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Abstract

Arabic syntactic analysis (I‘rab) is a challenging task in Arabic Natural Language Process-
ing due to the language’s rich morphology and complex grammatical structures. Although
Large Language Models (LLMs) have achieved remarkable success in many NLP tasks,

their ability to perform Arabic I‘rab remains insufficiently explored.

This work presents a comparative evaluation of several modern LLMs on a benchmark
dataset of 450 Arabic sentences covering different sentence types, text sources, and lev-
els of syntactic complexity. An automatic evaluation framework was developed using
text normalization, token overlap, TF-IDF similarity, grammatical term coverage, and

grammatical conflict detection.

The results show significant differences among the evaluated models in terms of accuracy
and consistency. Model performance was affected by sentence complexity and source, with
generally better results on simple and standard Arabic texts than on complex, poetic,
or Qur’anic sentences. Among the evaluated models, Qwen achieved the best overall

performance.

The study also highlights limitations of strict automatic evaluation, as some correct an-
swers may be penalized because of differences in wording or detail despite conveying the
same grammatical meaning. These findings contribute to a better understanding of LLM
capabilities in Arabic I‘rab and provide a foundation for future research on automatic

evaluation of Arabic linguistic tasks.

Keywords: Arabic NLP, I'rab, Syntactic Analysis, Large Language Models, LLM Eval-

uation, Arabic Grammar.



szl

et N3y chomdal) ) A Bhlen (3 ) Sl o (02 Y1) 3 AT o) o) g
(LLMs) 5 21 % sl W) Al e r’p)\ Jdes el L iy 1l 4-U) e LS
2 17 b gl Gl Yl e Lo 0 Y ciundl Gl adlas ple o dpall (3 s gde L4
K K 1K

55 o W 450 125 jlee UL B # o B B ) 3L S e Lo 2yl o1 o 25
)Ua\‘JJL’Jf: By sl ) e o gme Db gty Bodate g2 gl j3biany ¢ & 2k Ll
b ) Olodlaall Loy TF-IDFe 4lid (pwldy g0l slasy (2 goal é.l:: Jo dezay A f#..i?
.2.1?;.“ QL@J\:&” g,a_f,fj

2 Sl @by GLAY, B e il 23 G 58 BBl s éu\,@b
%)uﬁ %JL&M) w\ 2?4‘}*” L)‘a}"“‘” L} Lija“ M? é\:.)\ C;»K &—;?- CLA)M) Ji"\ J\c.aa}"&a-)..\’
(el ols] bl Qwen 35 i bl 231 Gy e LA ) 3 el ol suaall &L
¥ ] Sl Y1 Gan Ol 2 8 5] oLl Y o 558 o eyl Ll ll W
V.@} i L} é\:ﬁ\ oda VAL.«S} gl oAl ol r.bj Joaddl (g o) lall M) L
eledd SV o Jle G s Sl2Y Ll s gl Ole Y G 5,801 2 RN
v Al 2 )

25 ¢S Bl 31 gl ol (Ol eV cndal) ) ) Bdlne bl LK)
Al ol 3L



Résumé

L’analyse syntaxique arabe (I‘rab) constitue une tache complexe du traitement automa-
tique de la langue arabe en raison de sa richesse morphologique et de ses structures
grammaticales élaborées. Malgré les progres réalisés par les grands modeles de langage

(LLMs), leur capacité a effectuer I'I'rab arabe reste encore peu étudiée.

Ce travail présente une évaluation comparative de plusieurs LLMs modernes a ’aide d'un
corpus de référence composé de 450 phrases arabes couvrant différents types de phrases,
sources textuelles et niveaux de complexité syntaxique. Un cadre d’évaluation automa-
tique a été développé en s’appuyant sur la normalisation des textes, le chevauchement
lexical, la similarité TF-IDF, la couverture des termes grammaticaux et la détection des

contradictions grammaticales.

Les résultats montrent des différences notables entre les modeles en matiere de précision
et de stabilité. Les performances sont généralement meilleures sur les phrases simples et
les textes arabes standards que sur les phrases complexes, poétiques ou coraniques. Parmi

les modeles évalués, Qwen a obtenu les meilleures performances globales.

L’étude met également en évidence certaines limites de 1’évaluation automatique stricte,
qui peut pénaliser des réponses correctes en raison de différences de formulation ou de
niveau de détail. Ces résultats contribuent a une meilleure compréhension des capacités
actuelles des LLMs pour I'I'rab arabe et ouvrent la voie a de futurs travaux sur I’évaluation

automatique des taches linguistiques arabes.

Mots-clés : TAL arabe, I'rab, Analyse Syntaxique, Grands Modeles de Langage, Eval-

uation des LLMs, Grammaire Arabe.
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General Introduction

Introduction

Natural Language Processing (NLP) is a branch of artificial intelligence that enables
computers to understand, interpret, and generate human language. Arabic NLP presents
unique challenges due to its rich morphology, complex syntax, and diverse dialects. One
of the fundamental tasks in Arabic NLP is morphological analysis and syntactic annota-
tion (i'rab), which involves identifying the grammatical roles and structures of words in

sentences.

This project focuses on evaluating the performance of existing Arabic NLP models in
performing i’rab. Several state-of-the-art tools and models, including ChatGPT, Gemeni,
DeepSeek, AraBERT and other large language models (LLMs), will be assessed to de-
termine their accuracy and reliability in assigning correct morphological and syntactic

tags.

The main goal of this work is to provide a comparative analysis of these models, high-
lighting their strengths and limitations in Arabic morphological analysis. The results aim

to inform future improvements in NLP systems for accurate Arabic text processing.

Research Problematic

Despite the impressive linguistic fluency demonstrated by Large Language Models (LLMs)
in text generation, their accuracy in applying strict grammatical rules (I‘rab) remains a

subject of debate. This research seeks to answer the following key questions:
o What is the accuracy of current Large Language Models (LLMs) and Al engines in

performing Arabic syntactic parsing (i'rab)?

Research Objectives

To address these questions, this research sets out the following objectives:

1. Performance Evaluation: Measure the accuracy and correctness of parsing out-

puts generated by prominent global and local models (e.g., ChatGPT, Gemini, Jais).

1



General Introduction

2. Results Analysis: Assess the overall performance of the evaluated models in Ara-
bic i'rab, with a comparative focus on their effectiveness in correctly identifying

syntactic functions.

3. Benchmarking: Conduct a comprehensive comparative evaluation of all selected
models and tools, including modern LLMs and I'rab tools, to analyze their perfor-

mance, strengths, and limitations in performing Arabic i'rab.



Chapter

Arabic Language and Grammatical Analysis

1.1 Introduction

The Arabic language is considered one of the most prominent world languages, distin-
guished by its linguistic richness and deep historical heritage [1]. It is an ancient Semitic
language that has preserved its structure over long centuries and has remained an essen-
tial tool for cultural, scientific, and civilizational communication [2]. Moreover, it is the
language of the Holy Quran, which has granted it a special status among the languages

of the world [1], [3].

Arabic is characterized by a comprehensive linguistic system that combines precision
and flexibility, relying on grammatical and morphological rules that regulate sentence
structure and define the relationships between its components [4]. Grammatical analysis
is considered one of the most important of these features, as it enables the understanding
of the precise meanings of texts through identifying the grammatical functions of words

[4].

1.2 Characteristics of the Arabic Language

Arabic is distinguished by several unique characteristics [3]:
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Morphological Richness Arabic relies on a root-and-pattern system, often based on
triliteral roots, from which a large number of words can be derived [5]. For example,
from the root "5 one can derive "€ "w ¢Se" "L&" "2:Se" and others [5]. These
roots are considered fundamental forms used to generate words and represent limited sets

summarizing the linguistic features of a word [6].

Derivation Derivation is one of the most important means of generating vocabulary in
Arabic, giving the language a great ability to express new concepts [5]. Arabic is highly
derivational, as many affixes can be attached to each root or stem, increasing the number

of possible inflected words [7].

Diacritization (Harakat) Diacritical marks play an important role in determining

meaning, such as the difference between "}/c" (verb) and " " (noun) [4].

Flexible Sentence Structure Sentence elements can be reordered without affecting
the essential meaning, as in:
- s -
Vol Al s
2 - -
SN S el

»

YKl B B a1
R IRATEW It

-

1.3 Grammatical Analysis (< Y

Grammatical analysis refers to the change in word endings according to the grammati-
cal factors affecting them, either explicitly or implicitly, and it is an essential means of

understanding grammatical relationships within a sentence [4]. Tt includes identifying [4]:

o The type of the word (noun (fw‘), verb ( =), or particle (< ~)).

e Its position in the sentence.
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o Its grammatical case.

o Its grammatical marker.
Ilustrative Example "4zt (L)) /54

qb‘_}”cf- .

Cy/ Jcb :,JM‘ U

1.4 Parts of Speech in Arabic

Words in Arabic are divided into three main categories [4]:

Noun ( r«‘) A noun denotes a meaning in itself without being associated with a specific

time, such as "O&" "_IL" "Ac" [4].

Verb (J:é) A verb denotes an action associated with tense and is divided into past,

present, and imperative forms [4].

Particle (d f-) A particle has no complete meaning unless associated with another

Word’ Such as "Lé" ll&“ "Oﬁ" [4].

-

1.5 Types of Grammatical Analysis and Their Mark-

ers

Grammatical analysis is divided into four basic types, each associated with a primary

grammatical marker [4]:
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Nominative Case (Al-Raf* / e J1)  The Nominative Case (Al-Raf* / d ) is one of
the principal grammatical cases in Arabic. Its primary marker is the Dammah (W\),
which appears on words functioning as the subject, predicate, or agent in a sentence. In
certain grammatical forms, secondary markers replace the Dammabh; for example, the Alif
(J%Y\) is used in the dual form, while the Waw (414l) is used in the masculine sound

plural[4].

Accusative Case (Al-Nasb / _.all) The Accusative Case (Al-Nasb / _.all) is
marked primarily by the Fatha (4dl). It commonly appears on objects, circumstan-
tial accusatives, and specifications. In some cases, secondary markers are used instead of

the Fatha, such as the Ya’ (sUl) in the dual form and the masculine sound plural[4].

Genitive Case (Al-Jarr / 41) The Genitive Case (Al-Jarr / &) is specific to nouns
and is primarily marked by the Kasrah (s J...&J\) It occurs in genitive constructions,
including nouns governed by prepositions and possessive structures. In the dual form and

the masculine sound plural, the Ya’ (&Lj\) serves as a secondary marker replacing the

Kasrah[4].

Jussive Case (Al-Jazm / ¢ &) The Jussive Case (Al-Jazm / ¢ &) applies exclusively
to present tense verbs. Its primary marker is the Sukoon (d )§.‘J\), which indicates the
jussive state of the verb. Unlike the other grammatical cases, it generally does not have

commonly used secondary markers|[4].

1.6 Grammatical Factors (."‘i}"j‘ J.e‘}aj‘)

A grammatical factor is the reason that causes a change in the grammatical state of a

word, and it is divided into [4]:

« Explicit Factors (4% .al |slsll) : Such as verbs and particles [4].

« Implicit Factors (&:edll Julsll) : Such as initiation in the nominal subject [4].
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1.7 Importance of Grammatical Analysis (<! %)
The importance of grammatical analysis lies in [4]:

e Determining the precise meaning of the sentence.

« Removing ambiguity and confusion.

Understanding religious and literary texts.

e Improving reading and writing skills.

The grammarian Al-Zajjaj ( C\;)\) emphasized the close relationship between grammati-
cal analysis (< f})\) and meaning, stating that case marking was introduced into speech
to distinguish between the subject and the object, the possessor and the possessed, the
genitive construction and other syntactic relations that affect nouns according to their
position in the structure. Therefore, grammatical analysis (<! Mc«}f\) serves as an essential

mechanism for preserving meaning and preventing misinterpretation|8].

Despite its importance in understanding Arabic sentence structure, grammatical analy-
sis (i‘rab) faces several challenges, including the similarity of grammatical markers, the
possibility of multiple grammatical interpretations depending on context, the absence of
diacritics in written texts, and the complexity of long and compound sentences. These

factors make syntactic analysis and meaning interpretation more difficult [4], [9].

1.8 Conclusion

This chapter presented an overview of the fundamental linguistic characteristics of the
Arabic language, with a focus on its morphological richness, derivational capacity, the im-
portance of the diacritization system, and the flexibility of Arabic sentence structure. It
also addressed grammatical analysis (i‘rab) as a central element in the Arabic grammatical
system, explaining its role in identifying the syntactic functions of words and highlight-
ing the structural and semantic relationships between them, which makes it an essential
tool for understanding and accurately interpreting Arabic texts. In addition, the chapter

discussed the parts of speech in Arabic, the different types of grammatical analysis and

7
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their primary and secondary markers, as well as the grammatical factors that influence
word inflection. Finally, it emphasized the importance of i‘rab in preserving meaning
and removing ambiguity, while outlining the main challenges faced in syntactic analysis.
These concepts and theoretical foundations constitute the necessary background for un-
derstanding Arabic grammatical analysis and studying modern computational approaches

designed for its automatic processing and evaluation.
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Large Language Models and Arabic NLP

2.1 Introduction

This chapter presents the theoretical framework of our project, starting from the main
idea of the research, which focuses on evaluating large language models in the task of
grammatical analysis (I'rab). From this perspective, it first addresses Natural Language
Processing (NLP) and its role in enabling computers to understand and process human

language.

It then explains the relationship between these technologies and the Arabic language,
which is characterized by a complex syntactic and morphological structure that makes
its automatic processing a significant challenge in the field of artificial intelligence. After
that, large language models (LLMs) are introduced as the most prominent development

in this domain, highlighting their importance in language understanding and generation.

Finally, the chapter presents a set of general-purpose and Arabic-specific language models,
in addition to grammatical analysis tools, as a theoretical foundation for the experimental

study that will be presented in the following chapters.

2.2 Definition of Natural Language Processing (NLP)

Natural Language Processing (NLP) is a dynamic and expanding field within Artificial

Intelligence (Al) and computer science that aims to bridge the gap between human lan-
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guage and machine understanding [10][11]. It involves computational linguistics, artificial
intelligence, and computer language processing [10]. NLP combines methodologies from
linguistics, machine learning, and deep learning to enable systems to process, analyze,
understand, and generate human language in a meaningful way [12][10][11]. This inter-
disciplinary field draws on computer science, linguistics, cognitive science, psychology,

and mathematics for its research and development [13].

2.3 Definition of Large Language Models (LLMs)

Large Language Models (LLMs) are advanced Al systems that leverage deep learning,
particularly transformer architecture, to comprehend and generate human-like language
[14]. These models are characterized by their massive neural network architectures and
extensive training datasets, enabling them to process and create diverse content types,
including text, images, audio, and video [14]. Key components such as self-attention
mechanisms, embedding layers, and dense feed-forward layers allow LLMs to effectively
capture syntactic and semantic information from vast amounts of textual data [14]. They
learn through self-supervised methods like masked language modeling, predicting missing
text segments without human labels, which establishes a deep understanding of language

structure and reasoning [14].

This pre-training is followed by fine-tuning for specific Natural Language Processing
(NLP) applications like translation, summarization, question answering, and code gener-

ation [14].

2.4 The Relationship Between Grammatical Analysis
(<! Y and Arabic NLP

Grammatical analysis (< £Y!) is considered a fundamental linguistic resource for Arabic
Natural Language Processing (NLP), as it provides explicit information about syntactic
structure, word functions, and sentence relations. In Arabic, where word order is relatively
flexible and meaning is often determined through case endings and morphological markers,

< f}[\ plays a key role in resolving ambiguity and identifying grammatical roles such

10
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as subject, object, and predicate. This makes it highly relevant for computational tasks

such as parsing, machine translation, and information extraction.

In modern NLP systems, especially those based on Large Language Models (LLMs), gram-
matical analysis serves both as a training signal and as an evaluation benchmark. Models
that are capable of correctly performing | f}!\ demonstrate a stronger understanding of
Arabic syntax and morphology. Consequently, integrating grammatical knowledge into
NLP pipelines improves the quality of Arabic text processing and supports more accurate
syntactic parsing, which is essential for applications such as Arabic educational tools,

language learning systems, and advanced linguistic research.

2.5 The Relationship Between Grammatical Analysis
(g\f«}[\) and Large Language Models (LLMs)

Grammatical analysis (I'rab) is closely related to Large Language Models (LLMs), as
understanding syntactic structures and grammatical markers is essential for processing
the Arabic language. I'rab tasks are commonly used to evaluate the ability of these
models to analyze sentences and accurately identify the grammatical functions of words,
LLMs can also contribute to automating grammatical analysis by providing syntactic
interpretations of Arabic sentences. Therefore, I'rab represents an important application
in Arabic Natural Language Processing and serves as an effective benchmark for assessing

the linguistic competence of these models.

