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Abstract

In this paper, we report our participation to the
PalmX cultural evaluation shared task. Our
system, CultranAl, focused on data augmen-
tation and LoRA fine-tuning of large language
models (LLMs) for Arabic cultural knowledge
representation. We benchmarked several LLMs
to identify the best-performing model for the
task. In addition to utilizing the PalmX dataset,
we augmented it by incorporating the Palm
dataset and curated a new dataset of over 22K
culturally grounded multiple-choice questions
(MCQs). Our experiments showed that the
Fanar-1-9B-Instruct model achieved the highest
performance. We fine-tuned this model on the
combined augmented dataset of 22K+ MCQs.
On the blind test set, our submitted system
ranked 5th with an accuracy of 70.50%, while
on the PalmX development set, it achieved an
accuracy of 84.1%. We made experimental
scripts publicly available for the community.!

1 Introduction

Cultural information plays a pivotal role in shaping
human identity, behavior, and social interactions.
It encompasses the shared beliefs, values, customs,
languages, traditions, and collective knowledge of a
community or society. In today’s interconnected in-
formation, communication, and interaction ecosys-
tem, hundreds of millions of users engage with
LLMs for everyday queries - many of which in-
volve aspects of local culture, traditions, cuisine,
and more (Pawar et al., 2025; Hasan et al., 2025).
A central challenge lies in evaluating how effec-
tively LLMs comprehend and generate responses
to such culturally embedded queries, particularly
in multilingual settings characterized by significant
dialectal variation. Other challenges include how
to develop culturally aligned LLMs (Wang et al.,

* The contribution was made while the author was intern-
ing at the Qatar Computing Research Institute.
"https://github.com/hunzed/CultranAl

2023) and make them available in low-compute
environments (Hu et al., 2022). Recent initiatives
have introduced evaluation resources - such as cul-
turally relevant datasets, task-specific benchmarks,
and performance metrics - to assess LLM capabil-
ities in this domain (Myung et al., 2024; Li et al.,

2024b; Mousi et al., 2025).

Yet these efforts remain limited, especially in
achieving deeper, dialect-specific advancements.
Addressing this gap requires sustained, targeted,
rigorous initiatives. The PalmX Shared Task at
ArabicNLP 2025 (Alwajih et al., 2025b) is a step
in this direction, offering a dedicated benchmark
for culturally specific evaluation with a special em-
phasis on Arabic - thereby advancing the devel-
opment of LLMs that are both linguistically and
culturally aligned. Other recent relevant efforts for
Arabic include the development of Arabic-centric
LLMs (Team et al., 2025; Sengupta et al., 2023;
Bari et al., 2025), leaderboards (Al-Matham et al.,
2025), and culturally specific datasets (Alwajih
et al., 2025a; Ayash et al., 2025).

To advance the state of the art in Arabic cul-
tural knowledge representation within LLMs, in
this paper, we report our participation in the shared
task. We specifically focus on the cultural evalu-
ation subtask. To address the challenges of train-
ing and deploying LLMs in low-compute resource
settings, we conducted a comparative analysis of
quantized vs. full-precision models. In parallel, we
employed LLM-driven data augmentation strate-
gies to improve the model accuracy. To summarise,
the contributions of our study are as follows.

* We provide a performance comparison of differ-
ent LLMs (Arabic-centric and multilingual) in a
zero-shot setup.

* We demonstrate that the performance gap be-
tween quantized models and their full-precision
counterparts is minimal.

* We show that data augmentation contributes to
improving model performance.
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2 Related Work

General Capabilities of LLMs. LLMs have
demonstrated remarkable capabilities across a wide
range of natural language processing (NLP) tasks,
including text classification, question answering,
summarization, and dialogue generation (Bubeck
et al., 2023; Abdelali et al., 2024). Their ability to
leverage vast amounts of pretraining data and adapt
to downstream tasks with minimal supervision has
enabled strong performance in both zero-shot and
few-shot settings (Abdelali et al., 2024). These
advances have accelerated the integration of LLMs
into diverse real-world applications spanning edu-
cation, healthcare, finance, and customer support.

