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Abstract

Content-grounded dialogue evaluation for
Arabic remains under-resourced, particularly
across Modern Standard Arabic (MSA), Egyp-
tian, and Maghrebi varieties. We introduce
ShawarmaChats !, a benchmark of 30,000 six-
turn conversations grounded in Wikipedia con-
tent, evenly split across the three dialects.

To build this corpus, we prompt five frontier
LLMs —GPT-40, Gemini 2.5 Flash, Qwen-
Plus, DeepSeek-Chat, and Mistral Large
to generate 1,500 seed dialogues. Native Ara-
bic speakers evaluate these outputs to select
the most effective generator and most human-
aligned grader. Sub-A dialogues undergo a two-
pass, rationale-driven self-repair loop where
the grader critiques and the generator revises;
unresolved cases are manually corrected. We
apply this pipeline to 10,000 Wikipedia para-
graphs to create 30,000 high-quality conver-
sations 10,000 per dialect at modest human
cost. To validate the benchmark, we LoRA-
fine-tune six open LLMs (1 B to 24 B parame-
ters) on ShawarmaChats and observe consistent
gains in automatic-grader scores, BERTScore,
BLEU and ROUGE particularly for models
larger than 7 B parameters. ShawarmaChats
thus establishes the first large-scale, dialect-
aware, content-grounded dialogue benchmark
for Arabic.

1 Introduction

Knowledge-grounded dialogue generation gauges
a model’s skill at weaving verifiable facts into
multi-turn exchanges. English research enjoys
mature resources - Wizard of Wikipedia (Dinan
et al., 2019), the BEGIN attribution suite (Dziri
et al., 2022b) and convenient, if imperfect, auto-
matic metrics such as BERTScore (Zhang et al.,
2020) and ROUGE (Lin, 2004). In Arabic, how-
ever, no benchmark yet unifies MSA, Egyptian,
and Maghrebi varieties while enforcing grounding

! github.com/KamyarZeinalipour/Shawarma-Chats

in sources like Wikipedia. Current efforts remain
piecemeal: AraConv (Fuad et al., 2022) covers only
MSA, Dial2MSA-Verified (Khered et al., 2025)
tackles lexical normalisation, and recent corpora
such as the multimodal Dallah (Alwajih et al., 2024)
and the dialect-specific JEEM (Artemova and Tra-
jkova, 2025) underscore rather than bridge this gap.
Meanwhile, the “LLMs-as-Judges” literature (Li
et al., 2024) and self-refinement loops where gener-
ators revise outputs based on model critiques (Dong
et al., 2025) are reshaping evaluation and data aug-
mentation practices. Current Arabic dialogue re-
sources do not jointly cover MSA, Egyptian, and
Maghrebi or provide scalable, high-precision qual-
ity control. We therefore ask:

Problem Statement

Can an LLM-driven generator—grader self-
repair loop, requiring minimal human effort,
yield a high-fidelity benchmark of six-turn,
Content-grounded dialogues in all three reg-
isters?

. J

To operationalise this goal, we decompose it into
four research questions:

RQ1 What is the comparative performance of the
five frontier LLMs when tasked with gener-
ating content-grounded six-turn dialogues in
MSA, Egyptian, and Maghrebi?

RQ2 Which of these same models, when prompted
as an automatic grader, aligns most closely
with native-speaker judgments?

RQ3 How effectively does a two-pass, rationale-
driven self-repair loop upgrade sub-A ? dia-
logues, and what residual error types persist?

RQ4 Do models fine-tuned on the final corpus ex-
hibit consistent gains in faithfulness and di-

2Any dialogue that does not receive an ‘A’ (Excellent) rat-
ing in the human/machine evaluation
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alect control when evaluated exclusively by
the automatic grader and lexical metrics?

Approach & headline results. We tackle RQ1 -

RQ4 through the creation of ShawarmaChats. Five
3 frontier LLMs. First generate 1,500 seed six-turn
dialogues. Native Arabic speakers label these out-
puts, identifying the most effective generator and
the most human-aligned grader; the chosen grader
achieves 96.3 % precision on grade-A judgements
for the selected generator. All sub-A seeds enter a
two-pass, rationale-driven self-repair loop in which
the grader critiques and the generator revises; di-
alogues still below grade A after the second pass
receive manual correction. This generator—grader
pair is then applied to 10,000 distinct Wikipedia
paragraphs, producing 30,000 grade-A conversa-
tions —10,000 per dialect—while keeping human
intervention to roughly 0.52 % of cases. Finally,
LoRA fine-tuning six open-source LLMs (1 B to 24
B Parameters) on ShawarmaChats yields consistent
gains in automatic-grader scores and BERTScore,
BLEU and ROUGE, with the largest relative im-
provements observed particularly for models larger
than 7B parameters.
Building on these findings, our work makes sev-
eral distinct contributions to the study of Arabic
content-grounded dialogue generation, which we
summarise below:

Contributions. (i) We introduce ShawarmaChats,
the first knowledge-grounded dialogue bench-
mark that spans Modern Standard, Egyptian, and
Maghrebi Arabic. (ii) The corpus offers 30k six-
turn conversations linked to Wikipedia, vetted to
96.3% precision. (iii) A rationale—based generator -
grader loop cuts human review down to 0.52 % by
letting one LLM spot flaws and another fix them.
(iv) Human judgments over the five frontiers re-
veal the best models for generation vs. grading. (v)
Fine-tuning six open LLMs (1B — 24B) proves the
benchmark sensitive to training regime and size.
(vi) We publicly release the dataset, LoORA weights,
prompt templates, and evaluation code. Paper out-
line. Section 2 reviews related work; Section 3
presents the ShawarmaChats generation pipeline in
full; Section 4 reports our empirical results; and
Section 5 summarises conclusions and limitations.

3 —GPT-40, Gemini 2.5 Flash, Qwen-Plus, DeepSeek-
Chat, and Mistral Large

2 Related Work

Knowledge-grounded dialogue in English.
Large-scale English datasets such as Wizard
of Wikipedia (Dinan et al., 2019) and Topical-
Chat (Gopalakrishnan et al., 2019) established the
paradigm of multi-turn conversations explicitly
anchored in external knowledge, enabling system-
atic study of factuality in open-domain dialogue.
Subsequent work shifted from data collection to
evaluation: Q2 proposes a QA-based metric for
factual consistency (Honovich et al., 2021), while
BEGIN introduces fine-grained attribution labels
to diagnose hallucinations (Dziri et al., 2022b).
Cleaning efforts such as FaithDial (Dziri et al.,
2022a) and fact-checking benchmarks like Dial-
Fact (Gupta et al., 2022) further refine data quality
and supply supervised signals for hallucination
detection. Our benchmark follows this line of
work but is the first to bring Wikipedia-grounded,
six-turn conversations to Arabic in three distinct
dialects.

Automatic metrics for factuality and quality.
Beyond simple lexical overlap (ROUGE (Lin,
2004)), recent learned metrics (BERTScore (Zhang
et al., 2020)) and BLEURT (Sellam et al., 2020))
correlate better with human judgments, while Sum-
mEval provides a large-scale human annotation
test-bed for metric validation (Fabbri et al., 2021).
UniEval unifies multiple quality dimensions into
a single evaluator (Zhong et al., 2022). How-
ever, these metrics are not dialect-aware and often
overlook language-specific nuances; our automatic
grader, chosen via human alignment experiments,
fills this gap for Arabic.

Arabic dialogue and dialectal resources. Prior
Arabic conversational corpora remain either
domain-specific or dialect-specific. AraConv offers
an MSA task-oriented dataset (Fuad et al., 2022),
while recent Gulf-dialect corpora highlight ongo-
ing fragmentation (Al-Shenaifi et al., 2024). Mul-
timodal models such as Dallah demonstrate the
community’s interest in dialect-aware LLMs (Al-
wajih et al., 2024). A comprehensive survey con-
firms the scarcity of unified, multi-dialect bench-
marks across Arabic NLP tasks (Joshi et al., 2025).
ShawarmaChats closes this resource gap by pro-
viding a balanced, Wikipedia-grounded benchmark
spanning Modern Standard, Egyptian and Maghrebi
Arabic.
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LLM-driven Data Generation. The increas-
ing capabilities of LLMs have spurred a new
wave of research focused on synthetic data gen-
eration, particularly for low-resource languages.
Recent efforts have demonstrated the viability of
using LL.Ms to automate the creation of various
materials. For instance, LLMs have been suc-
cessfully employed to generate quizzes in Turk-
ish (Zeinalipour et al., 2024b) and multiple-choice
questions in Persian (Zeinalipour et al., 2025a).
A significant body of work has also explored the
generation of crossword puzzles across different
languages, including Italian (Zeinalipour et al.,
2024a), Turkish (Zeinalipour et al., 2024c), and
Arabic (Zeinalipour et al., 2025b,c). Techniques
like Clue-Instruct further refine the generation of
text-based clues for these puzzles (Zugarini et al.,
2024b). Beyond generation, LLMs are also used
in evaluating these materials, such as in answer-
ing crossword clues (Zugarini et al., 2024a) and
providing automated feedback on student writ-
ing (Zeinalipour et al., 2024d). Furthermore, the re-
liance on LLMs extends to creating benchmarks for
evaluating specific capabilities, such as common-
sense reasoning in Arabic (Lamsiyah et al., 2025).

LLM-based evaluation and self-repair loops.
Recent studies show that strong LLMs can act
as reliable judges to evaluate text generated by
smaller models (Koutchéme et al., 2024). Sur-
veys of self-correction techniques (Kamoi et al.,
2024) and zero-resource hallucination detection
(SelfCheckGPT) (Manakul et al., 2023) demon-
strate the feasibility of iterative generation—critique
cycles. Retrieval-augmentation combined with self-
checking further improves answer faithfulness in
conversational QA (Ye et al., 2024). We build on
these insights by selecting the most human-aligned
LLM as an automatic grader and embedding it
in a two-pass generator - grader self-repair loop,
achieving grade-A quality with only minimal hu-
man intervention.

Positioning of ShawarmaChats. Our benchmark
uniquely (i) unifies three major Arabic varieties, (ii)
enforces strict Wikipedia grounding, and (iii) em-
ploys a human-validated, LLM-driven self-repair
pipeline, thereby enabling rigorous evaluation of
dialect control, factuality, and LLM-based grading
in low-resource settings.

3 The ShawarmaChats Dataset

We first detail how the corpus is constructed (3.1),
then provide a quantitative and qualitative anal-
ysis that motivates its research value (3.2). The
ten-stage pipeline-—summarised in Figure 1 en-
sures both broad topical coverage and high factual
fidelity.

3.1 Dataset Creation

Step 1 — Paragraph sampling. Over 200,000
Arabic Wikipedia articles were downloaded to
build the THAW (Text Harvest from Wikipedia)
4 dataset. Key bolded terms and lead-section meta-
data were extracted using Wikipedia’s uniform
structure. GPT-4 was then used to classify each
article into one of 29 custom categories. The dis-
tribution is shown in Figure 3. Quality filtering
kept only articles > 150 words, discarded multi-
word, very short/long, or symbol/number-bearing
titles, and ranked articles by popularity. A uniform
sample of 10,000 paragraphs—-each > 150 words
was then drawn from articles whose importance
was graded High to Low, and whose popularity was
measured by peak view counts, yielding a clean,
high-quality corpus for further analysis.

Step 2 — Dialect prompting. We craft three dis-
tinct prompt templates—-one each for MSA, Egyp-
tian, and Maghrebi that instruct an LLM to produce
a six-turn dialogue between two interlocutors, A
and B. We empirically evaluated multiple wording
variants with several language models and found
that each dialect benefits from a dedicated prompt
to maximise fluency and register fidelity. The final
instructions, therefore, differ subtly across dialects
and ask the model to return the conversation in a
structured JSON schema, making subsequent au-
tomatic checks straightforward. Full prompt texts
appear in Appendix G.

Step 3 — Seed generation. From the 10,000-
paragraph pool we uniformly sample 100 para-
graphs to serve as a pilot set. Each of the five fron-
tier LLMs then answers the three dialect-specific
prompts for every sampled paragraph, yielding
100 x 3 x 5 = 1,500 seed dialogues that underpin
our subsequent models-selection experiments.

Step 4 — Establishing the Gold Reference Set.
To create a reliable gold standard, we used a two-
stage evaluation process with two expert annotators:

A 10k [Iparagraph, filtered Wikipedia pool
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Figure 1: Overview of the ten-stage ShawarmaChats creation pipeline.

a native Egyptian and a native Moroccan Arabic
speaker, both graduate students in Linguistics and
Computer Science.

First, they worked independently to rate each of
the 1,500 seed dialogues on a scale from A (Excel-
lent) to D (Poor). The evaluation focused on four
key criteria: Fluency, Faithfulness to the source
text, conversational Coherence, and correct Dialect
Accuracy. This initial blind pass showed substan-
tial inter-annotator agreement, achieving a Cohen’s
k of 0.794.

Next, the annotators came together to discuss and
resolve every instance where their initial ratings
differed. Their combined fluency across all three
Arabic varieties was crucial for settling nuanced
cases. This collaborative second stage resulted in a
single, high-confidence consensus grade (A, B, C,
D) for each dialogue, forming the definitive gold
reference set for our study. Full annotation guide-
lines are detailed in Appendix F.

Step 5 — Automatic Grader Selection via Human
Alignment To find a reliable automatic grader,
we benchmarked five leading LLMs against our
human-graded gold set. Each model was prompted
to assign an A-to-D grade and a written rationale
to all 1,500 seed dialogues. In the initial compari-
son, GPT-40 was the clear front-runner, achieving
80.4% accuracy in matching the original human
ratings. >

However, a crucial finding emerged from the mod-
els’ rationales: they often highlighted subtle er-

SThe full accuracy breakdown against the initial hu-
man ratings was: GPT-40 (80.4%), DeepSeek-Chat (71.3%),
Gemini 2.5 Flash (70.1%), Qwen-Plus (52.3%), and
Mistral Large (51.6%).

Model EGY MAG STD
GPT-40 3.8687  3.2626  3.7980
DeepSeek-Chat 39394  2.5354  3.8182
Gemini 2.5 Flash ~ 3.9798  3.6667  3.9596
Mistral Large 3.8485 1.2020  3.7172
Qwen-Plus 27778  2.3030  3.5152

Table 1: Average ratings by model across the three eval-
uation categories. Bolded entries denote the top-[per-
forming model per category.

rors our human experts had initially missed. This
prompted a rationale-aided reassessment, where
our annotators reviewed their judgments with the
selected model feedback in mind. This powerful
loop led them to refine 22.15% of the original con-
sensus grades, resulting in a more robust final gold
standard.

When all models were re-evaluated against this im-
proved benchmark, GPT-40 maintained its top po-
sition, confirming its superior alignment with nu-
anced human judgment. It was therefore selected as
the official automatic Grader for our pipeline. Full
performance details for all models are in Appendix

Step 6 (A) — Selecting the Best Generator. With
the automatic Grader selected, we returned to our
final human consensus ratings to identify the best
dialogue Generator. We converted the A to D
grades assigned to each model’s output into numer-
ical scores (A=4, D=1) and calculated the average
performance. As shown in Table 1, Gemini 2.5
Flash achieved the highest overall score across all
three dialects, securing its role as the Generator for
our pipeline.