2.5.1 LLMs as Tools for Grammatical Analysis (<! s)!)

LLMs can also assist in Arabic grammatical studies through:
e Morphological analysis and diacritic prediction, enabling root-pattern de-
composition and context-based case prediction [15].

o Metalinguistic explanation and rule extraction, where LLMs can describe
grammatical rules or extract patterns from corpora, benefiting both researchers

and learners [16].

11
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o Corpus-grounded grammatical research, allowing large-scale analysis of anno-
tated Arabic datasets to study grammatical analysis (<! f}[\) phenomena system-

atically [17].

2.5.2 LLMs as Subjects of Grammatical Analysis (<! &) Eval-

uation

Arabic grammatical analysis (< &) poses challenges for LLMs because of:

« Morphological richness: Correct case endings require identifying grammatical
roles, handling agreement (gender, number, case), and often understanding roots
and patterns [15]. Research shows that LLMs may struggle with fine-grained lin-

guistic tasks such as precise POS tagging and complex syntactic annotation [15].

e Syntactic structure: Phenomena like verb—subject agreement and flexible word
order are closely tied to grammatical analysis (<! eY1). While LLMs can capture
surface-level grammatical patterns, they may struggle with deeper hierarchical or

long-distance dependencies [18].

o Diacritic omission and ambiguity: The absence of diacritics in written Arabic
creates lexical and grammatical ambiguity, requiring strong contextual disambigua-

tion abilities from LLMs [15].

2.6 General LLMs and Their Relationship to Arabic

and Grammatical Analysis (< Y

This section provides a definition of Large Language Models (LLMs) and their relationship

to the Arabic language and grammatical analysis (<) f}/\)

12
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2.6.1 ChatGPT

ChatGPT, developed by the company OpenAI !, is a multilingual large language model
designed to understand and generate natural language across a wide range of languages,

including Arabic.

In this study, through practical experimentation, we observed that ChatGPT demon-
strates a good ability to process Arabic text and provide grammatical explanations, in-
cluding basic forms of (<l £Y!). It can analyze sentence structure at both the word and

sentence levels and generate coherent linguistic descriptions.

2.6.2 Claude

Claude, developed by Anthropic, is a multilingual large language model capable of pro-
cessing Arabic text. It can provide grammatical explanations and structured sentence
analysis. Its strength in long-context understanding may support complex Arabic sen-
tence parsing; however, like other general LLMs, it is not specifically trained for traditional

grammatical analysis (<) f}!\), making systematic evaluation necessary for this task.?

2.6.3 Gemini

Gemini, developed by Google DeepMind, a subsidiary of Google, supports multilingual
language processing, including Arabic. It can analyze Arabic sentences, generate gram-
matical explanations, and assist in educational content. However, our experiments have
also shown that Gemini is capable of performing i’rab (Arabic grammatical parsing and

syntax analysis).?

2.6.4 Qwen

Qwen, developed by Alibaba Cloud, is designed as a multilingual LLM capable of handling

various NLP tasks. While it supports Arabic text processing, its performance in detailed

LOpenAl ChatGPT: https://openai.com/chatgpt
2 Anthropic Claude: https://www.anthropic.com/claude
3Google Gemini: https://deepmind.google/technologies/gemini/
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syntactic tasks such as grammatical analysis (<) f}(\) requires benchmarking, especially

given the morphological richness and inflectional complexity of Arabic grammar.*

2.6.5 DeepSeek

DeepSeek, developed by DeepSeek, focuses on reasoning and coding-oriented language
tasks. Although it supports multilingual input, including Arabic, its specialization is
not primarily in Arabic linguistic analysis. Therefore, its ability to perform accurate
grammatical analysis (<) f}!\) and detailed morphological parsing must be empirically

evaluated within an Arabic NLP benchmark framework.?

2.6.6 Mistral

Mistral models, developed by Mistral Al, are efficient open-weight LLMs capable of mul-
tilingual processing. Arabic is supported as part of their general training data. However,
like other general-purpose LLMs, they are not explicitly specialized in traditional Arabic
grammar. Their effectiveness in performing accurate grammatical analysis (<! f}!\) de-
pends on prompt engineering, fine-tuning, and structured evaluation against annotated

Arabic datasets.®

2.7 Arabic LLMs and Their Relationship to Arabic

and Grammatical Analysis (< Y

This section presents an overview of the most prominent Arabic Language Models (Arabic

LLMs) and their relationship with the Arabic language and I'rab (<! &)

2.7.1 Fanar

Fanar is an Arabic large language model developed by the Qatar Computing Research

Institute. It aims to support Arabic-based applications through models trained specifically

4Alibaba Qwen: https://qwenlm.ai/
®DeepSeck: https://www.deepseek.com/
6Mistral AIl: https://mistral.ai/
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on Arabic linguistic data.” [19]

As a model designed specifically for Arabic, Fanar demonstrates stronger capability in
understanding Arabic linguistic structures compared to general multilingual models. It
can be applied to tasks such as syntactic analysis, extraction of morphological features,
and identification of structural relationships within sentences. However, its performance
in detailed traditional grammatical analysis (<! f}f\) (according to classical Arabic gram-
mar) requires careful empirical evaluation, particularly regarding case endings, inflectional

markers, and complex syntactic constructions.

2.7.2 Araby.ai

Araby.ai is an Arabic artificial intelligence platform developed by Araby.ai. It aims to
provide Al-powered tools that support Arabic content creation, including text generation,

writing enhancement, and content production.®

Araby.ai primarily focuses on assisting Arabic users in content generation and language
refinement. However, it is not a specialized grammatical or syntactic analysis model.
While it may provide general language corrections and stylistic improvements, its capa-
bility to produce detailed traditional grammatical analysis (<) f}!\) according to classical
Arabic grammar rules may be limited. Therefore, its performance in grammatical anal-
ysis (< #Y!) tasks should be evaluated within a specific experimental or educational

framework.

2.7.3 Jais

Jais is an Arabic large language model developed by G42 in collaboration with Mohamed
bin Zayed University of Artificial Intelligence. It is considered one of the first large-scale

models specifically designed to support Arabic alongside English.’

As a model specifically oriented toward Arabic language support, Jais demonstrates en-
hanced capability in understanding Arabic contexts and syntactic structures compared to

general-purpose multilingual models. It can be used for sentence analysis and grammat-

"Fanar (QCRI): https://www.qcri.org/
8Araby.ai: https://araby.ai/
9Jais (G42 Inception): https://www.gd2.ai/
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ical explanation. However, its accuracy in performing detailed traditional grammatical
analysis (< f}!\) depends on whether explicitly annotated Arabic grammatical data were
included in its training process. Therefore, systematic evaluation is necessary within a

comparative benchmarking framework.

2.7.4 Falcon

Falcon is a large language model developed by the Technology Innovation Institute in
the United Arab Emirates. It is an open-weight model trained on large-scale multilingual
datasets and is designed to perform various natural language processing tasks such as text

generation, summarization, question answering, and content analysis.[20)]

Falcon supports Arabic as part of its multilingual capabilities and can understand and
generate Arabic text. However, experimental testing conducted within the framework
of this study showed that the model does not perform traditional grammatical analysis
(& f}”) when explicitly requested. Instead of producing a structured syntactic break-
down specifying grammatical roles and case endings for each word, the model provided

general or explanatory responses. !’

This limitation can be attributed to the fact that Falcon is a general-purpose language
model and was not specifically designed or fine-tuned for detailed Arabic grammatical
analysis. Moreover, it was not explicitly trained on annotated datasets dedicated to tra-
ditional grammatical analysis (g\f«}/\) according to classical Arabic grammar. Conse-
quently, its performance in this task is considered limited compared to specialized Arabic

morphological and syntactic systems.

2.7.5 Others
At this stage, several Arabic language models were mentioned, including CAMeL. Lab
(CAMeL-BERT), MARBERT, AraGPT, AraBERT, and Arabic-LLaMA.

These models were presented for theoretical review purposes only, as they are pretrained

language models rather than ready-to-use tools with direct user interfaces.

10Falcon https://falcon-1m.github.io/
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Evaluating these models requires a dedicated programming environment, data prepro-
cessing pipelines, and the development of custom evaluation scripts. Therefore, their
practical performance on the task of Arabic grammatical analysis (< f}?\) has not been
experimentally tested at this stage. However, they may be incorporated into a future

experimental framework if sufficient technical resources become available.

2.8 Specialized Models for Grammatical Analysis
(<! #Y!) and Grammatical Analysis Tools

This section aims to present some tools and platforms specialized in Arabic grammatical

analysis (<! 2Y!).

2.8.1 Almaqalah

Almagalah is an Arabic online platform that provides linguistic and educational con-
tent. Among its services are tools and specialized articles dedicated to analyzing Arabic

sentences and performing grammatical analysis (< f}!\).[Zl]

Almagalah provides explanatory content on grammatical analysis (<! f}(\) and presents
applied examples of Arabic sentence analysis, making it a supportive educational tool
for understanding grammatical rules. However, it is not a large language model (LLM).
Rather, it is a content-based platform that relies on prepared explanations or specific
analysis tools. Therefore, it can be classified as a supportive or educational system in the

field of Arabic grammatical analysis, rather than a general generative AI model.!!

2.8.2 13rbly

[3rbly is an online platform specialized in providing automatic grammatical analysis
(<! 2] (grammatical parsing) services for Arabic sentences, and it is known as “I3rbly
d o A1 The tool offers syntactic analysis of words within a sentence, identifying the

-

grammatical function of each word and specifying its case ending.[22]

1Al maqalah(plus 90) https://www.almagalah.com/ara-aipars
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I3rbly is specifically designed for the task of grammatical analysis (<! f}(\), focusing on
detailed syntactic analysis according to traditional Arabic grammatical rules. It attempts
to identify grammatical roles such as the subject (mubtada? T.\:.»), predicate (khabar
&), subject of the verb (fa“il Jels), object (maf°ul bihi 4 Jgae), as well as nominative,
accusative, genitive, and jussive cases. This makes it closer to a specialized grammatical

system compared to general-purpose large language models (LLMs).'?

2.8.3 Ajroum

Ajroum is an Al-powered platform that helps analyze Arabic texts syntactically and

perform grammatical analysis <! &Y of sentences and full texts.[23]

Ajroum focuses on Arabic grammatical analysis by providing structured syntactic break-
downs of sentences according to traditional Arabic grammar rules. It aims to identify
grammatical roles and case endings, supporting learners and researchers in understanding
classical Arabic grammatical analysis <! M:«}/\. As such, it functions as a specialized tool

for Arabic syntactic analysis rather than a general-purpose large language model.'

Note: Based on our preliminary experiments, we observed that all the eval-
uated models support the Arabic language and are capable of performing the
I‘rab task. However, the Falcon model was an exception, as it was unable to

perform the [‘rab task.

1213ribly https://www.i3rbly.com/
13 Ajroum https://ajroum.vercel.app/
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Model Developer Arabic Support | I‘'rab Capability
General Large Language Models
GPT-4 / GPT-4o0 / GPT-5'| OpenAl Yes Yes
Claude 3 / 3.5% Anthropic Yes Yes
Gemini 1.5 / 23 Google Yes Yes
Mistral / Mixtral? Mistral Al Yes Yes
Qwen® Alibaba Yes Yes
DeepSeek® DeepSeek Al Yes Yes
Arabic-Oriented Language Models
Fanar” QCRI Yes Yes
Falcon TII (UAE) Yes No
Jais® G42 / MBZUAI Yes Yes
Araby.ai’ Araby.ai Yes Yes
I‘rab-Specific Systems
Ajroum?? Haithem ben halima Yes Yes
[3rbly!! [3rbly Yes Yes
Al Magqalah (Plus 90)'2 — Yes Yes

1 OpenAlI ChatGPT: https://openai.com/chatgpt

2 Anthropic Claude: https://www.anthropic.com/claude

3 Google Gemini: https://deepmind.google/technologies/gemini/

4 Mistral AI: https://mistral.ai/

5 Alibaba Qwen: https://qwenlm.ai/

6 DeepSeek: https://www.deepseek.com/

7 Fanar (QCRI): https://www.qcri.org/

8 Jais (G42 Inception): https://www.gd2.ai/
9 Araby.ai: https://araby.ai/

10 Ajroum: https://ajroum.vercel.app/

1 I3rbly: https://www.i3rbly.com/

12 Al Magqalah (Plus 90): https://www.almaqalah.com/ara-aipars

Table 2.1: Categorization of the Models and Systems by Arabic Language Support and

I'rab Capability
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2.9 Conclusion

This chapter presented the theoretical background of the study by introducing Natural
Language Processing (NLP), Large Language Models (LLMs), and their relationship with
Arabic grammatical analysis (g\f}/\). It highlighted the importance of g\f}[\ in Arabic

NLP and discussed how it can be used to evaluate the linguistic capabilities of LLMs.

The chapter also reviewed a number of general-purpose LLMs, Arabic-oriented language
models, and specialized grammatical analysis tools. This overview provides the theoretical

foundation for the experimental evaluation presented in the following chapters.
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Related works

3.1 Introduction

Natural Language Processing (NLP) and Large Language Models (LLMs) have witnessed
significant progress in analyzing and understanding Arabic text. However, Arabic gram-
matical analysis (<! f}/\) remains one of the most challenging tasks due to the complexity
of Arabic grammar and the richness of the language from both morphological and syn-
tactic perspectives. Therefore, many researchers have focused on developing transformer-
based models and syntactic analysis systems to improve the accuracy of Arabic linguistic

processing.

This chapter reviews previous studies related to Arabic NLP, syntactic parsing, diacriti-
zation, and the evaluation of large language models such as ChatGPT and Gemini in
Arabic grammatical tasks. It also highlights the relationship between these studies and
the current research, which aims to evaluate the performance of large language models in

Arabic grammatical analysis.

3.2 Related works

Sharefah and Al [24] examined the effectiveness of fine-tuning BERT-based pre-trained
models for Arabic dependency parsing. They compared nine Arabic pre-trained models us-

ing different fine-tuning strategies and encoding techniques across three Arabic treebanks.
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Their results showed that AraBERTv2 achieved the best overall performance. They fur-
ther demonstrated that fine-tuning the upper transformer layers significantly improves
parsing accuracy, while adding extra neural network layers can negatively impact perfor-
mance. Their error analysis highlighted several challenges, including tokenization errors,
annotation inconsistencies, limitations in contextual embeddings, and issues related to

parse tree post-processing[24].

Maulidiya and al. [25] investigated the performance of ChatGPT and Gemini in analyz-
ing i°rab &l Y\, particularly in relation to Nominative nouns(slev¥l Ole g »), which
concern identifying syntactic roles within Arabic sentences. The study examined eleven
examples selected from Summary of Arabic Grammar Rules (4 sl 4l Jel$ asds) by
Fuad Ni‘mah [26], ( 4w s!%)covering grammatical elements such as Subject (T.&A), Pred-
icate (&), Subject of “kana”(d( fw\), The predicate of *Inna (0l y&), Subject( jcb),
Passive subject ( Jeld! g_.,:b), Adjective (), Coordination(ga.lap), Emphasis(.,\cfj),
and Apposition (Ja).

To evaluate performance, the authors employed the Mann—Whitney statistical test to
assess significance and the Cosine Similarity Index (CSI) to measure semantic similarity
between model outputs. The results showed that ChatGPT statistically outperformed
Gemini, with a significant value of 0.019. A CSI score of 0.800 indicated a high degree of
semantic similarity between the two models’ responses. ChatGPT demonstrated stronger
performance in producing detailed and accurate grammatical analyses, whereas Gemini

was more concise but occasionally less precise[25].

The study concluded that although both models show strong potential for supporting
Arabic grammar analysis, human review remains necessary to ensure accuracy and ped-

agogical reliability in technology-assisted learning contexts [25].

Almatham et al. [27] introduced BALSAM, a comprehensive benchmark designed to
evaluate Arabic Large Language Models. They emphasized that although LLMs have
achieved remarkable progress in English, their performance in Arabic remains limited due

to data scarcity, morphological complexity, and dialectal variation.

To address these challenges, the authors developed a community-driven benchmark cov-
ering 78 NLP tasks across 14 categories, with approximately 52,000 evaluation exam-

ples. The platform incorporates a centralized blind evaluation system to ensure fair and
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contamination-free assessment. Their work contributes to establishing standardized eval-
uation practices for Arabic LLMs and provides a structured framework for measuring

progress in Arabic NLP tasks[27].

Alyafeai et al. [28] evaluated the performance of ChatGPT models (GPT-3.5 and GPT-
4) across seven Arabic NLP tasks. Their findings indicated that GPT-4 outperformed
GPT-3.5 in most tasks, including part-of-speech tagging and diacritization, both of which

are closely related to syntactic analysis.

