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Abstract
With the growing adoption of Retrieval-001
Augmented Generation (RAG) in document002
processing, robust text recognition has become003
increasingly critical for knowledge extraction.004
While OCR (Optical Character Recognition)005
for English and other languages benefits from006
large datasets and well-established benchmarks,007
Arabic OCR faces unique challenges due to its008
cursive script, right-to-left text flow, and com-009
plex typographic and calligraphic features. We010
present KITAB-Bench, a comprehensive Arabic011
OCR benchmark that fills the gaps in current012
evaluation systems. Our benchmark comprises013
8,809 samples across 9 major domains and014
36 sub-domains, encompassing diverse docu-015
ment types including handwritten text, struc-016
tured tables, and specialized coverage of 21017
chart types for business intelligence. Our find-018
ings show that modern vision-language models019
(such as GPT-4, Gemini, and Qwen) outper-020
form traditional OCR approached (like Easy-021
OCR, PaddleOCR, and Surya) by an average022
of 60% in Character Error Rate (CER). Fur-023
thermore, we highlight significant limitations024
of current Arabic OCR models, particularly in025
PDF-to-Markdown conversion, where the best026
model Gemini-2.0-Flash achieves only 65%027
accuracy. This underscores the challenges in028
accurately recognizing Arabic text, including029
issues with complex fonts, numeral recogni-030
tion errors, word elongation, and table struc-031
ture detection. This work establishes a rigorous032
evaluation framework that can drive improve-033
ments in Arabic document analysis methods034
and bridge the performance gap with English035
OCR technologies.036

1 Introduction037

With the upsurge in adoption of Retrieval-038

Augmented Generation (RAG) based systems for039

document processing, the quality of document in-040

gestion pipelines has become increasingly critical.041

Optical Character Recognition (OCR) plays a cru-042

cial role in this pipeline, enabling the conversion043
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Figure 1: Overview of the core domains and sub-
domains in KITAB-Bench. Our benchmark spans nine
major domains (e.g., OCR, charts to JSON, table recog-
nition) and 36 sub-domains (e.g., scanned text, handwrit-
ten text, various chart types), providing a comprehensive
evaluation framework for modern Arabic document pro-
cessing and analysis.

of physical documents into machine-readable text 044

and databases for enabling effective knowledge 045

retrieval. Although significant progress has been 046

made in the multilingual OCR (JaidedAI, 2020; Fu 047

et al., 2024; Wei et al., 2024; Smith, 2007), with 048

comprehensive datasets like PubLayNet (Zhong 049

et al., 2019b), DocBank (Li et al., 2020), M6Doc 050

(Cheng et al., 2023), and DocLayNet (Pfitzmann 051

et al., 2022), Arabic OCR continues to lag behind. 052

This gap is largely due to the unique challenges of 053

the Arabic script, including its cursive nature, com- 054

plex typography, and right-to-left text orientation. 055

056

Existing Arabic OCR datasets (Table 1), 057

like KHATT (Mahmoud et al., 2014) and 058

IFN/ENIT (Pechwitz et al., 2002) focus mainly on 059

handwritten text, whereas APTI (Slimane et al., 060

2009) covers only specific aspects of printed text. 061

These efforts fail to address advanced document 062

1



Table Recognition Chart to Dataframe Image to Text Diagram to JSON 

VQA Line Detection/Recognition Layout Detection PDF to Markdown

123

456

789

101112

131415

161718

{ "elements": [ { "id": "1", 
"type": "start", "label": "تقييم 
 ,"id": "2" } ,{ "ا�شاريع ا�ستقبلية
"type": "process", "label": "تحليل 
 :"description" ,"متطلبات ا��وع
 "NET.و #C تحديد ا�حتياجات التقنية مثل"
}, { "id": "3", "type": "decision", 
"label": "هل هناك فرق قا�ة قادرة؟" }, { 
"id": "4", "type": "process", 
"label": "ات ا�طلوبة�-de" ,"تحديد الخ
scription": "بناءً ع� تحليل الفجوة" }, { 
"id": "5", "type": "decision", 
"label": "هل تحتاج لتوظيف جديد؟" }, { 
"id": "6", "type": "process", 
"label": "البدء � عملية التوظيف", "de-
scription": "إعداد الوصف الوظيفي وإع�ن 
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.إنتاج سلعة مانح ال³خيص -
.تسويق السلعة ا�نتجة � مناطق جغرافية محددة -
 دفع مقابل ما« �انح ال³خيص مرتبط بحجم ا�بيعات ا�حقق من -
.تسويق هذه السلعة
.ا�رخص له يتحمل مسؤولية التسويق ع�وة ع� مسئولية ا¾نتاج -

<table border="1">
<caption>:مزايا وعيوب عقود ال³خيص</caption>
<thead>
  <tr>
    <th>ا�زايا</th>
    <th>العيوب</th>
  </tr>
</thead>
<tbody>
  <tr>
    <td>
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 ا�عتÃد ع� خ�ة ال�كة ا�حلية ا�رخص لها وبالتا« /2      
.يساعد ال³خيص ع� مواجهة موانع ا�ستÇاد ذو التكلفة ا�تزايدة
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 يا طوÊ للشام قيْل وَمَا ذلكَ ياَ
 رسَُول الله قال تلكَ مََ�يكة الله عَزّ
 وَ جَل باَسِطوا اجَْنحتهَا عَ� الشام
 اخَ�نَا عَبْد الرحمن ابن عثÃن
 حدثنا عمّى ابو بكر بن القاسم
 حَدّثنَا احْمَد بن عَ� القاÐ حدثنا
 عمرو بن الحصÑ حدثنَا حدثنا معاذ
 بن خشام عن ابيه عن قتادة عن
 سعيد عن عبد الله بن الصّامت عن
 اÊ ذرٍ رÐ الله عَنْه قال قالَ رسَُوْل
 الله صَ� الله عَليْه وسَلم الشام
ارض ا�ح� وا�ن� اخ�نا عَبْد
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Figure 2: Overview of different tasks in our benchmark: Eight key components illustrating the task inputs and
outputs for table recognition, chart understanding, text recognition, diagram analysis, VQA, line detection, layout
analysis, and PDF-to-Markdown conversion, complete with input/output examples for each task.