Cultural and Everyday Knowledge. Despite
successes in several downstream NLP tasks, LLMs
often underperform on tasks requiring culturally
grounded knowledge, particularly in low-resource
languages and dialects (Pawar et al., 2025; Hasan
etal., 2025; Alam et al., 2025). A culturally aligned
model should accurately interpret and generate
content that reflects local linguistic forms, social
norms, and lived experiences across domains such
as healthcare, education, and cuisine (Li et al.,
2024b,a; Shi et al., 2024). However, current mod-
els frequently fail to capture region-specific expres-
sions and indigenous knowledge, limiting their ef-
fectiveness in culturally nuanced contexts (Myung
et al., 2024; Chiu et al., 2025). To address these
limitations, recent research has focused on de-
veloping benchmarks and datasets that evaluate
and enhance LLMs’ performance for both cul-
tural and everyday information-seeking queries.
These resources span mono- and multilingual set-
tings and are sourced from diverse origins, includ-
ing Wikipedia (Yang et al., 2018; Kwiatkowski
et al., 2019), Google Search QA (Khashabi et al.,
2021), Reddit forums (Fan et al., 2019), and na-
tive speaker-authored question—answer pairs (Clark
et al., 2020). Other approaches combine native
and machine-translated content or employ LLMs
to generate culturally relevant QA datasets (Putri
et al., 2024; Li et al., 2024b).

Although English and multilingual resources
have advanced the state of the art in culturally
aligned LLMs, the richness and diversity of the
Arabic language and its dialects require dedicated
efforts in both resource creation and culturally
aligned model development. Recent initiatives
have begun addressing this gap through the de-
velopment of datasets for benchmarking and fine-

tuning Arabic-centric models (Mousi et al., 2025;
Alwajih et al., 2025a). The PalmX Shared Task
at ArabicNLP 2025 is a targeted initiative to ad-
vance culturally aligned LLM development through
a benchmark for culturally grounded evaluation in
Arabic.

3 Task and Dataset

3.1 Task Overview

The PalmX 2025 shared task offered two subtaks,
one of which is General Culture Evaluation (Sub-
task 1). The goal of the task is to benchmark Arabic
language models on their ability to answer cultur-
ally grounded multiple-choice questions in Modern
Standard Arabic (MSA). The questions span vari-
ous domains such as history, customs, geography,
literature, and food, and are designed to reflect gen-
eral cultural literacy in Arab countries.
Participants are provided with a training and de-
velopment set of MCQs, each with four answer
options. The final evaluation is performed on a
held-out test set of 2,000 questions, with accuracy
as the primary metric. The task encouraged the use
of external data for model enhancement, provided
that models remain under 13 billion parameters and
final checkpoints are submitted for evaluation.

3.2 Dataset

The PalmX 2025 Cultural Evaluation dataset con-
sists of 2,000 training examples and 500 develop-
ment examples, each formulated as a MCQ with
four answer options and a single correct answer.
We used the training split for fine-tuning and re-
served the development set for evaluation, except
for our final iterations, where we use both training
and evaluation splits for fine-tuning.

3.3 Data Augmentation

Palm. To complement PalmX dataset, we incor-
porated the Palm dataset (Alwajih et al., 2025a),
a broader community-curated resource created by
contributors from the 22 Arab countries. Unlike
PalmX, which is entirely in MSA, Palm spans both
MSA and various dialects, offering instruction-
style QA pairs on 20 culturally relevant topics such
as heritage, cuisine, history, and proverbs. All ex-
amples are manually written by native speakers
with cultural familiarity, ensuring authenticity and
regional diversity. Although Palm includes training
and test splits, only the test portion, comprising
1,926 QA pairs, is publicly available.
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We split the available Palm test set into two
halves: one for fine-tuning, and the other for eval-
uation. The splits were created using stratified
sampling based on country, ensuring balanced rep-
resentation across regions in both halves. To bring
its free-form QA format in line with PalmX, we
converted each example into MCQ format using
GPT-4.1. Specifically, we generated three plausible
distractors per question, preserving semantic coher-
ence and cultural plausibility. In Appendix 3, we
provided the prompt that we used for MCQ version
of the palm dataset.

