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Abstract
The development of Arabic natural language processing (NLP) applications and large language models (LLMs)
faces substantial challenges, primarily due to the scarcity of high-quality native Arabic datasets. To address this
critical gap, we present DIA2 (a Comprehensive and Diverse Diacritized Modern Standard Arabic Corpus), a novel
dataset curated from 28 diverse, carefully selected Arabic sources. DIA2 emphasizes the use of original Arabic
text and explicitly avoids machine-translated content. The corpus incorporates substantial amounts of text from
books, news articles, and poetry, and employs extensive data preprocessing to support NLP research and LLM
development. Our preprocessing pipeline includes rigorous text cleaning, URL- and document-level deduplication,
and automatic diacritization, while preserving a gold diacritized subset derived from manually annotated sources.
The resulting corpus comprises over 140 GB of high-quality text, containing more than 26 million unique words and
41.9 billion tokens.To evaluate the proposed pipeline, we conducted controlled continued pretraining experiments
using Llama3.1-8B on both raw and processed subsets of DIA2. The model trained on processed data consistently
outperformed its counterpart across multiple Arabic evaluation benchmarks. These results highlight the positive im-
pact of systematic preprocessing and the utility of DIA2 in empowering native Arabic LLMs and downstream NLP tasks.

Keywords: Dataset, Modern Standard Arabic, Large Language Models, Natural Language Processing,
Preprocessing

1. Introduction

Arabic is one of the most widely spoken and cul-
turally significant languages in the world, spo-
ken by over 422 million people across 22 coun-
tries in the Middle East and North Africa (Habash,
2010; Farghaly and Shaalan, 2009). Despite rapid
progress in natural language processing (NLP) for
many high-resource languages, Arabic research
remains comparatively underdeveloped, largely
due to a combination of morphological richness
(Habash, 2010; Farghaly and Shaalan, 2009), di-
alectal diversity, orthographic variation (El-Haj et al.,
2014; Ibrahim et al., 2019; Ali, 2018), and lim-
ited availability oflarge-scale, high-quality linguis-
tic resources (Darwish, 2018; Zaghouani, 2014;
Alshaikh et al., 2021). As a result, most re-
cent advances in NLP and large language mod-
els (LLMs) continue to disproportionately benefit
high-resource languages (Wang et al., 2018; Ruder,
2018), leaving Arabic under-represented and con-
strained by fragmented, inconsistently curated, and
often inaccessible datasets (Darwish, 2018; Za-
ghouani, 2014; Alshaikh et al., 2021).

Recent efforts have begun to address this gap
through the release of large-scale Arabic corpora.
However, many existing resources rely heavily on

web-crawled or Common Crawl data, which can in-
troduce substantial noise, duplication, and domain
imbalance (Aloui et al., 2024; Farhat et al., 2024;
Kreutzer et al., 2022). Other datasets incorporate
machine-translated text (Sengupta et al., 2023; Ali
et al., 2023), potentially distorting Arabic linguistic
structure through cross-lingual artifacts. Moreover,
most large Arabic corpora omit diacritics (Zerrouki
and Balla, 2017; Fadel et al., 2019; Farghaly and
Shaalan, 2009), despite their critical role in preserv-
ing syntactic, morphological, and semantic distinc-
tions in Arabic, a morphologically rich language
where meaning is often ambiguous without vocal-
ization. These limitations collectively restrict the
effectiveness of Arabic datasets for training robust
language models and downstream NLP systems.

To address these challenges, we introduce DIA2
(a Comprehensive and Diverse Diacritized Modern
Standard Arabic Corpus), an open-source, large-
scale Arabic dataset explicitly designed to support
high-quality NLP research and LLM development.
Unlike many existing corpora, DIA2 is curated exclu-
sively from native Arabic sources, avoiding reliance
on machine-translated data. The dataset draws
from 28 carefully selected sources, including books,
news articles, encyclopedic content, and poetry,
to ensure domain diversity and liguistic authentic-
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ity. DIA2 is further distinguished by rigorous and
transparent preprocessing pipeline, incorporating
extensive data cleaning, URL- and document-level
deduplication, and automatic diacritization, while
preserving a gold diacritized subset derived from
manually annotated resources1.

The resulting corpus comprises over 140 GB
of high-quality diacritized Arabic text, containing
more than 26 million unique words and 41.9 billion
tokens, making DIA2 one of the largest publicly
available diacritized resources for Modern Stan-
dard Arabic (MSA)2. In addition to the diacritized
version, a parallel non-diacritized variant is also re-
leased3, enabling flexible use across a wide range
of NLP tasks. To assess the practical utility of
DIA2, we conduct controlled continued pretrain-
ing experiments using LLaMA 3.1 (8B) (Grattafiori
et al., 2024).

2. Related Datasets

Large-scale Arabic corpora have recently emerged
to address the scarcity of extensive datasets for
Arabic language modeling. For instance, the 101
Billion Arabic Words Dataset (Aloui et al., 2024)
targets authentic Arabic content and applies a rigor-
ous cleaning pipeline to reduce noise and duplica-
tion. Similarly, the 1.5 Billion Words Arabic Corpus
(El-khair, 2016), which is primarily composed of
news articles, has been widely adopted in Arabic
NLP research, although its scale remains limited
for training contemporary LLMs.

