EDRAC: Benchmarking Arabic Dialect Reading Comprehension
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Abstract

Dialectal Arabic (DA) remains under-resourced
compared to Modern Standard Arabic (MSA),
particularly for machine reading comprehen-
sion (MRC) and question answering (QA). Ex-
isting Arabic QA benchmarks primarily focus
on formal written MSA or multiple-choice QA,
with limited coverage of naturally spoken di-
alects. Here, we aim to bridge this gap. We
introduce EDRAC, the first large-scale bench-
mark for dialectal Arabic machine reading com-
prehension (MRC) and generative QA, cover-
ing five major dialects: Egyptian, Moroccan,
Emirati, Syrian, and Saudi Arabic. EDRAC
contains 499 passages derived from naturally
occurring spoken interactions and 4,977 corre-
sponding QA pairs generated through a human—
LLM collaborative pipeline combining iterative
generation, LLM-as-a-judge evaluation, and
human verification. We benchmark Arabic-
centric and multilingual LLMs on EDRAC us-
ing lexical and semantic metrics. Our results
reveal substantial gaps between semantic an-
swer quality and dialectal fidelity, highlighting
the limitations of existing evaluation metrics for
dialectal Arabic generation. EDRAC provides
arealistic and challenging MRC benchmark for
future research on dialectal Arabic NLP.

1 Introduction

Over the past decade, a plethora of resources have
been created for Modern Standard Arabic (MSA),
but there are fewer high-quality resources for Di-
alectal Arabic (DA), mainly due to the lack of writ-
ten data that reflects the natural use of spoken Ara-
bic dialects. This mainly stems from the diglossic
nature of Arabic (Farghaly and Shaalan, 2009), in
which MSA is the primary mode of communica-
tion in written texts, while DA is used for daily
interactions, resulting in fewer text-based datasets
(Darwish et al., 2021; Dahou et al., 2025).
Moreover, manually creating and annotating
such datasets is an expensive and laborious task.

Traditionally, large DA datasets are either a transla-
tion of existing English datasets or collected from
social media resources (e.g., Bouamor et al. (2018)
and Khered et al. (2025)). However, translations
typically do not carry culturally relevant content,
while social media sources do not reflect real-life
conversations, spoken interactions, or natural use
of the language, as speakers often alter their speech
style while writing user-generated content (Eisen-
stein, 2013; Sanguinetti et al., 2020). Consequently,
constructing such a dataset requires transcribing au-
dio of natural spoken conversations.

For the task of dialectal machine reading compre-
hension (MRC), available resources are limited to
multiple-choice question answering (MCQA) tasks,
(e.g., Belebele (Bandarkar et al., 2024) and Dialec-
talArabicMMLU (Altakrori et al., 2026)). To date,
Generative QA benchmarking for DA remains un-
explored. Tasks such as MCQA rely on pre-defined
options while EDRAC is an open-ended Question
Answering task allowing for free-form descriptive,
explanatory answers that often require reasoning.

We address these gaps by presenting EDRAC
(Evaluation of Dialectal Arabic Reading And Com-
prehension),!+? a high-quality multi-dialectal MRC
and Generative QA benchmark dataset for Arabic
that covers Egyptian, Moroccan, Emirati, Syrian
and Saudi dialects. In our curation of reading com-
prehension passages, we leveraged transcripts of
YouTube videos, covering a variety of genres, to
capture the daily interactions and natural flow of
the dialects. We initially generated 10 QA pairs per
passage; after final review, the released dataset con-
tains 4,977 QA pairs across 499 passages. Further-
more, we outlined the process of automatically gen-
erating these QA pairs using Large Language Mod-
els (LLMs) with a human-in-the-loop approach.

'EDRAC 4\ )3} /idraak/ is Arabic for ‘comprehension’.

2EDRAC is available under CC BY-NC-SA 4.0 license at
https://huggingface.co/datasets/MBZUAL/EDRAC
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This required a two-stage framework, involving
multiple steps, each including layers of filtering
and reviewing, resulting in a reliable, high-quality
benchmark of fully human-validated QA pairs.
Our contributions can be summarized as follows:

* We introduce EDRAC, the first large-scale
benchmark for Dialectal Arabic Generative
QA across five major dialects: Egyptian
(EGY), Emirati (UAE), Moroccan (MOR),
Syrian (SYR), and Saudi (KSA), built from
naturally occurring spoken interactions.

* We propose a scalable human-LLM pipeline
for dialectal QA generation and validation,
combining self-refinement, LLM-based evalu-
ation, and human verification to produce high-
quality, culturally grounded QA pairs.

* We present the first comprehensive evaluation
of Arabic-centric and multilingual LLLMs on
Dialectal Arabic Generative QA, revealing
major gaps in dialectal fidelity and establish-
ing a benchmark for future research.

2 Related Work

Existing Arabic Question Answering (QA) and
Reading Comprehension (RC) benchmarks primar-
ily focus on Modern Standard Arabic (MSA) and
formal written text. For example, ARCD and
Arabic-SQuAD (Mozannar et al., 2019) established
the extractive QA setting for Arabic, while AC-
QAD (Sidhoum et al., 2022), ArTrivia (Alrow-
ili and Vijay-Shanker, 2023), ArabicaQA (Abdal-
lah et al., 2024) expanded dataset scale through
Wikipedia-derived and, in some cases, automati-
cally generated QA pairs. Other QA benchmarks
include BALSAM (Al-Matham et al., 2025) and
the domain-specific MedAraBench (Abu-Daoud
et al., 2026).

These benchmarks, however, remain grounded
in MSA, often providing limited coverage of the
variability and structural ambiguity inherent in nat-
urally spoken Arabic defined as the language used
in real-world communication. Recent efforts sup-
port various dialectal varieties, including the multi-
dialectal Belebele (Bandarkar et al., 2024), Dialec-
talArabicMMLU (Altakrori et al., 2026) and Ara-
bicCulturalQA (Hassan Bhatti and Alam, 2026),
MedQA-MA (Ouali and El Garouani, 2026) for
Moroccan and Alyah (Alkaabi et al., 2026) for

Emirati. Most, however, rely on constructed writ-
ten data (such as paraphrasing, translation, or con-
trolled prompting from MSA) instead of naturally
occurring dialectal speech.

EDRAC stands out by drawing on naturally oc-
curring dialectal speech, capturing orthographic
inconsistency, code-switching, and disfluent dis-
course.

Recent work has also explored conversational
and open-domain QA. English benchmarks such
as CoQA (Reddy et al., 2019) and QReCC (Anan-
tha et al., 2021) introduced dialogue-aware com-
prehension and conversational retrieval settings,
while AraQReCC (Hassib et al., 2025) extended
this paradigm to Arabic, albeit through translated
conversational QA data. EDRAC departs from this
paradigm by relying on authentic conversational
speech rather than translated text, enabling evalua-
tion under more realistic dialectal conditions.

To mitigate the cost of large-scale annotation,
prior efforts have explored automatic QA gener-
ation using LLMs through QAmeleon (Agrawal
et al., 2023), more specifically for multi-hop ques-
tion generation (MQG) (Lin et al., 2024) or se-
quential question rewriting (Hwang et al., 2024).
Other QA benchmark construction efforts include
languages such as French (Pellet et al., 2026) for
multi-hop questions on historical data and Dutch
(van Drie et al., 2026) for legal-domain QA. How-
ever, automatic QA generation has not yet lever-
aged modern LLMs from naturally occurring Ara-
bic speech; existing efforts such as Elmadany et al.
(2023) relied on encoder-decoder transformer ar-
chitecture AraT5 (Nagoudi et al., 2022) for QA
generation.

EDRAC addresses these gaps through a robust
human-in-the-loop framework in which LLMs gen-
erate candidate QA pairs from spoken transcripts,
preserving the conversational authenticity while en-
suring the data quality. Table 1 provides a compari-
son of EDRAC with respect to other benchmarks.

3 EDRAC

EDRAC (Evaluation of Dialectal Arabic Reading
And Comprehension) is a Generative QA bench-
mark dataset covering five major Arabic dialects:
EGY, UAE, MOR, SYR, and KSA representing
a variety of dialects across the Arab World. We
release a total of 499 passages and 4,977 corre-
sponding QA pairs — approximately 1000 pairs per
dialect.
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Dataset MSA Dialectal Naturally-occurring Evaluation
ACQAD (Sidhoum et al., 2022) v X X Extractive
ArabicaQA (Abdallah et al., 2024) v X X Extractive
AraQReCC (Hassib et al., 2025) v X Xt Conversational
ARCD & Arabic-SQuAD (Mozannar et al., 2019) v X X Extractive
ArTrivia (Alrowili and Vijay-Shanker, 2023) v X X Extractive
BALSAM (Al-Matham et al., 2025) v X X includes QA/RC
MedAraBench (Abu-Daoud et al., 2026) v X X MCQA
ArabicCulturalQA (Hassan Bhatti and Alam, 2026) v v X MCQA+Generative
Belebele (Bandarkar et al., 2024) v v X MCQA
Dialectal ArabicMMLU (Altakrori et al., 2026) v v X MCQA
Emirati Benchmark (Alkaabi et al., 2026) X v X MCQA
MedQA-MA (Ouali and El Garouani, 2026) X v X Generative
EDRAC (Ours) X v v Generative

Table 1: Comparison of EDRAC and other related Arabic QA benchmarks. fAraQReCC introduces conversational
QA, but relies on translated data rather than naturally occurring speech.

PASSAGE CURATION

Video Collection

Preprocessing Step

BB

(a) (b) (©) @
Diariz. Transc. Restor. Extract.

@ YouTube (52
Subtitles -l h
source

'|"1"J_‘||" . s

Passage
Preparation

Manual

Passage

Transcription

b Review
Correction

QUESTION-ANSWER PAIRS GENERATION

Generating QA Pairs using LLMs

QLM-as-a-judge
= | [ =

= — QA
E-b—» : Iterate = i

Initial
Generation Iterative
Improvement
Generation

Pairs

Passages + QA

Human-in-the-loop
Annotalmns

Manual
Review

Figure 1: The end-to-end data creation pipeline of EDRAC. The top panel outlines the passage curation workflow.

The bottom panel illustrates the QA generation pipeline.

A central characteristic of EDRAC is its reliance
on naturally occurring speech, unscripted and, in
some cases, partially scripted spoken data captured
in real-world settings, thereby preserving the lin-
guistic and cultural subtleties of Arabic dialects
without artificial modification.

To construct EDRAC, we designed a hybrid
pipeline combining automated processing with hu-
man verification. The process involved two main
stages: passage curation and QA pairs generation.
In the first stage (see Figure 1), YouTube videos in
dialectal Arabic were processed through speaker
diarization, transcription alignment, text restora-
tion, and passage extraction. This was followed by
manual correction and review by native speakers
of the dialects. In the second stage, the QA pairs

were generated using an iterative LLM-assisted
framework based on Gemini 2.5 pro, with multiple
refinement steps to improve quality and reduce hal-
lucinations. Figure 1 presents the complete pipeline
spanning the two stages: passage curation and QA
pairs generation.

The quality was ensured by an extensive man-
ual annotation by a professional Language Ser-
vice Provider: we provide annotator demographics,
along with payment details in Appendix L. The
development of comprehensive guidelines for both
transcription correction and generated QAs was
necessary, involving broad discussions with native
speakers to ensure adequate handling of the linguis-
tic nuances of Arabic dialects. The guidelines are
available in Appendix J and Appendix K.
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Figure 2: Genre distribution counts for the passages
across dialects.

4 Passage Curation

The Arabic speech processing community has
already developed extensive conversational cor-
pora of dialectal transcribed speech data. Notable
datasets include ArzEn (Hamed et al., 2020), STAC
(Zribi et al., 2015), MASC (Al-Fetyani et al., 2023)
and Mixat (Al Ali and Aldarmaki, 2024). Nev-
ertheless, these corpora were designed primarily
for ASR or dialect identification and were thus not
suitable for the purposes of our study.

Instead, we opted to curate a brand new multi-
dialect transcription dataset, with post-editing fo-
cusing on the curation of reading comprehension
material. We chose YouTube as our primary source
for representative dialectal speech as it provided a
broad variety of genres of audio content across the
five dialects (see Figure 2) and also allowed us to
leverage pre-existing automated transcriptions.

