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Abstract

Culture fundamentally shapes human percep-
tion and reasoning, while religion—often em-
bedded within cultural contexts—provides co-
hesive moral frameworks and a sense of com-
munity. The PalmX 2025 shared task intro-
duced two subtasks aimed at evaluating the ca-
pability of large language models (LLMs) to
capture and represent culturally and Islamically
grounded knowledge. In this paper, we present
our participation in this shared task, leverag-
ing parameter-efficient fine-tuning (PEFT) tech-
niques in conjunction with targeted data aug-
mentation strategies. We further conducted ex-
tensive zero-shot evaluations across a range
of Arabic-centric and multilingual models to
establish strong baselines and guide model se-
lection. Our submitted system achieved com-
petitive performance on the blind test sets,
ranking 3”¢ in Subtask 1 with an accuracy of
71.45% and 1! in Subtask 2 with an accuracy
of 84.22%.

1 Introduction

Culture is the shared system of meanings—values,
norms, language, and rituals—that organizes how
people perceive, decide, and relate (Hofstede,
2011). Religion, often a core strand of culture,
provides moral frameworks, practices, and com-
munities that guide conduct and purpose (Geertz,
2013). Attending to cultural and religious as-
pects improves communication, trust, and legit-
imacy, while reducing unintended harm and in-
equity across groups (Betancourt et al., 2003).
Without culturally and religiously grounded priors,
LLMs misinterpret idioms and taboos, amplify tox-
icity, and encode systematic biases, including doc-
umented anti-Muslim stereotypes (Gehman et al.,
2020; Blodgett et al., 2020; Abid et al., 2021). Re-
cent studies also show Western-leaning value bi-

* The contribution was made while the author was intern-
ing at the Qatar Computing Research Institute.

ases and uneven cultural performance, demonstrat-
ing the need to encode diverse cultural and Islamic
values in training data, safety policies, and evalua-
tion suites (Li et al., 2024; Hasan et al., 2025).

To encode cultural, religious, and everyday
knowledge, recent work has developed resources,
methods, language-centric models, and bench-
marks (Pawar et al., 2024). For Arabic, several
LLMs have been pre-trained, including Jais (Sen-
gupta et al., 2023), AceGPT (Huang et al., 2024),
ALLaM (Bari et al., 2025), and Fanar (Team et al.,
2025). While these models exhibit strong genera-
tive capabilities, many instruction-tuned variants
rely heavily on synthetic or machine-translated data
(e.g., Jais, AceGPT), which limits cultural knowl-
edge and coverage. Moreover, most evaluations
remain confined to general NLP and capability-
oriented benchmarks (Abdelali et al., 2024; Mousi
et al., 2025), with comparatively little attention to
cultural and religious dimensions (Alwajih et al.,
2025a). To advance the encoding of cultural and
religious knowledge in Arabic-centric LLMs, the
PalmX 2025 shared task (Alwajih et al., 2025b)
introduced a benchmark targeting Arabic cultural
and islamic knowledge at both general and domain-
specific levels, thereby enabling more inclusive and
representative evaluations for the Arabic language
and its diverse heritage. The shared task offered
two subtasks. The annotated datasets for each sub-
task consists of human-validated multiple-choice
question—answer pairs in MSA, ensuring both lin-
guistic precision and cultural authenticity.

In this work, we benchmark multiple instruction-
tuned LLMs across four configurations for both
subtasks: (i) base, (ii) domain-specific fine-tuning,
(iii) combined fine-tuning across subtasks, and (iv)
data augmentation. Fine-tuning consistently im-
proves performance on both subtasks: Fanar-1-9B-
Instruct attains the higher accuracy on the cultural
subtask (Subtask 1) under combined fine-tuning
(80.8%), while ALLaM-7B-Instruct achieves the
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best accuracy on the Islamic subtask (Subtask 2)

with augmented data (77.33%). Accordingly, we

select the LoRA-based, combined fine-tuned Fanar

model for Subtaskl and the ALLaM model with

augmentation for Subtask 2 as our final systems.

To summarize, our main contributions are:

* We present extensive baseline results for multiple
LLMs under a zero-shot learning setup.

« Our proposed models achieved 3" place in Sub-
task 1 and 1%¢ place in Subtask 2.

* We show that paraphrase-based data augmenta-
tion yields notable performance gains for the
islamic culture subtask.

2 Related Work

Recent advances in LLMs have demonstrated re-
markable capabilities across a wide spectrum of
natural language processing (NLP) tasks (Bubeck
et al., 2023; Touvron et al., 2023; Abdelali et al.,
2024; Dalvi et al., 2024). Beyond sheer model size,
instruction tuning and preference optimization en-
hance both generalization and alignment, enabling
models to follow user intent while delivering strong
zero- and few-shot performance.

