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Abstract001

This survey provides the first systematic review002
of Arabic benchmarks that target the evaluation003
of LLMs with Arabic support. It showcases004
an analysis of 40+ Arabic evaluation bench-005
marks across NLP tasks, knowledge domains,006
cultural understanding, and specialized capa-007
bilities. A taxonomy organizing benchmarks008
into four categories is proposed: Knowledge,009
NLP Tasks, Culture and Dialects, and Target-010
Specific evaluations. The analysis reveals sig-011
nificant progress in Arabic benchmark diversity012
while identifying critical gaps: limited tempo-013
ral evaluation, insufficient multi-turn dialogue014
assessment, and cultural misalignment in trans-015
lated datasets. Three primary approaches are016
examined: native collections, translated collec-017
tions, and synthetically generated collections.018
Their trade-offs regarding authenticity, scale,019
and cost are discussed. This work serves as a020
comprehensive reference for Arabic NLP re-021
searchers, providing insights into benchmark022
methodologies, reproducibility standards, and023
evaluation metrics while offering recommenda-024
tions for future development.025

1 Introduction026

In recent years, Large Language Models (LLMs)027

have achieved major advances in natural language028

understanding and reasoning, moving closer to the029

vision of AGI (Naveed et al., 2025). Since the030

transformer era, LLMs have demonstrated strong031

multilingual capabilities beyond English (Huang032

et al., 2025). Arabic, spoken by nearly 500 mil-033

lion people worldwide1 , underscores the impor-034

tance of multilingual evaluation. Consequently,035

both Arabic-specific and multilingual LLMs with036

Arabic support have been released in open- and037

closed-source settings (Al-Khalifa et al., 2025).038

Robust benchmarks are essential for systematic039

1World Bank (2024). Population, Total – Arab
World. https://data.worldbank.org/indicator/SP.
POP.TOTL?locations=1A

evaluation, and in parallel with progress in Arabic- 040

capable LLMs, substantial effort has been devoted 041

to Arabic benchmarking. 042

Arabic benchmark development faces distinct 043

challenges. Data scarcity and limited diversity 044

in Arabic web content (Al-Khalifa et al., 2025) 045

increase the cost of dataset creation. To address 046

this, researchers rely on translation from English, 047

synthetic data generation using LLMs, and native 048

Arabic data collection. Each approach involves 049

trade-offs: translation often leads to cultural mis- 050

alignment, while synthetic data risks bias and cir- 051

cular evaluation. Both require extensive human 052

validation and remain vulnerable to cultural mis- 053

alignment (Nacar et al., 2025). 054

These challenges are amplified by Arabic’s lin- 055

guistic diversity across Modern Standard Arabic 056

and numerous regional dialects (Keleg et al., 2025). 057

Hence, Arabic demands dedicated benchmarking 058

analysis due to its rich morphology, more than 20 059

dialects that function almost as separate languages, 060

strong cultural sensitivity that limits translation- 061

based evaluation, persistent data scarcity, and a 062

fragmented evaluation landscape absent in English- 063

centric benchmarks. 064

While recent surveys have analyzed Arabic- 065

capable LLMs from various perspectives 066

(Mashaabi et al., 2024; Al-Khalifa et al., 2025; 067

Rhel and Roussinov, 2025), none provides a 068

focused and comprehensive treatment of Arabic 069

benchmarks. This survey fills that gap by system- 070

atically reviewing Arabic evaluation datasets and 071

methodologies. Our contributions are threefold: (1) 072

we introduce a taxonomy organizing benchmarks 073

into four categories; (2) we analyze over 40 Arabic 074

benchmarks; and (3) we examine evaluation 075

practices, tools, trends, and critical gaps. We 076

release a companion repository2 consolidating 077

benchmark datasets, code, and frameworks. 078

2Anonymous-github-Link
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The paper is organized as follows. Section 2 re-079