Domain/ EXAMS-V∗ Camel- MIDAD† KHATT KITAB-
Characteristics Bench Bench (Ours)
PDF to Markdown ✗ ✗ ✗ ✗ ✓

Layout Detection ✗ ✗ ✗ ✗ ✓

Line Detection ✗ ✗ ✗ ✗ ✓

Line Recognition ✗ ✓ ✗ ✗ ✓

Table Recognition ✗ ✗ ✗ ✗ ✓

Image to Text ✓ ✓ ✓ ✓ ✓

Charts to JSON ✗ ✗ ✗ ✗ ✓

Diagram to Code ✗ ✗ ✗ ✗ ✓

VQA ✓ ✓ ✗ ✗ ✓

Handwritten Samples ✗ ✗ ✓ ✓ ✓

Open Source ✓ ✓ ✗ ✓ ✓

Total Samples (#) 823 3,004 29,435 5,000 8,809

Table 1: Comparison of Arabic OCR Benchmarks
Across Different Domains. Benchmarks compared:
LaraBench (Abdelali et al., 2023), CamelBench
(Ghaboura et al., 2024), MIDAD (Bhatia et al., 2024),
KHATT (Mahmoud et al., 2014), and KITAB-Bench
(Ours). (∗: Only the Arabic samples are considered.) (†:
The test set of the dataset is considered.)

processing challenges such as table parsing,063

font detection, and numeral recognition. Arabic064

benchmarks like CAMEL-Bench (Ghaboura et al.,065

2024) and LAraBench (Abdelali et al., 2023)066

evaluate large multimodal and language models,067

but they give limited attention to document068

understanding tasks. Consequently, there remains069

a need for a more comprehensive framework to070

systematically evaluate and compare Arabic OCR071

solutions. Our benchmark addresses these gaps by072

offering diverse document types and evaluation073

tasks to facilitate in-depth assessments of modern074

OCR systems.075

We present KITAB-Bench, a comprehensive076

Arabic OCR benchmark spanning 9 domains and077

36 sub-domains. Our framework evaluates layout078

detection (text blocks, tables, figures), multi-format079

recognition (printed/handwritten text, charts, dia- 080

grams), and structured output generation (HTML 081

tables, DataFrame charts, markdown). This enables 082

rigorous assessment of both basic OCR capabilities 083

and advanced document understanding tasks. 084

The contributions of this work include (1) A 085

comprehensive Arabic OCR benchmark covering 086

multiple document types and recognition tasks. (2) 087

Detailed evaluation metrics for assessing perfor- 088

mance across different document understanding 089

challenges. We also propose CharTeX and CODM 090

metric to evaluate chart extraction and diagram ex- 091

traction respectively. (3) Baseline results for pop- 092

ular OCR systems and Vision Language Models 093

(VLMs), highlighting current limitations and areas 094

for improvement. (4) A standardized framework 095

for comparing Arabic OCR systems, facilitating 096

future research and development. 097

2 Related Work 098

The development of robust Optical Character 099

Recognition (OCR) systems has been extensively 100

studied across document layout analysis (Zhao 101

et al., 2024; Shen et al., 2021; Paruchuri, 2024b; 102

JaidedAI, 2020; Auer et al., 2024; Li et al., 2020), 103

table detection (Li et al., 2019; Paliwal et al., 2019; 104

Nassar et al., 2022; Li et al., 2021; Schreiber 105

et al., 2017), and document understanding (Staar 106

et al., 2018; Weber et al., 2023; Livathinos et al., 107

2021). While English OCR benefits from rich 108

datasets like PubLayNet (Zhong et al., 2019b), 109

DocBank (Li et al., 2020), M6Doc (Cheng et al., 110

2
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Figure 3: Comparison of model performance across four document understanding tasks (Table Recognition, Image
to Text, Diagram to JSON, and Layout Detection) showing successful and failed cases for different models including
Ground Truth, EasyOCR, GPT-4, Qwen, Surya, Tesseract, Yolo, and DETR on Arabic document benchmark data.

Domain Total Samples

PDF to Markdown 33
Layout 2,100
Line Detection 378
Line Recognition 378
Table Recognition 456
Image to Text 3,760
Charts to DataFrame 576
Diagram to Json 226
VQA 902

Total 8,809

Table 2: Distribution of samples across different do-
mains in our dataset. A more detailed count for different
sub-domains and data sources is in Appendix A.

2023), and DocLayNet (Pfitzmann et al., 2022),111

Arabic lacks standardized benchmarks for diverse112

fonts and layouts. Recent efforts like MIDAD113

(Bhatia et al., 2024) curates extensive training114

data for Arabic OCR and handwriting recogni-115

tion, while Peacock (Alwajih et al., 2024) intro-116

duces culturally-aware Arabic multimodal mod-117

els. Existing resources such as CAMEL-Bench118

(Ghaboura et al., 2024), LAraBench (Abdelali et al.,119

2023), MADAR (Bouamor et al., 2018), OSACT120

(Mubarak et al., 2022), and Tashkeela (Zerrouki121

and Balla, 2017) focus on language modeling or122

specific tasks rather than full-page OCR evaluation.123

Handwriting datasets including HistoryAr (Pantke124

et al., 2014), IFN/ENIT (Pechwitz et al., 2002),125

KHATT (Mahmoud et al., 2014), APTI (Slimane126

et al., 2009), and Muharaf (Saeed et al., 2024) em-127

phasize word/line recognition over document struc-128

ture analysis.129

Arabic table recognition faces challenges from130

merged cells and RTL formatting (Pantke et al.,131

2014). While methods like GTE (Zheng et al.,132

2021), GFTE (Li et al., 2021), CascadeTabNet133

(Prasad et al., 2020), TableNet (Paliwal et al., 2019),134

and TableFormer (Nassar et al., 2022) advance135

Latin table detection, their effectiveness on Arabic136

documents remains unproven. Document conver- 137

sion pipelines (CCS (Staar et al., 2018), Tesseract 138

(Smith, 2007), Docling (Auer et al., 2024), Surya 139

(Paruchuri, 2024b), Marker (Paruchuri, 2024a), 140

MinerU (Wang et al., 2024a), PaddleOCR (Du 141

et al., 2020)) lack Arabic-specific optimizations 142

for segmentation and diacritic handling (Mahmoud 143

et al., 2018; Kiessling et al., 2019). This highlights 144

the critical need for comprehensive Arabic OCR 145

benchmarks addressing text recognition, table de- 146

tection, and layout parsing. 147

3 KITAB-Bench 148

Our methodology offers a novel approach to bench- 149

marking Arabic OCR systems via a comprehensive 150

data collection strategy and a systematic evaluation 151

framework. We gather curated samples from exist- 152

ing Arabic document datasets, manually collected 153

and annotated PDFs, and employ a five-phase LLM- 154

assisted human-in-the-loop pipeline (Figure 4) to 155

generate diverse supplementary content. Our eval- 156

uation framework spans nine specialized tasks, en- 157

abling thorough assessment of OCR performance 158

across various document processing challenges and 159

providing a robust benchmark for Arabic document 160

understanding tasks. 161

3.1 PDF Data Collection 162

We curated 33 diverse PDFs from online sources in 163

academia, medicine, law, and literature. To ensure 164

challenging cases, we selected documents featuring 165

richly formatted tables with extensive color usage, 166

merged cells, Arabic numerals, historical texts, wa- 167

termarks, and handwritten annotations. Each PDF 168

averaged three pages, and we then manually an- 169

notated them. This dataset comprehensively cap- 170

tures real-world complexities, making it a valuable 171

benchmark for PDF-to-Markdown conversion. 172

3
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Figure 4: Synthetic Data Generation Pipeline: A 5-stage process using LLMs to generate topics, create raw data,
produce visualization code, render charts, and perform human evaluation for quality control.

