUs apart), while Base remains robust up to (4-5 ADUs apart),
clearly outperforming DENIM throughout. In the GLAU-test split, Ent-BAM (XXL)
shows resilience even as distance increases, sustaining over 45% F1 at 2-3 ADUs,

Correctly Detected Chains: ENT-BAM and DENIM
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3 30 1 ENT-BAM (Base)
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Fig. 5.11 Accuracy percentage of DENIM and Ent-BAM (Base & XXL) on relation
chain detection across different test splits of AbstRCT dataset.
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whereas both DENIM and Ent-BAM (Base) drop sharply beyond short distances.
Similarly, in the MIX-test split, Ent-BAM variants handle both short and moderate
distances more effectively than DENIM. These results highlight Ent-BAM’s ability to

model both local and long-range argumentative links.

ARC Task for Different AR Classes: Figure 5.10 compares the performance
of two Ent-BAM variants and DENIM on the ARC task. In the NEO-test split, Ent-
BAM (XXL) achieves the highest Micro F1 Scores for all AR classes. Although
Ent-BAM variants gave better performance than DENIM on the Attack and Partial-
Attack relations, all models found classifying support relation easier than the other two
AR classes. Relatively poor performance could be due to the imbalance in AR class
distribution. The superior performance of Ent-BAM (XXL) across all relation types,
including the imbalanced Attack & Partial-Attack AR classes, indicates that larger
models are better equipped to handle the class imbalanced splits more efficiently.

5.4.5 Performance Analysis of Relational Chain of Reasoning

Modelling the relational dependencies of an argumentative structure has always been
a challenge in BAM literature. As pointed out by Liu ez. al.[63], the structure of
an argumentative text can be regarded as an answer to a why question. Therefore,
the entire argument structure resembles a chain of reasoning, outlining a sequence
of steps (a path constructed by a series of consecutive premises/claims) leading to
a specific conclusion. Therefore, properly handling these chains of reasoning adds
complexity to efficiently modelling the relational structure. In order to analyze this
chain of reasoning, we define a chain like this: Consider an argumentative paragraph
comprising multiple ACs, denoted as Cy,(C;,C3,C4, and Cs. These ACs may form a
reasoning chain such as C; — C; — C3 — C4 — Cs, with Cs5 as the root AC, where
each AC is directly connected to the preceding one. In such configurations, identifying
relations between adjacent ACs poses a significant challenge. This difficulty arises
because all ACs in the chain are (in-)directly connected through the root AC, increasing
the likelihood of misidentifying relations. For example, one might incorrectly predict
C3 — Cs instead of the correct C4 — Cs. In the following paragraphs, we analyze and
compare the performance of identifying these chains in both Ent-BAM and DENIM
frameworks for all splits of the AbstRCT dataset. Only exact chain matches are

considered correct, excluding any partial matches.

As shown in Fig. 5.11, in the NEO-test split, Ent-BAM (XXL) significantly out-
performed both the DENIM and Ent-BAM (Base), achieving a correctly predicted
chain accuracy of 29.62%, compared to 11.11% for DENIM and 13.88% for Ent-BAM
(base) model. This underscores the efficacy of the larger model in capturing complex

argumentative structures in biomedical contexts. For GLAU-test split, all models
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Fig. 5.12 Error distribution across different test splits of the AbstRCT dataset for the
Ent-BAM (Base) framework, highlighting the percentage contribution of
various error categories.

showed relatively lower accuracy, with DENIM at 10.00% and Ent-BAM (XXL) at
6.66%. The poor performance of Ent-BAM (base) suggests that smaller models may
entirely fail to capture certain relationships, leading to zero correct predictions. For
the MIX-test split, Ent-BAM (base) demonstrates the superior chain-detection ability,
achieving the highest accuracy of 34.69% and Ent-BAM (XXL) closely following at
32.65%. In contrast, DENIM achieved only 20.40%, further emphasizing its limited
capacity in detecting chains for diverse diseases.

5.4.6 Error Analysis

We performed error analysis on all three test splits and observed the following errors
with Ent-BAM (Base): (i) Missing Brackets refers to the erroneous enclosing of
augmented labels, where the brackets are opened, but not closed properly or the closing
brackets are missing or multiple closing brackets are generated; (ii) AC Boundary
Mismatches, where predicted ACs do not match the ground truth, either being too short
or too long; (iii) Missed Out ACs means, potential ACs remain undetected during the
inference; (iv) AC False Positives implies that the identified ACs are not present in the
set of true ACs; (v) AC Misclassifications tells how many number of ACs are wrongly
classified; (vi) AR Misclassifications are wrongly classified ARs; (vii) Split ACs refers
to the number of ACs are split into multiple smaller AC segments; (viii) Merged ACs
are just opposite to Split ACs, where two or more true ACs are incorrectly merged into
a bigger ACs in the prediction; and (ix) Invalid Tokens refers to the generated ANL

consists of some out-of-vocabulary tokens or out-of-context text spans.