Step 6 (B) — Validating the Automated Pipeline.
Before moving to full-scale generation, we per-
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formed a final, crucial validation. We needed to
confirm that our selected Grader (GPT-40) could
accurately identify high-quality work from our cho-
sen Generator (Gemini 2.5 Flash). To do this,
we measured the Grader’s precision on *A’-grade
dialogues against our human gold standard.

The results were excellent, confirming the
pipeline’s reliability. The Grader achieved an av-
erage precision of 96.3% when identifying top-
quality dialogues (99% for MSA, 100% for Egyp-
tian, and 90% for Maghrebi). This high precision
was the critical validation for our pipeline. Since
any dialogue rated below ’A’ would automatically
undergo revision, the Grader’s ability to reliably
identify excellent outputs allows us to filter for qual-
ity at scale, reserving manual supervision for only
a small fraction of cases.

Step 7 — Full-Scale Generation and Automated
Triage. With our models in place, we generated
the full dataset of 30,000 raw dialogues using our
Generator (Gemini 2.5 Flash). Our automatic
Grader (GPT-40) then performed an initial quality
triage on this collection. A promising 85.94% of
the conversations were immediately rated A and
accepted. The remaining 14.06% were automati-
cally funneled into our two-pass self-repair loop for
quality enhancement, as detailed in Table 9.

Step 8 — The Self-Repair Loop: Automated Dia-
logue Refinement. Dialogues that were not rated
A in the initial triage were automatically funneled
into our two-pass self-repair loop. This process
is designed to iteratively improve dialogue quality
without human intervention, following a three-stage
cycle:

1. Critique: First, our Grader (GPT-40) does
more than just assign a low score; it generates a
detailed rationale explaining the specific flaws,
such as a factual error, stilted phrasing, or incor-
rect dialect usage.

2. Fix: This actionable feedback is then packaged
into a new “repair prompt.” The prompt, contain-
ing the source paragraph, the flawed dialogue,
and the Grader’s critique, is sent to our Gen-
erator (Gemini 2.5 Flash) with instructions
to revise the conversation and fix the identified
issues.

3. Re-grade: Finally, the newly revised dialogue
is sent back to the Grader for a fresh assessment.
If it now achieves an A, it is accepted. If it still

falls short, the entire ‘Critique® — ‘Fix* — ‘Re-

grade‘ cycle is repeated one more time.

This automated refinement process proved
highly effective. While 85.94% of dialogues
passed on the first attempt, the first repair pass lifted
the cumulative success rate to 97.77%. The second
pass brought the total to 99.48%. Ultimately, this
loop resolved the vast majority of issues, leaving
only a minuscule 0.52% of dialogues (fewer than
1 in 200) that required final manual correction by
human experts.

Step 9 — Human touch-ups. Humans manually
corrected the remaining “stubborn tail” (0.52 %).

Step 10 — Release package. Upon completing
the pipeline, we merge every A-rated conversation
into the definitive ShawarmaChats corpus. This
high-quality resource offers a turnkey benchmark
for evaluating—and advancing—content-grounded
dialogue generation in Arabic.

3.2 Linguistic and Statistical Analysis

Volume and length. ShawarmaChats contains
22.7M characters about 9.0 M tokens when seg-
mented with the Llama-3 tokenizer—across the
10,000 source Wikipedia paragraphs and the 30,000
six-turn conversations that compose the benchmark
(Table 2). The encyclopedic paragraphs are the
heftiest slice, averaging 1,353 characters (= 515
tokens) each, thus providing ample factual context
for generation. Conversely, the dialogues are de-
liberately concise: Maghrebi turns average 129 to-
kens, Egyptian 119, and MSA 137 a spread that
mirrors well-attested cliticisation and orthographic
differences among the three varieties. Even with a
fixed six-turn template, the length of the sentence
remains distinctly conversational at =~ 5 to 6 words
per sentence for all dialects, compared to ~ 19
words in the source context. The analysis shows
that Arabic letters appear in 98.86 % of the corpus.
Figure 2 visualises the resulting token-length dis-
tributions for both the source paragraphs and the
three dialectal conversation sets.

Lexical diversity. Tokenised with the L1ama-3 ¢
tokenizer, the benchmark contains = 226 k unique
token types out of 9.0 M total tokens, giving a cor-
pusll-level type-—token ratio TTR = 0.0025 (Ta-
ble 2). To obtain a size[-robust view, we also
compute the moving[Javerage type—token ratio

®https://huggingface.co/meta-llama/Meta-Llama-3-8B
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chars tok words Avg. tok Avg. char Avg. word TTR char/word word/sent arabic
Text 13.5M 5.15M 1.93M  514.93 1,353 192.94 0.00424 3.68 19.33  0.983
MAG 3.0M 129M 0.56M  129.30 298 55.86 0.00416 3.42 5.10  0.990
EGY 28M 1.19M 0.49M 118.97 282 48.50 0.00393 3.57 531 0.991
MSA 34M 137M 0.57M  137.20 336 56.58 0.00351 3.61 570 0.991
TOTAL|Avg 22.7M 9.0IM 3.54M  225.10 567 88.47 0.00253 3.62 9.28 0.986

Table 2: Corpusl[llevel descriptive statistics (rounded; M = millions).
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Figure 2: Token-length distributions (log-scaled density)
for the source context paragraphs and the three dialectal
conversation sets, computed with the L1ama-3 tokenizer.

(MATTR) with a 500-token window:
MATTRmsA = 0.567, MATTRggy = 0.527,

MATTRMmAG = 0.499, MATTR context = 0.560,

yielding an overall corpus value of 0.548. The rank-
ing — MSA > Context > Egyptian > Maghrebi —
follows intuitively from the varieties’ orthographic
norms: MSA’s standardised morphology packs
more distinct stems per window, while Maghrebi’s
heavier cliticisation and code-switched borrow-
ings reuse subword fragments, slightly lowering
its MATTR. These figures confirm that, despite
the fixed six-turn template, the dialogues retain a
healthy and dialect[Isensitive lexical spread that is
well-suited for evaluating vocabulary control and
style transfer.

Part-of-speech profile. A coarse-grained UD
PoS analysis (full results in Appendix B table 6)
confirms the stylistic shift from encyclopadic con-
text to dialogue. Verbs almost double in relative
frequency from 8.3 % in the source paragraphs to
~ 11% in the three dialogue sets while pronouns
rise from 4.6 % to 7 ~ 9%, signalling the more inter-
active register. Conversely, nouns drop from 32.3
% t0 26.3 % in MSA and just 19.3 % in Maghrebi,
reflecting heavier cliticisation and ellipsis. Egyp-
tian exhibits the highest share of discourse particles
and punctuation. These trends dovetail with the

Category distribution

Applied Science
Politics
Transportation
Literature

Mathematics

250 560 750 1600 12‘50 15‘00 17‘50

Number of questions

0

Figure 3: Distribution of the 10,000 source para-
graphs over the 29 Wikipedia categories used in
ShawarmaChats.

lexical-diversity findings reported earlier in this
section.

Topic balance. To minimise topical skew we
stratified paragraph sampling across 29 top—level
Wikipedia categories. As Figure 3 shows, the
distribution is deliberately broad: the two largest
bins, Entertainment (1,807 paragraphs) and His-
tory (1,718), together account for only 18 % of the
10,000 source paragraphs, while the median cate-
gory (Earth's environment) still supplies over 200
examples. Even the long—tail domains—e.g. Math-
ematics, Botany, Psychology contribute > 22 para-
graphs each, ensuring every topic is represented.
Seeding each paragraph as one dialect-specific con-
versation keeps the 30,000-dialogue corpus bal-
anced, giving a realistic, evenly distributed test-bed
for knowledge-grounded dialogue generation.

Frequent tokens and n-grams. A corpus-wide
sweep of surface co-occurrences shows that the
ten most frequent tokens, bigrams, and trigrams
split cleanly into two camps (see Table 5 in the
Appendix). Encyclopaedic items such as the to-
ken Q\c ‘year’, the bigram sJdecl\ S\ “United
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Dialect BERTScore F1 ROUGE-L F
Maghrebi (MAG) 0.8914 0.0465
Egyptian (EGY) 0.7926 0.0535
MSA 0.9057 0.0966

Table 3: Dialect-fidelity scores for ShawarmaChats.
Higher values indicate closer alignment between dia-
logue turns and their grounding Wikipedia paragraphs.

States’, and the trigram a\&\ al\s)\ © A\ “World War
I’ stem from the grounding paragraphs, whereas
the conversations inject strongly dialect-marked
forms like Maghrebi 2\, ‘a lot’, Egyptian O\ie
o5 ‘that’s why’, and the trigram S, @2 J:\ ‘how
did you know that ...”. This mixture confirms that
ShawarmaChats interleaves fact-heavy named en-
tities with conversational formula, furnishing an
informative stress-test for both knowledge reten-
tion and dialect control in LLMs.

Dialect fidelity. We gauge each dialect’s fidelity
to its Wikipedia source with semantic similarity
(BERTScore F1 using the microsoft-deberta-
xlarge-mnli) and lexical overlap (ROUGE-L F).
MSA tops both metrics, Maghrebi (MAG) trails in
ROUGE-L yet stays second in BERTScore, consis-
tent with its cliticisation, phonological spelling, and
code-switching, and Egyptian (EGY)) sits between
the two. High BERTScores across all three confirm
factual preservation, whereas ROUGE-L variation
exposes genuine dialectal word-choice differences,
stressing the need for semantics-aware evaluation
beyond n-gram overlap (Table 3).

4 Experiments

This section evaluates how well ShawarmaChats
transfers to open[Jsource language models of
widely varying capacity for the task of generating
six turn, context grounded dialogues conditioned
on a given paragraph in three dialects MSA, Egyp-
tian, and Maghrebi Arabic. We (i) describe the data
split, (ii) detail the fine[Jtuning recipe, (iii) spec-
ify automatic evaluation metrics, and (iv) report
quantitative and qualitative results.

4.1 Experimental Setup

Models. We fine-tune six open source Mistral-
24B, Mistral-Nemo-12B, Mistral-7B, Llama3-
8B, Llama3.2-3B, and L1ama3. 2-1B spanning six
parameter scales. Unless otherwise stated, all mod-
els are frozen except for a LoRA adapter (rank64,
«a=128) Details of the training and inference hyper-
parameters are provided in the Appendix. C

Data  split. From the 10,000 unique
ShawarmaChats paragraphs (Section 3.1),
9,500 ( x3 dialects = 28,500 dialogues) are
used for training and 500 ( x3 dialects = 1,500
dialogues) for testing.

Evaluation setup. For every test paragraph
we produce two dialogues—one from the base
checkpoint and one from its Fine-Tuned sib-
ling—and compare them with the gold reference
in ShawarmaChats. Quality is measured by BLEU,
ROUGE-L, BERTScore F1, and a GPT-40, grader
that closely replicates human 3.1 judgments (A to
D mapped to 4 to 1), capturing lexical, semantic,
and holistic gains in one sweep.

4.2 Results & Analysis

Overall gains. Table 4 shows that every model
benefits from fine-tuning on ShawarmaChats. The
average relative improvement is +34.8% for
ROUGE-L, +78. % for BLEU, and +0.03 absolute
points for BERTScore F1. Crucially, the grader-
derived score—mapped from A=4 to D=1 —jumps
by +1.34 points on average, confirming that the au-
tomatic judge perceives genuinely higher dialogue
quality after adaptation. A side-by-side quantita-
tive comparison of MSA, Egyptian and Maghrebi
conversations is deferred to Appendix E.

Size matters bigger shifts more. Parameter-rich
checkpoints (> 7 B) extract substantially more
benefit from ShawarmaChats than the tiny 1B
— 3B models. Mistral-7B and Mistral-Nemo-
12B each gain about +2.1 grader points and lift
ROUGE-Lby +0.14 ~ 0.19, while L1ama3-8B and
Mistral-24B still add ~ +1.7 grader points de-
spite stronger baselines (40.10 ROUGE for the
latter). By contrast, the 1 B and 3 B Llama variants
move only <+0.33 grader points and < +0.10
ROUGE, implying that model capacity, rather than
data volume, is the primary bottleneck at that scale.

Faithfulness vs lexical overlap. BERTScore im-
provements track the grader signal more closely
than n-gram metrics, indicating that the judge is
sensitive to semantic faithfulness rather than sur-
face copying. For example, Mistral-Nemo-12B
achieves the single best BERTScore (0.857) yet its
ROUGE gain is moderate, mirroring the model’s
tendency to paraphrase rather than quote verbatim.

Error profile after fine-tuning. Figure 4 visu-
alises the distributional shift in grader labels. Fine-
tuning collapses the long tail of D (hallucinations,
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Table 4: Automatic metrics on the ShawarmaChats test split. Base denotes the original instruction-tuned checkpoint;
FT denotes the same model after LoRA fine-tuning on ShawarmaChats (§4). Higher is better. Best scores per metric

are bold.
Llama3-1B Llama3-3B Mistral-7B Llama3-88  Mistral-Nemo-12B Mistral-24B
Metric Base FT Base FT Base FT Base FT Base FT Base FT
ROUGE-L 1 0.220 0.318 0.298 0.310 0.304 0.443 0.337 0.433 0.246 0.439 0.413  0.443
BLEU 1 0.088 0.198 0.101 0.194 0.182 0.286 0.152 0.279 0.141 0.284 0.257 0.287
BERTScore F1 1+ 0.763 0.767 0.797 0.745 0.767 0.856 0.821 0.856 0.772 0.857 0.838  0.857
Grader Avg. 1 1.003 1.103 1.058 1.389 1.186 3.302 1.440 3.172 1.313 3.345 1.854  3.607
Grader Rating Distribution - Base vs Fine-Tuned
. -80
1400~
Model
12004 - -60 —~ Llama3 1B (Base)
I I & e Lama3 18 (FT)
a Llama3 3B (Base)
1000 £ Llama3 3B (FT)
" . I . 40 2 wmm Mistral 7B (Base)
3 800 5 Mistral 7B (FT)
s | P II 77777777777777777777777777777777777 ) I l I © mmm Llama3 8B (Base)
600 l eI | | n B o & = Liama3 88 (FT)
o s G mm Wistral Nemo (Base)
200 I I - I I I I I § - mwstra: gl:én(oBtFTh)
L istral ase,
- 3 .- r I | = il Lo = Mistral 248 (FT)
. ESN LWl * M il
A B8 c D

Rating

o --=- FT trend ® Base%

Figure 4: Shift in automatic—grader ratings (A—D) before and after fine-tuning. All six models show a pronounced
migration from lower grades (C/D) to high-quality A/B grades.

dialect slips) and converts many Cs (minor fac-
tual drift) into solid B/A outputs. The surge of red
in the A column as well as the steeper downward
trend line across B—D shows that fine-tuning on
ShawarmaChats systematically pushes dialogues
toward higher quality grades, underscoring the
dataset’s effectiveness as a supervision signal.

Fine-tuning Efficacy. In summary, the
experimental results consistently validate
ShawarmaChats as a potent fine-tuning resource.
The pronounced shift from lower grades towards
high-quality A/B outputs, especially for models
larger than 7B parameters (Figure 4), confirms
that the benchmark provides a strong signal for
improving both factual grounding and dialectal
control in open-source LLMs.

