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Abstract

This paper addresses the problem of cross-
register generalization in argument mining
within political discourse. We examine whether
models trained on adversarial, spontaneous U.S.
presidential debates can generalize to the more
diplomatic and prepared register of UN Secu-
rity Council (UNSC) speeches. To this end,
we conduct a comprehensive evaluation across
four core argument mining tasks. Our experi-
ments show that the tasks of detecting and clas-
sifying argumentative units transfer well across
registers, while identifying and labeling argu-
mentative relations remains notably challeng-
ing, likely due to register-specific differences in
how argumentative relations are structured and
expressed. As part of this work, we introduce
ArgUNSC, anew corpus of 144 UNSC speeches
manually annotated with claims, premises, and
their argumentative links. It provides a resource
for future in- and cross-domain studies and
novel research directions at the intersection of
argument mining and political science.

1 Introduction

Argumentation is integral to human communica-
tion, enabling individuals to express opinions, per-
suade others, and collaboratively reason about the
world. As artificial intelligence systems increas-
ingly assist humans, both in everyday interactions
and in high-stakes decision-making scenarios, their
ability to detect and interpret arguments is more
critical than ever. Therefore, Argumentation Min-
ing (AM) plays a central role in such systems, en-
abling them to identify and structure argumentative
content across a variety of domains, spanning le-
gal decision support (Habernal et al., 2024), edu-
cational tools for developing students’ reasoning
skills (Wambsganss et al., 2021), social media anal-
ysis (Feger and Dietze, 2024; Chakrabarty et al.,
2019), and even autonomous debating technologies
(Slonim et al., 2021).
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Building robust AM systems is tightly connected
to high-quality annotated data. However, creat-
ing such datasets across all potential domains and
contexts is time-consuming, costly, and intellectu-
ally demanding. To address this challenge, cross-
domain generalization—a strategy where models
trained in one domain (e.g., legal) are evaluated
in another (e.g., medical)—has emerged (Daxen-
berger et al., 2017; Schaefer et al., 2022; Gemechu
etal.,2024). Atthe same time, relatively little atten-
tion has been paid to cross-register generalization—
a special case of domain transfer where the broader
discourse remains consistent but the rhetorical
style, structure, or communicative setting varies.
This scenario appears promising and challenging at
the same time, as, on the one hand, registers within
the same domain often share core argumentative
structures, allowing for potential knowledge trans-
fer, particularly when communicative goals such
as persuasion or justification are preserved. On the
other hand, even subtle differences in style, lexi-
cal choices, or discourse organization can hinder
generalization.

To address this open question, our paper focuses
on the challenge of cross-register generalization in
AM within the domain of political discourse. We
contrast U.S. presidential debates and United Na-
tions Security Council (UNSC) speeches, which
represent markedly different registers. Presidential
debate discourse is often spontaneous, and aimed
at persuading a public audience. In contrast, UNSC
speeches are mostly prepared, and delivered in for-
mal institutional settings to articulate national posi-
tions.

Our goal is to investigate whether argumentation
models trained on political speech of one register
can generalize to a speech with a different register.
We evaluate this across four core AM tasks: (1)
Argumentative Component Segmentation (ACS) —
detecting argumentative components (claims and
premises); (2) Argumentative Component Classifi-
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cation (ACC) — distinguishing between claims and
premises; (3) Argumentative Relation Identifica-
tion (ARI) — determining whether a claim and a
premise are argumentatively related; and (4) Ar-
gumentative Relation Classification (ARC) — iden-
tifying whether the relation is support or attack.
For language modeling, we use encoder-based ar-
chitectures (BERT and RoBERTa) and evaluate
performance in both in-register and cross-register
settings. Additionally, we prompt GPT-4 in zero-
and few-shot setups and compare its performance
to that of fine-tuned models.

Beyond this systematic cross-task and cross-
model evaluation, a major part of our contribu-
tion lies in releasing a novel corpus of 144 UNSC
speeches, annotated with claims, premises, and the
relations between them.

Our results reveal that ACS and ACC tasks gen-
eralize well across registers, whereas ARI and
ARC do not, highlighting the greater complexity of
relation-level tasks and their sensitivity to register
variation. Additionally, LLMs consistently under-
perform compared to encoder models fine-tuned
both in in- and cross-register scenarios, with par-
ticularly large performance gaps on ACS and ACC
tasks.

