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Abstract

The development of large-scale Visual Ques-
tion Answering (VQA) datasets has tradition-
ally relied on resource-intensive manual anno-
tation. In addition, most of the existing Arabic
VQA datasets focus on culturally-specific and
dialect-aware domains. To address these limita-
tions, we propose a new pipeline that leverages
Wikipedia template tags to extract the relevant
information for each image, which is subse-
quently utilized by the Large Language Model
(LLM) to synthetically generate a new visual
question answering dataset. Using this pipeline,
we have constructed AraVQA, the most com-
prehensive Arabic Factoid Visual Question An-
swering dataset, containing more than 50,000
questions and covering over 20 varied primary
subjects within Arabic general knowledge. Our
detailed analysis shows that our dataset can
serve as a post-training dataset to enhance the
performance of existing Visual Language Mod-
els (VLMs) on Arabic VQA tasks. Further-
more, we present a novel benchmark, derived
from our dataset and validated through manual
annotation, that poses more challenges to Ara-
bic VLMs than existing Arabic VQA datasets.

1 Introduction

Large Language Models (LLMs) designed for Ara-
bic have recently achieved substantial progress,
with systems such as ALLaM (Bari et al., 2024),
Jais (Sengupta et al., 2023), and Command R7B
Arabic (Alnumay et al., 2025) establishing new
state-of-the-art results on knowledge-intensive
benchmarks, including ArabicMMLU (Koto et al.,
2024) and ArabicEXAMS (Hardalov et al., 2020).
These advances illustrate the rapid maturation of
Arabic Natural Language Processing (NLP) in text-
only domains, particularly for tasks requiring fac-
tual reasoning and broad domain coverage. In
parallel, Vision—Language Models (VLMs) have
transformed multimodal research in English and

“Equal contribution.

other high-resource languages. Yet the progress
of Arabic VLMs has been markedly slower, leav-
ing multimodal reasoning in Arabic comparatively
underexplored.

Existing benchmarks such as Henna (Alwajih
et al., 2024), CAMEL-Bench (Ghaboura et al.,
2025), Pearl (Alwajih et al., 2025), and JEEM
(Kadaoui et al., 2025) have provided valuable
benchmarks for evaluating Arabic VLMs. How-
ever, these resources predominantly emphasize cul-
turally grounded, dialect-sensitive tasks or are not
publicly accessible (e.g., CAMEL-Bench). Henna
and Pearl focus on culturally salient domains such
as cuisine, attire, and landmarks, while JEEM eval-
uates captioning and VQA across dialects. Al-
though such datasets enrich the cultural and linguis-
tic scope of evaluation, they do not systematically
probe encyclopedic and factoid knowledge—a do-
main central to assessing whether VLMs can inte-
grate visual input with general knowledge reason-
ing. Developing such resources presents significant
challenges: large-scale image—question—answer an-
notation is prohibitively expensive, the intensive
effort required to link images with relevant context,
and the limitation of translation-based adaptation,
which often omits Arabic-specific content and di-
minishes linguistic quality.

To bridge this gap, we introduce AraVQA, the
first large-scale Arabic factoid visual question an-
swering dataset. Our approach exploits the struc-
tural affordances of Arabic Wikipedia to auto-
matically pair images with related captions and
section-level textual context. These pairs are then
processed by large-scale LLLMs, guided by care-
fully designed prompts, to generate a multiple-
choice Arabic visual question dataset. The result-
ing dataset is fully automatic and scalable, pro-
viding broad topical coverage that extends well
beyond the cultural focus of existing benchmarks
and explicitly targets factoid and world knowledge
domains, while the underlying generation pipeline
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is resilient and applicable across Wikipedia lan-
guages.

Thus, the main contributions of this work are
summarized as follows:

* Automatic generation pipeline. We intro-
duce a fully automatic pipeline that lever-
ages Arabic Wikipedia and large-scale LLMs
to synthetically generate high-quality Arabic
VQA data without costly manual annotation
or reliance on translation. Our quality-control
analysis shows that over 94% of the generated
questions are valid, highlighting the robust-
ness and reliability of our pipeline.

* AraVQA dataset. Using this pipeline, we
construct AraVQA, the largest Arabic VQA
dataset explicitly designed to support encyclo-
pedic and factoid visual question answering.
AraVQA spans a wide range of topics, includ-
ing science, history, geography, and culture,
establishing itself as the first large-scale re-
source of its kind in the Arabic language.

