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Abstract001

The inherent complexities of Arabic script—its002
cursive nature, diacritical marks (tashkı̄l), and003
varied typography—pose persistent challenges004
for Optical Character Recognition (OCR). We005
present Qari-OCR, a series of vision-language006
models derived from Qwen2-VL-2B-Instruct,007
progressively optimized for Arabic through008
iterative fine-tuning on specialized synthetic009
datasets. Our leading model, QARI v0.2010
achieves a the strongest performance with a011
Word Error Rate (WER) of 0.160, Character012
Error Rate (CER) of 0.061, and BLEU score013
of 0.737 on diacritically-rich texts. Qari-OCR014
demonstrates the strongest handling of tashkı̄l,015
diverse fonts, and document layouts, alongside016
impressive performance on low-resolution im-017
ages. Further explorations (QARI v0.3) show-018
case strong potential for structural document019
understanding and handwritten text. This work020
delivers a marked improvement in Arabic OCR021
accuracy and efficiency, with all models and022
datasets released to foster further research.023

1 Introduction024

Digital text accessibility is fundamental to informa-025

tion preservation, dissemination, and large-scale026

analysis in today’s data-driven society. Optical027

Character Recognition (OCR) has achieved remark-028

able success for Latin-based scripts; however, com-029

plex writing systems such as Arabic continue to030

pose substantial challenges. Arabic script is in-031

herently cursive, exhibits context-dependent char-032

acter shapes, employs a rich system of diacritical033

marks (tashkı̄l), and spans a wide range of typo-034

graphic styles. These properties collectively com-035

plicate character segmentation, visual discrimina-036

tion, and sequence modeling, limiting the effec-037

tiveness of conventional OCR pipelines (Al-Sheikh038

et al., 2020).039

The difficulty of Arabic OCR is not merely a040

linguistic issue, but also a methodological one041

that intersects with recent developments in vision- 042

language modeling. Advances in multimodal 043

large language models (MLLMs) invite a reex- 044

amination of the role played by visual encoders 045

within language-centric systems (Goyal et al., 046

2017; Kazemzadeh et al., 2014). Rather than view- 047

ing vision modules as generic perceptual front- 048

ends for tasks such as visual question answering, 049

we adopt an LLM-centric perspective in which 050

visual representations are optimized to support 051

efficient, faithful textual reasoning. From this 052

viewpoint, OCR constitutes a particularly well- 053

defined intermediate modality: it instantiates a 054

natural compression-decompression process, map- 055

ping dense visual inputs into structured linguistic 056

representations that large language models can di- 057

rectly consume. Crucially, OCR also offers clear 058

semantic objectives and standardized quantitative 059

evaluation metrics, making it an effective testbed 060

for studying vision-language interaction under con- 061

trolled yet realistic conditions. 062

Arabic provides a uniquely demanding setting 063

for this paradigm. Spoken by over 420 million peo- 064

ple worldwide, Arabic plays a central role in cul- 065

tural preservation, religious scholarship, and histor- 066

ical documentation (UNESCO, 2024). Yet existing 067

Arabic OCR systems consistently underperform 068

relative to their Latin-script counterparts, with es- 069

pecially poor handling of diacritics—elements that 070

are essential for correct pronunciation, grammatical 071

interpretation, and semantic disambiguation (Alwa- 072

jih et al., 2024). These shortcomings are amplified 073

in real-world documents that feature heterogeneous 074

fonts, dense layouts, degraded scans, or classical 075

and fully vocalized text. 076

In this work, we introduce Qari-OCR, a family 077

of vision–language OCR models specialized for 078

high-fidelity Arabic text recognition. Built upon 079

the Qwen2-VL-2B-Instruct backbone, Qari-OCR 080

is developed through an iterative fine-tuning strat- 081

egy using progressively enriched synthetic datasets, 082
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Table 1: Key Characteristics and Objectives of Qari-OCR Model Versions.

Model Ver. Key
Features/Focus

Objective/Tested
Capability

Training
Dataset

Size

HTML? Diacritics? Layout
Complex-

ity?

Handwritten
Support?

Qari-OCR v0.1 Clean, no
diacritics, 5 fonts,
uniform min.
size/layout.

Baseline on
legible, low-noise
data.

5,000 ✗ ✗ ✗ ✗

Qari-OCR v0.2 Diacritics,
broader
typography (10
fonts), linguistic
complexity.

Recognition of
diacritic-
rich/classical text.

50,000 ✗ ✔ ✗ ✗

Qari-OCR v0.3 Multi-font
sizes/page
(headers, body),
realistic layouts.

Spatial parsing
for mixed-size,
complex layouts.

