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Abstract

Large Language Models (LLMs) have become
central to natural language processing, but their
performance in low-resource cultural domains
remains limited, mainly due to the dominance
of English data in training. This limitation is es-
pecially evident in open small models. Evaluat-
ing and improving LLMs’ performance in Ara-
bic culture is therefore necessary. This paper
presents Phoenix and PhoenixIs, two models
fine-tuned for the Palmx 2025 general culture
and Islamic culture subtasks. Phoenix uses the
Palmx-GC and Palmx-IC datasets as seed data
and applies diverse data augmentation strate-
gies to construct an enriched fine-tuning dataset.
Phoenix achieves an accuracy of 71.35% on
the general culture subtask, while PhoenixIs
reaches 83.82% on the Islamic culture subtask.

1 Introduction

Culture refers to the shared knowledge, beliefs,
values, practices, and traditions that shape how
a community understands and interacts with the
world. Although Large Language Models (LLMs)
have achieved strong performance across a wide
range of natural language processing tasks, they
have been shown to exhibit cultural bias toward
Western culture (Cecilia Liu et al., 2024; Navigli
et al., 2023; Cao et al., 2023). Such bias arises
from the dominance of English data in their pre-
training and post-training corpora. This limitation
may affect their ability to adapt and generate cul-
turally appropriate responses for diverse commu-
nities. To tackle this bias, efforts have been made
to align LLMs with different cultures (Joshi et al.,
2025; Mekki et al., 2025; Li et al., 2024) and to
assess their cultural knowledge on specific domains
(AlKhamissi et al., 2024; Alwajih et al., 2025a). Be-
yond cultural adaptation, progress in Arabic NLP
has been supported by benchmarks and resources
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across a variety of tasks, including machine trans-
lation (Akallouch and Fardousse, 2025), named
entity recognition (Yahia et al., 2024; Jarrar et al.,
2024), and question answering (Mozannar et al.,
2019).

In this context, the Palmx 2025 shared task was
introduced to evaluate the ability of LLMs to cap-
ture Arabic cultural knowledge and to promote the
development of culturally aware systems for the
Arab world (Alwajih et al., 2025b). It includes
two subtasks, General Culture and Islamic Culture,
each based on datasets of multiple-choice ques-
tions in Modern Standard Arabic (MSA), namely
Palmx-GC and Palmx-IC.

In this paper, we present our participating sys-
tems for the General Culture subtask (Phoenix)
and the Islamic Culture subtask (PhoenixIs) of
Palmx 2025. Starting from Palmx-GC as seed
data, we applied three data augmentation strate-
gies: question paraphrasing, which generates se-
mantically equivalent variants of existing questions,
sample-based augmentation, which produces new
multiple-choice questions by conditioning on in-
dividual question–answer pairs, and dataset-based
augmentation, which creates thematically related
questions by leveraging the full dataset (Section
4.1). For the Islamic Culture subtask, we only ex-
plored question paraphrasing. The augmented data
was then used to fine-tune dedicated models for
each subtask. Our experiments demonstrate that
the proposed augmentation strategies improve per-
formance on both subtasks. Phoenix obtains an
accuracy of 71.35% on the General Culture sub-
task, and PhoenixIs attains 83.82% on the Islamic
Culture subtask.

Our contributions in this work are: (1) we
present Phoenix and PhoenixIs, two systems devel-
oped for the General Culture and Islamic Culture
subtasks, respectively. (2) We design and evaluate
three data augmentation strategies that enrich the
available training data and improve model perfor-

843



mance. (3) We provide an extensive analysis of
these strategies, showing that they enhance accu-
racy on both subtasks.

2 Related Work

Although large language models have achieved
strong performance across a variety of languages,
adapting them to specific cultural contexts, particu-
larly those that are low-resource, remains a signifi-
cant challenge, as they often display a bias toward
Western culture (Cecilia Liu et al., 2024; Navigli
et al., 2023; Cao et al., 2023; Naous et al., 2024).
To mitigate this issue, several adaptation strate-
gies have been explored, including continuous pre-
training (Mekki et al., 2025), prompt tuning (Ma-
soud et al., 2024), prompt engineering (Shen et al.,
2024; Tao et al., 2024; AlKhamissi et al., 2024),
and supervised fine-tuning (Li et al., 2024). All of
these approaches rely, to varying degrees, on the
availability of well-constructed cultural datasets,
which remain scarce. In response, a growing body
of work has focused on building resources that cap-
ture cultural knowledge across different languages
and communities (Alwajih et al., 2025a; Myung
et al., 2024).