5 Conclusion and Future Work

Can an LLM-driven generator -grader self-repair
loop, with only minimal human effort, create
a high-fidelity benchmark of six-turn, content-
grounded dialogues in Modern Standard, Egyp-
tian, and Maghrebi Arabic? Our results demon-
strate that the answer is yes. By combining a care-
fully chosen generator (Gemini 2.5 Flash) with
a highly precise automatic grader (GPT-40) and it-
erating through a two-pass critique—revision cycle,
we produced ShawarmaChats: 30,000 Wikipedia-

grounded conversations that achieve 99.48 % grade-
A precision while requiring human intervention in
fewer than 0.52 % of cases.

Answers to the research questions.

RQ1 Generator quality. Among five frontier
LLMs, Gemini 2.5 Flash delivered the most
fluent, faithful, and dialect-accurate six-turn
dialogues across all three registers.

RQ2 Grader alignment. GPT-40, prompted as
a judge, aligned best with expert annotators,
achieving 80 % raw agreement and 96.3 % pre-
cision on grade-A decisions on the selected gen-
erator.

RQ3 Effectiveness of self-repair. A two-pass,
rationale-driven loop lifted the share of grade-
A dialogues from 85.94 % to 99.48 %, leaving
only a 0.52 % residue for manual clean-up.

RQ4 Downstream impact. LoRA fine-tuning
six open-source LLMs (1B to 24B) on
ShawarmaChats yielded consistent gains in
automatic-grader scores, BERTScore, BLEU,
and ROUGE; models > 7 B parameters bene-
fited most, adding up to +2.1 grader points.

Key takeaways. (1) Large-scale, dialect-
balanced Arabic Wikipedia—grounded dialogues
can be built with minimal expert effort; (2) strong
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judges raise data quality, and strong generators sup-
press hallucinations early; (3) the resulting bench-
mark measurably improves faithfulness and dialect
control in both small and large open LLMs.
Future work. Expand to Levantine & Gulf Ara-
bic, study transfer to other low-resource languages,
and develop RL versions of the generator -grader
loop that optimise for automatic-grader feedback.

6 Limitations

While ShawarmaChats substantially advances Ara-
bic dialogue evaluation, several caveats remain:

1. Dialect scope. We target only MSA, Egyptian,
and Maghrebi Arabic. Levantine, Gulf, and
other regional varieties are absent, so findings
do not automatically generalise beyond the three
covered registers.

2. Single knowledge source. All conversations
are grounded in Wikipedia paragraphs. The
benchmark therefore favours encyclopaedic
knowledge and may under-represent more col-
loquial or time-sensitive facts.

3. Automatic-grader bias. Although GPT-40
shows high precision on grade-A judgements,
it inherits the biases and blind spots of frontier
LLMs including possible over-penalisation of
creative paraphrases or dialectal spellings that
deviate from its own training data.

4. Fixed dialogue format. Every item follows a
six-turn pattern between two speakers. This sim-
plifies evaluation but restricts the benchmark’s
ability to test longer or more interactive conver-
sational structures.

5. Self-repair depth. The pipeline allows at most
two critique—revision cycles. Additional passes
or stronger optimisation objectives (e.g. rein-
forcement learning) might further improve qual-
ity, especially for borderline B-graded items.

6. Model-size sensitivity. Fine-tuning gains grow
with parameter count; very small models (1-
3B) benefit only modestly. This limits the
benchmark’s immediate usefulness for ultra-
lightweight deployments.

Addressing these limitations—e.g. by adding
more dialects, diversifying knowledge sources, or
incorporating richer evaluation axes—constitutes
valuable future work.
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A Appendix A: Token-level n-gram
profile

Table 5 lists the ten most frequent tokens, bigrams
and trigrams across the entire benchmark.” Two
clear patterns emerge.

1. Encyclopaedic collocations. Roughly half
of the high-frequency items come from the
grounding paragraphs and encode named en-
tities or period labels: token 17, bigram
00000000 Dooooon, and trigram
0000 0oo0doooon 0oooood. Their
prevalence shows that Wikipedia-style content
still drives a non-trivial slice of the token mass
despite the brevity of the generated dialogues.

2. Dialect-specific discourse markers. The re-
maining entries are firmly colloquial. Maghrebi
contributes tokens like (110, bigram [J[]
0000, and trigram 00 OO0 00 O 0O0; Egyp-
tian surfaces in [J[J 0[], bigram D000 OO0,
and trigram 000 OO0 OO000O0. MSA yields
polite confirmations such as bigram [J[11]

]

0000, These markers underline the corpus’s
ability to probe pragmatic and dialectal nuance
beyond raw factuality.

Modelling implications. Because the top items
straddle both knowledge and style, a model can
score well on surface likelihood by memoris-
ing named entities yet still fail to realise dialect-
appropriate discourse cues. Conversely, over-
fitting to colloquial markers risks hallucinating
facts. Systems evaluated on ShawarmaChats must
therefore balance factual grounding with register
fidelity—mirroring genuine user expectations in
Arabic conversation.

B Appendix B: Part-of-Speech
Breakdown

C Appendix C: Experimental Setup

C.1 Training Configuration

We fine-tune the model with LoRA on four NVIDIA
RTX A6000 GPUs (48 GB each) using DeepSpeed
ZeRO-3 and FlashAttention 2. Mixed-precision
training is enabled (bf16).

’Singleton punctuation and stop-words were stripped; ties
were broken by global frequency.

Batch size: 4 sequences x 2 grad-accumulation
steps = effective batch of 8.

Max sequence length: 3 500 tokens.
Epochs: 3.

Optimizer: AdamW, cosine LR schedule; initial
LR = 1 x 10~%; weight decay = 1 x
1074,

LoRA: rank 64, o = 128, dropout 0.10.

Trainable modules: ¢ proj, k proj, v _proj,

o_proj, down_proj, up_proj, gate_proj,
embed_tokens, Im_head.

C.2 Inference Configuration

Decoding uses nucleus sampling with tempera-
ture 0.8, top_p=0.95, and top_k =50; a repetition
penalty of 1.1 mitigates degeneration.

D Appendix D: Automatic/ /Grader
Evaluation

This section reports how five candidate graders
(GPT-40, DeepSeek-Chat, Gemini 2.5 Flash,
Qwen Plus andMistral Large) perform on a held-
out set of 1,500 seed dialogues. It first summarizes
each model’s overall accuracy, then breaks down
per(Jlabel precision, recall, and F (including an
“Unknown” category), and finally presents confu-
sion matrices to show where each grader tends to err.
We include an “Unknown” class to capture every
instance where a grader didn’t emit a well-formed,
parsable JSON label.

D.1 Per[/Label Metrics and Confusion
Matrices

D.2 Comprehensive Evaluation Metrics for
the Grader on the Selected Generator
Gemini 2.5 Flash

D.3 Automatic Grader Generation Results

E Appendix E: Additional Experimental
Results

This appendix reports the full automatic—metric
breakdown per dialect. For each variety we supply
(a) the detailed metric table and (b) the grader-rating
distribution (Base vs Fine-Tuned) to visualise qual-
ity shifts.

E.1 Modern-Standard Arabic (MSA)
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Type Rank Context MAG EGY MSA

Item Freq. Item Freq. Item Freq. Item Freq.

Tokens
Token [ 18192 sl 11002 s 8491 s 5639
Token 2 =¥ 5032 Jus 6640 Ll 6625 Cas 4176
Token 3 <Yl 4881 5969 6601 b 3698
Token 4  Jds 4850 & 5751 o 4620l 2721
Token 5 ¢ 4814 3 5679 il 4580 oK 2440
Token 6 sull 4617 o 4641 o 4508 oip 2398
Token 7 JU 3942 4570 o 4375 L. 2318
Token 8 3922 4439 g 3768 jadl 2171
Token 9 K& 3855 Ll 3478 S 3670 Tas 2151
Token 10 &LV 3706 s 3408 oy 3302 sVl 2124
Bigrams
Bigram 1 suall oY) 3313 b 1890 o olie 1107 b Lol 1526
Bigram 2 ¢ a1 03 855 4ol 1159 of _te 775 el e 1357
Bigram 3 il oAl 799 e 3 883 Ll 683 Ll o3 435
Bigram 4 susell 0L 774 G A 827 oK o 673 ol LY 378
Bigam 5 eadlsf 748 2o 251 790 Ll 673 pls¥l iy 370
Bignm 6 bl 735 e S 749 % b dals 554 Lol 342
Bigram 7 1, cld) 601 Jus ot 702 (s> Ll 545 pa e 301
Bigam 8 i 0 589 b g 694 aels, 510 e s 291
Bigram 9 a2l 551 g s 630 W s 454 Ly, o5 278
Bigram 10 oK. s 543 Ll sl 615 O Ll 399 45 cals 275
Trigrams

Trigram 1 a Ll o 4 551 @ H 442 Ll oS e 217 Lalens g 433
Trig,am 2 &5, Yisamll LYY 408 J; SRR 274 ol lale e 180 2 T 285
Trigam 3 855 o 235 b e 192 4 palbos 163 s o 210
Trigram 4 L,V alW o4 232 e 4 G 180 §b oS a2 159 e b2 o3 172
Trig,am 5 il oAl I 176 & Gy M 154 & @T 5 16 plas¥l el 139
Trigram 6 Juzl 5, ¥1 57l 173 LS A 153 g5 Ll o 99 LW oAl 137
Trigram 7 0K ke g 171 w e 1 147 R 99 Jadl a3 il 108
Trigram 8 Jlsyl 11 W) 151 Gl & 131 opf o 2w 98 L plaVige 102
Trigram 9 b Yl ple 141 5, & 126 Ce\ PR 85  ae rL«:.aNlj_t.» 84
Trignm 10 e shle L2 41 gl oA 14 R o 85 L plaaVise 76

Table 5: Top-10 tokens, bigrams, and trigrams for the context paragraphs and for each dialectal conversation set.

Set Noun Verb Adj Adv Pron Ptcl® Punct Interj Other
Context 323 83 11.8 0.3 46 26.6 43 0.0 11.7
MSA 263 11.0 120 0.6 7.0 24.6 8.0 0.2 10.3
EGY 220 113 7.0 0.2 92 192 9.2 0.5 21.5
MAG 19.3 82 6.1 0.5 7.4 20.0 9.8 1.3 27.4

* ADP, PART, SCONJ, CCONIJ.

Table 6: Part-of-speech distribution (percentage of tokens) in the 10 000 source context paragraphs and the 30 000
six-turn dialogues. Other aggregates low-frequency tags (e.g. X, NUM, foreign-language tokens).

Grader Rating Distribution - Base vs Fine-Tuned - Modern Standard Arabic dialect

500~ ° -60

Model
Llama3 1B (Base)

400~

T g Llama3 18 (FT)
e -40 g Llama3 3B (Base)
T £ Llama3 3B (FT)
2300’ = I . & mmm Mistral 7B (Base)
3 e . 730 5w Mistral 78 (FT)
© e I e ezl I"' I Y = Liama3 8B (Base)
200- " B 50 £ == Lama3 88 (FT)
I I _,I" II I I G mmm Mistral Nemo (Base)
- G ®mm Mistral Nemo (FT)
I [ | T I l l -I [ | _10 & mmm Mistral 24B (Base)
il LN i 11 e
"B m ] - L
o L= ] L L] ENEEEEEE NN
A B C D
Rating
® FT% ---- FTtrend ® Base% ---- Basetrend

Figure 5: Grader—rating distribution (Base vs FT) for the MSA dialect.

483



Table 7: Perlllabel precision/recall/F}, support, and confusion matrices for each grader.

(a) GPT-40_rating (Acc. 0.8040)

Label Prec. Rec. Fi Supp.
A 0.884 0.934 0.909 1016
B 0.462 0.628 0.533 156
C 0.514 0.412 0.458 131
D 0.955 0.533 0.684 197
Unknown 0.000 0.000 0.000 0
micro avg 0.804 1500
macro avg ~ 0.563 0.501 0.517 1500
weighted avg 0.817 0.804 0.801 1500

(c) DeepSeek-Chat_rating (Acc. 0.7127)

Label Prec. Rec. Fi Supp.
A 0.830 0.892 0.860 1016
B 0.256 0.359 0.299 156
C 0.255 0.198 0.223 131
D 0.920 0.411 0.568 197
Unknown 0.000 0.000 0.000 0
micro avg 0.713 1500
macro avg ~ 0.452 0.372 0.390 1500
weighted avg 0.732 0.713 0.708 1500

(e) Gemini 2.5 Flash_rating (Acc. 0.7013)

Label Prec. Rec. Fi Supp.
A 0.841 0.846 0.844 1016
B 0.394 0.237 0.296 156
C 0.264 0.557 0.358 131
D 0.774 0.416 0.541 197
Unknown 0.000 0.000 0.000 0
micro avg 0.701 1500
macro avg  0.454 0.411 0.408 1500

weighted avg 0.736 0.701 0.705 1500

(g) Qwen_Plus_rating (Acc. 0.5233)

Label Prec. Rec.  Fi Supp.
A 0.766 0.702 0.732 1016
B 0.210 0.327 0.256 156
C 0.167 0.046 0.072 131
D 0.536 0.076 0.133 197
Unknown 0.000 0.000 0.000 0
micro avg 0.523 1500
macroavg  0.336 0.230 0.239 1500
weighted avg 0.625 0.523 0.546 1500

(i) Mistral Large rating (Acc. 0.5160)

Label Prec. Rec. Fi Supp.
A 0.730 0.704 0.717 1016
B 0.127 0.173 0.147 156
C 0.084 0.053 0.065 131
D 0.532 0.127 0.205 197
Unknown 0.000 0.000 0.000 0
micro avg 0.516 1500
macroavg ~ 0.295 0.211 0.227 1500
weighted avg 0.585 0.516 0.533 1500
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(b) Confusion matrix

Pred A Pred B Pred C Pred D Pred Unk.

True A 949 63 4 0 0
True B 57 98 1 0 0
True C 47 25 54 5 0
True D 20 26 46 105 0
True Unk. 0 0 0 0 0

(d) Confusion matrix

Pred A Pred B Pred C Pred D Pred Unk.

True A 906 88 21 1 0
True B 94 56 6 0 0
True C 60 39 26 6 0
True D 31 36 49 81 0
True Unk. 0 0 0 0 0

() Confusion matrix

Pred A Pred B Pred C Pred D Pred Unk.

True A 860 52 98 5 1
True B 99 37 15 5 0
True C 41 3 73 14 0
True D 22 2 91 82 0
True Unk. 0 0 0 0 0

(h) Confusion matrix

Pred A Pred B Pred C Pred D Pred Unk.

True A 713 150 7 11 135
True B 77 51 3 0 25
True C 75 17 6 2 31
True D 66 25 20 15 71
True Unk. 0 0 0 0 0

(j) Confusion matrix

Pred A Pred B Pred C Pred D Pred Unk.

True A
True B
True C
True D
True Unk.

134
27
23
28
0

48
12
7
16
0

15
1
6

25
0




Table 8: Full classification metrics for the Grader evaluated on Gemini 2.5 Flash across three Arabic dialects.