3.2 LLM-Assisted Data Generation Pipeline173

To generate data for charts, diagrams and tables, we174

implemented a five-phase LLM-assisted generation175

pipeline with human validation at critical stages,176

as illustrated in Figure 4. In Phase I (Topic Gen-177

eration), our system employs an LLM to generate178

diverse topic names across multiple domains. This179

phase incorporates various personas (academic, le-180

gal, medical, technical) to ensure broad coverage181

of document types. Phase II (Data Generation)182

transforms the validated topics into structured raw183

data. The LLM generates content following Arabic184

linguistic and formatting conventions across vari-185

ous domains. In Phase III (Code Generation), the186

system converts the validated raw data into plotting187

code, with special attention to Arabic text rendering188

requirements and RTL content management. Phase189

IV (Image Rendering) utilizes specialized render-190

ing engines (Mermaid, Plotly, Vegalite, HTML)191

to create visual representations while maintaining192

Arabic text integrity.193

The final phase (Human Evaluation) implements194

rigorous quality control through expert validation.195

Evaluators filter charts, tables and diagrams based196

on detected anomalies and ensure adherence to197

Arabic-specific document conventions. This phase198

is crucial for maintaining the high quality of our199

benchmark dataset.200

3.3 Dataset Statistics 201

Our benchmark dataset comprises over 8,809 sam- 202

ples across 9 major domains and 36 sub-domains, 203

representing a comprehensive collection of Arabic 204

document types for OCR evaluation. As detailed 205

in Table 8, the dataset combines carefully curated 206

samples from established datasets, manually anno- 207

tation PDFs, and synthetically generated content 208

created through our LLM-assisted pipeline (Figure 209

4). The Image-to-Text portion (3,760 samples) in- 210

cludes data from historical documents (HistoryAr 211

(Pantke et al., 2014)), handwritten text collections 212

(Khatt (Mahmoud et al., 2014), ADAB (Boubaker 213

et al., 2021), Muharaf (Saeed et al., 2024)), and 214

scene text (EvAREST (Hassan et al., 2021)), while 215

layout detection comprises 2,100 samples from 216

BCE-Arabic-v1 (Saad et al., 2016) and DocLayNet 217

(Pfitzmann et al., 2022). 218

For layout analysis, we incorporated 1,700 samples 219

from BCE-Arabic-v1 dataset (Saad et al., 2016), 220

400 samples from DocLayNet dataset (Pfitzmann 221

et al., 2022) focusing on financial, academic, le- 222

gal, and patent documents. The line detection 223

and recognition tasks contains 378 samples each 224

from self-developed dataset. We further enriched 225

the dataset with 500 samples from PATS-A01 (El- 226

Muhtaseb, 2010) benchmark to ensure diverse rep- 227

resentation. For handwritten text recognition, 228

we assembled a comprehensive collection of 1,000 229

4



Task Metric Surya Tesseract EasyOCR

Detection mAP@50 79.67 46.39 68.02
mAP@0.5:0.95 27.40 14.30 32.74

Recognition WER 1.01 1.00 0.53
CER 0.87 0.66 0.20

Table 3: Performance of different models on Line De-
tection and Line Recognition Task on our Benchmark

samples combining datasets from Khatt (Mahmoud230

et al., 2014) (both paragraph and line-level anno-231

tations), Adab (Boubaker et al., 2021), Muharaf232

(Saeed et al., 2024), and OnlineKhatt (Mahmoud233

et al., 2018). The benchmark also includes spe-234

cialized content from ISI-PPT (Wu and Natarajan,235

2017) (500 samples), and Hindawi (Elfilali, 2023)236

(200 samples) for various document types. Scene237

text understanding is supported by 800 samples238

from EvArest (Hassan et al., 2021), providing real-239

world context diversity. A detailed table showing240

all the dataset is provided in the Appendix A.241

A significant portion of our dataset consists of syn-242

thetically generated content, including 576 sam-243

ples for Charts-to-DataFrame (spanning 16 differ-244

ent chart types), 422 samples for Diagram-to-Code245

(covering sequence diagrams, flowcharts, and tree246

maps), 456 samples for Tables-to-CSV/HTML, and247

902 samples for VQA tasks. These synthetic sam-248

ples were generated through our five-phase LLM-249

assisted human-in-the-loop pipeline (Figure 4). Ev-250

ery sample in our dataset - whether from existing251

sources or newly generated - underwent valida-252

tion by native Arabic speakers before inclusion in253

the final benchmark. This rigorous validation, re-254

inforced by expert review and automated checks,255

ensures high quality and authenticity across all do-256

mains. A detailed analysis is in Appendix C.257

4 Experiments258

Our experimental evaluation comprehensively as-259

sesses the capabilities of current OCR systems and260

state-of-the-art vision-language models (VLMs)261

across different Arabic and multilingual document262

understanding tasks. Figure 2 illustrates the nine263

distinct tasks in our evaluation framework.264

We evaluate three categories of systems: VLMs,265

traditional OCR systems, and specialized docu-266

ment processing tools. For VLMs, we include both267

closed-source models like gpt-4o-2024-08-06,268

gpt-4o-mini-2024-07-18 (Hurst et al., 2024;269

Achiam et al., 2023), and gemini-2.0-flash270

(Georgiev et al., 2024; Google DeepMind,271

2025), as well as open-source alternatives 272

such as Qwen2-VL-7B (Wang et al., 2024b), 273

Qwen2.5-VL-7B (Team, 2025), and the AIN-7B 274

(Heakl et al., 2025). Traditional OCR approaches 275

in our evaluation include Surya (Paruchuri, 2024b), 276

Tesseract (Smith, 2007), EasyOCR (JaidedAI, 277

2020), and PaddleOCR (Li et al., 2022; Du et al., 278

2021). For specialized document processing tasks, 279

we employ systems like Docling (Auer et al., 280

2024), and Marker (Paruchuri, 2024a). Layout 281

detection capabilities are evaluated using methods 282

implemented in Surya-layout (Paruchuri, 2024b), 283

Yolo-doclaynet (Zhao et al., 2024) from MinerU 284

(Wang et al., 2024a), and RT-DETR (Zhao et al., 285

2023) based method in Docling (Auer et al., 2024). 286

4.1 Evaluation Frameworks and Metrics 287

Our evaluation framework comprises nine special- 288

ized tasks designed to assess different aspects of 289

Arabic OCR systems, as demonstrated in Figure 2. 290

Each task addresses specific challenges in Arabic 291

document processing. For this reason, we employ 292

task-specific metrics to evaluate different aspects 293

of document understanding. 294

PDF-to-Markdown: It evaluates the conversion
of Arabic PDFs to structured markdown while pre-
serving the text and table structure. Since both
table and text structure are important, for evalu-
ating PDF to Markdown conversion quality, we
propose MARS (Markdown Recognition Score),
which combines chrF (Popović, 2015) with Tree-
Edit-Distance-based Similarity (TEDS) (Zhong
et al., 2020) :