This study is particularly relevant to our work as it provides empirical evidence of the
effectiveness of large language models on Arabic linguistic tasks without task-specific fine-
tuning. However, while their evaluation focused on general NLP benchmarks, our research

extends the analysis to a deeper syntactic level through Arabic i°rab.[2§]

Kharsa et al. [29] proposed a BERT-based approach for Arabic diacritization that
achieved state-of-the-art results on widely used datasets. By leveraging contextualized
embeddings, their model significantly reduced Diacritic Error Rate (DER) and Word Er-
ror Rate (WER), demonstrating the effectiveness of transformer-based architectures in

capturing Arabic morphological and syntactic patterns.

Given that diacritization is closely related to grammatical case marking and syntactic
structure in Arabic, this work provides strong evidence that transformer models can
effectively model linguistic features essential for tasks such as Arabic i°rab. However,
while their study focuses on surface-level diacritic restoration, our research extends the

evaluation to deeper syntactic interpretation and comprehensive grammatical analysis.

Abdul-Mageed et al. [30] provided a comprehensive evaluation of ChatGPT on Arabic
NLP tasks, showing that general-purpose LLMs do not always outperform smaller, Arabic-
specialized models. Their findings revealed consistent performance gaps in dialectal Ara-
bic and highlighted limitations in deep linguistic understanding. This is particularly
relevant to our research on Arabic i°rab, as it suggests that advanced generative models
may still struggle with complex morpho-syntactic structures. While their study evaluates
a broad range of NLP tasks, our work focuses specifically on grammatical analysis and
syntactic interpretation, offering deeper insights into LLM performance on structured

linguistic tasks.

Antoun et al. [31] introduced AraBERT, a transformer-based model specifically pre-
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trained for Arabic language understanding. By leveraging large-scale Arabic corpora,
AraBERT significantly improved performance across various NLP tasks compared to mul-
tilingual models. This work established a foundation for subsequent research in Arabic
syntactic and morphological analysis, including dependency parsing and diacritization

systems that rely on contextualized embeddings.

As AraBERT captures deep contextual and morphological features of Arabic, it represents
an important step toward evaluating how transformer-based architectures model complex
linguistic phenomena such as Arabic “ab. Building on this progression, our research as-
sesses the capabilities of more advanced large language models in performing fine-grained

grammatical analysis.

Saadiyeh et al. [32] presented a comprehensive comparative analysis of Arabic syntac-
tic parsing approaches. Their study examined rule-based, statistical, machine learning,
hybrid, neural, and transformer-based methods, highlighting their respective strengths,
limitations, and performance trade-offs. Considering the morphological richness and syn-
tactic variability of Arabic, the authors emphasized the inherent challenges in accurately
modeling syntactic relationships. The paper also provided an extensive overview of Arabic
treebanks and annotated corpora, underscoring their essential role in advancing syntactic

parsing research.

While their work offers a broad evaluation of Arabic syntactic parsers and linguistic
resources, our study shifts the focus toward assessing modern Large Language Models
(LLMs) on the task of Arabic i°rab, which requires deeper grammatical reasoning beyond

conventional parsing outputs.

Green and Manning [33] provided an in-depth analysis of Arabic constituency parsing,
highlighting the impact of syntactic ambiguity, morphological segmentation, and anno-
tation inconsistencies on parser performance. Their findings demonstrated that parsing
accuracy is strongly influenced by segmentation quality and treebank design, both of

which are essential for reliable grammatical analysis.

Given that Arabic i“rab depends on precise syntactic structure and morphological inter-
pretation, these findings are directly relevant to our research. While their work focuses on
traditional constituency parsers, our study investigates whether modern large language

models can overcome some of these structural limitations in performing fine-grained gram-
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matical analysis.

Table 3.1: Classification of Related Work in Arabic NLP and I°rab Evaluation

Category

Study

Short Summary

Relation to Our Re-

search

LLM Research

Abdul-Mageed
et al. (2023)

Evaluated ChatGPT on
Arabic NLP tasks, show-
ing that general LLMs do
not always outperform
Arabic-specialized mod-

els.

Highlights limitations of
general LLMs in morpho-
syntactic understanding,
supporting focused eval-

uation on Arabic 7¢rab.

Alyafeai
(2023)

et al.

Compared GPT-3.5 and
GPT-4 on Arabic NLP
tasks; GPT-4 performed
better in POS tagging

and diacritization.

Extends prior evaluation
by analyzing deeper syn-

tactic reasoning.

Almatham et al.

(2025)

Introduced BALSAM

benchmark covering 78

Arabic NLP tasks.

Provides  standardized
evaluation background;
our work focuses specif-
ically on syntax-level

analysis.

Maulidiya et al.

Compared ChatGPT

Closely related but lim-

(2024) and Gemini for Arabic | ited in scope; our study
irab. expands syntactic cover-
age.

Antoun et al. | Introduced  AraBERT | Serves as transformer
(2020) pre-trained on Arabic | baseline  for  Arabic

corpora. modeling.
Grammar Saadiyeh et al. | Comparative study | Provides background for
Parsing (2025) of Arabic parsing ap- | evaluating LLM reason-
Research proaches. ing beyond traditional

parsers.
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Category Study Short Summary Relation to Our Re-
search
Green and Man- | Studied Arabic  con- | Highlights structural is-
ning (2010) stituency parsing chal- | sues relevant to syntax
lenges. evaluation.
Sharefah et al. | Evaluated BERT-based | Shows effectiveness of
(2023) dependency parsing | fine-tuned transformers
models. compared to generative
LLMs.
[°rab Kharsa et al. | Proposed BERT-based | Supports transformer
Morphology (2024) Arabic diacritization | capacity for modeling
Research model. morpho-syntax  needed
in i“rab.
Maulidiya et al. | Focused on Arabic i°rab | Directly aligned but nar-
(2024) of nominative nouns. rower; our study broad-
ens evaluation.

3.3 Conclusion

Previous studies demonstrate significant progress in the field of Arabic Natural Language

Processing, particularly with the adoption of transformer-based architectures and large

language models.

Research has achieved promising results in tasks such as syntactic

parsing, diacritization, and linguistic analysis, despite the persistent challenges posed by

the morphological and syntactic structure of the Arabic language.

These studies provide an important foundation for the current research, which focuses on

evaluating the ability of modern language models to perform accurate Arabic grammatical

analysis and deeper syntactic understanding.
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Methodology

4.1 Introduction

Arabic is considered one of the most complex languages in terms of syntax and morphol-
ogy, especially in the task of I‘rab (Arabic grammatical parsing), which requires a precise
understanding of sentence structure and grammatical relationships between words. I‘'rab
does not depend only on the meaning of a word, but is also influenced by its position

within the sentence, the overall context, and the grammatical factors affecting it.
The difficulty of this task increases due to several factors, including:

e The rich morphological structure of the Arabic language and its numerous deriva-

tions.

o The presence of diacritics, which may change both meaning and grammatical anal-

ysis.

o The diversity of syntactic structures, including nominal sentences, verbal sentences,

and various grammatical styles.
o The large number of grammatical rules and their exceptions.
Despite the significant progress achieved by Large Language Models (LLMs) in tasks such
as text generation, translation, and question answering, their ability to accurately apply

strict grammatical rules related to Arabic I‘rab remains uncertain. This task requires

high linguistic precision rather than general language understanding alone.
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Therefore, the main problem addressed in this project is evaluating the capability of
current LLMs and Al tools to perform accurate Arabic I‘rab and identifying their strengths

and limitations when dealing with different syntactic structures.

4.2 Requirements Analysis

4.2.1 Functional Requirements

The proposed evaluation system must provide a set of functional requirements to ensure
the proper assessment of Large Language Models in Arabic I‘rab tasks. The system should
be capable of handling the complete evaluation workflow, from receiving input sentences

to generating final performance reports.

The main functional requirements are as follows:

o Accept Arabic sentences as input from the prepared dataset.

» Send the input sentences to the selected Large Language Models or Al engines for

grammatical analysis.
o Receive the generated I‘rab output from each evaluated model.

o Normalize and preprocess the generated outputs to ensure consistency in formatting

and terminology.
o Compare the generated outputs with the gold standard annotations.
o (alculate evaluation metrics such as accuracy, similarity score, and error rate.
o Store evaluation results for further analysis.

o Generate reports and visualizations to present model performance comparisons.

These functional requirements define the core operations of the proposed system and

ensure an organized evaluation process for Arabic syntactic analysis.
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4.2.2 Non-functional Requirements

In addition to functional requirements, the proposed system must satisfy a set of non-
functional requirements that ensure performance quality and the effectiveness of the eval-
uation process. These requirements do not describe specific system functions, but rather

the characteristics that the system must exhibit during operation.

The main non-functional requirements are as follows:

e Accuracy: The system must provide precise and reliable evaluation results when

comparing model outputs with the gold standard annotations.

o Scalability: The system should be capable of handling a large number of Arabic
sentences and allow the integration of new models in the future without affecting

performance.

« Response Time: The process of sending sentences and receiving outputs from the
language models should be performed within a reasonable time to ensure efficient

evaluation.

« Reproducibility: The system must allow the same experiments to be re-executed

using the same data and configurations in order to obtain comparable results.

o Usability: The system should be well-organized and easy to use, facilitating the

testing process and the analysis of results.

o Reliability: The system must operate in a stable manner without data loss or

errors that could affect the evaluation results.

These non-functional requirements contribute to building an effective and reliable eval-
uation system for analyzing the performance of Large Language Models in Arabic I'rab

tasks.

4.3 Evaluation Architecture

The proposed system is designed as an experimental evaluation framework aimed at as-

sessing the performance of Large Language Models (LLMs) in Arabic I‘rab (syntactic

29



Chapter 4

analysis). Unlike traditional systems that focus on developing standalone applications,
this framework follows a structured pipeline architecture to ensure consistency, repro-

ducibility, and reliability of the evaluation process.

The overall workflow of the system can be summarized as follows:

1. Dataset — 2. Prompt —_ 3.LLM — 4. Qutput
Engineering Processing Post-processing
6. Results

. .. — 5. Evaluation
Visualization

Figure 4.1: Evaluation architecture pipeline

4.3.1 Dataset Module

To perform the evaluation process, we will require a dataset consisting of Arabic sentences
accompanied by their correct grammatical analysis (Gold Standard), which will serve as

the reference for comparing the outputs generated by the evaluated language models.

The dataset will include different types of Arabic sentences, such as:

« Nominal sentences.

« Verbal sentences.

Interrogative sentences.

e Sentences with both simple and complex syntactic structures.

Each dataset instance will contain:

o The original Arabic sentence.
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» The reference grammatical analysis (Gold Standard).

« A unique identifier to facilitate tracking and evaluation.

An example of a dataset entry is shown below:

s - 0r0 - 3 @ s oo
Sentence ey ) A I s

PP P p p P
Reference ey ddl o 2 i) Jeb Il ¢ pole fub 1l
I‘rab Yy fw\

Table 4.1: Example of a Gold Standard Dataset Entry

4.3.2 Prompt Engineering Module

This module is responsible for designing the prompts used to query the LLMs. Since
model outputs are highly sensitive to input formulation, careful prompt engineering is

applied to:

» enforce complete grammatical analysis;
 constrain the output format (e.g., JSON);

o reduce ambiguity in responses.

This step is essential for ensuring consistency and fairness across different models, as

illustrated in Figure 4.2.

31



Chapter 4

Input Sentence

Prompt Engineering
{(Instruction Design)

Force Full Reduce Output JSON
Analysis Ambiguity Format

Final Prompt to LLM

Figure 4.2: Prompt Engineering Module Workflow for I‘'rab Evaluation

4.3.3 LLM Processing Module

In this stage, Arabic sentences are submitted to selected Large Language Models for
syntactic analysis. Multiple models are evaluated in parallel to enable benchmarking and

comparison.

Each model generates I‘'rab outputs based on the provided prompts, allowing the system

to assess their capability in handling Arabic syntax and morphology.
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Arabic sentence input

l

Prompt construction

l

LLM Model A LLM Model B LLM Model C

I'rab output A I'rab output B I'rab output C

.

Benchmarking & comparison
Figure 4.3: LLM Processing Module Workflow

4.3.4 Output Post-processing Module

The outputs generated by LLMs often vary in format and terminology. This module

standardizes and normalizes these outputs to make them comparable.

The process includes:

o cleaning inconsistent or malformed outputs;
o converting results into a unified structured format;

o applying normalization rules to grammatical labels.

This step ensures that evaluation is not affected by formatting differences.
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4.3.5 Evaluation Module

This module represents the core of the system. It compares model-generated outputs with

the gold standard annotations.

The evaluation process includes:

token-level comparison;

o grammatical label matching;

computation of metrics such as accuracy and error rate;

 analysis of error patterns.

This allows an objective assessment of each model’s performance in Arabic I'rab tasks.

4.3.6 Results Visualization Module

This final module is responsible for presenting the evaluation results in a clear and inter-

pretable manner. The outputs include:

o comparison tables showing the performance of different models according to the

adopted evaluation metrics;

o performance charts illustrating results in terms of Accuracy, Recall, Precision, and

F1-score;

o analytical reports summarizing the strengths, weaknesses, and common error pat-

terns of each model.

For example, a comparison table may indicate that GPT-4 achieved an overall Accuracy
of 92%, while another model achieved 85%. Bar charts can also be used to visualize

performance differences among models across various types of Arabic sentences.

An example of the expected results table is shown below:
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Table 4.2: Example of Expected Evaluation Results

Model | Accuracy
GPT-4 92%
Gemini 88%
Claude 85%

4.4 Dataset Design

The dataset represents the core component of the proposed evaluation framework, serving
as the reference benchmark for comparing and analyzing the outputs of Large Language

Models in the Arabic I‘rab task.

Its design aims to provide diverse and reliable Arabic sentences that ensure a fair and

comprehensive evaluation of model performance during the subsequent stages of the study.

4.4.1 Data Sources

The evaluation dataset will be built using reliable Arabic linguistic resources, including
the Quranic Arabic Corpus, Universal Dependencies Arabic Treebanks, CAMeL Lab re-
sources, and Tashkeela Corpus. These resources provide Arabic sentences with various
levels of morphological and syntactic annotation. The collected data are expected to in-
clude Arabic sentences, grammatical structures, morphological information, and syntactic
analyses that can be used to construct a validated Gold Standard dataset for evaluating

the selected Large Language Models.

4.4.2 Dataset size

The dataset will consist of a sufficiently large and diverse collection of Arabic sentences
to ensure a representative and reliable evaluation of the selected Large Language Models.
The number of sentences will be carefully selected to cover a wide range of grammatical
rules, syntactic structures, and linguistic phenomena in Arabic. In addition, the dataset

will be systematically categorized according to multiple dimensions to ensure comprehen-
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sive coverage of linguistic variability. First, sentences will be classified based on syntactic
type, including nominal sentences (4sY) |#1) and verbal sentences (4dad! J21). Second,
they will be grouped according to structural complexity, ranging from simple sentences
(w\ J.%-\) to more complex and compound constructions, in order to assess the models’
ability to handle increasing levels of syntactic difficulty. Third, the dataset will include
classification according to linguistic register and source, covering Modern Standard Arabic
(k) adl i, W), poetic sentences (4 a2)) &), and Quranic sentences (?x.;\JB\ 2,
which represent classical and highly structured linguistic forms. This multi-dimensional
categorization is essential to evaluate model robustness across different linguistic con-
texts, since each category presents distinct challenges in terms of morphology, syntax,
ambiguity resolution, and contextual interpretation. The inclusion of modern, literary,
and religious texts is motivated by the need to test the models on both everyday language
usage and highly formal or stylistically complex Arabic, thereby providing a comprehen-

sive benchmark for Arabic syntactic analysis (I‘rab).

4.5 Data Preprocessing

Before using the dataset in the evaluation process, preprocessing steps will be applied to
address issues such as inconsistent formatting, duplicate entries, and noisy data. These
problems may affect the fairness and accuracy of the evaluation. Therefore, the data will
be cleaned, standardized, and organized into a consistent format to ensure reliable and

accurate results.

The preprocessing stage will include the following steps:
o Data Cleaning: Irrelevant, incomplete, or noisy sentences will be removed or
corrected, including spelling errors and unnecessary symbols.

o Data Structuring: The dataset will be converted into structured formats such as
JSON or Excel in order to facilitate automated processing and enable the integration

of model outputs with the reference data during the evaluation process.

o Token Alignment: Sentences will be tokenized into words, and each token will be

aligned with its corresponding grammatical annotation to ensure correct mapping
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between words and their I‘rab labels.

Raw Dataset

|

1. Data Cleaning

Remove noisy / incomplete sentences, fix spelling errors & symbols

l

2. Data Structuring
Convert to structured formats: JSON / Excel

!

3. Token Alignment

Tokenize sentences & map each token to its I'rab label

|

Structured & Consistent Dataset

Figure 4.4: Data Preprocessing pipline

These steps ensure that the dataset is properly structured and consistent, enabling a fair

and reliable evaluation of Large Language Models in Arabic I'rab tasks.