10,000 ✔ ✔ ✔ ✔

each designed to target specific challenges of Ara-083

bic script. To support transparency, reproducibil-084

ity, and future research, we release the complete085

synthetic data generation pipeline, model train-086

ing procedures, and evaluation code in an anony-087

mous repository at https://anonymous.4open.088

science/r/QARI-OCR-60A2/README.md.089

2 Related Work090

Optical Character Recognition (OCR) has evolved091

from early rule-based pipelines toward end-to-end092

neural approaches, with each generation address-093

ing limitations exposed by complex scripts such as094

Arabic. Traditional OCR systems relied on explicit095

preprocessing and character segmentation, which096

proved brittle for Arabic due to its cursive structure097

and context-dependent letter forms (Alrobah and098

Albahli, 2022).099

Deep learning substantially improved OCR per-100

formance by enabling implicit segmentation and101

sequence modeling. CNN–RNN architectures with102

CTC loss, such as CRNN (Puigcerver, 2017), and103

later transformer-based models like TrOCR (Li104

et al., 2023), achieved strong results on general105

text. However, these models were primarily de-106

veloped and evaluated on Latin scripts, limiting107

their effectiveness for Arabic without significant108

adaptation.109

To address this gap, Arabic-specific OCR re-110

search incorporated targeted datasets and script-111

aware modeling choices (Yousef et al., 2020). More112

recent foundation models, such as Qalam (Bhatia113

et al., 2024), extend this direction by leveraging114

multimodal encoders and large-scale Arabic su-115

pervision for printed and handwritten text. While116

effective, these systems are often specialized and117

computationally demanding. 118

In parallel, industrial OCR toolkits have em- 119

phasized efficiency and deployability. Pad- 120

dleOCR 3.0 (Cui et al., 2025) integrates multilin- 121

gual text recognition with document parsing and 122

information extraction using compact models that 123

prioritize inference speed and engineering robust- 124

ness. Although not designed as multimodal lan- 125

guage models, such systems provide strong prac- 126

tical baselines for OCR accuracy under resource 127

constraints. 128

The latest shift involves Multimodal Large Lan- 129

guage Models (MLLMs), which unify vision and 130

language understanding within a single framework. 131

Models such as Qwen2-VL (Wang et al., 2024) and 132

AIN (Heakl et al., 2025) enable OCR as one of 133

many capabilities, but their general-purpose design 134

often limits performance on high-fidelity Arabic 135

text recognition, particularly for diacritics and di- 136

verse typography. 137

Our work, Qari-OCR, builds on this land- 138

scape by specializing a general-purpose 139

MLLM—Qwen2-VL-2B-Instruct—for Arabic 140

OCR through targeted synthetic data generation 141

and parameter-efficient fine-tuning. By jointly 142

addressing diacritic accuracy, font diversity, and 143

document realism, Qari-OCR advances high- 144

fidelity Arabic text recognition while retaining 145

the flexibility of multimodal language models. A 146

comparative summary of prior approaches and 147

their capabilities is provided in Table 2. 148

3 Methodology 149

The development of Qari-OCR was implemented 150

through a two-stage methodological framework: 151

firstly, the generation of diverse synthetic datasets 152
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Table 2: Evolution of OCR Approaches and Key Capabilities Relevant to Arabic.

OCR Approach
Category

End-to-End Arabic
Diacritics

Font / Style
Diversity

Multimodal Representative
Models

Traditional OCR ✗ ✗ ✗ ✗ Tesseract (early
versions)

CNN–RNN OCR ✔ Ltd. Ltd. ✗ CRNN (Puigcerver,
2017)

Transformer-based
OCR

✔ Ltd. Ltd. ✗ TrOCR (Li et al.,
2023)

Arabic-Specific
OCR

✔ Ltd. ✔ ✗ Arabic DL
OCR (Yousef et al.,
2020)

Arabic Foundation
OCR Models

✔ ✔ ✔ ✔ Qalam (Bhatia et al.,
2024)

Industrial OCR
Systems

✔ Ltd. ✔ ✗ PaddleOCR 3.0 (Cui
et al., 2025)

General MLLMs ✔ Ltd. Ltd. ✔ Qwen2-VL (Wang
et al., 2024)

Arabic-Inclusive
MLLMs

✔ ✔ ✔ ✔ AIN (Heakl et al.,
2025)

Qari-OCR (This
Work)