More recent efforts aim to expand both scale
and domain coverage. The Large Arabic Corpus
for LLMs (Ali et al., 2023) integrates books and
news sources, but also includes lower-quality web-
scraped and machine-translated content, raising
concerns about noise, mistranslations, and linguis-
tic inconsistencies. Similarly, the Jais Dataset (Sen-
gupta et al., 2023) aggregates large volumes of
Arabic text but relies partly on translated and web-
crawled data, potentially introducing cross-lingual
artifacts and domain imbalance.

Other initiatives focus on refining Arabic-centric
resources. AraMUS (Alghamdi et al., 2023) ex-
pands monolingual Arabic data by aggregating and
preprocessing existing corpora, emphasizing scale
and model training efficiency. While effective for
large-scale pretraining, such approaches inherit
limitations from their source datasets, including in-
consistent cleaning and limited linguistic control.

1https://huggingface.co/datasets/
DIA2-Arabic/DIA2-Tashkeela-Gold

2https://huggingface.co/datasets/
DIA2-Arabic/DIA2-Dataset-Diacritized

3https://huggingface.co/datasets/
DIA2-Arabic/DIA2-Dataset-Non-Diacritized

In parallel, several task-specific Arabic datasets
have been released, including KIND (Yamani et al.,
2024), ArQuAD (Obeidat et al., 2024), CIDAR
(Alyafeai et al., 2024), and ArabicaQA (Abdallah
et al., 2024). These resources provide high-quality
annotations for targeted tasks such as classifica-
tion, reading comprehension, and question answer-
ing, but are narrow in scope and not designed for
large-scale language model pretraining.

In summary, existing Arabic datasets contribute
valuable resources across different scales and
tasks; however, many suffer from one or more limi-
tations, including heavy reliance on web-crawled
data, inclusion of machine-translated text, lack of
systematic deduplication, omission of diacritics, or
restricted domain coverage. These gaps under-
score the need for large-scale, high-quality, natively
sourced, and consistently curated Arabic corpora.
DIA2 directly addresses these limitations by com-
bining native Arabic sources, extensive preprocess-
ing, large-scale diacritization, and public availability,
positioning it as a complementary and foundational
resource for advancing Arabic NLP research and
language modeling.

3. Dataset Overview

DIA2 is a large-scale corpus focused on MSA, de-
siged to address the persistent lack of high-quality,
systematically curated Arabic datasets required for
reliable NLP research and language model training
(Aloui et al., 2024). The dataset was curated from
28 publicly available native Arabic sources, ensur-
ing broad domain coverage and linguistic authentic-
ity, while explicitly avoiding any machine-translated
content (Obeidat et al., 2024). The sources span a
broad geographic range, covering the Gulf (Oman,
Saudi Arabia), the Levant, Egypt, North Africa (Mo-
rocco), as well as multi-regional resources, along-
side classical Arabic resources representing the
pre-Islamic and early Islamic periods. As shown
in Table 1, the data sources are distributed across
general-purpose content (72.93%), news (26.23%),
books (0.50%), and poetry (0.35%).

The general-purpose category comprises di-
verse text types suitable for large-scale language
modeling, including CulturaX (Nguyen et al., 2023),
NADiA (Al-Debsi et al., 2019), SANAD (Einea et al.,
2019), and Arwiki (Contributors, 2024).

The news category focuses on contemporary
topics and includes several Arabic news corpora
such as AraNews (Nagoudi et al., 2020), Arabic
News Articles (Altamimi and Alayba, 2023), the
Ultimate Arabic News Dataset (Al-Dulaimi, 2022),
and the Saudi Newspapers Corpus (Alhagri, 2015).

DIA2 also incorporates formal and literary Ara-
bic, including text from the Hindawi Bookset (Elfi-
lali, 2023) and the King Saud University Corpus of

https://huggingface.co/datasets/DIA2-Arabic/DIA2-Tashkeela-Gold
https://huggingface.co/datasets/DIA2-Arabic/DIA2-Tashkeela-Gold
https://huggingface.co/datasets/DIA2-Arabic/DIA2-Dataset-Diacritized
https://huggingface.co/datasets/DIA2-Arabic/DIA2-Dataset-Diacritized
https://huggingface.co/datasets/DIA2-Arabic/DIA2-Dataset-Non-Diacritized
https://huggingface.co/datasets/DIA2-Arabic/DIA2-Dataset-Non-Diacritized


117

General Purpose News
Source Size (MB) Source Size (MB)
CulturaX (Nguyen et al., 2023) 190,000 NADiA (Al-Debsi et al., 2019) 21,100
Opus Wiki (Wenzek et al., 2020) 29,355 AraNPCC (Al-Thubaity et al., 2022) 20,000
ArWiki (Contributors, 2024) 10,600 SANAD (Einea et al., 2019) 19,100
Tashkeela (Zerrouki and Balla, 2017) 1,220 Arabic News Articles (Altamimi and Alayba,