Video Collection Native speakers, who were in-
structed to select content representative of their
dialects across a variety of genres, recommended
an initial list of 7 channels for their dialect and
subsequent revisions and additions as necessary
(see Appendix I for the final list of channels). Our
collection was restricted to videos published be-
tween June 2024 and January 2026. Our target
was 100 videos per dialect, but we sourced roughly
150 videos per dialect to allow for quality assur-
ance filtering. We extracted the first six minutes
of each video, which is equivalent to roughly 473
tokens per video passage (Table 2). Finally, we ex-
cluded videos containing toxic or sensitive content.
We used existing YouTube subtitles as the video
transcription source. Videos lacking pre-existing
transcriptions were excluded.

Preprocessing steps The preprocessing pipeline
consists of four steps: (a) Speaker diarization: we
used the NVIDIA NeMo toolkit to perform speaker
diarization on the extracted audio streams. This
step segments the audio by speaker identity, en-
suring that multi-speaker interactions—common
in media—are preserved, (b) Transcription: in
the transcription of speech, the tokens were times-
tamped to ensure alignment between the text and
the original acoustic signal, (c) Restoring text
structure: to convert fragmented ASR outputs
into coherent prose, we implemented a hybrid strat-
egy for structure restoration that involved a review
stage (See Appendix E for details). The automatic
restoration step solely determines punctuation and
segment boundaries; the original transcript tokens
remain unchanged, and (d) Text extraction: a
clean-up step discarded any passages that exceeded
the passage size limit of 500 words, had missing
video links, vacuous content such as promotional
content and social media material such as subscrip-
tion or follow requests. Finally, we extract the
passages for annotation.

Passage Preparation Our in-house native speak-
ers performed a high-level review of the passages
to ensure that there were no major issues.

Transcription Correction We created MS Excel-
based forms for transcription correction, one pas-
sage per tab, segmented by paragraph and token-by-
line split to allow close scrutiny at the token level
(see Appendix J for the annotation guidelines. We
do not follow CODA (Habash et al., 2018)). On in-
spection, the quality of YouTube’s Dialectal Arabic
transcriptions was not sufficient for our benchmark.
As such, we included a human transcription cor-
rection stage. The annotators’ primary objective
was to read the passage, listen to the corresponding
video and correct any transcription issues. 27 anno-
tators, representing the five dialects, collaborated
in a correct-review workflow (demographics of the
annotators are provided in Appendix L).?

Detokenization and Manual Passage Review
The passages were then detokenized to restore their
original structure. The final (corrected) set of tran-
scribed passages then underwent an additional in-
ternal manual sanity check review (e.g., removing
passages or QA pairs that were non-dialectal) be-
fore finalizing the curated passage dataset.

3 Annotators alternated annotation and review roles, in a
streamlined correct-review process.
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5 Question-Answer Pairs Generation

Our first attempt at QA generation involved a two-
week pilot study with in-house linguists. The task
required extensive creative skills to ensure ques-
tions were not overly simple and could involve
reasoning or deduction processes. This attempt
proved so difficult and time-consuming that our
next step was to explore the capability of an LLM
in supporting QA generation for Arabic dialects.

5.1 Generating QA Pairs using LLMs

After a number of trials, Gemini-2.5-pro * proved
to be the most reliable LLM available for automati-
cally generating QA pairs for the dialectal passages
produced in Section 4. Our initial attempts at QA
pairs generation, which relied solely on a single
prompt, resulted in model hallucinations (such as
excessive use of MSA, and irrelevant content). To
enhance the quality of the generated pairs, we in-
troduced an iterative refinement loop. Our QA-pair
generation pipeline therefore involves a three-step
generate-revise framework that we outline here.

Step 1: Initial generation Given a passage, the
model generates 10 QA pairs, based on a prompt de-
vised over multiple iterative generate-review-revise
rounds.> The prompt instructs the model to gen-
erate reading comprehension QA pairs relevant to
the provided passage, in the five dialects (see Ap-
pendix B for the detailed prompt).

Step 2: LLM-as-a-judge for evaluation To mit-
igate hallucination issues from Step 1, the pipeline
includes an LL.M-as-a-judge to evaluate the gen-
erated pairs. This judge (also Gemini-2.5-pro) ap-
plies a fine-grained set of quality checks to the
generated pairs to evaluate their quality following
an approach similar to Kim et al. (2024) and Pom-
bal et al. (2025). We instruct the model to verify if
the questions are objective, unbiased, relevant, an-
swerable and concise. We also enforce additional
stylistic rules requiring questions to be in the third
person and to avoid the use of linguistic or gram-
matical terms in the questions. We further impose
additional criteria on the answers stipulating that
they must be unambiguous and precise. For checks
that are not met, the judge provides an explanation

*https://ai.google.dev/gemini-api/docs/models/
gemini-2.5-pro

SWe initially explored several prompts to generate ques-
tions with varying levels of difficulty, however, the model
showed inconsistency in performance in this task, as well as a
reliance on verbatim answering.

for the failure in addition to recommendations for
improvement on the complexity of generated pairs.
The full prompt is provided in Appendix C. QA
pairs that fail Step 2 of the generation framework
enter into an iterative improvement loop (Step 3).

Step 3: Iterative improvement generation The
same model is again provided with: the passage,
the failed pairs from Step 2, and more crucially, the
judge’s feedback on each pair’s quality. The model
is explicitly instructed to correct any issues flagged
during Step 2, while preserving the dialect charac-
teristics of the passage. Steps 2 and 3 are repeated
for a maximum of five times, or until the evaluated
pair passes all quality checks. See Appendix D for
the full prompt.

Tok/ Sent/ Par./
Pass. Pass. Pass

Dialect Pass. Toks Sents. Par.

EGY 100 46,655 1,989 603 466.6 199 6.0
MOR 100 50,174 2,643 755 501.7 264 7.6
KSA 100 47,632 2,109 685 4763 21.1 6.9
SYR 99 42,821 3,057 1,217 4325 309 123
UAE 100 48,831 3,047 1,268 4883 30.5 12.7
Overall 499 236,113 12,845 4,528 473.17 25.74 9.07

Table 2: Post-review textual statistics and metrics across
all dialects for passages, tokens, sentences and para-
graphs.

5.2 Human-in-the-Loop

As benchmark data cannot be created through au-
tomated approaches alone, it is crucial to include
a human-in-the-loop. This validation step enables
assessment of Gemini 2.5 pro’s capability in gen-
erating QA pairs and also flagging of LLM-related
issues (Huang et al., 2025), such as hallucinations
and inaccuracies.

Dialectal Annotation Guidelines Manual evalu-
ation of the generated QA pairs was based on de-
fined criteria outlined in our annotation guidelines
(see Appendix K). These guidelines were refined
and finalized through an iterative process of pilot
testing and revising. The first draft of the guidelines
was tested in a pilot on Egyptian data, but differed
significantly in terms of label categories, as it in-
volved an attempt to generate QAs with various
levels of difficulty - a categorization that proved
difficult to define in terms of prompt instructions.

In the second pilot, three native Emirati speak-
ers reviewed 10 automatically generated QA pairs
across five passages.
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<Link to Guidelines>

<Link to Video>

A 45 oo S siaall A all) b e jee 4ad ey pd A ) e Ly ¢ e Chyina Aaia & e ) Ul ¢ iaia alal Chaadi ling | calide a8 g 4l Cyaall o sall a4 58
¢ galall giniall oy paill Ui Uial baska | () ) Clibasad) Ciaita A ) il (o ging Jlaall 138 (6 g Caaai o 1S alind (sie oLl SH () (Baded ddlasal) Jlaa b
L e a4 pad el il laall a8 iy pad e a5 ¢ QlSal) B Gaedly Cppiaaallc ol dasa g Copad adlaall | g LAY JBL o pakiiey 5 3) g Aaaall

€ oty 8 Olasal i (55 ol e (Bl g Gl SE WIS s

Today’s conversation carries a different kind of impact. We are speaking in front of a journalist, and I consider you a truly professional journalist,
highly capable, may God bless you. You possess a lifetime of experience; this long journey of more than 45 years in journalism deserves to be
recognized. I also have many questions I’d like us to discuss in this field, from your beginnings in the mid-1970s until today. Of course, we have
the ordinary definition of a journalist: someone who can report and write news. Journalism has changed today, Abu Mohammed. Journalists are
sitting in offices now, while there is what we call the field journalist, and you have experience as a field journalist. Yes. Tell us, what’s the
difference? Why did you fall in love with being a field journalist at the beginning of your career?

q q Question QA Pair Is Answer
estion List
Questi ! Relevancy  Naturalness Correct?
1 95 il Glidn ey OIS ) o Al Caaaiall 4y a8 cay e
. . . . ” . Relevant Natural Correct
When did the speaker’s journalism career begin, and what characterized that period?
oY) A sl sladl 5 Ol sall Ol g 4 5all L8 il 353 ilS 3 yalla 5 ccilipmand) Coualiia 8 4%y ja oy
It began in the mid-1970s, and that period was marked by the early years of the country’s
establishment, the founding of institutions, and the rise of journalism in the UAE.
2 flilaiall Jlae 4 de Ganadiall b 50a 5ae
N . o o a Relevant Natural Correct
How many years of experience does the speaker Abdullah have in journalism?
A 45 e SY s Al Jlae 845 A
His experience in journalism extends for more than 45 years.
3 Sosall Gmbaall Jla 5 inall alil) Cay peil (3l 55 cJlan Caanidl) 2DIS Cauen
According to Jamal, what is the difference between the traditional definition of a journalist and the Relevant Natural Correct
journalists today?
e 8 Gy i alla o gl Ll i€y s LAl iy ik ) ga il gaal)
Traditionally, a journalist is someone who can report and write news, whereas today journalists
mostly sit in their offices.
4 Sl g iy W daall 5 Sl daaall () GE) 5 Ofiantall 23S e ey
Relevant Natural Correct

Based on the speakers’ remarks, what is the main difference between a field journalist and a journalist

who works from an office?

O st el o gl cpinia (S ¢ e IS0 Ball 5 Gl e Jalay 43 33 (8 S Jaan s luall sl

LpeilSa

A field journalist is the source of everything new because they interact directly with people and real

life, unlike today’s journalists, most of whom work from their offices.

Figure 3: Example of the EDRAC Google Sheets annotation interface, showing a shortened snippet of the Arabic
transcript segment, its associated question—answer pairs, annotation labels, and color-coded evidence spans to guide
annotators. English translations are included only for reader clarity and are not shown to annotators.

The results and follow-up session revealed no-
ticeable disagreement among annotators driven pri-
marily by annotators’ regional linguistic variation
and daily linguistic habits. Following the pilot,
the guidelines were updated to improve the def-
inition and categories of ‘naturalness’. We also
added clearer explanation on what was acceptable
as dialectal variations and how to handle code-
switching. At this stage, five different sets of guide-
lines were deemed more appropriate, one for each
dialect. Each version differs only in the dialect-
specific examples used.

Annotation Set-up Dialect teams of two were
assigned 100 passages and their 10 corresponding
QA pairs (1000 QA pairs per dialect team). Each
annotator annotated 60 passages with an overlap of
20 to allow for an IAA study. In the annotation file,
each generated QA pair is cross-referenced with
automatic color-coding highlighted spans within

the passage to support efficiency in finding the rel-
evant section(s) of the passage. We also include a
link to the video relevant to each passage. See Fig-
ure 3 for a visual example. The ultimate goal was
to assess the LLLM’s output in terms of relevancy,
naturalness, and correctness, with an “ideal” result
of Relevant, Natural and Correct labels.

1. Relevancy: Is the question relevant to the
content of the passage? (Relevant, Irrelevant)

2. Naturalness: How well do the generated QA
pairs represent the dialect as it is naturally spo-
ken by native speakers? (Natural, Somewhat
Awkward, Unnatural, Non-dialectal.)

3. Correctness: Does the answer meet the re-
quirements of being factually accurate and
supported directly by the passage, or con-
cluded or inferred from information in the
passage? (Correct, Incorrect, Invalid).
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TAA As an additional measure of quality, we
conduct inter-annotator agreement using Cohen’s
Kappa coefficient (Cohen, 1960) on 20 passages
per dialect. While the annotations achieved high
observed agreement across the categories, the re-
sulting Kappa scores remained comparatively low
due to the highly skewed label distribution within
our dataset (also known as the “Kappa Paradox”
(Feinstein and Cicchetti, 1990)). We therefore cal-
culated PABAK-OS scores (a measure used for
linguistic analysis in Anzovino et al. (2018)). The
results showed high agreement across dialects. See
Appendix M for all results.

