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Abstract

Grammar comprehension is a critical capa-
bility for large language models (LLMs) to
achieve fluency in a target language. In low-
resource settings, such as the case with Ara-
bic, limited availability of high-quality data
can lead to significant gaps in grammatical
understanding, making systematic evalua-
tion essential. We introduce Nahw, a com-
prehensive benchmark for Arabic grammar
that covers both theoretical knowledge and
practical applications, including grammati-
cal error detection, correction, and explana-
tion. We evaluate a range of LLMs on these
tasks and find that many models still exhibit
substantial deficiencies in Arabic grammar
comprehension, with GPT-4o achieving a
score of 67% on average over all tasks,
while the best performing Arabic model
in our experiment (ALLaM-7B) achiev-
ing 42%. Our experiments also demon-
strate that while fine-tuning with synthetic
data can improve performance, it does not
match the effectiveness of training on natu-
ral, high-quality data.

1 Introduction

Mastering language is a fundamental strength of
large language models (LLMs), particularly when
they are intended for educational use. Language
proficiency covers a wide range of skills, with
grammar being a core component. Assessing how
well LLMs understand grammatical structures is es-
sential – especially for languages that are hindered
by limited high-quality training data like Arabic.

Despite growing interest in Arabic NLP,
grammar-focused resources remain scarce. Exist-
ing corpora often address individual linguistic as-
pects like spelling or diacritization, but rarely pro-
vide explanations of grammatical errors, and educa-

Figure 1: Summary radar plot of the results of the
Arabic grammar understanding, error detection and
correction tasks on a selection of Arabic and multi-
lingual medium-sized LLMs. Larger LLMs ( GPT-4o
and GPT-4o-mini) are shown for reference with dashed
lines.

tional datasets suitable for evaluating model reason-
ing about grammar are rare. Developing datasets
and benchmarks that capture Arabic’s grammatical
complexity is therefore crucial to assess, improve,
and adapt LLMs for Arabic language education and
grammatical feedback applications.

To address this limitation, we present Nahw1,
the first comprehensive resource for benchmarking
Modern Standard Arabic (MSA) grammar under-
standing, error detection, correction and explana-
tion. Our contributions include:

1Nahw ñm� 	' stands for Arabic grammar.
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1. We introduce a new hierarchy of grammar
comprehension tasks, comprising general un-
derstanding of theory and application, error
detection, error correction and explanation.

2. We introduce Nahw-MCQ, a standard Arabic
grammar MCQ dataset with 5K natural ques-
tions, answers, explanations, and metadata.

3. We introduce Nahw-Passage, a grammatical
error correction and explanation dataset of
100 passages in modern standard Arabic, an-
notated with grammatical and morphological
errors, their corrections, in addition to expla-
nations.

4. We benchmark Arabic-centric and multilin-
gual open-weight models, in addition to
large proprietary models (namely GPT-4o and
GPT-4o-mini) on the proposed tasks.

5. We show that fine-tuning with synthetic data
can enhance small models’ grammatical com-
prehension.

We release the benchmarking data (Nahw-
MCQ and Nahw-Passage), all the prompts,
and 10K synthetic MCQ dataset to support
future work, on https://github.com/qcri/
nahw-arabic-grammar-benchmark/.

2 Background on Arabic Grammar

Arabic grammar (ú
G. QªË@ ñj
	JË @, An-Nahw Al-’Arabi)

defines the structural and morphological principles
governing word formation and sentence composi-
tion in Standard Arabic. It establishes rules for case
endings (H. @Q«@
, I’raab) that mark the syntactic role
of words—most prominently the nominative, ac-
cusative, and genitive cases (Ryding, 2005). Also,
it requires that verbs must agree with their subjects
in person, number, and gender, while nouns and ad-
jectives require full agreement in number, gender,
definiteness, and case (Watson, 2002).

Arabic further includes a wide range of parti-
cles—such as prepositions, adverbs, and comple-
mentizers (e.g., “that”, “if”, ”to”)—that alter the
case endings of the words they govern (Haywood
and Nahmad, 1965). Nouns occur in three numbers
(singular, dual, and plural), and are inflected with
distinct case endings. Generally, the case marker
reflects the syntactic function of the word in the
sentence, encoding grammatical relations that are
often implicit in other languages. For example,

in this sentence
��ékA 	®�JË @ ��I 	�J. Ë @ �I� Ê¿



@ (“ate-t the-girl-

u the-apple-a”, the girl ate the apple), the verb
should be suffixed with a subject feminine singular
marker “t”, and the subject should have a nomina-
tive case ending marker “u” to indicate its role in
the sentence. Similarly, the object should have an
accusative marker “a”.

Morphologically, Arabic is a templatic and
derivational language where words are generated
from consonantal roots using patterned vocalic and
affixal structures (Habash, 2010). This root-and-
pattern system creates a strong interaction between
morphology and syntax, making Arabic grammar
particularly rich and complex. The common omis-
sion of diacritics or short vowels in modern Arabic
text further amplifies ambiguity, posing additional
challenges for language learners and computational
models alike (Madi and Al-Khalifa, 2018). Conse-
quently, automatic grammar understanding, error
detection, and correction in Arabic remain open
research problems with substantial linguistic com-
plexity.

3 Related Works

Arabic grammar correction in NLP Research has
gained momentum in recent years, paralleling the
advances in neural and transformer-based mod-
els. Prior to that, the early work relied on
rule-based and statistical methods — e.g., rule-
driven grammar checkers (Shaalan, 2005), on-
tology / parser-based and constraint-generation
methods (Moukrim et al., 2021), and dependency-
grammar models combined with decision-tree clas-
sifiers (Alothman and Alsalman, 2020) — which
reported high detection rates on vowelized and non-
vowelized corpora.

The introduction of shared tasks such as QALB-
2014 (Mohit et al., 2014) and QALB-2015 (Ro-
zovskaya et al., 2015) marked a turning point
for Arabic error correction research by providing
standardized datasets and evaluation benchmarks.
These initiatives stimulated the development of a
wide range of systems, including rule-based, sta-
tistical, and hybrid approaches. However, gram-
matical and syntactic errors constitute only 3% of
the errors in QALB corpus, with the vast majority
of annotations addressing orthographic errors, par-
ticularly those involving confusions of Hamza (Z),
Taa Marbouta ( �è) vs. Haa ( è), and Yaa (ø
 ) vs. Alif
Maqsoura (ø).

Recent studies have leveraged pre-trained
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transformer-based language models, such as
AraBERT (Antoun et al., 2020), mBERT (Devlin
et al., 2019), and AraT5 (Nagoudi et al., 2022),
for both Arabic grammatical error detection and
grammatical error correction. These models, typi-
cally fine-tuned on Arabic learner corpora and syn-
thetically generated error datasets, have achieved
state-of-the-art performance, with F1 scores often
exceeding 70% on the QALB corpus.

