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Abstract

Argument mining for Arabic remains underex-
plored, largely due to the scarcity of annotated
corpora. To address this gap, we examine the
effectiveness of cross-lingual transfer from En-
glish. Using the English Persuasive Essays (PE)
corpus, annotated with argumentative compo-
nents (Major Claim, Claim, and Premise), we
explore several transfer strategies: training
encoder-based multilingual and monolingual
models on English data, machine-translated
Arabic data, and their combination. We fur-
ther assess the impact of annotation noise intro-
duced during translation by manually correct-
ing portions of the projected training data. In
addition, we investigate the potential of prompt-
ing large language models (LLMs) for the task.
Experiments on a manually corrected Arabic
test set show that monolingual models trained
on translated data achieve the strongest perfor-
mance, with further improvements from small-
scale manual correction of training examples.

1 Introduction

Argument mining is a subfield of natural language
processing (NLP) concerned with the automatic
identification of argumentative structures in text.
These structures typically comprise components
such as claims, premises, and major claims, which
together form the backbone of rational discourse
(Cabrio and Villata, 2018). Beyond its theoretical
importance, argument mining has practical applica-
tions in domains such as education, online debate,
misinformation detection, and policy analysis. De-
spite recent advances in neural methods and LLMs,
research in argument mining has focused mainly
on high-resource languages such as English (Li
et al., 2025). In contrast, Arabic remains underex-
plored, largely due to the scarcity of annotated data.
This gap limits the development of effective tools
for argument analysis in Arabic-speaking contexts.
Creating high-quality annotated resources for ar-
gument mining is both costly and time-consuming,

especially in low-resource settings. A common
strategy to address this challenge is to leverage
existing English argumentation datasets through
cross-lingual transfer or translation-based methods.
Yet, the effectiveness of these approaches for a lin-
guistically rich and structurally diverse language
like Arabic remains an open question. In this paper,
we investigate the feasibility of argument mining
in Arabic by leveraging existing English resources.
Our focus is on span-level argument component
identification, which we formulate as a sequence
labeling task using BIO-tagged annotations. Us-
ing the English Persuasive Essays corpus (Stab and
Gurevych, 2017) as our source dataset, we evaluate
four strategies:

» Zero-Shot Multilingual: Applying a multi-
lingual model trained only on English directly
to Arabic without adaptation.

* Translate-Train Multilingual: Training a
multilingual model on a combination of En-
glish and translated Arabic data.

* Translate-Train Monolingual: Translating
English training data into Arabic and training
an Arabic model on the translated data.

* LLM-Based Inference: Prompting large lan-
guage models to identify argument compo-
nents in Arabic in a zero-shot setting.

We also conducted a small-scale annotation cor-
rection study to evaluate the impact of improving
label quality in translated data. Our findings show
that the Translate-Train Monolingual approach sig-
nificantly outperforms alternative methods, and that
even limited manual correction of projected labels
yields substantial performance gains.

These findings highlight the effectiveness of
translation-based modeling with minimal human
supervision in addressing resource bottlenecks,
while also emphasizing the need for high-quality,
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Arabic-specific argumentation corpora to support
the development of more accurate and generaliz-
able argument mining systems.

All the resources developed in this paper are
available online.!

2 Related Work

Argument mining, the automatic analysis of ar-
gumentative structures in text, has advanced con-
siderably in high-resource languages like English,
supported by abundant annotated corpora and pow-
erful models. However, research on low-resource
languages such as Arabic remains limited due to
scarce datasets and tools. To address this, recent
efforts have started to build foundational resources
for Arabic argument mining, while parallel work
has explored cross-lingual transfer and the use of
LLMs as potential solutions to the data bottleneck.
In the following subsections, we review prior work
in three key areas: Arabic argument mining, cross-
lingual argument mining, and the application of
LLMs to argument mining tasks.

Arabic Argument Mining A recent initiative
in Arabic argument mining is Munazarat 1.0, a
speech-based corpus comprising over 50 hours of
transcribed MSA debates from QatarDebate tour-
naments, designed to support tasks such as de-
bate strategy analysis and argumentation mining
(Khader et al., 2024). Another notable effort is the
‘Arabic Argumentative Debate’ Corpus (Al-Sharafi
et al., 2025), which applies a Toulmin-inspired,
multi-dimensional scheme to label argumentative
structures in debate transcripts. While both datasets
are valuable, Munazarat 1.0 does not provide an-
notations for argumentative structure, whereas the
Arabic Argumentative Debate Corpus focuses on
higher-level rhetorical units.

