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Abstract - Arabic Natural Language Processing (NLP)
applications suffer from a scarcity of high-quality data,
especially in tasks involving linguistic error correction and
Arabic image captioning. In this research, we present a
framework designed to enhance the quality of Arabic texts by
constructing a dataset that has been precisely corrected for
linguistic, grammatical, and orthographic errors. This was
achieved by using the Arabic-translated version of the Flickr8k
dataset that originally used in image captioning task, where
the data underwent manual auditing and correction, followed
by a subsequent review by an expert in the Arabic language to
ensure accuracy and reliability. Furthermore, we provide a
comprehensive statistical analysis of all errors identified in the
original dataset, classifying them into five categories:
grammatical, orthographic, linguistic, translation errors and
captions redundancy. Utilizing this data, we fine-tuned the
AraT5 and mT5 models to address the task of Arabic text
correction within a text-to-text transformer. Additionally, a
data augmentation was performed on the main dataset to
enhance the models' generalization capabilities. To evaluate
the models’ performance, we employed the BLEU, CIDEr,
METEOR, and AraBERT metrics. The results demonstrated
that the utilization of the corrected and augmented data led to
a significant improvement in model performance.
Furthermore, we observed a slight improvement in the results
of the AraT5 model over the mT5 model. This study
contributes a high-quality Arabic linguistic resource
applicable to various NLP tasks while simultaneously
underscoring the critical importance of data quality in
enhancing the performance of Arabic language models.

Key Words: Arabic Image Captioning, Flickr8k, Arabic
Text correction, Data Augmentation, AraT5, mT5.

1. INTRODUCTION

The quality of textual data plays a main role in the efficacy of
NLP models, particularly with the Arabic language, which is
distinguished by its rich morphology and structural
complexity. The complexity of the language is evident in a
variety of aspects, including grammar, orthography and
diacritics. These elements have a direct impact on the
semantic meaning of the language. Additionally, the
existence of multiple forms for a single word and the wide
variation in dialects increase the challenge. All these features

make the process of generating a high-quality dataset
extremely important as any problem in data integrity can
negatively impact model performance [1]. Many Arabic NLP
fields, such as text generation, machine translation, and
image captioning, rely on datasets translated from other
languages, especially English. For instance, in the domain of
Arabic image captioning, the most widely used datasets
include Flickr8k [2], MSCOCO [3], and Multi30k [4];
however, all of these have been translated into Arabic either
automatically or semi-automatically. This process frequently
results in various linguistic errors [5], such as unnatural
syntactic structures, context-insensitive literal translations,
and spelling mistakes. Additionally, semantic issues often
arise due to the loss or alteration of the original meaning
during translation, as a result, the generated texts are of
lower quality and less representative of natural Arabic.
These challenges directly affect the training of NLP models
[6]. Modern models, particularly transformer-based
architecture, such as T5 models heavily rely on the quality of
input data. In the event of the training data being noisy or
inaccurate, the model will learn weak representations,
resulting in outputs that are incorrect or even linguistically
unnatural. This finding emphasizes the importance of
verifying the data prior to its utilization in training models,
rather than focusing simply on augmenting the size of the
dataset. This study aims to address these challenges by
constructing a manually verified Arabic dataset that has
been manually corrected for linguistic, grammatical, and
orthographiclevels. The first 2,001 Arabic captions from the
Flickr8k dataset were selected and refined through multiple
stages. This involved correcting grammatical and
orthographic errors, translation errors, eliminating
redundancies, and standardizing sentence structures to
ensure style consistency. Additionally, we enhanced the text
by adding appropriate diacritical marks (Tashkeel) at the
end of each word in each sentence, which reduces semantic
ambiguity and enables models to learn grammatical
relationships with high precision. Following the dataset
construction phase, the refined data were used to fine-tune
the AraT5[7] and mT5 [8] models, which are based on the T5
[9] architecture, to correct input Arabic sentences and
generate grammatically correct output (Arabic text
correction). The significance of this approach lies not only in
improving the performance of existing models but also in
generalizing to new Arabic texts containing similar types of
errors. This work highlights the importance of improving
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Arabic linguistic data. So, our main contributions can be
outlined as follows:

1. The creation of an Arabic dataset of high quality, with
linguistic and grammatical corrections, that is suitable for
use in multiple Arabic natural language processing (NLP)
applications.