2.1 Cultural Knowledge

Recent work has begun to move beyond general
Arabic capability benchmarks toward explicit eval-
uation of cultural competence. AraDiCE intro-
duces a fine-grained dialect—culture suite spanning
Gulf, Egypt, and Levantine, enabling targeted as-
sessment of cultural awareness alongside dialec-
tal understanding (Mousi et al., 2025). Country-
specific evaluation is advancing as well: SaudiCul-
ture focuses on regionally grounded cultural knowl-
edge within Saudi Arabia (Ayash et al., 2025). An-
other recent effort proposed a framework, which
highlights the significance of benchmarking LLMs
with culturally embraced data, underlining the per-
formance disparity between high and low resource
language (Alam et al., 2025; Hasan et al., 2025).
These efforts complement broader Arabic bench-
marks such as LAraBench, which established multi-
task capability evaluations but did not directly tar-
get cultural facets (Abdelali et al., 2024).

2.2 Islamic Knowledge

In contrast to the breadth of general cultural eval-
uation, Islamic/religious benchmarking remains
limited in scale and linguistic coverage. QUQA
evaluates GPT-4 on Classical-Arabic Qur’anic QA
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and reports modest exact-match and F1 scores, re-
vealing limits even for state-of-the-art models in
scripture-centric settings (Alnefaie et al., 2023). A
cross-lingual Qur’anic QA effort expands a small
Arabic set to 1,895 Arabic—English pairs and as-
sesses pre-trained LMs/LLMs mainly with retrieval
metrics (MAP@10, MRR, Recall@10), offering
a first but narrow bilingual baseline (Oshallah
et al., 2025). Retrieval-augmented studies over
Qur’anic summaries examine faithfulness and ci-
tation via human ratings for open-source LLMs,
but remain English-only and task-specific (Khalila
et al., 2025). Multimodal cultural VQA bench-
marks include religious practices and iconography
across many languages; however, they target vi-
sion—language models and do not provide text-only,
source-grounded Islamic QA suitable for doctrinal
assessment (Vayani et al., 2025).

On the resource side, Hajj-FQA offers a human-
annotated QA set over Hajj fatwas (Aleid and
Azmi, 2025); Fatwaset compiles a large Arabic
fatwa corpus with rich metadata for downstream
NLP (Alyemny et al., 2023); and Qur’anic QA
resources—such as the Qur’anic Reading Com-
prehension Dataset (QRCD) and subsequent re-
trieval/QA studies—provide task-specific testbeds
while exposing issues of hallucination and do-
main brittleness (Basem et al., 2025). Collectively,
these works lay important groundwork for Islamic-
knowledge evaluation in Arabic; nevertheless, cov-
erage remains narrow (few languages beyond Ara-
bic/English), datasets are modest, and critical schol-
arly dimensions—madhhab/figh context, hadith au-
thenticity, tafsir grounding, awareness of abroga-
tion (naskh), and dialectal/diacritic variation—are
largely unencoded, leaving a clear gap relative to
the methodological rigor now common in broader
multicultural evaluation.

3 Tasks and Dataset

3.1 Tasks

The PalmX 2025 Shared Task evaluates Arabic
General culture and Islamic knowledge through
multiple-choice question answering in Modern
Standard Arabic. It consists of two subtasks:

* Subtask 1 — General Culture Evaluation:
This subtask evaluates the ability of LLMs
to comprehend and reason about diverse as-
pects of Arabic general culture, including tra-
ditional customs, social etiquette, cuisine, his-
torical events, notable figures, geography, arts,



and dialectal expressions across different Arab
countries. The focus is on assessing models’
capacity to apply broad cultural knowledge
that is relevant across the Arab world.

* Subtask 2 - General Islamic Evaluation:
This subtask measures models’ understand-
ing of core elements of Islamic culture, which
forms a foundational component of many Ara-
bic societies. It covers topics such as Is-
lamic rituals and practices (e.g., prayer, fast-
ing), Quranic knowledge, Hadith literature,
major historical developments in Islam, and
religious holidays. Models are evaluated on
multiple-choice questions designed to test
both religious literacy and contextual sensi-
tivity, ensuring they can handle culturally and
theologically significant content with accu-
racy and respect.

3.2 Dataset

We used the dataset released as a part of PalmX
2025 Shared Task. For both subtasks the datasets
has been formulated as MCQ format.

Data Augmentation. We employed paraphrase-
based data augmentation to increase the diversity
and robustness of the questions in the training data.
In this approach, original questions were reworded
into semantically equivalent variants while strictly
preserving their intended meaning and correct an-
swers. The resulting augmented dataset introduced
controlled variations in phrasing, complexity, and
syntactic structure, thereby encouraging better gen-
eralization. We used the GPT-4.1 model to para-
phrase the questions. Listing 1 shows the exact
prompt we used.