MARS = α · chrF3+(1−α) ·TEDS(Ta, Tb) (1)

where α (0 ≤ α ≤ 1) is the weight. Ta represent 295

Dataset Metric Surya Yolo-doc- Detr
laynet (docling)

BCE

mAP@0.5 0.506 0.470 0.750
mAP@0.5:0.95 0.381 0.369 0.566
Precision 0.751 0.608 0.626
Recall 0.593 0.592 0.725
F1 Score 0.635 0.585 0.654

DocLayNet

mAP@0.5 0.675 0.404 0.758
mAP@0.5:0.95 0.469 0.335 0.541
Precision 0.782 0.527 0.635
Recall 0.856 0.503 0.770
F1 Score 0.799 0.499 0.670

Table 4: Performance comparison of layout detection
models using different evaluation metrics

5



predicted table structure and Tb the ground truth296

structure.297

Table Recognition: We evaluate table extraction
using both HTML and CSV formats, where HTML
format (evaluated using TEDS (Zhong et al., 2020))
preserves rich structural information including cell
spans and hierarchical relationships crucial for
complex Arabic tables, while CSV format (evalu-
ated using Jaccard Index 2) focuses on raw data
extraction optimized for machine processing and
data analysis pipelines. This dual-format evalua-
tion ensures systems can both maintain complex
table structures for human readability and provide
clean, structured data for automated processing,
specifically important for RAG based systems.

J(P,G) =
|P ∩G|
|P ∪G|

=
|P ∩G|

|P |+ |G| − |P ∩G|
(2)

where |P ∩ G| represents the number of exact298

matching cells between predicted and ground truth299

tables, and |P ∪G| represents the total number of300

unique cells across both tables.301

Chart-to-Dataframe: This task evaluates ex-
tracting structured data from Arabic charts into
machine-readable dataframes. Systems must accu-
rately parse numerical values, text labels, and pre-
serve data relationships across chart types (bar, line,
pie). We use the Structuring Chart-oriented Repre-
sentation Metric (SCRM) (Xia et al., 2024)—which
combines type recognition, topic understanding,
and structural numerical fidelity (see Appendix
D)—and also propose our own CharTeX (Chart
Extraction Score) metric. CharTeX combines the
cHrf scores for chart type and topic with the jac-
cord index for the dataframe, using fuzzy matching
(80% threshold) when columns do not exactly align.

Metric = αJtype+βJtopic+(1−α−β)Jdata (3)

Here, Jtype and Jtopic denote the chrF scores be-302

tween the predicted and ground-truth chart type and303

topic, while Jdata measures the structural similarity304

of the predicted and ground-truth JSON data.305

Diagram-to-JSON: This task evaluates the con-306

version of Arabic flowcharts and technical dia-307

grams into JSON while preserving semantic rela-308

tionships and technical specifications. We propose309

CODM (Code-Oriented Diagram Metric), extend-310

ing SCRM (Xia et al., 2024), with the same fomu-311

lation as in Eq 3. More detail about this metric is312

provided in Appendix E313

Image-to-Text: This task assess the basic text314

recognition capabilities across different Arabic 315

fonts and styles, including the handling of cursive 316

script connections, diacritical marks, and various 317

text orientations. We use we use Character Error 318

Rate (CER) and Word Error Rate (WER). For a pre- 319

dicted text sequence ŷ and ground truth sequence y, 320

CER is computed as: CER = L(y,ŷ)
|y| , where L(y, ŷ) 321

is the Levenshtein distance between character se- 322

quences and |y| is the ground truth length. WER is 323

calculated the same way with words as the unit of 324

error. 325

Visual Question Answering: Tests the ability of 326

models to understand and reason about Arabic doc- 327

ument content, we evaluate using standard accuracy 328

for MCQ questions and exact word match. 329

Line Detection: Focuses on the accurate iden- 330

tification and processing of individual text lines 331

in Arabic documents. We evaluate using mean 332

Average Precision (mAP) at different Intersec- 333

tion over Union (IoU) thresholds: mAP@0.5 and 334

mAP@0.5:0.95, which assess the localization ac- 335

curacy of detected text lines. 336

Layout Detection: Assesses document structure 337

analysis capabilities, including the identification of 338

headers, paragraphs, and complex layout elements 339

in Arabic documents. Performance is measured us- 340

ing mAP@0.5 and mAP@0.5:0.95 for localization 341

accuracy, complemented by Precision, Recall, and 342

F1 scores to evaluate the overall detection quality 343

across different layout components. 344

All metrics are computed on our diverse bench- 345

mark dataset, which encompasses various docu- 346

ment types and complexity levels in both Arabic 347

and multilingual contexts. Table 10 provides a 348

detailed mapping of tasks, metrics, and evaluated 349

systems. 350

4.2 Experimental Setup 351

We implement our evaluation pipeline with care- 352

ful consideration of hyperparameters for different 353

metric. All experiments use NVIDIA A100 GPUs. 354

For VLMs, we use their official implementations 355

or API endpoints. Traditional OCR systems are 356

evaluated using pre-trained models provided by 357

the frameworks. For PDF-to-Markdown evaluation 358

metric MARS 1, we choose α = 0.5 and α = 0.5 359

and β = 0.2 for Diagram-to-JSON evaluation met- 360

ric CODM. We average the results over multiple 361

runs, with performance comparisons shown in dif- 362

ferent tables [ 3, 6, 5, 7, and 4]. 363
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Table Extraction End-to-End PDF

Model Group Models TEDS (HTML) Jaccard (CSV) CHrF (Text) TEDS (Table) MARS

Closed
GPT-4o 85.76 66.36 69.62 60.61 65.12
GPT-4o-mini 69.32 49.50 56.59 52.69 54.64
Gemini-2.0-Flash 83.08 65.55 75.75 55.55 65.65

Open
Qwen2-VL-7B 57.83 40.20 40.30 2.54 21.42
Qwen2.5-VL-7B 59.31 59.58 69.21 11.65 40.43
AIN-7B 75.94 64.83 56.52 49.32 52.92

Framework

Tesseract 28.23D

38.64I
14.85D

16.04I 59.91D 45.44D 52.68D

EasyOCR 49.10D

39.09I
23.83D

17.88I 57.46D 51.12D 54.29D

Surya 50.15M 70.42M 58.38M 44.29M 51.34M

DDocling (Auer et al., 2024) pipeline I Img2Table (Cattan, 2021) pipeline MMarker (Paruchuri, 2024a) pipeline

Table 5: Performance comparison of different models for table extraction and end-to-end PDF to markdown
conversion tasks on our benchmark.