✔ ✔ ✔ ✔ QARI v0.1 / v0.2 /
v0.3

engineered to encapsulate the complexities of Ara-153

bic script; and secondly, the iterative fine-tuning154

of an advanced vision-language model using these155

specialized datasets. An illustrative overview of156

this workflow is presented in Figure 1.157

3.1 Synthetic Dataset Generation for QARI158

To bridge gaps in existing Arabic OCR cor-159

pora—namely diacritic coverage, font diversity,160

and realistic layouts—we devised a three-stage161

synthetic data pipeline. Two complementary text162

sources were used: a modern news article collec-163

tion and a classical Islamic corpus (rich in tashkı̄l).164

The text was rendered programmatically in HTML165

using twelve distinct Arabic fonts (from common166

Naskh to ornate calligraphic styles) at sizes varying167

between 14 px and 100 px, then converted to PDF168

via WeasyPrint 1 and to images via pdf2image 2.169

• Dataset v0.1: Non-diacritized text, a limited170

font set, and uniform minimal size establish a171

high-legibility baseline.172

• Dataset v0.2: The dataset v0.2 introduces173

full diacritics and expands the font repertoire174

to enhance the recognition of vocalized and175

classical texts.176

• Dataset v0.3: Introduces mixed font sizes177

on each page to simulate realistic document178

structures (headers, body, annotations) and179

HTML spatial/layout parsing.180

1https://weasyprint.org
2https://pdf2image.readthedocs.io/en/latest/index.html

Finally, each image undergoes one of three syn- 181

thetic degradation treatments—Clean, Moderately 182

Degraded (subtle noise, color shifts, mild blur), or 183

Heavily Degraded (textured backgrounds, aggres- 184

sive blur)—with all variants paired to their ground- 185

truth transcription. This progression yields a ro- 186

bust, multi-faceted Arabic OCR dataset suitable for 187

training and evaluating Qari-OCR across increas- 188

ing levels of linguistic, typographic, and visual 189

complexity. 190

3.2 Model Architecture and Training Strategy 191

We built Qari-OCR on the Qwen2-VL-2B-Instruct 192

backbone (Wang et al., 2024), leveraging its Naive 193

Dynamic Resolution for adaptive image scaling 194

and M-RoPE for robust cross-modal positional em- 195

beddings. To optimize fine-tuning efficiency, we 196

optionally quantized the model to 4-bit and inserted 197

LoRA adapters (rank = 16) into both vision and lan- 198

guage modules. 199

Training data comprised conversationally for- 200

matted image–text pairs, where each “user” mes- 201

sage carried an image and prompt, and the “assis- 202

tant” reply provided the ground-truth Arabic tran- 203

scription. We conducted three matched fine-tuning 204

runs, each on a different synthetic dataset version, 205

as summarized in 1. 206

All models were fine-tuned for a single epoch 207

using the Unsloth library.3 with the AdamW op- 208

timizer (Loshchilov and Hutter, 2017) and with 209

learning_rate equal to 2e-4 and weight_decay 210

3https://github.com/unslothai/unsloth
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(v0.2)

Qari V0.3
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(v0.3)

Fine-Tuned QARI OCR Models
( V0.1, V0.2, V0.3)

Figure 1: Qari-OCR Dataset Generation and Model Training Pipeline

of 0.01 with linear lr_scheduler. Input im-211

ages were resized and normalized to Qwen2-212

VL specifications, and training was orches-213

trated with Hugging Face’sSFTTrainer4 using the214

UnslothVisionDataCollator, a per-device batch215

size of 2, and 4 gradient-accumulation steps (effec-216

tive batch size = 8). All experiments ran on a single217

NVIDIA A6000 GPU (48 GB VRAM).218

4 Experimental Results219

This section describes the experimental setup, eval-220

uation protocol, and empirical results used to221

benchmark Qari-OCR against representative OCR222

baselines on challenging Arabic text.223

We constructed a test set consisting of 200224

scanned pages drawn from traditional Arabic225

printed materials, encompassing fully vocalized226

text, complex ligatures, dense line spacing, and227

heterogeneous layouts. This dataset was designed228

to reflect the characteristics of historical, religious,229

and scholarly documents where Arabic OCR sys-230

tems often struggle. To ensure a fair comparison,231

all images were processed using the same generic232

preprocessing pipeline, with no language-specific233

heuristics, layout annotations, or manual correc-234

tions applied, thereby evaluating each system’s raw235

recognition capability.236

Our benchmark suite includes Qari-OCR and237

a diverse set of baseline OCR systems spanning238

4https://huggingface.co/docs/trl/en/sft_
trainer

classical engines, industrial solutions, and recent 239

vision–language models. Specifically, we evalu- 240

ate Tesseract OCR (Smith, 2007), EasyOCR (Pat- 241

tanayak et al., 2023), Mistral OCR (Mistral AI 242

Team, 2025), AIN (Heakl et al., 2025), Qwen 2.5– 243

7B Instruct, and Qwen 2–7B (Wang et al., 2024). 244

This selection enables a comprehensive comparison 245

across different modeling paradigms, ranging from 246

rule-based and convolutional architectures to large 247

multimodal language models. We include Mistral 248

OCR as a reference point for current commercial 249

OCR performance; however, our primary compar- 250

isons focus on open-source models evaluated under 251

identical conditions. 252

To quantitatively assess OCR performance on 253

Arabic text, we employ three complementary eval- 254

uation metrics: Character Error Rate (CER), Word 255

Error Rate (WER) (Klakow and Peters, 2002), and 256

BLEU score (Papineni et al., 2002). CER com- 257

putes the normalized Levenshtein distance at the 258

character level between predicted and ground-truth 259

transcriptions and is particularly sensitive to dia- 260

critic errors and morphologically complex charac- 261

ter sequences that are critical in Arabic. WER mea- 262

sures recognition accuracy at the word level, cap- 263

turing segmentation and substitution errors that af- 264

fect sentence structure and readability. The BLEU 265

score evaluates n-gram overlap between predic- 266

tions and references, providing an indication of 267

phrase-level fidelity and overall linguistic coher- 268

ence. Together, these metrics offer a comprehen- 269
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Diacritic

Diacritic

ligature

ligature

ligature

Classical Language and Poetic Meter

 different forms of writing Hamza

dots

Different contextual shapes of same letter

Punctuation
within the text

QARI OCR
Model

kashīda

ا السكوت العمد الطويل ، وكذا يسير قصد به هَ عِ طِ يَقْ لِيٍّ وَ output : 'أَصْ
نه أْمِ جْنِبي لا يتعلق بالصلاة ، فإن تتعلق بها كتَمْ

قطع القراءة وتخلل ذكر أَ

ؤال ا توقف فيها ، وسجود لتلاوة ، وسُ لقراءة إمامه ، وفتحه عليه أي إذَ
عنى قوله في بعض ما فلا ، وهذا مَ رحمة ، واستعاذة من عذاب لقراءة آيَتِهِ

الَ بعد هُ تَكْلاَ وقَ اْمُ ا إمَّ الِهِ لِمَ ؤَ ثُرَا سُ تْ انْ كَ عَ طَ كُوتِ انْقَ بِالسُّ النسخ : 21هـ وَ