2 Related Work
2.1 Political Argument Mining

Our work contributes to the literature on political
argument mining, motivating a review of existing
political corpora and the specific AM tasks they
support. For example, Menini et al. (2018) intro-
duce a corpus of 1,462 manually annotated argu-
ment pairs drawn from Nixon and Kennedy’s 1960
presidential campaign speeches. The pairs are la-
beled with support and attack relations across five
major political topics.

Similarly, Visser et al. (2020) present the
U 52016 corpus, which includes transcriptions of
televised debates leading up to the 2016 US presi-
dential election, as well as audience reactions col-
lected from Reddit.

Lippi and Torroni (2016a) compile an original
dataset based on the 2015 UK political election
debates, combining textual and audio features and
test whether spoken language cues improve claim
detection.

Another multimodal corpus is presented by
Mestre et al. (2021). Their M-Arg dataset is based

"https://www.reddit.com/

on the US 2020 presidential debates and includes
both audio and transcripts, annotated with claims
and premises and the argumentative relationship
between them across 4,104 sentence pairs.

Haddadan et al. (2019) present a large-scale cor-
pus of 39 U.S. presidential debates spanning from
1960 to 2016, annotated with claims and premises.
They further explore argument filtering and argu-
ment component classification. A recent extension
enriches the corpus with relation annotations and
labels for argumentative fallacy types (Goffredo
et al., 2022). We select this corpus to represent the
presidential debates register in our study.

2.2 Argument Mining under Low-Resource
Conditions

2.2.1 Cross-Domain Generalization

The challenge of transferring models across do-
mains or text genres has been widely studied in
NLP more broadly (Hupkes et al., 2023), and re-
mains particularly difficult in the context of AM.
In an early study, Ajjour et al. (2017) demonstrate
significant generalizability issues for the argument
unit segmentation task across three datasets. Dax-
enberger et al. (2017) undertake systematic exper-
iments in cross-domain claim classification in six
different datasets, and find generally high degrada-
tion compared to in-domain performance. Using
qualitative analysis, they show that the underlying
notions of claim in the datasets vary significantly.
Similarly, Schaefer et al. (2022) use four corpora
of varying genres and sizes and conclude that large
training sets, homogeneous claim ratios, and less
formal language tend to improve generalization. In
a series of relation identification tasks, Gemechu
et al. (2024) propose a benchmark architecture en-
compassing three approaches and conduct experi-
ments on—and across—eight datasets. In line with
previous cross-domain studies, they observe con-
sistently poor performance when detecting support
and attack relations in corpora unseen during train-
ing.

Turning from cross-domain to cross-register se-
tups closer to ours, Blokker et al. (2020) examine
the generalizability of claim detection models by
training on newspaper data and testing on political
party manifestos. Despite linguistic and concep-
tual differences between formats, their BERT-based
model shows strong cross-text performance and
strong overlap in party positions across registers.
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2.2.2 Large Language Models in AM

A rapidly growing body of literature highlights the
remarkable capabilities of Large Language Mod-
els (LLMs) in argument mining (Chen et al., 2024;
Favero et al., 2025; Cabessa et al., 2025; Sviri-
dova et al., 2024). LLMs are particularly well-
suited for low-resource settings, showing strong
performance even with simple instruction prompts.
However, given their recent emergence, research
remains limited and evidence mixed regarding
their performance on AM tasks compared to other
state-of-the-art models. For instance, Gorur et al.
(2025) examine argument relation identification
and find that prompted LL.Ms significantly outper-
form RoBERTa across 11 datasets. On the other
hand, Ruiz-Dolz and Lawrence (2023) find that
fine-tuned ROBERTa outperforms GPT-4 in most
cases in the context of argumentative fallacy detec-
tion.

3 Data

3.1 US Presidential Debates

As a starting point for our register transfer experi-
ments, we focus on presidential debates discourse.
We adopt the large-scale US-ElecDeb16To60 v.01
corpus (hereafter, USElecDeb), introduced by
Haddadan et al. (2019). The corpus comprises
transcripts from 39 U.S. presidential and vice-
presidential debates spanning from 1960 to 2016.
These transcripts were originally obtained from the
Commission on Presidential Debates?.

The USElecDeb corpus contains annotations
of argumentative components, namely claims and
premises. According to Haddadan et al. (2019),
in political debate discourse, a claim may take the
form of an advocated policy, a candidate’s stance
on a policy, an opinion on a particular issue, or their
personal judgment. To justify their claims, politi-
cians provide premises (sometimes referred to as
evidence in the AM literature (e.g., Cheng et al.
(2022); Lippi and Torroni (2016b)), which may in-
clude references to specific events, data, outcomes
of past policies, etc.