views Arabic-supporting LLMs and related surveys.080

Section 3 introduces the taxonomy, with Sections081

4–7 detailing each category. Section 8 discusses082

open challenges, and Section 9 concludes.083

2 Background084

This section provides the necessary context for un-085

derstanding the Arabic benchmarking landscape for086

LLMs. We first categorize existing LLMs that sup-087

port Arabic or are Arabic-specific, by their training088

approaches, then review related work to position089

our contribution within the broader literature.090

2.1 LLMs with Arabic Support091

State-of-the-art LLMs with Arabic support can be092

categorized into three types. Native models are093

trained from scratch exclusively on Arabic data, en-094

abling Arabic-only interaction. Examples include095

Jais (Sengupta et al., 2023), ArabianGPT (Koubaa096

et al., 2024), and AraGPT (Antoun et al., 2021).097

Multilingual models support multiple languages098

including Arabic, such as Qwen3 (Yang et al.,099

2025), Gemma3 (Team et al., 2025b), and Llama100

(Grattafiori et al., 2024), as well as closed-source101

models like ChatGPT (OpenAI, 2023) and Claude102

(Anthropic, 2024). Adapted Arabic models apply103

continued pretraining or supervised fine-tuning to104

existing multilingual models to enhance Arabic per-105

formance, exemplified by AceGPT (Huang et al.,106

2024), SILMA (Team, 2024), Fanar (Team et al.,107

2025a), and Falcon-Arabic (TII, 2025).108

2.2 Related Work109

Several surveys have examined LLMs that have110

Arabic capabilities. Mashaabi et al. (2024) pro-111

vided an in-depth discussion of pretraining and fine-112

tuning data for LLMs with Arabic support, includ-113

ing dialectal coverage, and listed available models114

with details on accessibility and reproducibility.115

Rhel and Roussinov (2025) surveyed pretrained116

Arabic LLMs with focus on classical NLP applica-117

tions and benchmarks. Most recently, Al-Khalifa118

et al. (2025) presented the historical evolution of119

Arabic NLP, common pretraining and fine-tuning120

strategies, and current research trends and chal-121

lenges. While Al-Khalifa et al. (2025) briefly dis-122

cussed a subset of existing benchmarks, no compre-123

hensive survey of Arabic benchmarks exists. This124

work fills that gap by systematically reviewing eval-125

uation techniques and benchmarking datasets for126

LLMs with Arabic support.127

3 Benchmarks Taxonomy 128

We reviewed 40+ existing Arabic benchmarks 129

and constructed a taxonomy that captures various 130

themes and categories, as depicted in Figure 1. Be- 131

fore introducing the taxonomy, we present the re- 132

search methodology and the criteria used for bench- 133

mark inclusion. 134

3.1 Inclusion Criteria 135

While surveying the current state of benchmarks 136

used to evaluate LLMs in Arabic tasks, we devised 137

inclusion criteria that determined which bench- 138

marks would be discussed in this survey paper. All 139

existing works mentioned fall under one of the fol- 140

lowing categories, which we discuss below: 141

• Existing Arabic benchmarks introduced in 142

academic papers that evaluate specific Arabic 143

capabilities in LLMs. Public availability of 144

the benchmark dataset or evaluation pipeline 145

is not a requirement for inclusion. 146

• Arabic benchmarks that lack a detailed techni- 147

cal report but are well established in the field, 148

as evidenced by their use in evaluating re- 149

leased LLMs or their presence in well-known 150

leaderboards. 151

• Arabic subsets of established multilingual 152

benchmarks, such as MMLU and EXAMS. 153

3.2 Taxonomy 154

Our proposed taxonomy organizes benchmarks into 155

four categories: 156

Knowledge includes benchmarks evaluating gen- 157

eral knowledge and STEM capabilities, along with 158

domain-specific benchmarks in fields such as law 159

and medicine. 160

Natural Language Processing (NLP) encom- 161

passes early task-specific benchmarks and com- 162

prehensive multi-task benchmarks, reflecting the 163

evolution from narrow task evaluation to unified 164

assessment across diverse dialects and domains. 165

Culture and Dialects groups benchmarks assess- 166

ing cultural knowledge and dialect understanding, 167

addressing the essential property of cultural aware- 168

ness in LLMs with Arabic capabilities. 169

Target-Specific covers benchmarks designed to 170

assess particular LLM properties such as safety, 171

hallucination detection, instruction-following, and 172

vision capabilities. 173

This taxonomy emerged from analyzing com- 174

mon patterns across benchmarks and reflects the 175
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evolution from task-specific evaluation to compre-176

hensive assessment. In the following sections, we177

describe each category and we provide a thorough178

table (Tables 6) listing all discussed benchmarks179

with their characteristics.180

4 Knowledge181

Paper Primary Topic (Type) Total

MMLU_ar General Knowledge (MCQ) 15k
EXAMS_ar General Knowledge (MCQ) 0.5k
ArabicMMLU General Knowledge (MCQ) 14.57k
AraSTEM STEM (MCQ) 11.63k
GAT Linguistic Ability (MCQ) 0.56k
Qiyas Linguistics & Math (MCQ) 2.4k
ArabLegalEval Law (MCQ, GEN) 26.4k
AraMed Medical (GEN) 270k
MizanQA Law (MCQ) 1.7k
Fann or Flop Poetry (GEN) 6.9k
GATmath, GATLc Linguistics & Math (MCQ) 9k
3LM STEM & Coding (MCQ) 3.1k
Arabic-GSM8K Mathematics (GEN) 8.9k
MedArabiQ Medical (MCQ) 0.7k
Hajj-FAQ Religious QA (QA) 1.2k

Table 1: Arabic knowledge benchmarks summarized at
a high level.

