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Abstract

Arabic language models have advanced rapidly,
yet cultural alignment based on preferences re-
mains underexplored despite its critical role
in real-world applications. Previous work has
focused primarily on instruction-tuning for fac-
tual knowledge, overlooking nuanced cultural
behaviors. We introduce ArabPref, the first
large-scale preference-based dataset covering
22 Arab nations, capturing both preferred and
dispreferred behaviors across 200 fine-grained
topics such as social etiquette, food and drink,
religion, and travel. Our contribution includes
two resources in English and Modern Stan-
dard Arabic: a culturally grounded prefer-
ence dataset for training and evaluation, and a
multiple-choice benchmark designed to assess
culturally aligned behavior across nations. All
test data is rigorously validated by native speak-
ers to ensure authenticity. To optimize cultural
alignment, we experiment with fine-tuning,
DPO, KTO across multilingual and Arabic-
centric language models, evaluating perfor-
mance on both generation tasks and our cultural
multiple-choice benchmark. By releasing both
a training dataset and an evaluation benchmark,
we provide a foundation for advancing cultur-
ally aware Arabic language modeling and en-
able significantly better cultural alignment com-
pared to existing resources. Data and code are
available at http://anonymous. for.review

1 Introduction

People around the world come from diverse cul-
tural backgrounds, which shape how they commu-
nicate and interact. As Large Language Models
(LLMs) gain global adoption, supporting multiple
languages is not sufficient; they must also align
with the cultural expectations of their users. Cul-
ture influences communication norms, interpreta-
tion of meaning, and judgments of appropriateness.
Despite notable progress in multilingual modeling
(Ahuja et al., 2023; Yong et al., 2023), LLMs still

struggle to recognize cultural cues and adapt to
specific contexts (Hershcovich et al., 2022). This
limitation can render even accurate outputs inap-
propriate or insensitive, undermining trust and per-
petuating harmful stereotypes (Liu, 2025).

A growing body of research highlights these
limitations. Recent work shows that LL.Ms fre-
quently align with Western value profiles, even
in evaluations designed to capture cross-cultural
differences (Cao et al., 2023a; Arora et al., 2023;
Johnson et al., 2022; Abdulhai et al., 2024). Stud-
ies on cultural commonsense and geo-diverse fac-
tual knowledge further reveal that models struggle
with localized practices, such as regional food tra-
ditions, culturally grounded social norms, and time
expressions (Nguyen et al., 2023; Yin et al., 2022).
Additional analyses examine how LLMs encode
cultural values and compare these values to those
observed in human societies (Dokic et al., 2025;
Song et al., 2025a; Khan et al., 2025). Findings
indicate two persistent issues: model value profiles
often diverge from those of the populations they
aim to represent, and model decisions in social
and economic scenarios only partially align with
human preferences across regions. Collectively,
this evidence suggests that current LLMs default
to Western-centered norms, making cultural mis-
alignment even more pronounced in non-English
and non-Western contexts.

Given these challenges, it is essential to examine
cultural alignment in languages and regions that
are both globally significant and culturally distinct
from Western norms. Arabic is a prime example: it
is spoken by more than 400 million people across
22 countries, making it one of the most widely used
languages worldwide. Beyond its scale, Arabic-
speaking societies differ markedly from Western
cultures in social etiquette, family structures, gen-
der roles, and religious practices, all of which shape
communication and decision-making. Furthermore,
while Arab countries share broad cultural similari-
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Prompt: When meeting new people in Tunisia, is it appropriate to
ask about their dialect or language background?

Prefered: Yes, it's quite common and often appreciated in Tunisia
to inquire about someone's dialect or language background. It
shows genuine interest and can open up interesting conversations
about regional identities and linguistic diversity within the country.
Rejected: Asking about someone's dialect or language background
when you first meet them is considered intrusive and impolite.
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Question: You are traveling in Saudi Arabia. Which of the
following behaviors related to Scheduling Around Prayer/Friday is
considered impolite or disrespectful?

A Attempting to initiate a business discussion or a formal
gathering during the scheduled call to prayer or on a Friday
morning without observing local custom.

B: Adjusting one's schedule to accommodate the five daily prayer
times, understanding that many establishments pause services.
C: Scheduling an important appointment for late Friday morning,
assuming that most commercial establishments would have
resumed full operations by then.
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Figure 1: An Overview of our ArabPref dataset, covering preference and MCQ data across 22 Arab League
countries, spanning multiple categories and evaluation aspects, and available in English and Arabic. The upper part
demonstrates two preference dataset sample in English and Arabic from Tunisia and Oman, respectively, while the
bottom part demonstrates two MCQ from Saudi Arabic and Syria.

ties, they also exhibit notable regional variation in
traditions, dialects, and norms, adding complexity
to the task of cultural adaptation.

Our contribution aims to tackle this issue, and
can be summarized as follows:

1. We introduce ArabPref, the first large-scale
behavioral preference dataset spanning all 22
Arab League countries. It covers over 200 cul-
turally grounded aspects across 17 categories,
including social etiquette, religion, family and
gender roles, food, work, and travel, and is
released in both English and Modern Stan-
dard Arabic (MSA). ArabPref consists of 26K
training and 6K test preference pairs, cultur-
ally grounded triples for alignment and gener-
ation, and a native-speaker-validated multiple-
choice benchmark with 2K questions for eval-
uation.

2. Using ArabPref, we investigate how multilin-
gual and Arabic-centric LLMs represent Arab
cultural behavior and whether preference-
based alignment enhances cultural robust-
ness. We conduct a systematic study of post-
training methods, including supervised fine-
tuning (SFT), Direct Preference Optimiza-
tion (DPO), Kahneman-Tversky Optimization

(KTO), and DITTO, applied to open-source
multilingual and Arabic-centric models. Our
analysis spans countries, languages, and cul-
tural categories, and results show that training
on ArabPref consistently improves culturally
aligned behavior and downstream cultural rea-
soning compared to existing datasets.

2 Related Work

Cultural grounding and evaluation in Arabic
NLP. Recent work in Arabic NLP has high-
lighted the need to go beyond linguistic compe-
tence toward culturally grounded modeling. While
large Arabic and multilingual language models per-
form well on standard benchmarks, they often fail
to reflect culturally appropriate behavior in socially
sensitive domains such as etiquette and religion. To
address this gap, CIDAR (Alyafeai et al., 2024) and
PALM (Alwajih et al., 2025b) introduce culturally
grounded Arabic instruction-following datasets cu-
rated by native speakers, and ArabCulture (Sadal-
lah et al., 2025) proposes a multiple-choice bench-
mark for evaluating cultural commonsense reason-
ing. However, as summarized in Table 1, these re-
sources primarily focus on instruction compliance
or answer selection and do not explicitly model
normative behavioral preferences.



Dataset Arab-Specific Topic Granularity Prefs Eval (MCQ) Human Valid. Langs Scale

CARE Partial - Yes No Yes Multi (incl. AR) ~3.5K Q/ 32K prefs
CIDAR Yes 17 topics No No Yes AR (MSA) 10K instr.
PALM Yes 20 (coarse) No No Yes AR (MSA + Dial.) ~17.4K instr.
ArabCulture Yes 12 domains No Yes Yes AR (MSA) ~3.5K MCQs
ArabPref (Our) Yes >200 (fine) Yes Yes Yes AR (MSA), EN 26K train / 6K test

Table 1: Comparison of cultural datasets for analyzing and aligning LLM behavior. Existing resources focus on
instruction tuning (CIDAR, PALM), evaluation (ArabCulture), or limited preference annotation (CARE). ArabPref
uniquely combines pan-Arab coverage, fine-grained topics, explicit behavioral preferences, and a human-validated
evaluation suite, enabling controlled preference-based alignment and assessment.
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Figure 2: A statistics of the number of aspect for each
cultural category in ArabPref

Cultural alignment in LLMs. A growing body
of work studies cultural alignment in large lan-
guage models across regions and societies. Prior
studies show that LLMs often default to West-
ern—frequently American—value profiles when
evaluated across cultures (Cao et al., 2023b; Arora
et al., 2023; Johnson et al., 2022; Abdulhai et al.,
2024). Analyses grounded in sociological and eco-
nomic data further demonstrate that model value
representations diverge from those of target pop-
ulations, and that decisions in culturally situated
scenarios only partially align with human judg-
ments across regions (Dokic et al., 2025; Song
et al., 2025b; Khan et al., 2025). While these works
provide important insights into cultural misalign-
ment, they are largely diagnostic in nature and do
not offer direct mechanisms for improving align-
ment.