Dialect Relevant Natural Correct
EGY 100% 96% 98%
MOR 98% 99% 96%
KSA 99% 95% 96%
SYR 97% 98% 90%
UAE 100% 98% 98%

Table 3: Pre-review label distribution summary. The
three dimensions were evaluated independently.

Manual Review We performed a final round of
manual reviews by in-house native speakers. Spot
checks were carried out on the quality of annota-
tions for each dialect. 209 QA pairs out of 5,000
(4.2%) were flagged. We classify the issues flagged
into: (a) Fix (b) Discard (c) No change (see Table 9
in Appendix G for the statistics of the data, and
Appendix N for an example of a flagged issue).

Therefore the Total Flagged is a very small per-
centage of the entire dialectal set of 5000 QA pairs.
At this stage, 23 QA pairs were discarded, includ-
ing one full passage entry, resulting in 499 passages.
It is worth noting that a significantly low number of
LLM-generated issues were flagged by our anno-
tators. These issues generally related to incorrect
answers, misinterpretation of the question, gender
confusion (this affecting morphology of several to-
kens), partial correctness (e.g., only retrieving part
of a list) and hallucinated answers (not found in
the passage). The distribution of the “ideal” re-
sponse labels (Relevant, Natural and Correct) for
the pre-review generated pairs are shown in Table 3.
Table 4 provides a summary of the types of errors
encountered during the manual review.

The results of the manual review demonstrate
two insights. First, Gemini 2.5 Pro can be reliably
used in an iterative-improvement loop approach
to generate these 5 dialectal varieties of Arabic.
Second, we confirm the quality of the dataset.

Error Category QA pairs %
Incorrect Annotation 1%
Language naturalness <1%
Model answer errors <1%
Question quality issues <0.1%
Cultural understanding errors <0.1%
Transcription quality issues <0.1%

Table 4: Pre-review percentage of QA error categories.

5.3 Data Challenges

Developing a high-quality dataset for DA comes
with challenges, stemming from the language’s
diglossic nature, the vast number of varieties, re-
gional variation that is not well-documented, and
attitudes towards these varieties.

One issue that influenced both the design of
the guidelines and the annotation process is the
orthographic variation among speakers of Arabic
as there is no standardized orthography that is com-
monly adopted among speakers. Speakers’ spelling
choices are influenced by the phonological repre-
sentation of the word or MSA orthographic rules.
In our guidelines, we emphasized that spelling
variants are acceptable when there is no meaning
change.

The definition of naturalness posed another chal-
lenge. The Emirati pilot (see Section 5.2) revealed
a high disagreement among speakers. An underly-
ing reason for judgment variations was the anno-
tators’ own regional dialectal preferences, and as-
sumptions about their dialect. This was noticeable
in the ‘naturalness’ category. Additionally, each
Arabic dialect has its own sub-varieties that can
vary lexically and phonologically. Not all speakers
are familiar with such sub-varieties, and may there-
fore be biased against them. From an annotation
point of view, this means the annotators’ judgments
can be biased and may not reflect the true nature of
the dialects. The subjective judgments and regional
attitudes directly impacted label distribution in the
Emirati pilot. Annotators were often hesitant to la-
bel unfamiliar sub-varieties as ‘natural’. To counter
this, our guidelines help annotators to look past
their sub-variety bias. We have also emphasized
that variation is a natural linguistic phenomenon
across speakers.

Additionally, some of the passages contained
high-register language characteristic of formal me-
dia contexts (e.g., news). Prestige bias led some
annotators to regard such language as unnatural.
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Figure 4: Model performance across five Arabic dialects under three different evaluation metrics. Blue model names
indicate general multilingual models, whereas Red model names indicate Arabic-focused models.

We noted in our guidelines that these forms re-
flect the linguistic nuances of the native dialect and
should be labeled ‘natural’.

On the modeling side, we observed dialect mix-
ing in an earlier attempt at generating QA pairs
e.g., Syrian with Palestinian, Emirati with Saudi.
This is not unusual, as models are often biased. We
address this in our prompt by specifying both the
dialect and the country where it is spoken.

6 Experimental Setup

We use the EDRAC dataset introduced in Section 3
to establish a benchmark and evaluate a set of
Arabic-centric and multilingual LLMs on their abil-
ity to answer dialectal RC questions. In choosing
these models, we focused on dialectal models Atlas-
Chat-2B, Atlas-Chat-9B, Nile-Chat-4B, Hala-9B
and Jais-13B-Chat that support Moroccan, Egyp-
tian, Saudi and Emirati dialects, respectively. In ad-
dition, we evaluate a number of multilingual mod-
els that are both open-weight models (Qwen2.5-7B,
Gemma4-31B and SILMA-9B) and closed-weight
models (GPT-5.4 and Qwen3.6-Plus). Details are
provided in Table 8 in Appendix F.

For the QA setup,® we used OpenRouter (Open-
Router, 2026), an online API that provides a unified
access to different models using one standard inter-
face. The models were prompted with:

«Given the following passage, answer  the
accompanying question.

Passage: {passage}

Question: {question}

Answer: »

®Source code is available at https://github.com/
mbzuai-nlp/EDRAC.

We provide the prompt to the models in English
rather than Arabic. This aligns with the standard
practice of using English as the language of the
prompt, especially when benchmarking a highly di-
verse suite of both multilingual and Arabic-centric
LLMs. For example, Aljagthami et al. (2025) and
Dey et al. (2024) have demonstrated that mod-
els show a more consistent performance when
prompted in English.

6.1 Evaluation Metrics

We report model performance on answering ques-
tions using three metrics: (1) ROUGE - a
token-based metric (whitespace tokenization), (2)
BERTScore model (mDeBERTa-based implemen-
tation), and (3) CAMeLBERTScore which is an
Arabic-specific implementation. ROUGE (Lin,
2004) is typically used for the evaluation of
text summarization and machine translation tasks
(Chang et al., 2024). It is a token-based metric and
can only capture exact lexical matches between the
gold and generated texts.

We also report the performance using
BERTScore-F1, which is better suited to mea-
suring the semantic similarity. We evaluate with
BERTScore (Zhang et al., 2020) using two differ-
ent encoder-only language models: mDeBERTa,
a multilingual variant of DeBERTaV3 (He et al.,
2023), and CAMeLBERT (Inoue et al., 2021),
a model fine-tuned for Arabic dialects. We use
CAMeL-Lab/bert-base-arabic-camelbert-mix.

We provide results in Figure 4. The model order
in the plot is based on average performance across
dialects, under three metrics, sorted in descending
order (1st row is the best performing model).
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7 Results and Analysis

Figure 5 illustrates model aggregate performance
on the EDRAC dataset across various dialects, eval-
uated using three distinct metrics (also see Ap-
pendix A for the results). According to ROUGE-L
and BERTScore-F1, the flagship GPT-5.4 achieved
the highest average performance across all dialects.
While the model’s proprietary nature limits our
analysis, we can only speculate that this advantage
stems from its massive parameter size and exten-
sive training data.

Among the Arabic-focused models, Atlas-Chat-
9B achieved solid overall performance. Notably,
the Atlas models exhibited exceptionally strong per-
formance on the Moroccan dialect, which aligns
with their Moroccan-focused training data. Further-
more, Nile-Chat-4B demonstrated remarkable effi-
ciency, outperforming significantly larger Arabic-
centric models such as Jais-13B-Chat, SILMA-9B,
and Hala-9B despite its compact 4B parameter size.

While Gemma4-31B also delivered strong re-
sults, its massive scale makes it less practical for
deployment, especially considering it was outper-
formed by the much smaller Atlas-Chat-9B in most
scenarios. Conversely, Qwen3.6-Plus exhibited a
degradation in performance compared to its prede-
cessor, suggesting a weaker Arabic performance in
this evaluation setting.

Lastly, we observed that standard metrics like
ROUGE-L and BERTScore over-reward models
for broad semantic similarity while failing to cap-
ture dialectal nuances, creating a misleading leader-
board that does not always accurately reflect true
dialectal proficiency. For instance, when evaluated
using the Arabic-specific CAMeLBERTScore-F1
metric, GPT-5.4 dropped from 1st to joint 5th with
Qwen2.5-7B. This suggests that while the model
generates semantically accurate responses, it strug-
gles with dialectal constructions and specific lexi-
cal overlap.

7.1 Human Evaluations

We conducted human evaluations on two models
to further investigate our findings. We selected
20 examples from GPT-5.4 output (best perform-
ing model) and 20 examples from Hala-9B output
(worst performing model) for each of the dialects.
To ensure a representative sample across genres, we
selected two questions from 10 different passages
within each dialectal set. We evaluate the model
outputs on two dimensions: accuracy and natural-

Dialect Rouge BertScore Accuracy Naturalness

EGY 13% 82% 85% 32%
MOR 11% 85% 95% 50%
KSA 13% 81% 95% 25%
SYR 8% 79% 82% 42%
UAE 13% 81% 100% 5%

Table 5: Comparison of Automatic and Human Eval-
uation Scores Across Five Arabic Dialects. Human
evaluation scores (Accuracy and Naturalness) are based
on a 40-example sample per dialect drawn equally from
GPT-5.4 and Hala-9B outputs.

ness (see Appendix O for annotation guidelines).
The accuracy measures semantic equivalence with
a reference answer. To avoid bias and lexical prim-
ing during evaluations, we do not provide the pas-
sages to the annotators.

Table 5 shows a clear discrepancy between au-
tomatic and human metrics. Standard metrics
like ROUGE penalize lengthy or elaborate an-
swers even when they are representative of accu-
rate human responses. Conversely, while semantic-
similarity metrics like BERTScore show high
scores across the board, they fail to capture crit-
ical issues with the "dialectness" of the generated
text. For example, for some correct answers, the
annotators also labeled the answer as non-dialectal.

8 Conclusion and Future Work

We introduced EDRAC, the first large-scale bench-
mark for dialectal Arabic machine reading compre-
hension and generative question answering across
five Arabic dialects. EDRAC is grounded in
naturally occurring spoken interactions and con-
structed through a scalable human-LLM collab-
orative pipeline of iterative generation, LL.M-as-
a-judge evaluation, and human verification. Our
experiments with Arabic-centric and multilingual
LLMs reveal substantial gaps between semantic
answer quality and dialectal fidelity, highlighting
limitations of current evaluation metrics for dialec-
tal Arabic. Our roadmap for building comparable
resources can help other low-resource spoken vari-
eties to address the challenge of data scarcity.

In future work, we plan to expand EDRAC to
additional dialects and more challenging reasoning
settings, including conversational and multi-hop
QA. We also aim to investigate dialect-sensitive
evaluation metrics and extend our framework to
other low-resource spoken languages.
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Limitations

EDRAC covers five major Arabic dialects, but it
does not capture the full linguistic diversity of the
Arabic-speaking world, including finer-grained re-
gional and sociolectal variation. In addition, al-
though the dataset is grounded in naturally spoken
interactions, some source content may still contain
partial scripting or speaker self-monitoring typical
of online media.

Our QA generation pipeline relies on LLM-
assisted generation and evaluation, which may in-
troduce residual biases or stylistic artifacts despite
multiple rounds of human verification and quality
control. We also note that there are many high-
quality Arabic-centric models available that sup-
port Arabic, yet we limited our choice of models
to a representative and diverse sample for the pur-
poses of our study.

Finally, while we evaluate a diverse set of Arabic-
centric and multilingual LL.Ms, the rapidly evolv-
ing landscape of language models means that future
systems may exhibit different performance trends
on the benchmark.

Ethics and Broader Impact

EDRAC was constructed from publicly available
YouTube content using only limited transcript ex-
cerpts necessary for the research objectives. The
dataset is released under the CC BY-NC-SA 4.0
license for non-commercial use and is intended to
be solely an evaluation benchmark. To preserve
benchmark integrity, it should not be included in
pretraining or fine-tuning data.

To reduce potential harms, we excluded videos
containing sensitive, toxic, or explicit content dur-
ing data collection and applied multiple layers of
human review throughout the annotation pipeline.
The dataset is designed to support research on di-
alectal Arabic NLP, particularly for underrepre-
sented spoken varieties that are often overlooked
in current language technologies.

