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Abstract
As Large Multimodal Models (LMMs) become more capable, there is growing interest in evaluating their rea-
soning processes alongside their final outputs. However, most existing benchmarks remain focused on English,
overlooking languages with rich linguistic and cultural depth such as Arabic. To address this gap, we introduce
the Comprehensive Arabic Multimodal Reasoning Benchmark (ARB), the first benchmark designed to evaluate
step-by-step reasoning in Arabic across both textual and visual modalities. ARB covers 11 diverse domains
and over 40 subfields, including visual reasoning, optical character recognition, scientific analysis, and cultural
interpretation. It comprises 2,219 multimodal samples paired with over 8K human-curated reasoning steps and
corresponding actions, verified through a human-in-the-loop process. We evaluated 15 state-of-the-art open- and
closed-source LMMs and found persistent challenges in coherence, faithfulness, and cultural grounding. ARB
provides a structured framework for diagnosing multimodal reasoning in underrepresented languages, marking a
critical step toward inclusive, transparent, and culturally aware Al systems. The benchmark ' rubric, and evaluation

suite? are publicly available.

Keywords: Arabic Multimodal Reasoning, Benchmarking Multimodal Models, Low-Resource Languages

1. Introduction

Arabic, spoken by more than 400 million people
worldwide, embodies significant linguistic diversity
and a profound cultural heritage. Despite its global
importance, Arabic remains underrepresented in
advanced Al systems, particularly those involving
multimodal reasoning, simultaneous interpretation,
and the logical processing of textual and visual
information crucial for education, healthcare, and
cultural preservation. This scarcity limits inclusive
Al applications and hinders equitable technologi-
cal advancement within Arabic-speaking commu-
nities.

Recent advances in reasoning-centric model-
ing, particularly chain-of-thought (CoT) prompting
(Wei et al., 2022), have improved interpretability
by encouraging models to articulate intermediate
reasoning traces. These ideas have extended
to multimodal contexts through models such as
LLaVA-CoT (Xu et al., 2025), VisCoT (Shao et al.,
2024), and LlamaV-o1 (Thawakar et al., 2025).
However, most reasoning-oriented benchmarks re-
main English-only, overlooking the linguistic and
cultural nuances essential for Arabic reasoning.

* Equal contribution

'Datasethttps://huggingface.co/
datasets/MBZUAI/ARB

2Page:https://mbzuai-oryx.github.io/
ARB/.

To address this gap, we introduce ARB, the
Comprehensive Arabic Multimodal Reasoning
Benchmark, the first dataset explicitly designed for
step-by-step multimodal reasoning in Arabic. ARB
contains 2,219 multimodal samples in 11 domains
and over 40 fine-grained subdomains or tasks,
spanning visual reasoning, document understand-
ing, optical character recognition (OCR), cultural
interpretation, biodiversity, medicine, and remote
sensing. Each sample is paired with human-
curated reasoning steps and actions, reviewed,
verified, and validated by 5 native Arabic speak-
ers volunteering as expert annotators through a
human-in-the-loop process to ensure logical pre-
cision and cultural grounding.

We evaluate 15 open- and closed-source LMMs,
including GPT-4V (OpenAl, 2024b,a, 2025b,c,a),
Gemini (DeepMind, 2024; Comanici et al., 2025;
DeepMind and Al, 2025), AIN (Heakl et al., 2025),
Gemma 3 (Team-Gemma et al., 2025), Aya-vision
(Cohere-Labs, 2025), InternVL3 (Chen et al,
2024b), LLaMA-4 Scout (Meta-Al, 2025), and
Qwen (Qwen-Team, 2025; Team, 2025) variants,
and identify persistent weaknesses in reasoning
coherence, cultural awareness, and step consis-
tency. ARB thus provides a unified framework
for benchmarking multimodal reasoning in Arabic
and lays the foundation for inclusive, culturally
grounded Al systems.

In summary, (1) We introduce ARB, the first
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Benchmark MM MD" R Open’ FA'/S
Henna v X X X FA*
CAMEL-Bench v/ v X v FA*
AraDiCE X v v v FA*
JEEM v v X v FA*
ArabCulture X v v v FA*
ARB (ours) v v v v S

Table 1: Comparison of ARB with existing Arabic
benchmarks. Note’: MM: Multimodal; MD: Multido-
main; R: Reasoning support; Open: Open-source; FA:
Final-Answer; S: Steps support.

large-scale benchmark for Arabic multimodal rea-
soning with human-curated step-by-step explana-
tions across 11 domains; (2) We propose a struc-
tured Arabic evaluation framework combining simi-
larity metrics, an LLM-as-Judge protocol, and inter-
annotator agreement (IAA) analysis; and (3) We
evaluate 15 state-of-the-art models, revealing crit-
ical gaps in Arabic reasoning, cultural grounding,
and step coherence.

2. Related Work

Reasoning in Large Models. CoT prompting
(Wei et al.,, 2022) enhanced large language
models (LLMs) reasoning by detailing inter-
mediate steps, inspiring extensions such as
self-consistency (Wang et al.,, 2022), tree-of-
thoughts (Yao et al., 2023), and reasoning-tuned
instruction models (Vaillancourt and Thompson,
2024). Modern approaches, including Ope-
nAl's o1 (Jaech et al., 2024) and DeepSeek R1
(Guo et al., 2025), reinforce logical fidelity through
reinforcement learning and inference-time scaling.