Figure 5.12 shows the error distribution across the three test splits of the AbstRCT
dataset. Missing Brackets is the most common error, especially in GLAU-test (16.00%),
followed by NEO-test (10.00%) and MIX-test (9.00%). In NEO-test, both Missed Out
ACs (8.08%) and AC False Positives (7.64%) occur. This shows that our system is
highly sensitive. It can detect many valid ACs but sometimes selects extra text spans.
For the MIX-test split, AC False Positives (8.91%) are the most frequent. AC Boundary
Mismatches appear consistently, ranging from 4.99% to 7.11%. This suggests that
the models sometimes miss the exact start or end of an annotation. Despite this, our

overall performance is strong, and these challenges provide clear directions for future
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improvements. AC Misclassifications are slightly higher in MIX-test (5.21%) than
in the other domains. Less common issues such as AR Misclassifications, Split ACs,
and Merged ACs are also present. These rare errors highlight some domain-specific

challenges that we are eager to address in our next development phase.

5.5 Conclusion and Discussion

We introduce Ent-BAM, an ANL-based framework for jointly modeling all four key
BAM tasks. This work addresses the influence of PICO elements, specifically the
Outcome entities in solving BAM tasks. By identifying the entity (co-)occurrence
phenomenon inside arguments, this work models the relational dependencies of argu-
mentative structures in an efficient way to include the biomedical-specific information
in a text-to-text generation model to efficiently guide the generation process. Through
a same target generation sequence, two tasks are performed, first the generation of
augmented ACs/ARs and, second, an auxiliary task to generate the Outcome entities
alongside. By utilizing the Few-Shot capability of LLM, Ent-BAM addresses the
absence of annotated Oufcome entities in standard BAM dataset. Since the LLM
output is not fully controllable, it may sometimes produce noisy or incomplete re-
sults. Thus in our case, the format of the Few-Shot prompt choice is experimental.
Upon performing several extraction prompting experiments, we chose the best prompt
that provided us with good extraction results (Exact prompt description is provided
in the supplementary sheet). However, using the extracted entities from poorly con-
structed prompts might lead to inconsistent results in all BAM tasks, with an increasing
chance of error propagation. Human evaluation and comparative experiments with
two alternative extraction strategies indicate that the quality of the Few-Shot extracted
silver-standard entities is sufficient to improve overall task performance. Through
extensive experiments and ablation study, Ent-BAM demonstrates its strong capability,
setting SoTA results for all test splits of the AbstRCT dataset.
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Chapter 6

End-to-End Argument Mining
through Autoregressive Argumentative
Structure Prediction

Chapter Highlights

* This chapter addresses a core limitation of previous ANL-based generative
approaches, which flatten complex argumentative structures into linear text
sequences, often leading to repeated redundant AC spans and inefficiency when
connecting the related AC pairs.

* Autoregressive Argumentative Structure Prediction (AASP): An end-to-
end framework is introduced that moves beyond text generation. It models
argument mining as the prediction of a sequence of structure-building actions,
constructing the argumentative structure step-by-step.

* Action-Based Formulation: The framework uses a conditional language model
to autoregressively predict a constrained set of actions: (i) Span-Identifying,
(i) Boundary-Pairing, and (iii) Type-Labeling to explicitly capture the depen-
dencies and reasoning flow within the argument.

* The framework is evaluated on all four key AM tasks (ACI, ACC, ARI, ARC)
across all standard benchmarks. The AASP framework achieves new SoTA
results, which is currently the highest performing framework in the literature.

* The publication related to this chapter is as follows:

1. Nilmadhab Das, Vishal Vaibhav, Yash Sunil Choudhary, V. Vijaya Saradhi,
Ashish Anand, “End-to-End Argument Mining through Autoregressive
Argumentative Structure Prediction,” in Proceedings of the International
Joint Conference on Neural Networks (IJCNN), Italy, 2025.
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6.1 Introduction

The preceding chapters have systematically explored the enhancement of generative
frameworks for AM. Chapter 3 introduced surface-level linguistic signals, such as
discourse and argumentative markers, which can effectively guide a text-to-text model
in identifying argumentative structures. Subsequently, Chapter 4 addressed the lim-
itations of relying solely on external cues by delving into the internal semantics of
arguments. It introduced a method for modeling the conceptual links between com-
ponents using "Related Key Phrases," thereby enriching the generative output with

explicit semantic information for the enhanced relation modeling.

While these approaches have progressively advanced the SoTA, they share a
fundamental methodological limitation inherent to their text-to-text formulation. Both
frameworks are constrained to represent the intrinsically hierarchical or graph-like
nature of argumentation by flattening it into a linear text sequence. This process is
often inefficient and redundant, requiring the model to repeatedly generate the full text
of an AC simply to establish its relationship with another. For complex arguments with
long chains of reasoning or multiple inter-dependencies, this text-flattening approach

becomes cumbersome and may struggle to capture the holistic structure effectively.

This chapter proposes a paradigm shift to overcome this core representational
bottleneck. Instead of framing AM as a task of generating an augmented text string,
we reformulate it as a process of direct structure construction. This approach moves
beyond the limitations of flattened sequences by modeling the argument’s structure as

it is, a graph of interconnected components.

To achieve this, we adapt a recently introduced structured prediction framework
called the Autoregressive Structured Prediction (ASP) framework [112]. It has achieved
strong performance in several structured prediction tasks like NER, co-reference
resolution, and relation extraction. It does so through a constrained set of structure-
building actions with a conditional language model. The ASP framework has been
tested on foundational NLP tasks only. This framework, though achieved convincing
performance, has not been applied in complex reasoning tasks such as AM. ASP
framework is applicable in AM tasks as the standard datasets of AM are having tree or
graph structures. We note the following differences between foundational structured
prediction tasks and AM tasks: (I) The target output spans in these foundational tasks
are relatively shorter. In contrast, AM tasks involve longer spans, where each AC
often spans across extended sections of text. (II) In relation extraction or co-reference
resolution, the distance between two related tokens (or entities) is typically smaller. On
the other hand, AM tasks often involve related arguments that can span large distances.
For example, one argument may be located at the beginning of a paragraph, while

the other is at the end, with multiple intermediate ACs. These distinctions make it a
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Input Argumentative Text (W): | believe, exercise boosts energy levels, because, it enhances blood flow.