2. A statistical analysis of errors within the original Arabic
Flickr8k data, categorized by type into grammatical,
orthographic, linguistic, and translation errors.

3. The utilization of the enhanced dataset to fine-tune the
AraT5 and mT5 models for the automated correction of
Arabic texts.

4. An evaluation of model performance using the BLEU,
CIDEr, METEOR, and AraBERT to assess textual integrity and
semantic accuracy. This evaluation was supported by a
qualitative analysis of the resulting sentences.

2. Related Works

In this section, we review the datasets used for Arabic image
captioning, as well as the T5 models that support the Arabic
language. Arabic image captioning is still till now an active
area of research; indeed, the process of creating a large-scale
and high-quality annotated dataset is still ongoing. For
instance, the aim of ImageEval2025 competition [10] was
divided into two primary objectives: first, the creation of a
large dataset for Arabic image captioning, and second, the
development of the most effective model for this task. In
addition, three datasets are currently used as benchmarks for
the task of Arabic image captioning: The Arabic Flickr8k
dataset is based on the English dataset Flickr8k [11], which
consists of 8,000 images of a variety of scenes involving
people and animals, each image paired with five English
captions. Based on it, Eljundi created the Arabic version by
translating three of the image captions into Arabic using the
Google Translate API. This stage was followed by a manual
review of the translated captions by a specialist to correct any
contextual errors that may have occurred during translation.
After that, the best three translated captions were selected
from the original set of five. MSCOCO, translated from [12],
this dataset comprises 123,287 images, each image paired
with five English captions. The captions were translated
automatically, without any human review. Multi30K, an
extension of the Flickr30k dataset [13], this dataset consists
0f 31,014 images, each paired with five English captions. One
of these captions was translated by human experts into
German, French, Czech, and Arabic. Despite the importance of
these resources, several studies have shown that translated
datasets often suffer from poor semantic and linguistic
quality, particularly when converting texts into languages

with complex structural characteristics, such as Arabic. In
many cases, the translated data lacks rigorous linguistic and
grammatical accuracy, which reduces its effectiveness for
tasks like text correction or Arabic image captioning, this can

lead to the accumulation of errors, whether originating from
inaccurate translations or from models trained on such noisy
data [14].

Among the most used models for text generation is T5, a pre-
trained language model designed for text-to-text
transformation tasks. T5 is employed in various language
generation tasks such as machine translation and text
summarization, where both the model's input and output
consist of text. T5 architecture is based on the encoder-
decoder Transformer. Building on the T5 architecture, the
mT5 model was introduced as a multilingual model that is
trained on over 100 languages including Arabic, whereas the
AraT5 model is trained exclusively on the Arabic language.

3. Types of Sentences and Errors in the Arabic
Language

Arabic sentences can be classified into two categories [15]:
Nominal sentences and Verbal sentences. A nominal sentence
generally consists of two main components: the subject
(Mubtada l+ix) and the predicate (Khabar ). The subject is
usually a noun, while the predicate may take the form of a
noun or a verbal sentence. Nominal sentences may also begin
with particles such as Inna and its sister (%5315 of) or Kan
and its sister (&) 5315 0\S). On the other hand, verbal sentence,
consists of a verb and a subject (Fa'il J=14), and verb can be
transitive, requiring one or more direct objects. Simple
sentences can evolve into compound sentences when two or
more simple sentences are linked together using
conjunctions.

