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Abstract

Arabic, with its rich diversity of dialects, re-
mains significantly underrepresented in Large
Language Models, particularly in dialectal vari-
ations. We address this gap by introducing
seven synthetic datasets in dialects alongside
Modern Standard Arabic (MSA), created us-
ing Machine Translation (MT) combined with
human post-editing. We present AraDiCE, a
benchmark for Arabic Dialect and Cultural
Evaluation. We evaluate LLMs on dialect com-
prehension and generation, focusing specifi-
cally on low-resource Arabic dialects. Addi-
tionally, we introduce the first-ever fine-grained
benchmark designed to evaluate cultural aware-
ness across the Gulf, Egypt, and Levant re-
gions, providing a novel dimension to LLM
evaluation. Our findings demonstrate that while
Arabic-specific models like Jais and AceGPT
outperform multilingual models on dialectal
tasks, significant challenges persist in dialect
identification, generation, and translation. This
work contributes ~45K post-edited samples, a
cultural benchmark, and highlights the impor-
tance of tailored training to improve LLM per-
formance in capturing the nuances of diverse
Arabic dialects and cultural contexts. We have
released the dialectal translation models and
benchmarks developed in this study.'

1 Introduction

Large Language Models (LLMs) have consistently
pushed the boundaries of Natural Language Pro-
cessing (NLP), achieving state-of-the-art perfor-
mance on a wide range of tasks. These models
have excelled in areas such as machine translation,
summarization, sentiment analysis, and even more
complex applications like legal document analysis
and creative writing (OpenAl, 2023; Touvron et al.,
2023; Bubeck et al., 2023). Their remarkable abil-
ity to extract, reason, and generalize knowledge is
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Figure 1: Capabilities and associated datasets for bench-
marking, evaluated on different dialects.

fueled by training on vast amounts of data covering
diverse topics and domains.

However, the success of these models is heav-
ily skewed towards languages with abundant re-
sources, such as English (Bang et al., 2023; Ahuja
et al., 2023). Low-resource languages, including
Arabic and its various dialects, are significantly un-
derrepresented in the datasets used to train these
models. This disparity poses a substantial chal-
lenge, as LLMs require extensive and diverse data
to perform effectively. Consequently, speakers of
low-resource languages are at a disadvantage, un-
able to fully benefit from the advancements in NLP
technologies. Recent efforts have been made to
train Arabic LLMs (Sengupta et al., 2023; Bari
et al., 2024; Fanar-Team, 2024) and to adapt mul-
tilingual models for Arabic (Touvron et al., 2023;
Huang et al., 2024), but these models are predomi-
nantly tailored to MSA, leaving them less effective
in handling dialectal Arabic (DA). To formalize
this observation, we conduct a systematic study to
benchmark Arabic and multilingual models in their
performance on Dialectal Arabic. More specifi-
cally, we aim to answer the following questions:
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* Can LLMs effectively perform basic NLP tasks
in dialects? (Understanding and Generation)

* Can LLMs demonstrate reasoning, comprehen-
sion, and handle knowledge and misinformation
in dialects? (Cognitive Abilities)

* Are they aware of Arabic cultural knowledge?
(Cultural Understanding)

To this end, we compiled a comprehensive suite
of both existing and newly developed benchmarks
to assess the capabilities of these models. We pri-
marily evaluate their fundamental NLP abilities
in encoding dialects through dialect identification
(e.g. El-Haj et al. (2018)) and dialectal machine
translation (e.g. Abdul-Mageed et al. (2023)) tasks.
To assess broader cognitive abilities, we include
benchmarks that gauge World Knowledge (Ara-
bicMMLU (Koto et al., 2024)), Common Sense
Reasoning (PIQA (Bisk et al., 2020), OBQA (Mi-
haylov et al., 2018), Winogrande (Sakaguchi et al.,
2021)), Reading Comprehension, BoolQ (Clark
et al., 2019), Belebele (Bandarkar et al., 2024)),
and the ability to handle Misinformation (Truth-
fulQA (Lin et al., 2022)).

These benchmarks are primarily available in En-
glish, but researchers and practitioners have in-
creasingly turned to synthetic data creation meth-
ods to address the gap in low-resource languages
(Long et al., 2024). One promising approach in-
volves utilizing MT to generate synthetic datasets
for these languages. This method harnesses the
capabilities of existing translation models to create
large-scale, high-quality synthetic data, which can
then be used to train LLMs.

In this paper, we introduce a comprehensive ap-
proach that leverages MT, specifically from English
to MSA and MSA to dialects, combined with hu-
man post-editing, to develop synthetic benchmarks
for low-resource DA. We concentrate on the Lev-
antine (LEV), and Egyptian (EGY) dialects. Our
primary goal is to curate benchmarks that evaluate
the performance of LLMs across underrepresented
language and dialects.

Moreover, we introduce a third and novel bench-
mark, AraDiCE-Culture, focused on cultural
awareness across the Levantine, Egyptian, and Gulf
regions. This benchmark evaluates whether LLMs
grasp regional cultural nuances beyond language.
Our dataset includes questions on public holidays,
food, geography, history, public figures, traditional
clothing, and more. We probe cultural specifics
to assess if the LLMs can differentiate between

these regions, emphasizing the importance of mod-

els to understand both dialects and their cultural®

contexts. Our contributions in this work include:

* We develop benchmarks through the translation
and post-editing of dialectal data, and assess
LLMs’ performance in cognitive abilities, un-
derstanding, and generation tasks across MSA
and Dialectal Arabic.

* We create the first benchmark for region-wise
cultural evaluation in the Gulf, Egyptian, and
Levant regions.

* We present a comparative analysis of Arabic-
focused LLMs, such as Jais (Sengupta et al.,
2023) and AceGPT (Huang et al., 2024), along-
side state-of-the-art models Llama 3 (Touvron
et al., 2023) and Mistral (Jiang et al., 2023).

* To our knowledge, this is the first effort to de-
velop dialectal benchmarks for Arabic LLMs.

* We have released the dialectal translation models
and benchmarks curated in this study.

A summary of our findings is as follows:

Understanding and Generation LLMs gener-

ally struggle with dialect identification, generation,

and translation tasks. Although Arabic-centric
models perform better on dialectal tasks, their per-
formance still lags compared to MSA or English.

These models often rely on MSA knowledge for

distinguishing between dialects. They are better

at encoding and understanding dialects than at
generating or translating them, as evidenced in
dialect generation and translation tasks.

Cognitive Abilities Arabic-centric LLMs, such as

Jais and AceGPT are better equipped to handle

both MSA and its dialects. In contrast, multilin-

gual LLMs, such as Llama3 and Mistral, show

a substantial deficiency in adapting to Arabic di-

alects, highlighting a significant gap in their ability

to handle linguistic diversity in this context.

Cultural Understanding Arabic-centric models

also demonstrate a superior understanding of cul-

tural nuances compared to general multilingual

LLMs. This highlights the need for a more spe-

cialized training regimen to effectively address re-

gional linguistic and cultural variations.

Dialectal Variability The effectiveness of Arabic-

centric models varies notably across dialects, with

stronger performance in generating Gulf responses,
likely due to the dialect’s closer resemblance to

MSA. Our findings highlight the importance of

*We follow the definition of culture from AlKhamissi et al.
(2024), which describes it as “a multi-faceted inquiry reflect-
ing diversity across worldviews and belief systems.”
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AraDiCE in assessing dialectal capabilities and
identifying gaps in LLM models.

2 Datasets

We begin by selecting a range of datasets com-
monly used for standard LLM benchmarking, in-
cluding specific to Arabic. These datasets evaluate
capabilities such as understanding and generation,
world knowledge, commonsense reasoning, read-
ing comprehension, misinformation, and cultural
understanding, as outlined in Figure 1.

We selected the datasets with a focus on diver-
sity and linguistic compatibility.® These datasets
include tasks involving generation and multiple-
choice questions. The datasets used in this study
include: (i) four existing Arabic datasets for under-
standing and generation: Arabic Dialects Dataset
(ADD) (El-Haj et al., 2018), ADI (Abdelali et al.,
2024), and QADI (Abdelali et al., 2021), along
with a dialectal response generation dataset (Naous
et al., 2022), and MADAR (Bouamor et al., 2018);
(ii) seven datasets translated into MSA and di-
alects (Levantine and Egyptian),* which include
ArabicMMLU (Koto et al., 2024) Bool(Q (Clark
etal., 2019), PIQA (Bisk et al., 2020), OBQA (Mi-
haylov et al., 2018), Winogrande (Sakaguchi et al.,
2021), Belebele (Bandarkar et al., 2024), and Truth-
fulQA (Lin et al., 2022); and (iii) AraDiCE-Culture,
an in-house developed regional Arabic cultural un-
derstanding dataset. A detailed description of each
dataset can be found in Appendix A.

Cultural Dataset: We curated a dataset of 180
culturally specific questions by hiring native an-
notators from the Gulf, Egypt, and the Levant re-
gions to generate seed questions centered on cul-
tural and country-specific themes. After reviewing
all submitted questions, we selected those with
varying answers across regions. To verify these
differences, we appended a country name to each
question and used Google Search to examine the
top 5 search results. Only questions with distinct
answers across countries were retained, resulting
in a final set of 30 unique questions. These ques-
tions were then translated into the dialects of six
countries within the targeted three regions (Gulf,
Levant, and Egypt). The questions span various
categories, including public holidays, food, geogra-

3By linguistic compatibility, we mean native speakers may
not use dialectal Arabic for queries related to programming
and coding.

*Except for ArabicMMLU, which is already in MSA.

phy, and religion. For gold-standard answers, we
followed the NativeQA framework (Hasan et al.,
2024). Annotators reviewed both the questions and
the top 5 search results, combining web data with
their cultural knowledge to provide the most ac-
curate answers. Detailed guidelines and sample
question-answer pairs can be found in Appendices
A.3, G and Table 26.

3 Machine Translation and Post-Editing

Machine Translation is crucial for developing re-
sources for low-resource languages with multiple
dialects, like Arabic, which has MSA for formal
use and diverse dialects like Egyptian and Levan-
tine for everyday communication (Durrani et al.,
2014). These dialects differ significantly from
MSA and from each other, presenting unique chal-
lenges for NLP tasks.

For MSA, several studies have released datasets,
including MMLU, HellaSwag, and Arc-Challenge
by Okapi (Lai et al., 2023), as well as MMLU by
AceGPT (Huang et al., 2024). Due to inconsisten-
cies in the number of samples between the original
datasets, we refrained from adopting them directly.
Instead, we translated these datasets into MSA us-
ing Google Translate. Currently, no publicly avail-
able translation systems support direct translation
between Arabic dialects or between English and
specific Arabic dialects; most MT systems focus on
MSA-English translation. To address this gap, we
trained models to translate from MSA to various
Arabic dialects. Translated datasets were manually
post-edited for fluency and accuracy. Details of
our dialectal MT and post-editing framework are
provided below.

3.1 Dialectal MT

We develop MT models translating between MSA
and two major dialects: Egyptian and Levantine
Arabic. By translating MSA benchmarks like
ArabicMMLU, we create resources for evaluating
LLMs’ understanding of dialectal Arabic.