Multimodal Reasoning. Integrating reasoning
across vision and language has yielded models
such as LLaVA-CoT (Xu et al., 2025) and LlamaV-
o1 (Thawakar et al.,, 2025), which explicitly
structure visual reasoning steps. Further studies
(Chen et al., 2024a; Zhang et al., 2024) refine
reasoning coherence through rationale distillation
and preference optimization, highlighting the
growing emphasis on interpretable multimodal
thought.

Arabic Reasoning Resources. Existing Arabic
datasets, summarized in Table 1, including Henna
(Alwajih et al., 2024), CAMEL-Bench (Ghaboura
etal., 2025a), AraDiCE (Mousi et al., 2024), JEEM
(Kadaoui et al., 2025), and ArabCulture (Sadallah
et al., 2025), remain limited to final-answer evalu-
ation and do not include stepwise multimodal an-
notations. Although native Arabic models such
as ALLaM-Thinking (Allam-Research, 2025) and
Fanar (Fanar-Team et al., 2025) have advanced

reasoning capabilities, their scope remains limited
to textual tasks. Meanwhile, the multimodal AIN
(Heakl et al., 2025) focuses on final-answer evalu-
ation without stepwise reasoning.

ARB addresses this gap by providing the first
resource for step-by-step multimodal reasoning in
Arabic.

3. ARB: Step-by-Step Arabic
Reasoning Benchmark

Figure 1 presents an overview of ARB data con-
struction pipeline, outlining the main stages from
data sourcing to reasoning-step generation and
validation. The following subsections describe the
stages in detail.

3.1.

We adopt a domain-guided approach to curate
data across a broad spectrum of categories rele-
vant to Arabic multimodal reasoning, ensuring di-
versity in both content and modality. ARB spans
11 major domains, 1- Visual Reasoning (VR),
2- OCR and document understanding (OCR), 3-
Charts, Diagrams, and Tables (CDT), 4- Mathe-
matical and Logical Reasoning (M&L), 5- Social
and Cultural Understanding (Soc.Cult.), 6- Com-
plex Visual Perception (CVP), 7- Medical Image
Analysis (Med), 8- Scientific Reasoning (Sci.R.),
9- Historical & Archaeological Interpretation (Hist.),
10- Remote Sensing Analysis (RS), and 11- Agri-
Biodiversity Image Understanding (AgriB.). The
selected domains, covering both textual and vi-
sual tasks in more than 40 subfields and tasks
(Figure 2), are derived from existing benchmarks,
human-authored questions, and synthetic content.
These sources with their topics were chosen to
capture various reasoning challenges and to pro-
mote linguistic, thematic, and cultural diversity in
the dataset.

Data Collection

3.2. Data Generation and Processing

The first part focuses on model setup and prompt
design, followed by large-scale, domain-specific
data generation to maintain consistent reasoning
quality and linguistic alignment across domains.

3.2.1. Model and Prompt Configuration

We compared GPT-40 (OpenAl, 2024b) and GPT-
40-mini (OpenAl, 2024a), selected for their effi-
ciency and strong multimodal reasoning capabil-
ities (Heakl et al., 2025), under Arabic and En-
glish prompt settings. A pilot study of 50 sam-
ples across multiple domains, evaluated by the
annotators and verified with LaBSE (Feng et al.,
2020), showed that GPT-40 with Arabic prompts
produced the most coherent, fluent, and culturally
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Figure 1: Overview of ARB dataset pipeline for evaluating Arabic multimodal reasoning. Data covers
11 domains derived from curated datasets, web sources, synthetic data, and tool-augmented content.
Reasoning steps undergo human-in-the-loop validation and verifications to ensure logical consistency

and cultural relevance.

Curriculum Domain Subfields / Tasks
Object localization Comparison
VR Spatial reasoning Counting
Cause—effect recognition Visual analogy
Scene understanding Fine-grained recognition
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_ Cross-view inference Multiple-object interaction
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Figure 2: The ARB Domain Taxonomy defines four
curricula and 49 subfields spanning diverse multi-
modal reasoning tasks and guiding step genera-
tion during data creation.

aligned reasoning traces. Consequently, this set-
ting was adopted as the unified configuration for all
reasoning-step generation and translation tasks.
Building on the insights of the pilot study,
we grouped the ARB domains into four curricu-
lum tracks (General, Scientific/Medical, Compu-
tational, and Descriptive/Inferential) following the
subject-level reasoning approach of (Mustapha
et al., 2024). Each curriculum was tailored to
its respective domain (Figure 2). Curriculum-
guided prompting improved reasoning accuracy
by 12.8% in human evaluations over unguided
prompting, confirming its role in producing domain-
aligned reasoning chains. For readability, Figure 3
presents the English translation of the final Arabic
prompt (see Appendix A.2) used across domains.

3.2.2. Data Generation

The dataset is structured into 5 primary categories,
distinguished by the origin of the source data and
the methodology employed for its creation and re-

Reasoning Steps Generation Prompt

You are a professional expert specialized in the field
of {Domain}. Your task 1is to generate step-by-step
logical analysis and reasoning for textual and visual
questions, including the necessary action at each step
to arrive at the correct answer. Your reasoning should
be grounded in visual evidence from the image, the
information provided in the question, and the
available answer choices. Use the provided {example}
as a structural template for formatting the reasoning
steps and corresponding actions. Please follow the
instructions below:

1. Read the question and available answer choices
carefully.

2. Identify the core concepts, required skills, and
domain-specific knowledge relevant to {Domain}.

3. Questions span multiple formats, and you must
follow a curriculum-based approach specified by
the {Curriculum} associated with each {Domain}.

