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Subtask 2: General Islamic Culture

. This subtask tests language models on
¢ Islamic culture, a core part of Arabic societies.
It covers rituals, Quran, Hadith, history, and
religious holidays. Models answer multiple-
choice questions to assess religious literacy
and contextual sensitivity.
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Shared Task

Figure 1: An Overview of the PalmX 2025 Shared Task

Abstract

Large Language Models (LLMs) inherently re-
flect the vast data distributions they encounter
during their pre-training phase. As this data
is predominantly sourced from the web, there
is a high chance it will be skewed towards
high-resourced languages and cultures, such
as those of the West. Consequently, LLMs of-
ten exhibit a diminished understanding of cer-
tain communities, a gap that is particularly evi-
dent in their knowledge of Arabic and Islamic
cultures. This issue becomes even more pro-
nounced with increasingly under-represented
topics. To address this critical challenge, we
introduce PalmX 2025, the first shared task de-
signed to benchmark the cultural competence
of LLMs in these specific domains. The task is
composed of two subtasks featuring multiple-
choice questions (MCQs) in Modern Standard
Arabic (MSA): General Arabic Culture and
General Islamic Culture. These subtasks cover
a wide range of topics, including traditions,
food, history, religious practices, and language
expressions from across 22 Arab countries.
The initiative drew considerable interest, with
26 teams registering for Subtask 1 and 19 for
Subtask 2, culminating in nine and six valid
submissions, respectively. Our findings re-

veal that task-specific fine-tuning substantially
boosts performance over baseline models. The
top-performing systems achieved an accuracy
of 72.15% on cultural questions and 84.22%
on Islamic knowledge. Parameter-efficient fine-
tuning emerged as the predominant and most
effective approach among participants, while
the utility of data augmentation was found to
be domain-dependent. Ultimately, this bench-
mark provides a crucial, standardized frame-
work to guide the development of more cul-
turally grounded and competent Arabic LLMs.
Results of the shared task demonstrate that gen-
eral cultural and general religious knowledge
remain challenging to LLMs, motivating us to
continue to offer the shared task in the future.

1 Introduction

Despite their impressive capabilities, LLMs often
display systematic Western- and Anglocentric bi-
ases, mirroring the over-representation of these per-
spectives in their training data (Adilazuarda et al.,
2024; Pawar et al., 2025). This lack of cultural
diversity can lead to outputs that are not only inap-
propriate but also harmful. For instance, an Ara-
bic LLM trained on translated English data once
suggested having a beer after prayer, a recommen-
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dation that fundamentally misunderstands (and in-
deed disrespects) core Arab cultural and religious
norms (Naous et al., 2023). Incidents such as this
underscore a critical distinction in LLM develop-
ment between cultural awareness, which refers to
the understanding of a culture’s norms and values
and cultural alignment, which is focused on the
adaptation of actions to respect and reflect these
norms and values (AlKhamissi et al., 2024). True
progress requires models that are not just culturally
aware, but culturally aligned as well.

The need for culturally aligned models is partic-
ularly acute in the Arab world, a region of over
450 million people spread across 22 countries.
The Arab world comprises immense diversity in
customs and traditions, as well as dialectal rich-
ness. While recent efforts have produced rela-
tively fluent Arabic LLMs (Bari et al., 2024; Sen-
gupta et al., 2023; Huang et al., 2024), many are
trained on machine-translated datasets and evalu-
ated on general NLP tasks in ways that largely over-
look country-specific cultural competence. Foun-
dational work on datasets like Palm (Alwajih et al.,
2025a) has begun to address this by providing cul-
turally inclusive, human-created Arabic instruc-
tions covering all 22 Arab countries. However, a
standardized benchmark is still needed to system-
atically measure and compare the cultural under-
standing of different models.

To bridge this evaluation gap, we introduce the
PalmX 2025 Shared Task, the first benchmarking
effort focused specifically on the cultural compe-
tence of LLMs in the Arabic context. In this task,
we define culture as the collection of knowledge,
beliefs, and behaviors encompassing the traditions,
social etiquette, cuisine, history, arts, dialectal ex-
pressions, and religious practices that character-
ize communities across the Arab world. PalmX
challenges models with multiple-choice questions
designed to test deep cultural knowledge, not su-
perficial pattern matching. The task is divided into
two subtasks: one on General Arabic Culture and
another on General Islamic Culture, reflecting the
cornerstones of identity in the region. By providing
a standardized evaluation framework, PalmX aims
to drive the development of LLMs that are not only
linguistically fluent but also culturally grounded
and respectful.

This paper is organized as follows: Section 2
describes the PalmX 2025 shared task, including
data collection and annotation for both subtasks.
Section 3 outlines the participation rules and eval-

uation methodology. Section 4 presents the par-
ticipating teams and their results. Section 5 dis-
cusses the findings and provides analysis of the
methodological approaches for the participating
teams. Section 6 concludes with key insights and
future directions. Appendix A provides a literature
review of related work, and Appendix B presents
detailed data analysis including country and topic
distributions for datasets of both subtasks.