Extending PalmX Dataset. To further diversify
and expand our training data, we leveraged the
NativQA framework (Alam et al., 2025) in combi-
nation with GPT-4.1. The NativQA framework can
seamlessly curate large-scale QA pairs based on
user queries, ensuring cultural and regional align-
ment in native languages. GPT-4.1 was selected for
its optimal trade-off between cost and performance
at the time of experimentation. In all cases, we
employed zero-shot prompting with GPT-4.1.

As illustrated in Figure 1, our process for ex-
tending the PalmX dataset began by identifying
the country associated with each question using
GPT-4.1. The prompt used for this task is provided
in Listing 3. This country information was then
combined with the NativQA framework to curate
location-specific QA pairs.

The NativQA framework’s retrieval process was
carried out in two iterations to maximize topical
diversity. To maintain factual quality, all answers
were filtered using NativQA’s Domain Reliability
Check (DRC), which retains only those sourced
from NativQA-verified web domains. Furthermore,
GPT-4.1 was employed to filter and refine the an-
swers described in Listing 1. The idea is to remove
culturally irrelevant or factually incorrect QA pairs
and refine answers for conciseness and the overall
quality of the dataset. Similar to the Palm test set,
these new entries were converted into MCQ format
to match PalmX, using the same prompt applied
to the original Palm data. This process augmented
the original dataset with culturally rich examples
while preserving structural and contextual consis-
tency with the PalmX questions. We also manually
reviewed 50 samples, which received an average
score of about 7.4 on a scale of 10 for accuracy and
clarity. We refer to this dataset as the PalmX-ext
set. In Table 1, we report the distribution of the
dataset that we used for training and evaluation.
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Figure 1: Pipeline for extending the PalmX dataset using
the NativQA framework and GPT-4.1.

Data Train Dev Test
PalmX 2,000 500 2,000
Palm 950 950 -

PalmX-ext 22,000

Table 1: Distribution of the datasets used for training,
development and test.

4 Experiments

Models. We began by evaluating a set of open-
sourced LL.Ms in a zero-shot setup on both evalu-
ation datasets. This initial comparison helped us
identify the most promising model for fine-tuning,
and further demonstrated the utility of the Palm test
set as an effective evaluation benchmark.

To identify the most suitable model for
the task, we evaluated a set of models based
on their performance on the PalmX devel-
opment set. The models for experiments
include tiny-random-L1lamaForCausallLM,>
Qwen2.5-7B-Instruct (Wang et al.,, 2024),
Jais-13B-Chat (Sengupta et al., 2023), Miraj
Mini,> Llama-3.1-8B-Instruct (Touvron
et al., 2023), NileChat-3B (Mekki et al., 2025),
ALLaM-7B-Instruct (Bari et al., 2025), and
Fanar-7B-Instruct (Team et al., 2025). We se-
lected both Arabic-centric and multilingual models
to compare the effectiveness of models tailored to
Arabic with those trained on broader multilingual
corpora. The tiny-random-LlamaForCausallLM
model was included for baseline results.

Training Setup. We experimented with two fine-
tuning approaches: LoRA and QLoRA. LoRA
trained only a set of low-rank adapter layers while
keeping the rest of the model frozen, whereas

2https: //huggingface.co/HuggingFaceH4/
tiny-random-LlamaForCausallM
Shttps://huggingface.co/arcee-ai/Meraj-Mini
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QLoRA combined 4-bit quantization with LoRA
adapters to reduce memory usage without a sub-
stantial drop in performance.