Cross-Lingual Argument Mining Cross-lingual
methods have been explored as a promising so-
lution to the lack of annotated resources in low-
resource languages. Eger et al. (2018) conducted
one of the earliest studies in this space, introduc-
ing direct transfer and annotation projection tech-
niques for argument mining between English and
German. Their findings showed that translating
English data and projecting annotations onto the
target language could yield competitive results even
without target-language supervision. Later work

1https://github.com/saranabhani/
ar-am-transfer

by Toledo-Ronen et al. (2020) confirmed the po-
tential of such translation-based methods, showing
that models like multilingual BERT can learn ar-
gumentative structures through machine-translated
training examples, though performance declines
somewhat when key language-specific nuances are
lost in translation. Recent studies have shown that
argument mining behaves differently from other
sequence labeling tasks. Yeginbergen et al. (2024)
tested several strategies in medical abstracts and
found that translating data worked better than di-
rectly applying multilingual models. In the edu-
cation domain, Ding et al. (2024) studied student
essays written by English L1, English L2, and Ger-
man learners. They found that differences in writ-
ing style and task type had a stronger effect on
transfer performance than language alone.

In this paper, we follow a similar methodology to
evaluate cross-lingual argument mining for Arabic.
Specifically, we use English argumentation data,
translate it into Arabic, and project the original an-
notations using word alignment tools. We compare
this with other strategies including zero-shot trans-
fer and training monolingual models on translated
Arabic data. To our knowledge, this is the first
study to systematically evaluate these approaches
for Arabic argument mining.

Large Language Models for Argument Min-
ing Recent studies have shown that LLMs can
be highly effective for various argument mining
tasks. A comprehensive survey by Li et al. (2025)
outlines how LLMs, through prompt engineering,
in-context learning, and chain-of-thought reason-
ing, can perform component identification and re-
lation extraction. Gorur et al. (2024) demonstrated
that open-source LL.Ms like Llama and Mistral can
significantly outperform RoBERTa-based baselines
on relation-based argument mining through care-
ful prompting strategies. Meanwhile, Chen et al.
(2024) evaluated models such as GPT, Flan, and
Llama across several argument mining and gen-
eration datasets, finding strong performance even
in zero- and few-shot settings. These promising
results indicate that LLMs can handle both argu-
ment structure identification and relational reason-
ing. However, research in this area has focused
almost exclusively on English. To our knowledge,
little work has examined LLMs’ zero-shot or few-
shot performance on structured argument mining
in low-resource languages such as Arabic. This is
a gap our study seeks to address.
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3 Data

Our main English resource is the Persuasive Es-
says (PE) corpus introduced by Stab and Gurevych
(2017). This widely used dataset is annotated
according to Freeman’s theory of argumentation,
which offers a simple yet generalizable framework.
Prior work has demonstrated its utility for cross-
lingual argument mining, showing that models
trained on English can be adapted to low-resource
languages (Eger et al., 2018). Building on this foun-
dation, we investigate the extent to which English
data can support argument mining in Arabic.

The PE corpus contains 402 English essays col-
lected from essayforum. com. Each essay is paired
with a description of the writing prompt to which
it responds. The essays are segmented into para-
graphs, and in our setup, each paragraph is treated
as a separate data instance.

Each paragraph is annotated at the token level
using the BIO (Begin, Inside, Outside) labeling
scheme, where each token is tagged according to
whether it is part of a Major Claim, Claim, or
Premise:

* Major Claim: The central thesis or main ar-
gument of the essay.

* Claim: A proposition that supports and devel-
ops the Major Claim.

* Premise: A justification or evidence used to
substantiate a Claim.

An example of an annotated essay segment from
the PE corpus is shown in Figure 1. The dataset is
already split into training and test sets, which we
use as provided. Summary statistics for the corpus
are shown in Table 1.

Statistic Train Test Total
# Essays 322 80 402
# Paragraphs 1,786 449 2,235
# Tokens 118,645 29,537 148,182
Major Claim 598 153 751
Claim 1,202 304 1,506
Premise 3,023 809 3,832

Table 1: Statistics of the PE corpus across training and
test splits.