Preference-based cultural alignment.
Preference-based supervision provides a di-
rect mechanism for aligning models with
normative cultural behavior. Methods such as
Reinforcement Learning from Human Feedback,

DPO (Rafailov et al., 2023), and Demonstration
Iterated Task Optimization (DITTO) (Shaikh
et al., 2025) optimize models using comparative
judgments of preferred behavior. Recent datasets
move toward this direction: CARE (Guo et al.,
2025) introduces multilingual, human-annotated
preference judgments over culturally situated
responses, including Arab contexts. However,
CARE is limited in scale and does not offer
comprehensive pan-Arab coverage or a unified
evaluation benchmark. As summarized in Table 1,
existing resources typically support either instruc-
tion tuning or evaluation in isolation, leaving
preference-based cultural alignment underexplored
at scale.

3 ArabPref Dataset

ArabPref consists of two complementary compo-
nents: a preference dataset and a multiple-choice
question (MCQ) dataset. Figure 1 presents an
overview of the data samples. To construct these
datasets, we first generate rudimentary preference
data (Section 3.1). Building upon this founda-
tion, we then refine the preference dataset through
human annotation (Section 3.2) and generate the
MCAQ dataset for evaluation purposes (Section 3.3).

3.1 Rudimentary Preference Data

Arab League Countries This stage aims to
construct a comprehensive behavioral preference
dataset covering all 22 member states of the Arab
League'. Each of these countries possesses a dis-
tinct cultural and historical background, which
translates into nuanced behavioral patterns in real-
world applications.

Cultural Categories This stage aims to establish
cultural categories before generating preference
data. Initially, all extracted categories undergo a
manual review to ensure their contextual appropri-
ateness and cultural relevance. Figure 2 provides
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Figure 3: Pipeline of ArabPref data creation. Our data collect cultural bank and web sources, using machine filtering
to get preferences (Section 3.1), then human annotators are involved in preference dataset generation (Section 3.2)

and MCQ generation (Section 3.3)

summary statistics of the number of aspects for
each category. A list of aspect for each category
can be found in Appendix C.

Preferred and Discouraged Behaviors The
dataset is constructed through a multi-stage
pipeline, as illustrated in Figure 3. First, we ag-
gregate behavioral data from two primary sources:
(i) manually filtered URL-based behavioral records
and (ii) entries from the Cultural Bank (Shi et al.,
2024). All raw data is originally in English. We
then process these sources to extract distinct coun-
try—aspect pairs and split them into training and
test sets.

For each country—aspect pair, we use the
Gemini-2.5-Flash model to generate corresponding
pairs of preferred and discouraged behaviors, pro-
ducing an initial set of behavioral contrasts. These
behavior pairs undergo automated deduplication
based on semantic similarity (see Appendix A for
details).

We then prompt the same model with the cleaned
behavior pairs to generate realistic prompt—chosen-
rejected triples. Next, we apply a series of au-
tomated filters: language validation (removing
non-English samples), structural near-duplicate
removal (using the MinHash algorithm (Broder,
1997)), and semantic deduplication. This filtering
stage refines the dataset to approximately 15530
training and 3836 test samples. After that, all the
samples are translated to MSA using LLMs.

3.2 Preference Dataset Generation

This stage focuses on refining the raw preference
data from Section 3.1 using human annotators. Af-
ter the initial automated processing, all test sam-
ples undergo a manual verification round. Annota-

tors, who are well-educated native speakers from
the 22 target countries, review the samples accord-
ing to standardized annotation guidelines (see Ap-
pendix K). This ensures cultural authenticity and
high-quality validation across all aspects of the
dataset.

The preference generation guidelines are divided
into two stages: 1) Cultural Preference Qual-
ity Check, which filters the English triples to en-
sure they genuinely reflect behaviors that are pre-
ferred or discouraged in the target country, and 2)
MSA Verification, which ensures that the trans-
lated Modern Standard Arabic (MSA) triples are
fluent, natural, and accurately convey the meaning
of the original English text. After these stages, we
finalize the English dataset by retaining all prompt-
chosen-rejected triples accepted by human annota-
tors in Stage 1. For the Arabic annotations, we ask
native MSA speakers to revise rejected triples from
Stage 2 to ensure high-quality translations.

3.3 MCQ Generation

Based on the defined test aspects, we generate
multiple-choice questions (MCQs) to evaluate the
model’s ability to identify the most preferred or
discouraged behavior from four options.

Distractor Selection: For each country—aspect
pair, we define a set of question templates and pop-
ulate them accordingly. Each question asks about
the preferred or discouraged behavior of a country
in a given scenario. To construct the MCQs, the
target behavior from each pair serves as the correct
answer. Three distractors are then generated us-
ing the following methods: one distractor is drawn
from the opposite behavior of the same pair, while
two are selected from the same aspect but from



different countries. This ensures that two distrac-
tors share the same positivity as the correct answer,
and one distractor represents the opposite positiv-
ity. We also implement semantic similarity check
to ensure that the choices have distinct similarities
(Appendix A). Since the distractors are selected
from behaviors in different countries, we use spe-
cific prompts to rewrite the question, ensuring the
naturalness of the language and neutrality in the
descriptions of the choices (Appendix G).

Human Annotation and Filtering After distrac-
tor selection, we shuffle the choices. Following the
same annotation team as in Section 3.2, the anno-
tators are asked to select the best answer among
the choices, considering the given aspect and sce-
nario. To ensure reliability, we randomly insert
quality control samples throughout the annotation
process. Annotators must correctly answer at least
80% of these quality control items to be considered
as providing high-quality work. Only MCQs that
align with the answer selected during distractor
generation are retained. Afterward, we translate
all retained MCQs from English to MSA using an
LLM, and human annotators revise the MSA trans-
lations to ensure high-quality questions. The final
distribution of the Preference and MCQ data across
countries is shown in Table 2.

4 Arabic Cultural Behavior Alignment

4.1 Alignment Methods

We implement four post-training techniques: SFT,
DPO, KTO, and DITTO. These methods cover
supervised instruction tuning, preference-based
alignment, prospect-theoretic optimization, and
demonstration-driven iterative refinement.

SFT optimizes the likelihood of human-written
demonstrations. Given a dataset D = {(z,y)}, the
objective is

Lspr = —E(g )~ [logma(y | )] .

DPO (Rafailov et al., 2023) aligns the model
using pairwise preferences. We define the log-
probability differences

0p = log7rg(y+ ‘ CU) - IOgﬂ'@(yi ‘ .CC),
590 = logﬂ—Qo(er ’ .%') — log 7T9o(y7 ’ l’)
The DPO objective is then
Lppo = —log o (5 (09 — 500)) )

where 6 is a frozen reference model.

Pref Train Pref Test MCQ
Country

En Ar En Ar En Ar
Egypt 1219 697 329 329 62 62
Morocco 1114 679 226 159 59 59
Saudi Arabia 972 565 141 141 52 52
Algeria 958 674 165 131 50 50
Jordan 924 673 254 202 72 72
Lebanon 907 406 199 198 39 39
Tunisia 860 569 317 308 61 o6l
Yemen 758 513 189 162 62 62
Syria 757 616 128 117 35 35
UAE 720 500 159 156 49 49
Palestine 679 491 135 135 46 46
Libya 628 509 114 79 27 27
Iraq 598 482 135 127 28 28
Oman 572 403 134 102 40 40
Sudan 564 476 80 80 28 28
Bahrain 545 416 147 134 41 41
Qatar 517 389 104 86 49 49
Somalia 488 413 32 31 43 43
Kuwait 476 304 82 81 43 43
Djibouti 436 381 51 41 41 41
Comoros 421 359 82 82 31 31

Mauritania 417 356 97 83 34 34
Total 15530 10871 3300 2964 992 992

Table 2: Statistics of the ArabPref dataset, including
English and Arabic preference data and MCQ coverage
across 22 Arab League countries.

KTO  (Ethayarajh et al., 2024) optimizes a
prospect-theoretic objective. We define a baseline-
adjusted reward

A@(mvy) = rg(x,y) - Ey’ T‘g(l‘,y/),

and apply a value function u(-) capturing asymmet-
ric human sensitivity to gains and losses. The loss
is

Lx10(0) = —E (4 4)~p [a2y u(Ag(z,1))] + Cp,

where a, , € {41, —1} marks desirable vs. unde-
sirable outputs.