2023)
17,500

KALIMAT (El-Haj and Koulali, 2013) 511 OSIAN (Zeroual et al., 2019) 6,490
KSUCCA (Alrabiah, 2014) 441 Arabic-News (Saad, 2019) 4,130
Al-Watan (Abbas et al., 2011) 28 Arabic Billion Words (Saad and Ashour, 2019) 1,800
Opus100 (Zhang et al., 2020) 3.49 Arabic Fake News (Khalil et al., 2022) 1,640
Arabic Quotes (Boulahia, 2023) 1.12 Goud-sum (Issam and Mrini, 2022) 622

AraNews (Nagoudi et al., 2020) 632
Ultimate Arabic News (Al-Dulaimi, 2022) 543
Arabic Classification (Mohamed, 2018) 374
Saudi Newspapers Corpus (Alhagri, 2015) 103

Books Poems
Source Size (MB) Source Size (MB)
Sanadset (Mghari et al., 2022) 1,330 Arabic Poems 2 (Yousef et al., 2019) 528
Hindawi Books (Elfilali, 2023) 472 Arabic Poems 1 (Rezk, 2023) 438

Ashaar (ARBML Team, 2024) 252
Classical Arabic Poetry (El Karef, 2022) 49

Table 1: Raw Dataset Composition by Category and Source

Classical Arabic (KSUCCA) (Alrabiah, 2014). In
addition, the dataset covers poetry and expressive
language, drawing from the Arabic Poem Compre-
hensive Dataset (Parts 1 & 2) (Rezk, 2023;Yousef
et al., 2019), Ashaar (ARBML Team, 2024), and
Classical Arabic Poetry (El Karef, 2022).

A strict and multiligual-aware preprocessing
pipeline was applied to remove noisy, duplicated,
and sensitive content while preserving Arabic lin-
guistic structure. The resulting corpus consists
primarily of MSA, with limited inclusion of Classical
Arabic to support stylistic and historical linguistic di-
versity. To address the scarcity of diacritized Arabic
resources, DIA2 provides automatically diacritized
text generated using the CATT model (Alasmary
et al., 2024). In parallel, DIA2 preserves a gold dia-
critized subset derived from the manually annotated
Tashkeela corpus (Fadel et al., 2019). Deduplica-
tion is applied at both the URL and document levels
to ensure dataset uniqueness.

DIA2 is designed to support a wide range of Ara-
bic NLP applications, including language modeling,
diacritics restoration, text-to-speech, named entity
recognition, and MSA versus dialect classification.
Its scale, domain diversity, consistent preprocess-
ing, and high-quality diacritization make DIA2 a
robust monolingual resource for training and evalu-
ating Arabic language technologies.

4. Dataset Preprocessing

To construct a high-quality Arabic corpus suitable
for training modern NLP systems, comprehensive
preprocessing is essential to remove noisy, redun-

dant, and low-quality content. Such noise may
arise from HTML tags, embedded JavaScript code,
boilerplate text, or linguistic anomalies such as ex-
cessive punctuation, non-Arabic scripts, and unin-
telligible character sequences. These artifacts can
disrupt Arabic linguistic structure and negatively
impact model learning, making their removal a criti-
cal step. Accordingly, the proposed preprocessing
pipeline in Figure 1 applies a sequence of filtering,
cleaning, and normalization stages, including URL-
based filtering, deduplication, and metric-based
quality control. To support reproducibility and facili-
tate future research, the full preprocessing pipeline
is made publicly available4.

4.1. Data Cleaning

Inspired by prior large-scale Arabic preprocess-
ing efforts (Ghaddar et al., 2022; Sengupta et al.,
2023), we implemented a fine-grained, sentence-
level data cleaning pipeline aimed at systemati-
cally eliminating noise while preserving linguisti-
cally meaningful content.

4.1.1. HTML and JavaScript Removal

HTML markup and JavaScript code are common
artificats in open-source datasets derived from web
sources and can significantly interfere with down-
stream text processing. These elements were re-
moved using regular expressions (RegEx) and the

4https://github.com/fatimadekmak/
DIA2-arabic-preprocessing

https://github.com/fatimadekmak/DIA2-arabic-preprocessing
https://github.com/fatimadekmak/DIA2-arabic-preprocessing
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Figure 1: Data Preprocessing Pipeline

BeautifulSoup library5. RegEx patterns were uti-
lized to identify and eliminate JavaScript segments
(e.g., <script>...</script>) while Beautiful-
Soup was used to extract clean textual content from
HTML documents, ensuring robust separation be-
tween text and markup.

4.1.2. Personal Information Removal

Open-source corpora may inadvertently contain
personal information, raising privacy and ethical
concerns. DIA2 mitigates this risk through tar-
geted anonymization, replacing identifiable pat-
terns such as phone numbers and email addresses
with standardized placeholders (e.g., +999-999-
9999 and Example@mail.com). Phone numbers
are detected using RegEx patterns, while the pho-
nenumbers Python library6 was employed to im-
prove detection robustness across formats.