Synthetic data generation, including back-
translation and error tagging, has been widely
adopted to address data scarcity in Arabic gram-
mar (Alrehili and Alhothali, 2025; Ismail et al.,
2025; Abdelrehim et al., 2025), a persistent
challenge for morphologically rich and low-
resource languages like Arabic. Tools such as
ARETA (Belkebir and Habash, 2021) have been de-
veloped for automatic error type annotation, further
supporting corpus creation and system evaluation.

Instruction-finetuned large language models
(LLMs) like GPT-4 have shown promise in Arabic
grammar error correction, especially when com-
bined with few-shot learning and expert prompt-
ing (Nagoudi et al., 2023). Data augmentation
using LLMs like ChatGPT, sequence-to-sequence
transformers, or rule-based systems has enabled the
creation of large-scale corpora, such as the Tibyan
corpus (Alrehili and Alhothali, 2024), which in-
cludes a wide range of error types and supports
robust model training.

Overall, the field has progressed from rule-based
and statistical methods to advanced neural and
transformer-based approaches, with ongoing ef-
forts to address data scarcity, improve error an-
notation, and enhance system performance for both
native and non-native Arabic texts.

4 Grammar Comprehension Task
Hierarchy

We introduce a hierarchy of four tasks designed
to evaluate different dimensions of grammatical
proficiency, with proposed implementations and
metrics. These tasks are:

• Grammar Understanding (GU): This task
assesses the model’s theoretical or applied un-
derstanding of grammar. It is formulated as a
multiple-choice question (MCQ) task, where
the model selects the correct answer from four
options. Performance is measured using accu-
racy.

• Grammatical Error Detection (GED): In
this task, the model is given a short text and
asked to identify erroneous words. It is im-
plemented as a generation task and evaluated
using the F1 score against the gold annotations
of the actual errors.

• Grammatical Error Correction (GEC):
Here, the model is presented with a short text
containing a single highlighted grammatical
error and asked to generate the correct form
of the erroneous word. This is a generation
task evaluated by accuracy.

• Grammatical Error Explanation (GEX):
Extending the previous task, the model is
given a sentence with a highlighted error and
its correction, and is asked to explain the rea-
son for the correction. This generation task
is manually evaluated by an expert, and we
developed a judging rubric for this task that
could be found in Appendix D. We investigate
in this paper the feasibility of using LLM-as-
a-judge for scoring using the same rubric.

5 Dataset Construction

In this work we focus on Modern Standard Ara-
bic as the only form of Arabic whose grammar is
formally taught in Arabic-speaking countries, and
whose syntactic and morphological rules are stan-
dardized and identical in all curricula.

5.1 Grammar Understanding task

We collected natural Arabic grammar ques-
tions from the educational website https://www.
alnahw.com (“The Grammar”), one of the most
widely used Arabic educational websites special-
izing in teaching Arabic grammar to school-level
students, after obtaining their formal approval and
paying a licensing fee to acquire, use, and share
their data for research purposes. The platform hosts
more than 15K questions prepared by more than
20 teachers, and supports more than 20K active
students at the elementary, preparatory, and sec-
ondary levels. In addition to grammar questions,
the website provides educational articles, books,
and videos in various formats.

For the Arabic grammar understanding task we
focus on multiple choice questions (MCQs) as the
most structured and pedagogically relevant format
for evaluating grammar understanding. The origi-
nal questions were provided in more than 200 plain
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 Nominatives/Accusatives المرفوعات والمنصوبات 
17.7%

Derived Forms / Verbals المشتقات والمصادر 
17.9%

Spelling and Lexicon الإملاء والمعجم 
2.7%

Syntactic Structures الأسالیب
4.7%

Morphology الصرف والمیزان
5.6%

Verbs الأفعال وأنواعھا
14.9%

Inflection and Invariance الإعراب والبناء 
13.8%

Particles الأدوات 
8.3%

Abrogatives النواسخ
8.2%

Dependents التوابع 
6.2%

Figure 2: Topic composition of Nahw-MCQ dataset

text files (see Figure 4 in Appendix A for an ex-
ample) that required format standardization (some
questions featured fewer or more than four options,
broken or incomplete items, or control characters).
We wrote a script in Python to normalize the data
into a unified structure where each question has
four options with only one correct answer in addi-
tion to an explanation. After removing duplicates,
we extracted a total of 5K MCQs to form the test
set Nahw-MCQ. To ensure completeness, a trained
linguist reviewed the data and verified the final
format.

While the content of the questions follow the
Egyptian national curriculum – according to the
source – the questions themselves are novel: they
do not appear verbatim in the original textbooks,
but written from scratch by expert professional Ara-
bic grammar teachers inspired by the curriculum,
with additional metadata:

• Grade: ranging from Grade 6 to Grade 12.

• Lesson: a categorization into 80 topics cover-
ing the core aspects of Arabic grammar and
morphology.

• Difficulty Level: Easy, Medium, or Hard.

• Explanation: A justification of the correct
answer and the reasons for rejection the other
distractor options.

Additionally, we prompted GPT-4o to classify
the questions into either Practical or Theoretical.
An expert linguist evaluated a sample of 200 ran-
dom responses and reported an accuracy of 96%.
The distribution of the questions across the grade,

difficulty and type metadata dimensions is pre-
sented in Table 1.

Also, we prompted GPT-4o to cluster the lessons
into topics. This resulted in a taxonomy of 10 major
topics that was later reviewed by an expert linguist.
The prompt and the resulting taxonomy are in Ap-
pendix B. We use this coarser categorization later
to report aggregate performance in the grammar
understanding task (GU). Topic distribution in the
dataset can be found in Figure 2.

Attribute #Quest. %

Grades

Grade 6 294 6
Grade 7 157 3
Grade 8 307 6
Grade 9 350 7
Grade 10 354 7
Grade 11 501 10
Grade 12 272 5
Revision (for grades 6-11) 2,765 55

Difficulty
Easy 1,284 26
Medium 1,685 34
Hard 2,031 41

Type
Practical Questions 3,040 61
Theoretical Questions 1,960 39

Table 1: Distribution of Nahw-MCQ dataset

5.2 Grammatical Error Detection, Correction
and Explanation tasks

In addition to the MCQ dataset, we collected 100
short, free-form Arabic passages from a book on
the same website2, each containing approximately
five grammatical or morphological errors with their

2Book title: ø
 ñ
	ªÊË @ ��J
�̄Y�JË @

	¬Q��g@
(Become a Professional in Proofreading).
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corrections and concise linguistic explanation. We
developed a Python script to extract and structure
the raw data (See Figure 5 in the appendix for an
example). A senior linguist further verified the
formatting, completed missing entries, validated
the corrections, and cross-checked them against
the original source material. This test set (Nahw-
Passage) has a total of 4,771 words with a total of
511 errors (Avg 5.11 per passage).

6 Results

6.1 Benchmarking

We benchmark a number of LLM models on the
four tasks of grammar understanding (GU), error
detection (GED), correction (GEC) and explana-
tion (GEX). We chose the following medium-sized
Arabic-centric or multilingual open-weight LLMs
for benchmarking:

• jais-adapted-7b-chat and
jais-adapted-13b-chat (Sengupta et al.,
2023; Inception, 2024): two instruction-tuned
bilingual (Arabic-English) models from
Inception AI, built on top of Llama 2.