DITTO  (Shaikh et al., 2024) aligns models
through iterative demonstration-driven compar-
isons. Given demonstration outputs Dyeme, We
sample model outputs to form comparison pairs
(y*,y™) and construct a dataset Deomp- Let

So(z,yt,y™) =logm(yt | z) —logmo(y~ | z).

and Lo(z,y",y~) = —logo (Be(z,y™,y7)),
Therefore, DITTO optimizes

Lprr1o(0) = Byt y=)Deomy [ Lo(2,y7,y7)] -

DITTO updates the model iteratively over rounds,
yielding progressively refined policies. Please note



English (En)

Arabic (Ar)

Model & Method
Cultural Literacy Complete Avg. Cultural Literacy Complete Avg.
Llama-3.1-8B-instruct
Vanilla 3.23 2.63 2.66 2.84 3.13 227 2.13 2.51
w/ PALM (SFT) 3.74 3.18 3.06 3.33 3.36 3.08 2.56 3.00
w/ CARE (DPO) 3.85 3.03 2.72 3.20 3.24 2.75 2.41 2.80
w/ CARE (KTO) 3.66 3.09 2.96 3.24 3.17 2.68 2.39 2.75
w/ ArabPref (DPO) 3.78 2.94 2.62 3.11 3.49 2.95 2.58 3.01
w/ ArabPref (KTO) 3.95 3.19 3.01 3.38 3.50 2.69 2.45 2.88
w/ ArabPref+CARE (DPO) 3.78 2.89 2.76 3.14 3.76 2.78 2.65 3.06
w/ ArabPref+CARE (KTO) 3.85 2.79 2.74 3.13 3.37 2.83 2.67 2.96
w/ ArabPref+CARE (SFT) 4.12 3.17 2.93 341 3.36 2.29 2.17 2.57
Qwen-2.5-7B-Instruct
Vanilla 3.41 2.38 2.92 2.90 3.89 3.10 2.50 3.16
w/ PALM (SFT) 4.02 3.56 3.35 3.64 3.36 3.08 2.56 3.00
w/ CARE (DPO) 4.28 3.50 3.10 3.63 421 3.36 2.82 3.46
w/ CARE (KTO) 4.11 3.40 3.37 3.63 4.19 3.18 2.76 3.38
w/ ArabPref (DPO) 4.26 3.38 3.35 3.66 4.01 2.77 2.66 3.15
w/ ArabPref (KTO) 4.33 3.52 3.08 3.64 4.33 3.63 2.95 3.64
w/ ArabPref+CARE (DPO) 4.38 3.86 3.67 3.97 4.27 3.48 3.12 3.62
w/ ArabPref+CARE (KTO) 4.19 3.53 3.15 3.62 4.32 3.78 3.17 3.76
w/ ArabPref+CARE (SFT) 4.36 3.40 3.12 3.63 3.94 2.74 2.61 3.10
Jais-adapted-7b-chat
Vanilla 3.41 3.06 2.07 2.85 3.40 2.30 1.79 2.50
w/ PALM (SFT) 3.18 3.95 1.76 2.96 3.26 3.05 1.85 2.72
w/ CARE (DPO) 3.99 3.21 3.42 3.54 3.36 4.20 2.87 3.48
w/ CARE (KTO) 3.28 3.14 2.36 2.96 3.37 3.44 222 3.01
w/ ArabPref (DPO) 433 4.68 3.11 4.04 4.24 4.21 2.96 3.80
w/ ArabPref (KTO) 3.42 3.06 2.71 3.08 3.62 3.29 2.37 3.09
w/ ArabPref+CARE (DPO) 4.39 4.77 3.21 4.12 4.28 4.20 2.87 3.78
w/ ArabPref+CARE (KTO) 3.52 3.87 2.65 3.35 3.86 3.69 2.40 2.65
w/ ArabPref+CARE (SFT) 4.50 4.58 3.05 4.04 4.42 4.20 2.75 3.79

Table 3: The learning results of the model preference in English and Arabic, evaluated using an LLM-as a-judge
framework in Cultural Appropriateness, Literacy, and Completeness. Best-performing results are highlighted in

bold.

that we report DITTO results only for analysis,
as the method is designed for a few-shot training
regime (e.g., up to 100 samples), making direct
comparison with other approaches less meaningful.

4.2 Experiment

Model Selection We align two multilingual base
models, Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), a large-scale multilingual instruction
model, and Qwen-2.5-7B-Instruct (Yang et al.,
2024), a powerful, instruction-tuned model for di-
verse languages, along with one Arabic-centric
model, jais-adapted-7b-chat (Neha Sengupta
and Xing, 2023; Inception, 2024), a model adapted
on Llama-2 and specifically fine-tuned on rich Ara-
bic, English and code datasets.

Alignment Data We use the preference training
data of our proposed ArabPref dataset for cul-
tural alignment. We also incorporate the CARE
dataset (Guo et al., 2025), which is a multilingual
preference dataset spanning Chinese, Japanese, and

Arabic cultures. We select the Arabic portion of
CARE for reinforcement learning. Furthermore, we
use PALM (Alwajih et al., 2025a), a comprehensive,
human-created Arabic instruction dataset, from
which we choose the MSA portion for fine-tuning.

Evaluation Metrics For evaluating the prefer-
ence dataset, we use two main metrics: win rate
and LLM-as-a-judge. The win rate directly com-
pares the original baseline model with the fine-
tuned model to determine whether the fine-tuned
model generates better responses (win), worse re-
sponses (lose), or responses of the same quality
(tie). The prompt for evaluation is listed in Ap-
pendix G. For evaluating MCQ, we use accuracy.
The LLM-as-a-judge method involves evaluating
three key criteria for cultural alignment:

* Cultural Appropriateness (scale 1-5): This
criterion evaluates whether the text aligns with
cultural norms, values, and sensitivities. It en-
sures the content is respectful and culturally



accurate, avoiding stereotypes, offensive ref-
erences, or misunderstandings.

* Literacy (scale 1-5): This metric assesses the
readability, grammar, and sentence structure
of the text. Literacy measures how smoothly
the text flows and whether any grammatical
or stylistic errors hinder comprehension.

e Completeness (scale 1-5): This criterion
checks whether the text fully addresses all
necessary aspects of the question or task. A
complete response should include all relevant
information and comprehensively cover the
topic.

We also ask humans to annotate the responses;
the correlation is available in Appendix 1.

4.3 Experiment Results

Preference Generation Table 3 reports LLM-as-
a-judge evaluation results on the ArabPref and
ArabPref+CARE preference datasets across Cul-
tural Appropriateness, Literacy, and Complete-
ness for English and Arabic. For LLaMA-3.1-8B-
Instruct, the vanilla model achieves average scores
of 2.84 in English and 2.51 in Arabic, which are
improved to 3.41 with ArabPref+CARE (SFT) and
3.06 with ArabPref+CARE (KTO), respectively. On
Qwen-2.5-7B-Instruct, which exhibits the strongest
vanilla performance among the three models (2.90
in English and 3.16 in Arabic), preference-based
alignment yields further gains, reaching 3.97 in En-
glish with ArabPref+CARE (DPO) and 3.76 in Ara-
bic with ArabPref+CARE (KTO). These improve-
ments are particularly pronounced in Cultural Ap-
propriateness, where Qwen improves from 3.41 to
4.38 in English and from 3.89 to 4.32 in Arabic.
Notably, Jais-adapted-7B-Chat shows the largest
relative improvements, increasing its English aver-
age from 2.85 to 4.12 with ArabPref+CARE (DPO)
and its Arabic average from 2.50 to 3.78, corre-
sponding to gains exceeding +1.25 points in both
languages. Overall, while all models benefit from
preference-based alignment, the results indicate
that models with weaker initial performance—such
as Jais—gain the most from ArabPref-based pref-
erence supervision. The results across countries
and categories can be found in Appendix D.

MCQ Answering Table 4 shows that both mod-
els benefit from preference-based alignment, with

English (EN) Arabic (AR)
Acc A Acc A

Model & Method

Jais-adapted-7b-chat

Vanilla 49.6 - 39.4 -

w/ PALM (SFT) 404 |92 371 23
w/ CARE (DPO) 51.0 114 456 162
w/ CARE (KTO) 50.0 104 40.1 10.7
w/ ArabPref (DPO) 526 13.0 402 10.8
w/ ArabPref (KTO) 51.7 121 418 124

w/ ArabPref+CARE (DPO) 53.7 4.1 43.1 137
w/ ArabPref+CARE (KTO) 513 117 424 13.0

w/ ArabPref+CARE (SFT) 59.6 110.0 50.1 110.7
Qwen-2.5-7B-Instruct

Vanilla 63.3 - 57.6 -

w/ PALM (SFT) 63.0 103 569 0.6
w/ CARE (DPO) 675 142 576 10.0
w/ CARE (KTO) 66.2 129 578 102
w/ ArabPref (DPO) 67.0 137 580 104
w/ ArabPref (KTO) 664 13.1 575 10.1
w/ ArabPref+CARE (DPO) 68.6 152 58.7 1l1.1

w/ ArabPref+CARE (KTO) 67.1 13.8 583 10.7
w/ ArabPref+CARE (SFT) 69.5 162 59.0 114

Table 4: MCQ accuracy (%) on English (EN) and Arabic
(AR) datasets for Jais-adapted-7b-chat and Qwen-2.5-
7B-Instruct, before and after the best alignment method
(SFT). Best-performing accuracy values are highlighted
in bold and the second in underline.