Data: For training our translation systems, we
utilized several datasets, including the MADAR
(Bouamor et al., 2018), UFAL (Krubinski et al.,
2023), LDC (Mubarak, 2018), ArzEn-MultiGenre
(Hamed et al., 2023), and the SADID (Abid, 2020).
Please see Appendix B.1 for more details.

Models: We fine-tuned two robust machine trans-
lation models: AraT5 (Nagoudi et al., 2022) and
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Data Set Trans. Edited Size

Understanding and Generation

QADI Test X X 2,597
ADI Test X X 550
MADAR Test X X 37,550
DA Response Test X X 1,000
Cognitive Abilities
ArabicMMLU Test v 14459
PIQA Val v v 1838
OBQA Test v 500
Belebele Test X X 3,600
Winogrande Val v v 1,267
Truthful QA Test v v 780
BoolQ Val v v 892
Cultural Understanding
AraDiCE-Culture Test - - 180

Table 1: Selected datasets with translation and editing
status: Trans: Translation | Edited: Post-editing.

NLLB (Team et al., 2022). We experimented with
several variants of these models, with sizes rang-
ing from 600M to 3.3B parameters. AraT5 is an
Arabic language model based on the T5 (Text-to-
Text Transfer Transformer) architecture. In our
preliminary experiments, we found the NLLB 3.3B
model to surpass AraT5 and its smaller variants,
post fine-tuning with dialectal data. We carried out
ablation studies using different data mixtures on
the NLLB 3.3B model. We shortlisted three sys-
tems per dialect using BLEU scores as the primary
criterion (see Tables 5 and 6 in Appendix B.3) and
conducted human evaluation to select the best sys-
tem for each dialect. Please see Appendix B for
details on our exploration of Dialectal MT.

3.2 Post-Editing of MT (PEMT)

The translated datasets were manually post-edited
to ensure fluency and adequacy. We post-edited
the majority of the test sets (see Table 1), with the
exception of BoolQ and Truthful QA. For these two
datasets, we chose specific samples for post-editing
based on the following criteria: (i) shorter text
length to minimize post-editing effort, (ii) cultural
and religious compatibility with the Arab region,
and (iii) linguistic compatibility with Arabic. We
excluded language-specific samples, such as those
asking for the origin of an English word. In Table
1, we provide statistics of the datasets along with
their translation and post-editing status.

Guidelines To assist the translators and maintain
dataset integrity, we provided two sets of guide-
lines for each dataset (except Arabic MMLU). One
set focused on post-editing translated samples in
MSA, while the other targeted the same process
for dialects. Each dataset’s guidelines included: (i)
details on the task components (e.g., one question
and four answers), (ii) general instructions for cor-
recting errors and improving fluency and adequacy,
and (iii) specific instructions for handling unique
cases within the datasets. Detailed instructions for
the guidelines are provided in the Appendix F.

Team and Setup The translation team comprised
32 native speakers fluent in Levantine, Egyptian,
and MSA, with educational backgrounds ranging
from Bachelor’s to Master’s degrees, and ages be-
tween 21 and 53. Many were professional transla-
tors. They received specific guidelines and train-
ing tailored to each dataset and dialect to ensure
translation quality. To manage the post-editing
workload efficiently, we assigned one translator per
item, which helped minimize costs and time. A
random sample of post-edited texts was reviewed
by the expert translators for quality assurance. The
process was streamlined using an in-house annota-
tion platform and 17 dedicated projects, resulting
in the post-editing of ~45K items. A third-party
company handled the hiring and competitive com-
pensation of translators.

While synthetic datasets, such as those gener-
ated through machine translation, offer valuable
opportunities to expand data coverage, they can
introduce inherent biases that are difficult to com-
pletely mitigate during post-editing. To address
this, our approach emphasizes refining translations
to ensure alignment with Arabic linguistic nuances
and cultural relevance. For tasks requiring world
knowledge, we opted for ArabicMMLU (origi-
nally in Modern Standard Arabic, or MSA) instead
of MMLU, as it better represents the knowledge
and contexts relevant to Arabic-speaking commu-
nities and regions. For the Winogrande dataset, we
made specific adjustments to culturally sensitive
instances, as detailed in Section H.1.3.

4 Experimental Setup

Models: For the LLMs benchmarking experi-
ments we used open models, such as Llama-3-
8B-Instruct (Touvron et al., 2023), Mistral-7B-
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Instruct (Jiang et al., 2023),> AceGPT-13B-chat
(Huang et al., 2024) and Jais-13b-chat (Sengupta
et al., 2023). A random model® was used as a base-
line to evaluate the relative performance of these
LLMs. We have chosen to use only open models
to reduce the computational budget.

Prompt: In our experiments, we employed zero-
shot learning to observe performance differences
across dialects. Although few-shot learning is
known to enhance performance, we chose not to
include it to simplify the experiments and mini-
mize computational costs. We used prompts in
English, MSA, and dialects depending on the task,
and released both the prompts and configurations
via Im-harness.

Evaluation: We used the LM Evaluation Har-
ness’ for both generation and multiple-choice tasks,
employing standard metrics for each task and
dataset. We used F1 scores for dialect identifica-
tion, normalized accuracy for cognitive tasks, and
SacreBLEU (Post, 2018) for machine translation.

5 Results

5.1 Understanding and Generation

We evaluate the models’ ability to encode and gen-
erate dialectal Arabic, focusing on tasks like dialect
identification, dialect generation, and MT.

5https://huggingface.co/mistralai/
Mistral-7B-Instruct-ve.2

6https://huggingface.co/HuggingFaceH4/
tiny-random-LlamaForCausallM

7https://github.com/EleutherAI/
Im-evaluation-harness

5.1.1 Dialect Identification

Figure 2 show that all LLMs struggle to distinguish
between dialects, especially compared to SOTA
models (Hassan et al., 2021). Performance varies
across datasets: Llama 3 excels on QADI, while
Jais outperforms it on ADI and ADD, likely due to
differences in the data—QADI uses tweets, ADI
has speech transcripts, and ADD includes Arabic
commentaries. Our error analysis (Figure 4) shows
Llama 3 confuse Gulf with Lev, Mistral confuses
MSA with Lev/Gulf, Jais often confuse Egy with
Gulf, while AceGPT mistakes MSA for Gulf. The
models tend to fall back on MSA knowledge when
distinguishing between dialects. Please see Ap-
pendix C.1 for a more comprehensive analysis.

5.1.2 Dialect Generation

We assessed the models’ ability to generate re-
sponses in dialectal Arabic. Initially, we used a
dialectal response generation task (Naous et al.,
2022), where models were prompted in a specific
dialect and asked to generate a response. However,
qualitative analysis revealed that models often ex-
plained the prompt instead of generating a dialectal
response (see Appendix C.2 for examples). To ad-
dress this, we simplified the task: models were
given multiple response options, with only one in
the correct dialect, and asked to select the best re-
sponse. Accuracy scores for this MCQ response se-
lection task are shown in Figure 3. Overall, models
performed better on the Gulf dialect, with Arabic
LLMs like Jais and AceGPT outperforming Llama
3 and Mistral across all dialects.

5.1.3 Machine Translation

To assess the models’ capacity to encode and gener-
ate dialectal knowledge, we use Dialect-to-English,
MSA and English, MSA-to-Dialect tasks. The for-
mer evaluates the ability to encode dialects, while
the latter assesses generation capabilities. Results
averaged across multi-dialectal MADAR test sets
are shown in Table 2. Several observations emerge:

Dialect-to-English translation scores are signifi-
cantly higher across all models and dialects com-
pared to translations into dialects. This suggests
that models excel at understanding and encod-
ing dialects more than generating them. While
the models benefit from their similarity to MSA in
encoding, they struggle with generating dialectal
text due to differing vocabulary and data sparsity.
This highlights limitations in producing fluent and
accurate dialectal language.
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Dialects-to-English | English-to-Dialects | MSA-to-Dialects
Dialect Llama 3 Mistral Jais AceGPT ‘ Llama 3 Mistral Jais AceGPT ‘ Llama 3 Mistral Jais AceGPT
Gulf 25.7 15 361 378 24 05 10 15 22 07 16 31
Levantine  23.0 122 361 353 14 02 09 21 13 03 13 30
Egyptian  26.9 139 402 398 2.0 04 12 38 15 03 21 3.8
Table 2: Average BLEU scores across three translation tasks using MADAR test sets
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Figure 5: Average scores on ArabicMMLU

AceGPT consistently scores higher in BLEU
across all dialects, showing superior translation
performance. Jais also performs well compared to
Llama 3 and Mistral, which score lower. However,
all models show significantly reduced BLEU scores
for translating into dialects, complicating reliable
performance comparisons in this direction.

5.2 Cognitive Abilities

We now assess the dialectal Arabic abilities in
LLMs through world knowledge, reading compre-
hension, commonsense reasoning, and misinforma-
tion tasks, providing a thorough evaluation of their
performance on dialect-specific challenges.

5.2.1 World Knowledge

The overall results in Figure 5 show that AceGPT
and Jais excel across the board on both the EGY
and LEV ArabicMMLU benchmarks proposed in
this work, and the original MSA ArabicMMLU.
This suggests that these Arabic-centric models are
well-suited not only for MSA but also for dialectal
variations. In contrast, Llama 3 and Mistral, which
are not trained specifically on Arabic, struggle sig-
nificantly more with EGY and LEV compared to
their performance on ArabicMMLU. This high-
lights the effectiveness of the proposed dialectal

Our evaluation across the PIQA, OBQA, and Wino-
grande (See Figure 6) reveals several key insights
into model performance with respect to MSA and
various Arabic dialects, and how these compare
to English. Jais consistently outperforms other
models across MSA and dialects, including Lev
and Egy, demonstrating a strong ability to han-
dle physical commonsense reasoning and complex
linguistic nuances. AceGPT also performs well,
particularly in Egy, but falls slightly behind Jais in
MSA and Lev. This suggests Jais is better tuned
for the broader spectrum of Arabic dialects. In
contrast, Llama 3 and Mistral show a significant
performance drop from English-to-dialectal Arabic,
indicating challenges likely due to limited training
data for these dialects.

Task-specific Insights Jais leads in handling
PIQA across MSA and dialects, indicating its ad-
vanced capability in dealing with dialectal intri-
cacies. AceGPT, while effective, shows slightly
reduced performance compared to Jais, especially
in MSA and Lev dialects. Llama 3 and Mistral’s
substantial performance drop highlights their dif-
ficulties with dialectal Arabic, reinforcing the im-
pact of training data limitations. In OBQA, both
AceGPT and Jais perform relatively well in MSA
and dialects, with AceGPT having a slight edge in
Egy dialect. This performance illustrates their pro-
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ficiency in handling multi-step reasoning in Arabic.
Mistral and Llama 3, despite their strong English
performance, struggle with MSA and dialects, re-
flecting the challenges posed by Arabic-specific
content and dialectal variations due to their focus
on resource-rich languages during training.

In Winogrande, Jais excels in commonsense rea-
soning across MSA and Lev dialects, surpassing
other models. AceGPT also performs effectively
across all dialects but does not exceed Jais, indi-
cating that while it is proficient, it lacks the spe-
cialized edge found in Jais. Llama 3 and Mistral
show reduced performance in dialects compared
to MSA, revealing their limitations in managing
dialectal variations and highlighting the impact of
their English-centric training.