Both methods were trained on the same mix of
datasets: PalmX Train, Palm, and PalmX-ext. We
used Fanar’s native tokenizer with its default tok-
enization strategy, a batch size of 4, and gradient
accumulation steps of 4. Training was conducted
for 3 epochs with a learning rate of 2 x 1074, sav-
ing the best-performing checkpoint at the end of
each run. Fine-tuning followed a specific prompt
- each question was prefixed by a system prompt,
followed by the question and answer choices, as
shown in Figure 2.

Data Augmentation. We then studied the effect
of our data augmentation strategy by comparing
LoRA training on PalmX Train alone vs. LoRA
training on PalmX Train combined with our aug-
mented Palm and PalmX-ext datasets. This ex-
periment used the same configuration as the earlier
LoRA vs. QLoRA comparison. After identifying
the best-performing approach, we performed hy-
perparameter tuning to optimise its performance.
In Appendix B and C, we report complete experi-
mental setup and results, respectively.

After identifying the best-performing model, the
most effective fine-tuning strategy, and the optimal
hyperparameters, the final submission was trained
for 3 epochs with a learning rate of 2 x 10~4, LoRA
rank 64, dropout 0.1, and scaling factor o = 16,
using PalmX Train and Dev, Palm, and PalmX-ext.

5 Results

Zero-shot Performance. Table 2 reports the
zero-shot performance of several multilingual and
Arabic-centric instruction models. Fanar-7B
achieved the highest accuracy on PalmX Dev, mak-
ing it our choice for fine-tuning.

Model PalmX Dev Palm
tiny-random-Llama 23.40 26.51
Qwen2.5-7B-Inst. 69.20 74.32
Jais-13B-chat 61.00 55.72
Miraj Mini 70.20 75.99
Llama3.1-8B-Inst. 66.60 74.06
Nilechat-3B 70.00 66.89
ALLaM-7B-Inst. 70.60 74.32
Fanar-7B 72.40 73.34

Table 2: Zero-shot performance of base models.

Comparison on PEFT methods. Table 3 com-
pares LoRA with its quantized variant (QLoRA)
under identical settings. LoRA achieved a slight
improvement over QLoRA on PalmX Deyv, suggest-

ing that full-precision adapters were marginally
more effective.

Method PalmX Dev (%)
QLORA (4-bit) 80.00
LoRA 80.60

Table 3: Results using PEFT methods.

Effect of Data Augmentation. Table 4 evaluates
the impact of adding augmented Palm and PalmX-
ext data to PalmX Train. The augmented dataset
led to substantial gains on PalmX Deyv, indicating
improved generalization. A more detailed error
analysis is provided in Appendix D.

Training Data PalmX Dev (%)
PalmX 76.6
PalmX + PalmX-ext + Palm 80.6

Table 4: Results with and without augmented data.

The final submitted model achieved an accuracy
of 84.1% on the Palm test set. As the PalmX de-
velopment set was included in the training data,
it was excluded from evaluation on the submitted
model. On the blind test set, the model obtained an
accuracy of 70.5%. A more detailed analysis of the
discrepancy between Dev and Test performance is
provided in Appendix E.

6 Conclusions and Future Work

In this paper, we present our system, CultranAl,
designed to enhance cultural knowledge represen-
tation in LLMs for Arabic. We conduct an exten-
sive comparative evaluation in a zero-shot setting
using various multilingual and Arabic-centric mod-
els, which led us to identify Fanar as the most
suitable model for further experimentation. To as-
sess performance in low-compute scenarios, we
explored different PEFT methods. We also inves-
tigated data augmentation techniques aimed at im-
proving model accuracy. Our proposed system
achieved an accuracy of 84.1% on the Palm set,
and ranked 5 on the blind test set with an accu-
racy of 70.5%. Future work will focus on refining
data augmentation pipelines and further exploring
model generalizability.