رُ لا كْ رِيقِ ثُمَّ الذَّ نَ التَّفْ لَى مِ وْ
لا لا أَ وِ

الْ بِّعٌ وَ نَ الآيَاتِ سَ ذلك : 21هـ ثُمَّ مِ

ا لم يحسن الفاتحة لعدم معلم أو )ثم( إذَ عْ بِأَنْ تَنَالَ كَفْ كَ ارْ ا وَ رِهَ دْ بِقِ

( غيرها )سبع( إن أَحسنها مصحف أو نحو ذلك وجب عليه )من الآيَاتِ

) رِيقِ لَى من التَّفْ وْ
لا أَ أَوْ متفرقة )و( لكن )الوِ عدد آيَاتها بالبملسة متواصلة 

رِيق كما في قضاء شهر رمضان وهذا هو لأنَّه أَشبه بالفاتحة ، وجارَ التَّفْ
ح عند النُّوِي . ومن يحسن بعض الفاتحة يأتي به ويبدل الباقى إن الأَصْ

ح عند النُّوِي . وكذا من يحسن بعض بدلها أَحسن ، وإِلا كسره في الأَصْ

ا لم يحسن شيئاً ل والبدل . )ثم( إذَ من القرآن ، ويجب الترتيب بين الأَصْ

'n\ ر( بدله بأَنْ كْ من القرآن وجب عليه )الذَّ

Maddah

Figure 2: Qualitative example demonstrating Qari-OCR’s handling of various Arabic script complexities. The input
image (left, with annotations highlighting features like diacritics, ligatures, contextual shapes, etc.) is processed by
the Qari-OCR model, producing the transcribed text output (right).

sive assessment of fine-grained accuracy, structural270

correctness, and semantic preservation in Arabic271

OCR outputs. While BLEU is traditionally used272

in machine translation, we employ it here to quan-273

tify longer-range linguistic coherence, particularly274

for evaluating sentence-level coherence beyond iso-275

lated word recognition.276

Table 3: Comparative performance of OCR models on
the Arabic test set. Lower CER/WER and higher BLEU
indicate better performance.

Model CER ↓ WER ↓ BLEU ↑

Tesseract OCR 0.436 0.889 0.108
EasyOCR 0.791 0.918 0.051
AIN 0.640 0.830 0.210
Qwen 2.5-7B Instruct 0.550 0.800 0.220
Qwen 2-7B 0.740 1.050 0.160
PaddleOCR-VL 0.480 0.780 0.248
LightOnOCR-1B-1025 0.990 1.402 0.108
Mistral OCR (API-based) 0.210 0.440 0.570

QARI v0.1 (Ours) 1.915 2.025 0.221
QARI v0.2 (Ours) 0.061 0.160 0.737
QARI v0.3 (Ours) 0.300 0.485 0.545

The comparative performance of our Qari-OCR277

model variants (QARI v0.1, v0.2, and v0.3) and278

selected baseline systems was evaluated on the Ara-279

bic test set. Quantitative results in terms of Char-280

acter Error Rate (CER), Word Error Rate (WER),281

and BLEU score are reported in Table 3.282

As shown in Table 3, QARI v0.2 achieves283

the strongest performance among evaluated open-284

source systems, establishing a a strong benchmark285

with a CER of 0.061, a WER of 0.160, and a BLEU286

score of 0.737. These gains highlight the effective-287

ness of our targeted multimodal fine-tuning strat-288

egy, particularly the use of synthetic training data 289

enriched with full diacritical coverage and diverse 290

typographic variations (Dataset v0.2). QARI v0.2 291

also surpasses the API-based Mistral OCR across 292

all three metrics, despite Mistral’s strong perfor- 293

mance among non-specialized systems. 294

Among the additional baselines, PaddleOCR-VL 295

demonstrates moderate performance, achieving a 296

BLEU score of 0.248, but remains significantly be- 297

hind Qari-OCR in both character- and word-level 298

accuracy. LightOnOCR exhibits the weakest re- 299

sults, with a WER of 1.402 and a CER approaching 300

1.0, indicating extensive insertion and substitution 301

errors and limited robustness on diacritically rich 302

Arabic text. The general-purpose Qwen models, 303

when used without task-specific adaptation, like- 304

wise show higher error rates, reinforcing the neces- 305

sity of specialized training for complex scripts such 306

as Arabic. 307

Notably, QARI v0.3 achieves a favorable bal- 308

ance between accuracy and structural robustness, 309

attaining a WER of 0.485 and a BLEU score 310

of 0.545. The gap between CER and WER for 311

Qari-OCR models suggests that residual errors are 312

predominantly localized word-level substitutions 313

rather than complete structural failures. Overall, 314

these results demonstrate that Qari-OCR delivers 315

the strongest accuracy, stability, and linguistic fi- 316

delity compared to both lightweight industrial OCR 317

systems and general-purpose vision–language mod- 318

els. 319

Figure 2 provides a visual illustration of Qari- 320

OCR’s output on a challenging text sample. The 321

input image (left panel of Figure 2) exhibits several 322
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QARI OCR
Model

Output : '\'اقرأ، لم اجب:"استيقظ الأمير محمود فى الصباح التالي
بارئًا لا يبرى عليه أنثر مما أصابه بالأمس إلا العصائ المربوطة على