5.2.3 Reading Comprehension

Figure 8 show our results on reading comprehen-
sion tasks. The results across BoolQ and Belebele
provide insights into how different models handle
reading comprehension in MSA and dialects com-
pared to English. For the BoolQ task, we observe
that while Llama 3 performs exceptionally well in
English, achieving 0.85 accuracy, its performance
drops noticeably when applied to MSA (0.74) and
even further in Lev (0.71) and Egy (0.73). This
indicates a significant challenge for general models
when transitioning from English to dialectal Arabic,
despite the rich knowledge base Llama has. Inter-
estingly, Mistral and Jais show a similar drop in
performance across dialects, with Jais maintaining
relatively higher accuracy in MSA, likely due to its

Arabic-centric training. However, AceGPT stands
out with the highest MSA score (0.77) and remains
competitive across dialects, suggesting that it better
adapts to the linguistic variations within Arabic.

For the Belebele dataset, the performance trends
are similar. AceGPT and Jais lead the pack in
MSA and dialects, with Jais achieving the highest
MSA score (0.57) and performing equally well in
Lev and Egy (0.49). This further demonstrates
the ability of Arabic-centric models to leverage
dialect similarities and perform well across diverse
Arabic varieties. Llama and Mistral, while strong
in general tasks, show a clear performance gap
when tested on Arabic dialects, particularly in Egy,
suggesting that they struggle to bridge the linguistic
distance between MSA and its dialects.

5.24

The results for the Truthful QA task across Lev, Egy,
and MSA show that model performances are often
close to random, especially for Lev and Egy, as
reported in Figure 7. Mistral performs best overall,
particularly in Lev, but its scores are only slightly
above random. We leave a detailed exploration of
this for the future.

Misinformation

5.3 Cultural Understanding

The results on the cultural understanding task
(MCQ version—Figure 9), indicate that Jais is the
most culturally aligned model, followed closely
by AceGPT, both showing superior awareness of
the Egyptian culture. One possible justification
is that the Egyptian population (and consequently
its online presence) is significantly larger than the
other two regions. Llama 3 and Mistral generally
show performances close to the random baseline,
suggesting limited awareness of Arabic culture.

In a qualitative analysis of the models’ responses
(when prompting the models in a generation setup),
Llama 3 frequently generated fictional entities (e.g.,
names of people or holidays) and lacked geograph-
ical and historical knowledge. For example, when
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Figure 9: Results on cultural understanding

asked about the highest mountain in Jordan, it incor-
rectly named a mountain in Saudi Arabia. Jais and
AceGPT performed better overall, though AceGPT
had some issues following instructions as accu-
rately as Jais. Further discussion and example mod-
els’ responses can be found in the Appendix E.

5.4 Additional Model Evaluations

To validate the applicability of the proposed
AraDiCE benchmark, we expand our evaluation
to cutting-edge models in Arabic and multilin-
gual language modeling, including Fanar (Fanar-
Team, 2024), Gemma-2-9B (Team et al., 2024),
Aya-Expanse-8B (Ustiin et al., 2024), Qwen2.5-
7B (Yang et al., 2024), Llama-3.1-8B-Instruct, and
AceGPT-v2-8B-Chat. These models represent di-
verse architectures and training paradigms, offering
valuable insights into handling complex linguistic
phenomena. Fanar, built on Gemma, highlights
the potential of Arabic-centric pretraining, while
Qwen and Aya reflect innovations in multilingual
fine-tuning. Due to resource constraints, we focus
on Arabic MMLU and PIQA datasets, which assess
performance on diverse, challenging tasks. This
extended evaluation underscores AraDiCE’s role in
advancing Arabic LLM benchmarks and guiding
future developments.

ArabicMMLU: As we observed earlier, the mod-
els generally perform better on MSA than on the
dialects, reflecting the resource-rich training avail-
able for MSA data. Among the models (as shown

Figure 10: Performance of various models on the Arabic
MMLU across MSA, Levantine, and Egyptian.
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Figure 11: Performance of various models on the Arabic
PIQA across MSA, Levantine, and Egyptian.

in Figure 10), Fanar 8.7B stands out as the top
performer, showcasing strong capabilities in both
MSA and dialects. Its superior performance in
MSA can be attributed to its MSA-specific training
and its foundation on Gemma2 9B, which provides
a robust baseline. Notably, Gemma2 outperforms
other Arabic-centric models on dialects in the Ara-
bicMMLU, highlighting its strength in handling
dialectal variations.

PIQA: As shown in Figure 11, in PIQA, a task
focused on common-sense reasoning, Fanar 8.7B
again outperforms the other models, particularly
in Egyptian Arabic. Jais 13B follows closely be-
hind, demonstrating solid generalization across
MSA and dialects, though it still lags behind Fa-
nar in dialectal contexts. The Qwen2.5 7B model,
while less competitive in MMLU, performs better
on PIQA for Levantine and Egyptian, suggesting
that its reasoning capabilities are more adaptable
to dialectal inputs. Gemma?2 9B and Aya 8B show
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more consistent, though lower, performance across
both dialects and MSA. The gap between Gemma?2
and Aya is relatively small, with Aya performing
slightly better in Egyptian Arabic in both MMLU
and PIQA tasks, suggesting that Aya might have
some potential in specialized domains.

These results highlight the ongoing challenges
of Arabic dialectal processing and reinforce the ef-
ficacy of AraDiCE as a benchmark that can expose
performance gaps across dialects. Moreover, the
models tested here exhibit varying degrees of sen-
sitivity to dialectal variations, indicating that future
model development and fine-tuning efforts need
to take into account dialectal diversity to improve
overall Arabic LLMs capabilities.

6 Related Work

There has been considerable work on benchmark-
ing language models in Arabic, with prior research
often including Arabic in multilingual benchmarks
like XGLUE (Liang et al., 2020), XTREME (Hu
et al., 2020), XTREME-R (Ruder et al., 2021),
GEM (Gehrmann et al., 2021), Dophin (Nagoudi
et al., 2023). These benchmarks cover a variety of
tasks, primarily focusing on classification problems
such as natural language inference and generation,
part-of-speech tagging, named entity recognition,
and summarization.

Another relevant dataset is EXAMS (Hardalov
et al., 2020), featuring multilingual school exam
questions, including about 500 in Arabic. This
dataset extends evaluation to educational contexts,
providing a diverse testing ground for language
models. Notable benchmarks in the realm of ques-
tion answering (QA), that primarily aim to evalu-
ate models on reading comprehension and QA in-
clude TyDiQA (Clark et al., 2020), Arabic-SQuAD
(Mozannar et al., 2019), and MLQA (Lewis et al.,
2020). These datasets primarily aim to evalu-
ate models on reading comprehension and QA.
More recently, Koto et al. (2024) introduced Ara-
bicMMLU, focusing on the MENA region. The
dataset includes 40 tasks in MSA. However, a limi-
tation of their work, is the lack of dialectal Arabic.

Significant efforts have been made in training
Arabic language models (LMs) (Antoun et al.,
2020; Inoue et al., 2021; Abdul-Mageed et al.,
2021; Nagoudi et al., 2022) and more recently,
LLMs like Jais (Sengupta et al., 2023), AceGPT
(Huang et al., 2024), ALLaM (Bari et al., 2024),
Arabic Stable LM (Alyafeai et al., 2024), and FA-

NAR (Fanar-Team, 2024). Jais is trained from
scratch on 72 billion Arabic tokens, AceGPT builds
on Llama2 with reinforcement learning from Al
feedback, ALLaM spans 7B—70B parameters but is
not publicly available, Arabic Stable LM fine-tunes
Stable LM 2 with 1.6B parameters, and FANAR
LLM supports diverse language, speech, and image
generation tasks.

There has also been efforts benchmarking LLMs
for Arabic, most notably focusing on standard
LLMs based dataset evaluation (Sengupta et al.,
2023) and NLP tasks (Khondaker et al., 2023; Ab-
delali et al., 2024; Dalvi et al., 2024), prompting in
native (Arabic) and non-native (English) language
(Kmainasi et al., 2025) and multimodality (Alwajih
et al., 2024; Das et al., 2024).

Focusing on benchmarking the cultural capabili-
ties of LLMs, this includes measuring how entity
mentions are culturally biased towards Western or
Arab contexts (Naous et al., 2024), and assessing
cultural alignment based on the World Values Sur-
vey (AlKhamissi et al., 2024). Other notable work
on cultural benchmarking include (Demidova et al.,
2024; Shen et al., 2024; Liu et al., 2024; Arora
et al., 2024; Myung et al., 2024). While prior work
has focused on benchmarking LLMs for MSA, our
study extends this by evaluating both MSA and
dialects (Lev and Egy) using Arabic-centric and
non-Arabic-centric LLMs.

7 Conclusions

We developed dialectal Arabic benchmarks through
machine translation and post-editing. Our bench-
marks evaluate various NLP tasks, including under-
standing, generation, and cultural awareness across
Arabic dialects. Our results show that while Arabic-
centric models like FANAR, Jais and AceGPT per-
form better in dialectal contexts, they still face
challenges compared to MSA and English. Per-
formance varies by dialect and task, highlighting
the need for more specialized training for effec-
tive handling of regional linguistic and cultural nu-
ances. We have released our dialectal benchmarks
and models to support future research and advance-
ments in NLP for low-resource languages. We
also released the dialectal translation models® and
benchmarks developed in this study to support fur-
ther research in NLP for low-resource languages.

8https://huggingface.co/datasets/QCRI/AraDiCE
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Appendix
A Details of the Dataset

A.1 Understanding and Generation

To assess whether LLMs can effectively understand
and communicate in various Arabic dialects, we
focus on tasks such as dialect identification, dialec-
tal generation and machine translation to and from
dialects. These tasks are crucial for evaluating a
model’s ability to comprehend and generate dialec-
tal content. We have selected datasets specifically
designed for these tasks, as illustrated in Figure
1, to validate the models’ proficiency in handling
dialectal information.

¢ Dialect Identification:

— QADI (Abdelali et al., 2021): A dataset of
540,590 tweets from 2,525 users covering 18
different Arabic dialects from the Middle East
and North Africa.

— ADI:'? Comprising 750 utterances from ADI-
5 and ADI-17 test sets, with 50 utterances
from each of 14 countries in the Middle East
and North Africa, including MSA.

— Arabic Dialects Dataset (ADD) (El-Haj et al.,
2018): Contains 16,494 sentences across
Egyptian, Levantine, Gulf, and North African
Arabic dialects.

* Dialect Generation: The Dialectal Response
Generation Dataset (Naous et al., 2022) fea-
tures 1,000 utterance-response pairs in Levantine,
Egyptian, and Gulf dialects. We further enhance
this dataset by developing a multiple-choice ques-
tion format, allowing for a more rigorous empiri-
cal evaluation.

* Machine Translation: The MADAR corpus
(Bouamor et al., 2018) is used for machine trans-
lation tasks, providing translations between 25
Arabic city-level dialects and other languages.