* Human-verified benchmark. From Ar-
aVQA, we derive a benchmark subset that is
automatically generated from our pipeline and
subsequently verified by six human annotators
to ensure correctness and consistency.

Evaluation and community tools. We con-
duct both quantitative and qualitative analy-
ses showing that AraVQA exhibits greater
topical breadth and difficulty than existing
Arabic VQA datasets, and we demonstrate
empirically that fine-tuning Arabic VLMs on
AraVQA yields measurable performance im-
provements on existing Arabic VQA bench-
marks. We release the resources used in this
work via a public GitHub repository (https:
//github.com/mbzuai-nlp/AraVQA).

2 Related Work

Recent advances in Multimodal Large Language
Models (MLLMs) have revealed the effective-
ness of coupling frozen vision encoders with pre-
trained language models to achieve unified vi-
sual-textual reasoning. Architectures such as
Flamingo (Alayrac et al., 2022) and BLIP-2 (Li
et al., 2023b) project visual embeddings into a
compact latent space via gated cross-attention or Q-
Formers, while LLaVA (Liu et al., 2023a) employs

a lightweight adapter to retain fine-grained percep-
tual signals. Collectively, these models demon-
strate that large-scale multimodal alignment can
support interactions between perception and rea-
soning. Yet, their success is contingent on massive
English-centric data, a prerequisite absent for Ara-
bic.

A complementary trajectory, visual instruction
tuning, has made multimodal supervision scalable
by automatically generating instruction-response
pairs. MULTINSTRUCT (Xu et al.,, 2023),
MIMIC-IT, and LLaVA-Instruct (Li et al., 2023a;
Liu et al., 2023b) have shown that synthetic data
can unify captioning, VQA, and reasoning tasks un-
der a shared schema. However, these pipelines re-
main exclusively English-based. Transferring such
methods to Arabic introduces non-trivial linguistic
and cultural challenges, as the language’s complex
morphology, diglossia, and culturally grounded se-
mantics complicate automatic alignment.

Recent Arabic multimodal efforts—Henna
(Peacock) (Alwajih et al., 2024), CAMEL-
Bench (Ghaboura et al., 2025), Pearl (Alwajih et al.,
2025), and JEEM (Kadaoui et al., 2025)—have ad-
vanced cultural and dialectal evaluation. Yet these
datasets emphasize thematic domains (e.g., cuisine,
landmarks) or dialect-specific reasoning. Thus, the
domain of general knowledge remains overlooked
in the existing Arabic Visual Question Answering
(VQA) datasets. Moreover, the reliance on man-
ual curation for these datasets poses challenges in
terms of scalability, which can be observed from
the number of images used to generate each dataset,
as shown in Table 1.

On the other hand, the emergence of AIN (Heakl
et al., 2025) demonstrates the feasibility of Ara-
bic multimodal modeling, achieving strong results
on CAMEL-Bench. However, its improvements
largely stem from architectural scale and bilingual
pretraining rather than Arabic-native multimodal
supervision, highlighting the limitations of current
methods. While cultural Arabic datasets have made
progress in closing the gap, there is still a need for
a new dataset that encompasses general knowledge
in the Arabic language and does not rely on manual
annotation. Such a dataset would enable Arabic
VLMs to leverage these resources in pre-training
and fine-tuning phases, facilitating more compre-
hensive and scalable approaches to Arabic VQA.
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Dataset Images Questions Method Data Split
Henna (Alwajih et al., 2024) 120 1,132 A+M Test
CAMEL-Bench (Ghaboura et al., 2025) - 29,036 A+M Test
JEEM (Kadaoui et al., 2025) 2,196 10,890 A Test
Pearl (Alwajih et al., 2025) 12,637 309k A+M  Test
AraVQA (Ours) 46,958 50,757 A Train / Test

Table 1: Details about the existing Arabic Visual Question Answering datasets compared to our dataset, AraVQA.

A: Automatic, M: Manual Annotation.

3 Method

Our proposed method consists of three phases: (1)
data collection, (2) pre-processing image metadata,
and (3) synthetic visual question generation with
LLMs. We will explain each of these three phases
in Section 3.1, Section 3.2, and Section 3.3, re-
spectively. In addition, to assess the quality of our
pipeline in generating valid questions, we added a
quality control phase, explained in detail in Section
3.4.

3.1 Data Collection

Our methodology begins with the acquisition and
structural parsing of the Arabic Wikipedia dump,
which retains the full set of MediaWiki template
tags. These tags provide a rich source of meta-
data that we exploit to extract article sections, sec-
tion titles, and the associated visual elements. In
particular, the preserved markup enables a system-
atic segmentation of articles into coherent sections,
each of which can be explicitly linked to its cor-
responding image and contextual snippet. From
these same templates, we additionally extract aux-
iliary descriptors such as image captions, textual
descriptions, and article-level titles.