4.1.3. Excessive Punctuation Marks Removal

Excessive punctuation can introduce artificial pat-
terns and reduce textual coherence. DIA2 applies
regular-expression-based filtering to remove punc-
tuation sequences exceeding three consecutive
characters, thereby improving readability while pre-
serving legitimate expressive usage.

5https://pypi.org/project/
beautifulsoup4/

6https://pypi.org/project/
phonenumbers/

4.1.4. Enhancing Language Consistency

To maintain Arabic linguistic integrity, two comple-
mentary filtering strategies were applied. Regular
expressions were used to identify and remove long
non-Arabic spans, while selectively preserving es-
sential elements such as numerals and commonly
used symbols. This step also helped eliminate
residual artifacts such as URLs, markup fragments,
and code snippets that persisted after HTML and
JavaScript removal. In addition, sentences contain-
ing less than 70% Arabic characters were removed
to ensure that retained content is predominantly
Arabic, effectively filtering out multilingual noise
and irrelevant text.

4.1.5. Ensuring Data Quality

Additional quality constraints were applied to im-
prove dataset coherence. Sentences shorter than
eight words were removed due to limited informa-
tional value, and documents containing fewer than
64 words were discarded to ensure sufficient con-
texual content. Furthermore, documents in which
more than 30% of sentences were removed during
preprocessing were considered fragmented and
excluded.

4.2. URL-Based Filtering

To ensure content appropriateness and ethical
alignment, URL-based filtering was employed to ex-
clude sources associated with unsafe content. We

https://pypi.org/project/beautifulsoup4/
https://pypi.org/project/beautifulsoup4/
https://pypi.org/project/phonenumbers/
https://pypi.org/project/phonenumbers/
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utilized the UT15 blacklist7, which has been widely
adopted in large-scale dataset filtering (Nguyen
et al., 2023; Penedo et al., 2023).

4.3. Metric-Based Filtering
Metric-based filtering was applied to identify and
remove gibberish and low-quality text using a set
of heuristic criteria. These included excessive char-
acter repetition, minimum Arabic word thresholds,
validation against common Arabic vocabulary, and
constraints on Arabic character proportions. Text
containing non-Arabic scripts, such as Persian
(Farsi), was further filtered using language identifi-
cation tools (e.g., langdetect8). Collectively, these
steps removed up to 35% of noisy entries, substan-
tially improving dataset quality, consistent with prior
large-scale preprocessing findings.

4.4. Arabic-Specific Cleaning Steps
Beyond general filtering, Arabic-specific normaliza-
tion steps were applied to ensure linguistic consis-
tency and suitability for Arabic NLP tasks.

4.4.1. Removing Non-Arabic Characters

An allowlist of valid characters was defined, includ-
ing Arabic script, Arabic and Latin numerals, punc-
tuation, and diacritics. All other characters were
removed to maintain Arabic-centric textual integrity.

4.4.2. Removing Repeated Arabic Characters

Character repetition is common in Arabic, often
used for emphasis or stylistic expression. While
previous work removed all repeated characters
(Hegazi et al., 2021; Mubarak and Darwish, 2014),
our manual inspection revealed that many valid
Arabic words naturally contain double character oc-
currences. To balance normalization and linguistic
authenticity, DIA2 allows up to two consecutive oc-
currences of the same character, preventing exces-
sive repetition while avoiding semantic distortion.

4.4.3. Punctuation and Unicode
Normalization

Following (Sengupta et al., 2023), English punctua-
tion marks were replaced with their Arabic counter-
parts to ensure textual consistency. For instance,
the question mark (?) was replaced with (?), the
semicolon (;) with (;), and the comma (,) with (,).
In addition, Unicode normalization was applied to

7https://dsi.ut-capitole.fr/
blacklists/

8https://pypi.org/project/langdetect/

ensure consistent representation of Arabic charac-
ters, reducing encoding variability and simplifying
downstream processing (Aloui et al., 2024).

4.5. Diacritization
While most Arabic corpora remove diacritics to sim-
plify representation, this practice discards linguis-
tically critical information. Given the objectives of
DIA2, diacritics were explicitly restored to preserve
syntactic and semantic distinctions.

A comparative evaluation was conducted to se-
lect an appropriate diacritization system, compar-
ing CAMeL9 and CATT (Character-based Arabic
Tashkeel Transformer) (Alasmary et al., 2024). We
adopted the encoder-only variant of CATT, which
offers substantially faster inference with minimal
performance degradation, making it suitable for
large-scale processing.

Since CATT is a character-level model trained
on clean MSA text, out-of-distribution inputs such
as raw digits and non-MSA characters are incom-
patible. Accordingly, Persian-origin characters are
normalized to their MSA equivalents and numeric
tokens are expanded to Arabic word forms via
num2words10. Original digits are restored post-
diacritization through index mapping. Sequences
exceeding 1,024 characters are segmented at punc-
tuation boundaries.