2 Task Description: PalmX 2025

The objective of the PalmX 2025 Shared Task! is
to enable evaluation of the competence of LLMs
on Arabic and Islamic cultures through two in-
dependent subtasks: general Arabic culture and
general Islamic culture. Each subtask is designed
as a set of MCQs in MSA, each with four options
(A-D) and a single correct answer; the questions
target grounded knowledge. The distractors for
each MCQ question are designed to plausible but
incorrect, often sharing surface cues to minimize
the chance of correct guesses. For each subtask,
we provide training, development (dev), and test
splits. The training split is provided to participants
to support system development, allowing for vari-
ous approaches such as fine-tuning. Additionally,
the dev split is shared with participants to facil-
itate hyperparameter tuning and local evaluation
of their systems before the test phase. The test
split is kept private during the competition and is
released publicly after the competition concludes.
We apply basic quality filters to ensure clarity, a sin-
gle unambiguous answer, and cultural correctness.
This process involves removing off-topic questions
unrelated to culture, those with multiple correct an-
swers, biased content, and items with grammatical
errors. Accuracy is the primary evaluation metric.

All the resources of PalmX 2025 shared task are
publicly available, including data and evaluation
code.?

2.1 Subtask 1: General Arabic Culture

The goal of this subtask is to encourage develop-
ment of methods for incorporating Arabic general
culture in LLMs, allowing them to comprehend
and reason about diverse aspects of general Arabic
culture. These aspects are coming from different
cultural categories including traditional customs,
local etiquette, cuisine, historical events, famous

"https://palmx.dlnlp.ai/
Zhttps://github.com/UBC-NLP/palmx_2025
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figures, geography, local languages (dialects), and
arts.

2.1.1 Data Collection and Annotation

The data for this subtask cover a number of cultural
topics. To ensure this wide coverage, we follow
two complementary data collection strategies, as
described below.

Method 1: We source the data from Palm (Alwajih
et al., 2025a) training split, which we convert into
an MCQ format using Qwen3 30B (Yang et al.,
2025). Using this method, we acquire 4, 000 sam-
ples.

Method 2: We crawl web pages from diverse on-
line resources covering cultural knowledge, cus-
toms, etiquette, values, and practices across all
Arab countries. Representative sources include
Cultural Crossing,3 Commisceo®, Cultural Atlas,’
and Expatica.® We then segment the collected
pages into sections and subsections, and employ
GPT-40-mini to generate culturally relevant MCQs
in both Arabic and English. We acquire 1,000
samples using this method.

For both methods, two professional linguists
independently reviewed the data for correctness,
removal of low-quality or trivial questions, and
acquisition of proper formatting. All discrepancies
were reviewed in consolidation sessions. Finally,
we shuffle answer options to minimize positional
bias.

The final data for this subtask consists of 2, 000,
500, and 2, 000 questions for the training, dev, and
test splits, respectively. The domain and country
balance in the test set approximates that of the
training data but includes some new entities and
less frequent cultural items to test generalization.
Samples from Subtask 1 are presented in Table 1.

2.2 Subtask 2: General Islamic Culture

This subtask aims to assess the capacity of LLMs to
capture and understand the Islamic culture, which
plays a foundational role in Arabic societies. It
covers topics such as Islamic rituals and practices
(e.g., prayers and fasting), Quranic knowledge,
Hadith literature, historical developments in Islam,
and religious holidays.

Shttps://guide.culturecrossing.net/basics_
business_student_details.php
4https://www.commisceo-global.com/resources/
country-guides/
5https://culturalatlas.sbs.com.au/countries
6https://www.expatica.com/

2.2.1 Data Collection and Annotation

To enhance topical diversity, we employ two com-
plementary methods to collect Islamic MCQs,
yielding a nearly balanced distribution across
sources.
Method 1: We create the data based on public
Islamic competitions and general questions about
Islamic culture using a university book 7. We ac-
quire 900 samples using this method.
Method 2: We crawl all Islamic articles from Maw-
doo3,? one of the most reputable Arabic content
platforms (category: Islam). From this corpus,
we randomly select 200 pages and employ GPT-
4o0-mini to generate diverse MCQs per page. All
generated Arabic items are independently reviewed
by two professional linguists to verify correctness,
eliminate low-quality or trivial content, and ensure
proper formatting. Again, all discrepancies are
reviewed in consolidation sessions and answer op-
tions are subsequently shuffled to reduce positional
bias. We acquire 1, 000 samples using this method.
The final data for this subtask consists of 600,
300, and 1, 000 questions for the training, dev, and
test splits, respectively.
Samples from Subtask 2 are presented in Table 2.

3 Rules and Evaluation

This section outlines the rules we establish for par-
ticipation and the methods we employ for the eval-
uation of submissions. We design the framework
to rigorously and fairly assess the intrinsic cultural
and Islamic knowledge of the submitted language
models.

Reproducibility Teams are instructed to doc-
ument their data preprocessing, model architec-
ture, external resources, prompt templates, and
inference-time strategies.

3.1 Participation and Submission Guidelines

The primary objective of the shared task is to assess
the internalized knowledge of LLMs. To ensure
the evaluation focuses on the models’ core under-
standing rather than their ability to query external
information sources, we established two fundamen-
tal rules.