Since the manual annotation of cultural data is
resource-intensive and difficult to scale, researchers
have increasingly turned to data augmentation to
expand training sets (Liu et al., 2025; Li et al., 2024;
Joshi et al., 2024). Nonetheless, this approach re-
quires careful design to ensure that the generated
data maintains quality and reliability (Liu et al.,
2024).

The limited representation of Arabic in pretrain-
ing corpora has motivated a growing effort to de-
velop LLMs specifically designed for the Arab
world. One approach has been to rely on transla-
tion, where large volumes of English data are trans-
lated into Arabic to supplement training resources
(Sengupta et al., 2023). Other work has empha-
sized the inclusion of native Arabic data without
translation in order to better capture the linguistic
and cultural features of the language (Huang et al.,
2024). To address the bias toward English and the
resulting cultural misalignment, some approaches
have relied on continual pretraining with carefully
curated cultural data (Mekki et al., 2025), while
others have explored training models entirely from
scratch (Bari et al., 2024; Team et al., 2025). In
this work, we build on these efforts by finetuning
such models for the Palmx shared task subtasks.

3 Palmx

The Palmx shared task was established to eval-
uate the ability of LLMs to capture Arabic cul-
tural knowledge and to encourage the creation of
systems that are culturally aware within the Arab
world. It is divided into two subtasks: General
Culture and Islamic Culture. The General Cul-
ture subtask examines the ability of LLMs to rea-
son about different aspects of Arabic culture. Its
questions span a wide range of domains such as
customs, etiquette, and arts from across Arab coun-
tries, including Palestine, Morocco, Egypt, and
others. The Islamic Culture subtask is designed to
evaluate models’ understanding of central elements
of Islamic culture. The questions address topics
including religious practices, Quranic knowledge,
and Hadith literature.

3.1 Datasets

The Palmx shared task provides two datasets,
Palmx-GC for the General Culture subtask and
Palmx-IC for the Islamic Culture subtask. Both
datasets consist of multiple-choice questions in
MSA and are split into training, development, and
blind test sets. Table 1 presents the detailed statis-
tics for each split.

Split Palmx-GC Palmx-IC
Training 2000 600
Development 500 300
Blind Test 1000 1000

Table 1: Distribution of samples in Palmx-GC and
Palmx-IC.

4 Phoenix

We propose two systems for the Palmx shared
task: Phoenix for the General Culture subtask and
PhoenixIs for the Islamic Culture subtask. Both
systems build on the official provided datasets, and
each incorporates data augmentation to expand the
training data before finetuning task-specific mod-
els. An overview of the augmentation strategies is
presented in Figure 1.

4.1 Data Augmentation

4.1.1 Question Paraphrasing
In the paraphrasing setup, the LLM was provided
with a single question and instructed to generate
n1 semantically equivalent variants. This strategy
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Figure 1: Overview of Phoenix data augmentation strate-
gies

increases data diversity while preserving the origi-
nal meaning, thereby helping the model generalize
to different phrasings of the same cultural concept.
We employed Gemini 2.5 Pro for this augmenta-
tion.

4.1.2 Sample-based Augmentation
In sample-based augmentation, the LLM was given
an original question together with its multiple-
choice answers and asked to generate new the-
matically and structurally similar multiple-choice
questions. This approach expands the dataset by
producing additional questions that maintain the
original format while introducing controlled varia-
tion. We used Gemini 2.5 Flash for sample-based
augmentation.