Group Models CHrF ↑ CER ↓ WER ↓

Closed
GPT-4o 61.01 0.31 0.55
GPT-4o-mini 47.21 0.43 0.71
Gemini-2.0-Flash 77.95 0.13 0.32

Open
Qwen2VL-7B 33.94 1.48 1.55
Qwen2.5VL-7B 49.23 1.20 1.41
AIN-7B 78.33 0.20 0.28

Framework

Tesseract 39.62 0.54 0.84
EasyOCR 45.47 0.58 0.89
Paddle 16.73 0.79 1.02
Surya 20.61 4.95 5.61

Table 6: Performance comparison of models for OCR
(image to text) tasks on our benchmark. A detailed
performance comparison among different open-source
dataset is available in Appendix B

5 Results and Discussion364

In this section, we present a comprehensive evalua-365

tion of different models across different tasks of our366

framework. The results provide a clear distinction367

between the performance of closed-source models,368

open-source models, and framework-based solu-369

tions, revealing both their strengths and limitations.370

We observe very clear performance gap between371

closed and open-source solutions. While closed-372

source models like Gemini-2.0-Flash consistently373

outperform other models almost all the tasks.374

5.1 Charts, Diagrams, and VQA375

Table [7] presents model performance across dif-376

ferent chart and diagram understanding tasks, eval-377

uated using SCRM and CharTeX (for charts), and378

VQA-based accuracy metrics. Among closed-379

source models, Gemini-2.0 achieves the highest380

performance on chart understanding metrics, scor-381

ing 71.4% on SCRM and 56.28% on CharTeX. The 382

performance gap between Gemini-2.0 and GPT-4o 383

is particularly pronounced in CharTeX evaluation 384

(10.33%) compared to SCRM (2.8%). Open-source 385

models shows a significant limitation in complex 386

chart understanding. While their SCRM scores re- 387

main competitive, both Qwen variants score below 388

23% on CharTeX evaluation. The visual question- 389

answering results reveal an important exception to 390

the general closed-source advantage. AIN achieves 391

87% on PATDVQA, surpassing Gemini-2.0 by 392

11.5%. AIN also shows competitive performance 393

on MTVQA (31.50%), which is similar to GPT- 394

4o and 4% better than GPT-4o-mini. This shows 395

that open-source models can be competitive with 396

closed-source alternatives. 397

5.2 Layout and Lines: Document Structure 398

Our evaluation of document structure understand- 399

ing reveals distinct performance patterns across 400

layout detection and line processing tasks. In lay- 401

out detection (Table 4), RT-DETR (Zhao et al., 402

2023) achieves superior overall performance with 403

mAP0.5 scores of 0.750 and 0.758 on BCE (arabic 404

only) and DocLayNet (english) datset respectively. 405

However, Surya (Paruchuri, 2024b) demonstrates 406

higher precision (0.782 on DocLayNet, 0.751 on 407

BCE), despite lower recall rates. This trade-off 408

suggests that different architectures optimize for 409

different aspects of layout detection. 410

The line processing results (Table 3) highlight a 411

clear contrast between detection and recognition 412

capabilities. While Surya excels in detection with a 413

mAP@0.50 of 79.67%, EasyOCR demonstrates su- 414

perior recognition performance (WER: 0.53, CER: 415

7



Group Model Chart Diagram Visual QA

SCRM CharTeX CODM MTVQAO ChartsVQAM DiagramsVQAM PATDVQAM Average

Closed
GPT-4o 68.6 45.95 61.6 32.00 77.00 85.29 82.50 69.19
GPT-4o-mini 67.2 43.33 61.4 26.80 58.00 83.33 80.00 62.03
Gemini-2.0-Flash 71.4 56.28 71.8 35.00 72.00 88.24 75.50 67.68

Open
Qwen2-VL-7B 56.6 21.59 63.0 19.60 59.00 82.35 77.50 59.61
Qwen2.5-VL-7B 36.2 22.08 59.2 23.00 74.00 79.41 74.50 62.72
AIN-7B 66.6 34.61 66.40 31.50 75.00 85.29 87.00 69.69

Table 7: Model Performance on Chart Understanding, Diagram Parsing, and Visual Question Answering Tasks. For
VQA tasks, O denotes open-ended question type from MTVQA (Tang et al., 2024) dataset and M denotes MCQ
type questions.

0.20). This inverse relationship between detec-416

tion and recognition performance across models417

indicates a fundamental challenge in optimizing418

both capabilities simultaneously. Notably, Tesser-419

act shows consistent but lower performance across420

both metrics, suggesting that newer architectures421

have made significant improvements over tradi-422

tional approaches. We also observe that no sin-423

gle model excels at both detection and recognition,424

which requires for hybrid solutions.425

5.3 Tables, OCR, and PDF-to-Markdown426

Across table extraction tasks (Table 5), closed-427

source models maintain a clear advantage, with428

GPT-4o achieving 85.76% TEDS and 66.36%429

Jaccard scores. Among open-source models,430

AIN (75.94% TEDS) significantly outperforms431

Qwen variants, while specialized frameworks like432

Surya achieve competitive results (70.42% Jaccard)433

through targeted pipelines. In OCR evaluation (Ta-434

ble 6), Gemini-2.0-Flash leads with the lowest er-435

ror rates (CER: 0.13, WER: 0.32). Notably, AIN436

matches this performance level (WER: 0.28), while437

traditional OCR frameworks like EasyOCR and438

Tesseract show moderate performance (CER: 0.58,439

0.54). The significant performance drop in Paddle440

(CER: 0.79) and Surya (CER: 4.95) highlights the441

challenges in developing robust OCR systems.442

End-to-end document processing (Table 5) reveals443

the largest gaps between approaches. Closed-444

source models maintain consistent performance445

(GPT-4o: 65.12% MARS, Gemini-2.0: 65.65%446

MARS), while open-source models show substan-447

tial degradation (Qwen2-VL-7B: 21.42% MARS).448

Framework approaches achieve better stability,449

with Tesseract and EasyOCR scoring above 50%450

MARS, suggesting that specialized pipelines can451

partially bridge the gap with larger models in com-452

plete document processing tasks.453

Our comprehensive evaluation demonstrates that 454

while closed-source models maintain superior per- 455

formance over open-source models across most 456

tasks, specialized frameworks like Surya, RT- 457

DETR Layout, and EasyOCR achieve competitive 458

performance in targeted scenarios like table extrac- 459

tion, layout detection, and text recognition respec- 460

tively. However, this framework advantage signifi- 461

cantly diminishes in end-to-end pdf-to-markdown 462

tasks where the integration capabilities of large 463

models prove crucial, as evidenced by the perfor- 464

mance gaps between commercial VLMs and tradi- 465

tional systems like EasyOCR, Surya and Tesseract 466

in End-to-End PDF task (Table 5). 467

6 Conclusion 468

We introduce a comprehensive benchmark for Ara- 469

bic OCR that fills the gap in standardized evalu- 470

ation frameworks for Arabic document process- 471

ing. Our dataset of 8,809 samples across nine 472

major domains is the most diverse collection as- 473

sembled for OCR evaluation, incorporating hand- 474

written, scanned, synthetic, and scene text, as well 475

as complex tables, charts, and end-to-end pdf-to- 476

markdown. This framework extends beyond sim- 477

ple text recognition to include structural document 478

analysis and enables systematic assessment of OCR 479

performance across various fonts, styles, and lay- 480

outs. 481

7 Limitations and Future Directions 482

Despite its contributions, this benchmark has lim- 483

itations. While it covers diverse Arabic docu- 484

ment types, it lacks full representation of histor- 485

ical manuscripts and low-resource dialects. Future 486

work should expand to include these, along with 487

scanned records from government, academic, and 488

financial institutions. 489
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Another key limitation is in table and chart recog-490