4 Methodology

To address the cross-lingual challenge in Arabic
argument mining, we experiment with five main
approaches, grouped into three broad categories:
Cross-Lingual Transfer, Translation-Based Train-
ing, and Large Language Models.

4.1 Cross-Lingual Transfer

We begin with a zero-shot setup where a multilin-
gual model trained only on English data is applied
directly to Arabic texts.

Multilingual Zero-Shot (EN) We train a multi-
lingual model on the original English training data
from the PE corpus. The model is then applied
directly to Arabic texts without exposure to Ara-
bic during training. This tests the model’s ability
to transfer argumentation knowledge across lan-
guages in a zero-shot setting.

4.2 Translation-Based Training

We investigate whether training on Arabic transla-
tions of the English corpus can enhance the perfor-
mance. We test both multilingual and monolingual
models under this setting.

Multilingual Translate-Train (AR) We trans-
late the English training data into Arabic and use
it to train a multilingual model. This exposes the
model to Arabic text during training, while still
leveraging its multilingual capabilities.

Multilingual Combined Training (AR + EN)
We train a multilingual model on a combination
of the original English data and its Arabic trans-
lation. This setup allows the model to learn from
both languages at once and potentially align repre-
sentations across them more effectively.

Monolingual Translate-Train (AR) In this set-
ting, we train a monolingual Arabic model using
only the translated Arabic data. Unlike the previous
two approaches, the model is not multilingual and
is specialized in Arabic, which may help capture
language-specific features more effectively.

4.3 Large Language Models Prompting

We also evaluate LLMs in a zero-shot setting.
These models are prompted directly with Arabic
task descriptions and examples, without any fine-
tuning. This allows us to assess the out-of-the-box
capabilities of general-purpose LLMs for Arabic
argument mining.
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suggest
matter how the story ends.

which good people get reward or get nothing.

In fact, those good endings somtimes are helpful.Some people may be encouraged to do good things.
But like | said, this kind of behavior won't last long, because someday they will realize the truth. So |

Based on my arguments above, | think movies and TV programs should present different stories in

. And if they can, they will be good people no

Bl Major Claim

Claim

B Premise

Figure 1: Example paragraph from the PE corpus

5 Experimental Setup

Building on the approaches outlined in the Method-
ology section, this section presents the experimen-
tal setup for evaluating Arabic argument mining
using English resources. We describe the task for-
mulation, model architecture, and training config-
urations, as well as the translation and annotation
projection process and the evaluation setup, includ-
ing a study on the impact of manual annotation
correction.

5.1 Encoder-Based Models

This subsection outlines the experimental setup
used to fine-tune encoder-based models for the task.

Model Architecture We formulate the task of
argument mining as a sequence labeling problem,
where the objective is to detect and classify con-
tiguous spans of text corresponding to argument
components. This formulation is supported by the
structure of the PE corpus, which is annotated at
the token level using the BIO tagging scheme.

Our architecture builds on prior work such as
Eger et al. (2018), which employed BiLSTM-CRF
models for argument component identification. In
our setup, we replace the recurrent encoder with a
transformer-based model to better capture long-
range dependencies and contextual information.
The overall model comprises three main compo-
nents:

1. A pre-trained transformer encoder that pro-
cesses tokenized input sequences

2. A token classification layer that produces label
logits

3. A CREF layer that models label dependencies
and ensures consistent label sequences

This architecture is used consistently across all fine-
tuned experiments, with the primary difference be-
ing the choice of a pre-trained language model as

the encoder, depending on the language and method
used.

Models Used We experiment with both multilin-
gual and monolingual transformer models, depend-
ing on the approach:

e Multilingual Approaches: We use XLM-
RoBERTa-large (Conneau et al., 2019), a
transformer model trained on 100 languages.
Its strong cross-lingual capabilities make it
suitable for both zero-shot and translation-
based multilingual experiments.

* Monolingual Approach: For training di-
rectly on Arabic data, we use AraBERTv2
(Antoun et al.), a BERT-based model pre-
trained specifically on large-scale Arabic cor-
pora.

Training Configuration All models are fine-
tuned using consistent hyperparameters, shown in
Table 2.