At the same time, dialectal data may contain
regional, social, or cultural biases that reflect natu-
rally occurring speech. While we employed native-
speaker annotators and quality-control procedures
to improve consistency and linguistic authentic-
ity, residual biases and annotation subjectivity may
still remain. In addition, the use of LLM-assisted
QA generation may introduce stylistic artifacts or
model-specific biases despite human verification.

We hope EDRAC contributes to more inclusive

and representative Arabic NLP systems by encour-
aging research on dialect-aware language technolo-
gies and more robust evaluation methods for spo-
ken language understanding. We used Al writing
assistance within the scope of “Assistance purely
with the language of the paper” described in the
ACL Policy on Publication Ethics.
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A Results

EGY MOR KSA SYR UAE
Model RL BFY BFf RL BF{ BF{ RL BF{ BF{ RL BF{ BF{ RL BF{ BF{
GPT-5.4 163 838 746 161 848 733 166 833 745 134 831 733 169 835 740
Qwen3.6-Plus 120 822 717 13.1 826 71.8 13.1 825 732 9.82 812 712 135 823 73.1
Qwen2.5-7B 134 816 737 125 805 724 148 819 752 127 809 73.6 152 819 748
Gemma4-31B 128 819 730 150 822 733 160 828 756 11.6 810 733 163 826 752
Jais-13B-Chat 128 805 739 109 807 728 137 803 755 11.7 805 745 149 803 757
SILMA-9B 824 788 726 839 819 721 926 782 738 558 794 719 936 789 737
Command-R7B 122 814 736 101 812 723 119 80.8 744 110 807 739 128 807 748
Nile-Chat-4B 148 831 764 809 813 725 133 826 759 11.0 824 755 13.1 823 758
Atlas-Chat-2B 106 815 723 159 834 748 113 810 73.1 9.90 815 723 121 81.0 733
Atlas-Chat-9B 13.1 827 734 195 845 768 148 826 748 130 829 742 159 827 750
Hala-9B 6.09 783 682 437 723 645 621 787 689 483 760 669 6.53 783 69.0

Table 6: Model Evaluation Results across Dialects. RL denotes ROUGE-L (whitespace tokenization); BF{D denotes
BERTScore-F1 (mDeBERTa); BF? denotes CAMeLBERTScore-F1.

Average Model Performance by Metric and Dialect
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Figure 5: Performance per dialect, using the average performance for all the models.

Model Name EGY MOR KSA SYR UAE Avg Rank
GPT-54 1 2 1 2 1 1.4
Atlas-Chat-9B 3 1 3 1 3 2.2
Gemma4-31B 5 4 2 6 2 3.8
Qwen2.5-7B 4 6 4 4 4 44
Nile-Chat-4B 2 10 5 3 5 5.0
Jais-13B-Chat 6 7 6 5 6 6.0
Qwen3.6-Plus 8 5 7 9 7 7.2
Command-R7B 7 8 8 7 8 7.6
Atlas-Chat-2B 9 3 9 8 9 7.6
SILMA-9B 10 9 10 10 10 9.8
Hala-9B 11 11 11 11 11 11.0

Table 7: Model rankings across five Arabic dialects, sorted by the average rank (Lower is better).
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B QA Generation: Initial Prompt

combined_initial_prompt =  ChatPromptTemplate.from_template(""" You are a linguist and
{passage_language} native speaker. You need to generate reading comprehension non-opinionated
question with precise, unambiguous answer, along with a list of exact quotes from the passage that
were used to form the answer. The questions should be based on understanding and interpreting the
text in the passage. A question can sometimes be derived partly through common knowledge in {country}
that is not explicitly present in the passage.

It is possible to either find the answer to this question directly in the text or to infer the
answer from the overall meaning of the passage. In order to answer an inferential question, pieces
of information in the passage may need to be connected, or the sequence of events may need to be
tracked. The answers to the generated questions must undergo all the following cases:

1.The answer must be found directly in the passage. It should match the passage closely in meaning
but does not need to be copied verbatim. Minor adjustments are allowed for pronoun consistency
(e.g., change “I did” to “he did” or “she did”), as well as slight rephrasing or morphological changes.
2. The question must be phrased strictly in the third person.

3.The answer must be inferred by piecing together information from different parts of the passage.

4.The answer must be inferred by interpreting the overall meaning of the passage.

You must not use a question similar to the previous questions. The answer to the question should not
be the same as the answer to previous questions.

Identify and extract the full quote(s) where the answer to the question is based.

The quotes must be exact, and the character indices of each quote within the passage must be provided.
The quotes must not include any extra details that are not explicitly in the answers Formulate
each question strictly in the third person. Questions and answers must be generated using ONLY the
{passage_language}. Your response must contain the question and answer only, or “N/A” if the question
cannot be created.

Keep each question short and concise.
The answer must be short.

IMPORTANT: The question, answer and extracted sentence must be in {passage_language}.Do not use MSA
or other dialects, otherwise you will be penalized $1000 per word.

Return your response in the following JSON format:

18
"Question”: "<your question in {passage_language} or N/A>",
"Answer"”: "<your answer in {passage_language} or N/A>",
"Quotes”: [
{
"text": "<your quote in {passage_language} or N/A>",
"start_char”: <the starting character index of the quote in the passage as an integer, or
—1 if N/A>,
"end_char"”: <the ending character index of the quote in the passage as an integer, or
—1 if N/A>
1}
]
1}
Passage:
{passage}

Previous Questions:
{previous_questions}

nn n)
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C QA Generation: LLM-as-a-Judge Prompt

nnn

combined_judgement_prompt = ChatPromptTemplate.from_template(
You are {passage_language} native speaker. You are evaluating a reading comprehension question and
its answer based on the passage below, which is written in {passage_language}. Your task is to set
of critical criteria and nicetohave recommendations.

Label these quality and formatting dimensions (True/False): - IsNonOpinionated: The question is
objective and not based on personal opinion. - UnambiguousAnswer: The answer is clear and does not
allow multiple interpretations. - IsUnbiased: The question is free from prejudice. - IsAnswerable:
The question can be answered from the text with the allowed outside knowledge. - IsRelevant: The
question is clearly related to the passage’s content. - IsInThirdPerson: The question is phrased
strictly in the third person. - QuestionFreeFromLinguisticOrGrammarTerms: Grammar or linguistic terms
are not used in the question. - IsShortQuestion: The question is 20 words or fewer. - IsPreciseAnswer:
The answer does not contain unnecessary details or irrelevant information. - IsIn{passage_language}:
The question, answer and quotes must be in {passage_language}.

Critical: If any of the checks for boolean dimensions are false, describe how to fix it. NiceToHave:
Suggest briefly how to increase the reasoning complexity of the question.

Output your evaluation strictly as the following JSON schema. Return only the JSON object, nothing
else.

Provide evaluation strictly in JSON:

«

"IsNonOpinionated”: true|false,

"IsNonOpinionated_reason”: "string”,

"UnambiguousAnswer"”: true|false,

"UnambiguousAnswer_reason”: "string",

"IsUnbiased”: true|false,

"IsUnbiased_reason”: "string",

"IsAnswerable”: true|false,

"IsAnswerable_reason”: "string”,

"IsRelevant”: true|false,

"IsRelevant_reason”: "string",

"IsInThirdPerson”: true|false,

"IsInThirdPerson_reason": "string",

"QuestionFreeFromLinguisticOrGrammarTerms"”: true|false,
"QuestionFreeFromLinguisticOrGrammarTerms_reason”: "string”,

"IsShortQuestion”: true|false,

"IsShortQuestion_reason”": "string”,

"IsPreciseAnswer”: true|false,

"IsPreciseAnswer_reason": "string",

"IsIn{passage_language}": true|false,

"IsIn{passage_language}_reason": "string",

"Recommendations”: {{

"Critical”: "string", // string; empty if no critical issues
"NiceToHave": "string"” // string; suggestion to increase complexity
1}

1}

Return only the JSON object, nothing else. Otherwise you will be penalized $1000 per word.
Passage:

{passage}

Question:
{question}
Answer: {answer}
Quotes:

{quotes}

nn Il)
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D QA Generation: Improvement Prompt

combined_improvement_prompt = ChatPromptTemplate.from_template(“““You are a linguist and
{passage_language} native speaker. Revise the original_question and original_answer based on
the provided judge feedback.Your primary mandate is to resolve all issues in Recommendations.Critical.
Systematically correct every dimension flagged as false in the feedback, using the associated
_reason fields to guide your edits. You need to generate a new version of reading comprehension
non-opinionated question with precise, unambiguous answer, along with a list of exact quotes from
the passage that were used to form the answer. The questions should be based on understanding and
interpreting the text in the passage. A question can sometimes be derived partly through common
knowledge in {country} that is not explicitly present in the passage. It is possible to either find
the answer to this question directly in the text or to infer the answer from the overall meaning of
the passage. In order to answer an inferential question, pieces of information in the passage may
need to be connected, or the sequence of events may need to be tracked. The answers to the generated
questions must undergo all the following cases:

1.The answer must be found directly in the passage. It should match the passage closely in meaning
but does not need to be copied verbatim. Minor adjustments are allowed for pronoun consistency (e.g.,
change “I did” to “he did” or “she did”), as well as slight rephrasing or morphological changes.
2. The question must be phrased strictly in the third person. 3.The answer must be inferred by
piecing together information from different parts of the passage. 4.The answer must be inferred by
interpreting the overall meaning of the passage.

Identify and extract the full quote(s) where the answer to the question is based. The quotes must be
exact, and the character indices of each quote within the passage must be provided. The quotes must
not include any extra details that are not explicitly in the answers Formulate each question strictly
in the third person. Questions and answers must be generated using ONLY the {passage_language}. Your
response must contain the question and answer only, or “N/A” if the question cannot be created. Keep
each question short and concise. The answer must be short.

IMPORTANT: The question, answer and extracted sentence must be in {passage_language}.Do not use MSA
or other dialects, otherwise you will be penalized $1000 per word.

Return your response in the following JSON format: {{

"Question

",

"<your question in {passage_language} or N/A>

"Answer":
"<your answer in {passage_language} or N/A>;

"Quotes
II:[
{{

"text
": "<your quote in {passage_language} or N/A>;

"start_char”: <the starting character index of the quote in the passage as an integer,

or —1 if N/A>,
"end_char"”: <the ending character index of the quote in the passage as an integer,
or —1 if N/A>
1}

]
1}

Passage:

{passage}

Original Question:
{original_question}

Original Answer:
{original_answer}

Original Quotes:
{original_quotes}

Judge Feedback:
{judge_feedback}
”» ")
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Text Structure Restoration from
Dialectal Arabic Transcripts

Classification — LLM labels each utterance

0:03 it is told o auspicious king" .
0:07  "that in the city of Baghdad" None
0:11  "there lived a merchant of great renown"

0:16  "his wealth was beyond all counting"

0:20  "yet his heart knew no contentment"

Generation — LLM writes structured text

It is told, O auspicious king, that in the ancient city of Baghdad there lived a prosperous merchant.
Y His wealth was beyond counting, yet his heart knew no peace.

Lexical changes are alignment noise — only coloured marks cross over

Merge — original tokens + extracted structure

it is told , o auspicious

a merchant of great
his heart knew no contentment -

original token punctuation

king , that

renown .9 his

paragraph

in the city of Baghdad there lived

wealth was beyond all counting , yet

Figure 6: Three-stage pipeline for restoring punctuation and paragraph structure from raw transcripts.

Given raw transcripts with utterances and timings,
we restore this structure (sentence split, punctua-
tion, paragraphs) in three stages, as shown in Fig-
ure 6.

Stage 1: Utterance-level classification The in-
put transcript is represented as utterances (se-
quences of tokens) with speech timings. The LLM
maps each utterance to a punctuation label or None.
The list of utterances is presented to an LLM to-
gether with their time intervals, and the model as-
signs a punctuation label or None. As recent re-
search shows, such a representation of the task is
more natural for generation models than the token-
based alternative. Results of classification allow es-
tablishing raw text boundaries based on non-verbal
signs (pauses) and contextual information for the
next steps.

Stage 2: Generation of structured text The
utterances, along with labels, are concatenated
and passed to the LLM, which generates coher-
ent, punctuated, paragraph-structured text. This
step allows the model to correct ambiguities — for
example, a pause-final utterance initially marked as
a full stop may become a comma when the follow-
ing utterance begins a continuation clause, or a new
paragraph may be inserted where a shift of topic is
detected. In addition, the model adds punctuation
within an utterance where two clauses run together
in speech without a pause.