4. The curricula are categorized into four types:
¢ First group - {Curriculum} = "Computational":

Focuses on basic arithmetic operations,
comparative reasoning, and mathematical logic.
Second group - {Curriculum} =
"Scientific/Medical": Involves scientific
reasoning and domain-specific evidence-based
analysis.

Third group - {Curriculum} =
"Descriptive/Inference": Emphasizes segmenting
and analyzing the visual content to extract
meaningful insights.

* Fourth group - {Curriculum} = "General": Relies
on comparison, contrast, and what the question
logically requires to reach the correct answer.

Please format your output according to the structure
shown in {example}, and conclude with the phrase:
"The correct answer is: Wy

(& J

Figure 3: English version of ARB prompt showing
the translation of the original Arabic template used
to guide reasoning-step generation. (For original
Arabic prompt see 14 in Appendix A.2)

finement.

Table 2 summarizes the 5 categories along with
their sources, languages, and creation methods.
During translation, the model (GPT-40) produced
initial Arabic drafts that were iteratively reviewed
and refined by the annotators to ensure linguistic
fluency and cultural accuracy.

For multiple-choice questions (MCQ) and step-
action chain creation, we applied domain-specific
prompting strategies: few-shot Col prompting
for most reasoning and visual question-answering
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Category Data Source Language Type Creation Method
Category 1: English VRC-Bench (Thawakar et al., 2025) English Reasoning/CoT Translation + Human Refinement
Reasoning Benchmarks NaBirds-CoT (scottgeng00, 2025) English Reasoning/CoT

Category 2: Arabic QA CAMEL-Bench (Ghaboura et al., 2025a) Arabic VQA Plan-and-solve prompting frame-
Benchmarks work(Wang et al., 2023)
Exams-V (Das et al., 2024) Arabic VQA + Few-shot CoT prompting with HL®
TimeTravel (Ghaboura et al., 2025b) English Caption
. i AgriCLIP (Nawaz et al., 2025) English Caption Synthetic prompting framework
gatt-t)_gory 3 IZn\g/I(;sAh ARCH (Gamper and Rajpoot, 2021) English Caption (backward/forward strategy) with
B:Eéﬁ;:g?k:n Seg-Zero (Liu et al., 2025a,b) English Caption HL (Shao et al., 2023)
PathVQA (He et al., 2020) English VQA + Few-shot CoT prompting with HL
CDChat (Noman et al., 2024) English VQA
Category 4:Synthetic Data Pinterest (Pinterest, 2025) Arabic Caption Few-shot CoT prompting with HL
Human Created Themes & Topics Arabic Created MCQ  visual part: Chart: Python(Python
Software Foundation, 2024) &
. Matplotlib (Bisong and Bisong,
Category 5: 2019) Tables: Excel (Microsoft
Tool-augmented Corporation, 2024).
Generated Data . .
Al2D(Kembhavi et al., 2016) English VQA Visual diagrams were manually

edited and relabeled in Arabic
Few-shot CoT prompting with HL'

Table 2: Overview of ARB Data Categories. Each category lists its source dataset(s), language origin,
task type, and data creation approach. Note "“': Human-in-the-Loop.

English Original Text
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Human Curated Text (ARB
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Figure 4: Examples of model translation errors. Human-curated cases showing translation and linguis-
tic/cultural alignment issues found during verification.
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Figure 5: Examples of Post-Verification Reasoning Outputs. Model-generated Arabic reasoning traces
refined through human-in-the-loop correction for logical and linguistic accuracy.
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Figure 6: Example samples from ARB benchmark illustrating diverse domains, each showing the visual
input, question, answer, and corresponding step-by-step reasoning traces.

(VQA) tasks; the plan-and-solve framework (Wang
et al., 2023) for spatial and remote-sensing infer-
ence; and a synthetic backward—forward prompt-
ing framework (Shao et al., 2023) for generating
Arabic question-answering (QA) pairs with coher-
ent reasoning traces.

3.3. Data Filtering and Verification
Process

To ensure ARB’s integrity and quality, we imple-
mented a multi-layered filtering and verification
pipeline, combining manual review, Al-human re-
finement, and annotator validation adapted to data
complexity and source.
Manual Review and Targeted Corrections:

In the initial review phase, the annotators directly
corrected minor issues such as typos, grammar
errors, or subtle translation inconsistencies (see
Figure 4). This approach was especially effective
for Category 1, where the translated content
from English required adjustments rather than
full regeneration. To support this workflow, we
developed a custom annotation interface using
Excel VBA for efficient review (see Figure 11).

Iterative Human-Al Refinement:

For all other categories, we adopted a semi-
automated human-in-the-loop framework. GPT-
40 generated step-by-step reasoning, which was
then reviewed by native speakers and domain
experts for logical consistency, linguistic clarity,
and cultural alignment . When errors were found,
such as unclear steps or reasoning gaps, the
annotators provided targeted feedback, prompting
partial regeneration or manual edits. This loop
continued until each item met the desired quality
standard (see Figure 5). A second VBA interface
was provided to the annotators to check, rate, flag
and finalize items efficiently (see Figure 12).