Importantly, annotations in the original corpus
are made on the component level, with components
defined as the minimal discourse units that inde-
pendently convey argumentative meaning. Such
units can span the entire sentence or be more gran-
ular, e.g., take the form of a clause. For modeling

2https ://www.debates.org/

purposes, the authors map the component-level an-
notations to the sentence level, a setup we adopt
in our experiments as well. Table 1 provides the
sentence-level distribution of claims and premises

in the USElecDeb corpus.
Level ‘ Total Arg Non-Arg Claim Premise
Sent. ‘ 29.621 22.280 7252  11.964 10.316

Table 1: Distribution of argumentative sentence types
in the USElecDeb.

While the original dataset did not include rela-
tion annotations, these were later introduced by
Goffredo et al. (2022) as part of a study on fal-
lacy detection. In addition to augmenting the cor-
pus with relational links (support or attack) be-
tween components, this extended version also in-
cludes transcripts from Biden-Trump debates held
in 2020.7 We use this enhanced version for our ex-
periments on Argumentative Relation Identification
(ARI) and Argumentative Relation Classification
(ARC). The summary statistics on support vs. at-
tack sentence pairs is presented in Table 2.

Level‘ Total Support Attack

Sent. ‘ 25.524 21.689 3.835

Table 2: Distribution of support/attack sentence-pairs in
the USElecDeb.

Example (1) represents an argumentative struc-
ture in USElecDeb. Claims are marked in bold,
premises in [talics, and the component boundaries
are additionally indicated by [square brackets]. In
this example, both premises support the claim.

(1) Nixon-Kennedy, September 26, 1960:

NIXON: We often hear gross national prod-
uct discussed, and in that respect may I say that
[when we compare the growth in this Administra-
tion with that of the previous Administration that
then there was a total growth of eleven percent
over seven yearslpremise,; Lin this Administration
there has been a total growth of nineteen percent
over seven years|premise,- [ That shows that there’s
been more growth in this Administration than
in its predecessor]cyaim.

3https ://github.com/pierpaologoffredo/
ElecDeb60to20/tree/main
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3.2 UN Security Council Speeches

The United Nations Security Council (UNSC) is
a principal body responsible for maintaining in-
ternational peace and security; it convenes when
global conflicts, crises, or threats to peace require
collective diplomatic response. The UNSC dis-
course was selected as a contrasting register to pres-
idential debates in our cross-register experiments.
Its largely formal and pre-written language differs
markedly from the spontaneous and often emo-
tionally charged language of debates. Beyond this
stylistic divergence, it also holds intrinsic value for
argument mining due to its high-stakes discourse
in which nations articulate their positions through
structured and strategic reasoning.

To collect the data, we use the raw corpus
of UNSC speeches published by Schonfeld et al.
(2019). We select speeches from the years 2014 to
2018, a period marked by the onset of the Russia-
Ukraine conflict—a topic that prompted diverse
and rich argumentative positions from various coun-
tries. In addition to discussions of this conflict, a
few speeches address issues related to the UNSC’s
Women, Peace, and Security (WPS) agenda. The fi-
nal dataset includes 144 speeches delivered by rep-
resentatives from 24 different nations. Appendix A
details the distribution of speeches by country and
year. Notably, our corpus was developed in par-
allel with UNSCon (Zaczynska et al., 2024) and
contains 44 overlapping speeches, enabling joint
analyses of argumentation structures and conflict
discourse in diplomatic setting in future work.

Level ‘ Total Arg Non-Arg Claim Premise

Sent. ‘4.765 4.105 660  2.081 2.024

Table 3: Distribution of argumentative types across sen-
tences in the ArgUNSC.

Level ‘Total Claim Premise

Component ‘ 4.584  2.328 2.256

Table 4: Distribution of claim and premise components
in the ArgUNSC.

During annotation, claims and premises were
marked on a component level, following Haddadan
et al. (2019). To identify and distinguish argument
components, we initially relied on the guidelines
provided by the authors of USElecDeb. We note
that, as the genres are slightly different, we met

Level ‘Total Support  Attack

Component ‘ 2.973 2.623 350

Table 5: Distribution of support/attack argumentative-
component pairs in the ArgUNSC.