Errors in Arabic sentences can be categorized into five
primary types [16]:

e  Orthographic Errors: These refer to the incorrect
orthography of words whether due to confusion
between similar letters like, errors involving the
Hamza [5,3,¢], the letter Ha versus the Ta' Marbuta
[« 4], or between Alif ['] versus the Alif Magsura [s],
as well as errors distinguishing between the letter
Nun [¢] and Tanwin [¢ ] nunation. Other types
include incorrect letter order, or the addition or
omission of letters.

e Morphological Errors: These relate to changes in
word structure, such as the addition or omission of
letters, which can affect meaning or syntax.
Morphological errors also include mistakes in
gender (masculine/feminine) and definiteness
(definite/indefinite articles), verb forms, or
incorrect inflections for nouns and pronouns [17].

e Syntactic Errors: These occur when words are
incorrectly formed or written due to violations of
grammar rules. Examples include errors in case
diacritics, errors in genitive, accusative, and
nominative, and errors in grammatical number
agreement (e.g., <l Axuiinstead of <lils aud) [17].

e Semantic Errors: occur when a word is
inappropriate in meaning or context, such as
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selecting an unsuitable word or misusing a
conjunction, which can affect the correct meaning of
the sentence.

e Punctuation Errors: These involve the insertion of
unnecessary marks, omission of necessary marks, or
the substitution of one mark for another, all of which
affect the clarity of the sentence.

4. The Enhanced Arabic Flickr8k Dataset

This section will address the problems of the original Flickr8k
database and the proposed enhanced database. Dataset
available at:
(https://www.kaggle.com/datasets/hadeelabdr/enhanced-
arabic-flickr8k ).

4.1 The Arabic Flickr8k issues:

The Arabic version of the Flickr8k dataset has several
issues, including grammatical, orthographic, translation, and
semantic problems. These issues have the following
consequences:

e Low data quality: Grammatical and orthographic
errors alter the original meaning of captions,
making them inconsistent with the image and
difficult for readers to understand correctly. This
has a negative impact on the automated image
captioning process.

e Inaccurate Image captions: Many image captions in
Flickr8k suffer from machine translation of
English captions, sometimes resulting in
inconsistency between the image and its caption.

e Duplicate captions for the Same Image: These
captions do not offer any new features that could
be used to train the image caption model.

4.2 Development and Refinement of the Arabic
Flickr8k Dataset

Within the scope of this research, we developed an
enhanced Arabic image captioning dataset from the Arabic
Flickr8k, adhering to precise grammatical, orthographic, and
semantic standards. The descriptions for the first 667
images, comprising the 2001 captions, were manually
reviewed by the researcher to identify and correct errors.
This was followed by a second proofreading process by an
expert in the Arabic language from the Faculty of Arts and
Humanities at the University of Aleppo, thus enhancing its
reliability as a tool to support related research and
applications. The review and proofreading process revealed
the following problems:

Translation errors: Many captions contained translation
errors, totaling 643. These errors are divided into two types,
the first is an error in a word or term, and the second is the
possibility of using another synonym to improve the
meaning of the sentence in Arabic

o "Awhiteand brown dog" translated as "a white and
a white dog wasl 5 Ll Q"

e "A multiracial couple posing for a picture"”
translated as "a multiracial couple representing
for a picture 5_ sl (Sia Gl_e Y (gasxie Ca s )"

¢ "A large white dog lying on the floor" translated as
"alarge white dog thrown on the ground aul IS
=Y Gle ile g

e "A dog runs on the green grass near a wooden
fence" translated as "a dog stretches on the green
grass near a wooden fence »aa¥lcuiall e Sy (IS
A 7l e A"

Grammatical errors, 195 errors were identified,
including grammatical errors or ambiguity in the
grammatical error. Such as:

o Two dogs play together on the beach. " <3Sl (e (33
Bl e b o=l incorrect agreement in
number and verb form

o Alittle girl. "s_wall 338" incomplete sentence.

e Two girls are skiing. "Gl 3% JW&", incorrect verb
agreement.

e Awoman is talking. "asi 8l el
e brown dogs are crossing the water. " &3S
elall yie yai iy incorrect dual/plural agreement

Linguistic errors, which contain non-Arabic words,
totaled 64.

e Bungee cords. "~ Jua"

e A woman writing a note "4 s iS5 8l yal"

Spelling errors:

e ia adihic (misspelled form)

o e S Gl e pand
saall(incorrect spelling ,ES1)

o g e lelill il oua (using Ta' Marbuta
instead of ha)

Caption redundancy, a total of 11 duplicated captions as
in image “1193116658_c0161c35b5", the caption " S _yi sl
Uaall 0¥ 48 5l 4a) A" is repeated twice.