• AceGPT-v2-8B-Chat (Liang et al., 2024): a
fine-tuned model built on top of Llama 3-8B
for Arabic.

• ALLaM-7B-Instruct-preview (Bari et al.,
2025): A high-performance 7B bilingual
(Arabic-English) model from SDAIA/Humain
AI.

• Fanar-1-9B-Instruct (Fanar Team et al.,
2025): a bilingual (Arabic-English) model
from QCRI, built on top of Gemma-2-9b.

• Gemma-2-9b-it (Gemma Team, 2024): an
open-weight multilingual model from Google.

• Llama3.1-8B-Instruct (Grattafiori et al.,
2024): the smaller member of the 3.1 series
from Meta multilingual models.

• Qwen3-8B (Qwen Team, 2025): A powerful
8B parameter model from Alibaba Cloud’s
Qwen3 family.

In addition, we also include results of GPT-4o
and GPT-4o-mini for reference. Figure 1 shows
a summary radar plot of the performance of these

LLMs in the grammar understanding, error detec-
tion and correction tasks. We provide detailed anal-
ysis of these results, in addition to grammatical
error explanation task, in the next sections.

6.1.1 Grammar Understanding (GU) results

This MCQ task was implemented using LM-
Evaluation-Harness (Gao et al., 2024) with the
instruction shown in Appendix C.1. Results are
shown in Table 2.

As the results show, the highest performance
among medium-sized models was achieved by
ALLaM-7B-Instruct-preview, with an accuracy
of 51.38%. While this surpasses the performance
of GPT-4o-mini, the low rate highlights the com-
plexity of the task and the considerable room for
improvement. Hypothetically, if 40% were con-
sidered a passing score, only three other models
would have passed the Grade 6 test.

Another notable observation is that scores of
theoretical questions are consistently higher than
practical questions for almost all models. This may
reflect the scarcity of high-quality, error-free Ara-
bic content available for training, which limits the
models’ exposure to practical grammatical usage
and fluency.

6.1.2 Grammatical Error Detection (GED)
results

The prompt used for this generative task can be
seen in Appendix C.2. Post-processing of model
outputs was necessary for some models that did not
fully follow the prompt formatting instructions. De-
spite careful handling, some noise in the reported
scores is to be expected. The F1 results are pre-
sented in the middle column in Table 3.

The best performing model in this task was the
multilingual Gemma-2-9b-it followed closely by
Allam then Fanar. None of the medium-sized mod-
els managed to beat the smaller GPT-4o-mini in
this task, possibly partly due to superior instruction
following in the latter. The generally low scores
of medium-sized models on this task suggest de-
ficiencies in precision (returning non-erroneous
words), recall (failing to detect some errors), or
both, highlighting a critical gap in Arabic gram-
mar comprehension for these models. Moreover,
even GPT-4o at 64% remains considerably below
the performance level of a human linguist.
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Practical Theoretical G6 G7 G8 G9 G10 G11 G12 Overall

ALLaM-7B-Instruct-preview 49.47 54.34 64.97 45.22 44.30 47.14 44.63 38.72 41.54 51.38
Fanar-1-9B-Instruct 37.73 39.80 45.92 34.39 32.57 41.71 36.16 31.14 34.19 38.54
Gemma-2-9b-it 37.43 38.47 44.22 36.31 37.13 36.86 35.31 33.13 35.29 37.84
Qwen3-8B 36.22 37.55 43.20 36.31 30.62 36.57 32.77 33.33 36.76 36.74
Llama-3.1-8B-Instruct 33.55 32.96 33.67 25.48 33.55 32.86 30.23 33.33 31.99 33.32
AceGPT-v2-8B-Chat 31.32 35.77 35.37 26.11 30.62 36.29 31.07 29.34 29.04 33.06
Jais-adapted-13b-chat 30.92 33.78 35.03 22.29 28.99 31.71 27.12 33.73 29.78 32.04
Jais-adapted-7b-chat 27.99 27.14 28.91 22.93 30.62 25.43 25.99 30.94 27.94 27.66
GPT-4o 52.99 65.61 74.15 56.05 54.72 55.71 45.76 49.50 51.47 57.94
GPT-4o-mini 41.58 48.67 54.42 45.22 39.74 47.14 36.72 38.12 37.87 44.36

Table 2: Accuracy of the grammar understanding task (GU) for a selection of medium-sized LLMs. Larger models
(shaded) are added for reference. Bold and underlined show the best and the second best results, respectively.
G6-G12 are Grades 6 to 12.

GED GEC
F1% Acc.%

Fanar-1-9B-Instruct 30.78 43.84
ALLaM-7B-Instruct-preview 34.62 38.75
AceGPT-v2-8B-Chat 13.72 35.23
Qwen-3-8b 22.47 29.35
Llama-3.1-8B-Instruct 17.90 22.31
Gemma-2-9b-it 35.74 21.72
Jais-adapted-13b-chat 13.87 21.53
Jais-adapted-7b-chat 1.31 11.15
GPT-4o 63.90 71.62
GPT-4o-mini 42.61 45.60

Table 3: F1 scores for the grammatical error detection
task (GED) and accuracy for the grammatical error cor-
rection task (GEC) for a selection of LLMs. Bold and
underlined show the best and the second best results,
respectively.

6.1.3 Grammatical Error Correction (GEC)
results

The prompt used for this task is shown in Ap-
pendix C.3. The results are in the right-most col-
umn of Table 3. Like in GED, post-processing was
necessary for this task too, not only due to issues
in instruction following by some of the models, but
also as a result of variations of the returned correc-
tions. Thus, the noise should be expected in these
results too.

For this task, Fanar-1-9B-Instruct comes
on top with a performance not far from that of
GPT-4o-mini. On the other hand, GPT-4o per-
forms 63% better than the best medium-sized
model, but still makes a lot of erroneous or in-
complete corrections, especially when the actual
correction requires a clarifying diacritic to distin-
guish it from the mistaken word which the model

sometimes ignores.

6.1.4 Grammatical Error Explanation (GEX)
results

We benchmarked our best performing medium-
sized models, ALLaM-7B-Instruct-preview and
Fanar-1-9B-Instruct, along with GPT-4o, on
two GEX subtasks using the two parts of the dataset.
For Nahw-MCQ dataset, each data item includes
a question, four options, and justification of the
correct choice. Thus, models were asked to explain
the correct answer in the MCQ dataset. In Nahw-
Passage dataset, we present a passage with a single
mistake in it along with its correction, and ask the
model to explain the correction. Prompts used in
benchmarking can be found in Appendix C.4.

Two expert linguists manually and separately
evaluated a sampled set of 200 outputs from each
model, assigning a score (0–10) based on align-
ment with reference explanations, with a scoring
rubric that can be found in Appendix D. We report
the annotation results for the three models in Ta-
ble 4, and we also report the annotators’ Pearson
Correlation Coefficient (0.5 to 1.0 = strong posi-
tive correlation) of the two annotators to assert the
reliability of the evaluation.