7 Limitations

While augmentation brought clear improvements,
we believe the performance could have been higher
with more careful dataset preparation. In the Palm
dataset, instructional QAs were directly converted
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to MCQ, but some QAs exceeded the 512-token
PalmX limit. PalmX-ext avoided this by refor-
matting MCQs in the first post-processing step.
Another problem was distractor quality: in both
PalmX-ext and Palm, distractors were often shorter
than the correct answer. These issues can be ad-
dressed by refining the prompts for distractor gen-
eration and adding a processing step to truncate
long Palm QAs.
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A Prompts

<bos> You’re a helpful Arabic assistant
that answers multiple-choice questions
accurately. Choose the best answer based
only on the given question and options.
<start_of_turn>user

J5!

A. )
Js31
B.
RCIEEY
C. -
L)
D.
le)‘JkéL‘

<end_of_turn>
<start_of_turn>model
Answer <end_of_turn>

Figure 2: Example of a formatted prompt used for Ara-
bic MCQ fine-tuning.

- *xUnsure:** It is difficult to determine
whether the question refers to any specific
culture.

nnn

user_prompt = f"""
### xxInput Data:*x*

Question: {datal['question']}
Answer: {datal'answer']}

### x*Your Response in JSON format:*x
{
"answer_evaluation”: "Correct” or "Incorrect”
or "Partially Correct”,

"corrected_answer"”: "Provide a concise, precise
answer if needed, otherwise leave empty.”,
"culture_relevance”: "Yes" or "No" or "Unsure"

3

nnn

Listing 1: Prompt for evaluating, refining, and filtering
Arabic QA pairs.

nnn

system_prompt =
You are an advanced NLP annotation assistant
specializing in evaluating Arabic questions and
answers. Your role is to classify questions,
assess answers, and refine them for conciseness
and accuracy.

Follow the structured guidelines for
classification:

- *xStep 1: Evaluate and refine the answer*x,
ensuring it is concise and factually correct.
- x*Step 2: Determine if the question-answer
pair is relevant to the Arabic culture.

### **Annotation Task**

You are an expert Arabic NLP QA annotator. Your
task is to evaluate and refine a
guestion-answer pair based on the following
steps:

#i## **Step 1: Evaluate and Edit the Answerxx
- *xAnswer Evaluation:#*x

- *xCorrect:*x Fully and accurately answers
the question.

- x*xIncorrect:** Does not answer the question
or contains false information.

- x%Partially Correct:** Provides some
relevant information but is incomplete.
- *xAnswer Refinement:*x

- If correct or partially correct but **xtoo
long, vague, or redundant*x, rewrite it to be
*%*concise and precisexx.

### *x*Step 2: Determine Arabic cultural
relevancexx

- **Yes:*x The question explicitly refers to
the Arabic culture.

- **No:** The question is about a different
culture than Arabic.

nnn

system_prompt =
You are an expert in educational content
creation specializing in Arabic language and
culture. Your task is to convert culturally
relevant question-answer pairs into
multiple-choice questions (MCQs) by generating
three plausible, culturally relevant, and
contextually appropriate incorrect answer
options (distractors) in Arabic for each
question.

Requirements:

- All options must be in Arabic.

- Distractors must be plausible and relevant to
the question.

- Avoid answers that are obviously incorrect,
unrelated, or closely paraphrase the correct
answer.

- Output only the 3 incorrect answers in the
following JSON format:

JSON Output format:
{{

IIA. IV: nn
g,
IICH: nn
1}

nnn

)

user_prompt = f"""

Given the following question and its correct
answer, generate 3 plausible but incorrect
answer options in Arabic.

Question: "{data['question']}"
Correct Answer: "{datal'answer']}"

nnn

Listing 2: Prompt for generating 3 plausible distractors.
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system_prompt = "You are an AI assistant for
country identification.”

user_prompt = """

You are an expert in Arab culture and geography.
Given a question in Arabic, your task is to
identify the most relevant Arab

country that the question is likely referring
to, either explicitly or implicitly.