Quality Filtering and Cultural Alignment:
All question—answer—reasoning samples were
evaluated for accuracy, coherence, complete-
ness, and Arabic fluency. Automated checks

verified logical consistency between reasoning
and answers, while annotators conducted manual
review. About 8% of samples were discarded
due to cultural misalignment or shallow reasoning,
ensuring that only high-quality and contextually
appropriate data were retained.

Final Approval and Integration:
Validated samples underwent final formatting and
consistency checks before inclusion. Approved en-
tries were standardized and integrated into ARB
benchmark, ensuring completeness, logical coher-
ence, and readiness for multimodal reasoning eval-
uation (see Figure 6).

3.4. ARB Data Statistics

ARB benchmark comprises 2,219 multimodal sam-
ples distributed over 11 domains as showing in
Figure 7. In total, the dataset contains about
8K reasoning steps with their corresponding ac-
tions, with an average of 3.78 and a median of
4 steps per sample, with the M&L domain exhibit-
ing the greatest reasoning depth. Overall, 71.02%
of samples are originally authored in Arabic, with
56.54% from purely Arabic datasets and 43.46%
adapted from English captioning or VQA sources,
while 28.98% correspond to translated CoT con-
tent. The dataset is broadly balanced across do-
mains, with the largest portions from CDT (15%),
M&L (14%), and Soc.Cult. (14%), followed by
Sci.R. (12%) and OCR (10%). Domains with lim-
ited data availability, such as RS (4%), CVP (4%),
and VR (5%), reflect the naturally lower availability
of high-quality, Arabic-aligned visual resources in
these fields. Most samples follow an MCQ format,
though short-answer questions and multi-image
inputs are also included to encourage compara-
tive and cross-scene reasoning, further enhancing
ARB’s multimodal diversity.

4. Evaluation Framework

We employ an integrated evaluation framework
combining lexical-semantic similarity, an Arabic
LLM-as-Judge for stepwise reasoning assess-
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Figure 7: Domain distribution in ARB across 11 do-
mains, showing balanced coverage in CDT, M&L,
and Soc.Cult. domains, and fewer samples in
resource-scarce domains such as RS, Agri.B, and
CVP.

ment, and |AA analysis to validate consistency
between humans, and human-model judgments.

Lexical and Semantic Similarity Metrics. We
evaluated the alignment between generated rea-
soning steps and human-curated references using
standard similarity metrics (Table 3). BLEU (Pap-
ineni et al., 2002) captured n-gram overlap, while
ROUGE-1 and ROUGE-L (Lin, 2004) measured
fluency and content recall. BERTScore (Zhang
et al.,, 2019) and LaBSE (Feng et al., 2020) as-
sessed token- and sentence-level semantic simi-
larity, offering cross-lingual robustness for Arabic.
Normalized Levenshtein Distance (NLD) (Yujian
and Bo, 2007) quantified edit-based divergence
between predicted and reference reasoning steps.
Collectively, these metrics evaluate lexical and se-
mantic similarity but not stepwise logical coher-
ence.

Stepwise Evaluation Using LLM-as-Judge. To
address the limitations of classical metrics, we
adopted a structured LLM-as-Judge framework
with a reference-based Arabic evaluation prompt
(Figure 8; English version shown for readability),
adapted from (Thawakar et al., 2025). GPT-4.1
served as the judge, assessing reasoning outputs
across 10 dimensions—faithfulness (step and
token), informativeness (step), repetition (step),
redundancy, hallucination, semantic coverage
(step), reasoning alignment, commonsense rea-
soning, and missing step—each rated from 1 to 10.
The final quality of the reasoning was calculated
as the mean percentage in all dimensions (Table
3 and 4).

IAA: Krippendorff’s Alpha. To verify the relia-
bility of human and model-based judgments, we

conducted two IAA experiments on 16.18% of the
dataset. Inthe first setting “Humans Only”, 3 native
Arabic annotators rated reasoning samples on a
scale of 1-5 (see Figure 13); in the second setting
“Humans + LLM”, GPT-4.1 was introduced as a
4™ annotator to assess human—-model agreement.
Krippendorff’s-a (Krippendorff, 2018) was used to
measure consistency between annotators.

Models Evaluation Prompt

You are a reasoning evaluator designed to assess the
alignment, coherence, and quality of reasoning steps
in text responses. Your task is to evaluate reasoning
steps between the *ground truth* and the *LLM
response* using the following metrics:

1. Faithfulness-Step: Measure how well the reasoning
steps align with the source sentences.

2. Faithfulness-Token: Extend Faithfulness-Step by
token-level alignment within reasoning steps.

3. Informativeness-Step (Info-Step): Evaluate how
well the reasoning steps extract relevant
information from the source.

4. Repetition-Token: Identify repeated or paraphrased
reasoning steps within the hypothesis.

5. Hallucination: Detect irrelevant reasoning steps
not aligned with the source or reference chain.

6. Redundancy: Identify redundant reasoning steps
that are unnecessary for solving the problem.

7. Semantic Coverage-Step: Evaluate how well the
hypothesis captures essential elements from the
source.

8. Reasoning Alignment: Assess overall overlap and
alignment between the hypothesis and reference
chain.

9. Commonsense: Detect missing commonsense reasoning
required to solve the problem.

10.Missing Step: Identify missing reasoning steps
necessary to solve the problem.