A practical challenge in utilizing the raw
Wikipedia dump is that template tags do not in-
clude complete image URLs. To resolve this, we
compute the MD5 hash of each image filename
and use it to reconstruct the canonical URL path
for the corresponding image resource by following
Wikimedia’s storage convention, in which the first
character and the first two characters of the MD5
hash determine the intermediate path components
that lead to the full image URL.

A second limitation concerns the absence of ex-
plicit license metadata within the dump. To recover
this information, we query the Wikidata Query Ser-
vice! for each image, retrieving its copyright li-

"https://query.wikidata.org/

cense property.”

As shown in Figure 1, the final dataset integrates
all these components into a structured representa-
tion consisting of the following fields: article title,
article identifier, section title, section text, image
URL, image description, and image license. This
organization facilitates downstream alignment be-
tween textual sections and visual content, forming
the foundation for subsequent multimodal ques-
tion—answer generation with LLMs.

3.2 Dataset Preprocessing

Variability in the dimensional properties of
Wikipedia images presents a potential challenge
for Vision—language models (VLMs), as high-
resolution inputs substantially increase both fine-
tuning and inference costs. To standardize im-
age representations and ensure computational effi-
ciency, all images are resized such that their longest
dimension (height or width) does not exceed 224
pixels. This resolution threshold was determined
empirically: preliminary experiments revealed that
increasing image size to 768 or 1024 pixels yields
only marginal performance improvements while
imposing significant computational overhead. To
maintain reproducibility and facilitate future re-
search, the dataset retains the original image URLs,
thereby enabling access to full-resolution versions
when required.

To preserve unambiguous alignment between
textual and visual modalities, we exclude all sec-
tions containing multiple images. We addition-
ally remove sections whose textual content exceeds
1,024 tokens to prevent out-of-memory (OOM) fail-
ures during large-scale synthetic generation with
large language models. Finally, sections lacking
valid image URLs are discarded to ensure data
completeness and structural consistency across the
dataset.

Zhttps://www.wikidata.org/wiki/Property:P275
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One of the waterwheels of Haditha district on the Euphrates

Image Title : s el 5
Image Desc. : <) ) e &a clad el 5ol
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Iraqi waterwheels are wooden water-powered machines found along the ."\\ K
banks of the Euphrates River in Iraq. They lift water from the river using $ 0 @
buckets to an upper basin, from which it flows through channels to irrigate on O J

the city and its orchards. They were particularly common in Hit, Ana, T
Al-Qaim, and Haditha in Anbar Governorate, and were made from
mulberry wood. However, most of these waterwheels have disappeared,
with fewer than twenty remaining, due to the reduced water levels in the
Euphrates and the construction of dams. There are local efforts underway
to have Iragi waterwheels inscribed on the World Heritage List.

Section Title : 3 ) »e) 58

Section Text : 3585 555 4ia Lile ST a5 Gl sl e 5
e elall Jiisy (3 jall 3 il e al o e aal 53 dslall

el g8 B (g pm ddas (gsle s ) Gelis Al

Ll s L

Image Title : Modern waterwheels

Image Meta Data + Related Passage in Same Section — Synthetically Generating

Multi-Choice QA with LLM

Image Desc. : One of the waterwheels of Haditha
district on the Euphrates

Section Title : Waterwheels of Iraq

Section Text : Waterwheels of Iraq are wooden
water-powered machines found on the banks of the
Euphrates River. They lift water from the river using
buckets to an upper basin, from which it flows
through channels to irrigate the city and its orchards.

Where are the water wheels shown in the picture located?
On the banks of the Euphrates River in Iraq

On the banks of the Tigris River in Iraq

On the banks of the Euphrates River in Tirkiye

On the banks of the Euphrates River in Syria

Answer: On the banks of the Euphrates River in Iraq

95 gual) (B A g pall e gil) 285
Gall (Bl jecilia e @
B Gidlas jecilin e o
WSy Bl jpicilia e o
Losm Al et ilia e @
Gl (b il s dilha e il gall

Figure 1: Illustration of our proposed method. Additional illustration of the Wikipedia template tags and the data

collection phase are shown in Figure 4.