4.5.1. Evaluation Setup

We sampled 150 sentences from DIA2 and restored
diacritics using both tools, resulting in 300 sen-
tences for evaluation. Three native Arabic anno-
tators participated, each reviewing 200 sentences,
with 100 sentences shared across annotators to
enable inter-annotator agreement analysis.

Annotators were presented with a random mix
of outputs and manually counted the number of
incorrect diacritics, incorrect case-ending diacritics
(H. @Q«B
 @), and incorrectly diacritized words. Anno-
tators also reported confidence for each judgment,
which was later aggregated as an indicator of an-
notation reliability.

4.5.2. Inter-Annotator Agreement

Error counts were discretized into five bins: 0,
1, 2–4, 5–7, and 8+. This binning reflects error
severity rather than precise counts and is suitable
for comparative evaluation. Inter-annotator agree-
ment was measured using Krippendorff’s α (ordi-
nal) (Krippendorff, 2011), which supports multiple
annotators and does not assume equal distances

9https://camel-tools.readthedocs.io/
en/latest/api/disambig/mle.html

10https://pypi.org/project/num2words/

https://dsi.ut-capitole.fr/blacklists/
https://dsi.ut-capitole.fr/blacklists/
https://pypi.org/project/langdetect/
https://camel-tools.readthedocs.io/en/latest/api/disambig/mle.html
https://camel-tools.readthedocs.io/en/latest/api/disambig/mle.html
https://pypi.org/project/num2words/
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between categories. As shown in Table 2, agree-
ment scores ranged from 0.676 to 0.705 across
the three evaluated dimensions, indicating accept-
able agreement for exploratory and comparative
analysis.

Annotator self-reported confidence rates were
high overall (all above 92%), indicating that the task
was well defined and the annotations are reliable
for comparative evaluation.

Metric Krippendorff’s α Interpretation

Incorrect Diacritics 0.705 Good
Incorrect Case End-
ings

0.680 Good

Incorrectly Diacritized
Words

0.676 Good

Table 2: Inter-Annotator Agreement Scores (Krip-
pendorff’s α (Ordinal))

4.5.3. Tool Comparison Results

Using the human annotations, we computed four
evaluation metrics: diacritic error rate, case-ending
error rate, word error rate, and diacritization cover-
age. The results are shown in Table 3. Across all
error-based metrics, CATT consistently produced
fewer errors than CAMeL, while also achieving
near-complete coverage of diacritized words. In
contrast, CAMeL left a larger proportion of words
undiacritized. Based on these results, CATT was
selected as the diacritization tool for DIA2. All au-
tomatically diacritized versions of DIA2 released
therefore rely on CATT Encoder-only outputs.

Metric CAMeL CATT

Diacritic error rate ↓ 0.095 0.036
Case-ending error rate ↓ 0.231 0.081
Word error rate ↓ 0.269 0.125
Coverage rate ↑ 0.936 0.998

Table 3: Diacritization Performance Comparison
Between CAMeL and CATT

4.6. Deduplication
To prevent redundancy and reduce memorization
effects during training, deduplication was applied
at both URL and document levels. Duplicate
entries originating from the same URL were re-
moved by retaining a single instance per source.
Since URLs were available for only a subset of the
data, document-level deduplication was addition-
ally applied. This step was performed using the
datasketch11 library, utilizing MinHash and Locality-
Sensitive Hashing (LSH) for efficient near-duplicate

11https://pypi.org/project/datasketch/

detection. A sharding strategy inspired by (Öhman
et al., 2023) enabled scalable intra- and inter-shard
deduplication. The process was controlled by two
parameters: the number of permutations for simi-
larity estimation and a Jaccard similarity threshold
for duplicate detection. The rationale behind these
choices is discussed in Appendix B. Overall, this
process reduced the dataset size by approximately
25%, from 70,522,230 to 52,449,241 rows.

5. Dataset Evaluation

5.1. Dataset Size Reduction
The cumulative effect of the processing steps de-
scribed in the previous section resulted in a sub-
stantially more compact and highter-quality, with
the final version being 63.5% smaller than the origi-
nal raw data. This reduction reflects the systematic
removal of noisy, duplicated, and low-quality con-
tent, rather than indiscriminate filtering.

As illustrated in Figure 2, the dataset size
decreased progressively across preprocessing
stages. Starting from an initial size of approximately
329.26 GB, the data volume was reduced after
each step, reaching a minimum of around 94.68
GB following deduplication. The subsequent dia-
critization stage increased the dataset size, due to
the addition of vocalization marks, resulting in a
final corpus size of approximately 140 GB.

In terms of instance counts, the dataset was re-
duced from 115,895,312 rows to 52,449,241 rows.
Of the retained data, approximately 80% consists
of long-form text (e.g., articles and book chapters),
while the remaining 20% corresponds to shorter
texts, including poems, quotations, and brief pas-
sages. The final corpus contains 18,376,574,554
words and 26,266,877 unique words. The average
document length is 17 sentences, with an average
sentence length of 26 words. Tokenization using
the LLaMA 3.1-8B tokenizer (Grattafiori et al., 2024)
yields a total of 41,931,425,578 tokens.