Must give score between (1-10)

Output Format:
Provide your evaluation as follows (only give scores
not explanation.):

- Metric Scores:

- **Overall Score:

- J

Figure 8: A translated version of the Arabic Evalu-
ation Prompt for LLM-as- Judge. This prompt was
used to evaluate reasoning steps across all mod-
els. (For original Arabic prompt see Figure 15 in
Appendix A.3)

5. Results, Analysis, and Insights

Lexical, Semantic, and Reasoning Consis-
tency. Table 3 provides a unified comparison of
models across lexical, semantic, and reasoning
metrics. Closed-source models show stronger
overall alignment, with Gemini 2.5 Pro achiev-
ing the highest LaBSE (73.44%), ROUGE-1
(64.65%), and high LLM-Judge (9.01), reflecting
superior fluency and reasoning fidelity. GPT-5
slightly exceeds it in coherence (9.11), confirming
its stepwise robustness. Among open models,
Gemma 3-27B attains the best BLEU (8.71) and
lowest NLD (69.1), while Aya-Vision-8B yields
the highest BERTScore (83.66) but lower logi-
cal cohesion. Overall, closed models maintain
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Model ‘ BLEUt+ ROUGE-1t ROUGE-Lt NLD.,,. (%) BERTScoret LaBSEt LLM-Judget
GPT-40 6.95 40.69 28.21 69.3 74.00 68.65 8.14
o GPT-40-mini 2.11 26.36 19.46 74.4 71.49 57.33 6.68
% GPT-4.1 7.15 47.70 31.07 70.1 73.30 69.83 8.61
$ GPT-5 5.47 45.25 29.13 71.4 72.16 68.75 9.11
8 o4-mini 3.82 35.86 24.27 70.9 71.28 64.59 8.55
&8 Gemini 2.0 Flash 5.50 35.35 25.31 71.9 72.91 63.64 7.77
O Gemini 2.5 Flash 5.11 63.79 42.93 73.0 72.68 72.33 8.96
Gemini 2.5 Pro 5.04 64.65 42.58 722 73.08 73.44 9.01
Gemmag3-27B 8.71 52.07 34.80 69.1 73.89 71.23 8.24
8 Qwen2.5-VL-7B 1.88 26.37 19.56 74.8 69.72 52.45 5.47
§ Qwen3-VL-8B 4.04 33.84 23.48 71.8 72.45 63.20 7.25
®  LLaMA-4 Scout 7.39 39.76 27.59 70.4 73.07 65.33 7.75
g:_ Aya-Vision-8B 1.20 58.12 55.78 91.0 83.66 27.04 5.58
O  InternVL3-8B 1.89 57.03 54.88 91.0 83.19 30.88 5.47
AIN (MBZUAI) 1.32 22.50 17.37 75.3 66.49 45.69 4.84

Table 3: Comprehensive evaluation of reasoning quality across models using lexical, semantic, and LLM-
as-Judge metrics. BLEU, ROUGE, and NLD assess surface-level similarity; BERTScore and LaBSE
measure semantic alignment; and LLM-as-Judge reflects reasoning coherence and step-level fidelity.

Bold indicates the best score per metric.

GPT-40 GPT-40 GPT-4.1 GPT-5 o4 Gemini 2.0 Gemini2.5 Gemini2.5

Closed-source .. .

-mini -mini Flash Flash Pro
Final Answer 67.09 61.27 70.78 74.88 71.60 70.20 73.29 73.31
Reason. Steps 81.42 66.82 86.14 91.14 85.50 77.69 89.58 90.12
Open-source Gemma3 Qwen25 Qwen3 LLaMA-4 Aya- InternVL3 AIN

27B VL-7B VL-8B Scout Vision-8B -8B MBZUAI

Final Answer 64.05 40.23 62.58 66.19 47.27 55.07 41.93
Reason. Steps 82.41 54.70 72.53 77.53 55.81 54.71 48.39

Table 4: Stepwise Evaluation Using LLM-as-Judge (%). Comparison of closed- and open-weight models
on final-answer accuracy and aggregated reasoning quality. Bold indicates the best score.