Qwen-2.5-7B-Instruct demonstrating stronger per-
formance and larger gains compared to Jais-
adapted-7B-chat. Jais-adapted-7B-chat improves
by +10.0 points in English and +10.7 points in Ara-
bic with ArabPref+CARE (SFT), while Qwen-2.5-
7B-Instruct achieves +6.2 points in English and
+1.4 points in Arabic. For the SFT method, we
observe a performance drop in preference data (Ta-
ble 3), indicating potential overfitting. In contrast,
reinforcement learning methods show higher gains
for Qwen in English and Jais in Arabic, likely due
to Qwen’s better generalization to English data and
Jais’s optimization for Arabic, reflecting their re-
spective strengths in each language’s specific con-
text. This suggests that fine-tuning methods, par-
ticularly reinforcement learning, allow for more
targeted improvements in language-specific tasks.

5 Discussion

Win Rate in Preference Generation Figure 4
compares the win rates of preference generation
across three open-sourced LLMs: Qwen, Llama,
and Jais. Qwen shows moderate performance with
win rates of 67.39% in English and 67.19% in Ara-
bic. L1ama performs well in English (76.27%) but
drops to 63.17% in Arabic. In contrast, Jais excels
with 76.6% in English and 85.35% in Arabic, along



LLaMA 76.27% 2.73% 21.00%

Qwen 67.39% 31.42%

63.17% 35.25%

67.19% 32.01%

Jais q 76.60% 23.40% 85.35% 14.21%
o ZID 4‘0 Eb 86 100 0 Zb 4‘0 BID Bb 100
Preference Preference
win Tie Loss. win Tie Loss
(a) English (b) Arabic

Figure 4: Win—loss—tie comparison on the English and Arabic preference datasets. We report the percentage of
wins, ties, and losses for each model, comparing the vanilla and DPO models on the ArabPref+CARE dataset.

with a lower loss rate (14.21%) in Arabic com-
pared to L1ama (35.25%). The near-zero tie rate for
Jais indicates its ability to decisively resolve pref-
erences, likely due to its bilingual training focusing
on Arabic’s linguistic nuances, making it particu-
larly strong for Arabic preference generation tasks.

Monolingual vs. Multilingual Training We
evaluate training on only English or Arabic data us-
ing DPO with the ArabPref dataset, compared to
training on the full multilingual dataset. The results
show that targeted monolingual training yields vari-
able performance across models. For Llama, the
whole dataset consistently performs better across
all languages (3.11 for English vs. 2.9/2.84 and
3.01 for Arabic vs. 2.71/2.79). For Qwen, perfor-
mance is more comparable: English-only training
slightly underperforms on Arabic evaluation (3.21
vs. 3.66) while Arabic-only training shows mixed
results (3.53 vs. 3.80). This difference likely stems
from architectural distinctions: Llama’s training
methodology may benefit more from diverse multi-
lingual exposure for cross-lingual transfer, whereas
Qwen’s design appears more adaptable to language-
specific specialization while maintaining reason-
able cross-lingual capabilities.

Model Language Training Data
English Arabic Whole

Ll En 2.90 2.84 3.11
ama Ar 271 279 3.01
Qwen En 3.80 3.98 3.66
Ar 3.53 3.21 3.47
Jai En 3.93 3.89 4.04
as Ar 373 366 3.80

Table 5: Model Performance Comparison with Mono-
lingual vs. Whole Dataset Training

Sampling Efficiency Figure 5 illustrates the sam-
ple efficiency of various alignment methods on both
Arabic and English, using 10-100 training sam-
ples from the ArabPref+CARE dataset for SFT and
DPO, and 10-100 samples for DITTO. All meth-

Qwen2.5 7B-Instruct: Small Scale Sample Efficiency

Arabic MCQ Performance (Small Scale)

—_— .

//f\
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—e— DPO
—e— DITTO
Baseline (57.56)

Score (%)
w o o
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English MCQ Performance (Small Scale)
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=~ DITTO
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Figure 5: Sample efficiency of preference data align-
ment on Qwen2.5-7B-Instruct and evaluate on MCQs.
Qwen2.5-7B-Instruct performance with SFT, DPO, and
DITTO (10-100 samples). Dotted lines indicate zero-
shot baselines

ods outperform the baseline, with SFT and DITTO
showing significantly better performance than DPO.
While these methods offer efficient training with
fewer samples, their performance still lags behind
full-scale training for both SFT and DPO.

6 Conclusion and Future Work

The paper introduces ArabPref, a large-scale, cul-
turally grounded preference dataset covering 22
Arab nations and over 200 topics, designed to en-
hance Arabic language models’ alignment with
cultural behaviors. Through experiments with post-
training techniques, the study demonstrates sig-
nificant improvements in cultural alignment when
training models on ArabPref compared to existing
datasets. By providing both a training dataset and
an evaluation benchmark, this work advances cul-
turally aware Arabic language modeling, ensuring
that models better reflect regional values and norms.
Future work will focus on expanding the dataset to
include more regional dialects and subcultures.



Limitations

While ArabPref provides comprehensive coverage
of cultural preferences across 22 Arab countries, it
may not capture the full cultural diversity within
each nation, especially at the regional or local level.
The focus on behavioral preferences may overlook
other important cultural dimensions, such as emo-
tional expression, non-verbal communication, or
specific context-dependent behaviors. Moreover,
although the MCQ-based evaluation framework of-
fers useful insights, it may not fully capture the
complexity of cultural alignment in more dynamic,
open-ended, or real-world scenarios where models
need to respond flexibly to diverse and evolving cul-
tural contexts. As such, further research is needed
to develop more nuanced evaluation methodologies
and expand the dataset to address these gaps.

Ethics and Broader Impact

The development and use of ArabPref aim to en-
hance cultural alignment in Arabic language mod-
els, promoting more respectful and accurate inter-
actions across diverse Arab contexts. However, it
is important to acknowledge that cultural behaviors
are dynamic and diverse, and any dataset, includ-
ing ArabPref, can only represent a portion of the
full spectrum of cultural practices. Ethical consid-
erations must be taken into account when deploy-
ing these models, especially to avoid reinforcing
stereotypes or biases. Furthermore, ongoing efforts
are needed to ensure the dataset reflects evolving
cultural norms and values, with an emphasis on
inclusive and sensitive data collection.
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A Data Generation

Automated Filtering Steps in Preference Gener-
ation: We perform three sequential filtering steps
on the generated behavior pairs. First, Language
Filtering removes any samples containing non-
English text. Second, Near-Duplicate Removal
applies the MinHash algorithm (Broder, 1997) to
identify and remove structurally similar entries. Fi-
nally, Semantic Deduplication is conducted by
using GemmaEmbedding (Schechter Vera et al.,
2025) to encode the sentences, followed by cosine
similarity to measure semantic overlap. Thresholds
in the range {0.70, 0.75, 0.80, 0.85, 0.90, 0.95} are
evaluated by manual inspection, and a threshold of
0.90 is selected for the optimal balance between
redundancy reduction and data preservation. This
process results in a raw preference dataset contain-
ing 15530 preference pairs for training and 3894
for testing.

Semantic Similarity Filtering in MCQ Gener-
ation: To ensure that the four choices are not
semantically similar, we use GemmaEmbedding
and set a similarity threshold of 0.80. If the similar-
ity between any two choices exceeds the threshold,
we replace one of the distractor countries and select
a new choice. This process continues until no pair
of choices exceeds the threshold.

B Implementation Details

LLM Inference For open-sourced LLMs, we
follow the methodology of Guo et al. (2025).
During decoding, we set the temperature to 0.7
and top-p to 1. The context length is limited to
2048 tokens (max_model_len=2048), and we re-
strict generations to a maximum of 256 tokens
(max_tokens=256). This constraint is appropriate
because the required outputs for preference ques-
tions are typically short, and it also helps standard-
ize outputs for subsequent evaluation. All the ex-
periments are conducted on two NVIDIA A100
80GB GPUs.
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C Cultural Categories and Aspects

The aspects for each category is listed in Table 6.

D Data statistics

Table 7 shows the number of preference data sam-
ples across the training, raw test, and human-
filtered test splits, where human annotators filtered
prompt-chosen-reject triples, we ask human anno-
tators to check the cultural appropriateness of each
triple to filter out the samples that genuinely reflect
the local culture. Table 8 presents the distribution
of categories in the preference and MCQ dataset.
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E Evaluation Criterion

The evaluation criterion for human annotation and
LLM-as-a-judge can be found in Table 9.