Always return the name of a single Arab country
in English

(e.g., Qatar, Egypt, Saudi Arabia, UAE,
Morocco, etc.).

Even if the country is not directly named, use
cultural, linguistic,

environmental, or historical clues to infer the
closest matching Arab country.

Return your response in JSON format with a
single field "country”
containing only the country name.

QUESTION: "{question}"

nnn

Listing 3: Prompt for identifying country.

Epochs LR r Dropout Alpha PalmX Dev (%)

4 S5e-5 64  0.15 16 79.6
5 1.2e-4 64  0.05 16 79.8
3 Se-5 64  0.05 16 79.8
4 Se-5 64  0.10 16 80.2
5 le-4 32 0.05 32 80.4
3 2e-4 64  0.05 16 80.5

Table 5: PalmX Deyv results from hyperparameter tun-
ing.

B Hyperparameters

Hyperparameter tuning varied the number of
epochs (3-5), the learning rates (5 x 1075 to
2 x 10™%), the dropout rates (0.05, 0.1, 0.15), and
the LoRA-specific parameters such as the rank
(r = 32 or 64) and the scaling factor (o« = 16
or 32). Starting from a baseline, we tested higher
epochs, lower learning rates, and increased dropout
for regularization effects, as well as a reduced-rank,
higher-a variant (r = 32, a = 32). Each configu-
ration was trained and evaluated on the PalmX Dev
set to ensure consistency in reporting.

C Results on the Hyperparameter Tuning

Fine-tuning experiments with Fanar-7B are sum-
marized in Table 5. The top setup used 3 epochs, a

2%x 104 learning rate, LoORA rank 64, dropout 0.05,
and o = 16, yielding an average accuracy of 80.5
on PalmX Dev. We also observed a slight improve-
ment when increasing the dropout to 0.1 in an ear-
lier run with a similar configuration, and therefore
incorporated this change into the top-performing
setup to form our final configuration.

D Error Analysis: Effect of
Augmentation

To better understand the impact of augmentation,
we analyzed the subset of questions from the
PalmX 2025 development set that the base model
(Fanar-9B-Instruct) failed to answer correctly. Out
of 500 questions, Fanar produced 138 errors.

Finetuning on PalmX alone corrected 38 of these
errors. When augmented data was included, the
model solved an additional 53 questions, while
losing accuracy on only 3 of the 38 cases previously
resolved. In total, the augmented model recovered
88 of the 138 initially incorrect items.

Representative examples of these improvements
are shown in Figures 3 and 4. These illustrate
how augmentation introduced broader topical cov-
erage, especially on less-documented cultural and
regional details. Without augmentation, the model
remained limited to narrower knowledge encoded
in PalmX.

Which of the following sequences
accurately reflects the academic
educational path of Dr. Nidal
Shamoun in Syria?

LGN edlaledll e 5T
sl Lo Tasy o
2558l a8V (gealall

Sl s (o8 Goras JLaS

LGN eledll e T
Slelyad | Gy oSy
Leienl e Lokl Luaca)ll
sl le¥ s o e

Which of the following sequences
accurately reflects the official
procedures followed to start an
agricultural investment in the UAE?

Figure 3: Questions solved by both PalmX-only and
Augmentation.

E Error Analysis: Dev vs. Test
Performance

We also examined the discrepancy between the
Dev and Test set performance. While our model
showed strong results on Deyv, its accuracy dropped
considerably on Test. To better understand this, we
compared representative samples of questions from
Train, Dev, and Test.
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What is the exact height of @8 LS 4l gl ¢ LY L

Which of the following factors

el AW Jelgadl (ST

How many religions are Coaull CJ;L;':IA” dae oS
permitted to be practiced SLal | (od Gle L loans
publicly in the Kingdom?

What is the most significant ol (ylal pual 550 aaf Lo
impact of the lack of oo B yagdl Loyl dadlan i Lig sl
cooperation between Tunisia sl el Ladl o

and Europe in addressing the
migration crisis, among the
given options?