Action aj [ I ]believe] , ]<m>]exemse]boosts] energy] levels I<Im>[ s ]because] B ]<m>] it Ienhances] blood I flow I<Im>] . l
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Fig. 6.1 Illustration of the decoding process in the AASP framework for end-to-end
argument mining. The process involves three main actions step-by-step: (1)
Action a; constructs the target sequence for span-identifying actions; (2)
Action b; finalizes the AC span boundaries by matching the <m> and </m>
tokens; and (3) Action z; connects related ACs by linking their </m> tokens
and classifies both the AC types and the types of their ARs.
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meaningful and promising avenue to investigate the capability of the ASP framework
in addressing AM tasks.

Thus, in this chapter, we propose to use the ASP framework in solving all four key
AM tasks and demonstrate its success for the End-to-End AM framework. We name
it as Autoregressive Argumentative Structure Prediction (AASP). To accommodate
longer spans and distantly related ACs, we modify the feed-forward networks of the
original ASP framework to a larger size. This modification is the key component in
adaption the ASP framework to handle varying argumentative relational structures
present in different AM corpora. Through AASP, we exploit the autoregressive
phenomenon of a conditional language model for the AM task-specific constrained set
of actions, including (i) Span-Identifying Actions, which involve the identification of
AC spans; (ii) Boundary-Pairing Actions, which finalize the span boundaries; and (iii)
Type-Labeling Actions, which classify AC types, connect related ACs, and determine
their AR types.

Training a conditional language model to predict these structure-building actions
exposes the argumentative structure such a way that it allows the model to capture the
dependencies within the ACs better. This explicit modelling contributes to the learning
of intra-structure relationships between ACs by utilizing the semantic and contextual
knowledge of the language model. Experimenting with three standard structurally
distinct AM benchmarks, AASP achieves SoTA results in two benchmarks and pro-
duces higher Micro-F1 scores on relational AM tasks in the rest of the benchmark. In
summary, the key contributions of this chapter are:

1. We propose Autoregressive Argumentative Structure Prediction (AASP), an end-

to-end framework that jointly solves all four key tasks of AM using a conditional
language model.

2. By adapting the ASP framework for the AM tasks, we solve the ACI task using
Span-Identifying and Boundary-Pairing actions, and the ACC, ARI and ARC
tasks using the Type-Labeling actions.
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3. Utilizing larger FFNs to execute all these actions enhances the ability to handle
longer AC spans and distantly related ACs, leading to performance improve-
ments, as demonstrated in the Ablation Study.

4. We conduct extensive experiments across three diverse AM benchmarks, demon-
strating the robust performance of AASP in all four key AM tasks. Our results
further highlight that AASP handles relational dependencies better, thereby
capturing the chain of reasoning more effectively as a byproduct.

6.2 Proposed Method

We define the argumentative paragraph as, W = wy,wy,w3,...,w,, where n is the
total number of tokens in W. We denote a text span from w; to w; in W as w;.;.
Among the four key AM tasks, ACI aims to identify the set of argumentative spans,
Cacr = {(si,e;) }_;, where each span wy;., corresponds to a potential AC. Second, ACC
assigns a type #; (e.g., Premise, Claim) to each identified span (s;,¢;) € Cacy, resulting
in Cacc = {(#;,si,ei) }7_,. Third, ARI detects the set of relations Rags = {(;, j)}T:],
where (h;,t;) represents a connection between two ACs, with /; denoting the head
AC (the source of the relation) and #; denoting the tail AC (the target of the relation),
where hj,t; € Cycc. Finally, ARC categorizes each identified relation (4,¢ j) € RARI

into a specific type r; (e.g., Support, Attack), yielding Ragc = {(h;,1;, 1) }7- .

Through the AASP framework, we reformulate all these AM tasks as the prediction
of a sequence of actions, where we construct the argumentative structure step-by-step
with a conditional language model as given in Fig. 6.1. Building on the original
formulation proposed in [112], ASP formulation is adapted upon the four key tasks of
AM for (i) Construction of action sequences and (ii) Conditional modelling of actions.

We discuss the details in subsequent sections to maintain the coherency.

6.2.1 Construction of Action Sequences

Given W, the goal is to predict a sequence of tuples (span;, boundary;, type-label;).

Tuples denote action space. If the tuple (span;,boundary;, type-label;) is denoted as y;,
then the goal is to predict the sequence yy,y7,...,yy and the action space Y; is given
as,

Y, =AXB; X Z; (D
Components of action spaces are described below.
Span-Identifying Actions:

These actions take symbols from the set A = {(m),—, (/m)}, where:
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Fig. 6.2 Model Architecture of AASP

* (m) marks the beginning of an AC span,
¢ (/m) marks the end of the span, and

* — copies the input text as it appears from left to right, irrespective of whether it
is an AC or Non-AC span.