In Table 1, we report the detail distribution of the
dataset. As reported in the Table, for both subtasks
we applied data augmentation to increase training
set size. As for the development and test set we
have used same dataset released as a part of the
shared task. Test set in the table refers to the blind
test set. Note that in our initial set of experiments
we have used dev set as a test set to evaluate models’
performance.

Listing 1: Prompt for paraphrase based data augmenta-
tion.

system_prompt = (
"You are a high-quality data augmentation
assistant for Arabic multiple-choice
question answering. "
"Your job is to create adversarial variants
of questions: rephrase or make the question

more challenging "

"or tricky, but do not alter its meaning or

change which answer is correct. "

"The answer options and the correct answer

must remain valid for the new question.”

)

user_prompt = (

"Below is an Arabic multiple-choice
question with options and the correct
answer indicated. "
"Rewrite the question to make it
slightly more challenging or confusing
for test-takers "
"(e.g., use more complex language, add
subtle ambiguity, or require deeper
understanding), "
"but do not change its intended meaning
or the correct answer. "
"Return your answer as a JSON object
with the new question, all original
options, and answer letter
preserved.\n\n"
f"Question: {datal'question']}\n"
f"A: {datal['A'I}\n"
f"B: {data['B']}\n"
f"C: {datal'C'I}\n"
f"D: {data['D']}\n"
f"Answer: {datal'answer']}"

Subtasks Train Dev Test

Culture 2,000 500 2,000
Culture + Islamic 2,600 500 2,000
Culture + Aug 4,000 500 2,000

Islam 600 300 1,000
Islam + Aug 1,200 300 1,000

Table 1: Dataset statistics for PalmX 2025 subtasks.
Aug refers to data augmentation.

4 Experiments

4.1 Models

We have selected several instruction-tuned LLMs
for the zero-shot evaluation and fine-tuning mod-
els on two subtasks — General Cultural and Is-
lamic Cultural — under four configurations: base,
fine-tuned, combined fine-tuning (culture + Is-
lamic), and augmented data. The models consid-
ered included Qwen2.5-7B-Instruct (Wang et al.,
2024), Jais-13B-Chat (Sengupta et al., 2023),
Miraj Mini,! Llama-3.1-8B-Instruct (Tou-
vron et al., 2023), NileChat-3B (Mekki et al.,
2025), ALLaM-7B-Instruct (Bari et al., 2025),
Gemma-7b-it>* and Fanar-7B-Instruct (Team
et al., 2025).

1https://huggingface.co/arcee—ai/Meraj—Mini
Zhttps://huggingface.co/google/gemma-7b-it
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4.2 Training

We fine-tuned the models using the LoRA approach.
The LoRA configuration used a rank (r) of 16, an
alpha value of 32, a base learning rate of 2e-4 and
a dropout rate of 0.05, a maximum sequence length
of 512 tokens, trained for three epochs, targeting
the query and value projection layers of the trans-
former architecture. LoRA adapters were loaded
from a prior checkpoint and the implementation of
attention was set to ‘eager’ for compatibility. The
tokenizer for the base model was used, with the
padding token aligned with the end-of-sequence
token. The evaluation was performed with a batch
size of 4 to accommodate the memory requirements
of the 9B parameter model. The prompts were for-
matted for multiple choice answer with predefined
choice prefixes (A, B, C, D).

Evaluation We evaluated models using accuracy,
calculated as the percentage of correctly answered
questions. For model training and internal evalua-
tion, we were limited to the development dataset.
Final evaluation and ranking were carried out by
the organizers on the blind test set.

5 Results

The evaluation results across the PalmX subtasks
demonstrate notable improvements through fine-
tuning and data combination.

Cultural Subtask. In Table 2, we report the perfor-
mance of cultural evaluation on the development
set. For the PalmX General Cultural subtask, the
ALLaM-7B-Instruct model improved from a base
accuracy of 63.8 to 75.8 after fine-tuning, maintain-
ing the same performance when combined with the
Islamic dataset. Fanar-1-9B-Instruct outperformed
ALLaM on this subtask, achieving 72.4 at base and
improving to 80.2 after fine-tuning, with a slight
increase to 80.8 using the combined data.

Islamic Subtask. In Table 3, we report the perfor-
mance of Islamic evaluation on the development set.
In the PalmX Islamic Culture subtask, ALLaM-7B
showed a base accuracy of 72.7, which improved
to 76.33 after fine-tuning and further to 77.33 with
additional Islamic data augmentation. On the final
hidden test set, Fanar-1-9B achieved an accuracy
of 71.45 on the General Culture evaluation, while
ALLaM-7B attained 84.22 on the General Islamic
evaluation, indicating strong performance in their
respective domains.