As shown in Table 4, GPT-4o achieved the high-
est scores according to the two annotators (8.9/8.8
on MCQs, 6.1/6.8 on passages). Errors produced
by GPT-4o in GEX task mainly stem from halluci-
nated or irrelevant explanations, partially correct
but incomplete reasoning, or occasional factual in-
accuracies.

On the other hand, smaller models (Allam-7B
and Fanar-9B) showed weaker performance
(7.1/6.1 and 4.7/4.2 on the MCQ subtask, and
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1.7/2.4 and 0.7/0.98 on the passages subtask, re-
spectively). These results indicate that grammati-
cal error explanation in free-text contexts remains
highly challenging for current Arabic LLMs.

Model MCQ Passage
(L1, L2), Corr (L1, L2), Corr

GPT-4o (8.9, 8.8), 0.72 (6.1, 6.8), 0.66
ALLaM-7B (7.1, 6.1), 0.8 (1.7, 2.4), 0.87
Fanar-9B (4.7, 4.2), 0.68 (0.7, 0.98), 0.71

Table 4: Human evaluation by two linguists
(L1 and L2) of GEX (score out of 10) on
Nahw-MCQ and Nahw-Passage datasets, in ad-
dition to annotators’ Pearson Correlation Coeffi-
cient, for GPT-4o, ALLaM-7B-Instruct-preview, and
Fanar-1-9B-Instruct.

LLM-as-a-judge scoring To assess whether
GPT-4o can serve as an automatic evaluator for free-
text grammatical error explanations, we prompted
it to score Allam-7B explanations using the same
rubric and the same set of 200 response of the
Nahw-Passage subtask. The results revealed a sub-
stantial discrepancy: while the human expert evalu-
ator assigned an average score of 2.05 to Allam’s
output, GPT-4o rated the same outputs 4.8 for the
same rubric. This gap suggests that GPT-4o’s mod-
erate performance in grammatical explanation (av-
erage score of 6.45) limits its reliability as an au-
tonomous judge for this task. This highlights the
need for further research into developing evalua-
tion models capable of human-level grammatical
judgment and critique in order to scale up the GEX
task.

6.2 Improving Models in Grammar

To investigate methods for enhancing model per-
formance on the GU task beyond the constraints of
scarce natural data, we generated a synthetic MCQ
data using GPT-4o for fine-tuning purposes. Subse-
quently, we fine-tuned Gemma-3-4b-it (Gemma
Team, 2025) on this synthetic dataset to assess
whether synthetic data generation is a practical
approach for improving model comprehension of
Arabic grammar. We selected Gemma-3-4b-it be-
cause its relatively small size strikes a balance be-
tween strong baseline performance and efficient
fine-tuning.

6.2.1 Synthetic Data Generation
We generated a collection of 10K synthetic MCQs
utilizing GPT-4o. For each lesson included in the

benchmark, we constructed a few-shot prompt con-
taining example questions pertaining to that spe-
cific lesson and prompted GPT-4o to generate ad-
ditional questions following the same format. The
prompt template employed for synthetic data gen-
eration is provided in Appendix E.1.

A language expert evaluated the quality of the
synthetic questions and their associated metadata
on a sample of 200 records, and assigned an av-
erage score of 8.1/10, indicating that GPT-4o can
generate high-quality and pedagogically sound syn-
thetic data. Error types in the generated MCQs are
listed in Table 10 in the appendix. To support fu-
ture research and benchmarking efforts, we release
this synthetic dataset publicly.

6.2.2 Fine-tuning Results
The results of fine-tuning Gemma-3-4b-it model
on the 10K synthetic MCQ dataset are displayed
in Table 5, and the training setup and hyperpa-
rameters used are listed in Appendix F. Through
fine-tuning for 5 epochs, we achieved a 15.8% rel-
ative improvement compared to the base model,
demonstrating that synthetic data can effectively
expose the model to relevant grammatical patterns
and question types. We investigated the effect of
different sizes of synthetic training data on model
performance. The results in Table 5 show a general
trend of increasing performance on the GU task as
the size of the synthetic training set increases.

Fine-tuning on a smaller collection of 5K new
natural examples extracted from the same website
resulted in superior performance overall (44.8%
relative improvement), suggesting that real, expert-
written questions contain richer linguistic signals
from which current models derive stronger benefits.
These results demonstrate that synthetic data can be
utilized to bootstrap model performance, but high-
quality natural data remains essential for attaining
peak accuracy. Nevertheless, in low-resource sce-
narios, synthetic data can effectively bridge gaps in
model knowledge.

Figure 3 presents the topic-wise accuracy on the
GU task for the base Gemma-3-4b-it model and its
fine-tuned variants on 10K synthetic and 5K natural
examples. Across all major grammar topics, fine-
tuning leads to consistent accuracy gains, with the
natural data–fine-tuned model achieving the high-
est performance overall. Notably, the synthetic-
data-fine-tuned model shows clear improvements
over the base model in every topic, confirming that
synthetic augmentation helps the model general-
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Figure 3: Accuracy at the grammar understanding (GU) task per topic for the base and fine-tuned models. The
topics are ordered by their percentage in the benchmark dataset.

Acc. (%)

Gemma-3-4b-it 31.84
+ Synth. 3k 32.64
+ Synth. 7K 33.74
+ Synth. 10K 36.86
+ Natural 5K 46.10

Table 5: Accuracy of the grammar understanding
task (GU) for base and fine-tuned variants of the
Gemma-3-4b-it model. Bold and underlined show the
best and the second best results, respectively.

ize to a broad range of grammatical phenomena.
The largest gains are observed in high-frequency
topics such as “Nominatives & Accusatives,” “Par-
ticles,” and “Inflection and Invariance,” which are
central to Arabic syntax and morphology. These re-
sults highlight that synthetic data can significantly
strengthen model performance in a targeted and
scalable way, while natural data remains more ef-
fective when available.

Model Collapse When finetuning a model to
improve its performance on a specific task, it is
possible for the model to lose some of its pre-
vious capabilities. To ensure that our finetuning
did not cause this, we benchmarked the original
and the finetuned models on ArabicMMLU3 (Koto
et al., 2024) and the Arabic portion of MMMLU,
the professional translation of MMLU (Hendrycks
et al., 2021) provided by OpenAI on huggingface4.
Both of these benchmarks are multi-task and multi-
domain MCQ benchmarks that evaluate a model’s
knowledge and understanding across a wide range
of academic subjects, like Arabic linguistics, Math,

3https://hf.co/datasets/MBZUAI/ArabicMMLU
4https://hf.co/datasets/openai/MMMLU

Islamic studies, history and STEM. The benchmark
results are reported in Table 6. The results show
that the fine-tuned models sometimes outperform
the base model on both benchmarks. This could
possibly be attributed to the models gaining a better
understanding of Arabic grammar and morphology,
thereby improving their ability to comprehend and
answer questions more accurately, with more data
leading to better performance.