However, the generated text may differ lexically
from the original (added words, dropped particles,
paraphrases). Such differences are text noise that
is cleaned in the next stage.

Stage 3: Merge with original tokens A se-
quence matching algorithm (Ratcliff and Metzener,
1988) is performed between the generated tokens
and the original tokens. The alignment walks
through the tokens in order, identifying the position
of each punctuation mark and paragraph break rel-
ative to the nearest preceding original token. Then,
only punctuation and paragraph markers are ex-
tracted and inserted at the corresponding positions
in the original token stream.

F Additional Details on the Experimental
Setup

A list of the evaluated language models and their
sizes is provided in Table 8. The sizes of GPT-
5.4 and Qwen3.6-Plus models are not publicly dis-
closed. For most models, we used OpenRouter to
perform inference, resulting in a total cost of ap-
proximately $200. However, not all models were
available on this platform, particularly the Arabic-
centric ones. For those, we ran inference on a single
NVIDIA RTX 6000.
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Family Model ID Short Name Size(B) Ar En
1 MBZUAI-Paris  Atlas-Chat-2B Atlas-Chat-2B 2 e
2 MBZUAI-Paris  Atlas-Chat-9B Atlas-Chat-9B 9 °
3 hammhOa Hala-9B Hala-9B 9 °
4 MBZUAI-Paris  Nile-Chat-4B Nile-Chat-4B 4 °
5 inceptionai Jais-13B-Chat Jais-13B-Chat 13 o °
6 Qwen qwen3.6-plus Qwen3.6-Plus N/A o )
7 Qwen Qwen2.5-7B-Instruct Qwen2.5-7B 7 ° °
8 CohereLabs c4ai-command-r7b-arabic-02-2025 Command-R7B 7 ° .
9 silma-ai SILMA-9B-Instruct-v1.0 SILMA-9B 9 ° °
10 google gemma-4-31B-it Gemma4-31B 31 e .
11  openai GPT-54 GPT-54 N/A o °

Table 8: A list of the evaluated language models and their sizes.

G Final dataset stats

Dialect Initial Pairs Flagged Fix Discard No Change Final Pairs
EGY 1000 41 (4.1%) 17 1 23 999
MOR 1000 31(3.1%) 20 3 8 997
KSA 1000 55(5.5%) 27 1 27 999
SYR 1000 60 (6.0%) 33 16 11 984
UAE 1000 22 (2.2%) 5 2 15 998
Total 5000 209 (4.2%) 102 23 84 4977

Table 9: Post-review reconciliation of the total number of QA pairs before and after review per dialect.

H Genre Descriptions

Genre Description

Personal Development Focuses on everyday living, well-being, hobbies, and individual growth.

Sports Athletic activities, organized games, and competitive event analysis.

History Dedicated to exploring and preserving historical events and cultural backgrounds.
Interviews First-person accounts, direct human interaction, and conversational dialogue.
Documentary Non-fiction, real-world observation, and deep-dive reporting.

Arts, Culture & Entertainment  Creative performances, cultural trends, and media critique.

Science, Tech & Innovation Explores the natural world, scientific inquiry, and technological advancements.
Education Educational texts, instructions, and publicly available information sharing.
Business & Economy Commerce, financial markets, macroeconomic theories, and business stories.

Other News (Politics, Society), fiction (Drama, Comedy, Romance, Youth) etc.

Table 10: YouTube video genres in EDRAC.
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Genre Distribution - Egyptian
Genre Distribution - Moroccan

18 23
8 13
7 7 7
6 5 R 10
2
I e N
. Sports Arts, Culture & Entertainment - _—
Personal Development M Education B Personal Development B Arts, Culture & Entertainment
I Interviews Other Documentary History
Business & Economy s Documentary - Sports BN Interviews
B Science, Technology & Innovation History Other

Genre Distribution - Saudi

31
27
Genre Distribution - Syrian
25
11
10 9 s
.
3
l . e
- s
2 2

3
BN Interviews Sports - !
Other B Personal Development W Personal Development Science, Technology & Innovation
W Arts, Culture & Entertainment Science, Technology & Innovation Sports W= Documentary
History W Business & Economy [ Other History
, Interviews W Business & Economy
BN Documentary Education W Arts, Culture & Entertainment

Genre Distribution - Emirati

20
19
12
11
9
8
6 6
5
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Personal Development B Arts, Culture & Entertainment
s Other Business & Economy

Figure 7: Genre distribution by dialect: Egyptian, Moroccan, Saudi, Syrian and Emirati.
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I Channels per dialect

Dialect List of Channels

EGY
Ahmed Waheed, Al Nahar Drama, El-Podcasters - ; A8 }J |, Film Gamed, Kareem Esmail, MahmoudIsmailTV,
Mamdouh NasrAllah, Omar Khaled - A= Ja",
Pharmastan - ()liule, 5, ReadTube - L.L J+=, STUDIO 77, Sarah Abouelkhair,Sarah Hany, Sherif Nabil - t\b
u...f‘\, Waleed - AJs, joo sport C_J..Jl ;j 3,9,
Qe i &l sola¥I il |- Mokhbir Eqtisadi, b (532 = Wl 587 5 26 20l ey o llse,
Sy @al, d| o) L Heba Abo Elkheir
MOR
BarbaRoss Hicham rl..im JJJK{J{, Farouk Life , Foot Maroc | 89 e & ¢ 93, Hassan El Fad | 2l >, [Bra
Traveler, OTMAN HANA / Ul> ylote, Said Naciri
Wl A, Yassin Haro, ahssan patissier, elbachir L3aouni § ¢! a2, soumamalak, degled CJ’-! Ibnfatoma ,
KSA )
Alaab - !, SBC Channel, &5gaull, 25 sla | Highfive
SYR
&, gl $L, Al Mashhad Light &uY .\.V;ﬂ\, Barhom m3arawi - (5 5! = P38 Boshe Tv, CHEF OMAR & a.s,
Donia Stories - £adl _J gac*l, Ghaith Marwan
Q‘jf Eask, LTV () o 52, Majed Haidar - ju.> J=L, NewDose - 93, Rano’s Home , Sama Art International |
sl CLD?U asl, Sara alwari &J)Jl 3L, Sherin Amara,
Syria TV, Syrian kitchen, Yala Story Plus, 45! - Althania, > olé JJ}....H w)‘ JL:J‘ —2.2J! - ShamiChef ,
ol 3 Pl Jalal & Yasmin , poh 44> Johina Home,
lord! Cusly>, o & 3~ - Syrian Gamer, r}:ﬂ > 3l3 Halab Today TV
UAE

4042 Studios, Abu Dhabi TV L_.j‘-"jj 5L, Hamdan Al-Ali, UAE FALCONS FEDERATION, d: Ujij’-b - Dubai TV,
V&1 W Khaled Alkhaaldi, U, Ranoy7, 3> W~

- Sama Dubai, § alall 5L, HLU slaY wez o Olae 5e

Table 11: Final list of YouTube Channels by Dialect.
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J Transcription Guidelines

This is the original guidelines PDF that was given to the annotators.

Transcribed Speech Annotation Guidelines

To ensure consistency across all annotators, we developed Transcribed Speech Annotation Guidelines. The
guidelines provide step-by-step instructions for annotations and highlight the importance of listening to the audio
while reviewing the text. This is crucial to accurately capture the dialectal pronunciation of words that are
orthographically similar to MSA. Annotators were instructed to skip passages with large missing segments of
transcriptions and to adhere to a minimal post-editing policy with the goal of ensuring the text readability and
comprehension. Prior to the annotation task, a group training session was held to present the guidelines to the
annotators and explain the task in detail. Discussions were based on Egyptian examples as it is commonly
understood among speakers of other dialects. Special attention was paid to the Arabic Orthographic Post-editing
section of the guidelines that provides specific instructions on handling spelling variation among speakers.

This task requires you to review transcriptions of videos created by an automated transcription tool. Segments of
YouTube videos have been transcribed into passages. You will need to listen to the video and read the context of the
passage fully before determining what minimal fixes are required to make the text readable and understandable.
Resolving ambiguous cases that can be (minimally) acceptable is encouraged.

1. Preparation

1. Open the YouTube link in column A.

2. Adjust playback speed to ~60% for accurate listening.

3. For a first pass, read the corresponding automated transcription for each paragraph in column A while
listening to the audio. If a passage is missing larger chunks or entire sentences, then you should skip the
entire passage and flag it in the name of the tab as Skipped.

4. Column B is a version of the transcription, where each word/token is presented on a separate line

5. Column C contains a copy of column B.

6. Proceed with the annotation task of post-editing the content of column C where necessary, following the
guidelines below.

7. If a word that was not spoken was erroneously inserted into the transcription then remove it and leave the

field in column C empty.

If a word needs to be fixed/ replaced, edit it in Column C.

9. Ifaword or words are missing, please insert them in the same cell of the previous word (see screenshots of
the annotation process at the end of this document). If the missing words are at the beginning, insert them
in the cell of the first word.

*

General Guidelines

—_

Follow the Arabic Orthographic Post-editing Guidelines closely

2. Attimes, you will find that the automated transcription incorrectly defaults to a MSA word. In these cases,
conserve the speaker’s words (e.g., “ba” not “x ). .

3. Include filler words if presented in speech, for example, (3% = it means, ({<) = just, only, but, (&) =
to become; or as an adverb means already, (3u=l) = anyway)

4. There is no need to try to transcribe onomatopoeic sounds. Instead, insert a description of the sound in curly
brackets, e.g., {baby crying}, {man laughing}, etc.

5. Orthographic variation is expected across annotators, however, it is advised to maintain consistent spelling
for recurring dialectal terms within one passage.

6. Play back any uncertain segments to confirm accuracy.

7. If the passage is missing some words or parts of a phrase, you can go ahead and add them..

8. It is strongly advised to slow down the speed of the video to help you to correctly identify potential errors

in the transcription.
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Guidelines for Arabic Orthographic Post-editing of Automatic Speech Recognition
Texts

The annotation data we focus on here is the output of automatic speech recognition (ASR) of Dialectal Arabic (DA)
audio recordings. Since DA has no official orthography standards, Arabs writing in DA tend to use a set of variant
spellings that either capture the utterance phonology primarily or are inspired by Modern Standard Arabic
orthographic decisions (etymological or historical spelling) (Habash et al.. 2018). While proposals to conventionally
normalize dialectal spelling in NLP contexts have been proposed, e.g., CODA - (Habash et al.. 2018), we opt here to
take a simpler route that only addresses unacceptable ASR output, and apply a minimal post-editing policy to make
the post-edited text comprehensible, while mimicking what a person might actually produce naturally. We only
label unacceptable ASR output as “errors” and refer to other spelling decisions that vary from MSA or CODA
standards as “variants”.

The two types of phenomena that will most likely capture the attention of a human post-editor performing this task
are:

1. Acceptable Variants — These do not affect the understanding of the passage and do not require
post-editing.

2. Unacceptable Errors — These impact readability and comprehension and must be post-edited by the
annotators to minimally change into an Acceptable Variant form.

1. Acceptable Variants (Do Not Require Post-editing)

The following is a motivating example from Habash et al.. (2018) showing 20+ spellings of the Egyptian Arabic
word /mabi’ulha:§/ ‘he does not say it’ and their frequencies from a Google Search (September 29, 2017). Since all
of these variants clearly indicate the intended meaning, they are all acceptable variants for the purpose of our task at
hand. Note that the variations include different decisions on how to represent the glottal stop whose MSA cognate is
/q/ &, shortened long vowels, attaching or detaching the negation proclitic mA/m, etc.