nition, where OCR models struggle with struc-491

ture preservation, header detection, and merged492

cell parsing. Though our benchmark introduces493

challenges in these areas, further refinements are494

needed for robust multimodal OCR capable of495

jointly processing text, tables, and figures. Fu-496

ture advancements should focus on dataset expan-497

sion, novel evaluation metrics, deep learning re-498

finements, and cross-lingual OCR innovations to499

enhance Arabic VLMs.500
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combines manually curated samples, synthetic data817

generated through our LLM-assisted pipeline (Fig-818

ure 4), and existing publicly available datasets. Key819

sources include:820

• Handwritten Text: KHATT (paragraph and821

line-level annotations), ADAB, Muharaf, and822

OnlineKhatt.823

• Historical Documents: HistoryAr and Histori-824

calBooks.825

• Scene Text: EvAREST for real-world context826

diversity.827

• Layout Analysis: BCE-Arabic-v1 and Do-828

cLayNet.829

• Synthetic Content: 576 chart samples (16830

types) and 422 diagram samples generated831

via our five-phase pipeline (Section 3.2).832

The dataset emphasizes domain diversity, covering833

academic, medical, legal, financial, and technical834

documents. All samples underwent rigorous valida-835

tion by native Arabic speakers to ensure linguistic836

and structural accuracy.837

B Detailed Performance Comparison838

Table 9 provides granular performance metrics for839

VLMs and OCR frameworks across 12 Arabic text840

recognition datasets. Gemini-2.0-Flash demon-841

strates exceptional robustness on synthetic datasets842

(CER: 0.01 on PATS), while AIN-7B excels in his-843

torical manuscript recognition (CER: 0.26 on His-844

toryAr). Traditional OCR systems like Tesseract845

show limitations in handwritten text (CER: 1.26 on846

HistoryAr), highlighting the need for script-specific847

optimizations.848

C Data Analysis849

Our data generation pipeline (Figure 4) enabled850

the creation of 1,502 synthetic samples (576 charts,851

422 diagrams, 456 tables). The pipeline’s human852

validation phase rejected 18% of initial outputs853

due to RTL formatting errors or semantic incon-854

sistencies. As shown in Figure 5 and 6, domain-855

specific prompts ensured adherence to Arabic lin-856

guistic conventions during LLM-assisted genera-857

tion. The final dataset exhibits balanced represen-858

tation across:859

• Font Styles: 21 Arabic calligraphic styles860

• Document Types: 36 sub-domains including 861

financial reports and technical manuals 862

• Structural Complexity: 43% of tables contain 863

merged cells; 29% of charts use dual-axis con- 864

figurations 865

D Tasks Models and Metrics 866

Table 10 maps evaluation tasks to corresponding 867

models and metrics. The framework evaluates nine 868

core capabilities: 869

• Structural Understanding: Layout detection 870

(mAP), line detection (IoU) 871

• Content Extraction: Text recognition (CER), 872

table parsing (TEDS) 873

• Semantic Reasoning: VQA accuracy, chart- 874

to-dataframe conversion (SCRM) 875

• Specialized metrics like MARS ( α=0.5) ad- 876

dress the dual requirements of text fidelity and 877

structural preservation in PDF-to-Markdown 878

conversion. 879

E SCRM and CODM 880

The Structuring Chart-oriented Representation Met-
ric (SCRM) evaluates chart understanding through
three components:

SCRM = 0.4Jtype + 0.3Jtopic + 0.3Jdata (4)

where Jtype, and Jtopic are chrF scores, and Jdata 881

measures JSON structural similarity. 882

The Code-Oriented Diagram Metric (CODM) ex-
tends SCRM for flowcharts and technical diagrams:

CODM = 0.5Jtopology + 0.5Jsemantics (5)

assessing both node-edge relationships and seman- 883

tic labels. As shown in Figure 5 and 6, domain- 884

specific prompts guided model responses for metric 885

calculation. For instance, sequence diagrams re- 886

quired strict adherence to Arabic UML notation 887

standards during evaluation. 888
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Domain Sub-Domain Dataset Source Original Selected Total
PDF to Markdown General Manual 33 33 33
Layout Detection Docs BCE-Arabic-v1 (Saad et al., 2016) 1.9k 1,700 2,100DocLayNet (Pfitzmann et al., 2022) 80k 400
Line Detection Docs Manual 375 378 378
Line Recognition Docs Manual 375 378 378
Table Recognition Financial Pixmo (Deitke et al., 2024) 490 456 456

Image to Text

Synthetic PATS (El-Muhtaseb, 2010) 21.6k 500

3,760

SythenAR 39.1k 500

Historical HistoryAr (Pantke et al., 2014) 1.5k 200
HistoricalBooks 40 10

Hand. Paragraph Khatt (Mahmoud et al., 2014) 2.72k 200
Hand. Word ADAB (Boubaker et al., 2021) 15k 200

Hand. Line
Muharaf (Saeed et al., 2024) 24.5k 200
OnlineKhatt (Mahmoud et al., 2018) 8.5k 200
Khatt (Mahmoud et al., 2014) 13.4k 200

PPT ISI-PPT (Wu and Natarajan, 2017) 86.5k 500

Blogs ArabicOCR 20.3k 50
Hindawi (Elfilali, 2023) 79k 200

Scene EvAREST (Hassan et al., 2021) 5.59k 800

Charts to DataFrame

Bar Synthetic 100 61

576

Line Synthetic 100 43
Pie Synthetic 100 56
Box Synthetic 100 31
Violin Synthetic 100 36
Area Synthetic 50 29
SunBurst Synthetic 30 15
Dot Synthetic 30 15
Dual Axis Synthetic 20 26
Density Curve Synthetic 10 5
Bubble Synthetic 20 13
Grouped Bar Synthetic 50 60
Stacked Bar Synthetic 50 82
Histogram Synthetic 100 70
HeatMap Synthetic 10 11
Scatter Synthetic 100 23

Diagram to Json

Sequence Synthetic 50 46

226

Funnel Synthetic 20 52
Class Synthetic 20 30
Network Synthetic 20 18
Venn Synthetic 20 7
FlowChart Synthetic 100 112
TreeMap Synthetic 100 157

VQA

Diagrams Manual 102 102

902Charts Manual 105 100
News Letter PATD (Bouressace and Csirik, 2019) 2.42k 200
Scene MTVQA 818 500

Total Dataset Size – 8,809

Table 8: Dataset Distribution Across Different Domains, sub-domains and Data Source
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Dataset Size GPT-4o GPT-4o-mini Gemini-2.0-Flash Qwen2-VL
CER WER CER WER CER WER CER WER