First, the use of systems with real-time data re-
trieval capabilities, such as retrieval-augmented
generation (RAG) or live internet access, is strictly

"The Question Bank for Islamic Culture form Al-Balga
Applied University (BAU)
8https://mawdoo3.com
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Split Answer D C B A Question
train D Aaltw vy 2y FITERY: PN T byl ool O ragmad! Jiik o
train D 23 September 1 January 14 February 30 November When do Saudis celebrate National Day?
train B Friendship Love Sadness Joy What do violets s§mbolize in Algerian culture?
dev D OBl sy oo il g Al Lol e rL-JaJ‘ N &L Lads 8l ?L}'\:j,ul\ Cljjn Lj AV
dev D An important post- A special process A type of food A traditional ~What is "Jertiq" in Sudanese weddings?
wedding ritual for the bride contest
test A i A\ FRVERN] Yllayy! HISRAN] 0oyl Colg &) Gand WY1 G 0 L
test A French Portuguese Italian Amazigh What is the mother tongue of some Moroccans be-
sides Arabic?
est A e LA Ry 5,1 Sl S g Lot A1 eyl Gl g Lo
test A Majboos Thareed Couscous Kesra What is the most common Mauritanian dish in the
Arab world?
Table 1: Sample questions with their splits, correct answers, and options (A-D) for Subtask 1.
Split Answer D C B A Question
dv B Wb Gl Y e, Sagas Lo, P e 1, L Lo, QO Ll e
S Bglall sl TP Al me s An
dev B Mercy unrelated to God  Limited mercy Mercy that includes all ~ Mercy specific to believ-  Which otf:he following phrases expresses the mean-
creatures ers ing of the name "Ar-Rahman"?

train A Olas o Olete = o 3 s op o)l as o s gl sV gall sa e

< 1LY oda ol I
train A Uthman ibn Affan Muadh ibn Jabal Abdur Rahman ibn Awf ~ Abu Ubaidah ibn al- Which companion was nicknamed "the trustworthy

Jarrah of this nation"?
test D A Sy A, A Sy Lai> Sogled e Wi Wl g, ool ol 2ot ol 8 o0

Lie Wl o, 2kl s Wl g L Wl o IS L

test D Rufaidah bint Sa’d al- Hafsa bint Umar (may Aisha bint Abu Bakr Umm Ayman (may Al- Who was the first nurse in Islam?

Aslamiyyah (may Allah
be pleased with her)

Allah be pleased with
her)

(may Allah be pleased
with her)

lah be pleased with her)

Table 2: Sample questions with their splits, correct answers, and options (A-D) for Subtask 2.

prohibited. This ensures that the task does not
become a trivial information retrieval challenge.
Consequently, submissions are limited to the fol-
lowing format:

1. Model Weights: Participants are required to
submit the fine-tuned weights of a decoder-
only generative language model.

2. Parameter Limit: To maintain computa-
tional fairness across all participants, the sub-
mitted models are constrained to a maximum
size of 13 billion (13B) parameters.

3. Secure Submission: For privacy and accessi-
bility, participants are instructed to host their
models in a private repository on Hugging
Face. The final submission consists of the
repository ID and a fine-grained access token
that provided the organizers with read-only
access to the model for evaluation.

Second, to ensure integrity of the results, the
test set was held out and remained private to the
organizers’. This blind evaluation protocol guar-

“Test data was shared only after the leaderboard announce-
ment.

antees that no participant had prior access to the
test data, enabling a realistic assessment of each
model’s generalization capabilities in the domain
of Arabic cultural and Islamic awareness.

3.2 Evaluation Method

To evaluate the MCQs from our test set, we adopt
the likelihood-based method commonly used in
frameworks like the EleutherAl Language Model
Evaluation Harness (Biderman et al., 2024). This
approach assesses a model’s understanding by mea-
suring how likely it is to choose the correct answer
label after being presented with the question and
all possible choices, rather than relying on gen-
erative decoding. We develop an in-house script
to implement this method and share it with par-
ticipants during the development phase to ensure
they understand how their submissions would be
evaluated.

3.2.1 Likelihood-based MCQ Evaluation

For each MCQ item, we construct a prompt that in-
cludes the question followed by the list of choices,
each prefixed with a letter (e.g., A, B, C, D). The
prompt is structured as follows:
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<Question>

A. <Choice 1>
B. <Choice 2>
C. <Choice 3>
D. <Choice 4>
Answer:

The model’s task is to determine which choice
label (A, B, C, or D) is the most probable contin-
uation of the prompt. We calculate the likelihood
of the model generating each choice label. This
approach of scoring only the label, rather than the
full text of the choice, ensures the evaluation is not
biased by the length of the answer strings.

Specifically, for a given question prompt P and
a set of possible choices {C1, Co, ..., Cy}, we cre-
ate n distinct sequences. Each sequence is formed
by concatenating the prompt P with the text corre-
sponding to one of the choice labels (e.g., " A", "
B", etc.).

Let the tokens for the choice label C; be
Ci1,Ci2,---,Cik. The score for choice Cj is its
log-likelihood, calculated as the sum of the con-
ditional log-probabilities of its tokens given the
prompt and the preceding tokens of the choice la-
bel:

score(C;) = log p(Cs| P) =
k

D “logpleig|Prcin, .- ocijo1) (1)
=1

These log-likelihood scores are computed for all
choices. To select the model’s final answer, we nor-
malize these scores into a probability distribution
using the softmax function:

escore(C)

21

The choice with the highest resulting probability
is selected as the model’s prediction.