N premises N components
no premise 640

one premise 1007

two premises 381

three premises 156

> three premises 144

Table 6: Distribution of the number of premises per one
claim in the ArgUNSC corpus.

several types of arguments that are specific to our
data, which resulted in some annotation guideline
extensions. In particular, diplomatic speeches fo-
cusing on military conflict often include claims that
express the speaker nation’s interpretation or evalu-
ation of the current situation, their position on the
actions of other parties, or proposals for conflict
mitigation. Typical premises in this context involve
references to concrete events or official documents.
These statements frequently include details such
as dates, actors involved, actions taken, and conse-
quences observed, as illustrated in Example (2).

A support relation indicates that the premise pro-
vides a reason to believe the claim, as in Example
(2), while an attack relation represents an opposing
position—typically anticipating or addressing po-
tential objections a hearer might raise, as shown in
Example (3).

(2) United Kingdom, 2014

[The situation in eastern Ukraine has contin-
ued to deteriorate]cyim. [Armed groups stormed
the Prosecutor’s office in Donetsk yesterday, fur-
ther increasing the number of Government build-
ings occupied since the 17 April Geneva agree-
mentpremise

(3) China, 2014:

China notes that, [since the signing of the Minsk
agreements between the Ukrainian Government
and eastern militias at the beginning of Septem-
ber, there have been no large-scale armed clashes
in eastern Ukraine]pemise. However, [the security
situation on the ground still remains fragile with
sporadic violent attacks in violation of the cease-
fire agreement, causing casualties and damage
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to infrastructure]ciim

We report statistics of the dataset for both
sentence- and component levels. (Tables 3 and
4). Like in the USElecDeb corpus, we observe that
claims slightly outnumber premises, which is not
rare in political discourse, where speakers do not
always provide premises to justify their claims.

We also note that, according to our guidelines,
claims can relate to more than one premise at a
time. Similarly, one premise may relate to one or
more claims. In our corpus, we observe consider-
able variation in the number of premises per claim,
ranging from none to more than three, as shown
in Table 6. Regarding relations, as seen from the
tables 2 and 5, in both UNSC speeches and pres-
idential debates, premises predominantly support
rather than attack claims, reflecting speakers’ ten-
dency to reinforce their position, no matter if one
is speaking on behalf of a country or campaigning
for the presidency.

Three annotators with backgrounds in compu-
tational linguistics participated in the annotation
process. First, Al and A2 collaboratively devel-
oped the annotation guidelines, using several test
speeches to explore the intricacies of the corpus
and iteratively refine the guidelines. After this pi-
lot phase, A1 completed the full annotation of the
corpus. Subsequently, A2 independently annotated
29 documents (excluding the test set), representing
20% of the corpus), labeling argumentative com-
ponents as claims or premises. The annotation of
argumentative relations (support/attack) was then
performed by a third annotator (A3), who had ac-
cess to the existing fixed component boundaries
established by A2. The annotation process was
carried out using the INCEpTION software (Klie
etal., 2018).

Inter-annotator agreement (IAA) was measured
using Cohen’s k statistic, calculated at the sentence
level. First, we assessed whether annotators agreed
on the sentence’s argumentative status (x = 0.69).
Next, considering only sentences both annotators
identified as argumentative, we measured agree-
ment on whether the sentence contained a claim or
apremise (x = 0.77). To compute IAA for relations,
we considered the sentence-pair level. Within each
speech, we generated the set of all possible claim-
premise pairs of sentences and calculate agreement
on whether each pair is labeled as support, attack,
or no relation (x = 0.68). Thus, we report over-
all substantial agreement on argument component
and relation annotation tasks (Artstein and Poesio,

2008). A1’s labels serve as gold standard.

4 Methodology

4.1 Argument Mining Pipeline

Following Liu et al. (2023), we divide argumen-
tation mining into the following four steps. We
approach each step as a binary classification task,
precisely formulated as follows.

Argumentative Component Segmentation
(ACS). Given a sentence X, predict whether it con-
tains an argumentative component (can be either a
claim or a premise) or not.

Argumentative Component Classification
(ACC). Given an argumentative sentence X, pre-
dict whether it contains a claim or a premise.

Argumentative Relation Identification (ARI).
Given a pair of sentences (or components) (X,Y),
the task is to predict whether X is argumentatively
related to Y (as either support or attack), or not. For
training, we randomly generate an equal number of
unrelated pairs by sampling sentences (or compo-
nents) from speeches in close temporal proximity—
specifically, within eight speeches before or after
the given speech—thereby ensuring comparable
contextual conditions.