Category (Count)

Aspects

Social Etiquette (36)

Hospitality & Home
Life (24)

Religion & Rituals (22)

Dining & Food (18)

Business & Work (10)

Modern & Technology
(©))

Gender & Travel (8)

Health & Environment

®)

Family & Children (8)

Politics & Law (7)

Shopping & Money (6)

Charity & Society (6)
Personal Appearance
(6)

Transport (4)

Safety (3)
Pets & Environment (3)
Food & Drink (2)

Greetings, Names and Titles, Handshakes, Eye Contact, Introductions, Personal Space, Gestures
& Hand Gestures, Expressing Thanks, Expressing Refusal, Seating, Joking & Humor, Public
Affection, Conversation / Asking Questions, Language Use, Meeting Time / Punctuality, Public
Behavior / Street Interactions, Queuing / Queue Etiquette, Communication Style, Using Ara-
bic/French, Touching Others, Greeting with “Salaam Alaikum”, Flexible Time / Punctuality,
Urban/Rural Dialect Switching, Respect for Elders, Showing Soles of Feet, Right-Hand Use
for Giving/Receiving, Silence and Pauses in Conversation, Indirect Communication / Saving
Face, Honor and Shame Sensitivity, Compliments & ‘“Mashallah” Responses, Asking About
Family (Rapport-Building), Queue Courtesy for Families/Elders, Greeting Order When Entering
a Room, Door Etiquette (who enters first), Respectful Address to Domestic Workers, Sports
Events Etiquette (football matches)

Visiting Homes, Shoes in Homes, Invitations, Gifts, Hospitality, Thanking Host, Inviting to Eat,
Leaving a Gathering, Hospitality to Strangers, Gift-Giving of Sweets, Home Hospitality Rituals,
Role of Host in Welcoming, Visiting the Sick (Get-Well Etiquette), Condolences / Mourning
Visits, Guest of Honor Seating, Polite Gift Refusal and Re-offer Ritual, Bringing Dates or Fruit
to Hosts, Women’s Gatherings (Hareem Majlis), Men’s Majlis Etiquette, Incense (Bukhoor)
for Guests, Gift Wrapping & Color Preferences, Reciprocity / Return-Gift Norms, Hosting
Unannounced Visitors, Sharing Food with Neighbors

Religious Sites, Religious Items, Ramadan, Prayer Times / Friday Observance / Friday Prayers,
Public Worship Spaces, Festivals / Holidays, Wedding Etiquette, Friday (Jumu’ah) Observance,
Henna Traditions, Eid al-Fitr Etiquette (Zakat al-Fitr, greetings), Eid al-Adha Etiquette (Qurbani
sharing), Adhan (Call to Prayer) Respect (pausing music), Using “Inshallah / Alhamdulillah”
Appropriately, Visiting Shrines / Saints’ Tombs, Ramadan: Non-Muslim Daytime Eating Eti-
quette, Prayer Rooms in Malls/Airports Etiquette, Wudu (Ablution) Facility Etiquette, Visiting
Cemeteries Etiquette, Using Honorifics (Sheikh, Hajji), Addressing by Kunya (Abu/Umm),
Name Order & “bin/bint”, Funeral Attire and Participation

Table Manners / Dining Etiquette, Bread Etiquette, Food (Dietary Norms), Finishing Food,
Tea / Coffee Ritual, Refusing Food / Tea, Street Food, Serving & Drinking Arabic Coffee
(Qahwah), Communal Eating from a Shared Dish, Bread is Sacred, Suhoor & Iftar Hosting,
Using Bread as an Utensil, Shisha / Hookah Etiquette, Street Coffee/Tea Kiosk Etiquette,
Spice/Heat Consideration for Guests, Family Sections in Restaurants, Coffee vs Tea Preference
by Region, Fruit Plate Ritual After Meals

Business Etiquette / Business Cards / Business Attire, Dealing with Officials, Business Gift-
Giving, Relationship-First Negotiation Style, Decision-Making Hierarchy, Scheduling Around
Prayer/Friday, Business Entertaining (non-alcoholic venues), Acceptable Small Talk Topics,
Business Card Handling (Arabic side up), Formal Greetings in Email/Messaging

Mobile Phones, Texting/Messaging, Social Media Etiquette, Smoking Etiquette, Photography
of Children, Saving Contact Names with Titles (phones), WhatsApp Voice Notes Etiquette,
Livestreaming in Public Etiquette, Sharing Religious Content Online Etiquette

Women Travelers, Men Travelers, LGBTQ+ / Queer Travelers, Gender Interaction, Gender-
Separate Queues/Sections, Cross-Gender Friendship Boundaries, Chaperoned Socializing, Cross-
Gender Eye Contact Boundaries

Drinking Water, Littering / Environment, Sacredness of Water & Fountains, Sacredness of Water
& Fountains, Public Bathhouse Traditions, Water Conservation Norms, Sauna/Steam Room
Gender Separation, Picnic & Park Etiquette

Children / Traveling with Children, Birth Celebration (Aqiqah) Etiquette, Evil Eye (Nazar)
Beliefs & Amulets, Elder Care Expectations, Parenting in Public (discipline norms), Visiting
New Mothers Etiquette, Adoption & Kinship Care Sensitivities, Birthday Celebration Norms

Monarchy, Respect for Monarchy & Royal Imagery, Monarchy, Respect for Monarchy & Royal

Imagery, National Day Celebrations, Flag Respect and National Symbols, Military Service
Respect

Carrying Cash, Tourist Pricing, Marketplace Haggling as Social Ritual, Money / Carrying Cash,
Shopping / Marketplace Interaction / Bartering, Tipping (Baksheesh)

Beggars & Street Kids, Charity / Street Giving, Charity (Zakat/Sadaqah) Giving Etiquette,
Community Fundraising & Mutual Aid, Recognizing Tribal/Clan Affiliations, Poetry & Oral
Storytelling at Gatherings

Dress Code, Distinct Traditional Clothing, Mosque & Shrine Dress Expectations, Swimwear
& Beach Modesty, Traditional Headwear Norms (keffiyeh/hijab), Perfume/Oud Use in Social
Settings

Taxi Etiquette, Public Transport / Transport Etiquette, Taxi: Front vs Back Seat Choice, Carpool-
ing & Splitting Costs

Personal Belongings, Street Harassment, Lost and Found
Animals & Pets, Pet Dogs in Public Spaces Acceptability, Compassion Toward Stray Animals
Alcohol, Cafés & Coffee Culture

Table 6: Cultural categories and aspects of each category

F Sample Efficiency
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Country Train Data Test Data (Raw)

Test Data (Human Verified)

Egypt 1219 329 329
Morocco 1114 237 226
Saudi Arabia 972 160 141
Algeria 958 225 165
Jordan 924 257 254
Lebanon 907 207 199
Tunisia 860 405 317
Yemen 758 205 189
Syria 757 172 128
UAE 720 183 159
Palestine 679 153 135
Libya 628 119 114
Iraq 598 144 135
Oman 572 135 134
Sudan 564 99 80

Bahrain 545 148 147
Qatar 517 109 104
Somalia 488 144 32

Kuwait 476 106 82

Djibouti 436 137 51

Comoros 421 109 82

Mauritania 417 111 97

Total 15530 3894 3300

Table 7: Statistics of the English preference dataset across countries: training data, raw test data, and human-verified

test data.

G Prompts for Generation and
Evaluation

Preference Generation

You are a cultural expert and a native in Arab coun-
tries. Please answer the following question. Make
sure your answer is in the same language as the ques-
tion.

Question: {question}

Answer:

MCQ Answering

Question: {question}

Options:

A. {option a}

B. {option b}

C. {option c}

D. {option d}

Please choose the most appropriate answer by return-
ing only the letter (A, B, C, or D). Only return the
letter.
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You are given two responses and a golden label.
Please decide which response is better, considering
both factual correctness and readability.

Response 1: {predl}

Response 2: {pred2}

Golden Label: {gold;abel }

Return 1 if the first response is better, 2 if the second
response is better, or O if both responses are equally
good. Return only the number.




Table 8: Top 10 categories by sample count in the preference dataset across the training, raw test, and human-filtered

Category

Train Test (Raw) Test (Filtered)

MCQ

Social Etiquette 3327 716 605
Religion & Rituals 1647 440 336
Dining & Food 1553 369 283
Hospitality & Home Life 1497 386 325
Gender & Travel 745 193 159
Personal Appearance 707 170 155
Business & Work 691 200 145
Shopping & Money 540 150 136
Modern & Technology 553 135 119
Politics & Law 360 104 100

458
172
214
246
98
90
98
76
94
56

test splits, along with the sample count in the MCQ dataset.

Score

Cultural Appropriateness

Literacy

Completeness

1

Completely misaligned with the
cultural context, containing of-
fensive or inappropriate refer-
ences.

Very poor fluency, riddled with
errors, making it difficult to
read.