In addition to the automatically diacritized corpus,
DIA2 includes a clean gold diacritized subset de-
rived from the Tashkeela corpus (Fadel et al., 2019).
This subset comprises 50,000 rows (around 4.8
million tokens) preserved with their original man-
ual diacritics. Cleaning this subset resulted in an
approximately 9% reduction in size, primarily due
to the removal of short or noisy entries.

5.2. Comparison with Other Datasets
Table 4 presents a comparative overview of DIA2
against several widely used Arabic datasets, includ-
ing 101 Billion Arabic Words (Aloui et al., 2024), the
1.5 Billion Words Arabic Corpus (El-khair, 2016),
the Jais Dataset (Sengupta et al., 2023), AraMUS
(Alghamdi et al., 2023), and ArabicWeb24 (Farhat

https://pypi.org/project/datasketch/
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Feature 101BW 1.5BW LDAC Jais Aramus AW24 DIA2
Dialectal Content ✓ ✓ ✓ ✓

Diacritization ✓

Free of Translated Data ✓ ✓ ✓ ✓ ✓

Data Cleaning ✓ ✓ ✓ ✓ ✓ ✓

Deduplication ✓ ✓ ✓ ✓ ✓

Code Availability ✓ ✓

Public Availability ✓ ✓ ✓ ✓

Includes Curated High-Quality Data ✓ ✓ ✓ ✓

Table 4: Quantitative Comparison of DIA2 with other Arabic datasets: 101BW (101 Arabic Billion Words),
1.5BW (1.5 Billion Words Arabic Corpus), LDAC (Large and Diverse Arabic Corpus for LLMs), JAIS (JAIS
Dataset), ARAMUS (Aramus Corpus), and AW24 (ArabicWeb24)

Feature 101BW 1.5BW LDAC Jais Aramus AW24 DIA2
Word Count 101B 1.5B N/A 72B tokens* N/A 26B tokens* 18.4B

Unique Words N/A 3.3M N/A N/A N/A N/A 26.3M

Total Rows/Texts 89.1M 5.2M N/A N/A N/A 86.8M 52.5M

Data Size 400GB 16GB 500GB N/A 529GB 199 GB 140GB

Table 5: Quantitative Comparison of DIA2 with other Arabic Datasets
*: Token count was provided rather than the word count.

Figure 2: Change in Data Size of DIA2 across
Processing Steps

et al., 2024). The comparison highlights key char-
acteristics such as dialectal coverage, diacritiza-
tion, reliance on translated data, data cleaning and
deduplication, as well as code and data availability.

As shown in Table 4, most existing corpora
lack diacritization, rely largely on web-crawled or
machine-translated content, and offer limited pre-
processing transparency or public availability. DIA2
addresses these gaps: it includes curated high-
quality data, provides large-scale diacritization as

a distinctive feature, applies rigorous data cleaning
and multi-level deduplication, and releases both the
dataset and preprocessing pipeline publicly. These
characteristics collectively position DIA2 as a com-
plementary, higher-fidelity resource for Arabic lan-
guage modeling and evaluation.

6. Preprocessing Pipeline Evaluation

To assess the effectiveness of the proposed prepro-
cessing pipeline, we conducted a controlled con-
tinued pretraining experiment in which the same
base model was trained on raw and preprocessed
subsets of DIA2 under identical conditions. The
objective of this experiment is not to achieve state-
of-the-art performance, but rather to isolate the
impact of preprocessing on model behavior. Con-
tinued pretraining was performed on a limited sub-
set of the dataset due to computational constraints,
while maintaining sufficient scale for reliable rela-
tive comparison.

6.1. Pretraining Methodology
We performed continued pretraining of LLaMA 3.1-
8B using Low-Rank Adaptation (LoRA), a
parameter-efficient fine-tuning approach (Hu
et al., 2021). Training was implemented using
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Model ArabicMMLU Arabic Leaderboard TruthfulQA Arabic

General Grammar
High

Arabic
Middle
Arabic

Primary
Arabic

Copa
Arabic

AraDiCE
PIQA MSA Light Complete MC1 MC2

LLaMA-3.1-8B 0.577 0.515 0.344 0.519 0.433 0.629 0.592 0.453 0.458 0.287 0.454

Pretrained on DIA2
DIA2 (raw) 0.525 0.479 0.328 0.333 0.345 0.618 0.588 0.452 0.454 0.274 0.444
DIA2 (prep.) 0.528 0.482 0.349 0.630 0.389 0.596 0.584 0.457 0.454 0.310 0.476

Table 6: Evaluation results of the original LLaMA-3.1-8B model and its continued pretraining variants on
DIA2 (raw and preprocessed subsets) across multiple Arabic NLP benchmarks

Hugging Face Transformers, bitsandbytes for
mixed-precision optimization, and accelerate
for distributed execution, on a multi-GPU setup
consisting of three NVIDIA GeForce RTX 4060 Ti
GPUs (16 GB each).