P(C;) =

escore(C;)

3.2.2 Evaluation Metric

The final performance is measured using accu-
racy. The model’s predicted label is compared
against the ground-truth label for each question.
The overall accuracy is the percentage of questions
the model answered correctly:

ACCUYaCy = Ncm"rect /Ntotal

Where N orrect 18 number of correct predictions
and Nyyq is total number of questions. This

method provides a robust measure of a model’s
preference for the correct answer among the given
options. The entire process, from prompt construc-
tion to likelihood calculation and accuracy scor-
ing, was automated using the provided evaluation
script.

4 Shared Task Teams & Results

4.1 Participating Teams

The PalmX 2025 shared task attracted significant in-
terest from the research community, with 26 teams
registering for Subtask 1 (General Culture) and 19
teams registering for Subtask 2 (General Islamic).
However, actual participation rates varied between
the subtasks. For Subtask 1, eleven teams success-
fully submitted their models or systems. Among
these submissions, two were subsequently rejected
due to non-compliance with the established submis-
sion guidelines, resulting in nine valid submissions
that were evaluated and ranked. For Subtask 2, six
teams submitted their approaches, all of which met
the submission requirements and were successfully
evaluated. Notably, five teams participated in both
subtasks, demonstrating their commitment to ad-
dressing both domains. This cross-participation
allowed for interesting comparisons of team per-
formance across different cultural contexts and
question types. Table 3 provides a comprehensive
overview of all participating teams, including their
subtask involvement and institutional affiliations.

4.2 Baselines

We established baseline performance (accuracy)
using the NileChat-3B model (Mekki et al., 2025)
without any task-specific fine-tuning (zero-shot):

e Subtask 1 (General Culture): 70.00% on
dev and 67.55% on test.

e Subtask 2 (General Islamic): 64.00% on
dev and 75.12% on test.

4.3 Shared Task Results

The shared task attracted strong participation, with
many teams significantly outperforming the base-
line models. This outcome highlights the value
of applying task-specific fine-tuning and data aug-
mentation techniques.

Subtask 1: General Arabic Culture

The general culture subtask was exceptionally com-
petitive, with the top four teams finishing within a
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Team Name Affiliation Subtask 1 (Arabic) Subtask 2 (Islamic)
HAI (Hossain and Afli, 2025) ADAPT, MTU v v
RGIPT (Chatwal and Mishra, 2025) Rajiv Gandhi Inst. of Petroleum Tech. v

AYA (Tajrin et al., 2025) Qatar Computing Research Institute v v
Phoenix (Atou et al., 2025) Mohammed VI Polytechnic University v v
CultranAI (Chatwal and Mishra, 2025) Hamad Bin Khalifa University v

ISL-NLP (Gomaa and Elmadany, 2025) AAST v

MarsadLab (Biswas et al., 2025) Hamad Bin Khalifa University v v
Hamyaria (Al-Dhabyani and Alsayadi, 2025) Hadhramout Univ., Cairo Univ. v v
Star (Elrefai et al., 2025) Alexandria University v

TarnishedLab* UIR v

Table 3: Participating teams, their affiliations, and their subtasks in PalmX 2025. A checkmark (v) indicates
participation in the corresponding subtask. Teams marked with * did not submit their system description papers.

Rank Name Accuracy Model Size Dataset(s) Methodology (concise)

1st ADAPT-MTU 72.15%  NileChat-3B 3B PalmX (train) Full fine-tune (CLM); 3 ep; full-prompt supervision.

9 HAI

2nd RGIPT 71.65% NileChat-3B 3B PalmX LoRA (r=16, a=32); 3 ep; no external data.

3rd AYA Fanar-1-9B- 9B PalmX Cultural & Islamic (train) LoRA fine-tune; 3 ep; paraphrase aug (no dev gain).

3} Instruct

n

4th Phoenix 71.35%  Fanar-1-9B- 9B PalmX Cultural (train) + LLM aug FT Fanar-9B with Gemini-based paraphrase/sample/dataset
Instruct aug (~18k added).

5th CultranAl 70.50%  Fanar-1-9B- 9B PalmX (train+dev), PalmX (test), Na- LoRA fine-tune; added 22k curated MCQs; train on combined
Instruct tivQA MCQs (22k) set.

6th ISL 67.60%  NileChat-3B 3B PalmX Cultural (train) Retrieval-augmented (Gemini) + PEFT; partial unfreeze of

projections.

Tth MarsadLabM 67.55%  Qwen2.5-7B- 7B PalmX Cultural (train) LoRA on Qwen2.5-7B (r=16, a=32); 3 ep; 4-bit quantization.
Instruct

- Baseline (ours) 67.55%  NileChat-3B 3B - Zero-shot (no fine-tuning).

8th Hamyaria 65.90%  Qwen2.5-3B- 3B PalmX + shuffle/paraphrase aug Augment (answer shuffle + Fanar-9B paraphrase) + FT
Instruct Qwen2.5-3B; 5 ep.

9th Star 64.05%  Qwen3-4B 4B Arabic culture corpus (Wikipedia) + Continual pretrain on Arabic culture corpus; SFT on PalmX

PalmX Cultural

with PEFT/LoRA.

Table 4: Approaches for Subtask 1: General Arabic Culture.

narrow 1% accuracy margin.

First Place: The ADAPT-MTU HAI Team
achieved the top score of 72.15%. Their
strategy involved a full fine-tuning of the
NileChat-3B model using a causal language
modeling (CLM) objective. They trained the
model for three epochs, supervising it over
the complete prompt to maximize learning.