4.6 Comparison Methodology

The comparison methodology will be designed to ensure a fair and systematic evaluation

of different Large Language Models on Arabic I‘rab tasks. All models will be assessed

under identical conditions in order to guarantee consistency and reproducibility of the

results.

The comparison process will include the following steps:
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e Prompt Design: We will design standardized prompts that clearly instruct the

models to perform full Arabic grammatical analysis in a consistent output format.

o Using the Same Input for All Models: We will provide the same set of Arabic

sentences to all evaluated models to ensure a fair comparison.

o Extracting Model Outputs: We will collect and structure the outputs generated

by each model for further processing.

o Comparing Outputs with Gold Labels: We will compare the predicted outputs

with the gold standard annotations to measure correctness.

e Performing Error Analysis: We will analyze the types of errors made by each

model in order to identify weaknesses and performance gaps.

4.7 Conclusion

This chapter presented the proposed framework for evaluating Large Language Models in
Arabic I‘rab tasks. It described the system requirements, evaluation architecture, dataset

design, data preprocessing procedures, and comparison methodology.

The proposed framework aims to ensure a fair, reliable, and reproducible evaluation pro-
cess through standardized datasets, unified prompts, and objective evaluation metrics.
The implementation of this framework will help assess the strengths and limitations of
different LLMs in Arabic syntactic analysis and provide valuable insights for future Arabic

NLP research.
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Evaluation and Results

5.1 Introduction

This chapter presents the experimental analysis of the study, which represents the practi-
cal phase in which the performance of Large Language Models (LLMs) is evaluated in the
Arabic I‘rab task. It follows the theoretical and methodological chapters, where the previ-
ously introduced concepts and procedures are translated into a practical implementation

based on real data and model outputs.

This chapter focuses on describing the adopted evaluation methodology, including dataset
preparation, model selection, and the definition of the performance metrics used for evalu-
ation. It also presents the experimental results and analyzes them in a systematic manner
to better understand the behavior of the models when dealing with different Arabic lin-

guistic structures.

In addition, this chapter aims to interpret and discuss the results in order to highlight
the effectiveness of the models in performing the I‘rab task and to identify their strengths
and weaknesses. This contributes to providing a clear perspective on the ability of these

models to process Arabic from a syntactic standpoint.
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5.2 Work Environment and Tools Used

To implement the proposed system and evaluate the performance of Large Language
Models (LLMs) on the task of Arabic I‘rab, a development environment based on Python
was adopted due to its powerful capabilities in Natural Language Processing (NLP) and

data analysis.

5.2.1 Development Environment

The different stages of the project were implemented using the Python programming
language within the Jupyter Notebook environment, which facilitated interactive code
development, testing, and result analysis. In addition, Microsoft Excel files and Google
Sheets were used to organize data and store model outputs, helping with data sharing,

collaborative organization, and basic verification and editing tasks.

The experiments relied on the web-accessible versions of the language models without

using APIs, since most APIs were paid services.

5.2.2 Used Language Models

The study included a set of modern language models in order to evaluate their performance

on the task of Arabic I‘rab, namely:

GPT, Gemini, Qwen, Jais, Fanar, Claude, Mistral, DeepSeek, Al-
maqalah,  I3ribly.

These models were selected due to differences in their architectures and the diversity of
their training data, allowing for a comprehensive comparison in Arabic language process-
ing.

In addition, several other systems and models were initially considered for evaluation but

were excluded for technical and methodological reasons, as explained below:

o The Araby Al platform was excluded because of the limitations of its free usage plan,
which only allows a single conversation session. This was insufficient for conducting

multiple experiments on the dataset.
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e The Falcon model was also tested; however, it was found unsuitable for the Arabic
[‘rab task. Its interface was relatively complex, and the model often failed to follow
the required task, generating translations or interpretations instead of syntactic

analysis.

e The study also references several Arabic-focused language models, such as
AraBERT, AraGPT, MARBERT, CAMeL-BERT, and Arabic-LLaMA. However,
these models were not experimentally evaluated because they are primarily
research-oriented models that require specialized environments and technical
setup rather than being directly accessible end-user tools. Therefore, they were
included only within the theoretical background, with the possibility of future

experimentation.

o Some Arabic Al-based parsing platforms were also excluded from the full experi-
mental evaluation, such as I3rbly, Ajroum, and Almaqgalah. Although these sys-
tems rely on artificial intelligence techniques, they were not fully compatible with
the evaluation methodology adopted in this study. Unlike general-purpose LLMs,
these platforms do not allow flexible prompting interaction, since the prompting

mechanism is internally predefined within the system itself.

o In addition, these platforms impose practical limitations on input size, as they gen-
erally accept only one or two sentences at a time. This made large-scale evaluation
on the complete dataset difficult. Therefore, only a limited preliminary test involv-
ing approximately 10 sentences was conducted on Almagqalah and I3rbly in order to

obtain an initial assessment of their performance.

o Another limitation concerned data preparation and result extraction, as these sys-
tems do not provide outputs in structured machine-readable formats such as JSON,

which complicated the automation of evaluation and comparison processes.

o As for Ajroum, it could not be effectively evaluated because the platform did not
return parsing results when sentences were submitted. Furthermore, attempts to ac-
cess some of its features through account registration were unsuccessful, preventing

reliable experimentation. !

LAll experiments were conducted between February and April 2026. The evaluation reflects the avail-
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5.2.3 Techniques and Software Libraries

Several software libraries were used for data processing and result analysis, including;:

o Pandas for data processing and organization.

e NumPy for numerical and statistical operations.

o Matplotlib and Seaborn for data visualization and graph generation.
o The re library for text processing and data cleaning.

o The dataset used in this study was developed within the framework of the “Yu‘rab”
< s project, proposed and supervised by Professor Dr. Taha Zerrouki. To ensure
the quality and reliability of the data, all collected examples underwent manual
review and verification by an expert in Arabic grammar and syntactic analysis

(I'rab).

These tools contributed to building an experimental system capable of analyzing and

comparing the performance of language models in a structured manner.

5.3 Data Restructuring

In the first stage, the dataset underwent a restructuring and cleaning process in order
to facilitate processing and evaluation. The original representation contained the com-
plete I‘rab of each sentence within a single field, where each word was followed by its

grammatical annotation separated by a colon (:), as illustrated in figure 5.1.

ability and accessibility of the tested platforms during that period. Ajroum and Araby Al could not be
assessed due to service unavailability or access limitations and were therefore excluded from the experi-
mental comparison.
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Sentence Complete I‘rab

5L # el %T&ﬁw\éﬁ\&;.ﬂuzu&;-%ﬁ
of\gco,bw M\ b 2l c@g, el e
éﬁoﬁu\ M\Mdﬁ}&cj cu}.,a.w dlﬂ) JJL CM d‘}ﬂ.ﬂ.ﬂ ‘jb

o

Figure 5.1: Example of Complete I'rab

Therefore, the colon separator was used to split each sentence into its fundamental com-
ponents and transform the dataset into a more structured format based on tokenization.
In this representation, each token is linked to its corresponding I‘rab annotation (Gold

Label), as shown in Table 5.1.

Table 5.1: Token-Level Dataset Representation

Sentence Token Gold Label

z PP P

P — g 4
\;LJ?CL rb .f‘f;\&}aw\ C‘Lﬂ\&wu&bdxs
\;bja“cb < .oj«-\écoijzj\ M,a.” w) M}kc} ‘C}’/ J‘;L’

.e?‘ Jc oﬁw\

Afterward, several preprocessing and cleaning operations were performed to ensure data
quality and evaluation stability. These operations included:
o Correcting minor spelling inconsistencies.
o Verifying the alignment between each sentence and its corresponding reference I‘rab.
o Ensuring sentence clarity and removing errors that could negatively affect model

performance during syntactic analysis.

This restructuring process enabled evaluation at the token level rather than at the full

sentence level, resulting in more precise analysis of model outputs.
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5.3.1 Sentence Classification

To enable a more comprehensive analysis, the sentences in the dataset were classified
according to several criteria aimed at studying the impact of different linguistic properties

on model performance in the I‘rab task.

By Sentence Type Sentences were divided into:

« Nominal sentences.

« Verbal sentences.

Examples:

Sentence Type
Ehs wi Verbal

P f;ﬂ\ Nominal

By Complexity Sentences were classified as:

« Simple sentences.

o Complex sentences.

Examples:

Sentence Class

7z o s 0 b
.

piW uddwjb Simple

P

[ R 2\; Complex

By Source Sentences were also categorized according to their source:

e Qur’anic sentences.

« Poetic sentences.
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¢ Standard Modern Arabic sentences.

Examples:

Sentence Category

o . FwAF
w

o2u¥ 3 e ) = | Quranic

s 0 P - /‘wé A sw e /)i
J\u\;-‘ ‘J} )\JA—\ I3 &5\ (}LJJL.)-" )Lf-"\n JG f/’\
—= = = - /a//// }/& s os

el 05N Jos | Simple

Poetic

This classification helped analyze the effect of sentence type, complexity, and source on the
performance of language models in the I'rab task, enabling a more detailed and in-depth

interpretation of the results.

As aresult, a clean and well-structured dataset was obtained, forming a reliable foundation

for evaluating and analyzing the performance of different language models.

5.4 Processing Pipeline

The proposed system relies on a structured processing pipeline composed of several se-
quential stages, starting from sentence selection from the dataset and ending with result
analysis and comparison against the reference I‘rab. This workflow helped standardize
the evaluation process across all models under the same conditions, ensuring fairness and

consistency.

Initially, a group of sentences (approximately 20 sentences) is selected from the prepro-
cessed dataset and sent to the language model along with a prompt instructing it to
perform word-by-word I'rab analysis. The model outputs are then returned in a struc-
tured JSON format containing the sentence and the grammatical analysis of each token

separately.

For example, the output structure is as follows:
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[ { "sentence": "Sﬂl{ <A,

"i3rab": [
{
"token": "_al",
"i3rab": "l 6B e @ Joldly (0K e e o] et
}, { *
"token": "Sﬁl{",

"i3rab": ":-L:)Lf)jﬁ (w‘ Sﬁb cu\f}!\ uﬂ Aj J; Y}..SJ\ AC LS"AJ}' d‘;- 9U\
sﬁw\ SJ.MQ\ o LMy
1131

Afterward, the JSON outputs are extracted and transformed into structured tables to
facilitate further processing and analysis. Cleaning and normalization operations are
then applied in order to standardize the outputs of different models, since each model

may present [‘rab in a different format or style.

Finally, the generated I'rab is compared with the reference annotations (Gold Labels)
stored in the dataset. Similarity scores are computed, followed by the calculation of
model accuracy. The final results are then stored for subsequent analysis and comparison
between models, and are visualized using charts and graphical representations that clearly

illustrate the performance of each model.
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Figure 5.2: Overall workflow of the proposed evaluation system

5.4.1 Sending Sentences to the Models

The Arabic sentences were manually submitted to the language models through their

available web interfaces, since paid APIs were not used in this study.

To ensure maximum consistency across results, a unified prompt was adopted. The

prompt instructed the models to perform I‘rab analysis and return the outputs in a

structured JSON format, where each element contains the token and its corresponding

I‘rab annotation. The same prompt structure and instructions were maintained across all

evaluated models to ensure fairness in the comparison process.

The following prompt was used during the experiments:
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SUE sl i Al 4 o]
tde) 5l

W Olel 3% 3 an -1
(= & d2 g Bl el )
oy token 3 Lniws Y

L3 JSON (3 Ol s Lel -2
token

i3rab

"l JB" e O Y -4
AR B G ey ]
!

The results remain consistent even when the prompt is written in English, indicating that
the models are robust to input language variation and produce equivalent outputs for both
Arabic and English prompts. This standardized format significantly facilitated output
processing and their later transformation into structured tables suitable for analysis and

comparison.

5.4.2 Extracting I‘rab Results

After obtaining the outputs generated by the language models, the I‘rab corresponding to
each token was extracted and transformed into a structured format suitable for comparison
with the Gold Labels stored in the dataset. This process was implemented using Python
code that converts JSON outputs into organized Excel tables containing the sentence,

token, and corresponding grammatical annotation.

For example, some models returned outputs in the following format:
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Claude Output Example

r

{

",d:\;jlf Gp@\ ii:‘;" "sentence":
[ "i3rab":

{

2 Sor
n s &u "token":

5 Al el 4y Bedley £ 0 pilian " MiBTaDY:
},

{

", lealjj\" "token":

U)o 8puill el and a3l e Joli" "irabr:

},

{

W32 ol Jadls cl s W oo d J2 Y S0l o o e o e 7i3rbY:
;4 Jrdl Olaze 4y A1y S 5 LSO 6 o 2adley

}

]

}

After the initial transformation, the data becomes organized as follows:

Sentence Token Label
S GBSE] R el el e ik 5 e
S, B R8T | g 6, 2l ey 5,0
Judl 2 52| dadl e or d g Y S e s
oL c;ﬁg\ o ey (UL s 2 ("“‘ Jally
S il Oldeze 5 21,

Table 5.2: Claude structured I‘rab data after JSON transformation

This stage presented several challenges due to differences in how models generated I‘'rab
outputs. Some models produced additional explanations, while others merged multiple

words into a single element, making the outputs incompatible with the reference format
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used in evaluation.

To address this issue, several preprocessing and cleaning operations were performed using

Google Sheets in order to standardize the formatting and make the outputs closer to the

Gold Labels. For example, some models produced outputs in the following form:

o 21 e 5 sl 5 LSl orr WMoy 552 ool Jdly el Judl

gold__token jais__token gold__label jais__label
S J/)ij‘ S " O e P B
US| NOT_FOUND | 5 uSI1 o @My 52 («\
5 sl
& I | heall by WYy p50 Tz | 5 a0 Al 4, eSles 0 T
v allll o e
S W‘d rddEY ey e ) JE Sty sl
.g\f}/\
24| | NOT _FOUND | 5831 o WMy 452 fw\
v i)

F 0

)

Ll ad,y Wiy £ e

5l 2wy ey ¢ ot

ol 5 LS

w5 al) of.-\éc
o ;w”rhﬁ‘w A Y e OB 2 Gl Clas gy e
.g\f«}/\ e
ruﬁ NOT_FOUND | 580l oz 2des 558 ol
w5 sl
NOT_FOUND |ox ey 45,2 4] Clas

Table 5.3: Examples of token merging and missing outputs in Jais model

These outputs were then separated and reorganized into the following format:

A~

o1 o 5 a5 WSl o aodey sUL s 2 ool = Jall
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gold__token jais_ token| gold_ label jais__label

.3 )l o e 5 alll

& ORI | 1l aoby W3y 0 Tt | 5,81 el sy 03y 55,0 Tk
~8wa‘ .Oﬁ—"dc

.g\f}?\ .g\f}/\

:L..:.&\ 2,?2.4-\ SJ.«Q\ o Zu)kc} 85 fw‘ SJ.«Q\ o 3\.65&2} "L}"-‘.)}J’:’ f.u‘
all 2l | el s weVey g T | 5 ala) Gl ey By § 3 e
.Sﬁw\ .OJ?:-T‘}C

o Pl ddsY e o~ om JA&YQJQJ\§$$ﬁJf

V.E.FT V.L.Gi SJ.M.Q\ o b%})}ﬁ fw‘ sngj\ oﬁb}&c}“&j“-ﬁ)}ﬁ(\ﬂ‘
o5 alkll NEWYRNS cof'-T‘_;c 5 ala)

r.»;J\

o ey yy 2 4] Clae

ol 5 WS

5 S o madey 5y 2 4] Sl

Table 5.4: Comparison between Gold Labels and Jais outputs

This preprocessing step contributed significantly to standardizing the dataset format and

facilitating automated comparison between model outputs and the reference I‘rab during

the evaluation phase.

5.4.3 Storing and Analyzing Results

After completing the extraction and cleaning of model outputs, the results were stored in

Microsoft Excel files and Google Sheets in a structured manner. Each record contained

the original sentence, the token, the reference annotation (Gold Label), and the outputs

generated by each language model. This process was implemented using Python code

that merges the reference annotations with the outputs of each model, producing a sep-
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arate Excel file for every evaluated model containing all the information required for the

evaluation process.

In addition, sentence-level I‘rab was separated from token-level I'rab into an independent
column. This separation relied on the asterisk symbol (*) that the models were instructed
to place before sentence-level grammatical analysis in the prompt. For example, some

outputs were returned in the following format:

label
(VI o il ) o g o2l b
g\f}f\oﬁu&yw\m¥

Figure 5.3: Separation between token-level and sentence-level I‘rab

After preprocessing, the data became organized as follows:

label sentence__i3rab
(VI o il ) o g 02l b | e e U e Vil dl
&Bé)&éwﬂsba\ﬁY\JB

Figure 5.4: Separation between token-level and sentence-level I‘'rab

This separation facilitated the evaluation process, especially when comparing token-level
grammatical analysis independently from sentence-level or structural grammatical analy-

Sis.