3.3 Synthetic Question Generation

We employ the GPT-OSS-120B model® to auto-
matically generate multiple-choice questions from
the dataset described in the preceding section. The
generation process is executed using the vLLM
inference framework (Kwon et al., 2023) and the
Transformers library (Wolf et al., 2020) on a sin-
gle NVIDIA H100 GPU, guided by the instruction
prompt illustrated in Figure 2. To ensure struc-
tural consistency and adherence to the predefined
template, we implement rigorous post-generation
filtering. Outputs that deviate from the expected
format—such as missing or incomplete answer op-
tions, or placeholder text (e.g., the model produc-
ing “[question]” instead of an actual interrogative
form like "Who is the player shown in the pic-
ture?")—are automatically excluded during post-
processing. We further enforce a balanced distribu-
tion of answer options by randomizing the order of
the four candidate answers (A—-D) and subsequently
reassigning the corresponding correct label.
Sampling configuration plays a crucial role in
controlling the factuality and precision of the gen-
erated content. Given our focus on factoid visual
question answering, we adopt a low-temperature
setting of 0.1 to reduce randomness, combined with
a Top-P value of 0.9 to maintain lexical diversity
without compromising determinism. The maxi-

3https://huggingface.co/openai/gpt-oss-120b

mum sequence length is set to 2,048 tokens, with
a generation limit of 1,024 new tokens per output.
To expedite large-scale generation, we parallelize
inference by dispatching concurrent requests to the
vLLM server, achieving efficient throughput while
preserving generation quality.

3.4 Quality Control with Human Annotation

We add a quality control phase, which aims to eval-
uate the quality of the visual question answering
dataset generated from our proposed method using
manual annotation. The annotation team comprises
six native Arabic speakers representing diverse re-
gional varieties, each holding at least a bachelor’s
degree. To ensure both linguistic coverage and
inter-rater reliability, the test set is partitioned into
six equal segments, with each segment indepen-
dently annotated by two annotators. Thus, every
example receives two judgments. The task follows
a binary decision scheme (approve or reject), as the
goal—unlike prior Arabic resources—is to evaluate
the precision of our automatic generation pipeline
rather than to collect human-written questions.

All annotators were provided with detailed
guidelines and dataset documentation, as illustrated
in Figure 5. The annotation was conducted through
a custom web interface, as shown in Figure 6, that
presents the question, corresponding image, and
contextual information required for evaluation. An-
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notators were compensated at a rate of $15 per
hour. Inter-Annotator Agreement (IAA) was estab-
lished by retaining all examples jointly approved
by both annotators for inclusion in the final test
set. To quantify annotation reliability, we compute
Cohen’s k (kappa) (Landis and Koch, 1977), yield-
ing k = 0.92 in the initial round and Kk = 0.96
after adjudication—values that denote near-perfect
agreement under the Landis and Koch interpreta-
tion.

4 Dataset Evaluation

Our evaluation integrates complementary quantita-
tive and qualitative analyses. Section 4.1 reports
a quantitative characterization of the final dataset,
detailing its scale, distributional properties, and in-
ternal consistency. Section 4.2 conducts a qualita-
tive assessment of ARAVQA both as a benchmark
and as a supervised fine-tuning corpus, compar-
ing it to the Pearl dataset.* Multiple evaluation
setups are employed to ensure a comprehensive
and interpretable assessment of dataset quality and
downstream utility.

4.1 Quantitative Analysis

Our proposed pipeline produced a total of 51,063
question—image pairs. Following standard practice
in the literature, we allocated 10% of the data to the
test split, yielding 5,097 examples. The subsequent
quality control phase, described in Section 3.4, fil-
tered out 306 invalid questions from the test set,
resulting in a pipeline precision of 94%. After filter-
ing, the final ARAVQA dataset comprises 50,757
validated questions paired with 46,958 unique im-
ages. Of these, 45,969 belong to the training set,
and 4,791 to the test set.

Table 2 presents the topic distribution across the
combined training and test sets. The dataset spans
over twenty distinct domains encompassing a wide
spectrum of Arabic general knowledge. These in-
clude major academic and cultural fields such as
History, Natural Sciences, Social Sciences, Geog-
raphy, Medicine, Sports, Applied Sciences, and
Religion. This diversity ensures broad topical cov-
erage and supports the evaluation of multimodal
reasoning across multiple domains of factual and
contextual knowledge. Representative examples

“Pearl is selected for comparison because it provides pub-
licly available question—answer pairs derived from a substan-
tially larger image base than alternative Arabic VQA datasets
such as CAMEL-Bench.