Since the model is already multilingual and pre-
trained on diverse corpora, no tokenizer retraining
or vocabulary expansion was performed. Contin-
ued pretraining was conducted exclusively on a
subset of the non-diacritized version of DIA2, en-
suring that performance differences stem from data
quality rather than representation changes.

The training dataset comprised of 166K rows,
with a batch size of 4 and gradient accumulation
over 8 steps. The maximum sequence length was
set to 512 tokens, and training was conducted for
three epochs. LoRA was configured with a rank
parameter of 8, using the 8-bit AdamW optimizer
and a learning rate of 5× 10−5.

6.2. Performance Comparison
Table 6 reports the performance of the original
multilingual LLaMA 3.1-8B model alongside its
continued-pretraining variants trained on raw and
preprocessed DIA2 data. Evaluation was con-
ducted using the lm-eval-harness12 framework
across multiple Arabic benchmarks, including Ara-
bicMMLU (Lakim et al., 2024), the Open Arabic LLM
Leaderboard benchmarks (El Filali et al., 2024),
and TruthfulQA Arabic (Lakim et al., 2024), cover-
ing general knowledge, grammatical competence,
reasoning, and task-specific understanding.

Across the majority of benchmarks, the model
pretrained on the preprocessed DIA2 subset consis-
tently outperformed the variant trained on raw data.
The largest relative improvements were observed
on High Arabic (+0.021), Middle Arabic (+0.297),
and MC2 (+0.032), suggesting that cleaning and
data normalization improve model robustness un-
der resource-constrained continued pretraining.

Notably, performance gains were not uniform
across all benchmarks. The preprocessed dataset
did not yield improvements on COPA Arabic and
AraDiCE PIQA MSA, both of which are translated

12https://github.com/EleutherAI/
lm-evaluation-harness

from English. These benchmarks may introduce
cross-lingual artifacts and alignment inconsisten-
cies, limiting the benefits of Arabic-specific pretrain-
ing and reducing evaluation sensitivity to improve-
ments in native Arabic data quality.

While the original multilingual model performed
competitively overall, it showed weaker perfor-
mance on several Arabic-specific benchmarks, par-
ticularly High Arabic and Primary Arabic. In con-
trast, the model trained on the preprocessed DIA2
subset achieved the highest scores on High Ara-
bic (0.349), Middle Arabic (0.630), and the Arabic
Leaderboard (light version) (0.457), indicating im-
proved modeling of Arabic linguistic structure fol-
lowing exposure to cleaner, natively curated data.

Due to computational constraints and limited pub-
lic availability of comparable datasets, we did not
conduct continued pretraining experiments on al-
ternative Arabic corpora listed in Table 4. Never-
theless, the consistent performance advantages
observed when using preprocessed DIA2 data pro-
vide empirical evidence that rigorous preprocess-
ing materially improves model behavior, even under
limited training budgets.

7. Conclusion and Future Work

This work introduces DIA2, a large-scale, natively
sourced, and diacritized corpus for MSA, designed
to address longstanding limitations in Arabic NLP
resources. DIA2 combines broad domain coverage,
linguistic authenticity, systematic preprocessing,
and large-scale diacritization, resulting in a dataset
that supports both foundational language modeling
and downstream Arabic NLP tasks. By explicitly
avoiding machine-translated content and applying
multi-level deduplication and Arabic-specific nor-
malization, DIA2 offers a high-fidelity alternative to
existing large-scale Arabic corpora.

We further demonstrated the value of DIA2
through a controlled preprocessing pipeline evalua-
tion, showing that continued pretraining on prepro-
cessed DIA2 subsets outperforms training on raw
data across multiple Arabic benchmarks. These
results empirically validate the importance of rig-
orous data curation and preprocessing for under-
resourced languages such as Arabic. Notably, im-

https://github.com/EleutherAI/lm-evaluation-harness
https://github.com/EleutherAI/lm-evaluation-harness
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provements were most pronounced on native Ara-
bic benchmarks, underscoring the limitations of
translated evaluation sets for accurately measuring
Arabic language understanding.

Looking forward, several directions remain open
for future work. First, expanding DIA2 to include
additional high-quality dialectal Arabic data, while
maintaining strict quality and provenance controls,
could further enhance its applicability. Second,
scaling continued pretraining to larger portions of
the corpus and higher-capacity models would en-
able a more comprehensive assessment of DIA2’s
impact on foundation model performance. Third,
systematic ablation studies of individual prepro-
cessing components could provide deeper insight
into their relative contributions. Finally, human-in-
the-loop evaluation and error analysis, particularly
for diacritization quality and semantic fidelity, would
complement automated benchmarks and support
more nuanced model assessment.

By releasing DIA2 and its preprocessing pipeline,
we aim to lower barriers to high-quality Arabic NLP
research and serve as a foundational resource for
future advances in Arabic language modeling, eval-
uation, and responsible AI development.