To address these issues in the Flicker8k database, it was
necessary to restore the Arabic text (image captions) to its
correct Arabic linguistic form, following these steps:

1.Proofread and correct these captions to eliminate
grammatical, orthographic, and redundancy-related errors.

2. Standardize the sentences by placing the verb at the
beginning of the sentence to reduce syntactic ambiguity. "sué
zRsB (-.Lai odat e Sall slaza 3 s became "sUaka s a3l ulas
A b ol 3L

3. Adding diacritics to the ends of words in each sentence.
This stage was followed by a proofreading process by an
Arabic language specialist. To illustrate the impact of the
proposed refinement process, (Table 1) presents examples
of image captions before and after correction. The refined
captions demonstrate improvements in grammatical
accuracy, lexical choice, and syntactic clarity.

Osy day

Table- 1: Caption before and after modification process

Original Image | Image captionin Modified Image
caption English caption
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&) Gl s a3l | A little girl climbing | ) 3 siea 4k e

A e into a wooden (el Calll gy
playhouse

Gl s jpn Alils Alittle girl climbing | s 2k b

e )z the stairs to her calll ) 7 A
playhouse

Q55 (A B a3l Alittle girl in a pink | Lt 8_sia 38 (53 5

gy dress going into a S lisha s

Ll 3 ) geaiall wooden cabin 4iall 3 ) guadall

4.3 Data Preparation and Augmentation

To achieve optimal results and enhance the models'
generalizability, we implemented data augmentation to
increase the dataset size, which consists of 2001 Arabic
sentences. This augmentation was applied only to the
original sentences before proofreading, following these
steps:

1. Creating synonym groups for some verbs found in the
sentences using Arabic WordNet [18], in addition to
synonyms found in the Arabic captions. This resulted in 74
groups, separating the masculine singular synonyms for each
verb into separate groups, as well as the feminine singular,
masculine dual, feminine dual, and masculine and feminine
plurals. Examples of these groups include:

o ol
o )y aaliy Sk

2. Creating noun synonym groups, which includes 27

synonym groups for nouns, as in the examples:
o 5o Alilal)
o candll Jasll il

3. Creating adjective synonym groups, which results in 8

synonym groups for adjectives:
. J\A.“ ’uab.n”
o Adadin ’3)995

Finding permutations of verbs, nouns, and adjectives in
the sentences of the original pre-proofread sentences,
therefore, the number of Arabic sentences increased to 6103.

For the sentence "3 gwe ) Gl b prua k" we
obtained three sentences: "83" " o33 7 e ) Gladis jiaaa dlih
R e ) L3 pa " and " dA e ) deal s praa Al

To reduce potential ambiguity for the model, explicit
instructions were included with each input sentence, using a
directive that guide the model to rewrite the sentence to
ensure agreement between the verb and subject in terms of
gender and number.

5. Our Experiment

5.1 Fine-Tuning process

During the experiment, we performed fine-tuning of the
AraT5 and mT5 models on our enhanced dataset, with the
objective of developing a model capable of automatically
correcting input Arabic sentences. This was achieved by fine-

tuning both models on the dataset before and after the
proofreading and correction process. A set of evaluation
criteria was used to measure the performance, including
BLEU, METEOR, CIDEr, and AraBERT, in addition to
qualitative analysis comparing the generated sentences with
reference sentences to evaluate grammatical correctness and
semantic accuracy

5.2 Experiment Setup

The experiment was conducted on the Kaggle platform
usinga GPU P100. Initially, we used each model's tokenizer to
obtain the numerical representation of the text. To ensure
consistency, sequence lengths were set to 64 tokens,
corresponding to the caption lengths in the dataset. Padding
was applied to captions shorter than 64 tokens. The dataset
was divided into two parts: 80% for training and 20% for
testing. The models were tested on the test set for evaluation.
Sentences were generated sequentially using beam search
with a beam size of five, selecting the optimal sentence each
time. Additional constraints were applied to improve the
quality of the text and reduce repetition of n-grams within
each generated sentence.