As a result, the final table for each model contained the sentence, token, reference anno-
tation, model-generated annotation, and sentence-level I‘'rab when available. This orga-
nization simplified the computation of similarity scores between model outputs and the

reference annotations.

An example of the final table is shown below:
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Sentence Token Gold Label Model Label Sentence I‘rab
TL# et (gl de g Pl g | il o e L U
o 21 o allal YA
z PP PO P A2 ] ]
\fp,&rb A | by wdey g Jobb | any Wy g b
o A1 e 5 plill 13 5 sl ael
57 ol S0 by Ob cwp dpmie | opae 0l B | Je G W
toi i‘}&cj “1}’""‘" docd) L wdley 49 Jyuu WS-
AT o 5l Gl o plll

Table 5.5: Example of the final structured evaluation table

Afterward, Python was used to analyze the results and compute the evaluation metrics.
Libraries such as Pandas and NumPy were employed for data processing and orga-
nization, while Matplotlib and Seaborn were used to generate charts and statistical

visualizations for comparing model performance.

The analysis process included comparing model outputs with the reference annotations,
computing similarity scores and accuracy for each model, and studying the impact of
sentence type, complexity, and source on the final results. This stage provided clear
indicators regarding the strengths and weaknesses of each model in the task of Arabic

I‘rab.

5.5 Evaluation Methodology

After extracting and organizing the outputs generated by the different language models,
a hybrid evaluation methodology was developed to measure the degree of correspondence
between the generated I‘rab and the reference annotations (Gold Labels). This method-
ology combines Natural Language Processing (NLP) techniques, linguistic normalization,
semantic similarity comparison, and rule-based grammatical validation inspired by ex-
pert systems, in order to provide a more accurate and realistic evaluation of Arabic I‘rab

outputs.

The importance of this methodology lies in the fact that language models do not follow
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a unified style when generating grammatical analysis. A single grammatical meaning

may be expressed through multiple linguistically correct formulations, which makes exact

textual matching insufficient for evaluating output quality.

For example, language models may generate several syntactically correct formulations for

the same token, as illustrated in the following examples:

Sentence Token Gold Label Model Output Model | Observation
{\:a.“./: | ;:f-;“l cllk & o~ S| ko x 2 Ul Qwen Minor difference
Sl e d g2 Y S e A g2 Y S in wording only
/ Yl LY
2L el | o e e o S |G L2y Ll | GPT | Additional
SSLZJ\; S 45" Je ¥ S G Ul grammatical
/ < f}!\ explanation
J:\.;JL: | };;:ﬂul Cllk & o~ o A~ <2~ Ul | Fanar Shortened gram-
3/31;3\; o 43’ J= Y ] matical analysis
/ <l ey
\:j ‘5}:; :J/; s | e e el O Ll 2~ ol J) | DeepSeek Some grammati-
o "43 J= Y cﬁﬂ\ cal details omit-
<l Y ted
:1:“.«%}“:,;;- | e ae Pl e | e ae 2l e | Mistral | Same meaning
5 fj Jo ) czﬂ\ " c:ﬁ\ with  reduced
detail
i\Zfi\;;; Sl 4y WMoy g0 Job | 4y WMy g0 Jebb | GPT | Difference  in
o2 e o plall Al PP level of explana-

tion

Table 5.6: Examples of variation in I‘rab outputs between language models

These examples demonstrate that differences between model outputs do not necessarily

indicate grammatical errors, but may simply reflect variations in phrasing style or level

of detail.

o4




chapter 5

5.5.1 Preprocessing and Text Normalization

To handle formulation differences between language models, a preprocessing system for
Arabic text was developed based on cleaning and standardizing grammatical expressions

before computing similarity scores.

A) Arabic Text Cleaning

A dedicated function was implemented to clean Arabic text from superficial orthographic
variations that do not affect grammatical meaning. This process aimed to improve the
accuracy of comparisons between the reference annotations and the outputs generated
by language models. The normalization process included several linguistic preprocessing

steps, the most important of which are the following:

 Removing diacritics, in order to avoid treating differences in vocalization as gram-
matical differences, since some models return fully diacritized text while others
generate plain text without diacritics.
Example:

¢ P

e Normalizing Hamza forms, in order to reduce inconsistencies caused by the
multiple orthographic forms of Hamza. Some language models confuse these forms

even though they represent spelling variations rather than grammatical differences.

Example:

g\ch gg\fj ¢ g\f\; — g\f\

» Converting Ta’ Marbuta (3) into Ha’ (s), in order to avoid the influence of
minor spelling inconsistencies during textual comparison. Some models occasionally

replace s with s even though the grammatical meaning remains unchanged.

Example:
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Sentence

Gold Label

Gemini Label

Selr qtl;

€
(S

2
S
-

Wley 42 )l Slas

Wy 42 4l Slas

i

Je s plall 5 LS o PR P

afl\

Figure 5.5: Example of Ta’ Marbuta Normalization

In this example, the variation between 4sMe and 4>, as well as the omission of some
grammatical details, did not affect the overall grammatical meaning. Therefore,
normalization was applied to reduce the influence of such orthographic variations

during similarity computation.

Converting Alif Magsura () into Ya’ (), because some models may write
¢ instead of (¢ even though the grammatical meaning remains identical. During
experiments, it was observed that several models used alternative spellings for the

same grammatical term, which required normalization.

Example:
Sentence Token Gold Label Jais Label
15 Y] b b | oSl de o 5 2 ISR

Figure 5.6: Example of Alif Magsura Normalization

In this example, the variation between u‘“ and u‘” did not affect the grammati-
cal meaning. Therefore, both forms were treated as equivalent during similarity

computation.

Removing punctuation marks, because punctuation does not provide significant
grammatical information for the evaluation task and may introduce errors during
text processing or tokenization. This issue negatively affects similarity computation,

especially when punctuation marks are attached directly to words.

For example, some models such as Fanar occasionally merged punctuation marks

with grammatical descriptions inside the same token.
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Sentence

Token

Gold Label

Fanar Label

& or s 0 . S o -

G dey 3 Cd

z 7 z [

s R L2
P

., -

O e G Pl e
sty el B ok dlasy
e @) J# 8 g Joe

O e & 92Lo e
J}Qb ;L:J\) CJCLQH ;—l:'.., Auy

Figure 5.7: Example of Punctuation Inconsistencies

A similar issue appeared in cases where punctuation marks were directly attached

to words, as in the following example:

z N
e

.,

AL S

Sentence Token Gold Label Jais Label
& o~ P S or -
Gt ey 3 Sl < 72l XS Rl

Figure 5.8: Example of Punctuation Attached to Tokens

In such cases, expressions such as:

may be treated differently from:

.quj‘
A

Jeld
A

despite having identical grammatical meaning. Therefore, punctuation marks were

removed during preprocessing to eliminate such superficial differences.

The normalization directions described above were selected based on practical observa-

tions during experimentation. It was noticed that language models frequently tend to

replace s with o, use (¢ instead of (g, and confuse different Hamza forms. Consequently,

the objective of this stage was not full orthographic correction, but rather the standard-

ization of the most common output variations in order to reduce the impact of spelling

inconsistencies on textual similarity computation.
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B) Grammatical Normalization

The system relies on a custom grammatical normalization dictionary
(NORMALIZATION_MAP) to unify different linguistic expressions that share the same

grammatical meaning.

This normalization process covers the following mappings:

Original Term Normalized Form
ol [ G u
=il [ Gl ah

S0 /3,50 S

ool
S

e
Yo [ 2
[FAUpS e
) Colias JI_Colas
s ~
aible ) Calas
o 21 e 5 sl o pls

= de gt

Table 5.7: Grammatical normalization mapping

For instance, a language model may produce the following output:
wdl g polae o
while the gold reference (Gold Label) is:
o1 o 5 plall 2l 4y Bedley g0 gile Job
Therefore, normalization was applied to unify such differences.

Examples from Model Outputs

Example 1 (Jais)
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Sentence Token | Gold Label Jais Label Normalization Notes
goj\(\ % u:’ i i :/i | gpe ol U b polae e | The terms  “deill”
dll  amdy Wy WAl | and ‘@) were
o 5 e 5 sl normalized to “a®”
and the expression
“o | Jo 5 a7 was
normalized to “o sl
Example 2 (Gemini)
Sentence Token | Gold Label Gemini Label Normalization Notes
Gl b of | b | 2%y 50,2 4l liae | 203y 52 ] Oliae | The term #5,S0I°
4 Je s allall 5 Sl 5 S o~ | was  normalized  to
of'-T “of“{”, and the ex-
pression “ e 3 AL
0 }T” was normalized
to “o alb”.
Example 3 (Claude)
Sentence Token | Gold Label Claude Label Normalization Notes
é SJL;:::U :};a:’ L} e~ 2 Y e df%; The expression “2 ~

so0-08

ey

<o d

_~ was normalized to

43 Y

~", and the phrase
el e d g2 Y7
was removed because
it does not affect the

evaluation.

Example 4 (Mistral)
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Sentence

Token

Gold Label

Mistral Label

Normalization Notes

,o08 S.0i-r &
B

i) Ay o)L: g,a)
é,laxd\

-
z

deoe Pl e
o 21 o 5 sl ezl

doo@r Pl g
c:jﬂ\

The term “_2l” was

: 144 . 7
normalized to “ 2",
13

the expression * sw

C:.ZJ\ Je” was normal-
ized to “4xd sw”, and
the expression “3 alall
o fT Je” was normal-

ized to “oﬁUé”.

Example 5 (DeepSeek)

Sentence Token | Gold Label DeepSeek Label Normalization Notes

33 o - F o o FwrBo

ao iz salell Jel) | el LNy G, s | Wy ¢4 M " | The term “das” was
z)m danall LAl 4y | normalized to “Ca”,

and the term “4e2))”
was normalized to

“4}{9”

Effect of Normalization on Similarity

For example, the gold label:

and the model output:

o1 Jo Al ) o ge (Pl Jb 1 S

éﬂ\&@gﬁbdﬁ;}’é

R

Pl

would not match exactly due to missing phrases such as "o fT Je aWll“ and minor mor-

phological variations.

After normalization, both become:
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Before Normalization After Normalization
écﬁw\c“.ﬂ\dc@ubb‘_}d oﬁww&é?aubb‘_}zé
ofl—\

After applying similarity metrics such as:

o Token Overlap
o TF-IDF Similarity

o Key Terms Coverage

the similarity score significantly increases from approximately:

0.65

to:

0.9318 ~ 93.18%

This demonstrates that the model’s output is grammatically correct, even when it is less

detailed than the reference annotation.

5.5.2 Processing Complex Expressions

Since some grammatical expressions consist of multiple words, a dedicated mechanism

was developed to handle compound phrases before tokenizing the text.

For example, the phrase:

o) Sl

is transformed into:
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W Coliae

This transformation preserves the semantic integrity of multi-word grammatical terms

and prevents their incorrect splitting during text processing.

The approach also relies on ordering expressions from longest to shortest to avoid partial

or incorrect replacements during preprocessing.

5.5.3 Removal of Non-Informative Words (Stop Words Re-

moval)

A custom list of non-essential words that do not significantly contribute to grammatical
meaning during comparison was created. These include function words and repetitive

morphological markers such as:

—

o em dana asby  aedey WMoy U] o L} Je

For example, the sentence:
o A1 Jo 5 plll Aol aby LMoy 0 Job
is transformed into:
spl AP g h . b

This reduction helps eliminate textual noise and focuses the comparison process on the

core grammatical information.

5.5.4 Detecting Critical Grammatical Conflicts

To prevent the system from considering incorrect answers as correct due to high tex-
tual similarity, a dedicated mechanism was developed to detect critical grammatical

conflicts (CRITICAL_TERMS).

Table 5.8 presents some examples of these decisive conflicts:
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Term Conflicting Terms

E.0e By e s
e By e
1A s ‘¢P
Jeb R
fuze dymie e o Jcb
- Jelo s
o2l «/j cgoliae
gl /T o2l
s plb 8 ydae
5y A2 s pls

Table 5.8: Examples of critical grammatical conflicts used in CRITICAL_TERMS

Practical Examples of Conflict Detection

Sentence

Token

Gold Label

GPT Label

-0

Jal 2l s2

s w

I 3o

w 7

P31 | el ey WMy g oo

A1 e 5l

5 ala)

Figure 5.9: Example of a critical conflict between s ,42s and & sl

Example 1 Explanation: Although both outputs are highly similar, a critical gram-

matical contradiction exists between the terms:

3).,\‘3.6%)3]&&

According to the conflict dictionary (CRITICAL_TERMS), this difference is considered un-

acceptable because it changes the nature of the grammatical case marker.

Sentence

Token

Gold Label

GPT Label

Similarity

s oo

it

s\

Lo dmer o
Jeb @, g2 G oS

Dprde ot J£ 3 o ye o]
d}id)

0.0

Figure 5.10: Example of a critical conflict between L}c\é and J saie
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Example 2 Explanation: In this case, a critical grammatical contradiction was de-

tected in the syntactic role:

Even if other parts of the analysis appear similar, this difference is considered a major
conflict because it completely changes the grammatical function of the token within the

sentence.

Therefore, the system directly assigns a similarity score equal to:
0.0

This prevents the evaluation mechanism from accepting the output as correct based solely

on textual similarity.

5.6 Semantic and Statistical Similarity Computation

After completing normalization and conflict checking, the system computes the similarity

score between texts using multiple evaluation metrics.

5.6.1 Token Overlap Similarity

This metric is based on comparing shared words between the reference annotation (Gold
Label) and the model-generated output after applying preprocessing and normalization

steps. It aims to measure how well the model covers the essential grammatical elements.

This approach relies on two main metrics:

e Precision: measures the proportion of correct words in the model output compared

to all generated words.

e Recall: measures the proportion of reference words successfully covered by the

model.
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The harmonic mean between Precision and Recall is computed using the F1-score formula:

7l 2 x Precision x Recall

Precision + Recall
Example Gold Label:
o Jo 5 ,alal) L) andy ey b0 poline b
GPT Output:
5 olB frwe 12 Jolly el 4y Wdey b s polas b
1. Extracting Tokens After Normalization
Gold Label Tokens:

o1 65 all (A2 canby (R cgp o folian ¢ b

Total:
8 tokens
GPT Tokens:
P T Gl (p? ¢ el (A andy A b C@L'a.a ¢ Jud
Total:
11 tokens

2. Token Overlap

Common tokens:
WP camdy (i cgh o cpolian ¢ b
Shared tokens:

6 tokens
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3. Precision Calculation

6
Precision = — = 0.54
recision = —

4. Recall Calculation

Recall = g =0.75

5. Fl-score Calculation

_2x 0.54 x 0.75

F1l = =~ 0.
0.54 4+ 0.75 0.63

Final Result

e Precision = 0.54
e Recall = 0.75

e Fl-score = 0.63

Error Interpretation
The model introduced additional incorrect information:

P o j&.ﬁf s j}.ﬁa J.cw\
These tokens (s ¢o_ & ¢ fws ¢ a2 ¢ Jeb) do not exist in the reference annotation, which

reduced Precision.

This shows that while the model successfully captured the main grammatical structure,

it introduced unnecessary additions, which negatively affected the final similarity score.

This evaluation method is important because it does not only reward correct matches,

but also penalizes irrelevant or hallucinated grammatical elements.
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5.6.2 Statistical Similarity Using TF-IDF

In addition to lexical overlap-based evaluation, a statistical approach was adopted to
measure textual similarity between the reference annotation (Gold Label) and the model-

generated output using the TF-IDF technique combined with Cosine Similarity.

The TF-IDF method transforms text into numerical vector representations, where each
word or character sequence is represented according to its importance within the docu-
ment. This allows similarity to be computed mathematically rather than relying on exact

string matching.

In this study, instead of relying solely on full words, character-level n-grams were used to

improve robustness against minor spelling or formatting variations.

The following configuration was adopted:

analyzer = 'char_wb'

ngram_range = (2, 3)
This means the system uses:

o 2-character sequences (2-grams)

o 3-character sequences (3-grams)

How TF-IDF Works Step by Step

Step 1: Splitting Words into Character n-grams
The system first decomposes words into smaller character sequences of length two or three.

For example, the word:
¢
is transformed into:

2-grams:

@c}écg'))c‘/
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3-grams:

gp hy 2
This representation helps capture similarity even when slight variations in spelling or
formatting exist between the reference and model output.

Step 2: Computing TF-IDF Weights

After extracting character n-grams, the system computes a weight for each n-gram using

the TF-IDF technique.
Step 3: Converting Texts into Numerical Vectors

Once the weights are computed, each text is transformed into a numerical vector repre-

senting the importance of different character n-grams.

For example:
s1 = [0.3, 0.0, 0.7, 0.2, ...]

represents the reference annotation (Gold Label), while:
s2 = [0.3, 0.5, 0.7, 0.0, ...]

represents the model-generated output.