Dialect Metric / Class  Precision Recall F1 Support

A 0.988 0.895  0.939 96
B 0.231 0.750  0.353 4
C 0.000 0.000  0.000 0
Standard D 0.000 0.000  0.000 0
Macro avg 0.305 0.411  0.323 100
Weighted avg 0.958 0.889 0.916 100
A 1.000 0.959  0.979 98
B 0.400 1.000  0.571 2
C 0.000 0.000  0.000 0
Egyptian D 0.000 0.000  0.000 0
Macro avg 0.350 0.490  0.388 100
Weighted avg 0.988 0.960  0.971 100
A 0.908 0.975 0.941 82
B 0.000 0.000  0.000 4
C 1.000 0.769  0.870 13
D 0.000 0.000  0.000 1
Maghrebi Macro avg 0.477 0.436  0.453 100

Weighted avg 0.874 0.899  0.884 100

Table 9: Comprehensive Rating Frequencies and Cumulative Percentages per Generation and Dialect, Including
Combined Totals

Generation  Dialect A (Count %) Cumul. A (Count %) B (Count %) C (Count %) D (Count %) Non-A (Count %)
Generation 1 Egyptian 8993 (89.89%) 8993 (89.89%) 598 (5.98%) 357 (3.57%) 56 (0.56%) 1011 (10.11%)
Generation 2 Egyptian 882 (87.24%) 9875 (98.71%) 78(1.72%) 45 (445%)  6(0.59%) 129 (1.29%)
Generation 3 Egyptian 107 (82.95%) 9982 (99.78%) 15 (11.63%)  6(4.65%)  1(0.78%) 22 (0.22%)
Generation 1 Maghrebi 8975 (89.71%) 8975 (89.71%) 764 (7.64%) 254 (2.54%) 11(0.11%) 1029 (10.29%)
Generation 2 Maghrebi 966 (94.15%) 9941 (99.37%) 47 (4.58%) 13 (1.27%) 0 (0.00%) 60 (0.63%)
Generation 3 Maghrebi 51(83.61%) 9992 (99.88%) 8 (13.11%) 2(3.28%) 0 (0.00%) 10 (0.12%)
Generation 1 Standard 7807 (78.04%) 7807 (78.04%) 1708 (17.07%) 361 (3.61%) 128 (1.28%) 2197 (21.96%)
Generation 2 Standard 1719 (78.31%) 9526 (95.22%) 404 (18.41%) 52 (2.37%) 20 (0.91%) 476 (4.78%)
Generation 3 Standard 355 (74.11%) 9881 (98.77%) 93 (19.42%) 22(4.59%) 9 (1.88%) 124 (0.23%)
Generation 1 All Dialects 25,775 (85.94%) 25,775 (85.94%) 3,070 (10.23%) 972 (3.24%) 195 (0.65%) 4,237 (14.06%)
Generation 2 All Dialects 3,567 (86.31%) 29,342 (97.77%) 529 (12.80%) 110 (2.66%) 26 (0.63%) 665 (2.23%)
Generation 3 All Dialects 513 (78.27%) 29,855(99.48%) 116 (17.70%) 30 (4.58%) 10 (1.53%) 156 (0.52%)

Table 10: Automatic metrics on the ShawarmaChats MSA test split. Higher is better.

Llama3-1B Llama3-3B Mistral-7B Llama3-8B Mistral-Nemo-12B Mistral-24B

Metric Base FT Base FT Base FT Base FT Base FT Base FT
ROUGE-L 1 0.196 0270 0.269 0.330 0.248 0.408 0.295 0.396 0.248 0.402 0.391 0.408
BLEU 1 0.072 0.159 0.091 0.198 0.142 0.287 0.102 0.288 0.092 0.286 0.246  0.287

BERTScore F1 T 0.755 0.747 0.783 0.739 0.698 0.833 0.805 0.833 0.778 0.838 0.819 0.840
Grader Avg. T 1.010 1.048 1.127 1.394 1414 3.058 1.996 2.893 1.605 3.089 2.677 3.355
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E.2 Maghrebi Arabic

486



Table 11: Automatic metrics on the ShawarmaChats Maghrebi test split. Higher is better.

Llama3-1B Llama3-3B Mistral-7B Llama3-8B Mistral-Nemo-12B Mistral-24B
Metric Base FT Base FT Base FT Base FT Base FT Base FT
ROUGE-L 1 0.226 0308 0.316 0.235 0.327 0.459 0363 0451 0.247 0.457 0.422  0.458
BLEU 1 0.096 0.195 0.118 0.151 0.200 0.288 0.169 0.291 0.140 0.300 0.265 0.302
BERTScore F1 1+ 0.763 0.755 0.788 0.764 0.799 0.862 0.825 0.862 0.760 0.863 0.845 0.863
Grader Avg. 1 1.000 1.206 1.004 1.446 1.002 3.605 1.036 3.607 1.040 3.663 1.129 3.871
Grader Rating Distribution - Base vs Fine-Tuned - Maghrebi dialect
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Figure 6: Grader—rating distribution (Base vs FT) for the Maghrebi dialect.
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Model
Llama3 1B (Base)
Llama3 1B (FT)
Llama3 3B (Base)
Llama3 3B (FT)
Mistral 7B (Base)
Mistral 7B (FT)
Llama3 8B (Base)
Llama3 8B (FT)
Mistral Nemo (Base)
Mistral Nemo (FT)
Mistral 24B (Base)
Mistral 24B (FT)



E.3 Egyptian Arabic
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Table 12: Automatic metrics on the ShawarmaChats Egyptian test split. Higher is better.

Llama3-1B Llama3-3B Mistral-7B Llama3-8B Mistral-Nemo-12B Mistral-24B
Metric Base FT Base FT Base FT Base FT Base FT Base FT
ROUGE-L 1 0.239 0376 0.310 0.364 0.337 0.462 0353 0.453 0.242 0.458 0.426 0.461
BLEU 1 0.095 0.241 0.096 0.234 0.204 0.300 0.165 0.295 0.138 0.300 0.267 0.301
BERTScore F1 1+ 0.772 0.817 0.804 0.788 0.803 0.868 0.826 0.867 0.778 0.871 0.850 0.870
Grader Avg. 1 1.000 1.056 1.042 1.328 1.144 3242 1290 3.016 1.294 3.284 1.756  3.594

Grader Rating Distribution - Base vs Fine-Tuned - Eygption dialect

e FT%

Rating

-==- FT trend

® Base %

---- Base trend

Figure 7: Grader—rating distribution (Base vs FT) for the Egyptian dialect.
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Takeaways

Across all dialects we observe:

* Consistent boosts in ROUGE-L, BLEU, and
BERTScore after fine-tuning, with Mistral-
7B and Mistral-Nemo-12B showing the
largest absolute gains.

* A pronounced migration from low (C/D) to
high (A/B) grades in the grader distribu-
tions—especially striking in Maghrebi (Fig-
ure 6).

+ Slightly lower lexical-overlap gains for MSA
relative to the dialects, likely because MSA al-
ready shares surface forms with its Wikipedia
source.

F Appendix F: Conversational Quality
Rubric

Rating A: Excellent
* Accuracy & Fluency

— Completely correct use of the target dialect:
grammar, vocabulary, idioms, and expres-
sions.

— No slips, mistranslations, or unnatural word
choices.

e Naturalness & Coherence

— Conversation flows seamlessly, with
smooth transitions and appropriate con-
textual markers (e.g., discourse particles,
linking phrases).

— Q&A style is enriched by connective
phrases, making it feel like a true
back[Jand[forth dialogue rather than
isolated sentences.

+ Dialectal Authenticity

— Almost entirely in the target dialect; may
include a very small number of standard or
formal words if naturally justified.

Rating B: Good

* Accuracy

— No outright grammatical or vocabulary er-
rors; the dialect is used correctly.

* Smoothness

— Dialogue may feel a bit stilted or choppy:
minimal or missing transition words and id-
ioms.

— Exchanges read like consecutive Q&A with-
out natural “pivot” phrases.

* Dialectal Coverage

— Predominantly in the target dialect, but lacks
the fluid “give[JandItake” markers that
make speech authentic.

Rating C: Fair
e Minor Errors & Awkwardness

— Occasional grammatical slips or slightly
awkward phrasing that do not prevent un-
derstanding.

— Sporadic use of nonl[Jnative terms (e.g., for-
mal/standard words or words from other di-
alects).

* Frequency

— Errors and non[Jdialect terms are infrequent,
but noticeable.

Rating D: Poor

* Major Errors & Inconsistencies

— Frequent grammatical mistakes, heavy re-
liance on standard language or another di-
alect.

— Mixing in non[Jdialect scripts (e.g., English
sentence fragments) beyond proper nouns
or acronyms.

e Coherence & Relevance

— Conversation may stray off[Jtopic or include
irrelevant content, undermining its coher-
ence.

* Authenticity Breakdown

— Hard to recognize the intended dialect; reads
as mostly another dialect or standard regis-
ter.

G Appendix G: Prompts
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G.1 Egyptian Dialect Generation Prompt

Your task is to take Arabic texts and make a conversation based on the provided text. Generate a 6-turn
conversation between two people. The dialogue should have the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Egyptian Dialect Arabic.

* The dialogue must be natural, smooth, and realistic.

* The dialogue should be fully in Egyptian Dialect Arabic.

» Avoid generating Q&A style conversations without proper transitions and contextual expressions.
* Use Egyptian Dialect Arabic, with cultural appropriateness.

» Each turn must be between 1 and 20 words.

2. Content and Style

* Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand: avoid complex vocabulary or idioms that nonInative
speakers might not grasp.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Egyptian Dialect Arabic.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.
* Do not use any special characters, symbols, or emojis.

* Generate the output just in Arabic Script except if there is an expression that is not in Arabic Script,
for example: (BBC, Time News, etc.) that doesn’t have an Arabic Script equivalent.

* The generated output of the Egyptian Dialect Arabic should be just a valid JSON object, nothing else.

Output Format
{
”dialogue”: [
{
”speaker”: "A”,
“text”: —Text—,
“reference”: ”"—Reference —”
}s
{
”speaker”: "B”,
“text”: —Text—,
“reference”: "—Reference —”
}s
]
}
Text text
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G.2 Modern Standard Arabic Generation Prompt

Your task is to take Arabic texts and make a conversation based on the provided text. Generate a 6-turn
conversation between two people. The dialogue should have the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Modern Standard Arabic.

* The dialogue must be natural, smooth, and realistic.

* The dialogue should be fully in Modern Standard Arabic.

» Avoid generating Q&A style conversations without proper transitions and contextual expressions.
» Use Modern Standard Arabic, with cultural appropriateness.

» Each turn must be between 1 and 20 words.

2. Content and Style

* Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand: avoid complex vocabulary or idioms that nonInative
speakers might not grasp.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Modern Standard Arabic.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.
* Do not use any special characters, symbols, or emojis.

* Generate the output just in Arabic Script except if there is an expression that is not in Arabic Script,
for example: (BBC, Time News, etc.) that doesn’t have an Arabic Script equivalent.

* The generated output of the Modern Standard Arabic should be just a valid JSON object, nothing else.

Output Format
{
”dialogue”: [
{
”speaker”: "A”,
“text”: —Text—,
“reference”: ”"—Reference —”
}s
{
”speaker”: "B”,
“text”: —Text—,
“reference”: "—Reference —”
}s
]
}
Text text
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G.3 Maghrebi Darija Arabic Generation Prompt

Your task is to take Arabic texts and make a conversation based on the provided text. Generate a 6-turn
conversation between two people. The dialogue should have the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Darija Arabic.

* The dialogue must be natural, smooth, and realistic.

* The dialogue should be fully in Darija Arabic.

» Avoid generating Q&A style conversations without proper transitions and contextual expressions.
* Use Darija Arabic, with cultural appropriateness.

» Each turn must be between 1 and 20 words.

2. Content and Style

* Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand: avoid complex vocabulary or idioms that nonInative
speakers might not grasp.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Maghrebi Darija.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.
* Do not use any special characters, symbols, or emojis.

* Generate the output just in Arabic Script except if there is an expression that is not in Arabic Script,
for example: (BBC, Time News, etc.) that doesn’t have an Arabic Script equivalent.

* The generated output of the Maghrebi Darija should be just a valid JSON object, nothing else.

Output Format
{
”dialogue”: [
{
”speaker”: "A”,
“text”: —Text—,
“reference”: ”"—Reference —”
}s
{
”speaker”: "B”,
“text”: —Text—,
“reference”: "—Reference —”
}s
]
}
Text text
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G.4 Egyptian Dialect Evaluation Prompt

Evaluation Prompt for Egyptian Dialect Arabic Conversations

You are a linguistics expert with over 20 years of experience in Arabic dialectology, and a native speaker
of Egyptian Dialect Arabic. You will be given a Text and an Al-generated conversation in Egyptian Dialect
Arabic. Your task is to evaluate Al Jgenerated conversations in Egyptian Dialect Arabic and assign each
one a rating from A to D, using the detailed criteria below:

Rating A:

- The conversation is fully correct in Egyptian Dialect Arabic without any errors or slips.

- Grammar, vocabulary, idioms, and expressions are all accurate and appropriate.

- Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.

For example:

- The conversation is like Q&A but with smooth transitions and contextual expressions.

- The conversation is mainly in the Egyptian Dialect Arabic.

- The conversation could have one or two natural standard Arabic words.

Rating B:

- The conversation is generally correct in Egyptian Dialect Arabic, with no grammatical or vocabulary
errors. It doesn’t have any slips or errors

- However, the dialogue may feel slightly unnatural, for example:

- It is like a Q& A without smooth transitions.

- Some transitional phrases or idiomatic expressions are missing, making it less smooth.

- The conversation is mostly a collection of disconnected sentences rather than a fluid conversation.

For example:

- The conversation is like Q&A but without smooth transitions.

- The conversation is mainly in the Egyptian Dialect Arabic but without smooth transitions.

Rating C:

- The conversation contains minor issues even if it is correct in Egyptian Dialect Arabic or doesn’t
affect the understanding, such as:

- Slight grammatical mistakes or awkward phrasing.

- Occasional use of words or constructions not native to Egyptian Dialect Arabic (e.g., Modern Standard
Arabic terms, or words from non-Egyptian Arabic dialects).

- These slips are infrequent.

For example:

- The conversation is like Q&A but with some natural standard Arabic words.

- The conversation is in Egyptian Dialect Arabic with some MSA or any other non-Egyptian Dialect
Arabic words/expressions.

- The conversation has spelling errors.

Rating D:

- The conversation exhibits significant problems in Egyptian Dialect Arabic or contains non-Arabic
scripts, for example:

- Most of the conversation is in non-Egyptian Arabic dialects (MSA, Tunisian, Algerian, etc.).

- It uses a non-Arabic script (e.g., English, French, etc.) except for loanwords like BBC, Time News,
etc.

- Such inconsistencies seriously undermine authenticity and coherence.

- The conversation is irrelevant to the text.

For example:

- The conversation is mostly in MSA or any other non-Egyptian Arabic dialects.

- The conversation has non-Arabic scripts or mixed scripts.

- The conversation is irrelevant to the text.