Model ‘ VR OCR CDT CVP Soc.Cult. Histt Med M&L Sci.R. AgriB. RS
GPT-40 79.84 93.08 81.40 63.55 85.11 84.09 73.60 79.41 88.38 8193 7322
o GPT-40-mini 70.71 73.27 68.73 55.41 69.63 69.01 63.87 63.83 72.69 69.01 62.73
% GPT-4.1 82.75 96.67 86.01 74.78 88.55 87.74 8155 8267 9171 8460 79.37
$ GPT-5 85.71 98.07 9274 82.52 93.07 91.49 86.70 89.22 95.34 86.04 83.73
8 o4-mini 82.93 95.03 87.88 73.28 85.98 85.78 7791 8521 91.08 81.77 7525
&8 Gemini2.0 Flash | 78.46 91.76 8250 65.93 79.50 7773 7172 7725 77.40 79.19 70.27
O  Gemini 2.5 Flash | 86.12 97.77 92.18 77.59 89.55 91.34 8252 89.04 9459 86.99 78.76
Gemini 2.5 Pro 8549 98.12 92.01 76.53 92.15 91.24 8425 89.14 09459 8741 80.59
Aya-Vision-8B 54.80 44.45 63.58 67.70 51.78 53.98 52.66 5855 51.84 51.04 63.52
@ InternVL3-8B 51.72 5437 59.27 45.26 46.95 48.41 49.02 61.13 5848 51.72 50.79
§ LLaMA-4 Scout 78.46 87.30 80.00 65.57 73.83 82.63 70.00 79.43 8556 76.93 73.94
@ Qwen2.5-VL-7B 60.23 62.38 56.84 48.26 49.70 60.93 49.07 4796 6154 58.66 48.51
é Qwen3-VL-8B 76.73 8450 74.19 58.90 71.88 73.98 6530 7240 76,55 7123 73.73
O Gemma3-27B 78.46 87.30 80.00 65.57 73.83 82.63 70.00 79.43 8556 76.93 73.94
MBZUAI AIN 59.74 4757 48.24 3947 44.86 57.20 4543 43.96 4471 63.09 60.91

Table 5: LLM-as-Judge per-domain reasoning performance (%)

model’s step-level coherence and factual grounding.

stronger cross-lingual and reasoning consistency,
whereas open ones show localized precision but
variable step alignment, highlighting the need for
better adaptation to Arabic linguistic and cognitive
patterns.

Reasoning—Answer Performance Gap. Table 4
reveals a consistent gap between reasoning
coherence and final-answer accuracy. Among
closed models, GPT-5 leads with 91.14% rea-

across all domains, reflecting each
Bold indicates the best score per domain.

soning quality and 74.88% accuracy, followed by
Gemini 2.5 Pro/Flash with balanced coherence
and factual precision. Open models perform less
uniformly: Gemma 3-27B yields the best reason-
ing (82.41%), and LLaMA-4 Scout ranks highest
in answer accuracy (66.19%). Despite moderate
reasoning strength, open models’ weaker Arabic
alignment and multimodal grounding reduce
reliability. In general, closed models excel in
structured reasoning, while open models show
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Figure 9: Cross-Lingual Reasoning Comparison (Arabic vs. English). This figure compares LMMs
(GPT-40) reasoning steps in Arabic and English for the same visual task. In the Arabic version, the model

misinterprets structural constraints, yellow highlights incorrect assumptions about equal line counts

across boxes,

emphasizes miscounted lines within the boxes, and cyan marks an irrelevant

search for a box with exactly 4 lines. These reasoning flaws lead to the wrong answer (C). In contrast,
the English reasoning is structured, accurate, and constraint-aware, correctly identifying the answer (A),

highlighting the performance gap in Arabic.

promising but inconsistent progress, highlighting
the need for Arabic-specific adaptation.

Qualitative Evaluation. Figures 16 and 17
present representative reasoning failures ob-
served in open- and closed-source models, re-
spectively. These examples highlight common is-
sues such as incomplete or incorrect step transi-
tions, shallow reasoning, and hallucinated content
across diverse Arabic multimodal tasks. (see Ap-
pendix A.4)

Figure 9 further provides a cross-lingual com-
parison of GPT-40 reasoning generated in Arabic
and English for the same visual task. The Arabic
reference reasoning is presented alongside its
English translation to support non-Arabic readers.
While the English reasoning follows a structured,
constraint-aware process that correctly identifies
the answer, the Arabic reasoning exhibits several
errors, including incorrect assumptions about
structural constraints, miscounted line patterns
within the boxes, and irrelevant reasoning steps.
These issues ultimately lead to an incorrect final
answer, highlighting disparities in reasoning
reliability across languages and underscoring the
importance of Arabic-centric evaluation bench-
marks such as ARB.

IAA and Domain Consistency. The IAA re-
sults (Figure 10) confirm high agreement across
domains, validating the reliability of human and
LLM-augmented assessments. The strongest
alignment appears in CDT (88.58%) and Sci.R.
(83.79%), where tasks are visually grounded
and less ambiguous, while RS (57.15%) and
Soc.Cult. (65.70%) show lower consistency due
to interpretive complexity. In some domains (e.g.,
Sci.R.), GPT-4.1 aligns closely with human scores,
whereas others (Hist., AgriB, CVP) show stronger
human agreement. The minimal gap between

67.92

AgriB 69.28

I

78.65

ML 79.07

I

67.78

cve 70.13

|

70.5
72.62

|

Hist. 74.87

|
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Soc.Cult. 66.04

|
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Sci.R. 82.74
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RS 57.15
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60.42

88.58

ot —87-67
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I

64.25

VR 70.26

|

I Humans + LLM (%)  ® Humans Only (%)

Figure 10: Krippendorff's a (%) for IAA across 11
domains. Results are shown for human-only and
human—LLM evaluations.

human-only (76.45%) and human—-LLM (76.00%)
scores confirms the reliability of GPT-4.1 as a
4" annotator in Arabic reasoning evaluation (see
Appendix A.1).