Very incomplete, with critical in-
formation missing, making it un-
usable.

Major cultural misunderstand-
ings or insensitive references
that impact the overall under-
standing.

Multiple errors that hinder read-
ability or cause confusion.

Significant omissions that make
the instruction/question incom-
plete or difficult to interpret.

Noticeable cultural inconsisten-
cies or slight misinterpretations,
but the general meaning remains
clear.

Noticeable errors in grammar,
spelling, or structure, but the
text is still understandable.

Noticeable gaps in information
or coverage that leave the in-
struction/question lacking.

Minor cultural inaccuracies that
do not significantly affect under-
standing.

Minor grammatical or stylistic
errors that do not significantly
affect readability.

Slightly incomplete, with minor
missing details that do not im-
pact overall understanding.

Fully aligned with the cultural
context, showing deep respect
for cultural norms and values,
with no inaccuracies or misin-

Perfect fluency, no errors in
grammar, spelling, or sentence
structure. The text reads
smoothly and naturally.

Fully complete, no informa-
tion is missing, and the instruc-
tion/question thoroughly covers
the context.

terpretations.

Table 9: Evaluation criterion for human annotation and LLM-as-a-judge

You are tasked with evaluating a given piece of text
based on its **Cultural Appropriateness**. This cri-
terion assesses whether the text aligns with cultural
norms, values, and sensitivities.

Please assess the text using the following scale:

- *¥*]#%%: The text is completely misaligned with the
cultural context, containing offensive or inappropriate
references.

- **2%%*: There are major cultural misunderstandings
or insensitive references that significantly impact the
understanding of the text.

- *#3*%: The text has noticeable cultural inconsis-
tencies or slight misinterpretations, but the general
meaning remains clear.

- *#*%4%*: The text contains minor cultural inaccu-
racies, but these do not significantly affect overall
understanding.

- *¥%5%*: The text is fully aligned with the cultural
context, showing deep respect for cultural norms and
values, with no inaccuracies or misinterpretations.
Question: {question}

Reference Answer: {answer}

Assistant’s response: {response}

Please format your rating as follows: "Rating: [[num-
ber]]". For example: "Rating: [[3]]".
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You are tasked with evaluating a given piece of text
based on its **Literacy**. This criterion assesses the
readability, grammar, and sentence structure of the
text. Literacy refers to how smoothly the text flows
and whether there are any grammatical or stylistic
errors that hinder comprehension. The text should fol-
low standard grammar and syntax while being easy to
read and understand, and should answer the question
using the same language as in the question.

Please assess the text using the following scale:

- #*1**: The text has very poor fluency, with numer-
ous errors, making it difficult to read and understand.
- *¥#2%%: There are multiple errors that hinder read-
ability and cause confusion.

- *#%3#%%: The text has noticeable errors in grammar,
spelling, or structure, but the meaning remains under-
standable.

- F*4%%: Minor grammatical or stylistic errors that do
not significantly affect readability.

- **5%*: The text has perfect fluency, with no errors
in grammar, spelling, or sentence structure. It reads
smoothly and naturally.

Question: {question}

Reference Answer: {answer}

Assistant’s response: {response}

Please format your rating as follows: "Rating: [[num-
ber]]". For example: "Rating: [[3]]".




Qwen2.5 7B-Instruct: Large Scale Sample Efficiency

Arabic MCQ Performance (Large Scale)
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Figure 6: Sample efficiency of alignment methods on Arabic and English cultural preference MCQ evaluation.
Qwen?2.5-7B-Instruct performance across SFT, DPO, and KTO with 10-100% of training data. Baselines (dotted)

show zero-shot performance.
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Dataset Percentage (%)

100

Completeness MCQ Rewriting Prompt

You are tasked with evaluating a given piece of text
based on its **Completeness**. This criterion as-
sesses whether the text addresses all necessary as-
pects of the question or task, providing sufficient
depth and breadth. A complete response should in-
clude all relevant information and fully cover the
topic, leaving no critical points unaddressed.

Please assess the text using the following scale:

- **#]*%: The text is very incomplete, with critical
information missing, making it unusable.

- *##2%*: There are significant omissions that make the
text difficult to interpret or incomplete in addressing
the topic.

- #*%3%*: The text contains noticeable gaps in infor-
mation or coverage, but the general meaning is still
understandable.

- *¥*4%%: The text is slightly incomplete, with minor
missing details that do not significantly impact overall
understanding.

- *#*%5%*: The text is fully complete, providing all
necessary details and thoroughly covering the topic
without missing any critical information.

Question: {question}

Reference Answer: {answer}

Assistant’s response: {response}

Please format your rating as follows: "Rating: [[num-
ber]]". For example: "Rating: [[3]]".
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You are given a JSON object describing a cultural
behavior question comparing two or more locations.
Revise the four options (opa, opb, opc, opd) to make
them more distractive while keeping the correct an-
swer unchanged.

Rules:

1) Correct any grammatical errors in the question.

2) Unless necessary, keep the correct answer’s
option text unchanged.

3) Among the three distractors:

* One must describe the opposite behavior
of the correct answer.

¢ The other two distractors should reflect
realistic norms or values from the dis-
tractor country (or countries) listed in
"distractor_country”, given the as-
pect; if possible, make them different
from the correct answer’s action.

* You may modify the distractors, but do
not change their positivity.

4) Ensure all options sound plausible and cultur-
ally grounded.

5) Avoid explicitly mentioning any country names
in the options — use anonymous descriptions.

6) If the original text includes comment adjectives
(e.g., “progressive”, “modern”, “traditional”),

rephrase them to neutral language.

7) If the original text includes interpretation of
behavior (e.g., “regarded as disrespectful”, “it
is acceptable...”’), remove these and ensure that
you only describe the behavior.

8) Return only the final modified JSON in the
same structure as the input.




Qwen2.5 7B-Instruct: Arabic Scale Comparison

Arabic MCQ - Small Scale (N Samples)
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Figure 7: Scale comparison of alignment methods on Arabic cultural preference MCQ evaluation. Qwen2.5-
7B-Instruct performance in small-scale (top; 10—100 samples with SFT, DPO, DITTO) and large-scale (bottom;
10-100% data with SFT, DPO, KTO) settings. Baselines (dotted) show zero-shot performance.

H LLM-as-a-judge scoring Across
Country and Category for Preference
data

LLM-as-a-judge average scores by country and lan-
guage is in Table 10 and the result across category
is in Table 11.

I Correlation Coefficiency

We sample 100 preferences from English and Ara-
bic, with 20 samples from each of the follow-
ing countries: Egypt, Syria, Morocco, UAE, and
Tunisia. Human annotators, all of whom are native
Arabic speakers from these countries, are asked to
score the samples based on cultural appropriate-
ness, literacy, and completeness. Annotators are
provided with the evaluation guidelines outlined
in Appendix E to ensure consistency. The current
available results are presented in Table 12. Both
Arabic and English demonstrated high correlation
between the machine scoring and human scoring
based on the Spearman’s p values.

J Accuracy Across Country for MCQ
data

The results of MCQ performance across different
country of Qwen-2.5-7B Instruct and Jais-adapted-
7B-chat is listed in Table 13.

K Annotation Guidelines

The annotation guideline for stage 1 (Cultural Pref-
erence Quality Check) and stage 2 (Cultural Pref-
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erence MSA Verification) is available in Figure 9,
10 and 11. Annotation for stage 3 (MCQ answer-
ing) and stage 4 (MCQ verification) is available in
Figure 12, 13 and 14.



Qwen2.5 7B-Instruct: English Scale Comparison

English MCQ - Small Scale (N Samples)
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Figure 8: Scale comparison of alignment methods on English cultural preference MCQ evaluation. Qwen2.5-
7B-Instruct performance in small-scale (top; 10—100 samples with SFT, DPO, DITTO) and large-scale (bottom;
10-100% data with SFT, DPO, KTO) settings. Baselines (dotted) show zero-shot performance.