5. Results and discussion

We conducted six separate experiments to evaluate the
performance of the models, using a set of metrics to assess
theresults: BLEU, CIDEr, METEOR, and AraBERT, in addition
to qualitative analysis. In the first three experiments, the mT5
model was used. The first experiment involved evaluating the
mT5 model without fine-tuning, while the second and third
experiments involved fine-tuning the model using the dataset
of 2001 sentence pairs and 6103 sentence pairs, which were
obtained after data augmentation. The same experiments
were repeated for the AraT5 model, and the results are
shown in (Table 2).

The results show that the models without fine-tuning are
insufficient for performing Arabic sentence correction, with
generally poor performance, especially in the AraT5 model. In
contrast, fine-tuning led to a significant improvement in all
metrics. Additionally, the datasetaugmentation from 2001 to
6103 sentence pairs further enhanced performance,
reflecting the importance of data size in enhancing the ability
of models to correct errors and generate correct Arabic
sentences.

After training models on the augmented data, the
performance of the two models was very similar, with a slight
advantage observed for the AraT5 over the mT5 model.
Furthermore, an analysis of the evaluation criteria showed a
significant increase in the CIDEr value, reaching 8.8420,
indicating a high degree of similarity between the generated
and reference texts. Meanwhile, the METEOR value was
0.9330, demonstrating strong semantic similarity between
the generated and reference texts. The BLEU scores were also
high with BLEU1, BLEU2, BLEU3, BLEU4 reaching 0.9387,
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0.9197,0.9021, 0.8754, respectively, shows a strong n-gram
overlap with reference texts. However, the AraBert was a
little bit higher value in mT5 than AraT5.

Table -2: mT5 and AraT5 Results

mT5 Results

Metric Baseline Size_2001

transport, alall Jiill 2ws 5 4", [n contrast, AraT5's results after
training on 2001 sentences were observed to be of lower
quality than mT5. Some morphological errors appeared,
such as the omission of the definite article in the first
sentence, "The dogs are gray, 4k, <38", in addition to a
semantic error in the third sentence where the verb "to sip,
i " was replaced with "to sprinkle, (i »" and a gender
agreement error where "I 4" was used instead of "1 ",