A.2 Cognitive Abilities

To further evaluate the cognitive abilities'! of
LLMs in understanding and communicating across
different Arabic dialects, we curated a set of chal-
lenging tasks that assess the models’ knowledge,
reasoning, comprehension, and ability to handle
misinformation. These tasks are designed to test

10https ://arabicspeech.org/adi_resources/mgb5

""'We use the term cognitive to refer to abilities related to
language understanding (semantics), comprehension, genera-
tion, reasoning, and solving NLP-related tasks.

whether the models can accurately interpret and
generate responses in dialectal Arabic, a critical
skill for real-world applications. The datasets were
translated and post-edited from Modern Standard
Arabic (MSA) and English into Egyptian and Lev-
antine dialects to form a comprehensive benchmark
that captures the linguistic diversity and complex-
ity of Arabic dialects. Notably, the ArabicMMLU
dataset (Koto et al., 2024) is already provided in
MSA, so only dialectal translations were generated
for this dataset. Below, we outline the datasets
used, with further details on our translation and
post-editing process provided in Section 3.

Arabic Massive Multitask Language Under-
standing We translated ArabicMMLU (Koto
et al., 2024) into Egyptian and Levantine dialects.
It consists of subjects featuring questions written in
MSA, sourced from eight different countries, and
covers diverse disciplines such as history, geogra-
phy, law, civics education, and driving tests across
different education levels. Each question in the
dataset has 2-5 candidate answers, with one correct
option.

Common Sense Reasoning We also translated
several commonsense reasoning tasks into MSA
and dialects.

* PIQA (Physical Interaction QA) (Bisk et al.,
2020): This dataset is mainly focused on phys-
ical commonsense knowledge about everyday
objects, such as their physical properties, affor-
dances, and how they can be manipulated. It in-
volves reasoning about how objects interact in the
real world, as well as understanding the conse-
quences of certain actions in everyday situations.
The underlying task for this dataset is multiple-
choice question answering—given a question ¢
and two possible solutions s; and s», the task is
to choose the most appropriate solution, of which
exactly one is correct.

* OBQA (Open Book QA) (Mihaylov et al.,
2018): This dataset is developed from 1,326
elementary-level science facts, containing ap-
proximately 6,000 questions. The questions re-
quire multi-step reasoning, the use of additional
common and commonsense knowledge, and deep
text comprehension. Each task consists of a ques-
tion with several answer options.

* Winogrande (Sakaguchi et al., 2021): This
dataset builds on the original Winograd Schema
Challenge (WSC) (Levesque et al., 2012), which
focused on pronoun resolution. The Winogrande
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dataset extends this work, making it larger and
more complex.

Reading Comprehension

¢ Belebele (Bandarkar et al., 2024): This dataset
consists of 900 unique multiple-choice reading
comprehension questions. Each question is asso-
ciated with one of 488 distinct passages across
122 language variants from around the world. It
also includes MSA and various Arabic dialects
such as Levantine, Gulf, Egyptian, Iraqi, and
Moroccan. We selected MSA, Levantine, and
Egyptian dialects for our study.

¢ BoolQ (Clark et al., 2019): This dataset consists
of 3,270 naturally occurring yes/no questions
and answers. These examples are designed in
a reading comprehension task setup to increase
their difficulty. Each example includes a triplet:
a question, a passage, and an answer, with the
page title optionally providing additional context.
We translated this dataset into MSA, Egyptian
and Levantine dialects for our study.

Misinformation For assessing misinformation,
we used TruthfulQA (Lin et al., 2022). This
dataset is specifically designed to evaluate the ac-
curacy and truthfulness of answers provided by
language models. It includes 817 questions across
28 diverse categories, such as health, law, finance,
and politics. The questions are crafted to address
the potential for incorrect answers stemming from
common misconceptions or false beliefs.

A.3 Cultural Understanding

In this paper, we introduce a novel benchmark
focused on cultural awareness across the Levant,
Egypt, and Gulf regions. This benchmark goes be-
yond language proficiency to assess whether LLMs
can accurately capture the cultural nuances specific
to these regions. The dataset contains 180 ques-
tions covering 9 cultural aspects, including events
(e.g., public holidays), traditions (e.g., food and
clothing), geography, history, literature, and reli-
gion. To our knowledge, this is the first cultural
dataset specifically designed to capture region-wise
cultural understanding. Existing datasets targeted
the Arab culture in general. Table 3 presents exam-
ple dialectal questions across the different countries
within the region of interest in this work.

B Machine Translation

Machine translation of Arabic is challenging due to
morphological complexity and dialectal variations

English Arabic | Category
What is the traditional folk | a3l Lwsdl a8 )l & o5 | Tradition
dance in Syria? gﬂ)}___,

What are the festivals cel- | Ly Jan U ;k:.:g\ | Events
ebrated by the people of "o s LUl

Egypt? MR

What are the seas that | Lds Jt M l=Jl » o3 | Geography
Lebanon overlooks? i i Sl

What sweets do they make | § Ligouy U olgldl g5 Food
on Eid in Qatar? § ks d ]

Table 3: Example dialectal cultural questions across
countries.

(Birch et al., 2014; Sajjad et al., 2017). Here we
detail our efforts in training MSA—dialect models.

B.1 Data

We used the dataset listed below to develop the
machine translation system. We provide a brief
description of each dataset.

e Madar (Bouamor et al., 2018): Parallel cor-
pus of 25 Arabic city dialects in the travel
domain. It comprises data in the Levantine,
Egyptian, Moroccan, and Gulf dialects.

* UFAL Parallel Corpus of North Levan-
tine 1.0 (Krubinski et al., 2023): Consists
of ~ 120K parallel sentences in English,
French, German, Greek, Spanish, MSA from
the OpenSubtitles2018 corpus and manually
translated to the north Levantine dialect.

* LDC: From the LDC catalogue we utilize
the Arabic-Dialect/English Parallel Text '
(referred to as LDC), and the BOLT Arabic
Discussion Forum Parallel Training Data (re-
ferred to as BOLT).!?

* DIA2MSA (Mubarak, 2018): Consists of
tweets written in four Arabic dialects (Egyp-
tian, Gulf, Levantine, and Maghrebi) and their
corresponding MSA translations.

* ArzEn-MultiGenre (Hamed et al., 2023): A
parallel dataset of Egyptian Arabic Songs,
Lyrics, Novels, and TV show subtitles that
were human-translated.

* PADIC (Meftouh et al., 2015): Parallel cor-
pus containing dialectal Arabic texts covering

Phttps://catalog.ldc.upenn.edu/LDC2012T09
Bhttps://catalog.ldc.upenn.edu/LDC2019T01
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Dataset EGY GLF LEV

MADAR 17,885 25,759 21,853
UFAL 0 0 120,600
LDC 38,154 0 138,010
BOLT 113,394 0 0
Dia2msa 16,355 18,000 18,000
Arzen 24,530 0 0
PADIC 0 0 14,426

Table 4: Statistics for the datasets used for training.

OSACT SADID LDC D2M
S1 9.8 12.7 62 110
S2 9.8 11.8 63 117
S3 9.7 11.8 70 478
S4 5.92 842 346 4.89

Table 5: SacreBLEU Scores on test sets for our MSA-
to-LEV models: S/ = UFAL, S2 = +LDC, MADAR,
PADIC, D2M, S3 = +LDC, MADAR, PADIC, D2M, $4
= GPT4 zero-shot.

six Arabic cities.

In some cases, the dataset does not contain a
dialectal counterpart. To address this issue, we
translate the data from English to the correspond-
ing dialect using the NLLB (nllb-200-3.3B)'* base
model (Team et al., 2022). The number of paral-
lel sentences included in each dataset is presented
in Table 4. We used dialectal tests in AraBench
(Sajjad et al., 2020) for our evaluation.

B.2 Models

We fine-tuned two robust machine translation mod-
els: AraT5 (Nagoudi et al., 2022) and NLLB (Team
et al., 2022). We experimented with several vari-
ants of these models, with sizes ranging from
600M to 3.3B parameters. AraT5 is an Arabic lan-
guage model based on the TS5 (Text-to-Text Trans-
fer Transformer) architecture. The NLLB model is
a state-of-the-art machine translation model devel-
oped by Meta, as part of their initiative to improve
translation quality across a broad spectrum of lan-
guages, including Arabic.

B.3 Machine Translation Results

In our preliminary experiments, we found that the
NLLB 3.3B model outperformed AraT5 and its
smaller variants after fine-tuning with dialectal data
(Table 7). We carried out ablation studies using

14https ://huggingface.co/facebook/n1lb-200-3.
3B

ARZEN D2M LDC MADAR
S1 1.8 573 118 17.7
S2 17.3 572 123 17.6
S3 15.8 55.0 112 17.9
S4 1.88 7.53 283 6.02

Table 6: SacreBLEU scores on test sets for the selected
MSA-to-EGY models: S = MADAR + D2M + LDC,
S$2 = MADAR + D2M + LDC + Arzen, S3 = MADAR +
D2M + LDC + Arzen + BOLT, S4 = GPT4 zero-shot.

different data mixtures on the NLLB 3.3B model.
Initially, we shortlisted three systems per dialect

using BLEU scores as our primary criterion (Tables
5,6).

Nonetheless, basing decisions solely on BLEU
scores presents a risk of over-fitting. We observed
improved performance on specific tests after incor-
porating in-domain training data. Therefore, we
carried out a human evaluation of the selected sys-
tems to select the best model for translation. For
this, we selected a sample of 100 sentences from
different genres, and carried out translations using
the systems. We conducted a human evaluation by
showing the output of three translation systems and
asked the participants to select the “best system(s)”.
The instructions to the annotators were as follows:

1. Find a row that does not yet have an entry
under “best system,” and enter S1, S2, or S3 to
represent the system with the best translation.

2. If two systems have the same quality, you may
enter both under “best system” (e.g., S1/S3).

3. If none of the translations are acceptable, enter
“0”, referred as None.

4. The translations may be in any specific sub-
dialect (Palestinian, Lebanese, Jordanian, or
Syrian).

In Tables 8 and 9, we report our human evalua-
tion results, which show that System S1, which
is NLLB tuned just using UFAL data was best
for translating MSA-to-Levantine and System S2
trained using MADAR, Dial2MSA and LDC data
was better for translating MSA-to-Egyptian transla-
tion. However, in our human evaluation, we found
that humans had more confidence in the MSA-to-
Levantine system than in MSA-to-Egyptian.
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LDC Madar UFAL Oscat Avg.
NLLB3.3B 3.8 304 324 1.7  19.6
AraT5 4.3 21.4 334 122 178

Turjuman 4.1 19.3 332 11.3 170

Table 7: SacreBLEU scores on test sets for models
trained on the UFAL data mixture. Avg.: Average

S1 S2 S3 None
Wikipedia 49.9% 46.0% 452% 16.5%
Zaman 523% 31.5% 36.1% 20.5%
Hindawi 53.8% 51.7% 51.5% 11.1%

Table 8: Human evaluation of different MSA-to-LEV
systems across datasets. None refers that the output
from none of the systems were acceptable.

C Detailed Results on Dialect
Understanding and Generation

C.1 Dialect Identification

The results of the dialect identification task are
shown in Table 10. In Figures 12 and 13 we
present the confusion matrices for the ADI and
ADD datasets, respectively. For ADI, Llama 3,
Mistral, and AceGPT tend to confuse MSA with
the Levantine and Gulf dialects, while Jais per-
forms best in detecting the Egyptian dialect. For
ADD, Llama 3 and Jais excel at detecting the Egyp-
tian dialect, whereas AceGPT confuses all dialects
with MSA. The variation in model performance is
attributed to the nature of the data and its underly-
ing distribution.