ArabicMMLU MMMLU/ar
Acc. (%) Acc. (%)

Gemma-3-4b-it 53.01 39.29
+ Synth. 10K 54.51 44.94
+ Natural 5K 51.95 41.16

Table 6: Accuracy in ArabicMMLU and MMMLU/ar
for base and fine-tuned variants of the Gemma-3-4b-it
model. Bold and underlined show the best and the sec-
ond best results, respectively.

7 Conclusion

We introduced Nahw, the first comprehensive
benchmark for Arabic grammar understanding, er-
ror detection, correction, and explanation. Our
contributions include a new hierarchy of grammar
tasks that systematically assess different dimen-
sions of grammatical proficiency, the release of
Nahw-MCQ, a 5K-question dataset covering core
grammar concepts, and Nahw-Passage, a linguis-
tically annotated error correction and explanation
dataset. Benchmarking Arabic-centric and mul-
tilingual open-weight and proprietary instruction-
tuned LLMs shows that while GPT-4o performs
best among current models, it still falls short of
human expert performance. Medium-sized models
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are substantially inferior, revealing major gaps in
Arabic grammar competence.

To address this, we proposed a synthetic data
augmentation strategy using GPT-4o to gener-
ate high-quality grammar questions. Fine-tuning
Gemma-3-4b-it on a 10K synthetic dataset yielded
a 15.8% relative improvement, while 5K natural
examples led to a 44.8% relative gain. Although
natural data remains more impactful, these results
show that synthetic data can provide substantial
and scalable improvements, particularly when nat-
ural data is scarce. A language expert rated the
synthetic data 8.1/10 on average, confirming its
pedagogical soundness.

Future directions include combining natural and
synthetic data for fine-tuning, benchmarking fine-
tuned models on GED, GEC, and GEX tasks, ex-
panding coverage of grammatical errors from lan-
guage learners with more complex grammatical
phenomena, and developing robust automatic eval-
uation metrics for grammatical explanation, as even
the best current models do not match expert-level
reasoning.

Beyond this, while the current benchmark fo-
cused on sentence-level grammatical competence,
maintaining diagnostic clarity and annotation fea-
sibility, additional skills that involve broader gen-
erative or discourse abilities that extend beyond
controlled grammar evaluation – such as produc-
tion and discourse-level consistency – are natural
extensions to Nahw.
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9 Limitations

While this work makes several contributions to-
ward advancing Arabic grammar understanding in
LLMs, it has limitations.

First, the dataset was derived from a single
source covering only the Egyptian curriculum. Al-
though Arabic grammar rules are shared across
Arab countries, lesson focus and difficulty vary by
country and teacher. Also, Nahw-MCQ and Nahw-
Passage datasets are relatively small, which may
introduce bias.

Secondly, the evaluation focuses on multiple-
choice and short free-text tasks, which, while well-
structured and linguistically rich, capture only a
subset of the ways grammatical knowledge is used
in real-world language understanding and gener-
ation. Extending evaluation to more open-ended
contexts such as essay writing, conversational dia-
logue, or long-form error correction would provide
a more comprehensive assessment of model capa-
bilities.

Thirdly, while we used optimized prompts for
benchmarking, different prompt formulations could
yield varying results. And while extra care was
taken in post-processing the model outputs, noise
is still expected in the reported scores.

Fourthly, the synthetic data generation process
relied on GPT-4o, which, despite producing high-
quality questions, may introduce subtle biases or
stylistic regularities that differ from authentic edu-
cational material. These artifacts could influence
model learning in ways that do not fully generalize
to naturally occurring data.

Also, the fine-tuning experiments were con-
ducted on a single small model (Gemma-3-4b-it).
While this model is representative of lightweight
instruction-tuned architectures, the effectiveness of
the proposed synthetic augmentation strategy may
differ for larger or smaller models.

Finally, while we conducted human evaluation
for explanation quality, automatic evaluation met-
rics for this task remain underdeveloped. The
lack of robust automatic scoring methods limits
the scalability of evaluation for free-text grammat-
ical explanations. In addition, due to the cost of
human evaluation, annotations of each task were
conducted by a single or two linguists on sampled
responses; expanding the sample size and annota-
tor pool could influence the findings. The linguists
participated in this work were all males from Egypt
with 20-30 years of experience in Arabic linguis-
tics.

10 Ethical Considerations

This work involves the collection and release of
Arabic grammar datasets and the benchmarking
of language models. We took several measures
to ensure that the data and methodology respect
ethical guidelines.

Data licensing and consent. All natural
multiple-choice questions were obtained from
alnahw.com under a formal licensing agreement,
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with the explicit consent of the data owners to use
and share the material for research purposes. The
passages used for error detection and correction
were similarly licensed and reviewed by expert lin-
guists to ensure accuracy and proper attribution.

Data quality and linguistic integrity. To mini-
mize the risk of propagating errors or misleading
linguistic patterns, all natural data underwent clean-
ing, normalization, and expert validation. Synthetic
data generated using GPT-4o was manually evalu-
ated by a linguist to assess pedagogical quality and
identify systematic errors, which are documented
transparently in the Appendix. The expert linguists
were compensated fairly by rates verified against
regional wage benchmarks from platforms such as
Bayt.com and Glassdoor.

Cultural and linguistic sensitivity. Arabic
grammar is deeply tied to educational and cultural
contexts. Care was taken to focus exclusively on
linguistic phenomena and avoid sensitive sociopo-
litical or religious content. The dataset does not
include personally identifiable information (PII) or
user-generated content.

Responsible release. We will release the
datasets, prompts, and evaluation scripts under a
research license to support reproducibility and fur-
ther work, while discouraging misuse. Model fine-
tuning experiments are reported transparently to
avoid overstating capabilities or promoting mis-
leading claims about language understanding.

Potential misuse in educational contexts. Be-
cause Arabic grammar is a core component of for-
mal education, there is a risk that models fine-tuned
or evaluated on this benchmark could be deployed
in high-stakes settings, such as automated grading
or tutoring, without appropriate human oversight.
This could lead to inaccurate assessments, over-
reliance on imperfect systems, or the reinforcement
of educational inequities.

Culture Biases and Language Variety. Al-
though all questions were taken from a sin-
gle source, this does not introduce grammatical
bias. The grammar of Modern Standard Ara-
bic (MSA) is fully standardized across Arabic-
speaking countries, and the grammatical rules tar-
geted in our dataset—such as syntax, morphol-
ogy, and case—are consistent in national curric-
ula everywhere. Differences between countries
are mostly in the phrasing of examples, not in the
grammar itself. Thus, the dataset represents general
MSA grammar, not Egypt-specific Arabic. That
said, there might be slight differences between cur-

ricula in the assignment of lessons to grades or in
the level of complexity that is targeted per grade,
but not in the underlying grammatical structures.
Although dialects constitute the primary medium
of everyday spoken communication across Arabic-
speaking communities, they are not fully standard-
ized and often exhibit significant regional variation
in grammar, pronunciation, and vocabulary. In con-
trast, MSA is the only formalized and standardized
variety of the language. Our work specifically tar-
gets MSA grammar.