These values reflect the importance of each character n-gram within the text representa-

tion.
Step 4: Computing Cosine Similarity

After converting both texts into numerical vectors, the similarity between them is com-

puted using the Cosine Similarity metric:

sl - s2

G sl
R PSTTINRTPST]

where:

« A value of 1.0 indicates that the vectors are nearly identical (angle = 0°).

o A value of 0.0 indicates no similarity between the texts (angle = 90°).
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Why TF-IDF Is Useful Despite Its Small Weight

Although TF-IDF contributes only about 15% to the final evaluation score, it plays an
important role in detecting fine-grained lexical and morphological similarities that other

metrics may miss.

For example:

e

or:

1k

3L

In such cases, character-level n-grams remain highly similar, resulting in a relatively high

similarity score.

In contrast, token-based methods such as Token Overlap may consider these words dif-

ferent due to a single character variation.

Therefore, TF-IDF acts as a complementary mechanism that reduces the impact of minor
orthographic variations and improves the robustness of the evaluation system, especially
when dealing with outputs from language models that may differ in writing style while

preserving the same grammatical meaning.

5.6.3 Key Terms Coverage

This metric aims to measure the ability of the language model to capture the essen-
tial grammatical elements present in the reference annotation (Gold Label), by focusing

specifically on key grammatical terms that carry core syntactic meaning.

Unlike other similarity metrics, this measure does not give significant importance to ad-
ditional explanatory words or secondary details. Instead, it focuses primarily on whether

the essential grammatical concepts are present in the model output.

69



chapter 5

The metric is computed using the following formula:

Number of shared key terms

Key Coverage =
Y & Number of key terms in the reference annotation

For example, suppose the reference annotation is:
gh Job
while the model output is:
a g Jobb

The system identifies that all essential grammatical terms from the reference annotation

are present in the model output, namely:

pr
e

The additional term:
daall

does not negatively affect the coverage score because it represents an additional detail

rather than a core grammatical concept.

Therefore, the coverage score becomes:

2
— =1.00
2

which corresponds to:

100%

This mechanism is particularly important in evaluating Arabic I‘rab outputs because some

language models tend to produce concise answers, while others generate more detailed
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explanations. Despite these stylistic differences, the core grammatical meaning may still

be correct in both cases.

Moreover, this metric helps focus the evaluation process on the correctness of essential
grammatical roles rather than being overly influenced by stylistic variation or excessive

explanatory content in the model output.

5.6.4 Comparison Between Similarity Metrics

The following table summarizes the differences between the three similarity metrics used
in the evaluation system, including their computation methods, the type of similarity

measured by each metric, and their role in evaluating I‘rab outputs.
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Computation | What Does It | Does It | Main Advantage
Method Measure? Penalize
Extra
Words?
Token Overlap | Based on Pre- | Overall lexical | Yes Balances reference
(F1-Score) cision and Re- | similarity while coverage while pe-
call, followed by | balancing accuracy nalizing incorrect
Fl-score compu- | and coverage additional words
tation
Terms | Shared key | Coverage of essen- | Almost no | Focuses mainly on the
Coverage terms  divided | tial  grammatical presence of important
by reference key | terms present in grammatical elements
terms the reference anno-
tation
TF-IDF + Co- | Transforms Lexical and ortho- | Partially Detects similarity
sine Similarity | texts into nu- | graphic similarity even  with  minor
merical vectors, | between texts spelling variations
then computes such as: @9 » and
4
Cosine Similar- @, S
ity

Table 5.9: Comparison between similarity metrics used for evaluating I‘rab outputs

5.6.5 Final Score Computation

After computing all previous metrics, they are combined into a weighted formula to pro-

duce the final similarity score:

score = (key_cov x 0.5 + token x 0.35 + tfidf x 0.15)
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5.6.6 Explanation of Weight Selection

1. Key Terms Coverage (50%) This metric was assigned the highest weight because

it represents the core essence of I‘rab analysis.
o Arabic grammatical analysis primarily depends on correctly identifying grammatical
functions such as: ldue cJgnte ¢ b .

o If these core grammatical roles are correctly identified, the annotation is generally

considered grammatically correct even when secondary details differ.

Therefore, this metric represents the most important criterion in determining the correct-

ness of I‘rab outputs.

2. Token Overlap Similarity (35%) This metric was assigned the second highest

weight because it evaluates:

o The precision of the generated answer

o The absence of incorrect or unnecessary additional words

In other words, it is not sufficient for the generated words to be partially correct; the
model should also avoid introducing grammatical elements that are not present in the

reference annotation.

For this reason, the metric was given a moderate weight since it balances between:

e Precision

e Recall

3. Statistical Similarity Using TF-IDF (15%) This metric received the smallest

weight because:

o It does not directly evaluate grammatical meaning

o Instead, it measures lexical and orthographic similarity between texts
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Nevertheless, it remains important because:

o It improves the robustness of the evaluation system against minor spelling variations

and writing inconsistencies

5.6.7 Acceptance Threshold

After computing the final similarity score between the reference annotation (Gold Label)
and the model-generated output, an acceptance threshold mechanism was adopted to

determine whether an answer should be classified as correct or incorrect.

Initially, several threshold values were experimentally tested in order to study their impact

on the evaluation results. The tested values were as follows:

THRESHOLD = 0.85
THRESHOLD = 0.75
THRESHOLD = 0.65
THRESHOLD = 0.55

After conducting these experiments, a manual review and validation process was per-
formed on a large number of classified outputs in order to compare the system decisions

with human judgment.

The manual analysis showed that the threshold:

THRESHOLD = 0.55

was the most suitable value for this project. The vast majority of outputs exceeding
this threshold were found to be grammatically and semantically correct, while incorrect

classifications were relatively rare.

It was also observed that using higher thresholds such as:

0.85

leads to the rejection of a significant number of correct answers, especially in cases where

the model’s grammatical analysis differs in formulation from the reference (gold standard),
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despite both sharing the same syntactic meaning. It is also observed that some responses
are marked as incorrect solely due to being more concise than the gold label, even though

the grammatical content is correct in essence.

For example, if the model’s answer is: gole Jab :fb’ while the reference annotation is:

¢
M §

o1 Je J/,ALL‘J\ E*.éﬁ\ Je & ‘;,b\,a J= :<-\5, then considering the model’s answer as incorrect

s

is not fully accurate, since both expressions represent the same grammatical judgment,

differing only in the level of detail and linguistic elaboration.

Accordingly, the following rule was adopted within the evaluation system:

o If:

Similarity Score >= 0.55

the answer is considered correct.

o If:

Similarity Score < 0.5b

the answer is considered incorrect or incomplete.

The choice of this threshold can be explained by the fact that the evaluation system
relies on semantic similarity rather than exact textual matching. Consequently, medium
similarity scores may still represent correct grammatical interpretations even when minor

stylistic or linguistic differences exist between the two annotations.

5.6.8 Extraction of Statistical Evaluation Metrics

After evaluating all language model outputs using the semantic and statistical similarity
methodology, a set of standard statistical evaluation metrics was extracted in order to

provide a comprehensive and objective assessment of model performance.

The extracted metrics include:
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e Accuracy
¢ Precision
¢« Recall

e F1-Score

Precision

Precision measures how accurate the model is in the answers it generates, that is, the
proportion of correct answers among all generated answers.
It is computed using the following formula:

TP

Precision = m—ITP

where:

o TP: Number of correct answers (True Positives)

o FP: Number of incorrect answers (False Positives)
In this study, language models always generate an output even when they are uncertain
about the correct grammatical analysis. Consequently, there are almost no cases of missing

predictions or unanswered instances, meaning that the classification process is essentially

reduced to determining whether the generated answer is correct or incorrect.

Recall

Recall measures the ability of the model to identify all correct answers present in the
reference dataset.

It is computed as follows:

TP

Recall = 55N

where:
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o FIN: Cases that were not correctly identified or received no valid answer (False

Negatives)

Since language models rarely produce empty outputs, the value of FN becomes nearly

negligible:

FN =0

Therefore, Recall becomes approximately:

Recall =1 (100%)

This phenomenon is mainly caused by the tendency of language models to always generate

outputs, even under uncertainty, a behavior commonly referred to as hallucination.

Accuracy

Accuracy measures the proportion of correct answers among all evaluated cases.

It is computed as follows:

A B TP
Y = TP Y FP+ FN
Since:
FN =0
the formula becomes approximately:
A . TP
ceuracy ~ 7P

which makes Accuracy numerically very close to Precision in this evaluation setting.
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Methodological Note

Due to the nature of the evaluated language models, where empty outputs are almost
nonexistent, Recall values became consistently high and nearly constant across experi-

ments, while Accuracy and Precision produced very similar results in most cases.

Nevertheless, all evaluation metrics (Accuracy, Precision, Recall, and F1-Score) were
retained because they provide complementary perspectives on model performance and re-
main consistent with standard evaluation practices in Natural Language Processing (NLP)

research.

5.7 General Model Results

At this stage, the overall performance of the language models and Arabic parsing platforms
was evaluated on the complete dataset after testing several different acceptance threshold
values. The objective was to study the impact of threshold selection on the evaluation

results.

The following statistical metrics were computed for each model:

Accuracy
e Precision
e Recall

e F1-Score

It is important to note that Recall values were consistently very high across all models.
This is mainly because generative language models and Arabic parsing systems almost
always return an output, even when uncertain, which increases the number of generated

responses and leads to some hallucinated or grammatically incorrect analyses.

In contrast, Precision and F1-Score were more representative of the actual quality of
the generated I‘rab outputs, since they evaluate how accurate the generated analyses are

compared with the reference annotation.
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5.7.1 Model Results at Threshold 0.55
Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
GPT 65.35 66.88 96.62 79.04
Gemini 76.22 76.46 99.58 86.51
Qwen 75.66 75.83 99.72 86.15
Mistral 73.96 74.87 98.39 85.03
Fanar 69.00 69.22 99.54 81.66
Jais 74.26 74.33 99.86 85.23
DeepSeek 73.94 74.01 99.86 85.02
Claude 77.13 77.21 99.86 87.09

Table 5.10: Performance of Large Language Models at threshold 0.55

Large Language Models (LLMs)

Model

Accuracy (%)

Precision (%)

Recall (%)

F1-Score (%)

[3rbly
plus90

81.82
56.82

81.82
56.82

100.00
100.00

90.00
72.46

Table 5.11: Performance of specialized Arabic parsing platforms at threshold 0.55

Specialized Arabic Parsing Platforms

The results show that the I3rbly platform

achieved the best overall performance among all evaluated systems, outperforming even

most large language models. This finding highlights the effectiveness of specialized systems

in the task of Arabic grammatical analysis (<! eY!).
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5.7.2 Model Results at Threshold 0.65

Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
GPT 58.48 29.85 96.23 73.80
Gemini 67.46 67.68 99.53 80.57
Qwen 68.65 68.80 99.69 81.41
Mistral 66.70 67.52 98.22 80.03
Fanar 59.29 59.48 99.47 74.44
Jais 08.48 99.85 96.23 73.80
DeepSeek 63.78 63.84 99.83 77.88
Claude 63.83 63.90 99.83 77.92

Table 5.12: Performance of Large Language Models at threshold 0.65

Large Language Models (LLMs)

Model

Accuracy (%)

Precision (%)

Recall (%)

F1-Score (%)

[3rbly
plus90

68.18
50.00

68.18
50.00

100.00
100.00

81.08
66.67

Table 5.13: Performance of specialized Arabic parsing platforms at threshold 0.65

Specialized Arabic Parsing Platforms

0.65

When the threshold was increased to:

the performance of most systems decreased due to the stricter evaluation criteria.
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5.7.3 Model Results at Threshold 0.75
Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
GPT 46.72 47.82 95.33 63.69
Gemini 55.47 55.64 99.43 71.36
Qwen 60.68 60.81 99.65 75.53
Mistral 57.02 57.72 97.92 72.63
Fanar 49.42 49.57 99.36 66.15
Jais 57.13 57.19 99.81 72.71
DeepSeek 51.49 51.54 99.79 67.98
Claude 50.80 20.85 99.79 67.37

Table 5.14: Performance of Large Language Models at threshold 0.75

Large Language Models (LLMs)

Model

Accuracy (%)

Precision (%)

Recall (%)

F1-Score (%)

[3rbly
plus90

59.09
43.18

59.09
43.18

100.00
100.00

74.29
60.32

Table 5.15: Performance of specialized Arabic parsing platforms at threshold 0.75

Specialized Arabic Parsing Platforms
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5.7.4 Model Results at Threshold 0.85
Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
GPT 32.88 33.65 93.49 49.49
Gemini 38.00 38.13 99.17 55.08
Qwen 43.25 43.34 99.51 60.39
Mistral 44.50 45.05 97.35 61.59
Fanar 37.37 37.49 99.15 54.40
Jais 43.30 43.34 99.75 60.43
DeepSeek 37.82 37.86 99.72 54.88
Claude 37.87 3791 99.72 54.94

Table 5.16: Performance of Large Language Models at threshold 0.85

Large Language Models (LLMs)

Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
[3rbly 38.64 38.64 100.00 55.74
plus90 31.82 31.82 100.00 48.28

Table 5.17: Performance of specialized Arabic parsing platforms at threshold 0.85
Specialized Arabic Parsing Platforms The overall results demonstrate that system
performance decreases progressively as the acceptance threshold increases. This decline
is mainly caused by the stricter evaluation criteria, which reduce the number of accepted

answers.

Manual inspection also revealed that many outputs rejected under higher thresholds were
actually grammatically correct, differing only in wording style or level of detail. Therefore,

the following threshold was adopted as the final evaluation threshold:

THRESHOLD = 0.55

This value provided the best balance between flexibility and precision, allowing the system
to accept most genuinely correct answers while keeping the rate of incorrect acceptances

very low.
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It is important to note that the results obtained for the I3rbly and plus90 (Almaqalah)
platforms cannot be directly compared with the large language models evaluated in this
study. The evaluation of these specialized systems was conducted on a limited dataset

consisting of only 10 sentences.

This limitation was mainly due to platform access restrictions and usage constraints en-

countered during the experiments.

Consequently, the obtained results provide only a preliminary indication of the perfor-
mance of these systems in the task of Arabic grammatical analysis, rather than a com-
prehensive evaluation equivalent to the experiments performed on the larger and more

diverse datasets used for the language models.

Nevertheless, the I3rbly platform demonstrated relatively strong performance even under

this limited experimental setting, achieving the best results at the acceptance threshold:
0.55

This finding highlights the effectiveness of specialized Arabic grammatical systems in

handling I‘rab tasks compared with some general-purpose language models.

5.7.5 Analysis by Sentence Type

The sentences in the dataset were divided into two main categories: nominal sentences
and verbal sentences, with the aim of studying the impact of syntactic structure on the
performance of language models in the Arabic I‘rab task. The results across different

acceptance thresholds revealed a clear influence of sentence type on the achieved accuracy.

At the lower acceptance threshold (0.55), most models achieved better performance on
verbal sentences compared to nominal sentences. The Claude model recorded the highest
accuracy for verbal sentences, reaching 78.95%, while it also achieved the best perfor-
mance on nominal sentences with 74.24%. This trend continued at the 0.65 threshold,
where verbal sentences maintained a relative advantage for most models, with the Qwen

model achieving the highest accuracy of 70.08% for this sentence type.

When the threshold was increased to 0.75, the difference between the two sentence types

became more pronounced. The Qwen model managed to maintain relatively strong perfor-
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mance on verbal sentences compared to the other models, achieving 62.64%. In contrast,
some models such as Gemini, GPT, and DeepSeek began to show closer results or slight
superiority for nominal sentences, reflecting the sensitivity of stricter evaluation thresholds

to subtle differences in grammatical phrasing.

At the strictest threshold (0.85), accuracy generally decreased across all models due to
the requirement for outputs to closely match the reference annotation. Nevertheless,
some models such as Qwen, Jais, and Mistral maintained relatively balanced performance
between the two sentence types. The highest accuracy at this threshold was achieved by

Mistral on nominal sentences with 45.18%.

The superiority of verbal sentences in most cases can be explained by their generally sim-
pler and more direct syntactic structure. Verbal sentences often rely on a clear sequence
consisting of a verb, subject, and object, making grammatical relations easier for language
models to identify and process. In contrast, nominal sentences tend to exhibit greater
structural complexity due to the variety of grammatical relationships they may contain,
including subject and predicate constructions, embedded clauses functioning as predi-
cates, adjectives, appositions, conjunctions, and multiple sentence components. Some
nominal sentences may also involve ellipsis or long and compound structures, increasing

the likelihood of confusion between grammatical functions.