C.2 Dialect Generation

The F1 scores of the models considered on the task
of dialect generation (modeled as a selection task)
are shown in Table 11. We conducted qualitative
analysis on the generation task of the models by
prompting them in the dialectal version of “How
would you respond to this phrase in the X dialect”,
where X could be one of the Egyptian, Levantine,
or Gulf dialects (examples on models’ response
can be found in Table 12). We noticed that Llama
3 struggles to follow the dialectal instructions and
replies instead with description of the input phrase
— for example, What a great question!, What a chal-
lenge! thanks for the question!. While mistral
appears to not be able to comprehend the prompt
in the first place. It replies with random phrases
about the input sentence without abiding by the
instruction. On the other hand, Jais tends to copy

S1 S2 S3 None
Wikipedia 19.4% 28.6% 27.6% 46.9%
Zaman 121% 182% 17.2% 59.6%
Hindawi 293% 333% 293% 35.4%

Table 9: Human evaluation for the selected MSA-to-
EGY models.None refers that the output from none of
the systems were acceptable.

the input phrase without replying to the question.
These results show that models struggle to follow
dialectal instructions.

QADI ADI ADD
Random 0.08 0.09 0.12
Llama 3 042 026 040
Mistral 021 0.11 0.18
Jais 0.31 040 0.8
AceGPT 0.12 0.15 0.32
SOTA 0.85 0.70 0.66

Table 10: Results (measured in F1) for the dialect iden-
tification task.

LEV EGY GLF
Random 028 0.24 0.48
Llama3 032 043 0.63
Mistral 0.28 0.33 0.62
Jais 0.49 0.50 0.74
AceGPT 048 0.58 0.74

Table 11: Results (measured in accuracy) for the dialect
generation task.

C.3 MT as Generation

The statistics of test set for the English-to-Dialect
and MSA-to-Dialects splits are shown in Table 13
and 14, respectively. The results are shown in Table
15. For similar experiments on Dialects-to-English,
Dialects-to-MSA and MSA-to-Dialects the results
are shown in Tables 16, 17 and 18, respectively.

D Detailed Results on Cognitive Abilities

D.1 World Knowledge

The results in 19 The results show the overall Ara-
bic MMLU accuracies. in Figure 14 provide key
insights into the performance of different models
on MSA and dialectal datasets (Egyptian and Lev-
antine). Below we provide some key observations.
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Figure 13: Confusion matrices on the Arabic dialects dataset.
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Humanities: AceGPT leads in all three cate-

gories (MSA, Egyptian, Levantine), slightly outper-
forming Jais, another Arabic-centric model. This
suggests that AceGPT excels in humanities-related
questions across dialects. Llama and Mistral, both
non-Arabic-centric models, lag behind, with a sig-
nificant performance gap between them and the
Arabic-centric models.

STEM: Jais outperforms AceGPT in MSA, but
the gap narrows in the dialects, particularly in Lev-
antine, where AceGPT demonstrates competitive
performance. Mistral and Llama perform compar-
atively lower in STEM subjects, suggesting they
may not generalize as well in technical disciplines,
especially when dialects are involved.

Social Sciences: Similar to the humanities,
AceGPT shows consistent superiority over other
models. However, the overall performance drops
slightly in dialects compared to MSA. Mistral lags
behind the other models, particularly in Levantine
dialect, where the gap becomes more pronounced.

Language Tasks: Language tasks show an inter-
esting pattern where AceGPT and Jais outperform
Llama and Mistral by a wide margin, especially
in Levantine. This is likely due to the language-
specific capabilities of AceGPT and Jais, which

are more attuned to Arabic dialects. Levantine
seems to pose a greater challenge across models,
as the performance declines are slightly more pro-
nounced.

Others (Miscellaneous): This category reveals
AceGPT’s broad capabilities as it outperforms
other models in both dialects and MSA. Notably,
Jais also performs well, but AceGPT maintains a
lead. Llama’s performance is competitive in MSA
but suffers a sharper decline in dialectal bench-
marks, particularly in Egyptian.

D.2 Reading Comprehension

The Accuracy numbers for BoolQ and Belebele are
shown in tables 20 and 21

D.3 Commonsense Reasoning

The results for PiQA, Openbooks, and Winogrande
are shown in tables 22, 23, and 24

D.4 Misinformation

The results for truthful QA are shown in table 25

E Examples on Models’ Cultural
Knowledge

In Section 5.3, we presented results on models’
performance on the task of region-specific cultural
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# ‘ Input Llama 3 ‘ Mistral ‘ Jais
Ex1 | Jol= Jla) als 83431 2w oLy | What a great question! e 4 pall WL el Lo 20 | W0 gl Tiele o031 Jiae el
¢ 9lus U L1 plaed ’ fals oo
Your face looks really pale today. To hesitate over the sentence in | Your face is really pale today.
What’s going on with you? Egyptian, you can use the follow- | What’s going on with you?
ing translation:
Ex2 Sl b 3Ke Sand K 105l b e oo sl | | e o ol o Kkl HE VP S PICRW (3"

It looks like you sat in my seat,
Sir. seat, sir?!

How did you end up sitting in my

A pall WL gl
It looks like you sat in my chair,
Answer: Thank you, it looks like Sir.

you sat in your place, vacant, in
Egyptian Arabic.

Table 12: Example models’ responses to Egyptian dialect generation with their English translations.
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awareness, where we modeled the task as a MCQ
task. Although such setup can provide an overall
performance estimation, deeper understanding of
an LLM behavior capturing fine-grained cultural
differences is essential.

In Table 26 we present examples of the models’
responses to dialectal cultural questions. With a
simple geography question related to one of the
Levant countries (Q1), we observe that Jais and
AceGPT respond with the correct answer, while

Llama 3 partially answer the question providing ad-
ditional irrelevant and incorrect information. Mis-
tral shows a different behavior, hallucinating and
responding with non-existent geographical loca-
tions. Similar trends can be observed with Q2
about one of the traditions of a Gulf country, where
Jais and AceGPT both correctly answer the ques-
tion, and Llama 3 returns an answer that is more
of a description or explanation. Mistral’s response
is particularly worth noting, as not only it gener-
ates fictional information, it generated an answer
describing a dance where men and women are danc-
ing together, although anyone with some awareness
of the country’s tradition would know such dance
does not comply with the culture of Qatar where
segregation between men and women is the norm.
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Test set # of Sent.
madar-test-glf-0-ig-ar 1,984
madar-test-glf-0-om-ar 1,979
madar-test-glf-0-qa-ar 1,935
madar-test-glf-0-sa-ar 1,974
madar-test-glf-0-ye-ar 1,983
madar-test-glf-1-ig-ar 1,985
madar-test-glf-1-sa-ar 1,975
madar-test-glf-2-iq-ar 1,985
madar-test-lev-0-jo-ar 1,975
madar-test-lev-0-1b-ar 1,966
madar-test-lev-0-pa-ar 1,972
madar-test-lev-0-sy-ar 1,968
madar-test-lev-1-jo-ar 2,008
madar-test-lev-1-sy-ar 1,978
madar-test-nil-0-eg-ar 1,965
madar-test-nil-0-sd-ar 1,981
madar-test-nil-1-eg-ar 1,982
madar-test-nil-2-eg-ar 1,976
madar-test-msa-0-ms-ar 1,979
Total 37,550

Table 13: Number of sentences for the English and
Dialect splits from the MADAR test set.

F Detailed PEMT Guideline

The purpose of PEMT (Brockmann et al., 2022)
is to refine and improve the output generated by
MT systems to ensure accuracy, fluency (i.e. they
reflect the nuances of how the dialect is spoken),
adequacy (i.e. they maintain the semantic meaning
of the input sentence), and cultural appropriate-
ness. For the PEMT task, the goal was to post-edit
datasets translated into MSA and the dialects: Lev-
antine and Egyptian. Below we provide detailed
instructions for PEMT. Unless stated, all examples
are to illustrate a specific instruction and might not
reflect datasets or dialect.

F.1 General instructions for PEMT:

Instruction 1: When necessary, the text should be

rewritten to adhere to the syntactic and semantic

structure of Arabic. Some questions or options may

need to be paraphrased to ensure the fluency. To

achieve this, the edits may include:

* Paraphrasing questions or options.

 Editing or adding any parts-of-speech needed to
improve the readability of the sentence, such as
adding words (. i, -y OF Prepositions ¢4, -

or adding the definite article ¢ i Jy.

Test set # of Sent.
madar-test-glf-0-iq 1,973
madar-test-glf-0-om 1,971
madar-test-glf-0-qa 1,927
madar-test-glf-0-sa 1,965
madar-test-glf-0-ye 1,973
madar-test-glf-1-iq 1,973
madar-test-glf-1-sa 1,965
madar-test-glf-2-iq 1,973
madar-test-lev-0-jo 1,966
madar-test-lev-0-1b 1,954
madar-test-lev-0-pa 1,963
madar-test-lev-0-sy 1,960
madar-test-lev-1-jo 1,997
madar-test-lev-1-sy 1,968
madar-test-nil-0-eg 1,955
madar-test-nil-0-sd 1,970
madar-test-nil-1-eg 1,971
madar-test-nil-2-eg 1,965
Total 35,389

Table 14: Number of sentences for the MSA and Dialect
splits from the MADAR test set.

* For MSA, it is also important to correct the
wrong use of Hamzah (Hamzatul-wasl and
Hamzatul-Qata’a).

* Fixing the use of inappropriate verbs that do not
align between sentences and the options asso-
ciated with them in terms of their grammatical
gender and singularity or plurality.

* Correcting wrong translation of words and
phrases, or adding missing information that were
not transferred from the source sentence to the
translation.

In Table 27, we provide some examples to illus-
trate the above points.

Instruction 2: For abbreviations, if they have a
translation for them in Arabic that is common and
well known, the Arabic translation for them should
be used. If the translation of the abbreviation is not
known in Arabic, the abbreviation in English letters
should be used. Examples are shown in Table 28.