Qwen-2.5 w/ Best Llama-3.1 w/ Best Jais-adapted w/ Best

Country

EN AR EN AR | EN AR EN AR | EN AR EN AR
Egypt 316 3.59 377 375|274 285 324 3.05|293 255 407 3.88
Morocco 326 3.65 3.78 3.774 | 2.85 269 343 292|291 239 4.04 3.78
Saudi Arabia 3.13 358 3.79 3.60 | 294 2.67 337 3.09 | 283 258 4.01 3.70
Algeria 298 359 3.63 360|284 277 3.08 287|292 259 398 3.66
Jordan 321 3.64 374 353|283 261 312 275|286 253 413 3.67
Lebanon 3.09 3.60 3.83 377|277 265 341 3.13|287 241 401 3.75
Tunisia 318 3.62 380 3.73 |290 273 345 3.08|282 245 4.07 3.80
Yemen 315 3.61 3.60 3.74 293 258 321 285|273 247 4.09 3.60
Syria 3.09 353 3.68 3.67 292 265 336 3.02|274 241 403 394
UAE 3.13 3.65 3.65 388|291 271 296 3.05|278 246 4.06 3.80
Palestine 327 3.61 372 386|278 270 331 294|286 260 415 3.88
Libya 307 3.62 361 365|298 266 343 271|287 239 395 3.88
Iraq 325 3.61 379 381|281 254 320 273|292 252 413 3.80
Oman 3.05 3.60 3.68 3.70 [ 279 278 3.14 2.84|290 253 4.05 3.78
Sudan 330 352 3.69 347|283 279 320 3.09 | 288 245 397 3.71
Bahrain 3.00 3.67 384 381|284 263 326 3.03|289 249 410 390
Qatar 3.19 355 359 3.63 305 252 346 285|280 246 421 3.83
Somalia 3.14 3.69 331 342|289 272 336 256|273 252 399 3.61
Kuwait 305 350 3.70 3.67 | 289 270 331 3.03|292 251 412 3.74
Djibouti 320 3.62 334 3.63 (293 271 3.18 2.81| 288 248 4.03 3.63
Comoros 3.13 358 3.62 348|288 270 341 283|259 233 4.00 3.81
Mauritania 321 359 3.60 357291 261 334 295|272 241 403 375

Table 10: LLM-as-a-judge average scores by country and language. We report results for the base models and
their best-performing alignment variants. The best method is ArabPref (KTO) for Llama-3.1, and ArabPref+CARE
(DPO) for Qwen-2.5 and Jais-adapted.
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Qwen-2.5 w/ Best Llama-3.1 w/ Best Jais-adapted w/ Best

Category

EN AR EN AR | EN AR EN AR | EN AR EN AR
Social Etiquette 328 344 364 3.69 | 288 254 339 3.07|290 257 4.00 3.81
Religion & Rituals 336 345 375 370|291 249 334 287|291 256 4.10 3.71
Hospitality & Home Life 3.27 3.43 3.69 3.71 | 290 2.38 3.33 269|295 254 422 395
Dining & Food 312 320 330 340|280 236 322 268|281 240 398 3.63
Gender & Travel 328 331 382 374|276 242 3.18 298|284 2.62 405 374
Personal Appearance 359 339 357 3.65]262 253 299 272|258 244 416 3.69
Business & Work 3.14 344 356 3.68 | 284 241 331 280|285 265 407 3.86
Shopping & Money 330 352 348 377|288 254 323 313|279 253 4.18 3.85
Modern & Technology 3.69 3.65 379 4.08 | 3.11 295 338 315|269 250 4.16 3.73
Politics & Law 317 347 3779 3.62 | 298 2.83 330 3.02|267 233 393 3.82
Health & Environment 337 344 383 374|265 245 346 291|279 238 412 3.65
Charity & Society 345 386 3.85 4.14|3.13 282 346 3.13 299 269 410 4.13

Table 11: LLM-as-a-judge average scores by cultural category and language. We report results for the base
models and their best-performing alignment variants. The best method is ArabPref (KTO) for Llama-3.1, and
ArabPref+CARE (DPO) for Qwen-2.5 and Jais-adapted.

p  Cultural Literacy Completeness

en 0.7140  0.8950 0.8312
ar 0.6707  0.7398 0.7801

Table 12: Spearman’s p values for different categories (Cultural, Fluency, Completeness) for both English (en) and
Arabic (ar).

Ie Qwen-2.5 w/ SFT Jais-adapted W/ SFT
ountry

EN AR EN AR EN AR EN AR
Egypt 565 581 613 58.1 548 484 581 565
Morocco 59.3 542 525 525 509 542 492 542
Saudi Arabia 63.5 539 59.6 635 481 365 59.6 50.0
Algeria 67.7 56.0 720 540 540 300 620 440
Jordan 48.6 50.0 514 583 458 444 61.1 542
Lebanon 59.0 513 641 641 641 590 641 615
Tunisia 475 475 475 459 475 312 60.7 426
Yemen 61.3 532 597 51.6 403 452 516 532
Syria 457 48.6 629 600 514 343 629 543
UAE 53.1 53.1 674 592 531 347 592 510
Palestine 543 457 457 522 500 369 652 500
Libya 63.0 444 704 556 296 148 482 370
Iraq 500 464 714 60.7 464 107 643 464
Oman 700 625 725 70.0 675 600 825 625
Sudan 57.1 679 679 60.7 643 536 821 643
Bahrain 512 659 634 61.0 537 366 585 439
Qatar 57.1 51.0 53.1 531 592 469 592 510
Somalia 62.7 442 535 512 465 302 674 465
Kuwait 55.8 46,5 628 535 465 419 512 465
Djibouti 41.5 439 537 439 366 342 488 415
Comoros 516 613 516 484 355 258 51.6 355

Mauritania 67.7 47.1 585 559 412 294 529 471

Table 13: MCQ accuracy (%) by country and language for Qwen2.5-7B-Instruct and Jais-adapted-7B-chat models,
evaluated before (vanilla model) and after applying the best alignment method (SFT). Results are presented for both
English (EN) and Arabic (AR) across different countries.
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e |s the “Discouraged Behavior” really a behavior that locals avoid or frown upon under
this aspect?

If the suggestion is accurate, the annotator accepts it.
If it is inaccurate or misleading, the annotator should reject it.

Pipeline Process

Stage 1 & 2: Cultural Preference Quality Check and MSA
verification

Stage 1: Cultural Preference Quality Check
File Name Structure: stage1&2_country

File Structure (Columns to Fill):

Aspect Prompt Preferred | Discouraged Quality Check
behavior | Behavior

[Behavior [Prompt] [Preferred [Discouraged | [Your quality check]
Aspect] Behavior] Behavior]

Sections to fill

country category aspect prompt preferred_behavior discouraged_behavior quality_check

You should report the lost

wallet to the police. Taxis in
I lost my wallet in a taxi in i’ Just forget about it, it's gone. Don't
Algeria usually have a system

Algiers, what should | do? , "™ bother reporting it.
for lost items, and the police

can help you trace it.

Algeria  Safety  Lost and Found

Figure 1. working décﬁmé.nt.ove.rview

Cultural Preference Quality Check

When you receive the file, in the cultural preference overview, the annotators are required to
perform the following checks:

Understand the social aspect in the "aspect” column

Assess the classification of Preferred Behaviors and Discouraged Behaviors in
the “Quality Check” column to verify whether each behavior is appropriately
assigned according to the cultural norms of the social aspect. You are required to

Figure 9: Annotation for stage 1 (Cultural Preference Quality Check) and stage 2 (Cultural Preference MSA
Verification), for creating preference data of ArabPref. Page 1
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assign behavior “Accept” and “Reject”
a. Assign “Accept” if the behaviors are culturally appropriate for the aspect and
correctly classified as “Preferred” or “Discouraged.”
b. Assign “Reject” if the behavior is irrelevant, incorrectly classified, or does not
genuinely reflect a preferred or discouraged practice, or is neutral.

Cultural Preference Review guidelines *(Red highlights denote critical importance.)

e [f you are not from the region or country specified in the file title, do not work on that
specific file!

e The annotators should respond based on his/her life experience in the specified
country; using assistance from GPT is not allowed.

e The annotator should have a good understanding of English.

Example:

Region: Egypt
Category: Social Etiquette
Aspect: Gifts

Prompt: | want to visit a family in Egypt. What should | do regarding bringing gifts?
Preferred Behavior:

Bring a small gift when invited to an Egyptian home (e.g., pastries, fruit). Gifts are
generally appreciated as a token of appreciation.

Discouraged Behavior:

Arriving empty-handed when invited to a home, giving extravagant or inappropriate

gifts.

Quality Check: Accept

Stage 2: MSA Verification

Note: Do this only after you have finished stage 1.
File Name Structure: Country_# (same as in part 1)

File Structure (Columns to Fill):

Prompt_ar Preferred Discouraged msa_quality_check
behavior_ar Behavior_ar

Figure 10: Annotation for stage 1 (Cultural Preference Quality Check) and stage 2 (Cultural Preference MSA
Verification), for creating preference data of ArabPref. Page 2
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Stage 2: MSA Verification
Mote: Do this only after you have finished stage 1.