This section examines benchmarks evaluating182

LLMs’ acquired knowledge and reasoning capabil-183

ities, covering both general and STEM topics as184

well as specialized domains such as law, medicine,185

and poetry, as summarized in Table 1.186

4.1 General and STEM187

Multilingual efforts produced early general188

knowledge benchmarks with Arabic components.189

MMLU_ar (Hendrycks et al., 2020) comprises190

14,079 human-translated MCQs spanning 57 sub-191

jects across difficulty levels, while EXAMS_ar192

(Hardalov et al., 2020) contains 562 high-school193

exam questions covering physics, chemistry, and194

biology. However, these suffer from translation195

concerns or limited scale.196

ArabicMMLU (Koto et al., 2024) addressed197

these limitations with 14,575 native Arabic MCQs198

curated from educational exams across Arab199

countries, covering all school levels plus univer-200

sity, spanning STEM, social sciences, humanities,201

and Arabic language understanding. AraSTEM202

(Mustapha et al., 2024) further specialized in203

STEM with 11,637 native MCQs which is 7,000204

more STEM samples than ArabicMMLU though it205

remains unpublished despite evaluation results on206

open-weight models.207

The 3LM suite (Boussaha et al., 2025) com-208

bines three benchmarks totaling 3,151 questions:209

3LM_nat from Arabic STEM exams, 3LM_syn210

synthetically generated via Yourbench’s pipeline 211

(Shashidhar et al., 2025) using Qwen3-235B-A22B, 212

and 3LM_code comprising Arabic translations of 213

HumanEval (Chen et al., 2021) and MBPP (Austin 214

et al., 2021) instructions and comments. 215

Several benchmarks leverage Saudi Arabia’s 216

General Aptitude Test (GAT), which assesses 217

verbal abilities (reading comprehension, contex- 218

tual errors, sentence completion) and quantitative 219

skills (arithmetic, algebra, geometry, data analysis). 220

Early efforts (Alkaoud, 2024; Al-Khalifa and Al- 221

Khalifa, 2024) used 456 and 2,407 GAT samples 222

respectively but lacked reproducibility and scale, 223

evaluating only GPT-3.5 and GPT-4 with limited 224

shots. GATmath and GATLc (AlBallaa et al., 2025) 225

addressed these issues with 7k and 9k samples re- 226

spectively (16k total), publicly released with 5-shot 227

evaluation on diverse Arabic and bilingual LLMs. 228

Arabic-GSM8K (Omartificial-Intelligence-Space, 229

2025) provides human-validated translations of 230

the established GSM8K benchmark (Cobbe et al., 231

2021), assessing middle-school mathematical rea- 232

soning through 5-shot settings. 233

4.2 Domain Knowledge 234

Legal Domain. ArabLegalEval (Hijazi et al., 235

2024) pioneered Arabic legal LLM evaluation us- 236

ing documents scraped from Saudi Arabia’s Min- 237

istry of Justice and Board of Experts websites. The 238

benchmark employs three approaches: synthetic 239

MCQ generation using GPT-4 and Claude-3-opus 240

with in-context examples from ArabicMMLU’s law 241

section, QA pairs from governmental FAQ sec- 242

tions, and machine-translated datasets from Legal- 243

bench (Guha et al., 2023) verified by legal experts. 244

MIZANQA (Bahaj and Ghogho, 2025) extends le- 245

gal evaluation to Moroccan law using MCQs from 246

various law exams. 247

Poetry and Linguistics. Fann or Flop (Alghal- 248

labi et al., 2025) assesses poetry understanding 249

through 6,984 poem-explanation pairs, evaluating 250

metaphorical and figurative comprehension. Evalu- 251

ation uses BLEU, chrF(++), BERTScore, and mDe- 252

BERTaV3 for character-level overlap and semantic 253

alignment, with GPT-4o as judge for faithfulness, 254

grammatical correctness, and interpretive depth. 255

Medical Domain. Al-Majmar et al. (2024) intro- 256

duced 808k medical QA samples from the AlTibbi 257

patient-doctor forum3. AraMed (Alasmari et al., 258

2024) refined this to 270k high-quality samples 259

3https://altibbi.com/
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Figure 1: Taxonomy of Arabic Benchmarks.

based on vote counts. MedArabiQ (Daoud et al.,260

2025) further curated 100 AraMed samples, en-261

hanced them through grammatical correction and262

LLM modification, and added medical exam ques-263

tions (MCQs and fill-in-the-blank), yielding 700264

samples evaluating Arabic medical knowledge.265

Religious Domain. Hajj-FAQ (Aleid and Azmi,266

2025) addresses religious knowledge through267

question-answering on Hajj fatwas (Islamic legal268

rulings), providing a benchmark for LLMs’ under-269

standing of Islamic jurisprudence and pilgrimage-270

related guidance. This specialized dataset evaluates271

models’ ability to handle religiously and culturally272

sensitive content requiring both linguistic compe-273

tence and domain-specific religious knowledge.274

5 NLP Tasks275

Paper Primary Task (Type) Total

ARCD Reading Comprehension (MCQ) 1.4k
TyDiQA (Ar) Reading Comprehension (GEN) 14k
ORCA Multi-task NLP (BENCH) 588k
Dolphin Multi-task NLP (BENCH) 2M
Alghafa Reading Comprehension (MCQ) 33.2k
LAraBench Multi-task NLP (BENCH) 296k
BALSAM Multi-task NLP (BENCH) 52k

Table 2: Arabic NLP benchmarks covering core lan-
guage understanding and generation tasks.