These actions are performed using FFN 1 of Fig. 6.2.

Boundary-Pairing Actions: These actions denoted with set B, given as,

By={i|li<jhai=(m)Naj=(/m)&i,je{l,...,n}} (2)

Boundary-pairing actions connect the beginning of an AC span with the end of that AC
span; that is, they connect the start action (m) with the end action (/m). Specifically,
the sequence produced by the Span-Identifying Actions, is scanned from left to right,
identifying each (/m) and immediately pairing it with the leftmost unmatched (m)
before continuing. This way, the spans are resolved incrementally without crossing
boundaries, and the unmatched symbols are removed as erroneous predictions. These

actions are performed using both FFN 1 & FFN 2 jointly, as shown in Fig. 6.2.

With the completion of the Span-Identifying and Boundary-Pairing actions, the ACI

task is completed.
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Type-Labeling Actions: These actions, denoted as Z,, perform the following: (i)
labelling AC spans into predefined AC types (ACC task), and (ii) jointly establishing
the relationships between related ACs and classifying their AR types (ARl & ARC
tasks). Here, the sequence produced by the Span-Identifying Actions is traversed from
left to right to find the (/m) symbol. Once found, it connects with the previously most
related already identified (/m) to build the intra-span relationship. Additionally, both
the spans corresponding to the (/m) symbols are classified into predefined AC types,
and the connected link is classified into a predefined AR type. This whole process is
performed using both FFN 2 & FFN 3 jointly in Fig. 6.2. Thus, if we define a set L
that combines all AC and AR types, then:

Zn={plp<qnhap={(/m)}xL 3)

6.2.2 Conditional Modeling of Actions

Given an input argumentative text W, we transform it into a sequence of tuples
denoted by y = (y1,y2,...,yn). This sequence of tuples is modelled as the conditional
probability given below:

=

po(yIW)=T]re0nly<n,W) 4)

n=1
Here, each pg(y, | y<n, W) corresponds to the probability of the n-th action given the
preceding actions and the input argumentative text W.

Hence, the log-likelihood of the model is then given by:
N
logpo(y |W) =Y logpe(vn|y<n,W) (5)
n=1

We then calculate the probability value of pg(y, | y<n, W) over softmax of the dynamic
set ¥, that changes as a function of the history y,, i.e.,
expso (yn)

Pon | y<n, W) = (6)
On < W) Yy ey, €xpsg (V)

where sg is a parameterized score function and is implemented using two independent
feed-forward networks (FFN 2 & FFN 3) as:

FENZ (pn) ifa,=(/m)
FFN,, (h,) otherwise

so(yn) = (7)
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Here, h, is the decoder hidden state at step n, represented as a column vector, and

Pn = [h;zr

the longer text spans of ACs and the presence of distantly related ACs, we choose to

;h;rn]T represents the AC span mention corresponding to y,. Considering

select larger FFNs as compared to the ASP framework to better capture the relational

dependencies.

The dynamic vocabulary is used at each time step, and the best-decoded sequence is
finalized as y* using the greedy decoding strategy. At decoding step n, y;, is calculated

as:

Yy = argmax pg (y,, | y<n, W) (8)

This resultant y;, is the best sequence of actions used to construct the argumentative
structure for the given W.

6.3 Experimental Setup

6.3.1 Datasets

We evaluate our approach on these three AM benchmarks: AAE, AAE-FG and CDCP.

6.3.2 Implementation Details

We employ the Flan-T5-Large [103] as the conditional language model across all
experiments. For the AAE and AAE-FG datasets, we use a batch size of 64, while for
CDCP, the batch size is set to 16. The maximum output sequence length is capped
at 256 for AAE and AAE-FG and at 1024 for CDCP. We utilize the AdamW optimizer
with a learning rate of 5 x 107>, All experiments are conducted on a single NVIDIA
A100 GPU. Each experiment is run for 200 epochs, with checkpoints saved every 200
steps. The best model is selected based on performance on the validation set. Results
are averaged over three independent runs. Both the feed-forward neural networks
include one hidden layer of size 1500 and are trained with a learning rate of 3 x 107,
We use the following libraries: (i) ASP framework! [112], and (ii) HuggingFace’s

Transformers?.

Thttps://github.com/lyutyuh/ASP
Zhttps://github.com/huggingface
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6.3.3 Evaluation

Following the prior studies [73], we evaluate all four AM tasks using the Micro-F1
score. We consider only exact matches of AC spans as correct, disregarding any partial

matches to maintain strict alignment with previous works.

6.3.4 Baselines

We select the following SoTA models as baselines, comparing them to the datasets
where applicable: BiPAM [100]: Dependency parsing for end-to-end AM using bi-
affine operations and BERT-base [101]. BiPAM-syn [100]: Extends BiPAM with
syntactic information from the Stanford dependency parser. BART-B [113]: A gener-
ative model for aspect-based sentiment analysis, adapted for AM by [18]. GMAM
[18]: Frames AM as sequence generation with positional encoding and pointer mech-
anisms. ST [73]: A dependency parser for AM using Longformer [74] and biaffine
attention [114]. ANL-AM [76]: Adapts the TANL framework [75] for AM with
text-to-text generation. DENIM [77]: A sequence generation-based AM framework
with discourse-aware multi-task prompting.