Instruction 3: Samples might reference names,
such as those of people, places, organizations, crea-
tures, movies, TV series, books, songs, and model
of products. These parts should be transliterated
into Arabic. This means writing the English word
as it is into Arabic script. However, this does not
apply to names that have an equivalent translation
in Arabic. For instance, the example sentences in
Table 29.
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Dataset NLLB-600M NLLB-1.3B NLLB-3.3B Llama3 Mistral Jais AceGPT

madar-en-to-glf-ig-0 7.49 9.11 9.17 1.61 0.30 0.66 1.00
madar-en-to-glf-ig-1 6.40 8.14 8.67 1.45 032 0.56 0.82
madar-en-to-glf-ig-2 5.11 6.54 6.58 0.89 025 0.28 0.80
madar-en-to-glf-om-0 15.91 16.15 16.01 5.66 1.28 2.27 3.42
madar-en-to-glf-qa-0 9.86 11.74 14.11 2.25 047 1.09 1.38
madar-en-to-glf-sa-0 14.90 19.73 22.60 3.68 095 1.48 2.21
madar-en-to-glf-sa-1 8.56 11.25 13.38 2.16 040 0.82 1.15
madar-en-to-glf-ye-0 7.60 9.40 10.14 1.74 0.30 0.65 1.09
smadar-en-to-lev-jo-0 10.65 15.46 19.41 1.84 0.24 0.90 2.06
madar-en-to-lev-jo-1 10.88 15.21 20.17 1.60 024 0.96 1.80
madar-en-to-lev-1b-0 5.19 7.59 8.59 0.82 0.18 0.49 1.19
madar-en-to-lev-pa-0 10.19 14.43 17.92 1.71 029 1.12 1.87
madar-en-to-lev-sy-0 9.03 13.43 15.29 1.30 0.22 098 2.76
madar-en-to-lev-sy-1 7.64 11.34 12.96 1.37 0.24 095 3.12
madar-en-to-nil-eg-0 8.82 15.86 17.78 1.81 034 1.25 3.73
madar-en-to-nil-eg-1 8.34 15.48 16.26 1.71 0.25 1.01 3.72
madar-en-to-nil-eg-2 8.53 16.52 17.45 1.33 029 1.14 3.28
madar-en-to-nil-sd-0 11.12 11.86 12.16 3.16 0.56 1.39 4.48

Table 15: Results (measured in SacreBLEU) for the English to Dialect systems.

Dataset NLLB-600M NLLB-1.3B NLLB-3.3B Llama3 Mistral Jais AceGPT

madar-glf-to-en-ig-0 37.54 43.79 45.63 25.46 13.66 34.87 36.28
madar-glf-to-en-ig-1 38.20 44.97 46.15 23.31 13.51 3391 35.62
madar-glf-to-en-ig-2 40.54 48.17 49.15 21.47 1244 34.14 36.35
madar-glf-to-en-om-0 44.87 49.62 48.77 33.07 19.66 41.43 43.33
madar-glf-to-en-qa-0 36.58 42.70 43.80 24.16 13.53 34.86 35.82
madar-glf-to-en-sa-0 47.33 52.68 52.70 32.37 21.79 40.99 44.34
madar-glf-to-en-sa-1 36.61 42.89 44.73 23.42 12.03 32.62 33.93
madar-glf-to-en-ye-0 39.41 47.08 47.97 22.32 13.70 36.30 36.81
madar-lev-to-en-jo-0 41.37 47.72 48.57 25.02 13.90 38.87 37.64
madar-lev-to-en-jo-1 41.75 47.57 49.96 24.86 13.52  36.89 38.03
madar-lev-to-en-1b-0 36.56 43.62 45.16 17.08 8.84 30.25 27.66
madar-lev-to-en-pa-0 39.74 45.84 47.49 24.21 12.52 37.62 37.27
madar-lev-to-en-sy-0 39.68 46.00 47.29 23.69 11.99 36.84 35.68
madar-nil-to-en-eg-0 37.83 44.17 46.73 24.08 12.26 36.84 35.68
madar-nil-to-en-eg-1 46.50 53.31 55.08 28.92 14.40 43.50 43.03
madar-nil-to-en-eg-2 37.72 44.52 46.89 23.14 11.18 35.64 36.20
madar-nil-to-en-sd-0 46.32 52.54 52.00 31.43 17.74 44778 44.34

Table 16: Results (measured in SacreBLEU) for the Dialects to English systems.

F.2 Datasets, Task Format, and Specific
Instructions for Each Dataset:

F.2.1 ArabicMMLU

Data format: ArabicMMLU dataset is originally
in Arabic (MSA), therefore, MT and PEMT were
only done for Levantine and Egyptian. The transla-
tor’s task consisted of editing: (i) one question and
(ii) four options that serve as possible answers for
that question.

Specific Instruction:

* It is important to consider the structure of the
question, which needs to be maintained. Be-
low are some examples that illustrates differ-
ent types of questions. To ensure the fluency
of the questions, they might need paraphras-
ing.

* Not all parts of the questions and the options
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should be expressed in dialect. Changing
those parts or expressing them in dialect will
affect the meaning of the question. These
parts include (i) Verses from Quran, or lines
from Hadith, (ii) Words or the phrases that the
question is asking the meaning of, (iii) Words/
phrases that refer to scientific domains, (iv)
Technical words or phrases, (v) Lines from
poems, (vi) Equations (chemistry or mathe-
matical). While editing, avoid changing these
parts, and only edit the other parts that should
be expressed in dialect and will not change the
semantic meaning of the question. However,
edits can be made to address any missing parts
or grammatical errors that the question might
have.

* Blanks should be represented as it appears
in the MSA (source). If it is represented as



Dataset NLLB-600M NLLB-1.3B NLLB-3.3B Llama Mistral Jais AceGPT

madar-dia-to-msa-glf-iq-0 22.30 26.84 63.65 4.11 0.14 645 3.97
madar-dia-to-msa-glf-ig-1 21.58 26.43 63.50 3.93 0.14 6.19 2.85
madar-dia-to-msa-glf-iq-2 22.15 27.70 65.47 3.92 0.07 6.55 2.92
madar-dia-to-msa-glf-om-0 24.92 28.36 60.52 6.80 0.23 8.97 5.20
madar-dia-to-msa-glf-qa-0 22.25 26.14 57.91 3.94 0.10 6.34 3.29
madar-dia-to-msa-glf-sa-0 26.77 30.70 70.00 5.43 0.23  7.80 4.81
madar-dia-to-msa-glf-sa-1 21.47 25.49 61.74 3.63 0.07 5.53 2.61
madar-dia-to-msa-glf-ye-0 23.05 28.33 65.12 3.88 020 6.91 3.18
madar-dia-to-msa-lev-jo-0 23.82 28.74 65.96 4.68 0.11 6.32 3.72
madar-dia-to-msa-lev-jo-1 24.36 29.36 66.90 4.57 0.09 5.94 3.82
madar-dia-to-msa-lev-1b-0 21.44 26.73 61.69 2.94 0.05 5.28 2.34
madar-dia-to-msa-lev-pa-0 23.60 28.61 62.28 4.04 0.13 6.24 3.64
madar-dia-to-msa-lev-sy-0 24.17 28.85 61.60 4.64 0.10 6.95 3.19
madar-dia-to-msa-lev-sy-1 23.25 28.17 62.43 3.33 0.08 6.29 2.50
madar-dia-to-msa-nil-eg-0 23.46 27.81 58.23 4.80 0.12  6.53 3.25
madar-dia-to-msa-nil-eg-1 25.67 31.14 67.36 4.82 0.16 6.86 3.05
madar-dia-to-msa-nil-eg-2 23.12 27.78 59.51 3.94 0.05 6.09 3.14
madar-dia-to-msa-nil-sd-0 23.74 28.46 57.99 4.78 0.14 7.35 3.80

Table 17: Results (measured in SacreBLEU) for the Dialects to MSA systems.

task NLLB-600M NLLB-1.3B NLLB-3.3B Llama3 Mistral Jais AceGPT

madar-msa-to-dia-glf-iq-0 7.74 10.83 11.70 1.46 042 1.17 2.10
madar-msa-to-dia-glf-ig-1 7.46 11.15 11.39 1.23 0.29 0.75 1.60
madar-msa-to-dia-glf-iq-2 5.38 7.25 8.07 0.77 0.31 0.52 1.28
madar-msa-to-dia-glf-om-0 13.03 12.82 14.57 4.59 1.85 391 7.43
madar-msa-to-dia-glf-qa-0 12.51 15.51 17.02 241 0.77 1.70 3.10
madar-msa-to-dia-glf-sa-0 18.21 22.27 27.61 3.28 0.85 2.38 4.86
madar-msa-to-dia-glf-sa-1 11.07 15.30 17.10 2.14 051 1.16 243
madar-msa-to-dia-glf-ye-0 9.57 11.73 13.11 1.42 0.53 1.11 2.13
madar-msa-to-dia-lev-jo-0 12.38 16.51 22.79 1.33 0.27 1.71 3.79
madar-msa-to-dia-lev-jo-1 13.13 16.89 23.02 1.33 031 1.25 3.23
madar-msa-to-dia-lev-1b-0 6.70 9.69 10.37 0.63 0.22 0.74 1.67
madar-msa-to-dia-lev-pa-0 12.75 16.35 20.24 1.54 044 1.69 3.31
madar-msa-to-dia-lev-sy-0 10.85 14.55 17.62 1.43 0.26 1.37 3.37
madar-msa-to-dia-lev-sy-1 9.08 12.20 15.40 1.23 0.24 1.03 2.63
madar-msa-to-dia-nil-eg-0 11.58 16.69 21.33 1.48 0.23 2.15 4.13
madar-msa-to-dia-nil-eg-1 9.99 14.66 17.96 1.32 0.17 1.87 3.26
madar-msa-to-dia-nil-eg-2 10.92 15.41 19.75 1.08 032 1.86 3.50
madar-msa-to-dia-nil-sd-0 9.91 12.47 11.67 1.94 0.51 2.68 4.11

Table 18: Results (measured in SacreBLEU) for the MSA to dialectal systems.

MSA LEV EGY MSA LEV EGY ENG
Rand 026 0.20 0.20 Random 0.38 0.38 0.38 0.38
LLama 3 049 044 044 LLama 3 074 0.71 0.73 0.85
Mistral 040 0.34 0.35 Mistral 0.66 0.63 0.63 0.85
Jais 056 0.52 051 Jais 0.71 0.65 0.64 0.75
Ace-GPT 0.57 0.51 0.52 AceGPT 0.77 0.68 0.69 0.82
Table 19: Results on ArabicMMLU. Table 20: Results on BoolQ.

dots, then they should remain the same. If it
is represented as 415, then add it as such.

the instructions are the same for the dialectal trans-
lation. For each example, we provide an explana-
Below are a few examples from different disci- tion hlghhghtlng the reason for the edits.

plines and specific instructions for scenarios. We
show the questions and answers (options). We pro- .
vide the source (MSA), MT, and PEMT Levantine Question (MSA):

for illustration purposes. However, for Egyptian,  ((r) e ol y ol §) s J Jw Je
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1. Islamic Studies



MSA LEV EGY ENG
Random 026 026 0.26 0.23
Llama 3 049 042 0.39 0.87
Mistral 041 0.36 0.35 0.75
Jais 0.57 0.49 0.49 0.80
AceGPT 049 043 0.42 0.83
Table 21: Results on Belebele.
MSA LEV EGY ENG
Random 048 0.49 0.49 0.50
Llama 3 055 0.54 0.55 0.78
Mistral 0.55 0.52 0.54 0.81
Jais 0.66 0.59 0.62 0.77
AceGPT 0.64 0.57 0.61 0.80
Table 22: Results on PIQA.
MSA LEV EGY ENG
Random 0.28 0.26 0.31 0.27
Llama 3 0.32 0.33 0.32 0.42
Mistral 0.31 030 0.30 0.45
Jais 0.35 0.34 0.32 0.41
AceGPT 036 0.34 0.32 0.45
Table 23: Results on OBQA.
MSA LEV EGY
Random 0.51 0.51 0.49
Llama 3 0.60 0.52 0.56
Mistral 0.57 0.51 0.55
Jais 0.65 0.58 0.61
AceGPT 0.61 0.58 0.63

Table 24: Results on Winogrande.