Argumentative Relation Classification (ARC).
Given a pair of argumentatively related sentences
(or components) (X,Y), predict whether X and YV
are in a support or attack relationship.

All tasks are first performed at the sentence
level. For ACS, a sentence is labeled argumen-
tative if it contains at least one argumentative com-
ponent—claim or premise. For ACC, since a sen-
tence may contain both a claim and a premise, we
follow Haddadan et al. (2019) and assign the la-
bel based on the longer component. For ARI and
ARC, we consider a sentence pair (X, Y") as related
if a component in X is linked to a component in
Y. While the sentence-level setup is straightfor-
ward, we acknowledge that it may obscure infor-
mation when multiple components appear in the
same sentence. In our corpus, this happens in about
7% of cases, which poses particular challenges for
relation-based tasks. Therefore, we also report
component-level results for ARI and ARC.

4.2 Experimental Setup

We treat all tasks as sequence classification and fine-
tune transformer-based encoders using the bert-for-
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Evaluation Label Majority Vote BERT RoBERTa
F1 P R F1 P R F1

Argument 0.810 0.877 0.939 0907 | 0.883 0945 0913
IR-USElecDebgenence  Not Argument 0.000 0717 0541 0617 | 0745 0563  0.641
Avg Macro 0.551 0.797 0.740 0762 | 0.814 0754 0.777
0936 0.973 0954 | 0.937 0978 0.957
IR-Are UNSC Argument 0.926 +0.008 +0.008 +0.004 +0.008 +0.005 +0.004
8 T ot A . 0.000 0.778 0.586 0.667 | 0.810 0.591 0.682
° rgumen : +0.043 +0.055 +0.038 +0.029 +0.056 +0.039
0.857 0.780 0.810 | 0.874 0.784 0.819
AVg Macro 0.463 +0.022 +0.026 +0.021 +0.015 +0.027 +0.021
Argument 0.926 0916 0980 0.947 | 0.930 0.965 0.947
CRsentence Not Argument 0.000 0.776 0441 0562 | 0.713 0547 0.619
Avg Macro 0.463 0.846 0.710 0754 | 0.822 0756 0.783

Table 7: F1-score for the majority vote baseline and Precision (P), Recall (R), and F1-scores for BERT and RoBERTa.
Task: Argumentative Component Segmentation (ACS) in in-register and cross-register settings.

Evaluation Label Majority Vote BERT RoBERTa
F1 P R F1 P R F1

Claim 0.677 0.671 0754 0.710 | 0.660 0.806 0.726
IR-USElecDebenence  Premise 0.000 0.705 0.614 0.656 | 0.736  0.567 0.640
Avg Weighted 0.346 0.688 0.685 0.684 | 0.698 0.689 0.684
. 0.716 0.850 0.777 | 0757 0.766  0.761
IR-Are UNSC Claim 0.673 +0.006 +0.019 +0.006 +0.029 +0.027 +0.009
A8 e e 0.000 0.809 0.653 0.722 | 0756 0.745 0.750
remise ' +0.014 +0.028 +0.014 +0.014 +0.045 +0.020
. 0.762 0753 0.750 | 0.757 0.755 0.755
AVg Welghted 0341 +0.006 +0.007 +0.008 +0.014 +0.014 +0.013
Claim 0.673 0.698 0.801 0.746 | 0.719 0.772 0.745
CRsentence Premise 0.000 0.759 0.643 0.696 | 0.747 0.690 0.717
Avg Weighted 0.341 0.728 0723 0721 | 0733 0.732 0.731

Table 8: F1-score for the majority vote baseline and Precision (P), Recall (R), and F1-scores for BERT and RoBERTa.
Task: Argumentative Component Classification (ACC) in in-register and cross-register settings.

sequence-classification framework?, which builds
on HuggingFace Transformers (Wolf et al., 2020).
We use bert-base-uncased (Devlin et al., 2019) and
roberta-base (Liu et al., 2019), both comprising
12 transformer layers with 12 attention heads each.
A linear classification head is placed on top of the
final hidden state. Models are trained using the
Adam optimizer (Kingma and Ba, 2014) and nega-
tive log-likelihood loss. We compare performances
of BERT and RoBERTa against a majority vote
baseline, which always predicts the most frequent
class.