Topic Questions
Humanities & History 10,387
Natural Sciences & Technology 6,315
Social Sciences 4,826
Geography & Tourism 4,384
Medicine & Health Sciences 3,131
Sports & Physical Activities 2,940
Engineering & Applied Sciences 2,835
Religion & Theology 2,510
Business & Economics 2,102
Film, Television & Media 1,813
Architecture & Urban Design 1,596
Cultures & Folklore 1,527
Arts & Visual Culture 1,350
Literature & Poetry 1,331
Performing Arts 901
Education & Pedagogy 768
Mathematics & Computer Science 743
Law & Governance 599
Language & Linguistics 436
Philosophy & Ethics 263

Table 2: Topic distribution of the AraVQA dataset. We
use the GPT-OSS-120B model to assign the topic for
each question.

from the dataset are illustrated in Figure 3, demon-
strating the range and quality of the generated im-
age—question—answer triples.

4.2 Qualitative Analysis

Our qualitative evaluation is conducted in two com-
plementary setups designed to assess the utility and
generalizability of the proposed ARAVQA dataset.

In the first setup, we evaluate the zero-shot
performance of a suite of state-of-the-art Vi-
sion—-Language Models (VLMs) on the ARAVQA
test split and the multiple-choice question subset
of the PEARL dataset. The evaluated models in-
clude Qwen2-VL-72B-Instruct (Wang et al., 2024),
Llama-3.2-11B-Vision-Instruct (Meta Al, 2024),
InternVL2-Llama3-76B (Chen et al., 2024c,b,a),
Llama-4-Scout-17B-16E-Instruct (Meta, 2025),
Mistral-Small-3.2-24B-Instruct-2506 (Mistral Al,
2025), Granite-3.3-2B-Vision (Team et al., 2025),
and Phi-4-Multimodal-Instruct (Microsoft et al.,
2025). This configuration allows for a direct zero-
shot comparison between Arabic and multilingual
benchmarks, thereby assessing model performance
in the absence of task-specific fine-tuning.

In the second setup, we fine-tune the Granite-3.3-
2B-Vision and Phi-4-Multimodal-Instruct models
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Model Size Post-Training Setup | Pearly;cqo AraVQAr
Qwen2-VL-72B-Instruct 73.4B | Zero shot 0.7268 0.6369
Llama-3.2-11B-Vision-Instruct 10.7B | Zero shot 0.6505 0.5621
InternVL2-Llama3-76B 76.3B | Zero shot 0.7405 0.6729
Llama-4-Scout-17B-16E-Instruct | 109B | Zero shot 0.7087 0.5874
Mistral-Small-3.2-24B-Instruct 24B Zero shot 0.7282 0.6266
AIN Arabic MultiModel 8.29B | Zero Shot 0.6640 0.6057
Granite 3.3 2B Instruct 2.53B | Zero shot 0.4343 0.3648
Phi4 MultiModel Instruct 5.57B | Zero Shot 0.6235 0.5053
Granite 3.3 2B Instruct 2.53B | SFT on AraVQA7,4in | 0.5742 0.5746
Phi4 MultiModel Instruct 5.57B | SFT on AraVQA7,4in | 0.7009 0.7384

Table 3: The accuracy results of existing VLMs on the multiple-choice question—answering subset of the Pearl
benchmark and AraVQA test set. The first section shows the results in the zero-shot setting, where no supervised
fine-tuning (SFT) or few-shot examples were used. The second section shows the results after fine-tuning the
Granite and Phi models on our AraVQA training set. All results in the table were generated by our team.

on the training portion of the ARAVQA dataset.
We evaluate the fine-tuned models on the multiple-
choice question—answering subset of the PEARL
benchmark as well as on our ARAVQA test set.
This experimental design enables us to quantify
the contribution of ARAVQA to improving the per-
formance of existing VLMs and to examine their
capability for cross-dataset generalization across
Arabic visual question answering tasks.

4.2.1 Zero-Shot Evaluation

Our zero-shot results in Table 3 show that our
dataset poses a greater challenge to Visual Lan-
guage Models than the existing Pearl dataset. Most
of the VLM models in the table show a 10% — 12%
drop in performance when evaluated on our Ar-
aVQA test set compared to the Pearl dataset. This
drop in accuracy suggests that our dataset poses
a greater challenge to existing VLMs than the
Pearl dataset. The results also indicate that the
InternVL2-Llama3-76B model has the highest gen-
eralization ability among all other models, with
only a 7% drop in performance. Overall, these re-
sults highlight the role that the AraVQA dataset can
play in future research to detect out-of-distribution
issues in the existing VQA datasets and evaluate
the ability of VLMs to generalize across different
domains.