6.4 Results and Discussion

6.4.1 Main Results and Comparison with Baselines

Table 6.1 compares the overall performance of AASP compared to recent baselines
across all four AM tasks on the three standard datasets. Our method consistently
outperforms existing baselines on the AAE and AAE-FG datasets, achieving average
Micro-F1 score improvements of 3.3% and 3.81%, respectively. These results under-
score the effectiveness of AASP in handling tree-structured argumentation. Notably,
the improvements are most pronounced in the complex relational tasks (ARI and
ARC), where AASP surpasses the baselines by 4.17% and 4.18% on AAE, and 5.74%
and 5.12% on AAE-FG, compared to the gains in the component tasks (ACI and ACC):
2.05% and 2.79% on AAE, and 1.45% and 2.90% on AAE-FG. Specifically, in AAE
dataset, the most recent generative SOTA baseline DENIM uses an additional discourse
structure information through prefix to better capture the relational dependency of
argumentative structures. In contrast, AASP produces SoTA results without using
any additional customized information. On the graph-structured CDCP dataset, AASP
demonstrates significant gains in the relational tasks, achieving a substantial improve-
ment of 3.83% in ARI and ARC over the current SOTA. However, in component tasks
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Micro-F1 Scores of Key AM Tasks

Dataset Frameworks ACT ACC ARL ARC AVG
BiPAM - 72.90 - 45.90 -
BiPAM-syn - 73.50 - 46.40 -
BART-B 81.71 73.61 49.75 47.93 63.25
AAE GMAM 84.10 75.94 50.40 50.08 65.13
ST 85.02 75.43 55.75 55.19 67.84
ANL-AM - 76.93 - 58.57 -
DENIM 85.75 76.50 59.55 58.51 70.08
AASP (Ours) 87.80 79.29 63.72 62.69 73.38 (+3.3)
GMAM* 84.20 57.32 30.81 25.95 49.57
AAE-FG ST* 85.75 60.06 57.53 57.03 65.09
AASP (Ours) 87.20 62.96 63.27 62.15 68.90 (+3.81)
BART-B - 56.15 - 13.76 -
GMAM - 57.72 - 16.57 =
CDCP ANL-AM - 68.94 - 28.42 -
ST 82.88 68.90 31.94 31.94 53.92
AASP (Ours) 73.82 62.14 35.77 35.77 51.88

Table 6.1 Performance comparison on the AAE, AAE-FG and CDCP datasets. The Micro-
F1 scores of ACI, ACC, ARI and ARC tasks are reported with AVG, in-
dicating the average score of all four tasks. Apart from AAE-FG, all the
reported results are directly taken from the corresponding baselines. For
AAE-FG, baselines with an asterisk (*) indicate results obtained using the
corresponding open-sourced code with original hyperparameters used for
AAE dataset. “~" indicates the results are not available for the corresponding

baselines.

TH-4046_216101004



Dataset Model ACI ACC ARI ARC AVG

AAE AASP 87.80 79.29 63.72 62.69 73.38
AASP(-rhs) 87.61 78.23 61.49 60.19 71.88 (-1.50)
AASP . . . . .
AAEEG S 87.20 6296 63.27 62.15 68.90
AASP(-rhs) 86.94 63.43 62.10 60.78 68.31 (-0.59)
AASP 73.82 62.14 35.77 35.77 51.88
CDCP

AASP(-rhs) 73.82 62.85 33.94 33.94 51.13 (-0.74)

Table 6.2 Results of ablation experiments across datasets. AASP(-rhs) refers to the
AASP framework with Reduced Hidden States of both the Feed-Forward
Networks corresponding to the score function sg described in Section 6.2.2.
Best scores are in Bold.

such as ACI and ACC, AASP shows limited performances in the CDCP dataset. While
most baselines struggle with complex relational tasks, AASP demonstrates improved
performance in both ARI and ARC tasks in both tree-structured and graph-structured
argumentation. This highlights AASP’s ability to model relational dependencies
effectively across diverse datasets.

Given that the ST baseline has been widely applied to most standard datasets, it
stands as a robust baseline for comparison. Therefore, in the subsequent sections, we
compare all analyses with ST to better compare the performance of AASP.

6.4.2 Ablation Study

We conduct an ablation study to assess the impact of FFNs in the score function
sg by altering their size. In AASP, the hidden state size is 1500, while the original
ASP framework uses 150. To analyze this, we run experiments on all datasets with
a hidden state size of 150 instead of 1500. We denote this variant as AASP(-rhs),
where rhs stands for reduced hidden states. The results, as shown in Table 6.2, indicate
that AASP(-rhs) underperforms in terms of average scores across all four AM tasks
compared to AASP. The ACI task performance is dropped in AAE and AAE-FG datasets
with smaller FFNs. It means that the Boundary-Pairing actions require larger FFNs
to finalise the boundaries efficiently. Although for AAE-FG and CDCP, the ACC task
performance improves in AASP(-rhs), the performance decline in ARI and ARC tasks
is significant across all datasets. It suggests that the size of the FFNs plays a crucial
role in effectively modelling complex relational dependencies. Specifically, the score
function sg is better equipped to handle distantly related ACs when the Type-Labeling
actions connect the (/m) symbols of both the ACs. As a by-product, the chains of

reasoning is also handled efficiently when larger FFNs are used.
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. 6.3 Comparison of ACI Micro-F1 scores (%) between AASP and ST across
paragraphs of varying lengths (in terms of the number of ACs present in that
paragraph) for the AAE, AAE-FG, and CDCP datasets.
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Fig. 6.4 Comparison of ACC Micro-F1 scores (%) for AASP and ST across different
AC categories in the AAE, AAE-FG, and CDCP datasets.