Hyperparameter Value
Max sequence length 256 tokens
Batch size 16

Epochs 100
Learning rate 3x107°
Weight decay 0.01
Warmup steps 100
Optimizer AdamW

Table 2: Hyperparameters used for models fine-tuning.

Translation and Annotation Projection To cre-
ate Arabic data for training and testing, we translate
the English PE dataset using the NLLB model (No
Language Left Behind) (Costa-jussa et al., 2022).
We project the English token-level annotations onto
the Arabic translation using FastAlign (Dyer et al.,
2013), a widely used word alignment tool.
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Original Example

Secondly, there are clear evidences that tourism increasingly create harms to the natural habitats of
the destination appeals. As the Australia's Great Barrier Reef has shown, the billion visitors per annum
has generated immense destruction to this nature wonder, namely breaking the corals caused by
walking or throwing boat's anchors, dropping fuel and other sorts of pollutions. For this reason, many
marine lives have been endangered, in the extremes part of the reef become uninhabitable for these
marine species. Thus, it is apparent that

Automatic Translation and Annotation Projection
bl oS . Lgidles Al gbliell deubll Plgall 8391350 ol i doluadl o1 Lle dously Aol Ws . L.Jb
ool Lol 13g) Blo ju0a5 8wl 38 bgm Hlgl o HLdall L,l_ea Lyl V] IS ESVN | )>l>JI
¢ adl 13g) L Gglidl f—_lg.)l oo Wyt .)9_99.” blawlg « w)laall 8wy o) o il pe el U el juus 6I
. dyysddl g_lgntl odg) OS] Wlo i C.wl >l o @8ylnioll cljx3l P bl ol Bladl (o Maall Cudyes
< b

Manual Correction
bl LoS . Lgidlss Al gbliell deubll Slgal) o.\.)|)_v..o ol o @bl Gl Gle dsuslg Aol Wls . Lub
ool Lol 13g) Blo ju0a5 8 ol 38 bw Hlgl o )Ll uls Ll yicaol P psaall Gl yell Pl;JI
¢ adl 13g) L Coglidl f_ngI oo Wyt 3999J| blawly « wyledll 8wy o) ol il He el OB el juus 6|
. dyysddl &Ig)}“ odg) OS] @Wlo i @Jol >l o d8yhaiall cly>l P bl ol Bladl (o Maell Cudyel
ol olall o« il

Claim

M Major Claim

B Premise

Figure 2: Example of one paragraph from the PE corpus in three forms: (a) the original English paragraph, (b) the
automatically translated Arabic version with projected labels, and (c) the manually corrected Arabic version

5.2 LLM-Based Inference

In addition to the supervised systems, we test
whether LLMs can recognize Arabic argument
components without any task-specific fine-tuning.
We use Llama 3.1 70B and Claude 3.5 Haiku in a
zero-shot setting,” prompting the models and pars-
ing their raw text output.

Prompt Design Each model receives a short sys-
tem prompt that defines the task and a user prompt
that provides the rules together with the paragraph
to be labelled. Although the {text} placeholder
is replaced with an Arabic paragraph at inference
time, the prompts themselves are written in English
because prior studies (Kmainasi et al., 2024) and
our preliminary experiments indicate better per-
formance when prompting in English rather than
Arabic. The prompts are shown in Table 3.

2We also experimented with Fanar, an Arabic LLM
(https://huggingface.co/QCRI/Fanar-1-9B), but ob-
served very low output quality.

5.3 Annotation and Translation Quality Study

Anneotation Quality Annotation projection us-
ing alignment tools like FastAlign can introduce
errors, especially for longer spans or less literal
translations. To examine the effect of these errors,
we manually reviewed a subset of the projected
training annotations, corrected the identified errors,
and measured the resulting change in model perfor-
mance. The review was carried out in four phases
of 100 paragraphs each, 400 in total. Paragraph-
and token-level error rates, both relative to the re-
viewed subset and to the full training set, are sum-
marized in Table 4.

These corrections were applied to translation-
based experiments and allow us to evaluate how
data quality influences learning outcomes. An ex-
ample is shown in Figure 2.