Scope. Our goal in this work is to evaluate
core grammatical competence, and sentence-level
MCQs and short passages are the standard format
used in Arabic grammar assessment across educa-
tional systems. While evaluating long-form genera-
tive abilities is valuable, it adds to assessing gram-
matical fluency an additional skill dimension that
we do not target in this work (discourse planning,
coherence, topical development). Our benchmark
is designed to isolate grammar-specific errors with-
out confounds from broader generation abilities.

Use of AI in writing. AI tools were used to as-
sist with phrasing and writing refinement through-
out the paper, but were not used to generate original
research content or new material from scratch.
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A Example Raw Data

Figures 4 and 5 show examples of the acquired raw
data from which Nahw was constructed.

Figure 4: An example of the raw MCQ data which
shows the question, correct answer, distractors, and an
explanation. This is an example of a Hard question
from Grade 6 that covers the topic of Aî�E@ñ 	k



@ð 	àA¿ (the

incomplete verb Kana and sisters).
Translation: You are eloquent. By adding (the incom-
plete verb “Kana”) to the sentence, it becomes: You
were eloquent/... (options with different grammar case
marker for nominative and accusative cases), followed
by an explanation about the rule of applying incomplete
verbs; nominative subject and accusative predicate.
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Figure 5: An example of the raw passages, showing the
passage text, a table of extracted errors, corrections, and
explanations.
Translation: Our children are our souls that walk on
the ground, and they are the youth of tomorrow... (the
bold verb is written in Arabic in subjunctive form while
it should be in nominative form (indicative mood)).

B Lesson Taxonomy

B.1 Prompt
The prompt used to generate the taxonomy is
shown below.

Taxonomy prompt

I’ll give you a list of Arabic grammar
lesson titles. I need you to organize and
categorize these classes into a taxonomy.
Make sure to include all the lessons. Make
sure that your taxonomy includes all the
items I mentioned and that it does not
change the naming of any class in any way.

<lesson titles>

B.2 Generated taxonomy
Tables 7 and 8 show the suggested taxonomy and
lesson classification created by GPT-4o and cor-
rected and approved by an expert linguist.

Table 7: Taxonomy of grammar lessons

ÐAê 	®�J�B@ �H@ðX


@ð ù


	® 	JË @ �H@ðX


@ �H@ðX



B@

�éÊ� 	® 	JÖÏ @ Q
KAÒ 	�Ë@ð �èPA ��B
 @ ZAÖÞ�


@ �H@ðX



B@

AÓ ¨@ñ 	K


@ �H@ðX



B@

	áÓ ¨@ñ	K


@ �H@ðX



B@

�H@ðX


B@ �H@ðX



B@

�éÊ��JÖÏ @ð �éÊ� 	® 	JÖÏ @ Q
KAÒ 	�Ë@ �H@ðX


B@

	¬Q 	¢Ë@ �H@ðX


B@

�éK
Q�. 	mÌ'@ð �éJ
ÓAê 	®�J�B@ Õ» �H@ðX


B@

�	�j. ÊË �éJ
 	̄ A 	JË @ B �H@ðX


B@

�A��J 	kB@ H. ñÊ�


@ I. J
ËA�



B@

I. j. ª�JË @ H. ñÊ�


@ I. J
ËA�



B@

 Qå��Ë @ H. ñÊ�


@ I. J
ËA�



B@

QK

	Yj�JË @ð Z@Q 	«B
 @ AK. ñÊ�



@ I. J
ËA�



B@

Ð 	YË@ð hYÖÏ @ AK. ñÊ�


@ I. J
ËA�



B@

ÈAª 	̄


B@ ZAÖÞ�



@ Aê«@ñ 	K



@ð ÈAª 	̄



B@

Q
KAÒ 	�Ë@ úÍ@
 ÈAª
	̄ 
B@ XA 	J�@
 Aê«@ñ 	K



@ð ÈAª 	̄



B@

�é�Ò	mÌ'@ ÈAª 	̄


B@ Aê«@ñ 	K



@ð ÈAª 	̄



B@

ÈAª 	̄


B@ 	áÓ É�JªÖÏ @ð iJ
j�Ë@ Aê«@ñ 	K



@ð ÈAª 	̄



B@

��̄ A 	JË @ Éª 	®Ë @ð , ÐA�JË @ Éª 	®Ë @ Aê«@ñ 	K


@ð ÈAª 	̄



B@

YK
 	QÖÏ @ð XQj. ÖÏ @ Aê«@ñ 	K


@ð ÈAª 	̄



B@

Èñêj. ÒÊË Éª 	®Ë @ ZA 	JK. Aê«@ñ 	K


@ð ÈAª 	̄



B@

ÈAª 	̄


B@ YJ
»ñ�K Aê«@ñ 	K



@ð ÈAª 	̄



B@

�éK
ñ 	KA�JË @ �éÊgQÒÊË ¨PA 	�ÖÏ @ Éª 	®Ë @ Ð 	Qk. Aê«@ñ 	K


@ð ÈAª 	̄



B@

�éK
ñ 	KA�JË @ �éÊgQÒÊË ¨PA 	�ÖÏ @ Éª 	®Ë @ I. �
	� Aê«@ñ 	K



@ð ÈAª 	̄



B@

Aê«@ñ 	K


AK. ¨ñÒm.Ì'@ð ú 	æ�JÖÏ @ H. @Q«@
 ZA 	JJ. Ë @ð H. @Q«B
 @

ZA 	JJ. Ë @ð H. @Q«B
 @ ZA 	JJ. Ë @ð H. @Q«B
 @
H. @Q«B
 @ 	áÓ Ém× (AêË ��
Ëð) AêË ú


�æË @ ÉÒm.Ì'@ ZA 	JJ. Ë @ð H. @Q«B
 @
ZAÖÞ�



B@ 	áÓ ú


	æJ. ÖÏ @ð H. QªÖÏ @ Z A 	JJ. Ë @ð H. @Q«B
 @
ÈAª 	̄



B@ 	áÓ ú


	æJ. ÖÏ @ð H. QªÖÏ @ Z A 	JJ. Ë @ð H. @Q«B
 @
éJ
Ë @


	¬A 	�ÖÏ @ H. @Q«@
 �HAÓC« ZA 	JJ. Ë @ð H. @Q«B
 @
ÈYJ. Ë @ ©K. @ñ�JË @
©K. @ñ�JË @ ©K. @ñ�JË @
YJ
»ñ�JË @ ©K. @ñ�JË @
	­¢ªË@ ©K. @ñ�JË @

XQ 	®ÖÏ @ Q�
 	«ð , XQ 	®ÖÏ @ �Iª	JË @ ©K. @ñ�JË @
Ñj. ªÖÏ @ ú


	̄ 	­ ��ºË@ Ñj. ªÖÏ @ð ZCÓB
 @
É�ñË@ 	­Ë



@ð , ©¢�®Ë@ �è 	QÒë Ñj. ªÖÏ @ð ZCÓB
 @
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Table 8: Taxonomy of grammar lessons (continued)

ú 	æ�JÖÏ AK. ��jÊÖÏ @ 	à@ 	Q�
ÖÏ @ð
	¬Qå�Ë@

ÕË A�Ë@ �I	K 
ñÖÏ @ ©Òm.�'.
��jÊÖÏ @ 	à@ 	Q�
ÖÏ @ð

	¬Qå�Ë@
ÕË A�Ë@ Q» 	YÖÏ @ ©Òm.�'.