6.4.3 Performance of the ACI task on Varied Length Paragraphs

In this section, we compare the performance of AASP with ST for the ACI task
across datasets (See Fig. 6.3). In the AAE dataset, the Micro-F1 score for the ACI
task improves as paragraph length (in ACs) increases, peaking at 9—11 ACs. The ST
baseline starts at around 60% Micro-F1 for single-AC paragraphs and rises to 80%
for longer ones. AASP begins slightly higher, at 65%, and consistently outperforms
ST, exceeding 80% for the longest paragraphs. For the AAE-FG dataset, a similar
trend is observed, but the overall performance is slightly lower than in AAE. Here,
both ST and AASP show a more gradual improvement, beginning at around 65% and
reaching approximately 70-75% for 8—10 ACs. In the CDCP dataset, the relationship
between paragraph length and Micro-F1 score becomes interesting. The ST baseline
performs well across a wide range of lengths, achieving high scores (70-80%) for
most configurations. However, while AASP remains competitive, it underperforms
compared to ST for longer paragraphs, especially beyond 8 ACs. But it surpasses ST
by a noticeable margin for paragraphs with fewer than 8 ACs. This indicates that the
AASP framework struggles with the ACI task for longer paragraphs in the complex,
graph-structured CDCP dataset. However, it achieves superior performance across all
three datasets for paragraphs of moderate length.
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AAE: ST vs AASP AAE-FG: ST vs AASP. CDCP: ST vs AASP.
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Fig. 6.5 Performance analysis of ARI task Micro-F1 scores (%) for AASP and ST
across varying distances (in terms of number of intermediate ACs) in the AAE,
AAE-FG, and CDCP datasets.

6.4.4 Analysis of the ACC task for Different AC Categories

In this section, we compare the performance of AASP and ST on different AC cate-
gories across datasets (see Fig. 6.4). In the AAE dataset, AASP outperforms ST across
all AC types. The PREMISE category achieves the highest Micro-F1 score, making it
the most predictable for both frameworks. Strong performance is also observed for the
MAJORCLAIM type. Notably, AASP shows a significant improvement of nearly 10%
over ST for the CLAIM category, making it the better choice for CLAIM classification.
The AAE-FG dataset, with its more fine-grained AC labels, poses a greater challenge
for both frameworks. In the AAE-FG dataset, the original AC categories from AAE are
divided into finer-grained classes, reducing the training instances per class. Despite
this, both frameworks perform robustly. AASP shows notable gains in categories like
HYPOTHETICAL INSTANCE and COMMON GROUND, demonstrating its strength in han-
dling finer-grained argumentation. The CDCP dataset presents mixed results. While ST
performs better overall in the AC classification task, AASP outperforms ST in certain
categories. For example, AASP achieves better performance in FACT classification.
Surprisingly, ST fails to detect any instances of the REFERENCE category, whereas
AASP achieves over 65% Micro-F1 score in this category. These empirical results
emphasize the effectiveness of AASP for ACC task, particularly for fine-grained or

underrepresented categories.

6.4.5 Analysis of ARI Task for Long-Range Relations

In argumentative paragraphs, the relationships between related ACs exhibit a fascinat-
ing variety of patterns. Some related ACs are directly linked with no intermediate ACs,
forming straightforward connections, while others are moderately far apart, involving
a few intermediate ACs. The most challenging cases arise when ACs are distantly
related, with one appearing near the beginning of the paragraph and the other near the
end. Identifying such varied-distant relations is critical for understanding complex
argumentative structures. To assess this capability, we analyze the performance of
both ST and AASP across varying distantly related ACs, as shown in Fig. 6.5. In
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Fig. 6.6 Example of chains present in an argumentative structure

Dataset Framework Lengthwise Distributions of Chains Accuracy (%)
Ground Truth Predicted Correct 2-length  3-length
AAE ST {2: 130, 3: 15, 4: 2} {2: 109, 3: 5} {2: 39} 30.00 0.00
AASP {2: 130,3: 15,4: 2}  {2:124,3:16,4: 1}  {2: 46, 3: 2} 35.38 13.33
AAE-FG ST {2: 130, 3: 15, 4: 2} {2:122,3:9,4: 1} {2:37,3: 2} 28.46 13.33
AASP {2: 130, 3: 15, 4: 2} {2: 125, 3: 10} {2: 45,3: 3} 34.62 20.00
CDCP ST {2:23,3:9,4: 1} {2: 18, 3: 10} {2: 1} 435 0.00
AASP {2:23,3:9,4: 1} {2: 13,3: 1} {2: 4} 17.39 0.00

Table 6.3 Performance Comparison of ST and AASP across datasets on Relation Chain
Detection for Varied Length Chains.

the AAE dataset, AASP consistently outperforms ST across all distances. For direct
relations (no intermediate ACs), AASP achieves a Micro-F1 score of nearly 70%,
while ST lags behind at 60%. Although performance declines with increasing distance,
AASP proves more robust. It maintains a Micro-F1 score above 50% even at the
maximum distance of 7 intermediate ACs, where ST experiences a sharp drop. In
the AAE-FG dataset, a similar trend is observed. The CDCP dataset presents a more
challenging scenario due to the complex, graph-structured nature of its argumentative
relations. Both frameworks show similar patterns in this dataset up to 2 intermediate
ACs. However, for the maximum distance (3 intermediate ACs), AASP’s performance
drops sharply to 0%, highlighting the challenges of identifying long-range relations in
this dataset.