Overall, the results confirm that sentence type is an influential factor affecting the quality
of generated I‘rab. However, the degree of this impact varies from one model to another
depending on each model’s ability to understand Arabic syntactic structures and process

complex grammatical relationships.
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Model Sentence Type | 55% 65% 75% 85%

Gemini P 72.81% | 65.76% | 56.83% | 42.16%
Gemini Aad 78.61% | 68.81% | 54.95% | 35.76%
Qwen P 73.38% | 66.62% | 57.70% | 42.73%
Qwen il 77.26% | 70.08% | 62.64% | 43.70%
Mistral Pl 71.51% | 65.32% | 55.11% | 45.18%
Mistral Aad 76.84% | 68.81% | 59.26% | 44.97%
GPT de) 66.33% | 59.14% | 49.50% | 38.13%
GPT Aad 67.20% | 60.27% | 46.83% | 31.02%
DeepSeek aer 72.81% | 64.89% | 54.24% | 43.17%
DeepSeek Aad 74.73% | 63.23% | 49.96% | 34.74%
Claude de) 74.24% | 60.29% | 47.63% | 36.83%
Claude Aad 78.95% | 66.02% | 52.75% | 38.55%
Fanar de) 68.06% | 58.71% | 49.64% | 40.43%
Fanar Aad 69.91% | 59.93% | 49.54% | 35.76%
Jais de) 71.08% | 65.04% | 54.53% | 43.88%
Jais Aad 76.25% | 68.22% | 55.37% | 43.03%

Table 5.18: Model accuracy according to sentence type across different acceptance thresh-
olds

5.7.6 Results of Arabic I‘rab Platforms by Sentence Type

An additional analysis was conducted on the Arabic I'rab platforms I3rbly and plus90
in order to study the impact of sentence type on the quality of the generated grammatical
analysis. This experiment was performed using a small dataset consisting of only ten
sentences; therefore, the obtained results should be considered preliminary indicators

rather than definitive judgments regarding system performance.

The results showed the superiority of the I3rbly platform across most acceptance thresh-
olds, particularly for nominal sentences, where it achieved the highest accuracy of 86.36%
at the 0.55 threshold. The platform also maintained relatively stable performance as the
acceptance thresholds increased. In contrast, the plus90 platform achieved relatively
better results on verbal sentences at lower thresholds, but its performance decreased no-

ticeably as the evaluation became more strict, especially at the 0.85 threshold.
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Overall, these findings suggest that specialized Arabic grammatical analysis systems can
achieve strong performance in certain I‘rab scenarios. However, accurately evaluating
such systems requires testing on larger and more diverse datasets in order to obtain more

reliable conclusions.

Model | Sentence Type | 55% 65% 75% 85%

I3rbly Nominal 86.36% | 72.73% | 63.64% | 40.91%
13rbly Verbal 77.27% | 63.64% | 54.55% | 36.36%
plus90 Nominal 50.00% | 50.00% | 50.00% | 40.91%
plus90 Verbal 63.64% | 50.00% | 36.36% | 22.73%

Table 5.19: Accuracy of Arabic I‘rab platforms according to sentence type across different
acceptance thresholds

5.7.7 Analysis by Degree of Complexity

The sentences in the dataset were classified into two categories: simple sentences and
compound (or complex) sentences, with the aim of studying the impact of syntactic com-
plexity on the performance of language models in the Arabic I‘rab task. The results
across all evaluation thresholds showed a clear and consistent difference between the two
categories, with models achieving significantly higher performance on simple sentences

compared to complex ones.

At the 0.55 threshold, most models achieved high accuracy on simple sentences, exceeding
80% in some cases, particularly for Gemini and Claude. In contrast, performance on com-
plex sentences was noticeably lower. This gap persisted at the 0.65 and 0.75 thresholds,
along with a gradual overall decline in performance. At the strictest threshold (0.85),
the difference became even more pronounced, as accuracy for complex sentences dropped

significantly, reaching approximately 30% in some cases.

The best performance on simple sentences at the 0.55 threshold was achieved by Gemini
and Claude, both reaching 81.73%, while Mistral recorded the highest accuracy for simple
sentences at the 0.85 threshold with 48.74%. For complex sentences, Qwen achieved the
best relative performance at intermediate thresholds, despite the general decline observed

across all models as evaluation strictness increased.
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Model Sentence Class | 55% 65% 75% 85%

Gemini PSS 81.73% | 73.91% | 60.77% | 42.68%
Gemini UL/ 67.39% | 56.96% | 46.81% | 30.29%
Qwen o 81.31% | 74.24% | 66.58% | 47.64%
Qwen UL/ 66.38% | 59.42% | 50.87% | 35.94%
Mistral o 79.97% | 73.15% | 62.12% | 48.74%
Mistral UL/ 66.09% | 57.83% | 50.14% | 38.70%
GPT o 70.29% | 63.55% | 51.52% | 36.87%
GPT UL/ 61.01% | 53.48% | 41.45% | 28.12%
DeepSeek o 77.86% | 68.01% | 55.22% | 41.25%
DeepSeek UM’ 67.39% | 56.67% | 45.22% | 32.03%
Claude o 81.73% | 67.51% | 54.04% | 41.25%
Claude UL/ 69.42% | 57.68% | 45.36% | 32.17%
Fanar Ao 73.15% | 63.38% | 53.45% | 41.50%
Fanar UL/ 62.46% | 52.75% | 42.90% | 30.58%
Jais o 78.11% | 70.96% | 59.18% | 48.48%
Jais 2\.{‘/ 67.83% | 60.29% | 47.97% | 34.49%

Table 5.20: Model accuracy according to sentence complexity across different acceptance

thresholds

The general decline across all models can be explained by the nature of complex sentences,

which include:

« Subordinate clauses (aat) &)

Embedded syntactic structures (3| 2] J& 3 w8l &)

« Coordinating and subordinating conjunctions (_aksly o )| & );T)

Multiple overlapping syntactic relations within a single sentence

Such structures require the model to track long-distance dependencies between words,

which increases the difficulty of correctly assigning grammatical roles.

In contrast, simple sentences typically exhibit more direct syntactic structures and clearer

grammatical relations, making them easier for models to analyze accurately.
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Overall, the results confirm that syntactic complexity is a key factor affecting Arabic

parsing performance, and that model accuracy decreases as sentence complexity increases.

5.7.8 Results of Arabic I‘rab Platforms by Sentence Complexity

An additional analysis was conducted on the performance of the I3rbly and plus90
platforms according to sentence complexity (dawsd / 2\.5/) The results generally show

that simple sentences are easier to process than complex sentences for both systems.

The I3rbly platform demonstrates clear superiority and greater stability across all thresh-
olds, achieving its highest performance on simple sentences (90.91% at 0.55). Although
its performance decreases gradually as the evaluation becomes more strict, it consistently
outperforms plus90 in all cases. In contrast, the plus90 platform shows moderate perfor-
mance with greater degradation on complex sentences, particularly at higher thresholds,

where accuracy drops to 27.27% at 0.85.

Overall, the results confirm that syntactic complexity has a direct impact on the perfor-
mance of Arabic I‘rab systems, with [3rbly demonstrating superior stability and accuracy

compared to plus90.

Model | Sentence Class | 55% 65% 75% 85%

13rbly i 90.91% | 90.91% | 72.73% | 45.45%
I3rbly s 78.79% | 60.61% | 54.55% | 36.36%
plus90 i 54.55% | 54.55% | 54.55% | 45.45%
plus90 :\5‘/ 57.58% | 48.48% | 39.39% | 27.27%

Table 5.21: Accuracy of Arabic I‘rab platforms according to sentence complexity across
different acceptance thresholds

5.7.9 Analysis by Text Source

The performance of the models was analyzed according to the source of the text (poetry,
standard Arabic, and Quranic text). The results show that standard Arabic sentences are
the easiest to process across all models, while poetic and Quranic texts are significantly

more challenging.

Overall, all models achieved their best performance on standard Arabic texts, particularly

88



chapter 5

at the 0.55 threshold, with a gradual decline in accuracy as the evaluation threshold
increased. In contrast, Quranic texts consistently produced the lowest accuracy across all

settings due to their higher syntactic and rhetorical complexity.

These findings confirm that the source of the text has a direct impact on I‘rab quality,
where standard Arabic provides clearer and more stable structures compared to poetry

and Quranic discourse.

Model Sentence Category | 55% 65% 75% 85%

Gemini pAg 64.83% | 52.41% | 42.76% | 23.45%
Gemini Wale 80.80% | 72.35% | 60.75% | 43.34%
Gemini "“'T 5 63.50% | 54.90% | 40.06% | 22.85%
Qwen Ll 65.52% | 57.24% | 53.10% | 35.86%
Qwen Wole 82.31% | 75.86% | 67.91% | 49.21%
Qwen uls 53.41% | 44.51% | 34.72% | 22.26%
GPT G ad 60.00% | 50.34% | 34.48% | 17.93%
GPT Wole 69.99% | 63.54% | 52.51% | 38.68%
GPT "..'—\—" 56.97% | 48.66% | 34.12% | 19.58%
DeepSeek pAge 73.10% | 56.55% | 42.07% | 31.03%
DeepSeek Wle 78.51% | 69.63% | 56.81% | 42.19%
DeepSeek '“‘T 5 55.79% | 43.03% | 33.83% | 22.85%
Fanar L Ak 61.38% | 49.66% | 40.00% | 27.59%
Fanar Wole 73.07% | 63.97% | 53.51% | 41.33%
Fanar ""'T 5 56.68% | 45.10% | 37.39% | 25.82%
Jais G ad 68.28% | 57.93% | 47.59% | 33.79%
Jais Wole 79.66% | 72.85% | 59.96% | 49.00%
Jais "..'T" 54.90% | 46.88% | 37.98% | 24.04%
Claude Y ad 71.03% | 57.24% | 35.86% | 24.14%
Claude Wle 82.52% | 69.63% | 57.31% | 43.48%
Claude ";T" 57.86% | 43.03% | 30.56% | 20.77%
Mistral L Ak 71.72% | 59.31% | 45.52% | 33.10%
Mistral Wole 80.80% | 74.43% | 64.76% | 51.65%
Mistral "“'T 5 51.63% | 42.43% | 33.83% | 22.85%

Table 5.22: Model accuracy according to text source across different acceptance thresholds
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Interpretation The lower performance on Quranic and poetic texts can be explained by
their richer rhetorical and syntactic structures, including inversion, ellipsis, and complex
sentence embedding. Arabic poetry, in particular, often employs poetic license, which
introduces deliberate linguistic variations such as word reordering, omission of particles,
or morphological changes to preserve meter and rhyme, making automatic grammatical

analysis more difficult.

Overall, these results confirm that the source of the text significantly affects I‘rab accuracy.
Standard Arabic texts are more structurally regular and easier for models to process,
while Quranic and poetic texts introduce additional linguistic complexity that challenges

syntactic parsing models.

5.7.10 Results of Arabic I‘rab Platforms by Text Source

The performance of the I3rbly and plus90 platforms was analyzed according to text
source (poetry, standard Arabic, and Quranic text). The results show that standard
Arabic sentences are the easiest to process for both systems, while poetic and Quranic

texts are significantly more complex and challenging.

Overall, I3rbly clearly outperformed plus90, achieving very high accuracy on standard
Arabic texts (reaching 100% at 0.55), with a gradual decline as the evaluation thresh-
old becomes stricter, while still maintaining superior performance across most settings.
In contrast, plus90 showed weaker performance, particularly on Quranic texts, which

remained consistently low and dropped to 0% at the 0.85 threshold.

These findings confirm that text source has a direct impact on I‘rab accuracy,

with standard Arabic being the easiest compared to poetic and Quranic texts.
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Model | Sentence Category 55% 65% 75% 85%

13rbly L 70.59% 47.06% | 41.18% | 23.53%
I3rbly '&islc 100.00% | 94.44% | 83.33% | 61.11%
13rbly R 66.67% | 55.56% | 44.44% | 22.22%
plus90 L 58.82% 41.18% | 41.18% | 29.41%
plus90 '&.LJLC 72.22% 72.22% | 55.56% | 50.00%
plus90 il 22.22% | 22.22% | 22.22% | 0.00%

Table 5.23: Accuracy of Arabic I'rab platforms according to text source across different
acceptance thresholds

5.8 Detailed Observations on Model Behavior and

Error Patterns

The experimental evaluation across different language models revealed several recurring
patterns in handling Arabic syntactic analysis. Although the models differ in overall
accuracy, most of them share common behaviors, such as the tendency to always produce
an output even in uncertain cases. This often leads to hallucinations, where the model

generates a linguistically plausible but syntactically incorrect analysis.

Moreover, many errors were associated with confusion between closely related grammati-

cal functions, including:

 Confusion between predicate (1) and adjective (Cad))

« Confusion between circumstantial accusative (J&1) and adjective (.4

« Confusion between absolute object (el Jsall) and purpose object (a‘\ai}/ Jgmall)
« Confusion between subject (_jcldl) and noun subject (T..\:.l\)

« Confusion between apposition (J4J|) and genitive construction (4] <sLiall)

« Confusion between adverb of time/place (<2 Lll) and circumstantial accusative

(J1)
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In addition, clear differences were observed in the style of grammatical output among
models. Some models produce concise [‘'rab outputs, while others provide highly detailed

analyses that include clause-level functions and internal syntactic relations.

5.8.1 Qwen

The Qwen model demonstrated relatively strong performance compared to other models,
particularly in verbal sentences. However, it exhibited recurring errors in identifying

precise syntactic roles.

In the sentence:
P oo
Tacld) 2o
P

the model analyzed icll)! as:
(TJ;J.\ &) subject the of predicate

while the correct analysis is:
(&5 T.,\:.,o) subject delayed

In the sentence:

3 @S S v 2 oS SFwrle

b 4z il il

S wrbo
the model incorrectly classified Jall as a fronted object (ru\b 4 Jsis), whereas it is
- 5@ s

actually a subject (ﬁ}s S Tu\:..») It also misidentified 4Mb as a delayed subject instead of

a subject.

In poetic text, the model showed clear difficulty. In:

)w/i Ay e

S5 S0 G 50 G 2

it incorrectly analyzed ,lud! as a genitive complement (4] 2Lias), instead of a substitution

structure (Ju).

It also confused temporal adverbs and circumstantial expressions. In:
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sos

S o0 Sow o 7o oL -0

Olas Ml e E) Lte Lides
it classified |4¢ as a circumstantial accusative (), whereas the correct interpretation is
a time adverb (Ol < b).

Finally, Qwen often fails to explicitly handle emphatic constructions ( db.&ﬂ\ AS ) and

sometimes produces partial or incomplete syntactic analyses.

5.8.2 ChatGPT

The GPT model is characterized by relatively detailed syntactic analyses, as it often
provides full sentence-level I‘rab, including explicit identification of syntactic positions

such as:
“the verbal sentence is in the position of a predicate (lall p&)”

It also frequently separates verb morphology from attached pronouns, especially in con-

jugated forms such as:
Iy 5l

However, several recurring errors were observed, particularly in the treatment of adverbs

and particles.

In the sentence:
cor b o & s ey S @0 P
oy Jand & mtll 2 A

the model analyzed &£ as a preposition (~ <% ~), whereas the correct analysis is a
locative adverb (o pate OKs 8 L),

In:

T

01, o 3k
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it classified ud| as a subject (l4ws), while the correct syntactic role is a grammatical

subject of a fixed expression ( jcb).
In:

S o0 Soa o Zo sl s sOs s
-

oLzt Ely 1ot ) e (ke

S o
the model incorrectly identified Ol.aé as a predicate, whereas the reference analysis con-

(3
siders it a noun in an independent nominal clause (lus).

Additional observed limitations include:

o Failure to consistently analyze coordination particles (_akaall ols).
o Neglecting particles such as the emphatic lam in forms like N
e Omitting conjunctions such as » at sentence beginnings.

o Confusing second subjects with genitive constructions.

o Treating explicit subjects as implicit pronouns in some cases.

5.8.3 Jais

The Jais model exhibited a relatively high frequency of errors related to ambiguity in

syntactic interpretation, particularly confusion between predicate and adjective roles.

In the sentence:
@ s 0
Olag SUW)
@ s
it incorrectly analyzed Olag as:
predicate of a defective verb (< gai Jly ss)
instead of the correct analysis:

predicate of a nominal sentence in the nominative case (4Y VYU gP, -
&)
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In:

Zo;

the model classified & as a direct object, whereas it should be analyzed as the predicate

of c.,a.‘:'

Other recurring issues include:

¢ Qccasional omission of words in sentence-level I'rab.
e Producing incomplete syntactic analyses.
o Inconsistent treatment of initial conjunctions (s ¢sl).

o Variability in output correctness when the same input is repeated.

.

« Frequent confusion between predicate () and adjective (Cws).

.

5.8.4 Mistral

The Mistral model showed relatively good performance on simple syntactic structures,

but struggled with rhetorical and poetic constructions.

In the sentence:
Z oo 2 G s sz 0
‘JL‘) JU\ d[a;:.wl
it analyzed |sb, as:
circumstantial accusative (Jl)
instead of the correct analysis:
predicate of (s ns-)

In:
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it incorrectly classified ‘mhall as a predicate, whereas the correct analysis is a voca-

tive/accusative of specification (Leolas=Yl le & spat).