8. Limitations

Despite the scale and rigor of DIA2, several limi-
tations should be acknowledged. First, although
the dataset draws from 28 diverse native Arabic
sources, its content remains predominantly MSA.
While this design choice ensures linguistic consis-
tency and broad applicability, it limits direct cover-
age of regional Arabic dialects, which are increas-
ingly relevant for real-world NLP applications.

Second, the majority of the corpus is automati-
cally diacritized using the CATT model, and there-
fore may contain residual diacritization errors, par-
ticularly in out-of-context sentences, rare proper
nouns, and domain-specific terminology. Although
a gold diacritized subset is preserved for reference
and evaluation, the scale of manually annotated
diacritized data remains limited.

Third, the preprocessing pipeline relies on heuris-
tic thresholds (e.g., minimum Arabic character ra-
tios, sentence and document length constraints),
which, while informed by prior work and empirical
inspection, may inadvertently remove some valid
but unconventional Arabic text, such as short-form
expressions, quotations, or stylistically creative con-
tent.

Fourth, the evaluation of the preprocessing
pipeline is based on continued pretraining under
constrained computational resources, using a sin-
gle base model (LLaMA-3.1-8B) and a limited sub-
set of the dataset. While the results provide con-
trolled evidence of preprocessing benefits, they do

not fully capture the potential impact of DIA2 when
used for full-scale pretraining or larger model archi-
tectures.

Finally, several Arabic benchmarks used for eval-
uation are translated from English, which may ob-
scure improvements gained from native Arabic data
curation and introduce cross-lingual artifacts that
limit interpretability of results. This highlights the
broader need for high-quality, natively constructed
Arabic evaluation benchmarks.

These limitations point to clear and actionable
directions for future work, many of which are al-
ready outlined in the preceding section, and do not
detract from DIA2’s primary contribution as a large-
scale, transparently curated, and publicly available
Arabic corpus.
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A. Dataset Card

Dataset Card for DIA2 Arabic Dataset

Dataset Name:
DIA2: A Comprehensive and Diverse Diacritized Modern Standard Arabic Corpus
for Large-Scale NLP Research
Language: Modern Standard Arabic (MSA) and Classical Arabic (CA)
Size: 41.9 billion tokens
Key Features:

• Data and Code are publicly available

• Fully automatically diacritized for phonetic and syntactic tasks

• Gold diacritized subset available

• No translated or machine-generated content

• Compiled from credible sources

• Comprehensive cleaning (Preprocessing, URL filtering, deduplication)

Intended Use:

• Language modeling

• Text-to-speech

• MSA/Dialect classification

• Sentence completion

• Diacritics restoration

Limitations:

• No dialectal texts included

• Scarcity of clean gold diacritized data

• No sentence-level deduplication

Citation:

@inproceedings{dekmak2026dia2,
title = {DIA2: A Comprehensive and Diverse
Diacritized Modern Standard Arabic Corpus for Large-
Scale NLP Research},
author = {Dekmak et al},
booktitle = {Proceedings of the OSACT7 Workshop at
LREC-COLING 2026},
year = {2026}

}
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B. Deduplication Parameters -
Experiment

A mini-experiment was conducted on a sample of
682,004 documents, testing values of 20 and 32
for the number of permutations, and 0.4, 0.5, and
0.8 for the Jaccard similarity threshold. Prior to
duplicate identification, 10 known duplicates with
specific IDs were injected into the sample, leading
to a total of 682,014 documents. This setup allowed
us to evaluate the recall of each experiment.

For each deduplication test, we checked how
many of these injected duplicates were identified
(recall). We also inspected 10 identified duplicates,
uniquely identified by each test, to determine if the
results were actual duplicates or false positives
(precision). The results of the precision and recall
tests are presented in Table 7. Precision refers
to the proportion of actual duplicates among the
identified duplicates. Recall refers to how many
of the 10 injected near-duplicates were identified.
Given the results in 7, it is noticed that a lower

Permutations Threshold Recall Precision F1 score

20 0.4 1 0 0
20 0.5 1 0.4 0.57
20 0.8 0.1 1 0.18
32 0.4 1 0 0
32 0.5 1 1 1
32 0.8 0.1 1 0.18

Table 7: Precision and Recall: Precision is the
number of actual duplicates identified out of 10
inspected duplicates, and Recall is the number of
injected near-duplicates identified out of 10.

threshold (0.4, 0.5) allows more variation between
documents before they are flagged as duplicates,
which can increase recall (finding more duplicates)
but may lead to false positives (incorrectly identify-
ing documents as duplicates). Conversely, a higher
threshold (0.8) requires documents to be more sim-
ilar, which increases precision (correctly identifying
true duplicates) but may reduce recall, as some
near-duplicates may be missed. We also observed
that using 32 permutations consistently provided
more accurate and reliable results compared to 20
permutations.

Based on these results, the number of permu-
tations was set to 32 and the Jaccard similarity
threshold to 0.5. This balance provided the best
trade-off between identifying duplicates and mini-
mizing false positives, given the available compu-
tational resources.
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