6.4.6 Performance Analysis of Relational Chains

Relational chains (e.g. a series of premises/claims as shown in Fig. 6.6) are the building
blocks of the Chain of Reasoning present in any argumentative discourse. Currently,
none of the existing works has focused on this aspect of analysis. As shown in Fig. 6.6,
an argumentative paragraph comprising seven ACs: {Claim, Premise|,Premise;, ...,
Premiseg}. With these ACs, a 3-length sequential chain is formed as: Premise; —
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Fig. 6.7 Error distribution across three datasets with AASP framework, highlighting
the percentage of various error categories.

Premises — Premise; — Claim, with Claim as the root AC. Here, each AC is di-
rectly connected to the preceding one. In such configurations, identifying relations
between adjacent ACs poses a significant challenge. This difficulty arises because
all ACs in the chain are (in-)directly connected through the root AC, increasing the
likelihood of misidentifying relations. For example, one might incorrectly predict
Premises — Premise; instead of the correct Premises — Premise;. In order to assess
the performance in detecting these relational chains, we present an in-depth analysis
in Table 6.3, where we compare ST and AASP frameworks across datasets. AASP
achieves 35.38% accuracy for 2-length chains in AAE and 34.62% in AAE-FG, com-
pared to ST’s 30.00% and 28.46%, respectively. However, both frameworks struggle
to accurately identify longer chains (3-length and above). The CDCP dataset, with its
complex graph argumentative structures, poses challenges in both frameworks. How-
ever, AASP still surpasses ST with 17.39% accuracy for 2-length chains compared
to ST’s 4.35%. This comparative analysis highlights the effectiveness of AASP in
detecting chains of ACs over existing baselines. Moreover, it also emphasizes the need
for further advancements in modelling complex relational structures to capture the

chain of reasoning more accurately.

6.4.7 Error Analysis

We conducted error analysis across all three datasets and identified the following errors
(see Fig. 6.7): (i) AC Boundary Mismatches, where predicted ACs differ in length
from the ground truth; (ii) Missed ACs, where valid ACs are not detected; (iii) False
Positive ACs, where non-existent ACs are predicted; (iv) AC Misclassifications, where
ACs are assigned incorrect types; (v) AR Misclassifications, where ARs are incorrectly
labeled; (vi) Split ACs, where true ACs are divided into smaller segments; and (vii)

Merged ACs, where multiple ACs are wrongly combined into one.

Analyzing the errors across the datasets, AC Misclassifications emerge as the most
significant error type overall, particularly in AAE-FG (24.33%) and CDCP (10.59%),

indicating a consistent challenge in correctly classifying ACs, where the number of AC
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types is more. Missed Out ACs, another major source of error for the CDCP dataset
with 22.30% error, suggests that the AASP struggles more with identifying all potential
ACs in this complex graph-structured dataset than other datasets. AC False Positives
and AC Boundary Mismatches show relatively similar proportions in AAE (3.79%
and 3.63%, respectively) and AAE-FG (3.87% and 2.45%, respectively). Surprisingly,
the CDCP dataset has no such errors due to the fact that in CDCP, each AC spans
over a full sentence, unlike AAE or AAE-FG, where the ACs are further segmented
inside sentences. Detecting full-sentence ACs is relatively easier than the segmented
ACs. Upon manually analyzing the predictions of both versions of AAE, we find
spans such as “I believe that" or “People might argue that" are included inside the AC
spans, alleviating the incorrect boundaries. Split ACs and Merged ACs, which reflect
structural prediction errors, remain minor across datasets but still noticeable, with AAE
and AAE-FG showing similar patterns (1.9%-2.4% for both error types). However,
the CDCP dataset shows a slightly higher occurrence of Split ACs (4.62%) compared
to Merged ACs (2.88%) due to its ACs spanning over a full sentence. Whenever
the sentence is longer, the split sometimes happens when connectives such as “and”
or “because” are present inside sentences. Surprisingly, AR Misclassifications are the
least frequent errors across all datasets, staying below 1%, indicating that the AASP

performs relatively well in recognizing argumentative relations effectively.

6.5 Conclusion

In this chapter, we introduced AASP, an end-to-end framework designed to address
all four key tasks of AM jointly. By extending the ASP framework, we effectively
tackled the ACI task through span identification and boundary-pairing actions, while
ACC, ARI, and ARC tasks were addressed using type-labeling actions. Our approach
leverages larger FFNs to enhance the execution of these actions, improving the model’s
ability to process longer AC spans and distantly related ACs. This contributes to overall
performance gains, as verified through our ablation study. To gain deeper insights
into the relational performance, we conduct an in-depth relational chain analysis. The
results highlight the effectiveness of AASP in outperforming competitive baselines.
Out of the three benchmarks, AASP achieved SoTA results across all four AM tasks in
two benchmarks while demonstrating SoTA performance for relational tasks in the

remaining benchmark.
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Chapter 7
Conclusions and Future Work

This thesis has embarked on a systematic exploration of advanced computational mod-
els for AM, charting a deliberate progression from generative, text-based formulations
to direct, action-based structure prediction. The central narrative of this work has been
the pursuit of more effective, efficient, and semantically aware methods for capturing
the complex, often non-linear, nature of human argumentation. By identifying and
addressing the limitations of each successive approach, this research has not only
produced a series of SOTA models but also contributed to a deeper understanding of
the methodological challenges inherent in the field. The journey began by enhancing
text-to-text models with explicit linguistic cues, evolved to incorporate deeper seman-
tic knowledge, expanded into the biomedical domain, and culminated in a paradigm
shift away from text-flattening towards a more direct and intuitive method of structure

construction.