LLM evaluation on fundamental NLP tasks has276

evolved from narrow, task-specific datasets to com-277

prehensive, multi-dimensional benchmarks. Early278

efforts such as ARCD (Mozannar et al., 2019) for279

reading comprehension and TyDiQA (Clark et al.,280

2020) for question answering established founda-281

tional paradigms for the pre-LLM era. The land-282

scape has since shifted toward unified benchmarks283

that assess generalist capabilities across understand-284

ing, generation, and reasoning tasks, addressing285

morphological complexity, dialectal variation, and286

domain diversity Table 2.287

5.1 Comprehensive Multi-Task Benchmarks 288

LAraBench (Abdelali et al., 2024) introduced one 289

of the first systematic benchmarking suites for Ara- 290

bic NLP and speech, evaluating general-purpose 291

LLMs against task-specific models across 33 tasks 292

and 61 datasets. By integrating earlier resources 293

such as ARCD and dialect identification corpora, 294

it bridges pre-LLM and LLM evaluation. Results 295

from zero- and few-shot evaluation of GPT-3.5- 296

turbo, GPT-4 (OpenAI et al., 2024), BLOOMZ 297

(Muennighoff et al., 2023), Jais-13b-chat (Sen- 298

gupta et al., 2023), and Whisper (Radford et al., 299

2023) show that specialized models outperform 300

LLMs in zero-shot settings, while larger LLMs sub- 301

stantially narrow the gap under few-shot prompt- 302

ing. 303

BALSAM (Al-Matham et al., 2025) pro- 304

vides a community-driven benchmark emphasizing 305

instruction-following across 78 tasks and 14 cate- 306

gories (52K examples), spanning core NLP tasks 307

such as summarization, QA, translation, and rea- 308

soning. It mitigates contamination via blind test 309

sets, offers an integrated leaderboard, and demon- 310

strates that LLM-as-judge aligns more closely with 311

human judgments than traditional metrics. Draw- 312

ing on mixed natural, translated, and synthetic data 313

from sources including xP3 (Muennighoff et al., 314

2023), PromptSource (Bach et al., 2022), SuperNat- 315

uralInstructions (Wang et al., 2022), TruthfulQA 316

(Lin et al., 2022), and newly curated datasets, BAL- 317

SAM shows that large closed-source models out- 318

perform smaller Arabic-centric models, with per- 319

formance influenced by tokenization, data scale, 320

and Arabic-specific tuning. Identified limitations 321

include residual cultural misalignment and limited 322

evaluation of multi-turn dialogue and hallucination. 323
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5.2 Task-Specific Benchmarks324

Understanding and generation capabilities require325

evaluation beyond broad benchmark suites. ORCA326

(Elmadany et al., 2023) targets Arabic natural lan-327

guage understanding by consolidating 60 datasets328

into seven task categories, covering classification,329

sequence labeling, semantic similarity, inference,330

disambiguation, and question answering across331

MSA and dialects. It evaluates 18 multilingual and332

Arabic-specific models using task-appropriate met-333

rics and provides a public leaderboard with detailed334

metadata, supporting reproducible comparison and335

tracking progress toward modern LLM evaluation.336

Dolphin (Nagoudi et al., 2023) focuses on Ara-337

bic natural language generation across nine tasks,338

including generation, paraphrasing, summariza-339

tion, transliteration, and grammatical error correc-340

tion, spanning MSA and dialects. Aggregating 15341

datasets, it evaluates encoder–decoder and decoder-342

only models using standard generation metrics and343

task-specific measures. Results highlight persistent344

gaps between general-purpose multilingual mod-345

els and Arabic-finetuned baselines, though Dolphin346

predates instruction-tuned LLMs and relies on zero-347

shot evaluation, likely underestimating current per-348

formance.349

Together with LAraBench and BALSAM,350

ORCA and Dolphin form complementary bench-351

marks covering understanding, generation, reason-352

ing, and instruction-following across dialects and353

domains, providing a foundation for future Arabic354

LLM evaluation.355

6 Culture and Dialects356

Paper Primary Focus (Type) Total

Jawaher Cultural Proverbs (GEN) 10k
PALM Cultural Language Use (GEN) 17.4k
PalmX Cultural Knowledge (MCQ) 6.4k
Commonsense Cultural Commonsense (MCQ) 3.5k
AraDiCE Dialect & Culture (BENCH) 81.8k
AL-QASIDA Dialectal Analysis (BENCH) –
Absher Saudi Dialect & Culture (MCQ) 18k

Table 3: Benchmarks targeting Arabic culture, dialects,
and region-specific knowledge.

Evaluation of Arabic cultural and dialectal un-357

derstanding has evolved incrementally, with succes-358

sive benchmarks addressing limitations of earlier359

efforts, as summarized in Table 3. Jawaher (Magdy360

et al., 2025) introduced one of the earliest cultur-361

ally grounded resources by compiling 10,037 Ara-362

bic proverbs annotated with dialectal origin and363

idiomatic meaning, enabling the evaluation of figu- 364

rative reasoning in dialectal Arabic. However, its 365

scope was limited to proverbial knowledge. 366

PALM (Alwajih et al., 2025a) expanded cultural 367

coverage through a large-scale, community-driven 368

effort spanning all 22 Arab countries, covering 369

diverse genres and topics and evaluating cultural 370

inclusivity via perplexity and generation quality. 371

PalmX (Alwajih et al., 2025b) further targeted 372

deep understanding of Arabic and Islamic culture 373

through MCQ-based evaluation in MSA, covering 374

traditions, history, and religious practices. Arab- 375

specific commonsense reasoning, absent from prior 376

benchmarks, was later addressed by Commonsense 377

Reasoning in Arab Culture (Sadallah et al., 2025), 378

which introduced culturally grounded inference 379

tasks. 380

Dialectal evaluation has followed a parallel tra- 381

jectory. AraDiCE (Mousi et al., 2025) assessed 382

dialect identification, generation, and cognitive rea- 383

soning in Egyptian, Levantine, and Gulf Arabic, 384

largely via dialectal adaptations of existing bench- 385

marks. Alqasida et al. (Robinson et al., 2025) 386

proposed a broader evaluation framework spanning 387

identification, comprehension, generation quality, 388

and dialect–MSA translation. NADI 2024 (Abdul- 389

Mageed et al., 2024) was employed for dialect 390

identification and translation-based chat evalua- 391

tion, while Absher (Al-Monef et al., 2025) focused 392

specifically on Saudi dialect vocabulary, phrases, 393

and proverbs. 394

Overall, despite meaningful progress, bench- 395

marks targeting Arabic cultural alignment and di- 396

alectal diversity remain limited in scope and cov- 397

erage. Future efforts must broaden dialectal repre- 398

sentation and deepen cultural reasoning evaluation 399

to better reflect real-world Arabic language use. 400

7 Target-Specific Tasks 401

Paper Primary Focus (Type) Total

CamelEval Instruction Following (GEN) 1.6k
Halwasa Hallucination Detection (GEN) 10k
Henna Multimodal Understanding (GEN) 1.1k
CAMEL-Bench Multimodal (BENCH) 29k
AraTrust Safety & Trust (MCQ) 0.52k
Arabic Safeguard Safety Evaluation (GEN) 5.8k
ALRAGE Retrieval-Augmented QA (GEN) 21.2k
AraTable Tabular Reasoning (GEN) 0.6k
AraHalluEval Hallucination Detection (GEN) 1.5k
HalluVerse25 Hallucination Classification (CL) 0.8k
ARB Multimodal Reasoning (GEN) 1.36k
ASAS Safety Benchmark (GEN) 0.8k