Arabic Orthography
Flsiae

Slsie b

(Alaiee (Bl le
:uilAL L AU,‘/ULA
Sdsizle

(s b Rl
Sl b ¢ e
A e
Pl (2 Lo

Arabic Transliteration
mbygwlhAS

mA byqwlhAs

mAbqlhAS, mbgqwlhAS,
mbqlhAS, mA bglhAs,
mAbygwlhAS

mAbgwlhAS, mA bqwlhAS,
mbyqlhAS, mA byglhA¥
mbylhAS, mAbySwlhAS,
mA by$wlhAS, mAbywlhAs

Frequency
~ 26,000
= 13,000
< 10,000

< 1,000

< 100

Al (S5 b
s L e
O e Blaule
(e (3 L

(AR (e

mA byWwihAS, mAbSIRAS,
mby$wihAS, mA by§IhAs,
mAb$wihAS, mA bSIRAS,
mA bWIhAS, mbywlhAS,
mbyWIhA3, mAbWIRAS,

<10

mbwlhA§

i

We present below a list of common orthographic phenomena that we consider acceptable (unless in some context,
they can lead the reader astray). Some of these are the result of letter shape similarity and other phonological
similarities. Not all “similar letters” are acceptable variants: if they are visually similar but phonologically not
similar, they are most likely errors. There is also the issue of commonality: some spelling variants are so common
that they are acceptable because they are recognizable.
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Variant Set Name

Variant Characters

Acceptable Variants Examples

Ta Marbuta /Ha 3/ Agial) Ly il 5,8 / 4l Ly 85 )8
Alif Magsura/Ya sl e L':::L; ﬁ))“/&;i;ﬁ
Alif Hamzas \/]/\/\ Sean Ul / gleasl Sl
Hamza Forms VV‘P/LS/_B atildde / aaclale / aa slale
Etymological Variants ;/(_5/)/\/\ /3 s i bl 7 s sl
Etymological Variants 1 /<& Ssla il fala / gla el fala
Etymological Variants Iyl S @l /0K slips
Etymological Variants ol Gllia (i g ajliall / cllia Cadl g Loyl 31
Etymological Variants J'/'J/J QK ) / ) sy

dlhan o @l / dlia e el

Splits z «d el Chaia g Chpdia [ Cipaiz s hsdin

Merges Yol s b/ il

Qana b/ deadly

Sa3 Y/ Sany

Shortening & Jese Ve /s foMale ) i € odlae I i o
Lengthening -

(long vowel spelling variant
of short vowel spelling via
elided diacritics)

It is not possible to create a full, exact list of acceptable variants for all possible contexts, as some contexts can lead
the reader to a different unintended meaning. For example, while Ta Marbuta and Ta Mamduda may be
interchangeable safely in contexts like eslall Cuzas /3 lall L2as they may not be in limited contexts like / leaall 48 )a

deasll e a,

2. Unacceptable Errors (Require Correction by Post-editing)

These errors hinder readability and must be post-edited to make them Acceptable Variants. The general pattern is
that the written form is so abnormal and so confusing that a reader cannot reasonably recover the intended meaning.
We list below the elementary types of these errors and then exemplify their combinations, which are numerous.

Error Type Description Original text Corrected text
Elementary The omission of _ in this 3000 (e &SI e (g5t Wiy il | 3000 e ST e (o st Ly 8l
Character instance makes the word Africa has more than 3000
Omission unrecognisable Africa has mor than 3000
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Elementary The added Alif ! is Alall ) i pls )l by Alall Al la sl
Character confusing
Insertion 1 hope we see you next year 1 hope we see you next year
Elementary Transcription uses wrong o3y cllla Hl1 3 odiie s (udae (B ] il (8 dtie s palaa (A
Character letters which leads to B BENB WO VS ENp A | et ) Pla il ool
Substitution different meaning A cuaia agd JB IV B aml ) | JE V) 8 mal ol JBla it
$ipie &l )Y 50 Tpie 0l Y g2 4l cunia agd
There is a newly elected board There is a newly elected
at Zamalek football Club, led by | board at Zamalek football
Counselor Galal Ibrahim. At Club, led by Counselor
first, Counselor Garar Ibrahim Galal Ibrahim. At first,
asked them, "Where are we Counselor Galal Ibrahim
going to get the dollars from?" asked them, "Where are we
going to get the dollars
from?"
Elementary —uSia is a single word, Al n ) pe cay clin e I o) Al e oS e

Word Splitting

which once split breaks the
meaning.

4yl A dann

And what will happen to the one
who doesn't ad apt to their

Sagl (A Juanas 43l 5a

And what will happen to the
one who doesn't adapt to

surroundings? their surroundings?
Elementary o8 e is two separate 3 palld calisg S5 6 ) sSllie HlSTia it JS5 6 )5Sl (e Al
Word Merging | words and should not be Ly L S palla
joined together, even in
dialect We're going to talk aboutfootball | We're going to talk about
in a completely different way. football in a completely
Let's start! different way. Let's start!
Elementary Automatic punctuation Ll e Gala cpmeadle (e Ul | adde Gl o sl o ddle (il Ul
Incorrect addition leading to Cam bl
Punctuation erroneous interpretation.
1 don 't even trust his own father | I don't even trust his own
to be with him; why should I father to be with him; why
trust. him being with you, should I trust, him being
Ba’agar with you, Ba’agar
Elementary Automatic speaker ok Sasiall 1 *¥* [62 - 45] [45 - 62] *% 1 Casial) **
Incorrect diarization is incorrect. e 5n fan sl pen Lagladldla 3a | sa fau 5 ea L) allill GG
Speaker I Gl G e e LUl s | g gile e LUl s e
Assignment &t ds¥) sl

**Speaker 1 **[45 - 62]

What does he want, Mr.
Hamzawy? He wants his rights.
I have no objection, but he has
to divorce first. Her

[45 - 62] **Speaker 1 **
What does he want, Mr.
Hamzawy? He wants his
rights. I have no objection,
but he has to divorce first.
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ok Caatall 2k 165 - 61]
s W (S U IS i 0
**Speaker 2** [61 - 65]
Is a problem that could cause us
hurt.

ok Coatiall ] Rk [67 - 64]
Sa o5l san Lyl 3 gladll eas pladll
**Speaker 1** [64 - 67]
The headache the headache.
What is going on Hamzawy
Bey?

[61 - 65] ** 2 Caaiall **
Saa N IS5l (& (o3 08
Flaall n s Ul s
**Speaker 2** [61 - 65]
It is a problem that could
give us a headache.

[64 - 67] ** 1 Caasiall #%
Say o5l sen byl 3 pladll an g

**Speaker 1** [64 - 67]
‘What headache would it
give you, Mr. Hamzawy?

Complex Error

Invalid/ jumbled spellings,

oS dpe W iy 03X 2ay ape W s

Ao U iy 038 gy 4pe M

Character as well as word splitting. ol Z3la iy 55 o Ol 23k aly 55 a0 S

insertion and This spelling corruption

Character can often occur when And a generation of players And a generation of players

substitution words are incorrectly split. | later emerged, becoming later emerged, becoming
top-level stars, like Walld Salah | top-level stars, like Walid
El-Din. Salah El-Din.

Complex Error | —Sis is a single word that ) pe Cad el i M Al Al e CaST e

Word Splitting | cannot be split, even in 4y & Jmn 4l n 4y & Janp 4l n

and Character dialect

insertion And what will happen to the And what will happen to the

ones who don t ad appt to their
surroundings?

ones who don t adapt to
their surroundings?

Complex Error
Word Splitting
and Character
substitution

Invalid/ jumbled spellings,
as well as word splitting.
This spelling corruption
can often occur when
words are incorrectly split.

S 1 pelS (5 i) Ll (51 g

So A will wa ait until I buy a
good camera

A sS |l g 300 Wl (iingd

So I will wait until I buy a
good camera

Complex Error
Resolvable

Meaningless or
Illogical
Sentences

Some sentences lack
coherence due to missing
words and should be
corrected. In this case,
annotators should relisten
to the original video
carefully and fill in the
missing words to convey
the correct meaning of the
sentence.

S el by e b s 56l L s sl !
lgisiall siall 556l 1L S

Oh mu Gud! Oh mu Gud! Oh
mu Gud! Oh mu Gud! My lady
Karaya, somebody help me,
somebody help me!

b Faaalb sl bissed !
siall 5 sl 1S ELT Ss
18l

Oh my God! Oh my God!
Oh My God! Oh my God!
My lady Karama, somebody
help me, somebody help me!

Complex Error
Unresolvable,

Meaningless or
Illogical
Sentences

Too many errors resulting
from multiple speakers
overlapping in the original
audio. It would be quicker
to transcribe this audio
from scratch rather than

AL S (5 st gin gl al Sy
Ul G pala el b il e
b dllas 4o (ala « spaadde (iale
A el la xS jam il ¢ jans

Passage should be flagged
for removal.
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post-edit this automated
transcription.

Screenshots of the Annotation Process

1. Starting point

YouTube Link = Original = Correction Review =
Click here to watch the video Guidelines:
B Annotation_...
T ]
51 S o B 30 5520 3 3451 S e o S i w -
e e
Pl o
e o
prR pr
e o
o by
el K
pry Jsy
Al G
o o
o &
e P
el e
2. Check out the video
YouTube Link| = Original = Correction Review =
Click here to watch the video Guidel
& Annotation_...
O -1 a5 il el . D xn
- oz i 0 [162-1)
V1 G G 51 A Y1 a5 i e S 5 - -
e e
. ¥
o o
e 5 Sinaa
o e
el g
prEY dsy
5] el
o o
el @
& &
o o
o

e

Comment

E

ts.

Comments
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3. Edits are marked automatically

YouTube Link| =
Click here to watch the video

** aaidi 0% [162- 1]
151 G g (g a1 5520 a5 A Y ) s e o Sl (i

B c o
Original = Correction Review =
Guidelines:

B Annotation_...

4. Edit types: Do not add any type names. This annotated screenshot is for

explaining how different types are handled.

YouTube Link| =
Click here to watch the video

i 0% [162-1]
B GB n  ¥1 50 o 51 ) e 5 e o (S s

8 c )
Original = Correction Review =
Guidelines:
B Annotation_...
@ 4 Deletion
Sl 45 = Replacement
Y Ey
e s
& o & fn
il T
Aoy ]
4 e plins e Insertion)
r d» g Replacement
G G
das I a1
” o —— Replacempnt
& aliie Merge
s ‘/
g e

Comments

Comments
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K Annotation Guidelines

This is the original guidelines PDF that was given to the annotators.

Reading Comprehension Q&A Pair Evaluations
Annotation Guidelines
(Emirati Arabic)

Introduction

This task aims to evaluate the performance of LLMs in generating question-answer pairs in Emirati Arabic
based on accompanying passages.

You are provided with a passage written in Emirati Arabic along with 10 associated, automatically generated
question-answer (QA) pairs.

The passages are transcriptions of YouTube videos in Emirati Arabic. The segments provided for annotation
correspond to the first six minutes of each video. The video link and the exact time intervals are included at the
top of each passage. The ultimate purpose of the dataset we are creating is to evaluate LLM capabilities in handling
dialectal varieties of Arabic.

Figure 1. illustrates the content of the annotation sheet.
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A link to the annotation guidelines (i.e. this document)
Video link

Question Relevancy label

QA Pair Naturalness label

Answer Correctness label
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F. Corrected Answer field
G. Comment field

QA Pair Review

Start by reading the passage while listening to the video. Next, read the question-answer (QA) pairs carefully.
Each QA-pair has an assigned colour that corresponds to a highlighted span in the passage. The span is intended
to help you find the answer in the passage.
(Note, however, that the highlighted spans in the passage were automatically generated. As such, the spans are
not always accurate, and the answer may lie elsewhere.)

Bear in mind that the answer may be found in different ways:

e The answer can be found in one of the sentences that has been automatically highlighted.

e The answer can be found by piecing together information from multiple sentences (highlighted in the
same colour).

e The answer does not lie in the corresponding highlighted sentence(s), but instead elsewhere in the
passage.