رّ به وقال: حياك الله با هازم التار”. )ا( هات رأسه، فلما رآه السلطان شُ

مضاد )بارئًا( وجمع )العصابة( وضع ما تأتي به في جملة، )ب( متي

أصيب )محمود(؟ وكيف تم إنقاذه؟ )ج( ما النصائح التي قدّمها

السلطان له بعد هذا الحادث؟ )د ( ماذا يقصد السلطان بقوله: )يا

؟ علل لما تقول، )هـ( صور هازم التار(؟ وهل كان )محمود( كذلك فعلًا
بأسلوبك مشاعر )جهاد( منذ تأخر )محمود( في رحلته إلى أن شفى

من جراحه، ميتا دلالات ذلك، )و ( في قصة إصابة الفارس الصغير

إشارات إلى: خيال الأطفال، وأمانة الخدم، وعاطفة الأبوة، وفروسية

'n\.مبكرة، وحب بريء، وضح مظاهر ذلك

Figure 3: Example of Qari-OCR (v0.3) accurately transcribing Arabic text from a low-resolution and tightly cropped
image, showcasing robustness to visual constraints.

Table 4: CER, WER, and BLEU Score results by Font and Model on SARD Dataset

Metric Model Amiri Arial Calibri Sakkal M. Scheherazade

CER↓
Mistral OCR 0.011 0.051 0.035 0.040 0.020
Qari v0.2 0.200 0.230 0.193 0.216 0.156
Qari v0.3 0.350 0.461 0.400 0.424 0.483

WER↓
Mistral OCR 0.041 0.248 0.166 0.194 0.099
Qari v0.2 0.267 0.308 0.249 0.293 0.211
Qari v0.3 0.369 0.482 0.432 0.449 0.464

BLEU↑
Mistral OCR 0.920 0.634 0.746 0.715 0.845
Qari v0.2 0.723 0.703 0.745 0.701 0.782
Qari v0.3 0.346 0.229 0.286 0.279 0.255

QARI OCR Model

Output : '- سوف يزرع الفلام البطاطس في الزريف .- هيا أكل الآن شي
n\. نتهي قبل بداية البرنامج .- لا تحاولوا أن تسلقوا هذه الشهرة العالية

Figure 4: Qari-OCR v0.3 successfully transcribing
handwritten Arabic text, maintaining sentence struc-
ture, punctuation, and recognizing itemized formatting.

features typical of printed Arabic that pose diffi-323

culties for OCR systems. These include the full324

array of diacritics (tashkı̄l) essential for pronuncia-325

tion and meaning; ligatures such as Lam-Alif (B);326

contextually variant letterforms; classical language327

structures and poetic meter conventions; embedded328

punctuation and Eastern Arabic numerals; diverse329

orthographic forms of the Hamza (Z); and features330

like Maddah (
�
@) and crucial letter-distinguishing331

dots.332

The corresponding output from our Qari-OCR333

model (right panel of Figure 2) showcases a high334

degree of fidelity in transcribing these intricate335

elements. The model proficiently recognizes the336

majority of diacritical marks, accurately segments337

words despite ligatures and contextual letter shap- 338

ing, and correctly renders classical linguistic forms. 339

This qualitative performance provides strong cor- 340

roborative evidence for the quantitative results, es- 341

pecially for QARI v0.2, highlighting its robustness 342

in managing the various challenges frequently en- 343

countered in real-world Arabic textual scripts. 344

Beyond quantitative benchmarks, qualitative 345

analysis is crucial for understanding the model’s 346

practical capabilities. Figure 2 illustrates Qari- 347

OCR’s proficiency in handling different complexi- 348

ties, supporting the strong quantitative performance 349

of QARI v0.2. 350

Furthermore, the model’s resilience to optical 351

degradation and its ability to handle varied inputs 352

were tested. As shown in Figure 3, Qari-OCR 353

(specifically QARI v0.3, trained on more complex 354

layouts) accurately transcribes text from a low- 355

resolution image. Despite the image’s small size 356

and tightly cropped boundaries, the model robustly 357

detects and transcribes the Arabic text, demonstrat- 358

ing its effectiveness with compressed layouts, edge- 359

bound scripts, and reduced-resolution content. This 360

capability is vital for digitizing real-world histori- 361

cal or educational Arabic materials, which may not 362

always be of pristine quality. 363

In addition to printed text, QARI v0.3 was also 364

assessed for its ability to process handwritten Ara- 365

bic, a notoriously challenging task. Figure 4 il- 366
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lustrates its performance on a handwritten sample.367