��jÊÖÏ @ 	à@ 	Q�
ÖÏ @ð
	¬Qå�Ë@

	¬Qå�Ë@ 	áÓ ¨ñ	JÒÖÏ @ 	à@ 	Q�
ÖÏ @ð
	¬Qå�Ë@

ú

	̄ Qå�Ë@ 	à@ 	Q�
ÖÏ @ 	à@ 	Q�
ÖÏ @ð

	¬Qå�Ë@
éªÔg. ð Pñ��®ÖÏ @ �éJ
 	J���K 	à@ 	Q�
ÖÏ @ð

	¬Qå�Ë@
éªÔg. ð XðYÒÖÏ @ �éJ
 	J���K 	à@ 	Q�
ÖÏ @ð

	¬Qå�Ë@
éªÔg. ð �ñ�®	JÖÏ @ �éJ
 	J���K 	à@ 	Q�
ÖÏ @ð

	¬Qå�Ë@
Q�. 	mÌ'@ð



@Y�JJ. ÖÏ @ È@ñk



@ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

Q�. 	mÌ'@ ¨@ñ 	K


@ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

�é�Ò	mÌ'@ ZAÖÞ�


B@ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

Z A 	J�J���B@ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
	Q�
J
Ò�JË @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
�èXQ 	®ÖÏ @ Q�
 	« ÈAmÌ'@ð , �èXQ 	®ÖÏ @ ÈAmÌ'@ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
�HA«ñ 	̄QÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
��Ê¢ÖÏ @ Èñª 	®ÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
éÊg.



B Èñª 	®ÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

�èY
K @ 	QË @ Qm.Ì'@
	¬ðQkð éªÓ Èñª 	®ÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

øXA 	JÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
�HAK. ñ�	JÖÏ @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
��Ê¢ÖÏ @ Èñª 	®ÖÏ @ 	á« I. 
KA 	JË @ �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
Q�. 	mÌ'@ð



@Y�JJ. ÖÏ @ð É«A 	®Ë @ H. @Q«@
 �HAÓC« �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @

éK. Èñª 	®ÖÏ @ H. @Q«@
 �HAÓC« �HAK. ñ�	JÖÏ @ð �HA«ñ 	̄QÖÏ @
É«A 	®Ë @ Õæ� @ ÈAÔ«@
 PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
Èñª 	®ÖÏ @ Õæ� @ ÈAÔ«@
 PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
�é 	ªËAJ. ÖÏ @ 	©J
� ÈAÔ«@
 PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
�éË
�
B@ Õæ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @

ÉJ
 	� 	®�JË @ Õæ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
É«A 	®Ë @ Õæ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
�é
JJ
êË @ Õæ� @ð �èQÖÏ @ Õæ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
Èñª 	®ÖÏ @ Õæ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
	àA¾ÖÏ @ð 	àAÓ 	QË @ AÖÞ� @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
�H
�
A ��®�J ��ÖÏ @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @

PXA�ÖÏ @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
ú
«A

	J�Ë@ PY�ÖÏ @ð ù
 ÒJ
ÖÏ @ PY�ÖÏ @ PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
�é 	ªËAJ. ÖÏ @ 	©J
� PXA�ÖÏ @ð �HA�®�J ��ÖÏ @
Aî�E@ñ 	k



@ð 	à@
 t��@ñ 	JË @

t��@ñ 	JË @ t��@ñ 	JË @
Aî�E@ñ 	k



@ð XA¿ t��@ñ 	JË @

Aî�E@ñ 	k


@ð 	àA¿ t��@ñ 	JË @
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C Benchmarking Prompts

C.1 GU Benchmarking Prompt

GU Prompt

. ú

	̄ A 	�@
 �

	� ø



@ 	àðX ¡�® 	̄ �éK. Ag. B
 @

	¬Qk I. �J» @ .
�éjJ
j�Ë@ �éK. Ag. B
 @ Q

�� 	g@ . �HAK. Ag. @
 ©K. P


@ ©Ó ú
G. QªË@ ñj

	JË @ ú

	̄ È@ 
ñ� @ 	Yë

{{question}}

: �H@PAJ
	mÌ'@
A. {{A}}
B. {{B}}
C. {{C}}
D. {{D}}

:H. @ñm.Ì'@

Translation: This is a question in Arabic grammar with four candidate answers. Choose
the correct answer. Write only the letter of the answer without any additional text.

C.2 GED Benchmarking Prompt

GED Prompt

. Q 	k
�
@ Zú
æ

�� Bð ¡�® 	̄ �HAÒÊ¾Ë@ è 	YîE. �éÖ 
ßA�̄ �èXA«@
ð


A¢ 	k AîD
	̄ ú


�æË @ �HAÒÊ¾Ë@ YK
Ym�
�' ù
 ë ½�JÒêÓ . �éK
ñm�

	' ZA¢ 	k


@ ú
ÍA

�JË @ �	JË @ ú

	̄

: �éJ
ËA�JË @ �é 	ªJ
�ËAK. Z A¢ 	k


@ AîD
	̄ ú


�æË @ �HAÒÊ¾Ë@ �éÖ 
ßA�̄ YJ
ª�K 	à


@ Y»



A�K

## .. . ,3


A¢ 	k ,2



A¢ 	k ,1



A¢ 	k : ZA¢ 	k



B@##

.


A¢	mÌ'@ ÉJ
Êª�K Bð �HAÒÊ¾Ë@ iJ
j��� B , ú


	̄ A 	�@
 Zú
æ
�� ø




@ ½Ë 	X YªK. X 	Q�K Bð

: ÈA�JÓ

�é�PYÖÏ @ B@
 	áK
YËñË@ I. ë
	X :�	JË @

## B@
 , 	áK
YËñË@ : ZA¢ 	k


B@##

:�	JË @

Translation: There are grammatical errors in the following text. Your
task is to identify the erroneous words and list only those words and noth-

ing else. Make sure to list the erroneous words in the following format:
##Errors: error 1, error 2, error 3, ... ##

Do not add anything further, neither correct the words nor explain the error.
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C.3 GEC Benchmarking Prompt

GEC Prompt

. ø
 ñm�
	' 

A¢ 	k AîD
	̄ ( ) 	á�
�ñ�̄ 	á�
K. �èXYm× �éÒÊ¿ ú
ÍA

�JË @ �	JË @ ú

	̄

: �éJ
ËA�JË @ �é 	ªJ
�ËAK. iJ
j��JË @ YJ
ª�K 	à


@ Y»



A�K . iJ
j��JÊË hQå�� ZA¢«@
 ©Ó AK
ñm�

	' �éjJ
m�� �éÊK
YK. �èYg@ð �éÒÊ¿ h@Q���̄ @ ù
 ë ½�JÒêÓ
## iJ
j��JË @ hQå�� : hQå��Ë @ , �éjJ
j�Ë@ �éÒÊ¾Ë@ :iJ
j��JË @ , �é
J£A	mÌ'@ �éÒÊ¾Ë@ :



A¢	mÌ'@ ##

:ÈA�JÓ

�é�PYÖÏ @ úÍ@
 ( 	áK
YËñË@) I. ë
	X :�	JË @

## 	­Ë


B@ éª 	̄P �éÓC«ð ¨ñ 	̄QÓ ú 	æ�JÓ :hQå��Ë @ , 	à@YËñË@ :iJ
j��JË @ , 	áK
YËñË@ :



A¢	mÌ'@ ##

:�	JË @

Translation: In the following text, a word marked
in brackets ( ) contains a grammatical error.