Note: If the conversation has mixed issues that could qualify for multiple ratings, choose the worst
applicable rating. Examples of Evaluation Outputs

Example 1: Rating A
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ke el 2 e Jae Oyl d}.«J\j\ Wl & ke ¢M Y Sy 3 5udl K 2 S U@-\J (Ja:,....é Lo
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Dialogue to evaluate: - Speaker A: { Ll 4| y» £, A o 3&:1 Sener
- Speaker B: .ub:,,ai-\;\ oMl 3 b e ) Gl 42 b g bl @JJ\
- Speaker A: $ig o5 das 4 & i~
- Speaker B: via b K &l aakt y ol Gouds @) 208 g W)
- Speaker A: $£5 1 pdszd, o a4 b
- Speaker B: . #Ul we il (£ Gy Sladl iy olie

Output: {
"annotation”: [
{
"rating”: "A",
"reason”: "The conversation is fully correct in Egyptian Dialect Arabic
and flows naturally and coherently,
with smooth transitions and contextual expressions.”
}
]
}

Example 2: Rating B
Text: 3 oY1 5l il e ) Ol e ey iz O g (o) plazs VI e Fa A g a2 au\,ﬂ
Jud o Slall 815 peiat Sl o 5,085,212y A1 2 05 8, L 1 54,\}_‘&&4;‘;\&,%
i OV V) 820 5o 01555 51 ol o UL 51T Gl (3 5521 5T 3l e0lall 3 Gl T ) ol
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Dialogue to evaluate: - Speaker A: €(g5 8 lg,ih Y 2y 4 ¢ d,l,j) "]
- Speaker B: ?IC’ (Ol 33 L@é‘J@T L

- Speaker A: Sk Slad) 5y7 Olie (L bl

- Speaker B: .3:l2 Llds o] Sle gat g oK

- Speaker A: 551 REE RO by 03 puid, A A P
- Speaker B: .57 pe '2ls (20 e sk (L) oS Olze

Output: {
"annotation”: [

{
"rating”: "B",

"reason”: "The conversation is generally correct in Egyptian Dialect Arabic,
with no grammatical or vocabulary errors.
but it is not as fluid as it should be.
at last two turns as it Doesn't flow naturally and coherently, with smooth
transitions and contextual expressions.”

Example 3: Rating C

Text: g atll i3 33y 3oty 3,0 ¢l b aol el 4 Ls as sl £ sl LY Lomls 3oy 285 4o 5o 1
4 s @u%\wgwamw&r&\ oMl et o yps Olus Iy ol e ST 4
BYRURETR - LI G S PP éj G Gl Y e 31y iz Jorl b ca] oY Ml
bt Jloe o (155) ) bl o gl seld Jo ons 2l OV 1o 015 pote (53 2l oy 58 %8
N3 Jub Ko O G 3 G ss 3 8h ULE sas 3 5h A Th o (25)1) G anddl el 2 pn yp5 OB e
Tzl o Tb gl sl oS0 el o Lals Joles il oy 155 1B eI 367 O my Al o 3y 4
AV e ST el 506 3 0K of Ko

Dialogue to evaluate: - Speaker A: €355 £ ane 4] (S Flatll 26 e
-SpeakerB: ST é) Lﬁii 02 f\d;-‘ &C C,S} ;Mg‘}d/\:l»ﬂ.ﬁa C,JJ \Jl
- Speaker A: 9gl| €595 nZ S b
- Speaker B: 3oy dlay d Jgo gl ASg 08U Joo g Olie ol e )
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- Speaker A: €5 ils s Yoy 8h & ShJ 1h o WA CST~ J (om

- Speaker B o5 i 55 Al (B e 3 Ol bl Skl

Output: {

"annotation”: [
{
"rating”: "C",
"reason”: "Minor spelling error ‘'zabt' instead of 'bil-
izzabt' and use of Modern Standard Arabic phrases like 'lakn-ahianan'."”
}
]

Example 4: Rating D

Text: () Iy ey 1) ip 3 SLI o e it O o) ploaaV e 0 ) 230 sy wleudlly 2

O 51 gl 5L 2yt VNI e 545780, 32 0 3 A 05, 6y Ww 8 K il anad of 2
i OV VL 820 5o 0155 51 ol o oL 5T Gl 3 50210 51 3l 2e3lal) 38 Gl T ) el
S 3 L L 2 oVl Sl Sloell 2 Ry g A Ty ta] 38 @Nui KK
Y Gk op OV Opmp M) pdiy S ) WSV SV G gl g A Al b e g
Slayad] a3l [ e gl ol 2 0,5 Lo 1Sy laie op MR Cimadlly Sl 2ol S
3le (130 et g (fay dlaas O o e Slas 8L 58 23 e Sbly L o gl L)
FT ol o en Jor Sl - Gl Sl Bl o Bole s Y Sy ¢l 2 3 Uil pisy o
(My Coke Rewards) Y568 1 3l fnulyy o V1l ol slelSall 2y A1 2y Al altal gy o 1o
#sA) 25 o (Coke Zone) 0y) 95 A VSES Jler oo il ) inadly o (Pepsi Stuff) Sl (s
oy (il onadS U 2o 5 G Gk S ol 5l atladtl 5100 AU A ) sl e
Sl &l &y A 3y mndl ] daldl adn o) 20 Gatlad) el (AR s pL8] 2 adly a3y caaSlal
2l o) 2] Sl T edalal) o (AW il Sls ) Sy bl ) Ed asll Lo )
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Dialogue to evaluate: - Speaker A: $45),] e (A e O] 5l

- Speaker B: 14.£ forle i VS 82 (s by 055y col
- Speaker A: SLs &) Jomy b1 i) (b

- Speaker B: . j2i4c OMadl 2 C}:.MSK o\, 0000000

- Speaker A: ¢ gulul o3 03l 3m

- Speaker B: .13 ub\‘/-;l{ L0 K ol

Output: {

"annotation”: [
{
"rating”: "D",
"reason”: "The conversation has some non Arabic script,
which is not arabic nor English expression.”
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Your Input Text:

text

Dialogue to evaluate:
dialogue

G.5 Modern Standard Arabic Evaluation Prompt

Evaluation Prompt for Modern Standard Arabic Conversations
You are a linguistics expert with over 20 years of experience in Arabic dialectology, and a native
speaker of Modern Standard Arabic. You will be given a Text and an Al-generated conversation in Modern
Standard Arabic. Your task is to evaluate Al[1generated conversations in Modern Standard Arabic and
assign each one a rating from A to D, using the detailed criteria below:
Rating A:
- The conversation is fully correct in Modern Standard Arabic without any errors or slips.
- Grammar, vocabulary, idioms, and expressions are all accurate and appropriate.
- Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.
For example:
- The conversation is like Q&A but with smooth transitions and contextual expressions.
- The conversation is mainly in the Modern Standard Arabic.
- The conversation could have one or two natural standard arabic words.

Rating B:
- The conversation is generally correct in Modern Standard Arabic,
with no grammatical or vocabulary errors. It doesn’t have any slips or errors
- However, the dialogue may feel slightly unnatural, for example:
- It is like a Q& A without smooth transitions.
- Some transitional phrases or idiomatic expressions are missing, making it less smooth.
- The conversation is mostly a collection of disconnected sentences rather than a fluid conversation.
For example:
- The conversation is like Q&A but without smooth transitions.
- The conversation is mainly in the Modern Standard Arabic but without smooth transitions.

Rating C:

- The conversation contains minor issues even if it is correct in Modern Standard Arabic or doesn’t
affect the understanding, such as:
- Slight grammatical mistakes or awkward phrasing.
- Occasional use of words or constructions not native to Modern Standard Arabic (e.g., Modern Standard
Arabic terms, or words from non Egyptian Arabic dialects).
- These slips are infrequent.
For example:
- The conversation is like Q&A but with some natural standard arabic words.
- The conversation is in MSA with some Egyptian Dialect Arabic or any other non MSA words/expressions.
- The conversation has spelling errors.

Rating D:

- The conversation exhibits significant problems in Modern Standard Arabic or contains non-Arabic
script, for example:
- Most of the conversation is in non-Modern Standard Arabic.
- It uses a non-Arabic script (e.g., English, French) except for isolated foreign proper nouns such as “BBC”
or “Time News” that lack Arabic equivalents.
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- Such inconsistencies seriously undermine authenticity and coherence. - The conversation is irrelevant to
the text.

- Do not confuse conversations written mainly in non-Arabic script with the acceptable, limited use of
foreign proper nouns.

For example: - The conversation is Mostly in Egyptian Dialect or any other non-Modern Standard Arabic.
- The conversation has non-Arabic scripts or an arabic script mixed with non-Arabic scripts.

- The conversation is irrillevant to the text.

The conversations that has limited use of foreign proper nouns should be rated as A if it doesn’t
have any other issues. Otherwise, it should be rated as B or C. according to the criteria above. if the
conversation can be evaluated different ratings from above because of mixed issues then choose the worst

For each dialogue, produce a JSON object with an array named “annotation”. Each entry must include:

_ ”rating”: One Of ”A”’ ”B”, ”C”, Or ”D”.
- “reason”: a concise explanation of why you chose that rating, referencing the criteria above. in English

QOutput: Output format ~json:

{
"annotation”: [
{
"rating”: "Rating”,
"reason”: "Explain why it meets the Rating criteria in English”
}
]
}
Examples:

Example 1: Rating A
Text: S g #1240 0Ll 35,90 AN G AN OV1 e STEL 0Ll s & s 01N 206
o @MU sl 031 By e ol (3 087 Oadall QLY 8580 Jaz2 5 paks ol wlaaie Loy olibl e 1Y)
G A B 13 Ol (o e il U o e By sl e g ST S Gl U1 OE
UL bl op el G OLIL e ot ol 01 3 (2 1 53,0d s vl puld) 03
LI Sl s Ll G e ol 0,31 20T W 0Lkl oVle Lol ol & Lol dle L o 4 &S,
dl a1 Clencad 8y 2o auld] O A 0 IV Coadl (3 5l s SN et 33kl U elbl 5o gl
Gyl S ) IS ) 3316 bt U 08 o SV e O AL Lot (28 ) Sl oy~ B
N5 KLY ol 020 001 By g el bl o T 851 VT el 1 (120 Sl ol 555
MYTML;@ 13 D gonae Iy laday s oA B2 s e 558 Sl 6 e By Wy JF 5
S ek G ple @ aed) Jolal 3oLl dew Whooms Jel ity anl ouly gl K21 s lad 5711
§ i allel T Jlld 51 o S5 2l £ ey 05 2 2 Sl Sl 0 %)l Kol 1
S G Gy @l Sl oo Sl el daly Sl 0,5 QU il (ST ey ol W e
G W e e Bl dly 1 OL (3 Rl el 2 7 pllis T Sl ] 05 K
D6 L sl O 2 E Ll S ) el ol oo 22 i 8T by s ]
15 Sl 8191 ol ey 3Vl bVl iV g Sl ¢ ity LA e 3l 3 S oo
o 35 Gl o) 0,5 B sl oS et ) Rl IV @y Sy e kYL R 52
AS ol
Dialogue to evaluate: - Speaker A: §pall 3 33,5 Oyl <8 Ol &Yl Jyl of %,4 oo
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- Speaker B: . a1 G £ 20 0Ll Jslo o5 o rle O Caey Lo

- Speaker A: €6 s 4 s Wy NARCHEY & S ls?

- Speaker B: $o1 /Wl ebus 10 gl (S WK A ks a2 031 3
- Speaker A: $ Wl Kol e 150y ESTU S0 SV 2 d W) ] 2l e

- Speaker B: 14, 7,8 2 sl 0V S e & 2

Output: {
"annotation”: [

{
"rating”: "A",
"reason”: "The conversation is fully correct in
Modern Standard Arabic and flows naturally and
coherently, with smooth transitions and contextual expressions.”

Example 2: Rating B

Text: S g #1240 0Ll 38,90 SN G LY OV1 e ST 0Ll s & s 01 200
Em @MU sl 030 By e el (3 OB Oadall QLAY 8280 Jaz 5 sqs ol alaate Loy elibl e 12V
G SV G 12 0Lk 02 e Db b o el By sl e 8T8 ST Oy AU OF
SV bl op 2l G UL e ot ol 01 3t 15 53,050 s vl i) 03
LI Slay bl G e ol 0,31 2T W 0Lkl oVole LT ol 2 Lol dle L o 4 &S,
b K w85 e aeldl 0,31 o D301 o) 3y lally Sl s 0 2t 555 U1 o1 AL 0l
Gyl Al I ) 3316 5kl U O o oW e V) O L Lo (3 Sl g~ e 3
D5V KV el Cr 2ol 0,31 %1y oy sl bl o T 8500 VT L ) (20 Ol bl 3567
e Bian 1y O gennae iy ladnyy 08 A1 35 ik ne 558 Dldy Spee B Aoy JF 5
e 3 ot g gl Jolol) 5oLl e ghoosy Jel gLyl and galy ¢l K21 s Lad 551 o1
Al 5 U 5ol e S5 IWN l 2 ey 0, 2l 2 S Kl 0B 3l S 1 55
G Gy @l ly Sl Jeo Kol ool tlanly Sl 0,5 QW gl STy 011 b 6
Dt s B iy S O G Sl ) 2] S pllis T S chal 055 3 Sl
Bolydl O 2 F Sl Sl ) bl ool o 2 el 8T by Casl el g 350
8191 ple oy ca3Vdl bVl Bl VL Lt Ol ¢ tly LA o ) 3 SR s 067 251
) 055 QU 3l oS0l Wl o A I ey &y st VL e ) 5 2301 2S5

Dialogue to evaluate: - Speaker A: 1,1l e &K:U Ol ghas F M
- Speaker B: . sl p &y (#laS” LV Yl o ‘/i}!\ i ¢ Jodl
- Speaker A: $elsbl o J,AH RPN /%Y\ Js2 Sy
- Speaker B: . &Lll (gl e :\rﬂtﬂ O oK Al ks
- Speaker A: iy oud | SN cadily LA e 'Laj sl

- Speaker B: .ol bl 87 Jag 55LA Jrj) C"”T ol Wl wi
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Output: {
"annotation”: [

{
"rating”: "B",
"reason”: "The conversation is generally correct in Modern Standard Arabic,
with no grammatical or vocabulary errors. but it is not as fluid as it should be.
at last two turns as it Doesn't flow naturally and coherently,
with smooth transitions and contextual expressions.”

by
]

3

Example 3: Rating C

Text: S g (£ 2 0ldly 38,00 SR G AoV OVl e ST Oldall 5 s 3 s 1) 20
Com 630 osld) 31 By die el 3 087 Oldall DLV 8580 s g il wlsiia ey el bl e J2Y)
3 oG£8 0Lk o e ol ol o e o il e 87 L By A OE
SV abadl o ) G 0L e oo e ol 01 3 (255 15 53)0i5) ey vsadH puld) 03
LI Oy sl & e ol 0,31 2T W Ok ©Vole dul ol & Lol e sl o 4 &S,
b K8 ool By e aldl 0,0 e I ol 3 il oy STt 545 L1 1AL 5ol
o) AL I 5l 3316 ) U OF o Y W O AL Lo s B S O B
I35 VL ol a2l 0,30 By oy o) o 121 350 ST o) 1 (1200 01l oyl 3557
‘,MM Thiae 135 D jannas J oday s v AN B b me 8,8 Sl3p 6 B Ay 15
U ek G cple @ aed) Jolal 3Ll de Whoomsy Jel ity and galy gl (K2t s glad 3710
§ bt allel 5T edti) il o S350 2y 2 tanly 05 el 2 L Sl 0B aladl ol 1
S G Gy il Sl oo Sl ] daly ol 0 QU 23l STy ol W b
G W e Bl dly I OL (3 Sl el 2 7 s T Sl ] 05 K
56 Bl Bl S 2 E Ll LSl AL lad) ol i B2 b i T by s el
1SS Sl 8191 plo oy @3V Ll BVl Ly o iy & oty LA o )l G ol e
o 3l Gl o 088 B 3l oS0 R ) 3 el 3 AV e ) 23

A8 ol

Dialogue to evaluate: - Speaker A: 95 » JsY Ol 50 O gk 30 2w e
- Speaker B: 14 5218743, )1 Ol Wl ol 3 /“}/\ Ty o
- Speaker A: SOLIYI OLda) Ssl1 SVl e 13bey
- Speaker B: .y 2all & 3! J&\j G Sl Ahd> D Aoy Jsl
- Speaker A: &) ;)L ;.:J\ Lo 955 &y gy S
- Speaker B: .0V i de IS 5 L] i) e 31 e

Output: {
"annotation”: [
{
”rating”: HBH,

"reason”: "It feels more as Q&A specially at the end where Speaker
A asked directly without any transitional expression at 'kaif tatwaret
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technologia al tahkum bel ta'erat'’
as it could be A if there was like "wa kaif" before it."