The model accurately detects full sentences, pre-368

serving punctuation and word boundaries. Notably,369

it correctly interprets visual structural cues, such as370

itemized lists (akin to bullet points) and sentence-371

level formatting, even with the inherent variability372

of handwriting. This shows promising initial capa-373

bilities for handling handwritten Arabic content.374

These qualitative examples, particularly from375

QARI v0.3 which was trained on more diverse lay-376

outs, complement the quantitative results and high-377

light the practical utility of Qari-OCR in handling378

a range of challenging real-world Arabic document379

types.380

To evaluate robustness across diverse Arabic381

fonts, we benchmarked the best-performing mod-382

els, including QARI v0.2, QARI v0.3, and Mis-383

tral OCR, on the SARD dataset5, which includes384

1,000 images spanning five common fonts includ-385

ing; Amiri, Arial, Calibri, Sakkal Majalla, and386

Scheherazade.387

As shown in Table 4, Mistral achieved the lowest388

error rates overall, particularly excelling in CER389

and WER. However, QARI v0.2 was highly com-390

petitive—outperforming Mistral OCR in BLEU for391

the Arial font and matching it closely for Calibri.392

Notably, QARI v0.2’s BLEU scores outperformed393

Mistral OCR for some fonts, including Arial, Cal-394

ibri, and Sakkak, and consistently outperformed395

QARI v0.3 across all metrics. These results high-396

light QARI v0.2 as a strong open-source alternative,397

balancing accessibility, performance, and versatil-398

ity across typographic variations.399

Moreover, to assess the trade-offs between400

model size, computational efficiency, and perfor-401

mance, we evaluated different quantization lev-402

els for our QARI v0.2 and QARI v0.3 models.403

Specifically, we compared versions fine-tuned or404

inferred using 8-bit precision against those utiliz-405

ing more aggressive 4-bit quantization. The re-406

sults, presented in Table 5, highlight the impact407

of these quantization strategies on the CER, WER,408

and BLEU scores.409

As observed in Table 5, employing 8-bit quan-410

tization during fine-tuning or inference maintains411

strong performance for both QARI v0.2 and QARI412

v0.3, offering a good balance between efficiency413

and accuracy. However, the more aggressive 4-bit414

quantization leads to a substantial degradation in415

performance across all metrics for both model ver-416

5https://huggingface.co/datasets/riotu-lab/SARD

Table 5: Performance of QARI-OCR with 8-bit Vs. 4-
bit Quantization.

Model Quant. CER ↓ WER ↓ BLEU ↑

QARI v0.2 8-bit 0.091 0.255 0.583
4-bit 3.452 4.516 0.001

QARI v0.3 8-bit 0.133 0.353 0.472
4-bit 3.228 6.428 0.001

sions. This suggests that while 4-bit quantization 417

significantly reduces the model footprint and can 418

accelerate inference, it incurs a considerable accu- 419

racy cost for the fine-grained task of Arabic OCR 420

with these specific models and fine-tuning param- 421

eters. The 8-bit versions, therefore, represent the 422

more practical choice when accuracy is paramount, 423

while 4-bit might be considered only in scenarios 424

with extreme computational constraints where a 425

significant drop in accuracy is acceptable. 426

5 Discussion 427

Our experiments reveal distinct strengths across 428

the Qari-OCR model iterations. While QARI v0.2, 429

trained on 50,000 diverse samples (Dataset v0.2), 430

demonstrates the strongest overall quantitative per- 431

formance for plain text recognition (Table 3), QARI 432

v0.3, developed with a smaller 10,000-sample 433

dataset focused on complex HTML-like layouts 434

(Dataset v0.3), excels in preserving document struc- 435

ture. 436

Qualitative analysis, as shown in Figure 5, il- 437

lustrates that QARI v0.3 effectively reconstructs 438

HTML tags and formatting from input images, of- 439

ten achieving lower local error rates on these struc- 440

turally rich examples compared to QARI v0.2’s 441

plain text output. This proficiency stems directly 442

from QARI v0.3’s targeted training on layout- 443

aware synthetic data. The trade-off appears to be 444

that QARI v0.2’s larger and more varied character- 445

level training data fostered better general textual 446

accuracy, whereas QARI v0.3’s smaller, special- 447

ized dataset, combined with a single training epoch, 448

prioritized structural fidelity, potentially at the cost 449

of some raw text accuracy on average. 450

Furthermore, resource efficiency considerations 451

favor the QARI v0.3 approach for structure- 452

oriented tasks. As depicted in Figure 6, the 10k- 453

sample training regimen (QARI v0.3’s develop- 454

ment) was significantly more economical in terms 455

of training time and estimated CO2 emissions (1.88 456

kg eq. CO2 over 11 hours) compared to the 50k- 457
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Ground TruthQARI V0.3Input QARI V0.2

ا بِثُبُورِي' لِهَ ةُ أَهْ تْ حُكُومَ قَضَ ا وَ حَالَتْ دُونَهَ لُ بِي فَ اذِ وَ تِ الْعَ 'وَشَ تْ قَضَ ا وَ حَالَتْ دُونَهَ لُ بِي فَ ادِ وَ ت>/u< الْعَ '>p><u<وَشْ
'>p/<بِثُبُورِي >u/<ا لِهَ ةُ >u<أَهْ حُكُومَ

WER CER

ا >/b< دُونَهَ حَالَتْ لُ بِي >b<فَ اذِ وَ >/u< الْعَ تِ '>p><u<وَشَ
'>p/<بِثُبُورِي >u/<ا لِهَ ةُ >u<أَهْ >/b< حُكُومَ تْ قَضَ >b<وَ

0.55 0.440.29 0.15

0.40

0.31

0.30

0.21

'تلقت المغنية فاطمة الزهراء العروسي، رسالة من الملك محمد
السادس، بعد تقديمها لأغنية »على سلامة سيدنا « إهداء