File Name Structure: Country_# (same as in part 1)

File Structure (Columns to Fill):

Prompt | Preferred | Discouraged | prompt_ar_r | Preferred Discouraged
_ar behavior_ | Behavior_ar | evision behavior_ar | Behavior_ar_
ar __revision revision
[Prompt] | [Preferred | [Discouraged | [Your [Your [Your
Behavior] | Behavior] Revision] Revision)] Revision)]

Sections to fill

| prampt_ar | prefemred_beabavior_sr 1 discouraged_behavior_ar mea_guality_check |
i et byl ot J) dm gl s
ok etpa J.u;..:.u,u-.' ] e bl e s eyl i
Silegery iy Al allasly dlylins] gk siigleil dhind A
el o Al Ll BB el Opt s il g s
il e e Jaolpill Bl ot ple i g L e gt Bl ol sl e oisleall ) 4 B

Byl lar  Je 2 ULl g

r 1t o badies (ipled O e s cpotyl Blaiuadl Uinons 08 sl s sty
lasng

il bl gl ol ) iy 0 placa

MSA Translation Verification

When you receive the file, the annotators are required to perform the following checks:

Read the prompt in the "prompt” column
Always, if you have provided a revision to the behavior in stage 1, please do your
MSA translation revision based on the “preferred behavior revision® and “negative
behavior revision” columns, otherwise, use the behavior from the “preferred behavior”
and “negative behavior” columns.

+ Review the “MSA prompt”, “MSA preferred”, and “"MSA_discouraged” columns
and provide your revision to the translation frem English.

« Verify the quality of the MSA translations, and provide your own revision.

MSA Verification Guidelines: *iRed highlights denote critical importance.)

# The annotator should have a good understanding of MSA and English, and should
complete the revision in MSA.

Figure 11: Annotation for stage 1 (Cultural Preference Quality Check) and stage 2 (Cultural Preference MSA
Verification), for creating preference data of ArabPref. Page 3
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Stage 3 & 4: MCQ answering and MSA verification
Stage 3: MCQ answering
File Name Structure: stage3_Country

File Structure:

Question | Choice A | Choice B | Choice C | Choice D Best_ Secondary_
Answer | Answer(s)

[Cultural [Choice A] | [Choice B] | [Choice C] [Choice D] [Answer [Answer
MCQ] given] given]

Sections to fill:

B c ) E F G H 1

aspect question opa opb opc opd best answer secondary_answer (optional

Express profound gratiude to [ L L
Atourist from Lebanon s the hosts for their exceptional memiuiin by Engage in concise, direct Await  collective cue or an explicit
considerable duration after a
visiting Algeria. How should ~ generosity and extend personal farewells with the immediate  invitation from the host to depart,
Leaving a meal or social occasion, as
the farewells to hosting family members, without _often leaving n a group with other
Gathering guests typicall linger for several
Leaving a Gathering to show _ present, affiming good wishes -~ WP 19 ¥ M necessariy seeiing outevery  attendses,rather than inatng an
cultural awareness? and a desire for future . other guest to bid them goodbye. individual departure process.
nto the evening

encounters.

Urban/Rural Dialect A fim crew from France shat s Acknowledaina that Alaerian Ara Recanizina that while standard Alnsisting solelv on formal Arabic or Ohservina how individuals fraauently blend Arabic with nhrases from Franch or Fn

MCQ Quality Check

When you receive the file for the MCQ quality check, the annotators are required to perform
the following checks:

Understand the question in the "question” column
Read the choices and answer carefully in the “Choices A, B, C, D” and “Answer”
column.

e Choose your answer based on your own cultural background. Please always try
to choose only one answer! Always choose the most preferred/discouraged
culturally related answer. Then mark it in the Best_Answer column.

e If other answers are also acceptable, please mark them in the
“Secondary_Answer(s)” column. You can choose other multiple answers here.
Make sure that they are also culturally related.

e If there are no correct answers, mark “No Correct Answer” in the
“Best_Answer” column (happens very rarely :)

MCQ Quality Check Guidelines: *(Red highlights denote critical importance.)
e |f you are not from the region or country specified in the file title, do not work on that

specific file!
e The annotators should respond based on his/her life experience in the specified

Figure 12: Annotation for stage 3 (MCQ answering) and stage 4 (MCQ verification), for creating MCQ data of
ArabPref. Page 1
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country; using assistance from GPT is not allowed.

o Note that you are required to fill in one answer to the “Best_Answer” column;
filling in the “Secondary_Answer(s)” column is optional. In case you are
uncertain about deciding among multiple answers. Always choose the best answer
that is culturally related to your experience and feeling.

Stage 4: MCQ MSA Translation Verification

Note: Do this only after you have finished stage 3. Contact us before you proceed to stage 4.
We will analyse the data from stage 3 and keep only questions with the agreement of the
answer(s) with our data.

After completing the MCQ overview, this task requires native speakers to validate the MSA
translations for selected MCQs. For each entry, they are given:

e A question and four choices in English
o MSA translation from LLMs.

English
McQ Which of the following behaviors is the most preferred in Morocco for language
use?

A. Arabic is the official language. Learning a few basic Arabic phrases is
appreciated. English is understood in tourist areas and among educated
people. Avoid using slang or overly casual language in formal settings.

B. Darija (Moroccan Arabic) is the most widely spoken language, followed
by Berber languages. French is widely used in business and
government. English is increasingly common in tourist areas. Learning a
few basic Darija phrases is appreciated.

C. Using formal Arabic (Modern Standard Arabic) in official settings; using
local Jordanian dialect in informal settings; learning a few Arabic
phrases is appreciated. Be mindful of religious phrases like "Inshallah”
(God willing) and "Alhamdulillah" (Praise be to God).

D. While Arabic is the official language, many Syrians involved in tourism or
business may speak English. Learning a few basic Arabic phrases is
appreciated. Avoid using offensive language or discussing sensitive
political or religious topics.

MSA A WAl woec Al AW A Y] gD el
translation A Gpany) (SWY 5 bajie IS dae Sl e ol Aalad 2l alass ) uind Graleiall (i aaliw ) Gl 3
lay Aal o 8 Al Ay el el sy Jad Gemasa )G s Apes JA DD & gl A
B daslll Hulul) G jlall oy plad sl Gas Aumgadl LU 3Gy Aalll e 3oy 35 deS Ui
Lo Y1 o ki i a1y Gl e s 33 3E Aaag eVl I g3 ol | 5 SV ARD o Ay sl Ay
) EAGRN
C "db deal ™5 "l oE (" Jhe Ay a0 ) o M alads aie T3 oS Al slall (e aled (s D ey ¢
saw I o WY 8l i W1 Aa I alad il s fhaan )l GSLY) 3 aadl By el AR ) AS)
D Al allA ) 54y Ludl gl W4 e 5 S I BWIY) &) A0l Guin Daulad Aopall & lad) Gany
Somaiu I ey A3lad 1 ogiad 8 lee |l daladl b Jldell (sl e all o ) e 1) ARD)
2dgd Bl o el

The native speaker should review the question and verify the MSA translation.

Figure 13: Annotation for stage 3 (MCQ answering) and stage 4 (MCQ verification), for creating MCQ data of
ArabPref. Page 2
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File Name Structure: stage4 Country #

File Structure {Column to fill):

English MCQ MSA MCQ | Revision

[English MCQ] [MSA MCQ] | [Your Revision]

Sections to fill:

| English MOO | Arabic MO0 Rindsian
Gc Amang people in Syria, whach achon best
demanat rabes. respect for the calfural walue of Money §
Carryirg Cash? et gl AP e T i e e
A. Propouing ta eplit the restausant bill suonly amang sl LETHAZRPES N B LW IR e
wha dined VB s e o Enlallls e g s i B
B Insiting on cowering the full cost of the mesl Bar the laeli
antire dirimg party. EONTPVEN PR LT VT =TI W NP g
C. Comgleteanly cannying a substantial amount of tha kocal cplalal Jplls 2 Aigacall
eatieney in wmal deramirations foi all trans oo, Syl Spies i A mal? Blaall fn pcf plaa Jaw
0. Wsing digital payreent methods for the majesity of odbrimal sl
transactions, with cash reserved ondy for mirar Bt e eottimal’ allonsd Sl gl Jiul gLl 3
parchases. dih ket il agdill r

MCQ MSA Translation Check

When you receive the file for the MCQ MSA Translation quality check, the annotators are
required to perform the following checks:

Read the English question and English choices in the "English MCQ" column.

Review the Arabic MCQ in the “Arabic MCQ" column.
Verify the quality of the MSA translations, and provide your own MSA revision of

the whole MCQ.

MCQ MSA Translation Guidelines: *fRed highlights denote critical importance.)

# The annotator should have a good understanding of Arabic and English, and should

complete the revision in MSA.
# The annotator should ensure the revised MSA translation is correct.

Miscellaneous

Common Mistakes to Avoid

« Fail to provide a revision: Revise the Preferred-Discouraged pair if you reject the
pair in Stage 1. Always make the behaviors more culturally rel

Figure 14: Annotation for stage 3 (MCQ answering) and stage 4 (MCQ verification), for creating MCQ data of
ArabPref. Page 3
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