Figure 4: Questions solved only with Augmentation.

The train and dev sets are closely aligned, fo-
cusing on contemporary cultural, institutional, and
social knowledge (see Figures 5 and 6). This align-
ment explains the stronger performance on dev: the
model is effectively evaluated on material resem-
bling what it was trained on.

By contrast, the test set introduces broader and
less-represented domains, including ancient history,
proverbs, zoology, and legal systems (Figure 7).
These require background knowledge beyond the
distribution covered in training, explaining the ob-
served performance drop.

It should also be noted that model development
and checkpoint selection relied on dev, while the
test set remained hidden, reinforcing the discrep-
ancy.
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the central dome in the Suas¥ phas oo S LaY | yund primarily distinguishes the role of the | e LI 593 (gulul Ko
Emirates Palace from the Pope from that of the Patriarch in the Sl § Jpyhadl j90
ground? Catholic ecclesiastical context? § S (S
What is the most common il gt Y Liingll o L Which of the following factors Sad AW Jolgall (ST
recipe in Somalia that o deganag g Sally 3,81 Jads primarily distinguishes the Hebron clay )l gl Sy
includes rice, pasta, and a mix Ulageall od QIJ,.A‘;N,',JAUI pot (qudrah) from the regular clay pot 38 ESES S AN EN]
of meats and vegetables? in Palestinian cuisine? § Gubauda)] Fdaall

Which of the following factors
primarily distinguishes the Hebron clay
pot (qudrah) from the regular clay pot
in Palestinian cuisine?

AWl oWl g g8
S 55 001 4
8oy @£ e (g
Ao ST LYl
S8R p3aSy

What is considered the most impactful
achievement in the history of the
Moroccan national football team?

BEEFURURIES AV
&b G 1t A
858 pall ie

Tf,\_é.ll

What was the main factor that
enabled Yemeni football star Salem
Said to gain widespread fame?

SHI i)l Jalall Lo
@odd) @Al 858 s S
PLuS! 30 dumss pllos
Sdauly B0

Figure 5: Examples from PalmX Cultural Train Set.

Which of the following chess clubs affiliated
with the Palestinian Chess Federation is
directly linked to the city of Jerusalem?

dpudiad) AW LY ye éi
c_;)b;.ﬂ ‘s\da‘..l:dl Sles

Sl &gy Bles a3

What are the main factors that contribute to
the diversity of popular languages in the
Republic of Djibouti?

& & ) Jolgall Lo
Latdl OLUI 955 3 ol
S3omx Lygeex §

Which of the following sectors are subject to
restrictions on foreign investor ownership in
the United Arab Emirates?

AW leladll oo @i
g § Y o patianall
Sehleyl

Who is usually allowed to attend the bride’s
dance in Sudan?

gz Bole @ EA«.; Y
SOl gedl § rgyall yad)

Which of the following poets is the author of
the book Dawa’ir al-Bouh in Jordan?

32 oWl bl o 6l
G zod! Hlgs LS Lilge
ol

Figure 6: Examples from PalmX

Cultural Dev Set.

What was the ancient kingdom that the
Syrian islands were part of?

1 el ESLoall (Lo
Slgie T dyguad) 5l 238

What was the main factor that led to the
end of the Damascus Spring period?

Jl sl gl syl Joladl Lo
€ Gdned gy BAS slgil

What is the Levantine proverb commonly
said about the month of July in Syria?

o JB Gl Ll Jtall Lo
Shogwr § Jgad sed

What is the maximum length that the ad) ey G oa8Y Jghall Lo

hornless viper reaches in Saudi Arabia?

Sdagadl 3 Y olatl

What is the legal status of women’s rights
in Libya compared to men?

Bsizd Gl mogll 92 Lo
Ul Aplie Ll (§ el

Figure 7: Examples from PalmX

Cultural Test Set.