Size_6103 After training on 6103 pairs of Arabic sentences, mT5's
B1 0.1459 0.7931 0.9348 results were mostly good, with some problems, such as in
the first sentence, where "~»=%" would have been
B2 0.0761 0.7247 09114 semantically better than "JSU", and the dog's color was
changed from white to brown. The results for the second and
B3 0.0512 0.6499 0.8879 third sentences were grammatically correct. As for AraT5,
the model successfully transformed "to hit a toy, e < i
B4 0.0423 0.5742 0.8550 41" into "to fight for a toy, &l Jal (s« S, While the second
METEOR 01314 07916 09274 fenten.ce was .c01jref:t,..}t" seerr}’ed more accurate to use
standing within, e 34" than "a dust storm appears, ek
CIDEr 0.4690 6.1086 8.6779 Al Adale”,
It is important to mention that the qualitative examples
AraBERT | 0.4710 0.9419 0.9827 presented in this study vary for each experiment. This can be
assigned to the implementation of random data splitting,
AraTS5 Results which resulted in the generation of different test samples
- - - through experiments. Therefore, this comparisonillustrated
M Basel 2001 : .
etric aseline Size 200 Size_6103 the differences through models.
B1 0 0.7180 0.9387
Table -3: Examples for the six experiments
B2 0 0.6369 0.9197
Input Prediction Reference
B3 0 0.5523 0.9021
mT5 Dfoa cua <extra_id_0> | = 3l%
B4 0 0.4828 0.8754 . dadd D@l | e Jad ) bea
Baseline ledas ,a EReR
METEOR 0 0.7054 0.9330 &) jhua Sy
) 'f“\ <extra id 0> “pa Ol Jolans
CIDEr 0 5.0555 8.8420 o G| S | o i e
AraBERT | 0.3708 0.9078 0.9820 8l A S <extra_id_0> | &l =Sy
Q_AUAS‘)""‘)“} 53‘—‘5 ‘;G\‘)AAB‘):\M
Ol Ol
Some examples are shown in (Table 3), that generated from mT5 S gpnday | sowdayYy | L. i
each experi i i ; ; e 2 5
periment. For the mT5 Base model, the first and third . Wl pael jin | Janggel sia e
: ) Size_2001 L - LGl sl skl 5 6l yia
generated sentences were incomplete, while the second o3t ) e 5 G sy Al
sentence was completely different from the input sentence, i A3 5Ll i s ALl
and the model failed to remove the special el all e il Oe O ey 0o O ey
token<extra_id_0> because the training data was not e Oladiay Sle sl all Sle sl all
processed correctly. In contrast, the AraT5 Base model BESS 5okl BESS
completely fa.lled in gerlleratlng sentences and displaying T gn ol O | i s O ol | gy Oal ol
random Arabic and English words and tokens, unrelated to Sle dina b ISP Aias d dydall
the input sentence. pladd Jall Ay | alall Jaill Alasy | i) Ay
After fine-tuning the mT5 model on 2001 sentence pairs, a el
clear improvemer'lt was observed .in word order and 'the mT5 ua\ K oo ‘;_dsdsh uﬂ‘dsﬁmm
overall grammatical, orthographic, and morphological . o dShglays | WS o ol | S oM gala s
quality of the sentences. However, some minor problems Size_6103 s panl QIS s el s sl
remalged, such as in the third s.enFence, where s'(?mantlc o5 Ol LK o O T oo
reduction occurred due to the omission of the verb "put the Zalidl lea Zaludl slaa daludl slaa
bag, 4uésll 2" in addition to the incorrect choice of the — T & = ——
preposition "on public transport, Al Jill iy JAe" which s OB Rl IR R o e
. . IR e al) Al A gl | dala e gl
would have been better grammatically as "in public
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;\J)u'&)& ;L.'Aeg} c\d‘}u ;La.'a..g..l_’;b}u
slian g
AraT5 RECRTY PR solar solar | A e desy
i Tl | duad
Baseline Malay ’
Malay ©
~apierre
AraT5 QAN (e Ge O ey LS caly
. IS 5 Al Aale,y 2 S5 glale
Size 2001 &b haaly 3 g P E) A8 G gl
ssle
S nday day S dao S
Jl il asal o Jal il adal o < Jaud adal
K2 ds.ui OS] ds.mi Lﬁ)u
ol pALE sl el | LGl el o L5 yel Cad 5
LS g 3 dl LS iy 5 3 gl LS g 3 gl
Size_6103 il il
ddale y K QS yelay (paain lS iy
1l Al il ey | Al ddale
Sle Al lsll sl Qi Gany |l S gy
S ome iy | Asles S KPS
ie pilae o) jhas

6. CONCLUSIONS and Future Work

In this study, we presented an enhanced version of the
Arabic Flickr8k dataset, along with a detailed analysis of its
linguistic errors. The enhanced Arabic Flickr8k was utilized
to fine-tune the mT5 and AraT5 models. The results showed
that these models, particularly AraT5, produced incorrect
and grammatically weak sentences without training. Fine-
tuning the models on 2001 sentence pairs resulted in a
significant improvement in sentence quality in the
grammatical, orthographical, semantic, and morphological
quality of the generated sentences, despite some minor
issues. Therefore, we expanded the dataset using a data
augmentation approach based on verbs, subjects, and
adjective synonyms. This resulted in a dataset of 6103 Arabic
sentence pairs, which helped to improve the correction of
the input sentences, resulting in grammatically correct
sentences with only minor differences from the reference
sentences.

The results confirm that both fine-tuning and data quality
enhance the ability of Arabic models to produce correct
Arabic sentences.

In future work, we plan to expand the dataset by increasing
the number of corrected sentences and enriching each
sentence with its proper grammatical annotation (I'rab). Itis
also possible to integrate with other datasets to increase the
diversity of Arabic sentences.
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