4.2.2 Supervised SFT Evaluation

In contrast to the zero-shot evaluation, the Super-
vised Fine-Tuning (SFT) experiments aim to quan-
tify the impact of training on the ARAVQA dataset
in enhancing VLM performance. As shown in the
lower section of Table 3, fine-tuning on the AR-

AV QA training split yields a substantial improve-
ment of 21% — 23% in accuracy across both the
PEARL and ARAV QA test sets. This gain demon-
strates that the dataset provides highly informative
supervision signals that generalize beyond the train-
ing distribution.

Moreover, the performance gap between the
two benchmarks narrows considerably following
SFT, indicating that the degradation observed un-
der the zero-shot condition stems largely from out-
of-distribution effects. These findings highlight
the capability of ARAVQA to serve not only as a
challenging evaluation benchmark but also as an ef-
fective training resource for improving multimodal
reasoning in Arabic-centric VLMs.

4.2.3 Visual Grounding Analysis

Table 4 presents the accuracy of six vision-
language models evaluated on two Arabic VQA
benchmarks—Pearl and AraVQA—under two
complementary conditions: one in which each
question is paired with its correct image (Related),
and another where the image is replaced by a ran-
dom, unrelated one (Random). The resulting Gap
column quantifies the performance drop between
these conditions and thus serves as a direct measure
of each model’s dependence on visual grounding
rather than linguistic priors. Formally, for each
model m, we define the grounding gap as:

Am — A;zlated _ A;znclom7 (D

where Ar1ed and Arandom denote the model’s ac-
curacy under the related and random image condi-
tions, respectively.
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Pearl Test AraVQA Test

Model Related Random JAN, Related Random A,

Llama-3.2-11B-Vision-Instruct 0.6505 0.5026  0.1479 | 0.5621 0.4051 0.1570
AIN Arabic MultiModel 0.6640 0.5325  0.1315 | 0.6057 0.4531 0.1526
Llama-4-Scout-17B-16E-Instruct | 0.7087 0.6323 0.0764 | 0.5874 0.4999 0.0875
Qwen2-VL-72B-Instruct 0.7268 0.6016  0.1252 | 0.6369 0.4937  0.1432
Mistral-Small-3.2-24B-Instruct 0.7282 0.5555 0.1727 | 0.6266 0.4665 0.1601
InternVL2-Llama3-76B 0.7405 0.4993  0.2412 | 0.6729 0.4135 0.259%4

Table 4: Accuracy results on Pearl MCQ and AraVQA test sets when models are evaluated using randomly assigned

images instead of the relevant images.

Across both benchmarks, all models exhibit a con-
sistent degradation when visual information is per-
turbed, validating that Arabic VQA tasks elicit gen-
uine cross-modal reasoning rather than text-only
inference. However, the extent of this degrada-
tion varies substantially across architectures, reveal-
ing systematic differences in the strength and ro-
bustness of visual-textual integration. InternVL2-
Llama3-76B attains the highest overall accuracy
yet displays the largest grounding gap (A =~
0.25-0.26), indicating a strong but brittle reliance
on visual cues. In contrast, Llama-4-Scout-17B-
16E manifests the smallest gap (A = 0.08-0.09),
suggesting that its relative stability stems from an
overreliance on textual correlations. Qwen2-VL-
72B-Instruct, Mistral-Small-3.2-24B-Instruct,
and AIN Arabic MultiModel occupy an interme-
diate range (A = 0.13-0.17), reflecting partial but
uneven visual grounding.

Overall, results from Pearl and AraVQA con-
verge on a coherent trend: current Arabic MLLMs
demonstrate measurable visual sensitivity but lim-
ited multimodal robustness. The random-image
paradigm therefore constitutes a rigorous and uni-
fied diagnostic for disentangling true visual reason-
ing from spurious textual priors, offering a princi-
pled framework for evaluating multimodal ground-
ing in Arabic VQA.

