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Abstract

Authorship attribution is a critical task in natu-
ral language processing with applications rang-
ing from forensic linguistics to plagiarism de-
tection. While well-studied in high-resource
languages, it remains challenging for low-
resource languages like Arabic and Urdu. In
this paper, we present our participation in the
AbjadNLP shared task, where we systemati-
cally evaluate three distinct approaches: tra-
ditional machine learning using SVM with
TF-IDF features, fine-tuned transformer-based
models (AraBERT), and LLMs. We demon-
strate that while fine-tuned AraBERT excels
in Arabic, traditional lexical models (SVM)
prove more robust for Urdu, outperforming
both BERT-based and LLM approaches. We
also show that few-shot prompting with LLMs,
when operated as a reranker over top candi-
dates, significantly outperforms zero-shot base-
lines. Our final systems achieved competitive
performance, ranking 6th and 1st in the Arabic
and Urdu tasks respectively.

1 Introduction

Authorship attribution is a fundamental problem
in natural language processing, aiming to identify
the author of a text based on stylistic, lexical, and
contextual patterns. It plays an important role in
applications such as literary analysis, plagiarism
detection, and forensic linguistics. While the task
has been extensively studied for high-resource lan-
guages (Stamatatos, 2009; Kestemont, 2014; Hung
et al., 2023; Gorovaia et al., 2024; Hu et al., 2024),
it remains challenging for morphologically rich
and low-resource languages, where stylistic varia-
tion, data imbalance, and limited annotated corpora
complicate model generalization.

In this work, we address authorship attribution
for Arabic and Urdu within the AbjadNLP (Abu-
dalfa et al., 2026, 2025) shared task. Although
both languages are written in the Arabic script,
they differ substantially in morphology, syntax, and

vocabulary, reflecting their distinct linguistic ori-
gins; Arabic being a Semitic language and Urdu
being an Indo-Aryan language. This makes them
an interesting case for cross-language comparison.
We investigate a range of approaches, including
traditional machine learning methods, pretrained
BERT-based language models, and large language
models, to assess their effectiveness across the two
languages in the authorship attribution task. Our
work evaluates how well these approaches capture
author-specific signals in both Arabic and Urdu,
and analyzes the extent to which methods effective
in one language generalize to the other. Based on
our experimental results, our system ranked 6th
in Arabic and achieved 1st place in Urdu on the
shared task leaderboard.

2 Background

Authorship attribution has been widely explored
across languages. Traditional approaches use fea-
tures like word and character n-grams or Term
Frequency–Inverse Document Frequency (TF-IDF)
with baseline classifiers, achieving strong perfor-
mance in high-resource settings (Stamatatos, 2009;
Kestemont, 2014). More recently, BERT-based
pretrained language models such as AraBERT (An-
toun et al., 2020) and AraELECTRA (Elmadany
et al., 2021) have become dominant in Arabic au-
thorship attribution, effectively capturing rich mor-
phological and semantic cues and shown strong
performance (AlZahrani and Al-Yahya, 2023). Ad-
ditionally, large language models have been in-
vestigated for authorship tasks (Hung et al., 2023;
Hu et al., 2024), demonstrating promising perfor-
mance, especially when limited examples of candi-
date authors are provided. In this work we evaluate
the effectiveness of these approaches for authorship
attribution in Arabic and Urdu.
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3 Dataset Details

The dataset used for training was provided by the
AbjadNLP shared task organizers for author attri-
bution tasks in both Arabic and Urdu. The Arabic
dataset consists of texts from 21 authors, each rep-
resented by 10 publicly available books, while the
Urdu dataset includes texts from 10 authors. For
both languages, the texts were segmented into se-
mantically coherent paragraphs and organized into
training, validation, and test splits. Both datasets
are imbalanced across authors, with varying num-
bers of samples per author. Figures 1 and 2 show
the number of training and validation samples per
author for Arabic and Urdu. As noticed, there’s a
noticeable imbalance among the classes.

4 System Overview

Our system for the AbjadNLP shared task adopts
different approaches to authorship attribution, rec-
ognizing that authorial style manifests across lexi-
cal, syntactic, and semantic dimensions. First, we
employ a Support Vector Machine (SVM) with
TF-IDF (Sparck Jones, 1972) features; while tradi-
tional, this remains a potent method for capturing
the lexical and syntactic stylometry often sufficient
for attribution, independent of semantic content.
Second, we fine-tune AraBERT to model deeper
linguistic context. This decision is grounded in
recent benchmarks, such as LAraBench (Abdelali
et al., 2024), which demonstrate that fine-tuned
models frequently outperform LLMs in Arabic
tasks. Finally, despite these benchmarks, we ex-
plore the capabilities of generative LLMs, aiming
to determine if their documented success in English
authorship attribution extends effectively to Arabic
and Urdu.