Second Place: The RGIPT Team secured
second place with 71.65% accuracy. They
also used the NileChat-3B model but opted
for a parameter-efficient Low-Rank Adap-
tation (LoRA) approach (r=16, alpha=32).
Their model was trained for three epochs on
prompt-response pairs derived solely from the
provided training data.

Third Place: The AYA Team finished third
with 71.45% accuracy. They utilized the
larger Fanar-1-9B-Instruct model and experi-
mented with data augmentation by paraphras-
ing questions with other LLMs. However,
this augmentation did not lead to improved

performance on the development set, so their
final result was based on LoRA fine-tuning
for three epochs with a maximum sequence
length of 512.

Subtask 2: General Islamic Culture

In the Islamic knowledge subtask, the performance
differences between teams were more distinct.
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 First Place: The AYA Team ranked first with

a commanding accuracy of 84.22%, using
the ALLaM-7B-Instruct model. Their success
stemmed from a combination of effective data
augmentation and efficient LoRA fine-tuning,
a strategy that proved more successful in the
Islamic domain than in the general culture
subtask.

Second Place: The Phoenix Team took sec-
ond place with 83.82% accuracy, also em-
ploying the ALLaM-7B-Instruct model. They
developed "PhoenixIs" by focusing on para-
phrasing for data augmentation and notably
included the cultural PalmX dataset in their



Rank Name Accuracy Model Size Dataset(s) Methodology (concise)

1st AYA 84.22%  ALLaM-7B- 7B PalmX Islamic (train) + aug LoRA fine-tune on ALLaM-7B with data augmentation.
Instruct

"

2nd Phoenix 83.82%  ALLaM-7B- 7B PalmX Islamic (train) + aug + PalmX FT ALLaM-7B; paraphrase-focused aug; +Cultural data
Instruct Cultural (~4.5k).

3rd ADAPT-MTU ALLaM-7B- 7B PalmX Cultural & Islamic (train) LoRA (8-bit load); add CoT cue “Let’s think step-by-step”.

.q HAI Instruct-preview

- Baseline (ours) 7512%  NileChat-3B 3B - Zero-shot (no fine-tuning).

4th MarsadLabM 74.13%  Qwen2.5-7B- 7B PalmX Cultural LoRA on Qwen2.5-7B; 3 ep; 4-bit quantization.
Instruct

5th Hamyaria 70.83%  Qwen2.5-3B- 3B PalmX (no aug) Plain fine-tune on original set; 10 ep.
Instruct

6th TarnishedLab 62.84%  Qwen2.5-3B- - - -

Instruct

Table 5: Approaches for Subtask 2: General Islamic Culture.

fine-tuning mixture, which expanded their
training data to 4,500 questions.

e Third Place: The ADAPT-MTU HAI
Team earned third place with 82.52% accu-
racy using the ALLaM-7B-Instruct-preview
model. They applied parameter-efficient fine-
tuning (LoRA) to an 8-bit loaded version of
the model and incorporated reasoning cues
like*“Let’s think step-by-step” into their train-
ing instances to encourage more structured
outputs.

Tables 4 and 5 display the full results for Sub-
tasks 1 and 2, respectively, and briefly describe
the system submissions provided by participants,
including the backbone models used and their cor-
responding sizes.

5 Discussion

The results of this shared task provide valuable
insights into the current state of Arabic cultural
and Islamic knowledge Q&A, revealing several key
findings about model performance, methodological
approaches, and domain-specific challenges. We
discuss a number of these insights here.

5.1 Performance Analysis

The competition demonstrated that task-specific
fine-tuning significantly improves performance
over baseline models. Most participating teams
exceeded the NileChat-3B baseline (67.55% for
culture, 75.12% for Islamic), with top performers
achieving substantial improvements of 4.6% and
9.1% for Subtasks 1 and 2, respectively. Notably,
the Islamic knowledge subtask showed higher over-
all accuracy scores, with the winning team reach-
ing 84.22% compared to 72.15% for the cultural
subtask. This performance difference suggests that

Islamic knowledge questions may have more struc-
tured, canonical answers compared to the broader
host of cultural domains.

5.2 Methodological Insights

Several key methodological trends emerged from
the approaches employed by participating teams as
we highlight next.

Model selection. Teams favored Arabic-centric
models, with NileChat-3B, ALLaM-7B-Instruct,
and Fanar-1-9B-Instruct being the most popular
choices. Notably, larger models did not necessarily
guarantee better performance. This is evidenced
by the HAI and RGIPT teams winning the first
and second place in subtask 1, respectively, using
the smaller NileChat-3B model through effective
(parameter-efficient) fine-tuning.
Parameter-efficient fine-tuning. LoRA emerged
as the dominant fine-tuning strategy across teams,
demonstrating its effectiveness. The success of
LoRA-based approaches suggests that efficient
adaptation methods can achieve competitive results
while maintaining computational feasibility.

Data augmentation strategies. The impact of
data augmentation varied significantly between
subtasks. While the AYA Team’s augmentation
approach proved crucial for their success in the Is-
lamic subtask, the same team reported that augmen-
tation did not improve performance on the cultural
development set. This suggests that augmentation
effectiveness is highly domain- and data-dependent
and requires careful study.