Per-Domain Reasoning Analysis. Per-domain
results in Table 5 reveal clear variations in rea-
soning performance across the 11 ARB domains.
Closed-source models, particularly GPT-5 and
Gemini-2.5 Pro, maintain consistently high accu-
racy and coherence across both structured and
visually grounded tasks such as SciR. and CDT.
In contrast, all models exhibit lower stability in
culturally interpretive and specialized domains
like Soc.Cult.,, RS, and AgriB., reflecting the nu-
anced reasoning and domain-specific vocabulary

9209



required. These variations also reflect ARB’s hy-
brid design, combining native Arabic and adapted
multimodal samples, which challenges models to
varying degrees across visual, textual, and cultural
reasoning dimensions.

In summary, the size of the model, the origin of
training, and the composition of the dataset jointly
determine the fidelity of the reasoning. Closed
models achieve higher coherence and factual
grounding, while open models, though smaller and
linguistically constrained, show steady progress to-
ward culturally aware Arabic multimodal reason-

ing.

6. Conclusion

We introduced ARB, the first benchmark for step-
by-step multimodal reasoning in Arabic across
11 domains, featuring 2.2K high-quality sam-
ples and over 8K human-curated reasoning steps.
Built through a hybrid pipeline of prompting, tool-
assisted generation, and native-speaker valida-
tion, ARB enables fine-grained evaluation of both
open- and closed-weight models. Our analysis
of 15 state-of-the-art LMMs revealed persistent
gaps in coherence, reasoning quality, and cultural
alignment when reasoning in Arabic, underscor-
ing the need for step-level, culturally grounded
evaluation for underrepresented languages. Be-
yond benchmarking, ARB provides open-source
tools and protocols supporting reproducibility and
future research, establishing a foundation for train-
ing Arabic-native LMMs and advancing inclusive,
interpretable Al.

7. Limitations and Societal Impact

While ARB provides a valuable resource for eval-
uating Arabic multimodal reasoning, it has cer-
tain limitations. First, although it spans 11 di-
verse domains, the benchmark may not fully cap-
ture the linguistic, dialectal, and cultural diversity
present across the Arabic-speaking world. Addi-
tionally, reasoning evaluations rely on human judg-
ments and model-specific prompts, which may in-
troduce a degree of subjectivity or prompt-induced
bias. ARB also focuses primarily on static multi-
modal tasks and does not currently cover domains
such as code explanation or video understand-
ing. These areas were excluded mainly due to
the scarcity of high-quality Arabic datasets suitable
for structured reasoning evaluation, especially for
modalities involving temporal information such as
video. Finally, the benchmark is designed specif-
ically for Arabic and does not include multilingual
alignment or cross-lingual transfer settings, which
could be valuable directions for future comparative
studies.

From a societal perspective, ARB promotes
more inclusive and culturally aware Al by center-
ing Arabic, an underrepresented yet widely spo-
ken language. lIts focus on interpretable, step-by-
step reasoning supports broader goals of Al trans-
parency and accountability. Nonetheless, ethi-
cal considerations remain important, particularly to
prevent the misuse or misinterpretation of cultur-
ally sensitive content in applications where Al de-
cisions may have real-world consequences.
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A. Appendix

This appendix provides supplementary material
supporting our contributions. It includes: (1) de-
tails of the filtering and verification pipeline and an-
notation interfaces used for human-in-the-loop val-
idation and inter-annotator agreement; (2) prompts
used for reasoning generation and evaluation;
(3) the original Arabic versions of the genera-
tion prompts and evaluation metrics; and (4) addi-
tional qualitative examples from open- and closed-
source models. These materials provide greater
transparency into the construction and quality con-
trol of the ARB benchmark.

A.1. Manual Verification Pipeline and
Annotation Interface

To ensure quality and consistency across all sam-
ples, we developed a streamlined and user-friendly
annotation interface to support manual verification
and scoring. Given the scale of the dataset and
the involvement of multiple annotators, the inter-
face was designed to simplify inspection and ac-
celerate the review process.

For translation tasks (Figure 11), the interface
displays the original English text alongside the cor-
responding Arabic translation, allowing annotators
to edit only the translated portion when neces-
sary. For synthetic samples (Figure 12), the inter-
face presents the image, the Arabic question, the
step-by-step reasoning, the predicted answer, and
the reference answer. Annotators evaluate each
sample based on accuracy, clarity, cultural align-
ment, and faithful delivery of meaning, with empha-
sis placed on conceptual correctness rather than
word-for-word translation.

Each sample is rated on a six-point scale, sum-
marized in Table 6. The scoring scheme guides an-
notators in determining whether a sample should
be accepted, revised, or regenerated.

Rate Description

0 Reject: Culturally inappropriate or irrelevant content
1 Requires full regeneration by the model

2 Major edits needed to fix reasoning or clarity
3 Moderate edits required

4 Minor edits needed

5 Excellent: No edits needed; ready for inclusion

Table 6: Filtering and Verification Rating Scale.
A standardized scoring scheme used by annota-
tors to assess the quality of translations and rea-
soning steps.

Each sample was independently reviewed by
four annotators, and their scores were averaged
to obtain a final rating on a scale of 0-5. Samples
with an average score equal to 0 were immediately
discarded due to cultural or contextual inappropri-

idx AM_107

Arabic
ices : A) Cycling , (B e bl 25 (A ) T bl s pas ) iyl 221 e
U158 (0 (U 5,81 (C ol 5

Figure 11: Example of ARB translation verification
user interface.
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Figure 12: Example of ARB generated data verifi-
cation user interface.