Table 4: Target-specific Arabic benchmarks for safety,
multimodality, reasoning, and robustness.
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Beyond general NLP capabilities, LLMs with Ara-402

bic capabilities require evaluation on specialized403

tasks reflecting real-world deployment scenarios404

and LLM-specific challenges, as summarized in405

Table 4.406

Instruction-Following. CamelEval (Qian et al.,407

2024) evaluates conversational abilities and408

instruction-following through 1,610 generative409

questions: 805 human-validated translations from410

AlpacaEval (Dubois et al., 2023) and 805 syn-411

thetically generated using GPT-4 from culturally412

grounded textbooks. Evaluation uses LLM-as-413

judge computing win rates for open-ended gen-414

eration.415

Context-Based Reasoning. ALRAGE (El Fi-416

lali et al., 2025) targets RAG evaluation through417

2.12K question-answer-context trios from 40 Ara-418

bic books, synthetically generated via Meta-Llama-419

3.1-70B and validated by native speakers. AraTable420

(Alshaikh et al., 2025) addresses structured tabular421

data through 41 tables (15 QA pairs each) evaluat-422

ing direct answering, fact verification, and complex423

reasoning. Tables sourced from Wikipedia, govern-424

ment portals, and GPT-4o were verified by human425

experts, with evaluation combining accuracy and426

the Assisted Self-Deliberation (ASD) framework427

employing judge LLMs and human evaluation.428

Hallucination Detection. HalluVerse25 (Abdal-429

jalil et al., 2025) provides fine-grained multilingual430

evaluation across entity, relation, and sentence hal-431

lucination types, offering 828 Arabic samples from432

Wikidata autobiographies where GPT-4 injected433

false hallucinations validated by human judges.434

AraHalluEval (Alansari and Luqman, 2025) fo-435

cuses on Arabic through QA (300 samples from436

TyDiQA-GoldP-AR and translated TruthfulQA)437

and summarization (100 XLSum instances), distin-438

guishing factuality and faithfulness hallucinations439

through manual annotation. Halwasa (Mubarak440

et al., 2024) provides larger-scale evaluation with441

10K samples where ChatGPT and GPT-4 generated442

factual sentences from 1,000 SAMER Arabic Lexi-443

con words, with hallucination indicators annotated444

by 200 annotators enabling sentence-level analysis.445

Safety and Trustworthiness. Ashraf et al. (2025)446

introduced 5,799 questions spanning direct attacks,447

indirect attacks, and harmless requests with sen-448

sitive words, employing dual-perspective evalu-449

ation from governmental and oppositional view-450

points. ASAS (aiastrolabe, 2025) provides the first451

human-rated Arabic safety index for red-teaming452

frontier models, exposing persistent weaknesses453

in top-performing systems. AraTrust (Alghamdi 454

et al., 2024) assesses trustworthiness across nine 455

dimensions through 522 human-written MCQs. 456

Multimodal Capabilities. Peacock (Alwajih 457

et al., 2024) pioneered Arabic multimodal eval- 458

uation with Henna benchmark combining standard 459

VQA/OCR prompts with focus on culture under- 460

standing. CAMEL-Bench (Ghaboura et al., 2024) 461

provides large-scale evaluation across eight do- 462

mains and 38 subdomains, revealing promising per- 463

formance but substantial weaknesses in specialized 464

domains requiring precise vision-text alignment. 465

ARB (Ghaboura et al., 2025) advances step-by- 466

step multimodal reasoning, emphasizing logical 467

integration of visual and textual inputs over simple 468

captioning. 469

8 Discussion 470

Category Coverage
Q&A / Reading Comprehension Moderate (5 datasets)

Translation & Multitask Generation Moderate (4 datasets)
Reasoning & Multi-step Thinking Limited (3 datasets)

STEM / Academic Evaluation Strong (8 datasets)
Law / Legal Reasoning Limited (2 datasets)

Poetry / Literature / Arts Limited (3 datasets)
Cultural Alignment & Dialect Evaluation Strong (7 datasets)

Commonsense & Cultural Reasoning Limited (3 datasets)
Hallucination / Truthfulness Limited (3 datasets)

Retrieval-Augmented / Contextual Tasks Limited (3 datasets)

Table 5: Summary of Arabic NLP dataset coverage and
key gaps. Coverage indicates the number of datasets per
task category, while Key Gaps outline remaining needs
such as standardization, scale, and cultural balance.