Cross-task learning. Teams participating in both
subtasks showed varied success patterns. The
ADAPT-MTU HAI Team achieved top perfor-
mance in the cultural subtask but placed third in
Islamic questions, while the AYA Team demon-
strated the opposite pattern. This indicates that
domain expertise and task-specific optimization
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are crucial factors.

5.3 Domain-Specific Challenges

The performance gap between the two subtasks
highlights distinct challenges in Arabic cultural
versus Islamic knowledge representation, as fol-
lows:

Cultural Knowledge Complexity: The tighter
competition in Subtask 1 (top four teams within
1%) suggests that cultural knowledge questions
present more nuanced challenges. Cultural infor-
mation spans diverse topics, regions, and interpreta-
tions, making it inherently more complex to model
and evaluate.

Islamic Knowledge Structure: The higher accu-
racies and clearer performance hierarchy in Sub-
task 2 indicate that Islamic knowledge questions
may be slightly less challenging due to being more
structured and based on canonical sources and es-
tablished scholarly consensus. This makes these
questions more amenable to current language mod-
eling approaches.

5.4 Technical Innovations

Several technical contributions stood out among
the participating teams:

The ADAPT-MTU HAI Team’s use of reason-
ing cues (“Let’s think step-by-step”) represents an
interesting application of chain-of-thought prompt-
ing to Arabic cultural domains. The Phoenix
team’s comprehensive augmentation strategy, ex-
ploring paraphrasing, sample-based, and dataset-
based approaches, provides valuable insights for
future data augmentation research in Arabic NLP.

The ISL-Team’s context-aware approach,
combining external knowledge retrieval with
instruction-based fine-tuning, demonstrates the
potential of hybrid architectures for knowledge-
intensive tasks in Arabic.

6 Conclusion

The PalmX 2025 Shared Task establishes the first
standardized benchmark for evaluating Arabic and
Islamic cultural competence in LLMs. Our evalua-
tion framework revealed key insights: task-specific
fine-tuning substantially improves performance
over baselines, with parameter-efficient approaches
(LoRA) emerging as the dominant methodology.
The performance gap between cultural (72.15%
best) and Islamic knowledge (84.22% best) sub-
tasks suggests domain-specific challenges, with
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Islamic questions potentially benefiting from more
structured canonical sources. Overall, models still
struggle on both general cultural and general Is-
lamic knowledge, motivating us to continue to of-
fer the shared task in the future.

Strong community participation from diverse
international teams demonstrates the critical need
for culturally aligned Arabic LLMs. While partic-
ipating teams achieved significant improvements
over baselines, the modest absolute scores high-
light substantial remaining challenges in achieving
true cultural competence. PalmX 2025 benchmark
provides a foundation for systematic progress track-
ing and comparison in Arabic cultural Al, driving
development of more inclusive language technolo-
gies for Arabic-speaking communities worldwide.

Limitations

Several important limitations should be acknowl-
edged:

* Dataset Imbalances: PalmX includes data
from 22 Arab countries, but the distribution of
questions is uneven. Countries like Iraq and
Algeria are underrepresented, as shown in the
appendix B, while others are overrepresented.
This imbalance may bias the models toward
frequently represented cultures and limit their
generalization to underrepresented communi-
ties. Future releases should focus on targeted
data collection to improve country-level rep-
resentation.

Evaluation Constraints: The benchmark is
limited to multiple-choice questions in MSA.
While this design ensures clarity, fairness, and
reproducibility, it does not capture broader as-
pects of cultural and linguistic competence,
such as open-ended reasoning, interactive di-
alogue, or sensitivity to dialectal variation.

Language and Cultural Scope: PalmX is
designed with a focus on Arabic cultural and
Islamic knowledge expressed in MSA. How-
ever, Arabic speaking communities are lin-
guistically and culturally diverse, with ex-
tensive dialectal variation and localized tra-
ditions that MSA-based questions may not
fully capture. Moreover, Islamic cultural prac-
tices extend far beyond the Arab world, but
these dimensions are not addressed in a com-
prehensive way. Therefore, PalmX should
be viewed as an initial step toward assessing



alignment with Arabic and Islamic cultural
contexts, rather than as a complete evaluation
of all cultural settings.

* Quality and Methodology: Although there
were several levels of human review, cover-
ing all the dataset used, small sections of the
dataset were generated or reformulated us-
ing LLMs (see Section 2.1.1), which could
introduce subtle artifacts or stylistic biases.
Furthermore, the topic classification used for
dataset analysis (Appendix B) partially de-
pended on automated methods that have im-
perfect accuracy. These factors may impact
both the reliability of item difficulty and the
interpretability of model performance.

Ethical Considerations

The development and evaluation of culturally-
aware language models raises several ethical con-
siderations that we have carefully addressed in
PalmX 2025:

¢ Cultural Representation and Bias: While
we strive for balanced representation across
all 22 Arab countries, acknowledged geo-
graphical imbalances may inadvertently favor
certain cultural perspectives over others. We
mitigate this through transparent reporting of
data distributions and encourage future work
to address underrepresented regions.

* Religious Sensitivity: Questions involving
Islamic knowledge require particular care to
avoid misrepresentation or offense. All reli-
gious content was reviewed by qualified ex-
perts, and we acknowledge that legitimate
scholarly disagreements exist on certain top-
ics. The evaluation framework focuses on
widely accepted knowledge rather than con-
tentious interpretations.