Regarding training, we find that two epochs are
optimal for fine-tuning on the large USElecDeb
corpus across all tasks. In contrast, the smaller size
of ArgUNSC benefits from longer training, and we
fix the number of epochs between 6 and 8 for all
cross-validation runs.

4https://pypi.org/project/
bert-for-sequence-classification/

In addition to experimenting with encoder-only
models like BERT and RoBERTa, we evaluate a
GPT-4 LLM developed by OpenAl (OpenAl, 2023).
We prompt GPT-4 under two conditions: zero-shot
and few-shot. In the zero-shot setup, the model
is given only task instructions without any labeled
examples. In the few-shot setup, the prompt is aug-
mented with three labeled examples per class. For
instance, in the ACS task, the prompt includes three
sentences labeled as arguments and three labeled as
non-arguments to guide the model’s classification.

4.3 Evaluation Setup

Our experiments are designed to evaluate model
performance both within and across two corpora.
We consider three main scenarios: (a) fine-tuning
and testing on the large-scale USElecDeb corpus
(serving as an in-register baseline), (b) fine-tuning
and testing on the smaller ArgUNSC corpus, and
(c) fine-tuning on USElecDeb and testing on Ar-
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Evaluation Label Majority Vote BERT RoBERTa
F1 P R F1 P R F1
Relation 0.666 0.696 0.824 0755 | 0.754 0876 0.810
IR-USElecDebgemence  No Relation 0.000 0.785 0.640 0.705 | 0.852 0.714 0.777
Avg Weighted 0.333 0.741 0732 0.730 | 0.803 0.795 0.794
) 0.664 0738 0.697 | 0.698 0.774 0.733
IR-Are UNSC. Relation 0.667 +0.023 +0.048 +0.011 +0.022 +0.031 +0.007
—8 o Relati 0,000 0.706  0.623 0.659 | 0.747 0.662  0.700
0 kelation : +0.020 +0.061 +0.028 +0.013 +0.048 +0.023
. 0.685 0.680 0.678 | 0.722 0718 0.717
AVg Welghted 0.333 +0.008 +0.009 +0.011 +0.008 +0.011 +0.012
) 0.642 0712 0675 | 0708 0.741 0.723
IR-Are UNSC Relation 0.670 +0.009 +0.040 +0.019 +0.009 +0.062 +0.025
8 Ot Relati 0.000 0.678 0.603 0.637 | 0.732 0.693 0.710
0 kelation : +0.024 +0.027 +0.011 +0.043 +0.036 +0.006
. 0.660 0.657 0.656 | 0.720 0.717 0.717
Avg Weighted 0335 £0014 0012 £0011 | £0019 £0014 0013
Relation 0.667 0541 0922 0682 | 0536 0960 0.688
CRentence No Relation 0.000 0.738 0219 0338 | 0.808 0.169 0.279
Avg Weighted 0.333 0.640 0571 0510 | 0.672 0564 0.484

Table 9: F1-score for the majority vote baseline and Precision (P), Recall (R), and F1-scores for BERT and RoBERTa.
Task: Argumentative Relation Identification (ARI) in in-register and cross-register settings on both sentence and

component levels.

gUNSC to evaluate cross-register generalization
ability of models. Hereinafter, we adopt the IR ab-
breviation for the in-register experiments and CR
for the cross-register ones.

For all experiments involving USElecDeb, we
use the official training and testing splits provided
by the authors. In the CR setting, we fine-tune the
models on the USElecDeb training set and evaluate
on the full ArgUNSC corpus. For IR experiments
on ArgUNSC, we follow a 5-fold stratified cross-
validation protocol and report mean and standard
deviation. GPT-4 setups are evaluated using the
entire ArgUNSC.

Across all IR and CR settings, and for both
encoder-based models and LLMs, each of the four
stages in the argument mining pipeline is evaluated
using gold standard labels, without propagating
errors from one step to the next.

5 Results and Discussion

5.1 In- and Cross-Register Performance

Table 7 presents IR and CR results on the Ar-
gumentative Component Segmentation (ACS)
task. First, we observe that in-register (IR) per-
formance for both ArgUNSC and USElecDeb is
moderately high, with ROBERTa approaching an
F1 score of 0.8, indicating that argument segmen-
tation (ACS) is a fairly solvable task in both cor-
pora, even with class imbalance. We also note that,
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with per-class F1 scores of 0.913 and 0.641, our
RoBERTa model performs competitively compared
to the LSTM predictions reported in Haddadan
et al. (2019), which are 0.913 and 0.547, respec-
tively. In the cross-register (CR) setting, ROBERTa
achieves an F1 score of 0.783, which—when com-
pared to the strong majority vote baselines in IR
and CR—suggests robust generalization, both over-
all and at the class level. BERT follows a sim-
ilar pattern, showing solid cross-register perfor-
mance, although RoBERTa consistently outper-
forms it across all setups.