Translation Quality We also reviewed 100 para-
graphs for translation errors. The review re-
vealed different types of errors, including morpho-
logical mistakes (e.g., “ciis - cdis” - “

improved - improved”), wrong word choices

was
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Prompt role  Content

System

Y You are a precise information extraction assistant. Your job is to identify and
extract argumentative components from input text. These components include Major
Claims, Claims, and Premises.
Rules:
— Extract spans exactly as they appear in the input — no rewriting.
- A span can have only one label.
- Spans must not overlap.
— If there are no spans to extract, return nothing.
— For each valid span, write the label on one line and the exact span on the
next.

User

Your task is to extract any spans from the following text that represent a “Major
Claim”, “Claim”, or “Premise”, if they exist.
— Do not rephrase or alter the spans; extract them exactly as they appear.

- Spans must not overlap.

- Each span must have only one label.
— If no spans exist in the text, do not output anything.

Text: “{text}”

Table 3: System and user prompts supplied to Llama 3.1 70B and Claude 3.5 Haiku. The placeholder {text} is

replaced with an Arabic paragraph at inference time.

Phase out of reviewed out of training
100 69% 3.9%
200 69% 7.7%
300 65% 10.9%
400 64% 14.4%

(a) Paragraph-Level: The proportion of paragraphs with at
least one error among the manually reviewed paragraphs.

Phase

out of reviewed out of training

100 16.2% 0.9%
200 15.4% 1.7%
300 13.6% 2.2%
400 13.2% 2.9%

(b) Token-Level: The proportion of tokens assigned wrong
label among the tokens of the manually reviewed paragraphs.

Table 4: Error rates reported for each of the four review
phases (100 paragraphs per phase; 400 total). For each
phase, we show percentages relative to the reviewed
subset and relative to the full training set.

(e.g., Cf“j - CJMJ - “acceleration - acceler-
ates”), literal translations of idioms (e.g., “piece
of cake”), and minor spelling inconsistencies (e.g.,
“i>, W - 0,07 - “to the extent”). However, only
0.6% of the tokens in the reviewed sample con-
tained translation errors. This rate is very low com-
pared to the annotation error rates (see Table 4),
and most of the identified errors were minor, with
little to no impact on sentence meaning or structure.
Due to this low error rate and its limited impact

on data quality and argumentative label accuracy,
we focus our correction study on annotation errors
only.

5.4 Evaluation Setup

The evaluation is performed on the Arabic version
of the PE test set. We translate the English test
data using NLLB and project the original annota-
tions using FastAlign. To ensure label consistency
and fairness in evaluation, we manually review and
correct the projected labels in the test set. We re-
port precision, recall, and micro F1-score for each
experiment. For translation-based approaches, we
also investigate how annotation quality affects per-
formance (Section 5.3).

6 Results

This section presents the results of the study, begin-
ning with the evaluation outcomes and followed by
an analysis of errors.

6.1 Evaluation Results

In this subsection, we report the results for each
experimental setting described in Section 5.

The results are presented in two tables. Table 5
reports the performance of all models, both the
encoder-based and the zero-shot large language
models, using only the automatically projected data.
Table 6 focuses on the annotation quality study
showing how manual correction of a subset of the
projected training data affects the performance of
the fine-tuned models.
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Model P R F1

Multi-Ling. EN 0.009 0.001 0.003
Multi-Ling. AR 0.102 0.085 0.093
Multi-Ling. EN+AR  0.007 0.111 0.013
Mono-Ling. AR 0.239 0.265 0.251
Llama 3.1 70B 0.054 0.033 0.041
Claude 3.5 Haiku 0.149 0.085 0.108

Table 5: Performance of all models using the English
PE training data and the Arabic translated data with
no manual correction. Includes fine-tuned supervised
models and zero-shot LLMs. P = Precision, R = Recall,
F1 = F1 score. All models are evaluated on the same
manually corrected Arabic PE test set.

Model #Rev | R F1
0 0.102 0.085 0.093
100 0.100  0.090 0.095
Multi-Ling. AR 200 0.120 0.111 0.116
300 0.093 0.096 0.094
400 0.137 0.119 0.128
0 0.007 0.111 0.013
100 0.136  0.107 0.120
Multi-Ling. EN+AR 200 0.154 0.129 0.140
300 0.142 0.116 0.128
400 0.146 0.124 0.134
0 0.239  0.265 0.251
100 0.263 0.295 0.278
Mono-Ling. AR 200 0.309 0340 0.324
300 0310 0.355 0.331
400 0331 0372 0.351

Table 6: Effect of manual annotation correction on fine-
tuned models. P = Precision, R = Recall, F1 = F1
score. #Rev indicates the number of manually reviewed
training examples (0, 100, 200, 300, or 400). All models
are evaluated on the same manually corrected Arabic
PE test set.