This section discusses key observations regard- 471

ing reproducibility practices, community initiatives, 472

methodological inconsistencies, and critical gaps 473

requiring future attention. 474

8.1 Reproducibility and Evaluation 475

Benchmarks 476

Reproducibility is fundamental to scientific 477

progress, yet our survey reveals significant het- 478

erogeneity in benchmark accessibility and trans- 479

parency. We classify benchmarks into three cate- 480

gories based on their openness: 481

Private Benchmarks release neither datasets nor 482

evaluation pipelines, severely limiting community 483

impact and making verification impossible. Ex- 484

amples include AraSTEM (11,637 samples) and 485

Halwasa (10K samples), which remain unavailable 486

despite published results. 487

Partially-Public Benchmarks release datasets but 488

withhold evaluation code, hindering exact reproduc- 489
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tion due to ambiguities in preprocessing, prompt-490

ing, and metric computation.491

Public Benchmarks release both datasets and com-492

plete pipelines, either through dedicated reposito-493

ries (LAraBench, 3LM) or integration with main-494

stream frameworks like lighteval (Habib et al.,495

2023) and lm-eval-harness (Gao et al., 2024).496

Our analysis reveals that approximately 25% of497

surveyed benchmarks remain private or partially498

public, limiting their impact towards Arabic NLP499

community. We strongly advocate for complete500

transparency as the community standard, recogniz-501

ing that data contamination concerns can be ad-502

dressed through alternative mechanisms such as503

blind test sets (as employed by BALSAM), peri-504

odic dataset refreshment, or held-out evaluation505

techniques rather than complete privatization.506

8.2 Common Metrics507

Over the course of this survey, we identified the508

most commonly used metrics, which we list and509

discuss below:510

Accuracy This was a common approach in MCQ511

benchmarks, with most inferring accuracy based512

on the log-probabilities of choice indices. Other513

benchmarks used joint log-probabilities over the514

actual choice text, which typically leads to lower515

scores. Accuracy based on log-probabilities has516

been widely used since the rise of LLMs, but it517

is less applicable to instruction-tuned models and518

cannot be used to evaluate closed-source models.519

LLM-as-Judge For generative tasks, several ex-520

isting Arabic benchmarks rely on a closed-source521

model acting as an expert to evaluate LLM out-522

puts, typically by prompting the model to score523

responses using a predefined prompt. Despite be-524

ing adopted by nine benchmarks, this approach525

suffers from high API costs, expert bias, incon-526

sistent standards, and limited reproducibility. To527

mitigate some of these issues, a small number of528

benchmarks incorporated human validation on a529

limited subset to increase trust in the used expert.530

Human-as-Judge In at least two of the reported531

benchmarks, a Human-as-Judge approach was532

adopted, in which human evaluators manually as-533

sess model responses. This approach represents534

the most reliable method for obtaining qualitative535

signals about LLM performance. However, it is536

both intensive in terms of time and labor, making537

it difficult to apply for large scale datasets.538

Apart from the aforementioned metrics, com-539

monly known NLP metrics were used such F1, EM,540

ROUGE, and BLEU. 541

8.3 Methodological Inconsistencies and 542

Quality Issues 543

Through detailed examination of released bench- 544

marks, we identified several concerning inconsis- 545

tencies and quality issues that affect evaluation va- 546

lidity and cross-benchmark comparability. 547

Multiple-Choice Formatting. Benchmarks em- 548

ploy inconsistent option labeling: some use Latin 549

letters while others use Arabic letters. This incon- 550

sistency affects model performance as LLMs may 551

be more familiar with Latin alphabetic indices from 552

English pretraining. Standardization is needed for 553

fair cross-benchmark comparison. 554

Prompting Variations. Few-shot evaluation 555

ranges from 0-shot to 5-shot with limited system- 556

atic investigation of optimal settings per task type. 557

Prompt phrasing varies from formal MSA to con- 558

versational styles, potentially affecting responses. 559

Quality Control Issues. Manual inspection re- 560

vealed typos, grammatical errors, and formatting 561

inconsistencies in several released datasets. Some 562

benchmarks contain culturally inappropriate con- 563

tent despite claims of cultural alignment. These 564

quality issues undermine benchmark validity and 565

highlight the need for rigorous review processes. 566

LLM-as-Judge Validation. While BALSAM re- 567

ports 0.824-0.977 correlation with human judg- 568

ments, most benchmarks adopting LLM-as-judge 569

lack validation specifically in Arabic contexts. 570

Judge model selection, prompt sensitivity, and po- 571

tential circular evaluation when judges resemble 572

evaluated models require systematic investigation. 573

8.4 Arabic LLM Leaderboards 574

Centralized leaderboards serve critical functions: 575

establishing performance baselines, enabling fair 576

model comparisons, tracking field progress over 577

time, and guiding model selection for practition- 578

ers. Several initiatives have emerged to fulfill these 579

roles for LLMs with Arabic support, each with 580

distinct philosophies and design choices. 581

The Open Arabic LLM Leaderboard (OALL) 582

(El Filali et al., 2024a) pioneered open-source 583

rankings, initially using Alghafa, EXAMS_ar, and 584

MMLU_ar. OALL v2 (El Filali et al., 2025) transi- 585

tioned to native benchmarks (ArabicMMLU, AL- 586

RAGE, AraTrust, MadinahQA), reflecting commu- 587

nity consensus against translated content. BAL- 588

SAM (Al-Matham et al., 2025) offers compre- 589

hensive evaluation across 78 tasks (52K samples) 590
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with private test sets preventing contamination, in-591