* Data Privacy and Consent: All data sources
used are publicly available or properly li-
censed. Web-crawled content was limited to
public educational resources, and no personal
information was collected or used in dataset
construction.

* Model Deployment Implications: While
this benchmark evaluates cultural compe-
tence, we emphasize that high performance

does not guarantee appropriate real-world de-
ployment. Cultural sensitivity extends be-
yond factual knowledge to include contextual
appropriateness, respect for cultural values,
and awareness of power dynamics.

* Overfitting to Benchmarks: The competi-
tive nature of shared tasks may unintention-
ally promote overfitting to benchmark scores
rather than fostering genuine cultural compe-
tence. As such, it is necessary to stress the
importance of engaging with native speakers
and experts in addition to the use of bench-
marks.

* Potential Misuse: A benchmark that evalu-
ates alignment to specific cultural and reli-
gious norms could be misapplied in harmful
contexts. For instance, it could be used to jus-
tify censorship, surveillance, or exclusionary
practices. The benchmark data and evaluation
methods are designed for research purposes.
We encourage responsible use and caution
against deploying systems without adequate
safeguards for cultural sensitivity and com-
munity feedback.
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Appendices

These appendices provide supplementary material
supporting the main findings of this work. The
content is organized as follows:

¢ A: Literature Review
Reviews related work on cultural bias in
LLMs, Arabic centric LLMs, and Arabic
culturally-Aware datasets and benchmarks.

* B: Data Analysis
This section presents the country-level
and topical distributions of both subtasks’
datasets.

A Literature Review

Our work is situated at the intersection of several
active research areas: the evaluation of cultural
biases in LLMs, the development of Arabic-centric
models, and the creation of culturally grounded
benchmarks.

1.1 Cultural Bias and Alignment in LLMs

The detection, mitigation, and control of cultural
bias in LLMs is an expanding research area, seek-
ing to produce generative models that are free of
stereotypes and which align with a defined cul-
tural perspective and value framework (Pawar et al.,
2025).

Since many LLMs are trained primarily on
widely available, high-quality English datasets,
they inevitably reflect cultural elements present
in those sources (Johnson et al., 2022). Tech-
niques such as fine-tuning and reinforcement learn-
ing from human feedback (RLHF) are commonly
employed to align such models with a desired
value system (Bai et al., 2022; Li et al., 2024);
however, this depends on the availability of high-
quality instruction data that accurately reflects that
system (Liu, 2025). Another approach is to use
prompting and system roles to enforce a cultural
identity (Tao et al., 2024; Choenni and Shutova,
2024).

1.2 Development of Arabic-Centric LLMs

To counter the dominance of English-centric mod-
els, significant efforts have been made to de-
velop foundational LLMs for Arabic. Models
like JAIS (Sengupta et al., 2023) pioneered a

bilingual Arabic-English training strategy to lever-
age cross-lingual knowledge transfer. The Jas-
mine (Abdul-Mageed et al., 2023) suite of mod-
els was specifically designed to enhance few-shot
learning capabilities in Arabic, while the AceGPT
project (Huang et al., 2024) introduced a com-
prehensive localization pipeline, including pre-
training, supervised fine-tuning (SFT), and rein-
forcement learning with a reward model sensitive
to local values.

More recent models like ALLAM (Bari et al.,
2024) and Fanar (Team et al., 2025) have further ad-
vanced Arabic capabilities. NileChat (Mekki et al.,
2025), in particular, was developed as a linguis-
tically diverse and culturally aware model specif-
ically tailored for local communities. NileChat
proved that it’s possible to build a performant 3
billion parameters language model that can repre-
sent the Moroccan and Egyptian communities, in-
cluding their dialects, cultural heritage, and values
through controlled-generated synthetic data. While
these models represent crucial advancements in
Arabic linguistic competence, their evaluations
have largely focused on standard NLP tasks (e.g.,
question answering, summarization) and general
knowledge benchmarks like Arabic MMLU. They
have not been systematically evaluated on their
understanding of deep, country-specific cultural
knowledge.

1.3 Arabic Culturally-Aware Datasets and
Benchmarks

A growing body of work is dedicated to developing
datasets and benchmarks that reflect Arab culture.
One of the earliest benchmark efforts is the Arabic
Cultural and Value Alignment dataset (Huang et al.,
2024), comprising 8.7K yes—no questions syntheti-
cally generated by GPT-3.5 Turbo on various topics
related to Arab values. AraDiCE-Culture (Mousi
et al., 2025) is a fine-grained benchmark designed
to assess cultural awareness across the Gulf, Egypt,
and the Levant. Jawaher (Magdy et al., 2025) offers
10K multi-dialectal Arabic proverbs to evaluate un-
derstanding of cultural nuances through figurative
language. ArabCulture (Sadallah et al., 2025) is
a manually crafted dataset of 3.5K commonsense
reasoning questions covering the cultures of 13
Arab countries across 54 subtopics.

On the other hand, instruction datasets aimed at
embedding cultural understanding during model
training include CIDAR (Alyafeai et al., 2024), a
10K culturally localized instruction dataset created
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Figure 2: Country distribution of cultural questions in
the training data.

via machine translation followed by human review,
and Palm (Alwajih et al., 2025a), a 17K human-
crafted instruction dataset spanning the cultures
of the 22 Arab countries. Efforts to support local
cultures also include datasets and models such as
NileChat (Mekki et al., 2025) for Egyptian and
Moroccan dialects, and benchmarks like SaudiCul-
ture (Ayash et al., 2025).