MSA LEV EGY ENG
Random 021 023 020 0.39
Llama 3 034 029 033 040
Mistral 033 033 030 057
Jais 028 028 031 0.28
AceGPT 034 030 033 037

Table 25: Results on Truthful QA.

Options (MSA):
Sagasdl AL 1L
AY2.
o= L Sl 3.
Jd) 4

Question (PEMT -Levantine):
EN(CD) e Olaal s ) bl 89 3 u][_y Je

Options (PEMT -Levantine):
gfj-m \5.@)‘ 1.
AY2.
o Ll asdl 3.
4

Explanation: Verses from Qur’an should not
be modified. Any changes to such elements will
alter the meaning of the question. However, in this
case, the options can be expressed differently in the
dialect.

2. Accounting

Question (MSA):

Olaghall &by &2 o Sl J) Oy gl ¢
Sloshall oda Je &l 0 1050 o Lo QU

Options (MSA):

LogSd ! Lulxdl 1.
Yol Lulxdl 2.
LAl 3.

Lelaayl il 4.

Question (PEMT -Levantine):
Whay =2 e o SEll Ougy els 53
QLA),L-.“ SR (0 &) »p JUbj «.Ju‘ QLA).L-.“

Options (PEMT -Levantine):
LagSdl Lul=ll 1.

Yyl il 2.
Lxlll 3.
sl lall 4

Explanation: The names of knowledge domains
and sub fields (the options) should remain the same.
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# ‘ Question ‘ Gold Answer ‘ Llama 3 ‘ Mistral ‘ Jais ‘ AceGPT
Ql| L bl a5 | eV sl | Lds i Q1 =)l | The Red Sea P N | I TN { |
105,90 Lake et el Al el ol s 00 AN A e ! e
i ' 4 adl 25 Ll gl
A ety el il
What are the | The Red Sea, - ws The Red Sea, the | The Dead Sea, the
seas that Jordan | the Dead Sea | o oo that Jordan The Red Sea: The Dead Sea Red Sea
overlooks? overlooks are the | Sywedish desti-

Dead Sea, Yemen | pation and the
and the Arabian Egyptian Sea of

Gulf. Numbers.
Q2 | Lad)) Lad)l gz Lol | Ladad) fasll Las )| a8 )l # Cad 3 Lol | Ladad) Laa)t a3 )
? ks gl L)l | @l il sl PRI
Ardah @) | (Rl Galdly )l | Ardah
What is the tradi- Jl s sl dandy, The traditional folk
tional folk dance The traditional folk ’ 7 dance in Qatar is
in Qatar? dance in Qatar is e the Ardah.

the Qatari dance. ..
Q In Qatar, traditional

folk dancing is
performed  with
the central drum
(dufna) and the cir-
cular dance (halqa
shamelah),  with
both women and
men participating
together.

Table 26: Example models’ responses to dialectal cultural questions with their English translations.

English | MT (MSA) | PEMT (MSA) English ‘ PEMT (MSA)

People in the. US | oyl IR fl's"f\li Sz o What did CERN <1 13l
have longer paid va- | oy sl | amdl oY) doin2012? | CERN

cations than people e e o N ke

in which Western | * J1 ! e N Rean ‘;’U’-g Yy e g

countries? U PN N e b

el G Ostam | G Osdem i) Iam an Al and | sllao! <63 G

13, fan ) gl Idon’tknow the | ~ . Sy

answer C 2

Who  objectively J.;JI oo SH e | G e S L__;T 093

makes the best ; i : . . .

burgers? T sosn S 2l Ly Jabl o Table 28: Example sentences in English and Arabic
translation to illustrate Instruction 2.

Who famously said, | sl ale JB ey | sl 5Ll BB s
“I cannot tell a lie”? o L Y ‘.\;;.\{T ol e 8T

?))))‘7’;\{3
Options (MSA):
Table 27: Example sentences in English, MT (MSA), o L
and post-edited versions to illustrate Instruction 1. )

Changes should only be made to correct spelling

mistakes in these words and phrases.
Question (PEMT -Levantine):

3. Arabic Language N
(ol G o sl V1K)

Question (MSA):

SN G ()l G s 59 J LK Options (PEMT -Levantine):
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English MT (MSA) PEMT (MSA)
Chupacabras g Qi o | K Lgad Q‘\ %
turned out to - -
be real. = e
Who com- | -4 u:.J\...: FEAY o+ ;LJLQ RO
posed the tune | . el ol
of “Twinkle, S = ) w
Twinkle, Little | J% « Sy | “Twinkle, Twin-
Star™? i kle, Little Star" ?
The yellow- | &l o3 Glgagdl | Gl 930 Glssgl
billed cuckoo 9 9
4,0..& JG-«’
(Coccyzus
americanus) (Coccyzus ameri- | (Coccyzus ameri-
canus) canus)
Is  WordPad 2 e U e
the same thing Wordpad Wordpad
as  Microsoft By i e By i g
Word? Microsoft Word | Microsoft Word?

Table 29: Example sentences containing names in En-
glish and Arabic translation.

orp L
or 2

(éuu3.

Explanation: The options should not be
changed to avoid affecting the meaning of the ques-
tion.

4. Arabic Language (Grammar)

Question (MSA):

Bl 3 [E13] oo Yo my) oeld] A1 O i)
oS [8}] ol :Jwl

Options (MSA):
o L
g2
o 3
J 4.

Question (PEMT -Levantine):
Shape ['C‘Jé] CJ.Lu o) Cldl A O s &
oSt [i‘jé] ol iled!

Options(PEMT -Levantine):

J 2
o 3
g 4

5. Biology
Question (MSA):
P8 5V Slaguge S F Y e
Question (PEMT -Levantine):
255591 Ologuss 87 i Jlza! sl
Options:
1.B
2. YX

3. XX
4. YY

Explanation: For cases like the one above, the
options should not be edited and should remain in
English letters.

6. Civic
Question (MSA):
s ij\f\{ 4, gl olausll

Options (MSA):
ladly om0l LA 1.

L 4ly Blmdlly LA 2.
Llailly imy 2dly Bl 3.
Lyl demy ddly LAl 4.
Question (PEMT -Levantine):
& oYL & e sl

Options (PEMT -Levantine):
ladly o ly Lhal L.

Gmy 20ly Bl 3l 2.
Lladlly L 2l Bl 3.
gl fomy 20y Z3ill 4.

Explanation: Options and specialized words
should not be edited.
7. Computer Science:

Question (MSA):

4212



VM 5oJeld! g Aeses Js J:y.& ! SJ'R\ L;jl.ﬁ"

Options (MSA):
USB 2 L
s
PS .
Jt:l\ dadl sl
Serial ’ L
sled! o sl ol
SCSI ) 2.
RJ-45
Jl::,a e 3.
Serial .
éj‘}.a Aale j‘
Parallel .
PS2

SJlste iy
Question (PEMT -Levantine):
o Bdoy Joatude Ml dsge2 el Ll
Tponds 5.3, 52 gl Juosd
Options (PEMT -Levantine):

USB 2 L
j\
PS ;
Sl sl f
Serial )

adl ok 2Vl

SCSI ) 2.
RJ-45
Jt:;c e 3.
Serial .
éj‘}:ﬂ Al ol
Parallel

3 shedl o Ll a4,
PS2 .
Slste ity

Explanation: The abbreviations should be in
English letters. Edits should be made for spelling
mistakes in the options.

8. Computer Science:
Question (MSA):
Ll oladadl e s LJWI é\,@n o

Options (MSA):

oLl sasl 1.

Jodl Gl 2.
pesadl Fle 3.
M' .‘ fu.a.l 4.

Question (PEMT -Levantine):
sl olaudb s ébdbs 5

Options (PEMT -Levantine) :
oL asls 1.

Josdl Gyl 2.
yadl dlae 3.
hasD) U5 4,

9. Arabic Language (General): For this disci-

pline in ArabicMMLU, the question requires infor-
mation to be extracted from the ‘context,” similar to
a standard reading comprehension task. Therefore,
it was decided that the context should remain in
MSA, as changing it would affect the meaning of
the question. This is the same reasoning that used
to decide not to translate verses and poems into
dialects.
Question (MSA):
S LEL S ol ol sl &l 5 Tl
CEL sl e U p A et R Al S
Question (PEMT -Levantine):
Mg S ot el esly U a0 1)
(AT el e g p A et K A S
Context:
Glss gy (LB dime Gy s sl L oF
Sl 5l ¥ Tapae ) lons WS sy G5ty
G Jed o WA 5 Lt Jam 851 sk
sl g glesly Gemls Uly cdab o ¢ aaill
ol I W sl e Gk W ol B iuld]
Ul LTty soldl W Gael 5800 asly colane ally
e 3 balasgs (Gl llady « fladl §o5) mo St
L sl el Bl asl em s Liid any
GVl bl dly 50 e el Ll £
gl sy U Alall g skl STy 35280
Gl baslay (Lie Wy Wy Liey cZzad] ) 3L

Ao ol s b s ¢yl sl 5y
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Options:
NN
N2
ol 3
5N 4
Explanation:

1. The context, options, and the sentence that
needs to be completed should not be translated
into dialect.

2. Punctuation marks should be added.

3. The blank should be represented as r¢15.
F.3 PIQA

Data format: Each data point consists of three
elements: (i) one sentence or question, and (i) two
options that serve as possible completions for that
sentence.

No specific instructions were given for this
dataset and annotators were asked to follow general
instructions.

F.4 OpenBookQA

Data format: Each data point consists of: (i) one
sentence, and (ii) three or four options that serve as
possible completions for that sentence.

Specific instruction: If necessary, the options
should be edited to ensure alignment with the sen-
tence in terms of gender, singularity, or plurality.
In other words, the options should be modified as
needed so that the sentence is completed fluently.
Grammatical or semantic adjustments may be re-
quired to achieve this. An example is provided
below to illustrate the editing process, which con-
sists of a question and options (as shown in Table
30).

English: Which item has a higher altitude?

MT (MSA):

? sl gl gl s el g Lo

PEMT (MSA):

Pel,) el Y QO ol e
F4.1 Winogrande

Data format: Each data point consists of two ele-
ments: (i) one sentence with a missing word, and

English MT (MSA) PEMT (MSA)
Tile Floor LY e R:A;:j dalo ;,.;,j
Cars ol Ol
A 6” Man sl 4 b oy | ol g b e
A Picture ge oS s Ol
Book

Table 30: Examples of options in English, MT (MSA)
and PEMT.

(ii) two options that serve as possible completions
for that sentence.

Specific instructions:

For Sentences:

e The blank (marked as _ in the text) should
be placed in the correct position within the
sentence. The correct position is where adding
any of the options will complete the sentence
in Arabic, which may or may not correspond
to the same position as in the English version.

* While adding the blank ( _ ), one space should
be added before and one space after the blank.
It is to make the post-processing simpler.

For options:

* Options should be edited to align with the
sentence in terms of grammatical gender, sin-
gularity, or plurality.

* Any parts of speech needed to improve
the readability of the sentences such as
adding/linking words . s, -, prepositions
410, -, or adding the definite article w1 J.

ES5 TruthfulQA

Data format: Each data point consists of (i) one
question as shown in Table 31, (ii) 2-13 options
that serve as possible answers for that question as
shown in Table 32.