The model also frequently confused circumstantial accusative (JW|) with specification

(2)). In:

z

15,k e 4T Gl gl

z

it analyzed |s,l as specification (j£), instead of circumstantial accusative (Jb>).

&y

Additional observations include:

o Inconsistent analysis of conjunction particles (_aasll 4l4), especially at sentence

beginnings.
« Frequent confusion between genitive construction (4] 2Lall) and apposition (JJ).

« Difficulties with poetic structures involving inversion (-1, Yq.,L?z:J\)

5.8.5 Claude

The Claude model demonstrated relatively structured I‘rab output; however, it exhibited

recurring errors related to predicate, adjective, and subject classification.

In:

it analyzed 15 as:
circumstantial accusative (Jl)

instead of a temporal adverb (Ol < b).

In:
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2o @ s 02 2 -

ool Call de £ sl
00} .
it classified Je as a preposition (> <2 »~), while the correct analysis is a temporal adverb
(Ol s b).
Additional limitations include:

e Occasionally providing incomplete morphological classification (e.g., stating only

o«

" without specification).

-

« Failure to analyze emphatic repetition in constructions such as Il d! Az,

5.8.6 DeepSeek

The DeepSeek model showed noticeable variability between concise and highly detailed

outputs.

In:

oL ~-o0 sor o

e S 2w (2
it incorrectly analyzed I as a defective past verb (a8l (2l J#b), instead of a temporal
adverb (Ol <2 ).

In:

e Jall i

it incorrectly classified ac as a direct object, instead of an apposition (J.).

Additional issues include:

e Providing multiple alternative I'rab interpretations within a single response.

o Inconsistency between concise and detailed outputs.

-

« Confusion between predicate (), adjective (), and genitive constructions

() L),
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5.8.7 Gemini

The Gemini model demonstrated relatively balanced performance but struggled with ver-

bal and adverbial structures.

In:
PR ] PPN
‘)L‘) JU\ C,Ma:lwl

z

it analyzed |sb, as a circumstantial accusative (Jl>), instead of a predicate (Jlow! ).

In:

& o0 sor s

1 ol Tte (2

[

it incorrectly analyzed |.& as a defective past verb, instead of a temporal adverb (2L
aly).
It was also observed that the model sometimes partially analyzes sentences, omitting

certain words in longer structures.

Common errors include:

« Confusion between subject (l4is) and predicate ().
o Misclassification of adverbs as verbal elements.

o Partial sentence parsing in complex structures.

5.8.8 Fanar

The Fanar model exhibited frequent morphological and syntactic errors.

In:

SN \L}QL,;,,A\M

it incorrectly analyzed <l o1l as a subject marked with kasra, instead of damma.

In:

98



chapter 5

it classified JlbY! as a direct object, instead of a genitive complement (4] ).

It also frequently confused predicate () with adjective (), as in:

\

where dodie was incorrectly analyzed as an adjective instead of a predicate.

Additional issues include:

Failure to analyze certain particles (e.g., V! ,UI).
Omission of words in sentence-level parsing.
Insertion of external hyperlinks in Qur’anic text outputs.

Frequent confusion between subject, predicate, and genitive structures.

5.9 Challenges and Limitations

During data collection and model evaluation, several technical and practical challenges

were encountered, primarily due to variability in model behavior and platform constraints.

Input size limitations: Some models restricted the number of sentences per re-
quest (e.g., GPT: 10 sentences, Fanar: 4 sentences), requiring batch processing

and repeated execution.

Non-structured outputs: Several models did not strictly follow the required
JSON format, producing free-text outputs instead. A post-processing step using an

auxiliary model was required to normalize outputs.

Missing or incomplete outputs: Some models skipped words or entire sentences,

especially in longer inputs, requiring manual verification.

Insertion of external links: The Fanar model occasionally inserted hyperlinks in

Qur’anic text outputs, requiring manual cleaning.
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« Deviation from task (explanatory outputs): Some models shifted from syn-

tactic analysis to explanation or interpretation, particularly on Qur’anic sentences.

o Free-tier limitations: Certain models (e.g., Claude) imposed daily usage limits,

delaying data collection.

 Interface instability: Some platforms (e.g., Jais) suffered from unstable interfaces

and frequent session resets.

e Prompt forgetting: Models such as DeepSeek, Jais, and Fanar occasionally ig-

nored earlier instructions, requiring repeated prompt reinforcement.

Overall, these challenges demonstrate that evaluation of Arabic [‘rab using LLMs depends
not only on model quality but also on platform stability, output consistency, and adherence

to instructions.

5.10 Conclusion

This chapter presented the experimental framework of the study, including dataset con-

struction, preprocessing, evaluation methodology, and analysis of results.

The dataset was carefully designed to include diverse sentence types, complexities, and
sources in order to evaluate model robustness under different linguistic conditions. The
evaluation approach relied on similarity-based comparison rather than exact matching

due to variability in syntactic expressions.

Results showed clear performance differences across models, with better performance
generally observed in simple sentences compared to complex, poetic, and Qur’anic struc-
tures. Error analysis revealed recurring issues such as confusion between grammatical

roles, omission of words, and inconsistent formatting.

Overall, while LLMs demonstrate promising capabilities in Arabic syntactic analysis,
significant challenges remain in handling complex linguistic structures, highlighting the

need for further improvements in Arabic grammatical understanding within these models.

100



General Conclusion

General Conclusion

This project presents a comprehensive evaluation of Large Language Models (LLMs) and
Arabic language processing systems for the task of Arabic syntactic analysis (I‘rab), which
is considered one of the most challenging linguistic tasks due to the rich morphology of
Arabic, the diversity of its syntactic structures, and its strong dependence on contex-
tual information. A dedicated dataset was developed within the Yu‘rab (< ) project,
proposed and supervised by Dr. Taha Zerrouki, and was used to evaluate several large

language models as well as specialized Arabic parsing platforms.

To investigate the impact of acceptance thresholds on evaluation results, experiments
were conducted using four similarity thresholds (55%, 65%, 75%, and 85%). The findings
showed that the 55% threshold was the most appropriate, since syntactically correct
answers may differ from the reference answers in wording, phrasing, or level of detail.
Higher thresholds therefore tended to underestimate model performance by penalizing

valid alternative formulations.

Using the 55% threshold, Claude achieved the best performance among the general-
purpose language models, reaching an accuracy of 77.13% and an Fl-score of 87.09%,
followed by Gemini and Qwen. Jais, Mistral, and DeepSeek also produced competitive
and relatively similar results, reflecting the significant progress made in Arabic syntactic

analysis by modern language models.

Among the specialized Arabic parsing platforms, I3rbly achieved the best overall results,
with an accuracy of 81.82% and an Fl-score of 90.00%. However, it is important to note
that both I3rbly and Al Magalah (Plus90) were evaluated on a limited number of examples
compared to the other systems, as only ten sentences were tested on each platform.
Consequently, these results should be considered preliminary indicators of performance
rather than comprehensive evaluations comparable to those conducted on the larger and

more diverse benchmark dataset used for the other models.

The results also revealed that most models perform better on simple sentence struc-
tures, while their accuracy decreases on longer and more complex sentences, as well as on
Qur’anic and poetic texts containing ambiguous syntactic constructions. Furthermore,

the automated evaluation process exposed certain limitations, as similarity-based metrics
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may penalize linguistically correct answers simply because they differ in formulation from

the reference outputs.

Several practical challenges were encountered during the study, including input length
limitations, occasional failure to comply with the required JSON format, difficulties in
following instructions, instability of some platforms, daily usage restrictions, and the
phenomenon of prompt forgetting. In addition, data collection proved to be highly time-
consuming, requiring approximately three to four weeks of continuous work. Some outputs
also required substantial cleaning due to the presence of irrelevant, malformed, or poorly

structured content.

This work proposes a comprehensive framework for evaluating Arabic I‘rab systems, in-
cluding prompt design, output normalization, and automated evaluation procedures. Fu-
ture work may extend this research by constructing larger and more diverse datasets,
adopting hybrid evaluation approaches that combine automated metrics with human ex-
pert assessment, and developing specialized Arabic models specifically designed for syn-

tactic analysis.

In conclusion, achieving human-level performance in Arabic I‘rab remains a challenging
goal that requires substantial improvements in language models, datasets, and evaluation
methodologies, particularly for complex linguistic material such as Qur’anic and poetic

texts.
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Annex

.1 Annex A: I‘rab Extraction and Structured Result

Generation

The generated I'rab outputs were extracted, standardized, and converted into structured

tables to enable automatic comparison with the reference annotations.
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Claude Output Example

r

{

",d:\;ij G.abiﬂ\ ii:‘;" "sentence":
[ "i3rab":

{

2o

n ﬁu "token":

"5 alal Aoa)) amdy Wedey ¢h @L,a.» J=" "i3rab":

},
{
", LS‘bng‘" "token":

" JE L) o 5,ual) ) ashy ey g5, et "i3rab!:

},
{
", d:\:ijn "token" :

s-ut))ﬁ fw\ du\a”) cu\f;}“ o & Jﬁ- YJ»&J\ Jﬁ & g.}f ;—U\" "i3rab":
";4“ Jx&ﬂ\: GLZL'.:»”J,%\))L{-\”‘ CEJ.MQ‘ o L)kc;

}
]
}

After the initial transformation, the data becomes organized as follows:

Sentence Token Label
S GBSE] R el el e ik 5 e
S, B R8T | g 6, 2l ey 5,0
Judly 2B S|l | oW e d e Y S e e el

s w s

)l#\* Csﬂg\ o :MMC) &UL Jjﬁ (w‘ dw\ﬂj‘)
&ML &LM)}JS}\)

Table 24: Claude structured I‘rab data after JSON transformation
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Gemini Output Example

{
"i3rab": [

{
"token":
"i3rab":

1,

{
"token":
"i3rab":

1,

{
"token":
"i3rab":

1,

{
"token":
"i3rab":

}

]
}

) o SSor
"sentence": "JuJl HWl K<,

P-4

2l
n n
P

"Sﬁw\ :La.,aj\ WJ lo})\c) C);L/ @Lﬁ.ﬁ J:é"

ll(ﬁblﬁ‘ll’
"JI&U "L:j‘ L}C S)JILH M\ 43.5) le))\c) Cy‘/ JGB"

llg_')ll’

"l o d g Y S e e O

ud:\:j‘n’
"SJAM\ SJ.&J\ o 2.»5&5) c«UL 95 fw‘"

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label

d,\,JL L94La.!\ ﬁ }ﬁz— Lol 4y WMoy ¢ p o ol b
s »llall

Jil g2 -~ 2 5kl Bl anhy Doy £ ol
e

Jadl L@ sz o A2 Y S e e s

- / P "

Sy 61 52 Jdi S o wdey ol 52 o
5 ala)

Table 25: Gemini structured I‘rab data after JSON transformation

Qwen Output Example

{
e ~so o S Ser
"sentence": "Jull oWl K;‘;" ,
"i3rab": [
{

355
"token": uﬁ«:u’

"i3rab": "3 alall el 4 WMoy 550 polas Jb"

"token": "‘3;:1.&5\" ,

il

"i3rab": "l oY) e 55ull Gl as) edey g Jeb"

"token": lld:\;ijll ,
"i3rab"s MUl 2 o Jadly ol oY oo d g2 Y S e o o L
JAAL L}\x’;ﬁ g_,.,,al J.ﬁ- L}J}JS.L-\))U.—‘J‘ CSJAM‘ sﬂQ\ o~ 2»%)"
}

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label

d,\,JL &,w\ ;}<4 }ﬁz— Lol 4y WMoy ¢ p o ol b
s »llall

Jil g2 -~ 2 5kl Bl anhy Doy £ ol
Jal U e

Jadl L@ sz Jadb 442N S e s 2 sl

- - L 2 (W‘ JM‘J 2l
DEP Gl 5 WS o wedey
Jrl Gl o I 3 50 2

Table 26: Qwen structured I‘'rab data after JSON transformation

Mistral Output Example

"sentence": "dal oWl Sé" )
"i3rab": [
{

IItokenll : llgll s

"i3rab": "l 4 Moy e folie e

"token": " ooWI",
"j3rab": ")M ;u‘ Jc S)u\.&l\ M‘ Ax;) h}&cj C)Q/ JCB"

"token" : "d-f\%nf",
"i3rab": ""L:)Lﬁ‘))js..' fw‘ d..b:.”} Cu‘f‘y‘ o Q Jﬁ ‘YJ..“(J\ éc & ;}j» ;U\
d\» w J$ L})},‘%\})QH cSﬂQ\ o HA%‘)"
}

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label

d,\,JL L94La.!\ ;@ ;4- el andy wadley 50 polian Jud

Jall 2| & el 5,02l L) axdy WDy £ 0 Jeb
odall Y e

Jull, B e Jaall J2 Y S e g o ol

Wby 2 fw\ Jadly el eV e d
Q}))j%‘} )u;-‘%( ch.&.!\ o~ le})\cj
Jo J=

Table 27: Mistral structured I‘'rab data after JSON transformation

DeepSeek Output Example

r

{
) s 3 8or
"sentence": "Judl Sl K<z,
"i3rab": [
{
2o
||token" : n n

"i3rab": "5 Al Al 4y Badley g il Jab"

3,
{
"token": "LS‘?GS‘"’
vidrabts " el Ul o 5,uill el e 1Sy g Jo”
3,
{

"token" : ud:\:jL:n ,
"i3rab": "csj_,‘ij\ o 2»3&0} ‘Utijjﬁ fw‘ d.,\a)\ cﬁi.” éc &* dj- c-U\
(ol Glaze )T) CRIPS TR I N BYY B L
}

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label

d,\,JL &,w\ ;}<4 }ﬁz— Lol 4y WMoy ¢ p o ol b
s »llall

Jil g2 -~ 2 5kl Bl anhy Doy £ ol
S ) e

Jadl, Bl e Jady Jadl Sl e g e 2 s

* TPy 3 UL ST s

4 dpnde ol J2 3 s 205 SN
(Ul e )

Table 28: DeepSeek structured I‘rab data after JSON transformation

Fanar Output Example

"sentence": "dal oWl Sé" )
"i3rab": [
{

IItokenll : llgll s

"i3rab": "3 alall el 4 WMoy g5 0 polias "

"token": " ooWI",
"i3rab": "Sﬁw‘ M\ w) l“%} C}/ pr"

"token" : udv\’JL:n ,
"i3rab": ""L:)Lﬁ‘))js..' fw‘ d..b:.”} Cu‘f‘y‘ o Q Jﬁ ‘YJ..“(J\ éc & ;}j» ;U\
5 S o LoDy

}

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label
d,\,JL &,w\ ;}<4 ;4‘- el 4y WMoy £ 0 polias Jub
s »llall
Jadl, Hl e s>\l 5 Al Heid) ) Bl 50l
EPTRRE I A ) RN T!
” sWbosz o Jadl 2l o d
PG| PP

Table 29: Fanar structured I‘rab data after JSON transformation

GPT Output Example

{
6~ o S Sor
"sentence": "Jul oWl )fé" ,
"i3rab": [
{

2 Sor
"token" : ug’:u s

"IBrab": " ol e e Jeldly cheid) 4y WMy § 30 poliae Jub"

+,
{
"token": GALA\
visrab’: 75 Al Aol asd, haSles #5, Jeb
3,
{

"token" : "J:\;EL.J" ,
"i3rab": "sUl 4y 2 f.v\ dadly ol eY) e d 2 N Jo s 2~ sl
SIMQ‘ Oﬁ Hﬂ%}"

}

After the initial transformation, the data becomes organized as follows:
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Sentence

Token

Label

)

Jid, B 2

P-4

}}z/

ol amdy Wadley ¢ b o ¢l b

-0

P-4

Judl 2B sz s>l i pl) Al anhy BeSles 0 Jol
Judl L 52 JaL J2 Y S e o 2 Sl

5 S 0 LoDy

Table 30: GPT structured I‘rab data after JSON transformation

Jais Output Example

{
"sentence": "d:\;j\-g Ls.a\ﬁ‘ if;," )
"i3rab": [
{
"token": "}ﬁ;," ,
1,
{
"token": "LS.AQ\" s
1,
{
"token": "d:\;}b" s
}
]
}

"i3rab": ".Ml{ ij"/ @Lﬁﬁ J";n

"i3rab": ".idill dedll g Jb"

"i3rab": ".SJ...&.)L! ))ﬁ fw‘ du\aj‘} ¢ Jf ;«u‘"

After the initial transformation, the data becomes organized as follows:
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Sentence Token Label

dwb L94La.!\ ;@ }ﬁ}. Aedl g s #olas b

Jall 2 & 2 il Al g el

July G < Jay 2 el il n Cm

v S

Table 31: Jais structured I‘rab data after JSON transformation
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