The following passage presents the transcription of a video spoken in Emirati Arabic. The passage is
predominantly in Emirati Arabic.

cla aly U gl | ol g aman Y Sluyne gugad) s pupnal cla il b gasnal o gl
aly Ly Gusntall il ails by s pugate Shusate usnte gl Won 48 g ads b usatal cila
orsttall G g by ugniall Ga i

(S (S L gy Ui U ol L g b it cln ol € o U Sl il U U tim Gl
s <8 Y s 0 im0l « Py« Dy « Do Dol gy (Sl Dl Ko L bk
U 05 Dpmans aieal) Ugmann S, § i cila il b lile lle i Lale e il a Lo, Le b iy
Lo S i Lale o 8 Lala o peda o ogemla o o gesla D050 o pupatall Lia pa e Sy U gae
b ol Lim e e Lin e s Sl 2Bl Sty U Sl Sl e 3l Sile S0« gllad

Lo padloe padle wlyals by,

YIRS PA U kP EEN U RS | K W P | PR PR [ PRRRTE P P e
o i o Al Y G 0 gy S e oplall a LBl G 0 ¢ aliead)
Lo Lo il Laa b 4ol adllall o slall ola il . aliond Lpad il s i cule s | salad)
Al 1sap 150 0 el a3 LIS gla g dieall Ugeanag bl Clal¥l . Sl dlln £ ek 3
o Jaat Loy o Lgloal Loy o i TaDad Lo i L 88 ) Dgmans b alianll o glall n
&Jbi‘uds‘\_-lhinu:l:ujgjumJu:hmJL}m e il el s 4K sl 5 4K an
Ly Cidlan g pellony cilllady elpdy (030 505 ® 00,9 005 € gl g1y | o0 silay; alien

L Gle Cn atdliygn sl e o (358 358 dlusmta pupotdl el e s e ol

Yol Ry ey sieat gk Jus € e 153 gla e 3 gpien gl graliie gloalh e o 2l
adlladll g oLy I e Sad o) ol ol L sl gl Sy a3
Lagwed Lo o0 a0l ool csbaling 3030 0 Fusibe 3 gasall Lo 3358 0xy 123 2305 ¢ pad
e o L, Sted o les s | s e 40558 al p (pued (e < L85
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(ERTPRGR PP PPV PR E V) R ¥ PEQP R A - V() DAFG F- SR RL Y B XY A - DU\ PR
G dal alp Mabaib e o b ol o s Tl aul sl J8IE il a0 cl eyl
Loash o8 305 2y 5235 (o sTia pptll o AL o K oontall g (50 Ml pall; Al il
pfa a3l o vema orll gandl Calin arllale ) 10 Sl ed 50 a4l u ;) i
adly ¥ il ety ol o age s 5K adl ) o dese 8 gloas il e gand S,
‘;"—J‘—"‘*%;ﬁke&ﬁ‘i‘ke@ktéﬁmebl—‘ﬁ Sl plall s eloosl s # ol 0K e
g el il g y1e 5 o paldll 5 pa o jlee Jolor B eny oo Jla 0 (530 € 5l 5 ol
tama o 20 ) (3 dema et o pae Joly Bl Gl el Lt Jalian Jali o 5% ) aiil) o
o A oty il 1A ol e 8 ealaiadl g3y dn il gl 2l a3 5 0 K AR
Gt aslly il gt (030 Sl G s st i b i e ) Bz AT 5
S Slle K K K G5 2l Gt 5 03 0 deme il 7 a0 sl ackes L gl Sl
oSl g o Jaiah ga IS Kl pasr o 5Y alae s 3 pandl Gralls < o a0l 358 gclani)

You are required to assess the quality of the QA-pairs through (1) Question Relevancy, (2) QA Pair
Naturalness and (3) Answer Correctness:

1. Question Relevancy

1.1. Relevant: The question is relevant to the content of the passage.

Example (i)

Q Slia 1 s e lllad i g i e Gaaaiall la S35 W cileall e
Which entities did the speaker thank for organizing and presenting

EN the activities of the Hatta Winter Festival?

1.2. Irrelevant: The question is irrelevant in terms of the subject matter of the passage.

Example (ii)
Q § o b el aey e W) gus (laas ) pans (g U eLid§) 5l 50
What are the most notable things His Highness Sheikh Hamdan has
EN. done to support young people in Dubai?

2. QA Pair Naturalness

QA pair naturalness reflects how well the generated QA pairs represent Emirati Arabic as it is naturally
spoken by native speakers. Here, Emirati Arabic refers to all sub-varieties of the dialect.

Naturalness should be evaluated with respect to both the question and the answer. If either of them
sounds odd to Emirati speaker’s ear, such as being awkward, unnatural, or non-dialectal—then the
entire question—answer pair should be marked accordingly.

Variations
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Note that QA pairs may contain spelling variations that either capture the utterance phonology
primarily or are inspired by Modern Standard Arabic orthographic decisions (etymological or historical
spelling) (Habash et al., 2018). Acceptable variations are those that do not cause the meaning to
change.

Table 1 presents a list of common orthographic phenomena that we consider acceptable. Some of
these are the result of letter shape similarity and other phonological similarities. Not all “similar
letters” are considered acceptable variants: if they are visually similar but phonologically not similar,

they are most likely errors.

There is also the feature of commonality: some spelling variants are so common that they are
acceptable because they are recognizable. For example, both 4xxll and 42} are common spelling
variants that are acceptable because they are recognizable.

Note that it is not possible to create a full, exact list of acceptable variants for all possible contexts, as
some contexts can lead the reader to a different unintended meaning. For example, while Ta Marbuta
and Ta Mamduda may be interchangeable safely in contexts like s tall Cunas /3 jlall dnas
(‘neighbourhood association’) , they may not be in limited contexts like lalll &S ja /Ll 38 ja (“the
guys’ movement’ vs ‘I moved the guys’).

Variant Set Name | Variant Characters | Dialectal Variants Examples

Ta Marbuta /Ha 5/0 sl Lyl 5508 / asll Ly il 5,

Alif Magsura/Ya sls lde L)/ 1 de el )
10l e (ol / 10l e ol

Alif Hamzas i leas LMl / cleast Sl

Hamza Forms iVelisls agilale / anelle / a8 glale

Etymological alelsl s G b ol Ul /A Gl / L 8

Variants

Etymological L/o Sla o sthandl/ctinal) als / sla ¢y ghindl/Uanl) lala

Variants

Etymological @ /s i/ ad

Variants

Etymological /S OSS alina /S Glia

Variants

Etymological SRY) s bl 5 Jasliall / Slia il g dayl )

Variants

Etymological BIAA I i / QK i

Variants liaa e i/ dia e dlid

Splits z Jedias Coprin g Coglin / Ciyai o 5 Cisli

Merges Vel Ui/ i Lo / Caiile
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Aaaa b/ 2y

a3y / Sany

Shortening &
Lengthening

lge e ls f3lale U i € oDlae I i
(long vowel spelling
variant of short vowel
spelling via elided
diacritics)

Table 1: a list of acceptable orthographic variants

‘Naturalness’ is classified into the following labels and each QA-pair should be labelled accordingly.

2.1. Natural: The text reflects a written representation of typical speech spoken by a native

speaker of Emirati Arabic without sounding foreign or disfluent. It can reflect a range of form

Example (iii)

Q

EN.

EN.

iaaiall lia Jaf g ) IS W) GLaY) il o

What was the responsibility entrustment to the people of Hatta, the
speaker?

2l ¢ deae gl sand) aalial S 5l 5 Hedl) LT and Jona 55 4 ALY S
kel IS a8l 5 0 g8

The entrustment was to convey the highest congratulations and
blessings to His Highness Sheikh Mohammed bin Rashid Al Maktoum
and the leadership on behalf of every Emirati household.

Natural code-switching between MSA and Emirati Arabic due to the lexical similarities is

considered “natural”, as long as the text can be read fully in a dialectal voice or fully in an MSA

voice. Common code-mixing where frequent MSA phrases or occasional borrowings from MSA
is used for formality or terminology is also natural. Examples of MSA mixing - il g loall
oo a3 Aialul) 4le Y1 Example (iv) illustrates a QA pair that is acceptable in both Emirati
Arabic and MSA. The main difference lies in how the words are pronounced.

Example (iv)
Q

EN

EN

$lin 12 Ols s b o1 5a Y] Cnial) oy (S

How did the speaker describe the atmosphere at the Hatta Winter
Festival?

aclae 5 illlad 5 o) gual 5 a U Colall L 5 6 yuna g Al ) g dnji g Balrns LS Ll g
Claa

He described it as a place of pure happiness, joy, comfort, and pleasure,
featuring fireworks, lights, events, restaurants, and shops.

Additionally, you may come across QA pairs where a high register of Emirati Arabic is used.

Although this form is more common in news and interviews and is not typically used in
everyday conversation, it still reflects the linguistic nuances of the native dialect and should be
labeled ‘natural’. Example (v) represents a QA pair that contains a form of Emirati Arabic that
is commonly used in media to be understood by a wide range of people.
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Example (v)

Q e 1 ¥l ) s S g Caanial) Cimy

EN How did the speaker describe the feeling of every Emirati
household regarding the achievement that took place?

A Opdanss (3535 (e site agils agioa s

EN He described them as proud, happy, and content.

Note that a “natural” sentence may not always reflect how you may speak yourself, but if you
were to hear the sentence, you would understand it fully and perceive it as Emirati Arabic.

2.2. Somewhat awkward: It sounds a bit awkward, but native speakers of Emirati Arabic could

still say it.
Example (vi)
Q Lasa V5 clidbe mali s s i sli () gaassBl Caaaall sy 5
What does the speaker mean by ‘they don’t withdraw your money’? Is it
EN a competition show, or what?
A Sl slh () gamay Y s gaia (o s3kall J 58y o 0 Al sy o lilisa ali
It’s a competition program, he is just chatting casually when he says
EN ‘Al-Mandous is yours, they don’t withdraw your money.

2.3. Unnatural: The text contains disfluencies that would not be used by native speakers. It
sounds like artificially created text or something a non-native speaker would say.

Example (vii)
Q Slia Ll ol jee Jald o) el Caaaidl Ciin g CaS
How did the speaker describe the atmosphere inside the Hatta Winter
EN Festival?

A ol s A 3 ilall L ¢ s 5 Sl ppena s Aa) )y Aa 5 33lans LIS Ly Lo siaas
Elaa g aelan g cilillad g cilig )
They described it as full of happiness, joy, and relaxation, with parades
EN and cars. It also features fireworks, lights, drones, events, restaurants,
and shops

2.4. Non-dialectical: The text is fully or predominantly written in MSA or in any dialect other
than Emirati Arabic and there is no circumstance in which the text can be read in Emirati
Arabic voice without sounding awkward.

Example (viii)
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Q $caa s il Skl G IS gad Gasaiall iy CaS
How did e speaker describe the feeling of every Emirati household
EN . .
regarding the achievement?
A O s () 538 5 (pesa st agils agiias,
EN He described them as proud, happy, and content.

Answer Correctness

3.1. Correct:
a. The answer is factually accurate and supported directly by the passage.

Example (ix)
Q "U;uaeﬂ_c)\]*_mhu}aﬂaé@ﬁ)sh@b)qes
How many television programs did the Dubai Media Incorporated present
EN
from Hatta?
A Ui (ye i 5 88 gl s (uad a0
EN Five television programs were presented from Hatta.
OR

b. The answer is concluded or inferred from information in the passage.

Example (x)

Q Saskanlley a3 i dal 15 ) o)
EN What makes the people of Hatta feel such pride and happiness?
A adia ) JS5 aa jad 5 ¢ Caplll G A3 ) (g dese gl gl

Due to Sheikh Mohammed bin Rashid’s winning of the Sword of Honor,
EN and their pride in all that he has accomplished

3.2. Incorrect:
a. The answer is factually wrong or incomplete.

Example (xi)
9 € in 158 (la g cillad a5 i e iaaiall ta S8 ) cigall i
EN Who did the speaker thank for organizing and delivering the Hatta Winter
Festival events?
JNa3)) 0 dena G Oles gl sams cp 5iSa J 23 (p deae gl gaud) Calia
A I 2815 09 dana 03 230 ) 0 2ane el 5 i 5iSa JF Anan iy i A58 5 6 53S0

psiSa

His Highness Sheikh Mohammed bin Rashid Al Maktoum; His

Highness Sheikh Hamdan bin Mohammed bin Rashid Al Maktoum;
EN Sheikha Hind bint Juma Al Maktoum; and Sheikh Mohammed bin

Rashid bin Mohammed bin Rashid Al Maktoum
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If the answer is incorrect, and available in the passage, please provide the
correct answer in the Corrected Answer column.

Example (xii)
€ lia Ui ol e Clallnd s g andati e aasall b S8 ) cilgal) i

Q

Who did the speaker thank for organizing and delivering the Hatta Winter
EN. Festival events?

e 0 e g oo RSl adle Y iall e lay) g A ¢ iy S
A Ui (e 4 53 805 gmal o ) gadd M) g3l 58

He thanked Brand Dubai, the creative arm of the Dubai Government
EN Media Office, and Dubai Media Incorporated and its channels that

presented television programs from Hatta.

3.3. Invalid:
a. The answer fails to address the question.

Example (xiii)

Q § o Ao Sl adle Y uSally s X" e i

EN What is the relationship between ‘Brand Dubai’ and the Dubai Government
Media Office?

A 2 b Bl Ol e

EN Shopping festival at Dubai

OR

b.  The question requires additional information (not in the passage) that is not
common knowledge among the majority of native speakers of this dialect.