PATS 500 0.23 0.30 0.53 0.71 0.01 0.02 1.02 1.02
SythenAR 500 0.09 0.20 0.14 0.32 0.07 0.17 0.59 1.13
HistoryAr 200 0.51 0.82 0.67 0.96 0.28 0.64 3.46 2.86
HistoricalBooks 10 0.41 0.76 0.59 0.88 0.05 0.22 1.90 2.16
Khatt 200 0.45 0.74 0.64 0.91 0.19 0.45 1.12 5.04
Adab 200 0.30 0.73 0.35 0.83 0.19 0.56 0.63 1.08
Muharaf 200 0.56 0.90 0.63 0.94 0.33 0.69 3.57 2.87
OnlineKhatt 200 0.29 0.63 0.41 0.76 0.17 0.44 1.30 2.01
ISI-PPT 500 0.08 0.18 0.15 0.31 0.06 0.15 1.03 1.06
ArabicOCR 50 0.06 0.26 0.16 0.46 0.00 0.02 1.25 1.50
Hindawi 200 0.34 0.56 0.48 0.71 0.01 0.04 1.82 2.05
EvArest 800 0.20 0.38 0.25 0.51 0.18 0.36 0.41 0.95

3,760 0.31 0.55 0.43 0.71 0.13 0.32 1.48 1.20

Dataset Size Qwen2.5-VL AIN Tesseract Surya
CER WER CER WER CER WER CER WER

PATS 500 0.26 0.36 0.00 0.00 0.14 0.28 4.66 4.67
SythenAR 500 0.21 0.40 0.04 0.16 0.31 0.72 4.82 7.90
HistoryAr 200 0.47 0.83 0.26 0.54 0.72 1.26 10.32 12.78
HistoricalBooks 10 0.33 0.72 0.84 0.88 0.74 0.99 6.81 6.30
Khatt 200 0.07 0.22 0.61 1.12 0.67 1.06 4.25 3.77
Adab 200 0.00 0.01 1.00 1.00 1.00 1.14 7.28 8.71
Muharaf 200 0.61 0.96 0.38 0.54 0.77 1.22 6.19 7.48
OnlineKhatt 200 0.36 0.70 0.03 0.12 0.59 1.20 6.71 6.95
ISI-PPT 500 0.36 0.54 0.52 0.53 0.31 0.64 4.25 3.77
ArabicOCR 50 1.00 1.00 0.01 0.01 0.01 0.01 2.75 3.58
Hindawi 200 1.00 1.00 0.11 0.15 0.31 0.72 0.15 0.20
EvArest 800 0.19 0.36 0.30 0.32 0.85 1.02 5.91 3.86

3,760 0.28 0.54 0.20 0.58 0.89 0.79 4.95 5.61

Table 9: Performance comparison of Large Vision-Language Models on KITAB-Bench (lower is better).
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Task Metrics Open LLMs Closed LLMs OCR Systems

Document Understanding Tasks

PDF to Markdown chrF + TEDS – – Docling
Marker
MinerU
PDF-Extract-Kit

Layout Detection mAP@0.5
mAP@0.5:0.95
Precision
Recall
F1

– – Surya
Yolo-doclaynet (MinerU)
Detr (docling)

Line Detection mAP@0.5
mAP@0.5:0.95

– – Surya
Tesseract
EasyOCR

Line Recognition WER, CER – – Surya
Tesseract
EasyOCR

Table Understanding Tasks

Tables Recognition
(HTML)

TEDS (Zhong et al., 2019a) Qwen2-VL
Qwen2.5-VL
AIN
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

Docling[EasyOCR]
Docling[Tesseract]
Marker
Img2Table[EasyOCR]
Img2Table[Tesseract]

Tables Recognition
(CSV)

Jaccard Index Qwen2-VL
Qwen2.5-VL
AIN
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

Docling[EasyOCR]
Docling[Tesseract]
Marker
Img2Table[EasyOCR]
Img2Table[Tesseract]

Visual Understanding Tasks

Image to Text CER, WER
chrF, BLEU
METEOR

Qwen2-VL
Qwen2.5-VL
AIN-7B
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

Docling[EasyOCR]
Docling[Tesseract]
Marker
Img2Table[EasyOCR]
Img2Table[Tesseract]

Charts to
DataFrame

SCRM (Xia et al., 2024, 2023) Qwen2-VL
Qwen2.5-VL
AIN
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

–

Diagram to Json SCRM Qwen2-VL
Qwen2.5-VL
AIN-7B
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

–

VQA Accuracy +
Word Match Score

Qwen2-VL
Qwen2.5-VL
AIN-7b
PaliGemma

GPT-4o
GPT-4o-mini
Gemini-2.0-Flash

–

Table 10: Comprehensive evaluation metrics and models for document understanding tasks. The table is organized
into three main categories: document understanding, table understanding, and visual understanding tasks. Each task
is evaluated using specific metrics and implemented across various models and OCR systems.
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OCR Prompt
"""Extract the text in the image. Give me the 
    final text, nothing else."""
 

PDF to Markdown Prompt

"""Extract the text from the document in 
Markdown format, and extract the tables in 
HTML format. 
Do not add style or anything, just the text. Do 
not ever generate tables in markdown format. 
Give me the output, nothing else."""

Charts: Type Prompt

Diagrams: Type Prompt
"""You are an expert in detecting chart types. Below are exam-
ples of the expected output format:

Example 1:  
treemap 

Example 2:  
flowchart 

Example 3:
diagram

Your task is to determine the type of chart shown in the given 
image.  

**Instructions:**  
- **Respond with only the chart type** (e.g., 'flowchart', 
'sequence').  
- **Do not provide any explanations, descriptions, or additional 
text.**  
- **Ensure the output strictly follows the format shown in the 
examples.**  

What type of chart is shown in the image?"""

Diagrams: Topic Prompt
"""You are an expert in detecting chart types. Below are exam-
ples of the expected output format:

Example 1:  
treemap 

Example 2:  
flowchart 

Example 3:
diagram

Your task is to determine the type of chart shown in the given 
image.  

**Instructions:**  
- **Respond with only the chart type** (e.g., 'flowchart', 
'sequence').  
- **Do not provide any explanations, descriptions, or additional 
text.**  
- **Ensure the output strictly follows the format shown in the 
examples.**  

What type of chart is shown in the image?"""

"""You are an expert in detecting chart types. Below are examples of 
the expected output format:

Example 1:  
bar chart

Example 2:  
scatter chart

Example 3:
histogram

Your task is to determine the type of chart shown in the given 
image.  

**Instructions:**  
- **Respond with only the chart type** (e.g., 'bar chart', 'scatter 
chart').  
- **Do not include any additional text, explanations, or descrip-
tions.**  
- **Ensure the output matches the format in the examples exactly.**  

Provide only the chart type in **single quotes** as shown in the 
examples above.  