The results highlight the importance of both
model choice and training data quality in cross-
lingual Arabic argument mining. The monolingual
model (AraBERT), trained on translated Arabic
data, achieves the highest performance across all
settings. Its F1 score improves steadily as more
manually corrected training data is introduced,
reaching 0.351 with 400 reviewed examples. These
results confirm the findings by Yeginbergen et al.
(2024) and extend them to Arabic.

Multilingual models, while generally lower-
performing, also benefit from improved training
labels. XLM-RoBERTa-large trained on both En-
glish and Arabic data performs poorly with uncor-

rected labels (F1 = 0.013), but improves signifi-
cantly when 200 reviewed examples are included
(F1 = 0.140). This shows that the quality of pro-
jected annotations has a strong effect on model
performance, especially in cross-lingual setups.

The zero-shot multilingual model, trained only
on English and evaluated directly on Arabic,
performs very poorly (F1 =0.003). This confirms
that direct cross-lingual transfer is ineffective for
this fine-grained sequence labeling task without
any form of adaptation or supervision.

In the LLM setting, Claude 3.5 performs better
than Llama 3.1, reaching an F1 score of 0.108.
However, both models fall behind all encoder-
based models, including those trained on noisy
projected data. These results suggest that current
large language models, while capable of some zero-
shot generalization, still struggle with span labeling
tasks in low-resource languages.

6.2 Error Analysis

The error analysis reveals that the model produces
several types of errors: false positives, false nega-
tives, misclassifications, and span boundary errors.
Among these, boundary errors are the most fre-
quent. In such cases, the model correctly identifies
the argumentative type but predicts a span that is
slightly longer or shorter than the gold annotation.
This indicates that the model often locates the rele-
vant segment in the text but struggles to precisely
mark its start and end points. Misclassification er-
rors are also common, where the predicted span
matches the gold span but is assigned the wrong
label. Less frequently, the model completely fails
to detect a gold span (false negatives) or predicts
a span that does not exist in the gold data (false
positives).
For example, in the sentence:

“Gmedall S Eoas L ol 22

(“It is apparent that tourism has threatened the
natural environments”)
the model predicted the entire sentence as a claim.
However, in the gold annotation, only the part:

“Gmeda)) S Svan Ll

(“tourism has threatened the natural environ-
ments”)

is labeled as a claim. This illustrates a boundary er-
ror, where the model over-extends the span beyond
the annotated target.
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Figure 3: Model performance across different sizes of manually reviewed training instances

7 Discussion

In this section, we present the key findings derived
from the results and outline the study’s limitations.

7.1 Findings

Our findings highlight both the potential and the
limitations of leveraging English resources to train
Arabic argument mining models.

Multilingual pretraining is not sufficient by it-
self Despite its strong cross-lingual capabilities,
XLM-RoBERTa performs poorly in the zero-shot
setting. Even when trained on translated Arabic
data, its performance remains lower than that of the
monolingual AraBERT model. This suggests that
multilingual models benefit from language cover-
age, but still require high-quality training data in
the target language to succeed at structured tasks.

Translation-based training is effective, but sensi-
tive to label quality Training on translated data
works well when combined with a strong Arabic
model. However, success depends on the quality of
both the translation and the projected annotations.
Tools like FastAlign are efficient for projection, but
they struggle with more complex argument spans,
particularly in longer or less literal translations.

LLMs are promising but not yet competitive
LLMs like Claude 3.5 and Llama 3.1 showed
some capacity for argument component detection
in Arabic using zero-shot prompting. Claude 3.5,

in particular, outperformed the zero-shot XLM-
RoBERTa. However, both LLMs were outper-
formed by all encoder-based models trained on
translated data, even without any manual correc-
tion. This suggests that while LLMs can serve as
a baseline for sequence tagging in low-resource
languages, they are not yet a reliable substitute for
supervised training, particularly in token-level or
span-based tasks such as argument mining.