4.1.3 Dataset-based Augmentation
For dataset-based augmentation, the LLM was pro-
vided with the full Palmx-GC dataset of 2,000 sam-
ples and prompted to generate n3 new multiple-
choice questions that are thematically related. Un-
like the previous strategies, this method leverages
the dataset as a whole, encouraging the model
to create questions that capture broader patterns
across domains. Gemini 2.5 Pro was used for this
setup. To ensure quality and cultural fidelity, a
random subset of the LLM-generated questions
from each augmentation strategy was manually in-
spected by human annotators. This verification step
helped confirm semantic correctness and adherence
to cultural context before including the data in train-
ing (see Appendix B for a detailed error analysis).

4.2 Finetuning Data

For finetuning, we constructed task-specific
datasets by combining the original seed data with
the augmented questions. In the General Cul-
ture subtask, Phoenix was finetuned on a total of

18,742 questions, consisting of 2,000 from Palmx-
GC, 6,000 from question paraphrasing, 6,411
from sample-based augmentation, and 4,331 from
dataset-based augmentation. For the Islamic Cul-
ture subtask, PhoenixIs was finetuned on 4,400
questions, including 600 from Palmx-IC, 1,800
from question paraphrasing, and 2,000 from Palmx-
GC.

4.3 Model Pre-selection

To identify suitable base models for finetuning,
we first evaluated several state-of-the-art Arabic-
focused LLMs in a zero-shot setting on the Palmx-
GC and Palmx-IC validation sets. The results are
summarized in Table 2. Based on this evaluation,
we selected Fanar-1-9B-Instruct (Team et al., 2025)
for Phoenix and ALLaM-7B-Instruct (Bari et al.,
2024) for PhoenixIs.

Model Accuracy (%)

Category: General Culture (GC)

Fanar-1-9B-Instruct 72.40
ALLaM-7B-Instruct 70.60
NileChat-3B 70.00
AceGPT-v2-8B-Chat 65.00
Falcon-H1-7B-Instruct 39.20

Category: Islamic Culture (IC)

ALLaM-7B-Instruct 73.00
Fanar-1-9B-Instruct 67.00
NileChat-3B 64.00
AceGPT-v2-8B-Chat 63.67
Falcon-H1-7B-Instruct 34.00

Table 2: Zero-shot accuracy of different LLMs on the
Palmx-GC (GC) and Palmx-IC (IC) validation sets. The
top-performing model in each category is highlighted.

5 Experiment and Results

5.1 Experimental Setup

Experiments were conducted on the Palmx shared-
task datasets for General Culture (GC) and Islamic
Culture (IC). Fanar-1-9B-Instruct was selected as
the base model for GC, and ALLaM-7B-Instruct
for IC, following the pre-selection analysis in Sub-
section 4.3. Model performance was evaluated us-
ing accuracy on the validation and blind test splits.
For GC, the fine-tuning corpus combined the origi-
nal Palmx data with progressively applied augmen-
tation strategies: paraphrasing (PA), sample-based
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(SA), and dataset-based (DA). For IC, augmenta-
tion was deliberately restricted to paraphrasing in
order to safeguard the theological fidelity of re-
ligious material. All results are reported on the
validation set, with the exception of the official
leaderboard scores, which are based on the blind
test set. All experiments were repeated three times
with different random seeds, and we report the av-
erage accuracy. We use Lora (Hu et al., 2022) to
finetune both models with a learning rate of 0.0002,
an effective batch size of 128, and LoRA hyperpa-
rameters R = 64, α = 16, and dropout 0.1. All
experiments were conducted on one NVIDIA A100
GPU.

5.2 Official Leaderboard Results

Table 3 presents the official Palmx 2025 leader-
board. Phoenix achieved fourth place in GC with
an accuracy of 71.35%, performing within one per-
centage point of the leading system. PhoenixIs
achieved 83.82% in the Islamic Culture subtask,
ranking second among all submitted systems.
These results indicate that our augmentation strate-
gies enabled competitive performance across both
subtasks.