للملك، يمناسبة شفائه بعد إجرائه لعميلة جراحية، والتي تكللت

بالنجاح ونشرت العروسي نص الرسالة على صفحاتها الرسمية

على مواقع التواصل، حيث وجهت الشكر للملك على الرسالة

مؤكدة على أنها تركت لديها أثرا عميقا وبهجة وسرور، وأن

الإلتفافة ستكون حافزا لديها لتقديم المزيد من العطاء والإجتهاد

'DR : حقوق النشر ©

i>/<،العروسي>i< تلقت المغنية فاطمة الزهراء>p<'
u><رسالة>/u< من الملك محمد السادس، بعد تقديمها لأغنية
»على >i<سلامة>/i> <i<سيدنا>/i> » <u<إهداء>/u< للملك،
>u<بمناسبة>/u< شفائه بعد إجرائه لعميلة جراحية، والتي

تكللت بالنجاح>/p><br><p<ونشرت >i<العروسي>/i< نص

>u<الرسالة>/u< على صفحتها الرسمية >u<على>/u< مواقع
>u<التواصل،>/u< حيث وجهت الشكر للملك على الرسالة

مؤكدة على أنها تركت لديها أثرا >b<عميقا>/b< وبهجة وسرور،

>u<وأن>/u> <u<الإلتغافا>/u< ستكون حافزا لديها لتقديم
المزيد من العطاء والإجتهاد>/p><br><h1<© حقوق النشر :

'>DR</h1

'>p<تلقت المغنية فاطمة >i<الزهراء>/i< العروسي،
>u<رسالة>/u< من الملك محمد السادس، بعد تقديمها

>u/<إهداء>u< » سيدنا >b/<سلامة>b< على« >i/<لأغنية>i<
i>/<لعميلة>i< شفائه بعد إجرائه >u/<بمناسبة>u< ،للملك

i><جراحية،>/i> <i<والتي>/i< تكللت
>u/<الرسالة>u< ونشرت العروسي نص>p>\n<p/<بالنجاح

على صفحاتها >b<الرسمية>/b> <u<على>/u< مواقع

>u<التواصل،>/u< حيث وجهت الشكر للملك على
>i<الرسالة>/i< مؤكدة على أنها تركت لديها أثرا عميقا

u>/<الإلتفافة>u> <u/<وأن>u< ،وسرور >b/<وبهجة>b<
>i/<من>i> <i/<المزيد>i< حافزا لديها لتقديم >i/<ستكون><i
b>:< حقوق النشر >p>\n<h1><b>©</b/<العطاء والإجتهاد

'></b> DR</h1

يطٌ أَنَّهُ وَسِ لَى  ا عَ الَّةِ مَ يُّ لِدَ مِ ظَ يطُ الأَعْ رَّفُ الْوَسِ ، يُعَ يَّاتِ 'فِي الرِّيَاضِ
نْيَالْحَدُّ حُدُودٌ دُ لِيًا وَ ةٍ حُدُودٌ عَ يمَ بَرَ قِ أَكْ ي  طِ الَّةِ الَّتِي تُعْ دَخَلُ الدَّ

نْ تَحَوِّلِ الَّتِي مِ ةُ الْمُ يمَ وَ قِ بِيرٍ آخَرَ: هُ بَتَعْ الَّةِ فِي الْخَرْجِ وَ لَى لِلْدَّ الأُعْ

بَرَ كْ
أَ إِنَّ 

وَ فَ ثَلًا فِي حَالِ كَانَ هُ كِنَةٍ مَ مْ ةٍ مُ يمَ بَرُ قِ أَكْ الَّةِ  ا يَكُونُ لِلدَّ لِهَ جْ
أَ

ا فِي ةٍ لَهَ يمَ بَرَ قِ أَكْ الَّةُ  هُ تَأَخُّذُ الدَّ دَ نْ وَ حَيْثُ عِ يَّ هُ مِ ظَ يطَ الأَعْ الْوَسِ

يَّاتُ يَّةٌ رِيَاضِ كْسِ الٌ عَ وَ عُ دَ راجِ اءُ الْمَ نَالٌ إحْصَ ا مُ يْضً
أَ رْ  الْخَرْجِ انْظُ

' ائِيَّةٌ إِبْتِدَ

يُّ مِ ظَ يطُ الأَعْ >/i< الْوَسِ رَّفُ ، >i<يُعَ يَّاتِ '>h2><u<فِي>/u< الرِّيَاضِ
ي طِ الَّةِ الَّتِي تُعْ يطُ دَخْلُ الدَّ >/i< وَسِ أَنَّهُ >i< لَى ا عَ الَّةِ مَ لِدَ

نْيَاالْحَدُّ حُدُودُ دُ يَا>/u< وَ
لَ >/i> <u<عَ ةٍ >i<حُدُودُ يمَ بَرَ>/i< قِ كْ

أَ >i<
بِير آخَرَ: بَتَعْ >/h2><br><h3<وَ الَّةِ فِي الْخَرْجِ لَى لِلْدَّ الأُعْ

ةٍ يمَ بَرُ قِ أَكْ الَّةِ  ا يَكُونُ لِلْدَّ لِهَ جْ
نْ أَ تَحَوِّلِ الَّتِي مِ ةُ الْمُ يمَ >/u< قِ وَ >u<هُ

بَرَ كْ
أَ إِنَّ 

وَ فَ ثَلاً فِي حَالِ كَانَ هُ >/u></h3><br><h1<مَ كِنَةٍ مْ >u<مُ
ا فِي ةٍ لَهَ يمَ بَرَ قِ أَكْ الَّةُ  هُ تَأْخُذُ الدَّ ندَ وَ حَيْثُ عِ يِّ هُ مِ ظَ يطِ الأَعْ الْوَسِ