cluding both closed and open-source models. IL-592

MAAM (Nacar et al., 2025) specializes in cultur-593

ally aligned evaluation using refined ArabicMMLU594

by ensuring religious sensitivity and social norms.595

The AraGen benchmark (El Filali et al., 2024b)596

and its associated leaderboard adopt a 3C3H evalu-597

ation metric (Correctness, Completeness, Concise-598

ness, Helpfulness, Honesty, Harmlessness), using599

LLM-as-judge, and combine it with a dynamic,600

blind-testing approaches to push for robust and fair601

benchmarking of Arabic capabilities in LLMs.602

8.5 Critical Gaps603

Despite substantial progress, several critical areas604

remain underexplored or entirely absent from cur-605

rent Arabic benchmarking efforts. Table 5 summa-606

rizes the coverage of datasets per category as well607

as key gaps.608

Underexplored Areas. Current benchmarks609

lack temporal evaluation, multi-turn dialogue610

assessment, code-switching evaluation (Arabic-611

English/French mixing), low-resource dialect cov-612

erage (Sudanese, Mauritanian), pragmatic under-613

standing (sarcasm, indirect speech), and special-614

ized domains beyond law/medicine (education,615

journalism, technical documentation).616

Methodological Challenges. Data contamina-617

tion threatens validity as training corpora expand.618

Static benchmarks fail to capture temporal degrada-619

tion. Cultural alignment lacks standardized metrics.620

Heavy reliance on LLM-as-judge requires more621

rigorous Arabic-specific validation.622

Dataset Size Matters. As Figure 2 shows, bench-623

mark sizes range from under 500 samples (Qiyas,624

EXAMS_ar) to over 2 million (Dolphin). This625

dramatic variability is consequential: small bench-626

marks provide weaker statistical signals and are627

more susceptible to overfitting, while aggregate628

scores averaging across diverse benchmark sizes629

can be misleading if not properly weighted. Evalu-630

ation interpretation must account for dataset scale.631

8.6 Recommendations632

To address the identified gaps, future Arabic bench-633

marks should:634

Prioritize native Arabic data with mandatory cul-635

tural and dialectal review to reduce translation bias.636

Ensure full reproducibility by releasing evalua-637

tion code, prompts, and scoring procedures within638

standardized frameworks.639

Control contamination using blind test sets and 640

automated overlap detection. 641

Standardize evaluation protocols by fixing 642

prompts, answer formats, and decoding settings 643

to enable fair comparison. 644

Validate automated judges through calibration 645

against diverse Arabic human annotations. 646

Expand dialectal coverage by defining target di- 647

alect sets and minimum sample sizes. 648

Strengthen dataset quality control via multi-pass 649

annotation and transparent documentation. 650

Incorporate temporal evaluation through ver- 651

sioned or rolling benchmarks to measure perfor- 652

mance drift. 653

These steps are essential for building Arabic 654

benchmarks that are culturally grounded, repro- 655

ducible, and robust over time. 656

9 Conclusion 657

This survey comprehensively reviews 40+ Arabic 658

benchmarks, providing the first systematic taxon- 659

omy across NLP tasks, knowledge domains, cul- 660

tural understanding, and specialized capabilities. 661

The field has evolved from task-specific datasets 662

(ARCD, TyDiQA) to comprehensive benchmarks 663

(BALSAM, LAraBench, ArabicMMLU) address- 664

ing understanding, generation, and reasoning. 665

Progress includes increased dialectal coverage, 666

cultural grounding, and domain diversity. However, 667

persistent challenges remain: data contamination, 668

cultural misalignment in translations, insufficient 669

coverage of temporal reasoning and multi-turn di- 670

alogue, and inconsistent reproducibility. Our rec- 671

ommendations emphasize reproducibility, cultural 672

authenticity, dialectal inclusivity, and methodologi- 673

cal rigor. As Arabic capabilities in LLMs advance, 674

evaluation must authentically capture Arabic’s lin- 675

guistic complexity and cultural richness. This sur- 676

vey serves as a comprehensive reference, guiding 677

development of more robust, culturally aligned 678

LLM evaluation on Arabic capabilities. 679

Limitations 680

espite our comprehensive review, this survey has 681

limitations. Rapidly evolving Arabic LLM bench- 682

marking means recent or proprietary benchmarks 683

may be excluded, particularly those without public 684

documentation. Our review covers benchmarks 685

through early 2025, so some information may 686

quickly become outdated. Several benchmarks 687

8



(e.g., AraSTEM, Halwasa, Qiyas) remain unavail-688

able, limiting analysis to published descriptions.689

We focus on evaluation benchmarks rather than690

training datasets, emphasizing text-based and mul-691

timodal tasks while excluding speech-only bench-692

marks. Assessments of benchmark quality and693

cultural alignment reflect our perspectives; native694

speakers from other regions may judge differently.695

Finally, our recommendations are informed opin-696

ions, not community consensus, and classifications697

of benchmarks as public or private reflect the infor-698

mation available at the time of writing.699
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A Summary Table 1154