F.6 BoolQ

Data format: Each data point consists of (i) one
long paragraph and (ii) one or two questions about
the information mentioned in the paragraph.
Specific instruction: The type of question
should not be changed. All questions are yes or
no questions, and this format should be maintained
during editing. Not all parts of the paragraphs and
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English

MT (MSA)

| PEMT (MSA)

In France they
speak French.
In  England
they speak
English. In
Wales they
speak  Welsh.
In Austria they
speak what?

o L g
W) 3 L )

RIS LINNY TS

Oy ks
Luwad! 3 LJQ}J\

Tl g gfumy

Oy L g

Table 31: Example of a question from Truthful QA.

English MT (MSA) PEMT (MSA)
In Austria, they | ygamy Luwdl | 0gamy Ladl 3
speak German. l.;Ui!\ L;Llifl

In Austria,
they speak
Austrian.

Osamy Ladl

& gleadl 2201

Ogamy  Luadl J
& gluad! 201

The main lan-
guage of Aus-
tria is Austrian.

g )
A slasdl oo Lusdl

g s
.ij\gu“;n

Austrian.

(S sbeadl

& slaadl

Table 32: Example of options associated with a question
from Truthful QA. These options are associated with the

question shown in Table 31.

English | MT (MSA) | PEMT (MSA)
of the 71 J W\/\ v Nl J ;4.{\/\ Y o0
words in this | | . . ) . .
. (& LB\ . (& Lle
list, 67 are L«»«‘w e LW;W e
nouns, and | oW e Bl |l e Ble
g::litrall;v Oullg pe IS lelanes | i e Ras
considered B)lates Ola i | ola” lolans
loanwords; the | &Yl oL | ol 5t
only modern- il samg)l &l | aadl LM}H
English words | ~ . £ s |
that contain Q e | grE F Sy
not followed | Q S ke
by U and are lnsl Yy Q
not borrowed | U . .
- . B L Y
from another wa'«-“‘ (‘i \’j U ST e
language are i o - ) o .
giana, qwerty, o = J fvl :f
and trang. S| ST
giana qwerty | 91ana, qwerty,
trang. trang.

Table 33: Example of a partial paragraph from BoolQ.

questions should be translated into dialect, as al-
tering these parts may affect the meaning of the
sentence. An example is shown in Table 33.

Where there is a chemical equation/symbol,
translate the parts that have an equivalent for in
Arabic. For the parts that do not have an equivalent
form, add them in English letters. For example, see
Table 34.

Some samples might mention addresses. For
such cases, transliterate the address to Arabic, and
translate only the parts that can be translated to
Arabic without changing the meaning. See Table
35.

Some samples might not have been translated as
one paragraph in Arabic. The MT starts a new para-
graph. Edit that with the appropriate punctuation
marks so that it is one paragraph.

English | MT (MSA) | PEMT (MSA)
The carbon-| ;4 S| daly | g S oyl
hydrogen bond - | . |
(C-H bond) e _5).'\:&1) e sl
is a bond be- ) (.C_H)"
tween carbon | C—H o] ‘d‘-"J s
and hydrogen | o, daly, & (|09 S ol
atoms that can | | .
be found in uﬁﬁ boels uij'\:d‘j
many organic | U 94l Brel oK
compounds. u_{‘: d‘”} Ay d! g ks
S bals sl | oLl Vel
Ay gl LS

Table 34: Example of a partial paragraph from BoolQ.

G Annotation Guideline for
AraDiCE-Culture Dataset

For this annotation task, the following two infor-
mation is provided to annotators.

1. A question written in a dialect (e.g., Egyptian,
Levantine) that asks for information related to
a specific country.

2. Alist of a maximum 5 URLSs of web pages that
potentially have an answer to that question.
Those web pages are the result of running the
question as a query through Google’s search
APL.

The annotation task is to identify the answer to
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English | MT (MSA) | PEMT (MSA)
Asanexample, | 3 Jull Juu le| 3 QW) o e
in El Centro, | | .

[ N V ¢ g A | L5 42 { « 9_AL |
California, the e R L
post office is | J M Ko | aAl K sy
located at 1598 ijn Voan | s @L-;-.J\ g
Main  Street. a3l . N ) )
Therefore, for | ‘¢ REETy fo 00 % esn
P.O. Box 9975 Sl | s anl Gy
(fictitious), PO. (b ?J) aqvo
the Street Ad-| qqy, Gydis - i
dressing would | |,:¢ (Cm) 05K Ol Ol
be: 1598 xS g  Ju
Main  Street | 1598 Main Street | 1598 Main Street
Unit 9975, Bl | ynic 9975, EI | Unit 9975, EI
Centro, CA. Centro, CA. Centro, CA.

Table 35: Example of a partial paragraph from BoolQ

the given question from the provided web pages.
Therefore, the task is to visit the web pages through
the links. The following guidelines should be fol-
lowed when identifying the answer:

1. Copy and paste the part of the text presented
on the linked page that completely answers the
question. This could be a few words, a long
paragraph, or a short snippet.

2. If the question asks for a list of items, add the
matching items, separating each with a comma.

3. Ensure that the text fully and accurately answers
the question.

4. If you find the complete and correct answer on
the first linked page, there is no need to continue
looking at consecutive pages.

5. If the complete answer is not on the first linked
page, then subsequent links have to be visited.

6. If acomplete answer cannot be found on a single
page, an attempt should be made to compile the
answer from multiple pages, with the use of
personal knowledge if necessary.

7. The answer should be general enough to cover
the specified country. For example, if asked
about meals famous in Egypt, provide names
of meals known to most of the population. If
the answer is very specific to a particular small
community or city, it should not be used as the
response to the question. This is to ensure that
the answer is representative of the country’s
culture in general.

8. The answer should be concise and to the point.
For example, if the question asks for the color of
a flag, provide only the color without additional
information or text.

9. If no answer can be found in the provided web
pages:
¢ If the answer is known, it should be written
down, with a note indicating that it is based
on personal knowledge.
e If the answer is not known, it should be noted

that no answer was found. .
* If the question is not relevant to the specified

country, this should be flagged by providing
the following as the answer:

Yyl i B ol Tk o 26 me e Bla] 4 JI5d]
Translation: This question does not have an
answer that is compatible with the history,
nature or culture of this country.

For this annotation task, we did not use any an-
notation platform. Instead, we used Google Docs
and shared them with annotators fluent in MSA and
native speakers of various dialects targeted in this
work. The annotators for this task are primarily the
authors of the papers; therefore, no compensation
was provided. Only for the Egyptian part of the
dataset, external annotators participated.

H Challenges in PEMT

Translation is a complex process in itself. In addi-
tion to that complicity, the number of datasets, the
size of each dataset, and their nature all contributed
to additional challenges during the PEMT process.
Below, we list the challenges we faced at different
stages of the process.

H.1 Challenges in the Pre-PEMT Process
H.1.1 Preparing Guidelines

Before starting the PEMT, we developed detailed
guidelines to support the post-editing efforts. These
guidelines were crucial to ensure that the trans-
lated datasets maintain the integrity of the original
datasets, allowing them to serve the same purpose
as the source. This step required significant time
and effort to:

1. Analyse each dataset to understand how it was
originally created to asses LLM’s. For example,
for editing BoolQ samples, it is important that
the question remains a yes/no question.

2. Identify corner cases in the datasets that re-
quire special instructions, such as translating
the names of movies or TV series, handling
the translation of Quranic verses into dialects
(for ArabicMMLU), and addressing many other
unique cases.

3. Determine whether post-editing MSA samples
require a different set of guidelines compared

4216



to dialects. For MSA, we prioritized correct-
ing grammatical errors. However, in dialects,
some words are written differently than in MSA,
meaning what may be considered a grammatical
error in MSA could be a natural expression in
dialects.
All the above considerations were applied to each
dataset, except for point 3, which was not neces-
sary for ArabicMMLU. However, ArabicMMLU
presented its own challenges because it includes
different formats and disciplines.

H.1.2 The Size of the Datasets

In an attempt to reduce the effort and the time
needed to finish post editing all the dataset, we
opted to select only 1K samples from BoolQ. The
dataset is originally 3K samples, where every task
consists of a long paragraph and a question. We
opted to choose samples where the length of the
passage was 41-76 characters. Further criteria were
used in manually sampling from the dataset, which
are mentioned below.

H.1.3 Addressing Cultural Mismatch

During our analysis of the datasets, we noticed
that some samples in Winogrande conflicted with
the religion and culture of the Arab region. To
address this issue, we chose to modify the options
associated with those samples and paraphrase the
sentences to align with the new options. Below is
an example:

Example

Original Sentence: Logan ended the one-side
relationship they were having with Robert, which
made_feel relieved.

Original Options: (i) Logan, (ii) Robert

Edited Sentence: Logan ended the one-side re-
lationship they were having with Elizabeth, which
made _ feel relieved.

Edited Options: Logan, Elizabeth

These samples were edited before presenting the
samples to the translators for PEMT.

H.1.4 Addressing Culture, Language, and
Country Specific Samples

In all the datasets that were post-edited, except for
ArabicMMLU, we consistently observed that the
samples were designed with a focus on Western
culture. For example, featuring content related to
English-speaking movies and TV series, American
laws, or sports primarily played in certain Western
countries. Since such content is not sensitive, and

does not conflict with Arab culture, in contrast to
the situation in Winogrande, we chose to include
and post-edit these samples as they are.

Another major challenge was handling samples
that were language-specific. For example, in Truth-
fulQA, some samples ask for the origin of a word
or phrase, or the meaning of an acronym, and the
options need to remain in the source language for
both the question and options to make sense. In
these cases, code-switching was not a viable option
because the phrases were long and would require
transliteration, which would make them nonsen-
sical. To address this challenge, we opted to not
post- edit these samples, reducing the number of
Truthful QA samples. Below is an example of this
case:

Example

Question:

What’s the origin of the f-word in English?

Options:

* The f-word is “probably cognate” with a num-
ber of Germanic words with meanings involv-
ing striking.

 It’s an acronym.

* It comes from “For Unlawful Carnal Knowl-

edge”.

* The origin is “For Unlawful Carnal Knowl-
edge”.

* The origin is “Forbidden Use of Carnal
Knowledge”.

* It means “Fornicated Under Consent of King”.

H.1.5 Hiring Native Speakers

For post editing process, we hired native speakers
of specific dialects. This is important to ensure
a good quality post-editing. Finding such native
speakers was also a challenge for us.

H.2 Challenges during the Post-Editing
Process

As mentioned earlier, the datasets varied in for-
mat, size, and complexity, making it difficult to
accurately estimate the post-editing time. Our ini-
tial estimates did not align well with the actual
time required. During the post-editing process, we
observed that (i) some samples required more ex-
tensive edits, and (ii) the varying lengths of the
samples affected the post-editing time. When com-
paring post-editing for dialects, we observed that
Egyptian Arabic required significantly more edits,
which in turn increased the time and effort needed.
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During the annotation process, we randomly re-
viewed some samples to provide feedback to the
translators. However, due to limited resources,
we could not maintain this level of review across
all datasets. One important issue we would like
to highlight is that a small portion of the Ara-
bicMMLU dataset contains noisy data. Since we
did not have access to the original sources from
which this data was extracted, we chose to refrain
from editing these samples.
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