GoToRecord: oot

Steps

80-100% il e << Previous save Next>>

Figure 13: |AA interface used for human validation
of reasoning steps.

ateness. Samples with an average score of 5 were
approved without further review, while those with
an average score of 1 were returned for regener-
ation. Samples with intermediate scores (greater
than 1 and less than 5) were escalated to a fifth
annotator for final assessment, discrepancy reso-
lution, and necessary corrections.

This multi-tiered evaluation process ensured
both the consistency and overall quality of the fi-
nal dataset.

Figure 13 illustrates the interface used for the
IAA study. Annotators evaluated whether the
model’'s reasoning chain was consistent with the
image, question, and available answer choices, as-
signing scores (from 0 to 5) based on the align-
ment between the model's reasoning steps and
their own reasoning process.
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A.2. Original Arabic Generation Prompt

This section presents the original Arabic genera-
tion prompt used to produce reasoning steps in
ARB, shown in Figure 14. An English translation of
this prompt is provided in the main paper (Figure 3)
for accessibility to non-Arabic readers.

Reasoning Steps Generation Prompt

ol ghs aulgs diage {Domain} 3 peaxie Gy s o0l
Lol 0wy oLilodd YWYl ol ghsy dhialdl Julxill
ledl (Il Jsosdd Beks IS a1 Y g el
bpsadl B el o3l L ToLGw! aaall
DL Y g cdydgialdl ol ylaisYiy Jl el 8 olegleally
FUPE R IFWES U0 | B T W bois U1 {example}JLia.Jl,
L Ll ol Yy Judaddl ol ghs

P LB o ladesdl

pi |

Lodzg ol = badbeialdl ol yluadly Jl el gaesy 480L1

ol ylgaldly {Domain} ¢gosped) Liwlo¥l puslindl 345.2
Liglhell Layeally
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toliidl gyl gas {Curriculum} zsUodl gi5.4
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Fo Ll ghiadl s Lo Lo Lasl
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e Jlre SO adadl o ael g il ghiad! pl aiwl

o= "2/ pad" = {Curriculum} - LU Ll e
s idly By sl eghad e SRl dade 1E)pall
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Figure 14: Original Arabic Generation Prompt.
The original Arabic version of the prompt used to
generate reasoning steps in ARB (see Figure 3) to
aid non-Arabic readers.

A.3. Models’ Evaluation Prompts

This section presents the evaluation prompts used
to assess the step-by-step reasoning quality of
LMMs in our study. The prompt was adapted from
the LLamaV-01 evaluation protocol (Thawakar
et al., 2025) and tailored to the Arabic multimodal
reasoning context of ARB (Figure 15). To en-
sure consistency between the generation and eval-
uation phases, all assessments were performed
using Arabic prompts exclusively in open-source
and closed-source models. This design choice
maintained linguistic alignment with model outputs
and minimized potential cross-lingual biases dur-
ing judgment.

Evaluation Prompt

Jwleas Il g Gl o3l sde paa i) paas JYSwd] phil asl
oo Lage L daidl OlolaiwY ! 3 JYaSwY ! Ol ghs §35g>y
(b)) rzpadl ol axdl gan YUYl Ol ghs ayyds
olsadl 1) Il swd ) serdl gdsaidl olatel s JI sl

T I g ldadl alusiwly (gdsadidl e joblall
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LB Sgall 4 AB3adl gy Golhsi Il o G304l oo Gaxidl
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CASAadl Jad doyggualdl oy B! 3l

(Semantic Coverage-Step) : ssbaxldl - LWl Lhbiill .6
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LUl Jad osddaall aladl

YUY ol ghs asax3 (Missing Step): $sgddell ghxll .9
LUl Jad iy pall s Ladlidl

(10-1) ouy 42y s of axs

tBodmaldl digald Lidy dlaldl gl s3] 2o

Osdm bid oleyudl pouiio pd) o LeS daan iS5 pad
P (Omis

g Liedl Ol o

Phlaeyl eyl e

(. J

Figure 15: Arabic Evaluation Prompt for LLM-
as-Judge. This prompt was used to evaluate rea-
soning steps across all models in Arabic. Refer to
Figure 8 for English translation.

A.4. Qualitative Examples

Figures 16 and 17 present qualitative examples
of reasoning failures in both open- and closed-
source models, complementing the quantitative
trends discussed in Section 5.

Open-source models frequently produce in-
complete reasoning chains, inconsistent logical
steps, or hallucinated interpretations that are not
grounded in the visual or textual inputs. Closed-
source models, while often generating more struc-
tured reasoning, still exhibit errors such as incor-
rect numerical comparisons, invalid assumptions,
and misinterpreted constraints. These examples
show that seemingly coherent step-by-step rea-
soning does not necessarily ensure logical correct-
ness, highlighting persistent challenges in achiev-
ing reliable multimodal reasoning in Arabic and
underscoring the importance of benchmarks like
ARB for diagnosing such failures.
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Figure 16: Qualitative reasoning errors in open-source models across Arabic multimodal tasks.
Examples illustrate common failures such as incomplete reasoning chains, inconsistent logic, and hallu-
cinated interpretations that are not grounded in the input.
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Figure 17: Qualitative reasoning errors in closed-source models across Arabic multimodal tasks.
Examples highlight issues including incorrect numerical comparisons, invalid assumptions, and logically
inconsistent reasoning steps leading to incorrect conclusions.
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