4.2.4 Error Analysis and Insights

To better understand the qualitative behavior of the
best-performing model, we conducted a detailed
analysis of 100 randomly sampled evaluation ex-
amples from the AraVQA test split. This scrutiny
set was uniformly sampled to ensure balanced cov-
erage of question types and difficulty levels. The
analysis reveals systematic and interpretable pat-
terns in the model’s learned behavior following su-
pervised fine-tuning (SFT). In the zero-shot setting,
the base PHI model exhibits clear limitations in vi-
sual grounding, particularly for interrogatives such

as u’? (where), g (When), and o (Who), which
require reasoning over spatial, temporal, or iden-
tity cues within the image. After SFT, these same
examples are correctly answered, demonstrating
that the fine-tuning data effectively taught multi-
modal alignment skills absent from the pre-trained
model. Across the 100 examples, this improvement
is both qualitative and consistent: SFT converted
guess-like predictions into grounded, evidence-
based reasoning. For example, in the ques-
tion fdlay A1 Lo 2dadll <l ) uj (“Where
is Qatif Port located on the map?”’), the zero-
shot model incorrectly selected JP:ﬂ A~

(“in the Red Sea”), whereas the fine-tuned

model correctly localized it as 3 ! CAA\ 3
(“in the Arabian Gulf”). §imi1ar1y, for

Lot U _alad 1 3 gl L) £ s

felslulb (“When was the picture showing the
Titanic taken?”), the base model produced an
arbitrary date, but PHI-SFT accurately chose
Va Y Jij;‘ v (“2 April 19127), inferring the tem-
poral context from historical visual cues. A com-
parable improvement appears in identity recogni-
tion: for 3, sall 5 allll Al oa oo (“Who is
the king shown in the picture?”’), the zero-shot
model predicted J jg” &y @ (“Frederick I7),
while the fine-tuned version correctly answered
SUW o 9ady (“Baldwin IT7). These examples typ-

ify a broader trend in which fine-tuning enables
robust Arabic-specific grounding in space, time,
and identity—three domains where cross-lingual
transfer from English vision-language data re-
mains weakest. Smaller yet meaningful gains
also occur in “what” (L ) questions involving ob-

ject, text, or concept recognition. For instance, in

j—hudﬂj&f@w‘&‘ﬁu
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?ZSJJ,.A.H d é-’j,o (“What gene causes Wilson’s

disease as shown in the picture?”’), the zero-shot
model predicted “HFE,” while the fine-tuned ver-
sion correctly identified “ATP7B,” demonstrating
that SFT enhanced the model’s ability to map
biomedical images to factual entities.
Interestingly, we also observe a small sub-
set of questions whose answers can be inferred
directly from the textual content of the ques-
tion itself, without requiring information from
the accompanying image. For example, in
fovsliall O Cdie sa 0 (“Who s the author
of the book *Kitab al-Sinaatayn*?”), the question
provides enough linguistic context for a knowledge-

able model to respond “ s Sual! 3o y_i” (“Abu
Hilal al-Askari”), yet the zero-shot PHI fails to an-
swer correctly, selecting a random option instead.
Only after fine-tuning does PHI-SFT provide the
correct answer. This behavior indicates that Ar-
aVQA is not limited to assessing visual recogni-
tion but also diagnoses a model’s ability to lever-
age textual and world knowledge when the answer
does not depend on the image. Although such
cases are relatively few in the 100-item scrutiny set,
their presence highlights the diagnostic value of Ar-
aVQA in distinguishing between visually grounded
and textually sufficient reasoning. Residual errors
remain primarily in causal or abstract reasoning,
such as 98, sl 5 5 allall §allall & Cadl b
(“What is the cause of the phenoméhon shown
in the image?”’), where success requires linking
perceptual cues (e.g., glowing seawater) to under-
lying scientific explanations (e.g., bioluminescent
dinoflagellates). These cases suggest that while
SFT substantially improves perceptual grounding,
it only partially enhances higher-order conceptual
reasoning.

Overall, the 100-example analysis shows that
fine-tuning reshaped the model’s internal behav-
ior rather than merely boosting accuracy. PHI-
SFT acquired the ability to answer Arabic mul-
timodal questions through grounded factual rea-
soning, with the largest gains in spatial, tempo-
ral, and identity reasoning. These interpretable
improvements validate the scientific value of our
dataset: it delivers targeted supervision that sys-
tematically addresses weaknesses in multilingual
vision—language models, enabling genuine mul-
timodal understanding in Arabic. By bridging
linguistic, cultural, and perceptual dimensions, our
dataset provides a principled foundation for eval-

Question Word Before After Improv.%
Which ¢l 6 10 66.67
Where -y 885 1295 4633
What b 755 994 31.66
When _&e 536 894 66.79
Who is ga - 239 341 42.68
Total Questions 2421 3534 45.97

Table 5: Comparison of correct answers by question
word on the AraVQA test set (4791) before and after
fine-tuning Phi-4 Multimodal-Instruct on the AraVQA
training set.