Results for the Argumentative Component
Classification (ACC) task are shown in Table 8.
First, we again note a competitive performance of
our RoBERTa (0.684) compared to Haddadan et al.
(2019)’s LSTM (0.673). Generally, while perfor-
mance in both IR and CR settings hovers around the
0.7 F1 mark, there is a consistent drop compared
to ACS, reflecting the higher complexity of compo-
nent type classification. Nevertheless, both BERT
and RoBERTa generalize remarkably well: in the
CR setup, they achieve F1 scores of 0.721 and
0.731 accordingly, surpassing even their IR perfor-
mance on USElecDeb. This suggests that the con-
ceptual distinction between claims and premises
is relatively stable across the two political speech
genres.

Argumentative Relation Identification (ARI)
results are summarized in Table 9. In the IR set-



Evaluation Label Majority Vote BERT RoBERTa
F1 P R F1 P R F1
Support 0.919 0.890 0.970 0929 | 0.908 0954 0.931
IR-USElecDebsnence  Attack 0.000 0.658 0.326 0436 | 0.639 0456 0.532
Avg Macro 0.459 0.774 0.648 0.682 | 0.773 0705 0.731
0918 0.973 0944 | 0.937 00958 0.947
IR-Are UNSC Support 0.937 +0.008 +0.006 +0.003 +0.014 +0.016 +0.005
8 sentence Attack 0.000 0.628 0349 0.444 | 0.630 0511 0.551
ac : +0.039 +0.075 +0.068 +0.047 +0.126 +0.049
0.773 0.661 0.694 | 0.783 0735 0.749
AVg Macro 0.469 +0.022 +0.035 +0.035 +0.021 +0.057 +0.031
S . 0.936 0925 0.974 0949 | 0.943 0973 0.958
IR-Are UNSC. uppor : +0.006 +0.007 +0.003 +0.009 +0.010 +0.003
78 component 0.673 0399 0497 | 0741 0.548 0.624
Attack 0.000
+0.060 +0.055 +0.044 +0.065 +0.075 +0.040
0.799 0.686 0.723 | 0.842 0.761 0.791
AVg Macro 0.468 +0.029 +0.026 +0.023 +0.030 +0.034 +0.021
Support 0.937 0.884 0.994 0936 | 0.895 0982 0.937
CRsentence Attack 0.000 0320 0.023 0.043 | 0.511 0.137 0216
Avg Macro 0.469 0.602 0.508 0489 | 0.703 0560 0.576

Table 10: Fl-score for the majority vote baseline and Precision (P), Recall (R), and F1-scores for BERT and
RoBERTa. Task: Argumentative Relation Classification (ARC) in in-register and cross-register settings on both

sentence and component levels.

tings, models perform reasonably well, with F1
scores surpassing 0.79 on RoBERTa—comparable
to or even exceeding results from ACC, despite
ARI typically being considered the more complex
task.

In contrast, cross-register generalization (CR) re-
veals a substantial performance drop: the weighted
F1 score decreases to 0.484 for RoBERTa and
0.510 for BERT. Notably, the model barely im-
proves over the majority vote baseline for the Rela-
tion class. A likely explanation lies in the structural
differences between corpora. In the USElecDeb
corpus, argumentative relations are annotated not
only between premises and claims but also between
claims and between premises. This variation likely
introduces noise and confuses the model at infer-
ence time.

We also report component-level results for ARI,
where we expected a performance gain due to more
granular inputs. However, the results remain on par
with the sentence-level setting.

Argumentative Relation Classification (ARC)
results are reported in Table 10. In the IR settings,
both models perform well, but RoOBERTa proves to
be more competitive. We note that Attack relations
remain substantially harder than Support relations,
consistently showing F1 scores below 0.65 — even
IR.

The CR scenario further highlights this difficulty.
While Support generalizes well (0.937 F1 with

RoBERTa), Attack F1 drops to 0.216, pulling the
macro average down to 0.576 on RoBERTa. These
results suggest that although positive argumentative
relations transfer reliably across registers, adversar-
ial patterns (e.g., attacks) are less stable.