Rank Team Accuracy (%)

Category: General Culture (GC)

1 HAI 72.15
2 Pulkit Chatwal 71.65
3 AYA_Team 71.45
4 Phoenix (ours) 71.35
5 CultranAI 70.50
6 ISL-NLP 67.60
7 Rafiul Biswas 67.55
8 Hamyaria 65.90
9 Star 64.05

Category: Islamic Culture (IC)

1 AYA Team 84.22
2 PhoenixIs (ours) 83.82
3 HAI 82.52
4 Rafiul Biswas 74.13
5 Hamyaria 70.83
6 TarnishedLab 62.84

Table 3: Official Palmx 2025 results. Our team’s entries
are highlighted.

Fine-tuning data Acc.

General Culture (GC)

Palmx 77.73± 1.21
Palmx + PA 80.07± 1.21
Palmx + PA + SA 80.60± 1.06
Palmx + PA + SA + DA 80.93± 0.76

Islamic Culture (IC)

Palmx Islamic 73.73± 2.92
Palmx Islamic + PA 75.11± 1.91
Palmx Islamic + PA + Palmx-GC 78.56± 0.78

Table 4: Ablation on validation sets (mean ± std over
three runs). GC uses Fanar-1-9B-Instruct; IC uses
ALLaM-7B-Instruct.

5.3 Ablation Study: Impact of Augmentation
To assess the contribution of each augmentation
strategy, controlled ablations were performed on
the validation sets (Table 4). In GC, performance
improved consistently with each additional aug-
mentation step, reaching 80.93% with the full com-
bination of PA, SA, and DA. This trend illustrates
that diversity introduced at both the question and
dataset level substantially enhances generalization.
In IC, we explored the effect of paraphrasing and
the inclusion of Palmx-GC in the finetuning mix-
ture. The base model achieved 73.73% accuracy.
Incorporating paraphrasing increased performance
to 75.11%, and adding Palmx-GC further raised
accuracy to 78.56%. Overall, our study shows
that each component of the proposed augmenta-
tion strategy contributed to the final performance.

6 Conclusion

In this work, we presented Phoenix and PhoenixIs,
two systems developed for the Palmx 2025 shared
task on Arabic cultural understanding. By leverag-
ing the Palmx-GC and Palmx-IC datasets and ap-
plying a range of data augmentation strategies, we
constructed enriched fine-tuning sets. Our experi-
ments showed that our proposed data augmentation
strategies enabled consistent improvements across
both General Culture and Islamic Culture subtasks.

Limitations.

Our approach relies on synthetic augmentation for
the General Culture task, which, while effective,
may introduce distributional biases or artifacts.
Human verification was applied to sampled aug-
mented data, but the majority of generated content
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remained unreviewed. For the Islamic Culture task,
augmentation was deliberately restricted to para-
phrasing to preserve theological fidelity, which lim-
ited the exploration of richer augmentation strate-
gies.
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A Effectiveness Analysis

We investigated the effect of increasing the size of
augmented data on model performance, as gen-
erating too many samples can hurt the perfor-
mance. For Phoenix, we fine-tuned the model with
2,000, 8,000, 15,000, and 18,742 samples, with
results shown in Figure 2. The best performance
was achieved with 18,742 samples. Similarly, for
PhoenixIs, we fine-tuned with 2,600, 3,200, 3,800,
and 4,400 samples, as shown in Figure 3, where
4,400 samples yielded the strongest results. The
composition of each set is detailed in Tables 5 and
6.

S1 S2 S3 S4
Palmx-GC 2,000 2,000 2,000 2,000
PA 0 2,000 4,000 6,000
SA 0 2,000 4,000 6,411
DA 0 2,000 3,000 4,331
Total 2,000 8,000 13,000 18,742

Table 5: Composition of the dataset for each experiment
on Phoenix.

S1 S2 S3 S4
Palmx-IC 600 600 600 600
Palmx-GC 2000 2000 2000 2000
PA 0 600 1200 1800
Total 2600 3200 3800 4400

Table 6: Composition of the dataset for each experiment
on PhoenixIs.

2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000 18,000
Number of questions for Fine-tuning
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Figure 2: Influence of the number of fine-tuning samples
on Phoenix.