Example 4: Rating D

Text: » (Il gatto con gli stivali :&Jls Y) (Le Maitre Chat, ou Le Chat Botté :a.i,dl) ¢lid| 45 Ll
a s Lill anand Sy et (525 Lo o ks gl Bl Sl OF a3 et g2y Iyl (SO L Y e
O b Ll T 03 50 a3 1525 O Uy oo s Lot Lk 058 iy S 3 L ny Sl ol
et B G o OF LI b U 5l Jo Ly 0T Ol ety ) BB a2 o2 asle Ly ) 3 o
iy 48 b Q) Y s ezl ) 5 Al G s 326 e osaels cauSle 15 5,
I 0L selus pllazal ol L) Olb ol 3] Sl s c 02,V s e Bal 6T Q) Il as ol
G abdly o oy ) s Al b po ) s ] e ) S IS cacdly Ll ale r,,;@;jr, Jl
l"\;’)
Dialogue to evaluate: - Speaker A: $clid) 3 Lill 1o o Cas |o
- Speaker B: 3 :,LL bo v Laib s Sy gl Ol ) 4 P
- Speaker A: ca>lo suclud 4873 Ll (-Ja'd.w\ S 6,;?
- Speaker B: iz S ¢U&:..~L. il el pus > cJSUL
- Speaker A: L,ajfa.d‘ (0 i) oo Jo s e b se ;1,
- Speaker B: .4l d) 3 SJy:Y\ 2 ke Ll Colo @oL (o

Output: {
"annotation”: [
{
"rating”: "D",
"reason”: "The conversation has some non Arabic script which is not arabic
nor English expression.”
}
]
}

Your Input Text:

text

Dialogue to evaluate:
dialogue

G.6 Maghrebi Darija Evaluation Prompt

Evaluation Prompt for Maghribi Darija Conversations

You are a linguistics expert with over 20 years of experience in Arabic dialectology, and a native speaker
of Maghrebi Darija. You will be given a Text and an Al-generated conversation in Maghrebi Darija. Your
task is to evaluate Al generated conversations in Maghrebi Darija and assign each one a rating from A to
D, using the detailed criteria below:
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Rating A: - The conversation is fully correct in Maghrebi Darija without any errors or slips.
- Grammar, vocabulary, idioms, and expressions are all accurate and appropriate.
- Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.
For example:
- The conversation is like Q&A but with smooth transitions and contextual expressions.
- The conversation is mainly in the Maghrebi Darija.
- The conversation could have one or two natural standard arabic words.
Rating B:
- The conversation is generally correct in Maghrebi Darija, with no grammatical or vocabulary errors.
It doesn’t have any slips or errors
- However, the dialogue may feel slightly unnatural, for example:
- It is like a Q& A without smooth transitions.
- Some transitional phrases or idiomatic expressions are missing, making it less smooth.
- The conversation is mostly a collection of disconnected sentences rather than a fluid conversation.
For example:
- The conversation is like Q&A but without smooth transitions.
- The conversation is mainly in the Maghrebi Darija but without smooth transitions.
- The conversation is mostly correct but it contains a few awkward or slightly un-idiomatic phrases.

Rating C:

- The conversation contains minor issues even if it is correct in Maghrebi Darija or doesn’t affect the
understanding, such as:
- Slight grammatical mistakes or awkward phrasing.
- Occasional use of words or constructions not native to Maghrebi Darija (e.g., Modern Standard Arabic
terms, or words from non Maghrebi Darija like Tunisian, Algerian or Lebanon Dialects)
- These slips are infrequent.
For example:
- The conversation is like Q&A but with some natural standard arabic words.
- The conversation is in MSA with some Maghrebi Darija words/expressions.
- The Conversation is in Maghrebi Darija with some Tunisian, Algerian, Lebanon or any non Maghrebi
Darija Dialects words/expressions.
- The conversation has spelling errors.
- The Conversation is totally correct but It is in Arabic Franco which is a method of writing Arabic using
the Latin alphabet and numbers.

Rating D: - The conversation exhibits significant problems in Maghrebi Darija or contains non-Arabic
scripts, for example:
- Most of the conversation is in non-Maghrebi Darija.
- It uses a non-Arabic script but It isn’t Arabic Franco (e.g., English, French, etc.) except if there is an
expression that is not in Arabic Script for example: (BBC,Time News etc.) that doesn’t have an Arabic
Script equivalent.
- Such inconsistencies seriously undermine the authenticity and coherence.
- The conversation is irrillevant to the text.
For example:
- The conversation is Mostly in MSA or any other non-Maghrebi Darija.
- The conversation has non-Arabic scripts or an arabic script mixed with non-Arabic scripts.

if the conversation can be evaluated different ratings from above because of mixed issues then choose
the worst.

For each dialogue, produce a JSON object with an array named “annotation”. Each entry must include:
- ”I’ating”: One Of ”A”’ ,’B”’ ,,C,” Or ’3D,"
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- ”reason’: a concise explanation of why you chose that rating, referencing the criteria above. in English

Output: Output format ~json™:

{
"annotation”: [
{
"rating”: "Rating”,
"reason”: "Explain why it meets the Rating criteria in English”
}
]
}

Examples: Example 1: Rating A

Text: » (Il gatto con gli stivali :&Jls Y) (Le Maitre Chat, ou Le Chat Botté :a.i,dl) ¢lid) 45 Ll
S by e olt] Ll o) 1wy e ey Ol il Bl S 2y eyl BT U s
a s Ll anand Sy et 525 Lo o ks gl Bl Sl OF py 3 et g2y Iyl oSO L Y e
O b Ll T 05,0 a3 1525 O Qs oo s Lot Lk 058 iy S0 4 L ony Sl ol
et B G o OF LI b U 5l o Uy OF Ol ety ) BB a2 o2 asle Ly ) 3 o
iy 48 b ) Y Cad ezl ) 5 Y b G s 540 ke osaels cautSle 15 5,
I 0L aelus pllazal ol L) Olb ol ) Sl s 02,V s o ol 6T 3] Il 4 ol
G abdly o Ploy ) s Al b o) s ] e ) S IS cacdly Ll ade r’*@ﬂ; J)
.e—la'-)

Dialogue to evaluate: - Speaker A: $'sldd| 3 Lal' dbs Ladl chsls Jo zae
- Speaker B: § 51, 5& o8 il W ol
- Speaker A: Y @3l Ay Jp ¢ |2 1
- Speaker B: LB yr 55 Il Jo &2 LS,
- Speaker A: )5 \3hd) el K Shsla ool
- Speaker B: | .ad Jly o0 oV e 3l d:h. o

Output: {

"annotation”: [

{
"rating”: "A",

"reason”: "It is in correct Maghrebi Darija Arabic without mistakes or errors.”
}

]

}

Example 2: Rating B

Text: ) GO oo o ole wgmad) BV T 2ol B3I elt) 1 o (Lo ol La] <2 ) GO
Wys 4l o G O s ) Ly ) ey et QUL 2o 2 S5l DLl i ale 5]
ol 5 1K a8 GO lax 01! oine 3 oSy (dl o2 e G S S8 W il e
S/ D 355, waadly JUbY) Blamy oall w5 Ui Jo (gshs 6 G 15 b Y G A
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Iia SN plime 3 vkl iy Jall) el sy JUBYI 30 91/ O anadl 2315 ol e )
Dol AT et el o 2y 2 S ot 0501 Vs st GO 0B 1) (o3l W1 oy sl 331 ot 056
VLG50 100 el el GO e Y Gl 3O ey el (2 GOl et Y g 4y
Dol el o TS 5 8 OB e Ul ciine oy 2 Bty (£ 2 Ul Bl 5l ) 067 13
BLO19T gle o sl oo (21 e 5791) Jlis 1 ¢(0791) Wllay) ( L 1250 330N 31 1 01 33Ul
S0k ¢(7891) e V1 ¢(1891) Liluo] ¢(7791) 5L ¢(rlly Gl ol Ke ells 06 0491 gle
AT ¢(6991) 101 (5991 yyail ¢ (UK ) L & e yos OE 6791 0 ¢1991) Lnd S ¢(1991)
JWISBLE eyl gl simse pay ool 5300 T 08l Bl 5l & +(1102) W, (4002)
LAZ] el ooll) e b Lke 281 3 GOb 28 2l sy a0 8500 2 el (ol 5 pe gt &S0
KUY S b ) ool e @M a7 b, LU S 4351 ol O (6 e GO
Dialogue to evaluate: - Speaker A: ¢/, b o %> TS Al
- Speaker B: é.'a.ﬁ 359 8 RGN ]
- Speaker A: Saly 13 ) A,
- Speaker B: .la 15 J\ﬁ*oﬁ».ﬂ} 59l
- Speaker A: ?Mﬁ}’sbj Wle - &l
- Speaker B: .21 ade (puls 158 <)
Output: {

"annotation”: [

{
"rating”: "B",
"reason”: "The sentence "Wash b9a m3 3ayla
wa7da gribt-hom?" is very close
to Moroccan Darija, but it's not
entirely natural or idiomatic as-is.”

b
]
3

Example 3: Rating C

Text: o] GO el b 35k gamal) LUV a1 B Sl 3 o (o) b ol La] <) GO
ys 5l oy 3 O o o) g Lalss b JULy 2ol A O3l Sl ) i ale ]
ol 5 12 a8 GO ax 01! e 3 oSy (dl ;ui@ G S K2 G ol e i
S ] QNI 5L 5, 2aadly JUbYI Blas, el s W e (s 8 @l sl Sl Y G s 2
oo O lamn 3 o sball oy Jabal ol i JUBYI 23] &N/ O a3y o] o)
Dol AT 22 ol b 2l 2 0 et 051N s st GO 0 130 (ool s 5530 ol 0508
VL6 10T el e ol GO o Y o) G OB eyl (b GO et Y EIRE
Ol L o 2emiSps gb OEG B e W s Ly 2 Gty F 2 8 L2l Tl ST 2ol 06713
JL019T ple o sl oo @21 e 5791) Jis 1 ¢(0791) Wllay] (2 L 1250 330N 31 g 0L 33l
sl#LL ¢(7891) RN ¢(1891) Lk ¢(7791) o5l ¢l Gl £lysh & ol3 o 0491 ple

505



5 ¢(6991) 1T ¢(5991) sl ¢ (SN ) Lo 4 b yunae OK 6791 oo ¢1991) LS (1991)

LW bl e ) Gl s gay clbbinl B3k o o8 ) Gl a5l GO & +(1102) Wy (4002)

LAL) e ol i b Lk W1 3 GV i 2l ey 2S00 S el (ol e g K

AN 2SOl s ) (T L 8 a7 iy WU S0 4351 4l 02l 17K e GO
Dialogue to evaluate: - Speaker A: ?C;-" cL;f:“Y\ ol Je iz ALl Lue 33 %} ot

- Speaker B: Lol 3 oot g5 Gl e 3 ol ool 05 s S (K7 )

- Speaker A: § Jo ppdels Jidlile ey ) O ) 2

- Speaker B: .0791 2> 4K G S Ul S e e Bls Glll g <Ll

- Speaker A: €1y ¥y (3Ol et filale ERO U IR

- Speaker B: 1l Olie s S 3l 174 s ol doyd gl

Output: {
"annotation”: [
{
"rating”: "C",
"reason”: "The conversation has some expressions in Maghrebi Darija,
However it has some awkward expressions like wla zal and
"Iwa, ldarja enn malik ingltra khlaq knisa jdida 3shan ytla9!
is more Egyptian Dialect”
}
]
}

Example 4: Rating D
Text: Lalsil 31574, I W) GW e dade 2 (GTA () (Grand Theft Auto % 42 Y0) 5sf 8 5l ~
Sl STy e B3 pesle ploy 013 0 ) 315 TS bl gl 8 Ls ey o s
(Lo (DMA Design) oo ol ol 53) 5 sy ailla ) gl 72 15 o ol K20l dos 2
% Sl l SV 3 painedl sl o Wy laan 3] el o e ST SRRy
LAY QL LoVl caels 28 (3 poell pled) I oM oSs Coom e Jle Jo ol 20 b 577 Lyl
ooy 2N e e SlpaYl ) e QUL B3 3L Jm ol B8 b NIETR R F R W aasil
o ek G WV s o 61 s o0 Bl oy QW e s e Laf i) o2 o
or DoV adl Q) L) 1 e il ey bl & i) sl o g e s ST G gl e
Ol (D Bpoe B L) o Jd — 00 O3 ke o V) Al 2y 2 oy 2lly (g2l 03
de 5 Q) 00 Gl i oKy — (gl ) Ibial) B oty ¢ (Kl 3 0L QL 15LEd) el il
o ) 5T S K2 Ly KA B3le] 2 0Ly o1 O gl (o] 05 L Bl ol O
Olye 83l ey LAl gl OF oo o2 M) (e et W) i) QWY 51 3 ol 051 o Sl
ey i Blel SV I @) bl o e STl ey e 8 Sl ppad) 00 L boke
drlo g s b5 6 &3 G oV 3 last e skl oY1 15 e ) e Ll )
7991 ple 3 dududl Gl ol el Sl s G ST ool G2 ¢32s e ol by <05uS s
I Ol i neeg o ol Win (rple T o sled) 05 <0202 0 Dlesl gsl . Xl Il
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(3D) s 39 slie] b abadd) il Eom i b 1 1002 plo (3 0)lo] £ s 63 gl ikt W eI
BLal iy 03 gyl 8 W G el ) el o iy TS (bl s e ST 3 2
Ol Al csle o gl s il Pl Q) sl el 1l 3 oW ST QW e 1Tl s
Ol 2 55 Ko allad) G ) 5l V1 2236 VLY o s ¢ L 0l Ol o ]
sl Y sl Ll sl et e ooy 0o 053 o ST i il 5N V1 i 1 4d
Great) oS Gl s Sa b & ol ) o) SUAT A6 3 sl i sl 4 <6002 ple 3 Lo
S 15 U e (3102 gl 3 v goedl Cimitey Tl ) Be13Y) As Lol I (British Design Quest
Al Lo gm0 i et D 8 Lin i) 67 il ) sl o oy o ) it il
) 0 ) b Ol s OF STy, 87102202 )6 4 &

Dialogue to evaluate: - Speaker A: Katchouf GTA? Silsila dyal 1-143ab ktab3ha bnadem bezzaf.
- Speaker B: Ah, kan3refha. Wahed men akbar 1-abab fel 3alam.
- Speaker A: Bdat f 1997, u GTA 3 hiya li bedlat kolchi f2001.
- Speaker B: Bessa7, dak 13ab fih 3alam meftou7 u zwin bezzaf.
- Speaker A: Wla makhbartekch, kaywjedo fiha jeu jdid daba.
- Speaker B: Hada khbar zwin! Dima katbqa men a7san I-1a3ab.