More recently, a focus has emerged on cul-
turally aware Arabic multimodal resources, in-
cluding Peacock (Alwajih et al., 2024), Camel-
Bench (Ghaboura et al., 2025), AraTradi-
tions10K (Al-Buraihy et al., 2025), and Pearl (Al-
wajih et al., 2025b).

B Data Analysis
2.1 Subtask 1 Data Analysis

Country distributions of training, development, and
test data are shown in Figures 2, 3, and 4. We use
ISO 3166 Alpha-2 code for countries!?. We note
that certain countries, such as Iraq (IQ) and Algeria
(DZ), are underrepresented across all data splits. In
future releases of PalmX, we aim to ensure more
balanced country distributions.

Table 6 presents the 15 most frequent topics, which
together account for 95% of all test questions,
along with illustrative examples. The topics were
initially classified using GPT-40 and subsequently
consolidated and manually verified. To estimate
classification quality, 200 random questions were
sampled, yielding an accuracy of 85%. We ob-
serve that roughly one-third of the test questions
pertain to historical events in Arab countries, such
as the dates of revolutions, the founding of political
parties, or the birthdates of notable writers.

2https://www. iban.com/country-codes

Figure 3: Country distribution of cultural questions in
the development data.

Figure 4: Country distribution of cultural questions in
the test data. *ARB denotes questions related to Arab
culture in general, rather than those tied to a specific
country.
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Topic Example %0

History Tl eyl £ 35.2
When did Algeria gain independence?

Geography/Environment ¥4, g 3 JLr"\N gt i o L 10.0
What is the largest river in Syria?

Food Tl oW ob o b 7.9
What is the Bazin dish in Libya?

Customs ?&;\gy‘ﬂ CBJ“ u’ Ld! Jlemtat b 7.6
What is the use of henna in Sudanese marriage?

Arts Py g Bl Yl cal b 6.0
What is the most important cinematic event in Tunisia?

Sports § pae § dnms AV LU ) 2 L 5.1
What is the most popular sport in Egypt?

Literature T s 5 &udl! EL:J.;\H Al g;jJu_ S 4.6
When did the modern literary movement begin in Qatar?

Economics Tollal Gus o Gtdauls (3 od Car Lo 205 BBl 4.6
What is Bethlehem, Palestine, famous for in terms of industries?

Religion ?&w;\” J Ctaleal) aal! €j¢)\}a L 3.9
What is the holy day of the week for Muslims?

Language T3 gl 5 laiog L5 g b 2.8
What does the word ’santa’ mean in the Iraqi dialect?

Clothing Tl el ga s 2.4
What is the Moroccan fez?

Education a5 o oladl 3 Zal)l e Q1 sl Ll e b 15
What second languége is mandator"y in Kuwaiti schools?

Politics T bl se Jol o momdl o Ly o 1.3
Who heads the Rally for Mauritania (RMA) party?

Tourism (39> 3 UJ‘\ bls e b 1.3
What makes Arta Beach in Djibouti special?

Law YJ..J"?” 3 usad el O.»J‘j.b (S 1.3
What is the legal smok"ing age in Bahrain?

Other 10 topics Technology, Architecture, Medecine, etc. 5.0

Table 6: Topic distribution of the cultural questions (translated to English) in the test set.

2.2 Subtask 2 Data Analysis

Table 7 presents the topic distribution along with
examples from the test set. Topic labels were pre-
dicted using GPT-40. To estimate accuracy, we
sampled 200 questions and found a 91% agree-
ment with manual annotations. Notably, about one-
quarter of the questions concern historical events,
such as battles, the birthplaces of scholars, or for-

mer names of places.

788



Topic Example %

History T dgan)) & e Candy o] 255
Where did the Battle of Yarmouk take place?

Worship ! il $3lay dag 11 Kleall sua) L 182
What is one of the virtues of Fajr prayer?

Ethics TSl 5 o Y il allae el b 12.4
What is one of the manifestations of respecting others in Islam?

Figh (Islamic Jurisprudence) ?d\l\ ) Z,o‘jﬂ SVJ'J‘ J\,\le Lo 12.3
How much zakat is due on money?

Quranic Sciences el Blassl J) pad FNIN 10.3
Which verse refers to the splitting of the moon?

Aqidah (Islamic theology) okl oF T sas 9.4
How many pillars of faith?

Hadith Sciences f oadll Cuud!) nay bile 3.5
What distinguishes the Hadith Qudsi?

Mu’amalat (Islamic Transactions)  § lacudl @” fL"‘” (<J-\ Lo 24
What is the general ruling on installment sales?

Contemporary Issues Tl Ol allas AR 2.1
What is one manifestation of religious extremism?

Sirah (Biography of the Prophet) ¢ ol > » awsl Qi A pUL Lo g_5'."“ o 2.0
Who led the people in prayer after the Prophet’s illness became severe?

Philosophy 2.0

TN s b ggie gm il

What does the concept of the universality of Islam mean?

Table 7: Topic distribution of the Islamic questions (translated to English) in the test set
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