B Human Verification and Error Analysis

To ensure the reliability of the augmented data, we
conducted a manual verification of randomly sam-
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Figure 3: Influence of the number of fine-tuning samples
on PhoenixIs.

pled questions from each augmentation strategy:

• Sample-based Augmentation (SA): From a
random set of 100 generated questions, we
identified 10 problematic cases. Of these, 3
were factually incorrect, while the remain-
ing 7 deviated from instructions (e.g., not
strictly following the required format or ask-
ing about tangential topics). Importantly, most
of these still produced valid question–answer
pairs despite the inconsistencies.

• Dataset-based Augmentation (DA): From
a random set of 100 generated questions, we
found 3 issues, all of which were culturally
valid but referenced non-Arab countries.

Overall, the error rate across both strategies was
relatively low. The main sources of error were for-
mat deviation and domain drift rather than factual
inaccuracies. This indicates that our augmentation
pipeline is broadly reliable.

ما هي المدينة التي تعرف بأنها "مدينة الجسور
المعلقة" في الجزائر؟

أ. وهران
ب. عنابة

ج. قسنطينة
 د. تلمسان

ما هي أعلى قمة جبلية في الوطن العربي وتقع في   
المغرب؟

أ. جبل سانت كاترين
ب. جبل توبقال
ج. جبل شمس
 د. جبل النبي

Figure 4: Cases from our generated data where the gen-
eration was correct. The proposed answer is highlighted
in blue.
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يُعرف الفنان السوداني الكبير محمد وردي بلقب 'فنان    
أفريقيا الأول'. ما هو اللقب الآخر الذي ارتبط به بشكل وثيق

ويعكس مكانته في الغناء السوداني؟
أ. بلبل السودان

ب. عنقريب الفن
ج. فنان الشعب
د. فنان الوادي 

ما هو أعلى جبل في اليابان؟
أ. جبل كيتا

ب. جبل هوتاكا 
ج. جبل فوجي

د. جبل أينو

Figure 5: Cases from our generated data where the
generation was incorrect (or deviated from instructions).
The proposed answer is highlighted in blue.

C Error Analysis on Validation Set

We inspected a small sample of incorrect validation
set predictions to illustrate typical failure cases.
Figure 6 shows four representative errors, where
the ground truth is marked in green and the model’s
predictions are in red.

ما هي الدولة التي تحتل المرتبة الثالثة في مساحة
الأراضي في إفريقيا والعالم العربي؟

أ. السودان
ب. الجزائر
ج. نيجيريا

د. مصر

متى يُحتفل بيوم الرياضة الوطني في قطر؟
أ. في الثلاثاء من الأسبوع الثاني من فبراير

ب. في 1 مايو
ج. في 10 ذو الحجة

د. في 18 ديسمبر

اً؟ اً ليبي أي من الشخصيات التالية يُعتبر روائي
أ. هشام مطر

ب. محمد الفيتوري
ج. جمال خشتة

د. عزالدين شكري الفيلالي

ما هو الدين الذي يعتنقه النوبيون والبجا بشكل تقليدي في
السودان؟

أ. المسيحية
ب. اليهودية

ج. الهندوسية
د. الإسلام

Figure 6: Cases from the Palmx-GC validation set where
the model’s prediction was incorrect. Ground truth is
marked in green, predictions in red.

أي من هذه الأنهار يشكل الحدود بين الأردن
وفلسطين؟

أ. نهر اليرموك
ب. نهر الليطاني

ج. نهر الأردن
 د. نهر العاصي

Dataset-based Augmentation

من هو الكاتب الفلسطيني المعروف بقصصه
القصيرة التي تناولت القضية الفلسطينية وعُرفت

بأسلوبها الواقعي والرمزي؟
أ. محمود درويش
ب. سميح القاسم

ج. إبراهيم نصر الله
 د. غسان كنفاني

Sample-based Augmentation

من أي لونين تتألف الكوفية الفلسطينية؟
أ. أزرق وذهبي

ب. أحمر وأخضر
ج. أبيض وأسود
 د. بني ورمادي

Paraphrasing

Figure 7: Examples of augmented question–answer
pairs generated using the three strategies: paraphrasing,
sample-based augmentation, and dataset-based augmen-
tation. The proposed answer is highlighted in blue.
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