Table 6 provides a comprehensive overview of all 1155

the Arabic benchmarks reviewed in this survey. 1156

This appendix clarifies abbreviations and highlights 1157

key insights for interpreting the data. 1158

A.1 Column Definitions 1159

Sample Composition Columns: 1160

• NAT: Natively authored Arabic samples (orig- 1161

inally created in Arabic by native speakers) 1162

• SYN: Synthetically generated samples (cre- 1163

ated using LLMs like GPT-4, Claude, or 1164

Llama) 1165

• TRAN: Translated samples (translated from 1166

English or other languages to Arabic) 1167

• Total: Total benchmark size 1168

Evaluation Details: 1169

• Metrics: Evaluation metrics employed (e.g., 1170

Accuracy, F1, BLEU, ROUGE, LLM-as- 1171

Judge) 1172

• Type: Question format - MCQ 1173

(Multiple-choice), GEN (Generative/open- 1174

ended),BENCH (Multi-task suite), CL 1175

(Classification), RS (Reasoning Steps) 1176

Accessibility: 1177

• PD (Public Dataset): Yes (publicly avail- 1178

able), No (private/request-only), Partial (sub- 1179

set public) 1180

• PR (Public Repository): Yes (complete eval- 1181

uation code available), No (no public reposi- 1182

tory) 1183

Notation: "–" (not available/applicable), "k" 1184

(thousands), "m" (millions), "DS" (datasets) 1185

A.2 Key Insights from the Table 1186

Dataset Composition Trends: 1187

• Native vs. Translated: Early bench- 1188

marks (2020) relied heavily on translation 1189

(MMLU_ar: 100% translated), while recent 1190

benchmarks (2024-2025) prioritize native con- 1191

tent (ArabicMMLU, GATmath: 100% native), 1192

reflecting community consensus on cultural 1193

authenticity. 1194
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• Synthetic Generation: Recent benchmarks1195

increasingly employ synthetic generation1196

(ALRAGE: 21.2k synthetic, ArabLegalEval:1197

10.58k synthetic), balancing scale with cost.1198

However, purely native benchmarks like Jawa-1199

her (10k native) and Absher (18k native)1200

demonstrate that large-scale native collection1201

remains feasible.1202

• Hybrid Approaches: BALSAM exemplifies1203

effective hybrid strategy (26k native, 1.7k syn-1204

thetic, 24k translated), combining strengths of1205

multiple approaches.1206

Scale Distribution:1207

• Large-Scale: Dolphin (2m samples) and1208

LAraBench (296k) represent comprehensive1209

multi-task benchmarks.1210

• Medium-Scale: Most benchmarks range1211

from 1k-20k samples, balancing quality and1212

coverage.1213

• Specialized: Domain-specific benchmarks1214

(legal, medical) tend toward smaller, higher-1215

quality datasets (1-7k samples).1216

Reproducibility Concerns:1217

• Fully Accessible: Only 21 of 41 benchmarks1218

provide both public datasets and repositories.1219

• Dataset-Only: 8 benchmarks release datasets1220

without evaluation code, hindering exact re-1221

production.1222

• Private: 9 benchmarks remain completely1223

private such as AraST EM, Halwasa, CamelE-1224

val and Qiyas, including some with substan-1225

tial contributions (AraST EM: 11.6k samples),1226

severely limiting community impact.1227

• Critical Gap: The high proportion of inacces-1228

sible benchmarks impedes scientific progress1229

and independent validation.1230

Evaluation Methodology Evolution:1231

• Traditional Metrics: Early benchmarks1232

use standard metrics (Accuracy, F1, BLEU,1233

ROUGE).1234

• LLM-as-Judge: Recent benchmarks increas-1235

ingly adopt LLM-as-judge (BALSAM, AL-1236

RAGE, ArabLegalEval), particularly for gen-1237

erative tasks, though validation against human1238

judgments remains limited.1239

• Human Evaluation: Hallucination bench- 1240

marks (AraHalluEval, Halwasa) maintain 1241

human-as-judge given the critical nature of 1242

the task, despite higher costs. 1243

Task Coverage Patterns: 1244

• NLP Tasks: Well-covered with multiple 1245

comprehensive benchmarks (ORCA, Dolphin, 1246

LAraBench, BALSAM). 1247

• STEM: Substantial progress with native 1248

benchmarks (ArabicMMLU, AraST EM, 1249

GATmath) addressing earlier translation limi- 1250

tations. 1251

• Culture & Dialects: Growing emphasis (7 1252

benchmarks in 2025 alone), reflecting recog- 1253

nition of cultural alignment importance. 1254

• Target-Specific: Emerging area with recent 1255

focus on hallucination detection and context- 1256

based reasoning. 1257

Temporal Distribution: Most benchmarks were 1258

released in 2024-2025, indicating rapid field ac- 1259

celeration. However, this concentration also sug- 1260

gests potential redundancy in some areas (multiple 1261

GAT-based benchmarks) while other areas remain 1262

unexplored (temporal evaluation, code-switching, 1263

multi-turn dialogue). 1264

Geographic and Cultural Bias: Several bench- 1265

marks focus on specific regional variants (Absher: 1266

Saudi dialect, MizanQA: Moroccan law, GAT- 1267

math: Saudi standardized tests), highlighting both 1268

progress in regional representation and gaps in 1269

coverage of other Arabic-speaking regions (North 1270

Africa, Levant, Iraq). 1271

B Arabic NLP Benchmarks Timeline 1272

Figure 3 presents a timeline of Arabic benchmark 1273

releases from 2019 to 2025, categorized by our 1274

four-category taxonomy. The visualization reveals 1275

dramatic acceleration in benchmark development, 1276

with 82% of all benchmarks (34 of 41) released in 1277

2024-2025 alone. This recent surge reflects grow- 1278

ing recognition of Arabic LLM evaluation needs 1279

and demonstrates rapid field maturation across all 1280

categories, particularly in cultural/dialectal assess- 1281

ment where all 7 benchmarks emerged in 2025. 1282
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Figure 3: Timeline of Arabic benchmark releases (2019-2025) showing dramatic acceleration, with 82% of the
benchmarks released in 2024-2025.
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