Component-level results show slightly improved
performance compared to sentence-level, with a
more pronounced benefit for ARC than ARI. This is
likely because fine-grained component boundaries
benefit the task of distinguishing relation polarity
(support vs. attack) more than the task of relation
existence detection.

General findings can be summarized as follows.
First, ROBERTa consistently outperforms BERT
across all tasks and evaluation settings (with the
only notable exception of ARI in cross-register
setting), confirming its superior contextual repre-
sentation capabilities for argumentative language.
Second, among the four tasks, ACS emerges as
the easiest in the IR setting, likely due to the pres-
ence of clear lexical markers. In contrast, ARC
proves to be the most challenging, as it demands
nuanced modeling of argument polarity. Third, for
ARC, moving from sentence- to component-level
modeling substantially improves performance, par-
ticularly in the ArgUNSC IR setting. RoBERTa
achieves near 0.80 F1, underscoring the value of in-
creased granularity in argumentative polarity classi-
fication. Finally, regarding generalization, the best
transfer is observed for ACC and ACS. ARC ex-
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Task \ IR CR GPT-4 zero GPT-4 few
ACS | 0.819 0.783 0.652 0.767
ACC | 0.755 0.733 0.683 0.706
ARI | 0.717 0.484 0.594 0.562
ARC | 0.749 0.576 0.636 0.639

Table 11: F1 scores (average macro for tasks ACS and
ARC and average weighted for tasks ACC and ARI) for
GPT-4-prompting methods compared with the IR and
CR predictions (RoOBERTa).

hibits moderate robustness, suggesting that relation
polarity (e.g., support vs. attack) transfers more
reliably than the identification of whether a relation
exists at all. ARI remains the most difficult to gen-
eralize, potentially due to cross-register differences
in density, directionality, and linking strategies in
underlying argument structure graphs.

5.2 Comparison to GPT-4 models

Table 11 presents the results of zero-shot and few-
shot prompting using the GPT-4 model across the
four core argument mining tasks on ArgUNSC
dataset. Overall, GPT-4 underperforms compared
to fine-tuned ROBERTa models in all IR and half
of the CR scenarios. The gap is particularly pro-
nounced in tasks ACS (0.819 IR and 0.783 CR
vs. 0.767 few-shot) and ACC (0.755 IR and 0.733
CR vs 0.706 few-shot). On ARI and ARC, zero-
and few-shot prompting outperforms the CR setup,
but it still falls short of IR-fine-tuned ROBERTa on
these tasks with.

This may be because fine-tuned BERT-based
models are directly adapted to the domain, reg-
ister and context intricacies of the dataset, while
prompting alone often fails to capture such sub-
tleties—especially for complex discourse tasks
like argumentative relation detection in political
speech. Fine-tuning large open-weight models such
as LLaMA (Touvron et al., 2023) or Mistral (Jiang
et al., 2023) could address this gap.

6 Conclusion

Our work presents a comprehensive study of cross-
register generalization in argument mining within
political discourse. We introduce ArgUNSC, a new
manually annotated corpus of UN Security Council
speeches, and benchmark four core AM tasks.

We acknowledge several limitations. The study
is restricted to the English language and two politi-
cal registers. Further, our sentence-level setup sim-
plifies structures in multi-component sentences,—

future work may explore more fine-grained ap-
proaches, such as token-level prediction.

In the future, we plan to conduct a qualitative
error analysis to identify which register-specific
differences contribute to model failures in ARI and
ARC.

Beyond its value for argument mining pipelines,
ArgUNSC also opens new avenues for political
science research, such as analyzing how nations
justify their own or foreign policies and rhetorically
align with allies or opponents.

Reproducibility

The new ArgUNSC dataset, annotation
guidelines and Python scripts can be found
at: https://github.com/mpoiaganova/
political-argument-mining
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A ArgUNSC Descriptive Statistics

Year Speeches
2014 93
2015 27
2016 11
2017 7
2018 6

Table 12: Number of speeches per year
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Country

Speeches

Russia
Ukraine
United States
United Kingdom
France
China
Lithuania
Australia
Rwanda

The Republic of Korea
Luxembourg
Argentina
Chile
Nigeria
Jordan
Sweden
Ethiopia
Angola
Belgium
New Zealand
Venezuela
Spain

Chad
Indonesia

UNSC Briefing

25
16
15
11
11
11
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Table 13: Number of speeches per country
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