Manual correction boosts performance, yet ro-
bust models require more manual annotation
Introducing manual corrections to the projected
training data had a clear and consistent effect, es-
pecially for AraBERT, as shown in Figure 3. Re-
viewing only 400 instances, that is less than 23% of
the training set, led to meaningful gains in model
performance. AraBERT’s F1 increased by 10 per-
centage points, from 0.251 to 0.351. This demon-
strates that even small-scale annotation can reduce
noise and improve performance in projection-based
pipelines. However, the improvements remain well
below the level of a reliable model, showing that
while limited correction is cost-effective, building
a well-performing Arabic argument mining sys-
tem ultimately requires a larger investment in high-
quality annotation.

The need for an Arabic-specific corpus with hu-
man annotation The limitations of projection
and translation point to the need for a high-quality,
human-annotated Arabic argument mining dataset.
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While translation-based training provides a strong
starting point, and manual correction can boost
performance, the results also show that these ap-
proaches have diminishing returns in the absence
of clean, in-language supervision.

Creating a dedicated Arabic corpus with native
annotations would allow models to learn the spe-
cific discourse, syntax, and argumentative struc-
tures used in Arabic. This resource would sup-
port more robust and accurate modeling and help
close the gap between Arabic and high-resource
languages in argument mining.

7.2 Limitations

Although our study demonstrates the potential of
cross-lingual and translation-based methods for
Arabic argument mining, some key limitations re-
main.

First, the reliance on automatic translation intro-
duces the possibility of translation noise. Our pre-
liminary analysis indicates that the NLLB model
introduces very few errors with minimal impact on
the translated data. However, we did not explicitly
examine how even these limited errors might influ-
ence the performance of the downstream models.
Future work could therefore investigate this con-
nection more directly and also explore alternative
translation models.

Second, our approach depends on annotation pro-
jection using FastAlign. While FastAlign provides
a simple and efficient alignment strategy, it repre-
sents only one among several available approaches.
More advanced techniques, such as neural align-
ment models or alignment methods that incorpo-
rate contextual embeddings, may yield more ac-
curate projections of argumentative spans. Since
our analysis does not compare different alignment
strategies, we cannot fully assess how the choice
of projection method impacts the quality of the an-
notation and the performance of the downstream
model. Future work could explore alternative align-
ment techniques and systematically evaluate their
effects on Arabic argument mining.

Third, our experiments with LLMs were lim-
ited. We only tested Llama 3.1 70B and Claude
3.5 Haiku in a zero-shot setting, without any task-
specific training or examples. While this provides
an initial sense of their ability to detect Arabic ar-
gument components, zero-shot prompting may not
show their full potential. Using few-shot prompt-
ing, for example, may yield stronger and more
reliable results. Future research could therefore ex-

tend our analysis by investigating a broader range
of prompting and adaptation strategies to better
understand the role of LLMs in Arabic argument
mining.

8 Conclusion

This study investigated the feasibility of Arabic
argument mining by leveraging English resources
via cross-lingual and translation-based approaches.

We framed the task as span labeling, using the
Persuasive Essays corpus to train and evaluate mod-
els across multiple strategies. Our experiments
compared four approaches: Zero-Shot Multilin-
gual, Translate-Train Monolingual, Translate-Train
Multilingual, and LLM-Based Inference.

The results demonstrate that the Translate-Train
Monolingual approach, which trains a dedicated
Arabic model on translated English data, consis-
tently outperforms all other methods. In contrast,
multilingual models, even when exposed to Ara-
bic, struggle to capture the linguistic and structural
subtleties of argumentative discourse. Zero-shot
and LLM-based inference settings showed limited
performance, suggesting that neither multilingual
generalization nor prompting alone is sufficient for
this complex task.

Importantly, correcting even a small portion of
projected training annotations yielded substantial
performance gains in translation-based approaches,
especially with the Monolingual Translate-Train
approach. This finding emphasizes the value of
high-quality annotation, even when applied at a
limited scale.

Opverall, our findings highlight both the potential
and the limitations of leveraging English resources
for Arabic argument mining. While translation and
cross-lingual strategies offer a useful starting point,
they cannot fully replace the need for carefully
annotated Arabic resources. The results showed
that modest manual correction is beneficial, yet
not sufficient for a well-performing system. Build-
ing a robust Arabic argument mining system will
therefore require sustained efforts to develop larger,
higher-quality annotated corpora.
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