4.1 Baseline: SVM with TF-IDF

For the traditional machine learning baseline, we
employ an SVM classifier trained on TF-IDF rep-
resentations of the input texts. Texts are vectorized
using TF-IDF (Sparck Jones, 1972) features with
an n-gram range of unigrams and bigrams, enabling
the model to capture both individual lexical units
and short compound patterns that are indicative of
authorial style. The resulting TF-IDF feature ma-
trix is used to train an SVM with a linear kernel,
which is well suited for high-dimensional sparse
feature spaces.
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Figure 1: Samples per author in Train and Validation
sets of the Arabic dataset.
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Figure 2: Samples per author in Train and Validation
sets of the Urdu dataset.

4.2 Fine-tuned BERT

We utilize one of the most popular
Arabic pretrained language models,
bert-base-arabertv02, which is a 12-layer
bidirectional Transformer encoder based on
BERT (Devlin et al., 2019). AraBERT is pre-
trained on large-scale Arabic corpora including
news, Wikipedia, and social media using the
Masked Language Modeling (MLM) objective.
The model is fine-tuned for multi-class author
classification and applied to both Arabic and
Urdu datasets to examine the extent to which an
Arabic-pretrained transformer can generalize to
a language with the same script. Fine-tuning is
performed for 7 epochs for Arabic and 3 epochs
for Urdu due to the smaller dataset size. During
training, a classification head is learned on top of
the contextualized document representations to
predict the target author labels, using a learning
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rate of 5× 10−6 and a batch size of 8.

4.3 Large Language Models

For the large language model experiments, we em-
ploy gpt-5-chat for authorship attribution using
both two settings.

In the first setting, the model is tasked with pre-
dicting the author without any examples, but with
the complete list of candidate authors provided.
This configuration evaluates the model’s capacity
to leverage its vast pre-trained knowledge for au-
thor discrimination. We will refer to this setting
moving forward as zero-shot.

For the second setting, we implement a con-
strained few-shot strategy. Unlike standard few-
shot classification where the model must select
from the entire author pool, we effectively treat the
LLM as a reranker to refine the predictions.

This process operates in two stages. First, we
drastically reduce the search space by using the
best-performing model for each language to re-
trieve only the top-3 most probable authors. Sec-
ond, we prompt the LLM to select the correct au-
thor from this narrowed subset. This approach
serves a dual purpose: it simplifies the classifi-
cation task (reducing the decision boundary to 3
classes) and allows us to provide targeted few-shot
examples, two per candidate, without exceeding the
model’s effective context window or inducing the
’lost-in-the-middle’ phenomenon (Du et al., 2025;
Liu et al., 2024). Attempting to include few-shot
examples for the entire label space (e.g., 21 authors
for Arabic) would necessitate concatenating dozens
of documents into a single prompt. Such extended
contexts are known to degrade LLM capabilities.
By narrowing the scope to just three candidates,
we maintain a compact and high-density context.
We will refer to this setting moving forward as
few-shot.

For both Arabic and Urdu texts, the LLM in-
structions were given in English, as prior studies
have shown that LLMs can perform better with
English prompts in non-English tasks, even when
processing non-English text (Dey et al., 2024; Lai
et al., 2023; Alkaoud, 2024). Figure 3 illustrates the
prompt template employed in the few-shot LLM
experiments.

5 Experimental Setup

Experiments using SVM with TF-IDF features
were executed on a CPU. AraBERT was fine-tuned
on Google Colab with an NVIDIA A100 GPU,

Instructions: You are an expert in authorship
attribution. Decide which author most likely
wrote the text. Provide your answer only as
the author’s name.

Candidate Author Samples:
<author A>: <text 1>; <text 2>
<author B>: <text 1>; <text 2>
<author C>: <text 1>; <text 2>

Text to Classify: <author text to classify>

Figure 3: Prompt used for few-shot LLM experiments.

with a maximum sequence length of 512 tokens
and a batch size of 8. Inputs larger than 512 tokens
were truncated. All the LLM experiments using
GPT-5-chat were performed via the OpenAI API.