Example (xiv)

Q Sl slay) a5 J Ui At (S0 culS Jilal) o

EN Which tribes lived in the Hatta area before the unification of the UAE?
A Alaall i gadl Glany g Guly (s A2l ALl Ui (S OIS« JlaY) a5 S8
EN

Comments Section
Please add notes here if you need to highlight unclear cases or your motivation for a particular labelling
decision.
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L Annotators’ Demographics

ID Dataset Native Residence Age Gender Degree Task Background

Al EGY EGY EGY 30s F BA A,R LA PT

A2 EGY SYR SYR 40s F PhD AR CT

A3 EGY EGY EGY 30s F BA A LA,RA,CT
A4 EGY EGY EGY 30s F PhD AR L,CL

A5 EGY EGY EGY 40s F MA AR L,AL

A6 MOR MOR MOR 30s F BA A RA,LA

A7 MOR MOR MOR 30s F BA A,R LA

A8 MOR MOR MOR 40s M PhD A LA,RA,CT
A9 MOR MOR MOR 30s M MBA A,R CT,PT

A10 MOR MOR FR 30s F PhD AR CS

All  MOR MOR MOR 30s F BA AR EL

Al2 KSA SYR SYR 40s M BA A, R LA RACT
Al3 KSA SYR SYR 40s F BA A,R LA

Al4 KSA SYR SYR 50s F BA A LA, PT

Al5 KSA KSA KSA 30s F PhD AR TR

Al6 KSA KSA KSA 30s F PhD AR CL

Al7 SYR SYR SYR 40s M BA A LA,RA,CT
Al8 SYR SYR SYR 20s F BA A, R CT,RA
Al19 SYR SYR SYR 30s F BA A,R CT,PT

A20 SYR SYR SYR 40s F BA A LA,RA, PT
A21 SYR SYR UK 40s M MA AR LA

A22 SYR SYR SYR 20 M MS AR CS

A23 UAE PAL UAE 20s M BA A,R LA

A24 UAE PAL UAE 40s M BA A LA

A25 UAE PAL UAE 40s F BA A,R LA

A26 UAE UAE USA 40s F BA AR LA

A27 UAE UAE UAE 20s M BA AR CS

Table 12: Annotators’ demographics and roles for the transcription correction task. There are two roles: Annotate
(A), and Review (R). The annotators’ background experience includes: Certified Teacher (CT), Private Tutor (PT),
Linguistic Annotator (LA), and Research Assistant (RA). All annotators are native speakers of Arabic, and worked
on their native dialect or dialects of a country where they have resided for more than 15 years (if they worked on a
different dialect).

ID Dataset Native Residence Age Gender Degree Task Background

Al EGY EGY EGY 30s F PhD AR L,CL
A2 EGY EGY EGY 40s F MA AR L,AL
A3 MOR MOR FR 30s F PhD AR CS
A4 MOR MOR MOR 30s F BA AR EL
AS KSA KSA KSA 30s F PhD AR CL
A6 KSA KSA KSA 20s F BA AR CS
A7 SYR SYR UK 40s M MA AR LA
A8 SYR SYR SYR 20s M MS AR CS
A9 UAE UAE USA 40s F BA AR LA
A10 UAE UAE UAE 20s M BA AR CS

Table 13: Annotators’ demographics and roles for the QA annotation task. There are two roles: Annotate (A), and
Review (R). The annotators’ educational background includes: Linguistics (L), Computational Linguistics (CL),
Applied Linguistics (AL), English Linguistics (EL), Translation (TR) and Computer Science (CS). All annotators
are native speakers of Arabic, and worked on their native dialect or dialects of a country where they have resided for
more than 15 years (if they worked on a different dialect).
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Task ‘ Payment in USD
Transcription Correction | $3,540.0
QA Annotation $4,330.0

Table 14: Annotators were paid $15 an hour for each one of the tasks. In the table above, we provide the total
amount of money in USD paid to the annotators per task.

M TAA For QA

Cohen Kappa Simple Agreement
P, P. Kappa(x) Majority Disagreement Majority Agreement PABAK-OS
EGY Relevancy 1.00 1.00  undefined 0.00 1.00 1.00
Naturalness 0.93 0.93 0.00 0.08 0.93 0.93
Correctness 0.97 0.97 0.00 0.03 0.97 0.97
MOR Relevancy 1.00 1.00 undefined 0.00 1.00 1.00
Naturalness 0.97 0.97 0.00 0.03 0.97 0.97
Correctness 0.98 0.98 0.00 0.01 0.98 0.99
KSA Relevancy 1.00 1.00  undefined 0.00 1.00 1.00
Naturalness 0.92 0.90 0.15 0.08 0.91 0.94
Correctness 0.99 0.99 0.00 0.02 0.98 0.99
SYR Relevancy 1.00 1.00 undefined 0.00 1.00 1.00
Naturalness 0.99 0.99 0.00 0.01 0.99 0.99
Correctness 0.80 0.73 0.26 0.19 0.80 0.97
UAE Relevancy 1.00 1.00  undefined 0.00 1.00 1.00
Naturalness 0.81 0.82 -0.06 0.17 0.82 0.65
Correctness 0.98 0.97 0.33 0.01 0.98 0.99

Table 15: Inter-Annotator Agreement for QA Annotations. K is ‘undefined’ when P, = P, =1.

N Example of a flagged issue

Comments on

Dialect Question Answer QA Pair the label by Suggest.ed
Naturalness Correction
annotators
Emirati Lol Jj}.: u'o\f'T o al J‘L.: Somewhat the word '0las’ ub[,'oi o asl d‘L:
Iy Olze Suell oMo oo ¢35l oyl Awkward (Because) is e e (g5l oyl
S aioce Oliae o= adass Olie o ey not Emirati r.aL &Y o ey,
lab ).
What was the first He asked his He asked his
thing the speaker ~ mother about his mother about his
did to start deceased father's deceased father's
collecting items for belongings, such as belongings, such as
his museum? his weapon and his weapon and
dagger, so that she dagger, because he
could give them to wanted them.
him.

Figure 8: Example of a flagged issue in Emirati Arabic by our annotators.
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O Human Evaluation Guidelines

This is the original guidelines PDF that was given to the annotators for Egyptian Arabic.

Human Evaluations Guidelines — Egyptian Arabic

Task Overview

This task aims to evaluate the performance of LLMs in answering open-ended questions in Egyptian Arabic. At this
stage we only provide the automatically generated answers (without the questions). The ultimate purpose of the
dataset we are creating is to evaluate LLM capabilities in handling dialectal varieties of Arabic.

For each answer, you will assess the automatically generated answers on two dimensions:
(1) accuracy and (2) naturalness.

You will be provided with a spreadsheet that contains two tabs. The first is labeled as Model_1, and the second tab
is labeled Model_2. The IDs and the reference answers are the same in both tabs, while the generated answers differ
because they were generated by two different models (Model_1 and Model_2). In each tab, you’ll find five

columns:
A. ID: The passage ID (you can disregard this)
B. Reference Answer (gold/correct answer)
C. Generated Answer (LLM generated answer by Model 1 or Model_2)
D. Accuracy (correct/incorrect answer)
E. Naturalness (natural, somewhat awkward, unnatural, or non-dialectal)

You’ll be evaluating 40 answers in total (20 per model). See detailed definitions of Accuracy and Naturalness
below.

You are going to evaluate the generated answers on the dimensions: (1) Accuracy (col. D) (2) Naturalness (col. E).
As defined below:

1. Accuracy
Each row includes two answers. First, read the reference answer (col. B) and the generated answer (col. C).
Then for each generated answer, determine the correct label correct or incorrect or unsure:

An answer can be labeled as 'Correct” - if it is:

a. factually accurate based on the reference answer

Example (i)
A @l e a5 gy Jine (5S4l Ja g 5 5ld 40 s ) gadio yiiny,
B Ol Jia exx ) 538 e Gaany g Ea 5 Yatina G135 % 2 el g g Ungada 15 g ol Cunaiall yiny
scanll 138 s o s JS Cumid a5 U8 5a LY s 2
EN for A. He considers it a natural feeling because it is instinctive, provided that it is
mild, temporary, and y at intervals.
EN for B. The speaker considers anger to be a natural and non-reprehensible

emotion **if it is mild, temporary, and occurs at intervals**, such as when
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a person sees a situation that bothers him, and he gets angry naturally, and
then this anger disappears.

b. a paraphrasing of the reference answer

An answer can be marked ‘Incorrect’, if it is:

a. factually wrong given the reference answer
b. has missing information or is only partially correct (sometimes cut-off parts of the answers)

Unsure — not clear which option to choose from, below are examples:

a. mentions steps how it got to the answer
b. Added information that is not clear

Naturalness
In this part mark the generated answer as: natural, somewhat awkward, unnatural, non-dialectal, following
the definitions below:

a. Natural: The text reflects a written representation of typical speech as spoken by a native speaker
of Egyptian Arabic without sounding foreign or disfluent. Natural Egyptian Arabic can reflect a
range of formality levels (from ‘chatting to friends’ to ‘talking to a senior manager’).

Example (ii)
A padic 3 ¥ gleall (& G gl Slie
EN. Adenosine receptors in the brain increase in number for them.

Due to the lexical similarities, code-switching between MSA and Egyptian Arabic is considered
“natural”. While a text can be read fully in an MSA voice, it is considered “natural” as long as it
can be read fully in a dialectal Egyptian Arabic voice. Common code-mixing where frequent MSA
phrases or occasional borrowings from MSA is used for formality or terminology is also natural.
Examples of MSA mixing - oule 451, &alll Zule V), aadl) glacall,

Example (iii) illustrates an answer that is acceptable in both Egyptian Arabic and MSA. The main
difference lies in how the words are pronounced.

Example (iii)
A g Ja 300 Jplse Je 110
EN From 110 milligrams to 300 milligrams.

Additionally, you may come across an Answer where a high register of Egyptian Arabic is used.
Although this form is more common in news and interviews and is not typically used in everyday
conversation, it still reflects the linguistic nuances of the native dialect and should be labelled
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‘natural’. Example (iv) represents an Answer that contains a form of Egyptian Arabic that is
commonly used in media to be understood by a wide range of people.

Example (iv)
A Jiny Leled
EN Its effectiveness decreases

Note that a “natural” sentence may not always reflect how you may speak yourself, but if you were
to hear the sentence, you would understand it fully and perceive it as Egyptian Arabic.

b. Somewhat awkward: It sounds a bit awkward, but native speakers of Egyptian Arabic could still

say it.
Example (v)
A Al allall 3 e | glalatiyy s Jgnia i€ dalia salall o La 3 (IS0
EN Caffeine, my friend, is the most widely used psychoactive substance in

the whole world.

c.  Unnatural: The text contains disfluencies that would not be used by native speakers. It sounds
like artificially created text or something a non-native speaker would say.

Example (vi)
A A allall Lgardivny (i ) 55 4 (uil<)l 30l
EN Caffeine substance is the most widely used psychoactive substance in the

whole world.

d. Non-dialectal: The text is fully or predominantly written in MSA or in any dialect other than
Egyptian Arabic and there is no circumstance in which the text can be read in Egyptian Arabic
voice without sounding awkward.

Example (vii)
A S allall (h Lokt SISV il 80 3 3alall o il sala

Caffeine substance is the most widely used psychoactive substance in the
EN whole world

We provide a drop-down menu for each one of the categories. For each one of the dimensions, choose one of the
available options. Here is an example of a spreadsheet:
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C

Generated Answer
£ S gl angy Gy . am 5, L G il a2y
3 S S Sy i Wl s 45 i Cpan ol sy
© Al e gl gl L 4, 5 g il i ke Sl
g0l Syl sl ] S5 LS g e g
ol S L] S s ke L5 Sl e L
ol il ol 1 35 5 S il 1 551 €
Lty

il i gl el il 3 Syl

il g 2Tl gl il 2151

P ] 2.5 in gin ] 3231 o sl i 2
Lipedeany s

i 0 S o s e g 1 2l 8 conihin! 3

1 gl gyl J,_)m,,_l_,“;.ﬂx-.n’_-u;‘u_. 3 n'r-"[__‘

3 gl s e L il ] g Ll g
Bl Sy gl i L s S L 1 ey Ry
Ol oy a5 e Lesadll Sy S gl Sy il sy
I 3 il gy S el ks L o
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