عُ راجِ >/u< الْمَ اءُ نَالٌ >u<إحْصَ ا مُ يْضً
أَ رْ  >/h1><br><p<انْظُ الْخَرْجِ

'>p/< ائِيَّةٌ يَّاتُ إِبْتِدَ يَّةٌ رِيَاضِ كْسِ الٌ عَ وَ دَ

يُّ مِ ظَ لْأَعْ يطُ ا رَّفُ الْوَسِ ،>/i< يُعَ يَّاتِ '>h3><u<فِي>/u> <i<الرِّيَاضِ
ي طِ الَّةِ الَّتِي تُعْ >/i< الدَّ يطٌ >i<دَخْلُ أَنَّهُ وَسِ  >b/< لَى ا >b<عَ الَّةٍ مَ لِدَ

>b/< نْيَاالْحَدُّ حُدُودٌ >b<دُ لِيَا>/u< وَ ةٍ حُدُودٌ >u<عَ يمَ بَرَ>/i< قِ كْ
أَ >i<

بِيرٍ آخَرَ: بِتَعْ >/b></h3>\n<h4<وَ الَّةِ فِي >b<الْخَرْجِ لَى لِلْدَّ لْأَعْ ا

ا يَكُونُ لِهَ جْ
نْ أَ تَحَوِّلِ >b<الَّتِي>/b< مِ ةُ الْمُ يمَ >/u< قِ وَ >u<هُ

u></h4>\n<h1>/< كِنَةٍ مْ ةٍ >u<مُ يمَ بَرُ قِ أَكْ  >i/< الَّةِ >i<لِلدَّ
يطِ بَرَ الْوَسِ أَكْ إِنَّ 

وَ فَ >/b< فِي حَالِ كَانَ هُ ثَلًا b><مَ
ا ةٍ لَهَ يمَ بَرَ قِ أَكْ الَّةُ  هُ تَأْخُذُ الدَّ ندَ وَ حَيْثُ عِ >/i< هُ يِّ مِ ظَ لْأَعْ >i<ا
نَالٌ ا مُ يْضً

أَ رْ  >/i></h1>\n<p<انْظُ >i<فِي>/i> <i<الْخَرْجِ
>b/< يَّاتٌ يَّةٌ >b<رِيَاضِ كْسِ الٌّ عَ وَ راجعُ دَ >/u< الْمَ اءٌ >u<إِحْصَ

'>p/< ائِيَّةٌ 0.61إِبْتِدَ
0.53

0.30 0.22

WER CER

WER CER WER CER

WER CER

WER CER
BLEU
0.09

BLEU

0.28

BLEU

0.08

BLEU
0.15

BLEU
0.41
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Figure 5: Qualitative comparison of QARI v0.2 and QARI v0.3 outputs against Input and Ground Truth for various
Arabic text samples.

Figure 6: Comparison of estimated resource consump-
tion (CO2 Emissions, Training Time, Sample Size) for
training QARI-OCR model variants.

sample training (represented by (represented by458

QARI v0.2’s development, at 9.4 kg eq. CO2 over459

55 hours). This highlights the potential for develop-460

ing specialized, efficient models when the primary461

objective is structural document conversion.462

In essence, QARI v0.2 serves as our most robust463

general-purpose Arabic OCR engine for accurate464

plain text extraction. QARI v0.3, however, vali-465

dates a promising and resource-efficient strategy466

for applications requiring the understanding and467

reproduction of document structure, like HTML.468

The optimal model choice is therefore contingent469

on the specific end-goal: high-fidelity plain text470

output (QARI v0.2) or structural document recon-471

struction with greater training efficiency.472

6 Conclusion 473

In conclusion, this paper presented Qari-OCR, a 474

fine-tuned vision-language model that achieves the 475

strongest performance for Arabic text recognition 476

by leveraging extensive synthetic data and special- 477

izing the Qwen2-VL architecture. Our QARI v0.2 478

model significantly surpasses existing open-source 479

solutions in accurately handling diacritics, diverse 480

fonts, and complex layouts in printed Arabic. Fu- 481

ture work will focus on addressing current limita- 482

tions by enhancing robustness to dense text and 483

embedded graphics, improving numeral recogni- 484

tion, advancing layout analysis for peripheral text, 485

and extending capabilities to Arabic handwriting 486

recognition. These efforts aim to develop Qari- 487

OCR into an even more comprehensive solution for 488

Arabic document understanding. 489

7 Limitations 490

Despite the strong performance of Qari-OCR, par- 491

ticularly QARI v0.2, the current study and model 492

possess certain limitations; Firstly, while profi- 493

cient with dense printed text, the model may en- 494

counter difficulties with extremely heavy text lay- 495

outs where character or line spacing is minimal, 496

potentially leading to recognition errors. Secondly, 497

Qari-OCR’s current capabilities are primarily fo- 498

cused on textual content within the main body of 499

documents; it often struggles to accurately rec- 500

ognize and extract text embedded within figures, 501

8



charts, or complex graphical elements. Thirdly, the502

model’s performance on historical or non-standard503

Arabic numeral systems has not been extensively504

validated and may be suboptimal. Finally, text ele-505

ments typically found on the periphery of scanned506

pages, such as book titles on covers, page numbers,507

or marginalia, are sometimes skipped or inaccu-508

rately transcribed, indicating an area for improved509

contextual awareness and layout analysis.510
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