7.1 Scope of the Thesis

The contributions of this thesis are presented across five distinct but interconnected
stages:

Chapter 3: The initial investigation began with the argTANL framework, which es-
tablished the viability of a text-to-text generative approach for end-to-end AM. Later,
this chapter demonstrated that surface-level linguistic signals, specifically argumenta-
tive and discourse markers, could be explicitly integrated into the generative process
through fine-tuning and direct output enhancement (ME-argTANL). This work affirmed
that even without deep semantic understanding, guiding models with explicit structural

cues significantly improves their ability to identify argumentative structures.
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Chapter 4: Building upon the generative paradigm, the second chapter addressed
a key limitation of the marker-based approach, namely its reliance on surface-level
indicators. This work shifted focus inward to the semantic content of the arguments
themselves, introducing the concept of “Related Key Phrases” as the conceptual
bridges between related components. By using an LLM to extract these semantic links
and embedding them within the generative output, this framework demonstrated that
enriching the model’s input with fine-grained semantic knowledge leads to a more

robust and accurate identification of argumentative relations, establishing a new SoTA.

Chapter 5: This chapter extends the exploration of AM into the biomedical domain,
introducing Ent-BAM, a generative framework for Biomedical Argument Mining en-
riched with entity-level information. Leveraging domain-specific cues such as entity
co-reference and co-occurrence, this work integrates biomedical semantics within the
generative AM paradigm. The proposed approach significantly enhances the inter-
pretability and precision of biomedical argumentative relation modeling, establishing
a strong foundation for domain-adapted generative AM.

Chapter 6: The final chapter addresses a fundamental inefficiency shared by previous
generative models, which is the necessity of flattening hierarchical argument structures
into linear text sequences. To overcome this, the thesis introduces the Autoregressive
Argumentative Structure Prediction (AASP) framework, which reframes AM not as
text generation but as direct structure construction through a sequence of discrete,
learnable actions. By modeling the task in this way, AASP provides a more efficient and
direct method for capturing complex dependencies, excelling at modeling long-range

relations and chains of reasoning without the redundancy of text-flattening.

Collectively, these chapters represent a comprehensive inquiry into how different
forms of knowledge, from surface-level markers to deep semantic links, domain-
specific biomedical entities, and explicit structural actions, can be leveraged to parse

argumentative discourse with increasing semantic depth and structural fidelity.

7.2 Potential Future Directions

The findings and methodologies developed in this thesis open up several promising
avenues for future research. Each of the frameworks presented provides unique
insights and techniques that, when combined or extended, can push the boundaries of

computational AM even further.

Hybrid and Integrated Models: Future work could explore hybrid models that
combine the strengths of each chapter. For instance, the action-based AASP framework
from Chapter 6 could be enhanced with the semantic knowledge of key phrases
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introduced in Chapter 4, potentially by using key phrases to inform or constrain the
type-labeling actions. Similarly, the argumentative and discourse markers proposed
in Chapter 3 could serve as auxiliary features to guide the span-identifying actions in
AASP, creating a unified model that leverages surface, semantic, and structural cues in

tandem.

Advanced Integration of Large Language Models: While Chapter 4 utilized an
LLM as a pre-processing component for key phrase extraction, deeper integration
remains largely unexplored. Future research could investigate the use of LLMs in
few-shot or zero-shot settings for full end-to-end AM, or employ them to generate
natural language explanations for the structures predicted by the AASP framework.
Such integration could enhance interpretability and adaptability, enabling the system

to reason about argumentative structures in a more human-like manner.

Biomedical Argument Mining Extensions: The domain-specific framework intro-
duced in Chapter 5, Ent-BAM, opens a new direction for domain-adapted AM. Future
work could extend this framework by incorporating biomedical knowledge graphs
or contextualized entity representations to enhance relational inference. Another
promising avenue involves exploring cross-domain transfer, where models trained on
biomedical argumentative structures can inform or regularize AM in other technical or

evidence-based domains such as legal or policy texts.

Cross-Domain and Multilingual Argument Mining: The experiments presented in
this thesis primarily focused on English-language datasets. A critical next step involves
evaluating the generalizability of these frameworks, particularly the action-based AASP
model from Chapter 6, across different languages and discourse conventions. Applying
these approaches to domains such as legal reasoning, scientific literature, or social
discourse can reveal how cultural and linguistic diversity influences argumentative

structure and reasoning patterns.

Application-Oriented Evaluation: Finally, future work should aim to evaluate these
models in real-world applications. Integrating these frameworks into systems for
automated essay assessment, debate summarization, or policy argument analysis
would demonstrate their practical potential while uncovering new challenges related
to domain noise, interpretability, and user interaction. Addressing these challenges
will pave the way for the next generation of AM systems that are not only accurate but

also context-aware and socially relevant.
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