Your task is to suggest one grammatically correct alternative word, along with an ex-
planation of the correction. Make sure to repeat the correction in the following format:

##Error: Erroneous word, Correction: Correct
word, Explanation: Explanation of correction ##
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C.4 GEX Benchmarking Prompt

The following prompt template was used to bench-
mark LLMs for the grammatical error explanation
Task on Nahw-MCQ.

Nahw-MCQ GEX Prompt

You are an expert in Arabic grammar. You
will be given a multiple-choice question
with four options (A, B, C, D) and the
correct answer.

### Instructions:
1. Read the question, the four answer
choices, and the correct answer.
2. Provide a clear and concise explanation
of why the correct answer is correct.
3. Do not restate the question or list the
options.
4. Do not include any JSON or extra
formatting. Only output the explanation
text.

### Example:
Input:

�é�Ò	mÌ'@ ZAÖÞ�


B@ :�PYË@
7 : 	­�Ë@

.I. 	� 	ªË@ Y 	J« . . . . . . . ��Ê�
	«


@ : È@ 
ñ�Ë@

�é�Ò	mÌ'@ ZAÖÞ�


B@ 	áÓ Õ

�
æ�AK. ÉÒ»



@

A)
�
¼A 	̄

B)
�
¼ñ 	̄

C)
�
½J
 	̄

D)(Õæ
ÖÏ @ Õ�æ
	��.)

�
½�Ô 	̄

iJ
j�Ë@ H. @ñm.Ì'@: A

Output:
�éÓC«ð , A�K. ñ�	JÓ éK. B

�
ñª 	®Ó H. Qª�K (

�
¼A 	̄ ) �éÒÊ¿

. �é�Ò	mÌ'@ ZAÖÞ�


B@ 	áÓ é 	K



B 	­Ë



B@ éJ.�	�

—
### Input:
{question_text}

Output:

The following prompt template was used to
benchmark LLMs for the grammatical error ex-
planation task on Nahw-Passage.

Nahw-Passage GEX Prompt

In the following text, there is a specific
word between curly brackets { } that
contains a grammatical error. This is
followed by the corrected text. Your task is
to provide a short explanation of the gram-
matical rule behind the proposed correction.

##Example:
Text: �é�PYÖÏ @ úÍ@
 { 	áK
YËñË@} I. ë

	X
Correction: �é�PYÖÏ @ úÍ@
 { 	à@YËñË@} I. ë

	X
Explanation: 	­Ë



B@ éª 	̄P �éÓC«ð ¨ñ 	̄QÓ ú 	æ�JÓ

(Translation)
Text: The (Two) boys [genitive] went to
school.
Correction: The (Two) boys [nominative]
went to school.
Explanation: Dual Noun in nominative
case; its marker is the Aif ( @).

Text: {text}
Correction: {correction}
Explanation:

D GEX Scoring Rubric

The model explanation was scored from 0 to 10
based on the scoring criteria in Table 9:

Score Meaning
0 The explanation is completely absent or incorrect.

1–2 The correction is correct, but the explanation is
absent or incorrect.

3–4 The explanation is present but very incomplete (it
merely states that the word is incorrect without
explaining why)

5–6 Average explanation: Identifies the error but lacks
depth or generalization of the rule.

7–8 Good explanation: Identifies the error clearly and
states a correct rule, with some deficiencies
in detail or formulation.

9 Excellent explanation: Correct, precise, and
explained with clear grammatical rules and
appropriate context.

10 Complete explanation: Completely correct + clear
rules + excellent pedagogical formulation +
additional examples where needed.

Table 9: Scoring rubric for GEX
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E Synthetic Data Generation

E.1 Prompt

The following prompt template was used to call
GPT-4o (api_version: 2025-01-01-preview) to gen-
erate synthetic MCQs.

Synthetic Data Gen. Prompt

(Translation)
You are an expert in designing grammar tests
for students across different grade levels. I
want you to generate 10 multiple-choice ques-
tions in the form of a JSON Array, where all
the questions come from a specific lesson and
have a specified difficulty level.
### Instructions:

1. Generate exactly 10 questions.

2. All questions must be from the lesson:
{lesson_name}

3. All questions must have the difficulty level:
{difficulty}

4. The grade level for all questions must be:
{grade_level}

5. For each question, create a JSON object
containing exactly the following fields:
* "Grade": The grade level (must equal
{grade_level}).
* "Lesson": The grammar lesson name (must
equal {lesson_name}).
* "Difficulty": {difficulty}.
* "Question": The text of the question.
* "Choices": A list of choices (A, B, C, D)
with the text of each option.
* "Answer": The letter of the correct option
(A, B, C, D).
* "Explanation": An explanation clarifying
why the answer is correct.
* "Question_Type": The question type
(theoretical or applied).

6. Return the result as a JSON Array con-
sisting of 10 elements, with no extra text or
explanation outside the JSON structure.
### Example Format:

{examples}

E.2 Generation Error Analysis

Error Type Explanation %
Wrong Answer Answer has errors or incorrect 32
Answers Count More than one valid answer 29
Wrong Question Question has no meaning 24
Wrong Difficulty Easy questions labeled as hard 13
Repeated Answers Answers are not unique 3

Table 10: Error analysis of the synthetic generated ques-
tions by GPT-4o

F Fine-tuning Setup and
Hyperparameters

Table 11 details the specifications of the ma-
chine used to fine-tune the Gemma-3-4b-it models.
Training was performed using Llamafactory (ver-
sion 0.9.4.dev0) (Zheng et al., 2024). The hyperpa-
rameters employed during fine-tuning are summa-
rized in Table 12. These values were chosen based
on empirical experimentation, as they produced the
best-performing models across different configu-
rations of learning rate, weight decay, and batch
size.

CPU Intel(R) Xeon(R) Platinum 8568Y+
GPU Nvidia H200 - 141GB
Memory 1TB
OS Ubuntu 22.04.2 LTS

Table 11: Specification of the machine used to train the
Gemma-3-4b-it models

Parameter Value
Batch Size 32
Learning Rate 5e-6
Weight Decay 0.1
ADAM Beta1 0.9
ADAM Beta2 0.95
lr Scheduler Type cosine
Warmup Ratio 0.06
Cutoff Len 2048

Table 12: Training parameters for Gemma-3-4b-it fine-
tuning
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