What type of chart is shown in the image? Don't output any extra 
text"""

Charts: Topic Prompt
  :أنت خب­   تحليل وتقييم ا�خططات البيانية. في� ي	 أمثلة توضح تنسيق ا�جابة ا�توقع"""

  **:مثال 1**
 توزيع الكتب ا�ك� مبيعاً حسب النوع ا�د�

  **:مثال 2**
آراء العم�ء حول ا�وضوعات ا�ث­ة للجدل   الكتب

  **:التعلي�ت**
  **.حدد موضوع أو محتوى ا�خطط البيا� فقط** -
  **.اكتب ا�جابة باللغة العربية فقط** -
  **.اتبع التنسيق ا�حدد دون إضافة أي ¥ح أو تعليق إضا ** -

"""ما هو موضوع أو محتوى ا�خطط البيا�؟

Charts: Data Prompt
"""You are an expert in chart data extraction. You are given a chart image and 
you should provide the chart data in CSV format.
Here are some examples. 
Example 1:
```csv
  النوع ا�د�,ا�بيعات (با¬»ف)
  روايات,٣٥٠
  خيال علمي,١٢٠
  فانتازيا,١٨٠
  حيا¶,٩٠
  تاريخ,٧٠
  علم نفس,١١٠
  مذكرات,٨٥
  تكنولوجيا,٦٥
  فنون,٤٥
أطفال,٢٠٠
```

Example 2:
```csv
  موضوع,نسبة العم�ء ا�يجابية,نسبة العم�ء السلبية
  السياسة   ا�دب,٤٠,٦٠
  الدين والفكر,٣٥,٦٥
  الع�قات غ­ التقليدية,٥٥,٤٥
  العنف   القصص,٣٠,٧٠
  الحريات الفردية,٥٠,٥٠
  النقد ا»جت�عي,٦٠,٤٠
التكنولوجيا وا�ستقبل,٦٥,٣٥
```
Not give me the results as in the previous CSV format."""

Figure 5: Prompts for Different Task Categories.
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Diagrams: Data Prompt Table: HTML Prompt
"""Extract the data from the table below and provide the output 
in HTML format. Output only the data as HTML and nothing else. 
Here is one example:
```html
<table>
    <thead>
        <tr>
            <th>الفئة</th>
            <th>النسبة ا�ئوية</th>
            <th>التفاصيل</th>
        </tr>
    </thead>
    <tbody>
        <tr>
            <td>سهم ا�حلية
<td/>ا
            <td>٣٥٪</td>
            <td>كة سابك, �كة ا�تصا�ت السعودية, �كة أرامكو�</td>
        </tr>
        <tr>
            <td>وراق ا�الية الحكومية
<td/>ا
            <td>٢٠٪</td>
            <td>مارات�<td/>حكومة السعودية, حكومة ا
        </tr>
        <tr>
            <td>السندات الدولية</td>
            <td>١٥٪</td>
            <td>بنك سوي�ي, بنك جي � مورغان</td>
        </tr>
        <tr>
            <td>العقارات التجارية</td>
            <td>١٥٪</td>
            <td>د�, الرياض, ا�نامة</td>
        </tr>
        <tr>
            <td>ا�ستث�رات البديلة</td>
            <td>١٠٪</td>
            <td>صناديق ا�ستث�ر الخاصة, صناديق التحوط</td>
        </tr>
        <tr>
            <td>النقد وما يعادله</td>
            <td>٥٪</td>
            <td>ول
<td/>بنك ا�مارات د� الوطني, بنك أبوظبي ا
        </tr>
    </tbody>
</table>
```
Now generate the data for the provided table."""

Table: Dataframe Prompt

"""Extract the data from the table below and 
provide the output in CSV format. Output 
only the data as CSV and nothing else. Here 
is one example:
```csv
 اسم ال§كة,الصفقة,مبلغ الصفقة (مليون دو�ر),تاريخ ا�تفاقية,نوع التقنية
ن̈ر,28,2023-06-15,الحوسبة السحابية  أوراكل,ا�ستحواذ ع© �كة س
 والنمذجة الحيوية
ف̈يسز,�اكة مع �كة موديلينغ  أمازون ويب س
 بيو,15,2023-04-20,النمذجة الحيوية
 مايكروسوفت,�اكة مع �كة بيومادكس,12,2023-03-10,الحوسبة
 السحابية
 جوجل ك¸ود,�اء �كة بيوكيم سوليوشنز,35,2023-09-01,النمذجة
 الحيوية
 آي � إم,توسع ¹ �اكتها مع �كة جينوميك
سوفتوير,18,2023-05-05,حوسبة بيولوجية

```
Now generate the data for the provided 
table."""

 

"""You are an expert in diagram data extraction. Your task is to 
analyze the given diagram and generate structured data in JSON 
format that captures nodes (entities) and edges (relationships).  

## Output Format Example:
for flowchart: 
```json
{
  "nodes": [
    {
      "id": "1",
      "text": "جمع النفايات",
      "description": "جمع النفايات الصلبة من ا�ناطق الح½ية"
    },
    {
      "id": "2",
      "text": "فرز النفايات",
      "description": "عادة التدوير وغ¨ قابلة�"فرز النفايات إÀ مواد قابلة 
    },
    {
      "id": "3",
      "text": "نقل النفايات",
      "description": "مرافق التحويل Àنقل النفايات غ¨ القابلة للتدوير إ"
    }
  ],
  "edges": [
    {
      "from": "1",
      "to": "2",
      "text": "فرز"
    },
    {
      "from": "2",
      "to": "3",
      "text": "نقل"
    },
    {
      "from": "3",
      "to": "4",
      "text": "معالجة"
    }
  ]
}
treemap:
```json
{
} :"تخصيص التمويل الحكومي وا�ساعدات"  
} :"التنمية ا�قتصادية"    
ة̈": "Åويل ا
Ä ا�تأثرة"       ,"دعم ا�شاريع الصغ
"تحفيز ا�ستث�رات ا�حلية": "إعفاءات Èيبية"      
    },
} :"البنية التحتية"    
,"تحسË النقل العام": "تحديث الحاف¸ت والقطارات"      
"الÍف الصحي وا�ياه": "معالجة مياه الÍف"      
    }
  }
}
class diagram:
```json
{
} :"ورشة_عمل"  
] :"خصائص"    
,"اسم_الورشة"      
,"تاريخ_الورشة"      
"مدة_الورشة"      
    ],
ق̧ات"     } :"ع
,"تحتوي_ع©": "جلسة_تدريب"      
,"ينظم_من": "منظم"      
"يشارك_¹": "مشارك"      
    }
  },
} :"جلسة_تدريب"  
] :"خصائص"    
,"اسم_الجلسة"      
,"مدة_الجلسة"      
"محتوى"      
    ],
ق̧ات"     } :"ع
,"يقدم_من": "مدرب"      
"يتبع_إÀ": "ورشة_عمل"      
    }
  }
}
"""

Figure 6: Prompts for Different Task Categories (Con-
tinued).
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