Output: {
"annotation”: [
{
"rating”: "C",
"reason”: "The conversation is correct in Maghrebi Darija.
However, it uses Arabic Franco which is an error”
}
]
}

Example 5: Rating D

Text: «f baill (gl 35 5y 50 £ k2N obad sl el 2\ fus 2stdl 2 sl LY ek B, W5 5o o1 5ol
G e O] o Slls s gy Uy Bl o sty e 81 030 s G b b @) Bn ) oSl 32 o
g Al LV ek 3 o OV ks o cadl oM st i s OB I ol e 57T ol
el s g Wiy W3 ol s &7 @B Gl Y1 e sy bz oW e cad] oY M
bt e ¢ (1058) ) poed) 5 Bl Beld o oSa @l 0N ls W OB pe (o0 )l oy 508 8]
N5 Job oS8 K G 3 G s> B8 U 2 Lss B hS JLhT e (205811) G wldl Sl £ s ss 0B ke
I ot Ay Wl 5 5 Ol Y1 G b OB 3 s (s Y SR Sl 53 g el
Tnao e Tl ol il oS0 o e Lols ol 2nl oy 1yps 18 oS SE O i Al 0dn (35 4

A e STl 5l 3 0K of oSe

Dialogue to evaluate: - Speaker A: ?éh:JL_ L}c & o L L}J\ sHU s
- Speaker B: &3 1555 £ gl 3K cojj
- Speaker A: .5 » S ;55 86 OF (:Lc =
- Speaker B: vdabz 3 Cud OB o e a2 il 5
- Speaker Az 55 as W2y 3 ls 0K s
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- Speaker B: v o,155] Jo bl 0K an

Output: {
"annotation”: [
{
”rating”: IIDH’

"reason”: "The conversation is totally in Egyptian Dialect while it should be
in Maghrebi Darija”
}
]

Your Input Text:
text
Dialogue to evaluate:
dialogue
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Egyptian Dialogue Correction Task — Prompt

Your task is to fix an Al-generated dialogue in Egyptian Dialect Arabic. The conversation must be based
strictly on the provided source text. You should produce a six-turn dialogue (three exchanges between two
speakers) that would earn an “A” rating under the rubric below.

Generated Dialogue to Fix: {dialogue}
Source Text: {text?}

Original Rating: {rating}

Reason for Rating: {reason}

It was generated according to the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Egyptian Dialect Arabic.

¢ The dialogue must be natural, smooth, and realistic.

* The dialogue should be fully in Egyptian Dialect Arabic.

* Avoid generating Q&A style conversations without proper transitions and contextual expressions.
» Use Egyptian Dialect Arabic, with cultural appropriateness.

 Each turn must be between 1 and 20 words.

2. Content and Style

» Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Egyptian Dialect Arabic.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.

* Do not use any special characters, symbols, or emojis.

Evaluation Rubric (A - D)
Rating A

* Fully correct in Egyptian Dialect Arabic without errors or slips.
» Grammar, vocabulary, idioms, and expressions are accurate and appropriate.
» Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.

* Examples:

— Q&A with smooth transitions and contextual expressions.
— Mainly in Egyptian Dialect Arabic with possibly one or two standard Arabic words.

Rating B

* Generally correct with no grammatical or vocabulary errors.
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* May feel slightly unnatural or disconnected.

» Examples:

— Q&A without smooth transitions.
— Lacks idiomatic expressions or natural flow.

Rating C

* Minor issues that do not impact comprehension.

* May include slight grammatical mistakes or awkward phrasing.
* Some use of MSA or non-Egyptian Arabic dialects.

» Examples:

— Egyptian Dialect with some standard Arabic terms.
— Few spelling or phrasing errors.

Rating D
* Significant problems or use of non-Egyptian dialects or non-Arabic script.
* Irrelevant to the source text.

» Examples:

— Mostly MSA or another dialect.
— Use of Latin script (e.g., Franco-Arabic) unless for proper names like BBC.
— Dialogue is irrelevant.

Note: If the dialogue meets multiple criteria, assign the lowest (worst) appropriate rating.
Output Format (JSON)

{
"dialogue": [
{
"speaker”: "A",
"text": "-Text-"
3,
{
"speaker”: "B",
"text": "-Text-"
}
]
}
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Modern Standard Arabic Dialogue Correction Task — Prompt

Your task is to fix an Al-generated dialogue in Modern Standard Arabic. The conversation must be based
strictly on the provided source text. You should produce a six-turn dialogue (three exchanges between two
speakers) that would earn an “A” rating under the rubric below.

Generated Dialogue to Fix: {dialogue}
Source Text: {text?}

Original Rating: {rating}

Reason for Rating: {reason}

It was generated according to the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Modern Standard Arabic.

* The dialogue must be natural, smooth, and realistic.

* The dialogue should be fully in Modern Standard Arabic.

* Avoid generating Q&A style conversations without proper transitions and contextual expressions.
* Use Modern Standard Arabic, with cultural appropriateness.

+ Each turn must be between 1 and 20 words.

2. Content and Style

» Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Modern Standard Arabic.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.

* Do not use any special characters, symbols, or emojis.

Evaluation Rubric (A—D)
Rating A

* Fully correct in Modern Standard Arabic without any errors or slips.
» Grammar, vocabulary, idioms, and expressions are accurate and appropriate.
 Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.

» Examples:

— The conversation is like Q&A but with smooth transitions and contextual expressions.
— The conversation is mainly in Modern Standard Arabic.
— The conversation could include one or two natural standard Arabic words.
Rating B
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* Generally correct in Modern Standard Arabic, with no grammatical or vocabulary errors.
* Slightly unnatural or feels disconnected.

» Examples:

— Q&A without smooth transitions.
— Lacks transitional phrases or idiomatic expressions.
— Mostly a collection of disconnected sentences.

Rating C

 Contains minor issues but remains comprehensible.

* May include slight grammatical errors or awkward phrasing.
* Occasional use of dialect or non-native MSA terms.

» Examples:

— MSA mixed with Egyptian Dialect Arabic or others.
— A few spelling or expression errors.

Rating D

* Major problems in language use or script.

* Mostly non-MSA or contains non-Arabic script (except for proper nouns like BBC or Time News).
* Dialogue is irrelevant or incoherent.

» Examples:

— Mostly in Egyptian or other dialects.
— Written in non-Arabic script or a mixture.
— Not related to the original text at all.

Note: If the conversation meets multiple rating criteria, assign the lowest (worst) applicable rating.
Output Format (JSON)

{
"dialogue”: [
{
"speaker”: "A",
"text": "-Text-"
3,
{
"speaker”: "B",
"text": "-Text-"
}
]
3
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Maghrebi Darija Dialogue Correction Task — Prompt

Your task is to fix an Al-generated dialogue in Maghrebi Darija. The conversation must be based strictly on
the provided source text. You should produce a six-turn dialogue (three exchanges between two speakers)
that would earn an “A” rating under the rubric below.

Generated Dialogue to Fix: {dialogue}
Source Text: {text?}

Original Rating: {rating}

Reason for Rating: {reason}

It was generated according to the following features:
1. General Framework

* Be natural, relatable, and culturally appropriate in Maghrebi Darija.
* The dialogue must be natural, smooth, and realistic.
* The dialogue should be fully in Maghrebi Darija.

* Avoid generating Q&A style conversations without proper transitions and contextual expressions.

Use Maghrebi Darija, with cultural appropriateness.

+ Each turn must be between 1 and 20 words.

2. Content and Style

» Choose topics that are personal, work-related, or about daily routines.

» Keep the language simple and easy to understand.

* Add a light, casual tone to make the conversation engaging.

* Avoid using dialects other than Maghrebi Darija.

* Refrain from using personal or emotional address terms.

3. Technical Constraints

* Do not add any information or details that are not derived from the original text.

* Do not use any special characters, symbols, or emojis.

Evaluation Rubric (A—D)
Rating A

* Fully correct in Maghrebi Darija without any errors or slips.
» Grammar, vocabulary, idioms, and expressions are accurate and appropriate.
 Dialogue flows naturally and coherently, with smooth transitions and contextual expressions.

» Examples:

— Q&A with smooth transitions and contextual expressions.
— Mainly in Maghrebi Darija.
— May contain one or two natural Modern Standard Arabic words.
Rating B
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* Generally correct in Maghrebi Darija, with no grammatical or vocabulary errors.
* Dialogue may feel slightly unnatural.

» Examples:

— Q&A without smooth transitions.

— Missing transitional or idiomatic expressions.
— Mostly a collection of disconnected sentences.
— Some slightly awkward or unidiomatic phrases.

Rating C

» Contains minor issues that do not affect comprehension.

+ Slight grammatical mistakes or awkward phrasing.

* Occasional non-Maghrebi Darija elements (e.g., MSA, Tunisian, Algerian, Lebanese).
» Examples:

— MSA with some Maghrebi Darija words.

— Maghrebi Darija with non-Maghrebi dialect words.

— Minor spelling errors.

— Arabic Franco (Arabic written in Latin characters and numbers).

Rating D
* Significant problems in Maghrebi Darija or script.
* Mostly non-Maghrebi Darija.

* Non-Arabic script (not Arabic Franco), e.g., English or French, unless using proper nouns with no
Arabic equivalent (e.g., BBC, Time News).

* Irrelevant to the source text.

» Examples:

— Mostly in MSA or non-Maghrebi dialects.
— Contains mixed or entirely non-Arabic script.

Note: If multiple ratings apply, assign the lowest applicable rating.

Output Format (JSON)
{
"dialogue": [
{
"speaker”: "A",
"text": "-Text-"
3,
{
"speaker”: "B",
"text": "-Text-"
}
]
}

H Appendix H: Examples
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H.1 Egyptian Dialect

-

H.1.1 Rating A
5791, 3791 gl 2\.&,‘/7 4ls,) %e,# » (Symbionese Liberation Army :4 502 Yb) BEI) , Il e
Dy Jo s Slen Togudl Cab s Aps T padl S LB O w6 ool Lt G L Jo il
bl e dandl OI3 adlel @, ) Can e GU itz ) Lt Ll Zejost] & 22 VoA e dL&T,J:; K
il 8 ey Con 2 i 6 L) 03 Ll G e G ) G Lol el )y e L o
Sy Cooly Whe b 4l WUQLA G S A Y desesl A olaal sy Lol U (6 r‘)&c}/\ By
5791 ple & ol 3T dlisel Gegast) BLE g3) 2 (Flos o b (6 m Lir Lo (g ly il el ey Lo
Dialogue: - Speaker A: 0l 5w i W) € BEN ol o plr ol 576

- Speaker B: €0y A58 W ) S Bla )Y Ao ped] daks oo

- Speaker A: &, & dab xS By OB e 1Ll Syj

- Speaker B: vasMeYl & ) Ci) ok o el 1

- Speaker A: . Cuwds! L Ul ILglal f\.tlu 208 éla Wepos ¢
- Speaker B: 9.8 £ c[..@K ﬂ.k: sl =Y 3

Reason: The conversation is fully correct in Egyptian Dialect Arabic, with smooth and coherent
transitions, contextual expressions, and accurate grammar and vocabulary. The dialogue flows
naturally, adhering to the provided text.
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[ H.1.2 Rating B

LA S AL 3 M V) et bl a1 (3 (s deis 35 ¢ (Inductive effect) S Y
G Sl o dhale e Tl Ui oo 26 gny Ly 2 LSl g o oLl eLaSOI G S B any Al
«Smakl g é;\ﬁu\ o B oF Bk Jies dauly Jy ) S Lﬁu\f;w) (A ety bt
’uusa,\,wjuu\ Sl e Wl S il 05,5 (7 (@) 0-bond Lo a1 3 255 I Bl
AR WS W W] A JE S ) 1 o b Al e Vi .M,éfuu,m\ 5,30 ol
35e) Sl o At 2l SV 5,00 o 131 4 (40) B T e T way\ Sl W2 Ly (1) 15
Sy N Ll AU s sy calulld) ods S AV OLA ) g B l) )l OB (%55 dudes
J’\ BRS JQ‘Y\ Oley? e (Olegem! an (LI LSL\ JuU\ 6‘ (-I) = &) ;».s electron-withdrawing

AW oL JUlLy electron-releasing by SIM 355l Sleyd o 1y DUy AW Cor 3 Gy kbl oo

(7305 Sl ¢ Sl 08 oV Al e 5T e ) 1031 U (+) 5 4l e e
Bl YU o %531 )l Uy 7S] Bl e 4Y Camis 450y F1s b S AU e Bl o L
S (2 bl ) il a2) W1 gy i) U Ly 7 et O K8 e T AT el U
Hammett Equation. Cosls @sles dauly 424 ol s Laj o

Dialogue: - Speaker A: $os L‘;:L\ Jﬂﬂ\ S dJuL 4.
- Speaker B: 14, ,4 @i &) 4l 4‘54\,
- Speaker A: (g5 Wil Jlax! 18 /L,a,m-
- Speaker B: . bs SV Al a1 Oy cof
- Speaker A: .5 pad ddluey (o oﬁ%}a o
- Speaker B: 6}‘ S92 0 48 L @ b

Reason: The conversation is generally correct in Egyptian dialect Arabic, without grammatical or
vocabulary errors. However, it lacks smooth transitions and some contextual expressions, making
it feel slightly like a Q&A without cohesive transitions between topics.
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[ H.1.3 Rating C
IS WP ¥ JONREE WARA VS ¢ [,Laz=| (Finite-State Machine 1k 5 Y1) YUl 55y o1
o 3902 e o sty 3 055 00 (Kesa 2 ol L e ny oy gl 21 skl gl Sl poad oty
s O Ky sl ) A Al ol Bl eds o Gl s cdoly By 3 B sty dlo 3 WY 0T LV
o Bl 5302 e OVl all oy ) Ao et Lo Ly ¢l 3 5T b Sode s e AT YA o
Las ¢ S o S s J£ 0F Ke il) OV Al v 2T Jlalle 8 e Jlax¥I L2 cads V1 e eV
St b dol) B2y w6 AV pedid lidadly Jodly Il IS ins oty JaFSIY) g e ol
al) S SLL o J lplainl (K55 Sl cipad) (i) Cans Ut oy Lo VI KT
Dialogue: - Speaker A: $¢lh] dale g5 YU Al gle b ool
- Speaker B: €55 OV 0 5502 e L U ol
- Speaker A: wialJl C5 ) (3w sdaly dls (3 0SSy <Ll
- Speaker B: $a:ld) 4l w&:u L“;\;\‘} b "
- Speaker A: % Ll 39 cCpme b 2 o el Mt Y
- Speaker B: |(£llo V1 EWly bl 3 b yodiay OF 1902

Reason: The conversation is in Egyptian Dialect Arabic but contains minor slips: The use of ° b,
o=be"1s more Levantine than Egyptian, and the dialogue is missing some transitional expressions,
Iﬁaking it feel less fluid. It also lacks some idiomatic expressions that would make the interaction
more natural in Egyptian Dialect Arabic.