5.1 Evaluation Metrics

Following the shared task guidelines, we report
Macro F1 as the primary metric to account for class
imbalance, and accuracy as a secondary metric.
Both are computed on the validation set.

6 Results and Discussion

Table 1 summarizes the performance of all models
on the validation set across Arabic and Urdu. For
Arabic, AraBERT achieved the best performance,
with an accuracy of 0.878 and a Macro F1-score of
0.8195. TF-IDF features with SVM achieved com-
parable performance, demonstrating that lexical
patterns are highly informative for Arabic.

In contrast, zero-shot GPT-5 prompting per-
formed poorly (accuracy 0.137, macro F1 0.108),
showing that the model struggled to discriminate
authors. To provide context, the top-3 candidate
authors were generated using the best-performing
model. Incorporating two examples per candidate
in a few-shot prompt substantially improved GPT-
5 performance (accuracy 0.870, macro F1 0.806),
although AraBERT remained the most effective
approach for Arabic authorship attribution.

Figure 4 shows the normalized confusion ma-
trix for AraBERT on the Arabic validation set. It
shows that the model correctly identifies most au-
thors with high accuracy. Notably, performance
is lower for some minor authors, including Kilani,
Abaza, and Shawqi, who are frequently confused
with other authors. This indicates that, despite its
overall strength, AraBERT still struggles with au-
thors represented by fewer samples.

For Urdu, AraBERT, struggled in this cross-
lingual setting, achieving only 0.229 accuracy and
0.171 macro F1. While TF-IDF/SVM model per-
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Figure 4: Normalized confusion matrix of Arabic au-
thors on the validation set using AraBERT fine-tuned.
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Figure 5: Normalized confusion matrix of Urdu authors
on the validation set using SVM + TF-IDF.

Model Arabic Urdu

Acc. F1 Acc. F1

SVM + TF-IDF 89.25 79.12 45.29 45.17
AraBERT 87.75 81.95 22.94 17.11
GPT-5 (zero-shot) 13.70 10.75 17.65 16.50
GPT-5 (few-shot) 87.02 80.55 33.82 38.14

Table 1: Performance of the different models on Arabic
and Urdu validation sets.

formed better, it is still much worse compared to
Arabic. The top-3 SVM predictions reached 0.674
accuracy, suggesting that traditional lexical repre-
sentations can still provide some useful signals in
Urdu. GPT-5 zero-shot achieved very low perfor-
mance (0.177 accuracy, 0.165 macro F1). While

Language Model Accuracy (%)

Arabic AraBERT 95.26
Urdu SVM + TF-IDF 67.35

Table 2: Top-3 predictions accuracy for Arabic and
Urdu.

few-shot prompting substantially improved perfor-
mance for Arabic, it was less effective for Urdu
(0.338 accuracy, 0.381 macro F1), indicating that
LLM effectiveness varies across the two languages.
To isolate the reasoning capability of the LLM from
the retrieval limitations, we calculate the normal-
ized accuracy based on the top-3 accuricies for each
language as shown in Table 2. In Arabic, the nor-
malized accuracy is 0.914, indicating that the LLM
is highly effective at distinguishing between plau-
sible candidates when the ground truth is present.
In contrast, the Urdu normalized accuracy is 0.502,
suggesting that the model struggles to captured to
Arabic. Figure 5 shows the confusion matrix for
the Urdu SVM model. Unlike the Arabic results,
the Urdu matrix shows significant inter-author con-
fusion and a less defined diagonal.

Based on the validation set results, we selected
the best-performing model for each language and
submitted it for evaluation on the blind test set.
For Arabic, the AraBERT-based system achieved
an accuracy of 0.869 and an F1-score of 0.836.
For Urdu, the SVM model using TF-IDF features
achieved an accuracy of 0.355 and an F1-score of
0.395.

7 Conclusion and Future Work

We presented three different approaches for au-
thorship attribution in Arabic and Urdu in the Ab-
jadNLP shared task, comparing traditional machine
learning methods, pretrained BERT-based models,
and LLMs. Our results show that AraBERT is effec-
tive for Arabic, while TF-IDF with SVM performs
better for Urdu and coming close to the perfor-
mance of AraBERT in Arabic. Utilizing LLMs did
not lead to substantial performance gains in this
setting.

Our final systems achieved competitive leader-
board results, ranking 6th in Arabic and 1st in Urdu.
For future work, we plan to investigate hybrid mod-
els that combine SVM-based stylistic features with
BERT-based semantic representations, aiming to
jointly capture lexical style and deeper contextual
information for improved authorship attribution.
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