Error analysis. Figure 1, in Appendix, presents
the confusion matrix for Subtask 1 on the hidden

Model ‘ Base ‘ Train Set ‘ Comb. ‘ Aug.
Gemma-7B-it | 49.6 67.6| 39.6|49.6
ALLaM-7B | 63.8 75.8| 75.8]70.6
Llama3.1-8B | 66.6 66.6| 66.6| 66.6
Qwen2.5-7B | 69.2 69.2| 69.2]69.2
NileChat-3B | 70.0 76.01 72.8|70.0
Fanar-1-9B 72.4 80.2| 80.8| 79.2

Table 2: Results on development set with a comparison
of different models on PalmX General Cultural subtask.
FT: Fine-tuned only on the PalmX training set, Comb.:
Combined (Culture + Islamic), Aug.: Cultural + Aug-
mented.

Model | Base | Train Set | Comb. | Aug.
Gemma-7B-it | 40.0 40.0 2531253
Qwen2.5-7B | 57.3 57.3 573|573
NileChat-3B | 64.0 64.0 64.0 | 63.7
Fanar-1-9B 67.0 66.0 70.3| 67.0
ALLaM-7B | 72.7 76.3 76.3| 77.3

Table 3: Performance comparison of different models
on PalmX Islamic Cultural subtask. Comb.: Culture +
Islamic, Aug.: Islamic + Augmented.

Subtasks | Model | Acc

Culture Fanar-1-9B | 71.5
Islamic ALLaM-7B | 84.2

Table 4: Performance on final hidden test set.

test set. The raw confusion matrix shows the pro-
portion of correct and incorrect predictions per true
label. Off-diagonal entries reveal misclassification
patterns, with slightly higher confusion between
classes A and B as well as C and D. Overall, the
model demonstrates balanced accuracy across cat-
egories, with no single class dominating the error
distribution.

Figure 2, in Appendix, illustrates the confusion
matrix for Subtask 2 on the hidden test set. The
model correctly predicted 127, 483, 179, and 54
instances for classes A, B, C, and D, respectively.
The largest proportion of correct predictions oc-
curred for class B, with relatively low misclassi-
fication rates. Notable confusion patterns include
A — B (32 instances) and D — B (10 instances).
While diagonal dominance is evident, indicating
that the model captures the underlying class dis-
tinctions well, performance on class D is compara-
tively lower, suggesting a need for more targeted
learning on that category. Overall, the results re-
flect strong performance, with class B exhibiting
the highest classification accuracy in the Islamic
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Figure 1: Confusion matrices for Subtask 1 (General
Cultural Evaluation) on the hidden test set.
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Figure 2: Confusion matrices for Subtask 2 (Islamic
Cultural Evaluation) on the hidden test set.

cultural knowledge domain.

6 Conclusions and Future Work

In this paper, we presented our system devel-
oped for the Palmx 2025 Shared Task on MSA
multiple-choice question answering in the Cultural
and Islamic Evaluation. Our approach focused
on fine-tuning state-of-the-art large language mod-
els, specifically ALLaM-7B-Instruct and Fanar-1-
9B-Instruct, with data augmentation on domain-
specific datasets, leveraging combined cultural and
Islamic data to enhance performance. The Fanar-
1-9B-Instruct model achieved the highest accuracy
on the General Cultural subtask with 80.8 after fine-
tuning and data combination, while ALLaM-7B-
Instruct showed strong results in the Islamic sub-
task, reaching 77.33 accuracy with augmented data.

On the final hidden test set, Fanar-1-9B-Instruct
scored 71.45 on the General Culture evaluation,
and ALLaM-7B-Instruct achieved 84.22 accuracy
on the General Islamic evaluation. These results
demonstrate the effectiveness of fine-tuning and
data augmentation strategies in improving perfor-
mance across different subtasks.

7 Limitations

While our experiments provide valuable insights
into cultural and Islamic evaluation tasks, several
limitations remain. Despite dataset variations (com-
bined Islamic + General Cultural data and augmen-
tation), some models such as google/gemma-7b-it
and Qwen2.5-7B-Instruct showed nearly identical
accuracy across settings, indicating limited sensitiv-
ity to data scale or diversity. We also observed accu-
racy decreases when training on combined datasets.
However, performance overall across training se-
tups is better than the base (unfine-tuned) model.
These findings highlight the need for deeper error
analysis, improved fine-tuning methods, and more
robust data integration to better adapt language
models for nuanced cultural understanding.
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