H.1.4 Rating D
SEMy bl o b ol O 5f At 5 o boliamic 0,5 J) B p (Suzerainty 2 YU) %Y
o2l 3| s 3 2k 3L of bl L s 15 Sz C«é\ Gl Lol e 62T 2yl Bl
o o2 e 0S5 AT Sl O VI (313 S Olasty O3 cLLE il Aall Gl 087
Ctally d sl 2l OV G Lo dl 051 galie e 03 Y LeB 2256 O bl el S G A ods 5
V1 gasles die N o (581 3580 Tl 2 05 Bl 53 0> &Y ok o 3 055 4 sl ol s K ol
FST I 82 085 ml) (5 cCumd V1 3501 o % b B3 0 o Jod Aoy s i ¥ ) 0501 O
Vil ;4 Sl
Dialogue: - Speaker A: .« Jaz)l 3 Ue 35L3 8 o 43 O] Lol
- Speaker B: § Jxill o J2we 055 (25 0 s
- Speaker A s a2y 55542 (g5 @JM‘ oM ol
- Speaker B: $ap 4, 056 43 Y, #1, /T 85 tub
- Speaker A: Lo Coab il de cé\, /T 03 ULT
- Speaker B: . 215 Glil foxs ol Y

Reason: The conversation is irrelevant to the provided text about suzerainty and its political connota-
tions. The dialogue is centered around workplace autonomy, which does not align with the text’s
theme of political and legal control between states.
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H.2 Modern Standard Arabic

H.2.1 Rating A
£5% el gy Oseians K 54 G A 0B ) by g Yopllss Suesll SLYJI 3 g plls
LY odn o TR Jolgdl a2 Bl 210 0y 25 mep cs T Y o o 58 0 s0y
F S gy ol OB 2 s A ALY oo catally o3l S Jadly Bobas Yl dels Y1 ol WK
S dlsy 3,V sl LY S ol ol bl & S ol el ple S5 seh 095 G Y 1Y,
o M s ) Ko OF Uy 2o Beusldl o g Bldl ] Bs L) e e 80k Tty s 0 ST o1l 5067
ez o 1y sl a7 By bl U e sl ol il U2 G sl B g0 0 500
b oy @) oA 3 Y] s 1 Bl Byl i oline (3 ot o U I Y1 S e ol e
B2V B g Tl 2L s ) o Gy 352N B Y o 0S5 Y Gl O e e WK
oot po F sl dpadl G awlyll Slage I ey O U] L o) ) % W Bl 58 2SS
W1 IS o LS ale 51 2y o1 e ol r"i o 33l LY G plad) a5 5 Y B L2
1l 3 o B 3 B o ol el o ol K20 100V Sotl) SLY) G el i S,
Slbadl oo Uy oyl Jo sy Tooll 2L L oy s o) bl s3] S0 JubY s 125 o)
B 20 ] e ol Sl s Bl LU e 3iladll (s no Ul e e 5 b 0 075 Toaddad)
By o oYY Sl il 0 Lo 83l 3 ol SLes V1 Sy Bl lad 2l L LYY 3
8 te Tl U] e Bl g e gy Bl U] Bal) e o Tz By 62V By e i DY) o
bl 3 Y ez 1Y ) bz L8l 3 81 s 2 ) 2] g SLY1 e e s,y
B pollly 301 ey ll) 10l om0 3] iy ol ST el 2l Banlll el e Te 5.1y
ot LA G o Wby LI Ogde 6,67 la O 0002 plo 3 7 51 Ayl (Ralae Yl o) dan gl
Sy Ll 715 21 VA,LA oo i ) 327 Nygn o Ul SLulyull I3 e el JULY ol
S O G o ol sl B Oyt 1586 96104 (6T ke 2.5 IV ol 3 ol oy o Lesk T
el ol o I8 B e Vhas UL 72, % 500 o U1 1T 6 380 358 e ST el
Dialogue: - Speaker A: ./ <5 Y KJ‘/T S f_J,..:J\ ols Ol Cangt

- Speaker B: .Ul oy 18" K2 SLl colyd) Gl el Lle Cals

- Speaker A: fells (S v Lgmle K2 Aolale 2141 pus cl3 o

- Speaker B: v oplally oMl Jasy 25LasVly elam Y Ol WK of fall Jol sl ells o

- Speaker A: 8L l2y 21 ¢! ﬁl,d\ Je il

- Speaker B: 5 e sl g Te S lll G2y o5l 4l o

Reason: The conversation is fully correct in Modern Standard Arabic, with accurate grammar and
vocabulary. It flows naturally and coherently, with smooth transitions and contextual expressions.
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H.2.2 Rating B
poiid (3= el S ST e K80 sl LY G putiit ellaras o (Blackface % 42 W) 35uY1 42 )
Sl i (3 Lal el s piinet o gl Gastd %556 8 850 20 35ull e ool 15 o0 W1 G
N o P W W S PR IV S P a S (PP [ ST FIES RETY
SLYI 3 58 Tnd dglall dn CaudSLY ol o e 1567 130 b U Jur Al QUL cle L8 T 5501
ol vl 3 el Sloasedll Gan 55y & el 2hd) 31U 3 cbley 2o e oA I ol
Joo i)l oy Ml 2 i T 08 g 5,V a1 ol Bl B KU1 oy Al el 000,81 Cnrazie
Sl i) G2y A 25V Y G2 5 il (2l O3 Sl G ool Bond 2 0 d) Les !
Commaly ¢y tally @) 3,31 8l B 3V | U2y 8 ot Can 5 iuttl) SLY) G WLl a5
s 1 % e i ¥ S AT Ol 3 Relell e i Sy h ey B2 by Bis plo K2
Dialogue: - Speaker A: .Jud el ax ,b5, “;,:\H T LT (.,;\’vuﬂ uLe
- Speaker B: $uyidl 5o b oS cae e cos)
- Speaker A: 135l ol 588 pad Bl SLY L plical 5 s B 48\)1\ S
- Speaker B: .iéyull & patd) il i L1 (3 b oale s o gy el
- Speaker A: Ll L'J..a.& o Y ng:‘}/\ Sl an ol H.c.a)‘d ) E; ol
- Speaker B: o sl SLY I BV L Jadl Bl e g e S AL Gl ol 4] o
ST G aned RYPTRC @ai
Reason: The conversation is generally correct in Modern Standard Arabic with no grammatical or

vocabulary errors. However, it feels more like a Q&A without smooth transitions or idiomatic
expressions, which makes it slightly unnatural.
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[ H.2.3 Rating C
A el La 3L g 3 o o e s (B oy By Ly O3 0 ¢ (Rhodesia £ YU Lo,
Je ol 5 oy colp ety gyl b U O 0 B ) K, 9791 (4] 5691 e e 33,
o Gl e o ) e S e alple Lol Lusyy izl v il Lt gy 25L) Bl ) 5 jennd) (ol
113 oy o o Il 03l ebinl BB o ot 0] Bl clpol) LW S 2 Ul
T B0 WS el (S0 (8l S0 s 2 ISVl Lvsyx 1S 31l 2051 e 15691 sdy
Iy 33l 53 Ty Qlege Sy 33L0 AV 6ol a3l e Bty Dllas Sl 0791
0 o bl 530 0 K1t 0 A1 B2 el o DL el s 31 8791 ¢l (b e

r&\, Lilay  3ljel Lt gy Izl el 0891 o 1 G o sl pool oy Lol BI) 38y (3 1 Jul Jazall

Dialogue: - Speaker A: L 3] &y Lo 3 jine e Wyo <K Slusy, f/m rkm Je.

- Speaker B: vs,l 2 e?ley 55l oV WT L,.T Lize ] ¢

- Speaker A: vl ) & ) Lutsgy (21 Jo syl ods lai 06y 1haall

- Speaker B: ells 08 205 UMl S S

- Speaker A: v+l yull 2! S,J::.‘u 5691 phs 3 oy cile e WSl el oY

- Speaker B: 551y el by Uil el 0891 ple 3y o8l

Reason: The dialogue includes a minor issue: Speaker A inaccurately responds >’ when they likely
meant ’V’J’ while discussing the declaration of independence. Otherwise, the conversation is
generally correct in Modern Standard Arabic, with no major grammatical or vocabulary errors.
The overall comprehension is not affected, but the slip does impact the natural flow slightly.
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H.2.4 Rating D
=8 ol plane 3 a3t SR G i) Sl sl ﬂ Al s (Dyspareunia :2 /£ 3) ¢l&) e
st UT ol ully Sl oy el el o (ool o1 Ll Taill 13 el algl) LAV L gl
Lo Uy vl Bhlas o oliall oy e 0y (Ol oline 38 st Lo 03t bmae J31 1 0,805 cuald
am s Lol oS S llazd cOMIYE Ablae oy oz O 088 (gl Jugh) Sl pe gl SUAYI 3315
S ceaad) dssl e o IV o W) o sV g gV 3 55V oy ol e 3l 1 o 20l 6l Y
oo Jothl o2 067 13] mlize g Jlos] e 5T ekl G 3o o o Ll 055 OF (K05 ¢ il & 8T
G Vs JY1 &5 5 LN oKy ol Lo ol edly 8 JW G s e gy oF doy laall Ol foe
M,y o ot bW s 3 Bl e A ati ) el 9 Ll s gl oy Olim
Sl Ol el {3 Ll oy Lflis oo Yoy 3111 plagl Cielis b Uk Ul 0 O ¢o )1 wis
o= e Sl G il Sl Gan dla o)l Gusf ol o) Bl slisal oty o)) Bl
L5 5 % Jeglly o) G L) g el 2 2 131 WY 8y 3 g ele plonsl e gl ey
G Blaally 3o e oo sl gl Slsle ST (ol $D o UG aab L) Sl il L) &
] 21 o 0 Bl s 1] el g gl il S
Dialogue: - Speaker A: . x2 d)ﬁ of J"T?(’t&\ oda > (S

- Speaker B: /LL?-T 4 gl é‘\(\ oan @\j S a2 G el \;&

- Speaker A: $4a% % gl jpud 4l ol it O pean N1 1in Ja 1041

- Speaker B: .l olJl uaLeL O By [L\,a-i olasl 7 olad |, et‘Y\ o

- SpeakerA: L ;«Lsfu ey sl B_} ‘/%Y\ Cb;" LC.) _’T cZ\:.“.&J ULM‘" L;‘;f.":"}. NP

- Speaker B «s 53 2 Olsoky Sl ool gl 3,01 alall a5 B
Reason: The conversation is irrelevant to the given text, which discusses specific medical causes and

conditions related to dyspareunia, while the dialogue is more of a general, non-specific chat about
pain and potential psychological causes, without much relevance to the detailed medical context.
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H.3 Maghrebi Darija

H.3.1 Rating A
)Ul:;j dude d 2891 pybe 4 Wy (3l S‘/T o8 35 e e (Landon Donovan :4 € Yi) Obgss Oy
Clas ga Qbggs adodl SLYH gb ) Cmcl & AW 05,8 ool Aol 3 b e NI Jax) 0102
Calatd) e e ) 550 S5 ol e oY ST pay (V) Bl e o STy sl
Serl oY by O e QW K G Ol ST ol g il i oY i o
(g S Aol ) ey dle oK bl o ST S Joed
Dialogue: - Speaker A: €3bsss 3shY ser oMl daly o g 4L
- Speaker B: .1y (24 e &/T o 35 oY ol Disla lss B
- Speaker A: € Jbs 5 puldls 5087 O] & gl OE Py (B 20 o\
- Speaker B: «lual! oy 3,0V odl 21 Sladl g o, s
- Speaker A: sV Jwi Fle g Pl s on Jly L) (gals ol
- Speaker B: .gu\ ufKé Colaall s Ol Je e iy (ol s Gj £,

Reason: The conversation is fully correct in Maghrebi Darija without any errors or slips. The grammar,
vocabulary, idioms, and expressions are accurate and appropriate. The dialogue flows naturally
and coherently with smooth transitions and contextual expressions. It’s mainly in Maghrebi Darija
with no awkward or non-idiomatic phrases.
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H.3.2 Rating B
e SN e ole LU olsy Sl sl Jol 12 o5 (Accord de Paris :a.i dl) u)l Gl

f‘\’ @A 5k 0Ly e 25102 L; ol d L;-L.!.\y.,u 12 sl V,N\ A5 2l e L33\ Sl ylall

K Js e 3l Jo Bao W35 plﬁ; Oyl gmes (\:} ol Bl s OB cdeladl Al L; d\.r)\ uLmY\ g3
2 o JIY ALV sl ) GLsY) Coks 00:104CTU 62:91 (3 5102 yamts 21 35511 591 5,

bl V) i Olsly (Ol s ey wall BlasYl 3l 35le) Foe s 51 G otk ey Sl
o 571 8 (A 22 & & Jl=Y) PER| 2V b il ol o 5202 G el s ) 5ole)
Goadl N3 OK) @Ll\M w’)\a il uw vﬁ J)j)., L3 s ezl rﬁ‘}“ﬁﬂ L3 6102 clc L;}LJ\ AJJJ ;L»})
.Lsa,eg,e)‘:g\u»jf\u\»\)rﬁ%;d\.)w\u»ﬂ;;..\cdbz;yd%}f\écjf\/\

Dialogue: - Speaker A: € x5 (Ul dbs )l Slsl e pudl 2, 5.
- Speaker B: vade Slas 0L 12 O S okt &S:Kb col
- Speaker A: é),( Fub LfHs: Sl dj}a o ca)
- Speaker B: Li5l8 o 5 0315 3Ll (b J6 5 o]
- Speaker A: .l )5 g oL &;u\)\j\,\!\ o st L’sﬂlf}!\ RS
- Speaker B: &sUl Jyall ;¥55 5Le 001 Jbs Olueladl gy 5

Reason: The conversation is generally correct in Maghrebi Darija and contains no significant gram-
matical or vocabulary errors. However, it feels more like a Q&A format with less fluidity and
idiomatic transitions. The dialogue is mostly a collection of disconnected sentences rather than a
fluid conversation.
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H.3.3 Rating C

s s o gl B ladll WPl o 28 (9691 Z\.MJ}:YT 12 (:3 Wt‘c&bﬁ)\ daze G s g5l g W] 3k
el (g3 g v gall i L ady )l 2iate 3] 2 AW i ol o (8 G 590 1) k8 ps o300 G
) SVl 2 56 QU r s ST A SV e e o e BBV e ) 3 21 e
J}w‘yb U-A.':y‘ w}m o) gJU\ ‘)u J;.O\/ 7 ;lﬁ-\/\ Lf“%} 3-\»\} s‘/Jh; ()4 uﬂkj CJ“/ 44.14.; (.}4
.«r..f)\)) o e Gl K s d) dlens ks

Dialogue: - Speaker A: $£\, 96915 u*“"l oly ¢imyll 3 4 (g hdl Al (g5l
- Speaker B: .3MbY! ko 4 L3 2\,’.\&\ C‘i ooy el ddl ddeies !CL; o
- Speaker A: $4L 'l ey 'f;ﬁj"—z SliS !CL;”
- Speaker B: ¢ » 41 fwl? 'C;J\ U:K} 6, 61 Jy‘\(\ ufK sl
- Speaker A: logle 4 Dl ol s 4 ks o Ga3 @ A5 sl
- Speaker B: . &, ua.j V.a)l.du, ) OV bl 1y uans ks !CL‘;-

Reason: The conversation is mostly correct in Maghrebi Darija. However, it contains some non-
native expressions, like *~La,’ instead of the more common Moroccan Darija ’C;?’ or ’C"JL-”
which is more typical of Algerian Darija. These small slips make it slightly awkward for Moroccan
Darija.
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