Question Word Before After Improv.%
Which 54 59 9.26
Where -] 3 4 33.33
How many ({ 2 4 100.00
How &5 55 56 1.82
What L 2375 2669 12.38
Whois ga 10 9 -10.00
Total Questions 2499 2801 12.08

Table 6: Comparison of correct answers by question
word on the Pearl test set (4009) before and after
fine-tuning Phi-4 Multimodal-Instruct on the AraVQA
training set.

uating and enhancing grounded reasoning in low-
resource multimodal contexts.

4.2.5 Impact of Fine-Tuning by Question
Word

Tables 5 and 6 present results before and after
fine-tuning Phi-4-Multimodal-Instruct on the Ar-
aVQA training set. We evaluate performance on
the AraVQA s set and on PEARL, grouping re-
sults by question word.

On the AraVQA g set, fine-tuning leads to sub-
stantial improvements across all question words,
with an overall gain of 45.97%. The largest im-
provements are observed for “Which” and “When”
questions (both around 66 %), followed by “Where”
(46.33%) and “Who is” (42.68%). These results
indicate that training on AraVQA helps the model
better align linguistic cues with visual content, par-
ticularly for questions involving location, time, and
people.

On PEARL, fine-tuning also yields improve-
ments, though the overall gains are smaller
(12.08%). Notable improvements are observed
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for “How many” questions (100.00%), “Where”
questions (33.33%), and “What is” questions
(12.38%). In contrast, “How” questions show min-
imal change (1.82%), while performance on “Who
is” questions slightly decreases (-10.00%), sug-
gesting limited cross-dataset transfer for certain
question types.

5 Conclusion

This paper presented an end-to-end pipeline that
leverages the Wikipedia template tags and the gen-
erative power of large language models (LLMs)
to automatically construct visual question answer-
ing (VQA) datasets. Using this framework, we
developed ARAVQA—the largest publicly avail-
able Arabic factoid VQA dataset—comprising over
50, 000 questions spanning a wide range of general-
knowledge domains. The pipeline achieves high
precision in question generation and produces visu-
ally grounded, semantically coherent items suitable
for downstream vision—language modeling.

We further introduced a benchmark derived
from ARAVQA and validated it through sys-
tematic human annotation. Fine-tuning com-
pact Vision—language models (VLMs), including
GRANITE-3.3-2B and PHI-4-MULTIMODAL, on
45,969 training examples from ARAVQA yields
substantial performance gains—improving accu-
racy by up to 20 percentage points on both the
PEARL benchmark and the held-out ARAVQA test
set. Remarkably, these fine-tuned models surpass
VLMs exceeding 70B parameters, demonstrating
that fine-tuning small vision—language models with
a high-quality dataset can achieve competitive mul-
timodal reasoning even with limited model capabil-
ity.

In addition, our analysis reveals that ARAVQA
constitutes a challenging and diagnostic benchmark
for Arabic multimodal reasoning, exposing persis-
tent gaps in visual grounding and cross-domain
generalization. Collectively, the dataset, bench-
mark, and empirical findings establish a scalable
foundation for advancing Arabic vision—language
research and for developing culturally grounded,
linguistically faithful visual understanding systems.

6 Future Work

Building on the success of our AraVQA pipeline,
our next step is to extend the framework to ad-
ditional low-resource languages represented in
Wikipedia. This effort will assess the scalability

and language-agnostic capacity of our approach,
enabling the automatic construction of high-quality,
culturally grounded VQA datasets across diverse
linguistic settings. To achieve this, we plan to adapt
the pipeline to handle complex morphology (e.g.,
Swahili), right-to-left orthographies (e.g., Urdu),
and language-specific cultural semantics reflected
in visual content, thereby supporting more inclu-
sive data generation and annotation practices.

Beyond dataset creation, we aim to leverage
these multilingual resources to advance model de-
velopment and evaluation. We will explore cross-
lingual transfer learning through multilingual vi-
sion—language pretraining to enable unified mod-
els capable of visual reasoning across languages
and knowledge transfer from high-resource to low-
resource contexts. In parallel, we plan to establish
equitable VQA benchmarks for underrepresented
languages such as Swabhili, Urdu, and Ambharic,
promoting fair and culturally informed evaluation.
Ultimately, this research seeks to bridge the linguis-
tic divide in vision—language Al by fostering mod-
els that are both performant and culturally aware,
contributing to a more inclusive and globally repre-
sentative multimodal ecosystem.

Limitations

As our work focuses more on factoid visual ques-
tion answering, we have less representation in the
dataset for questions that address domains such
as OCR (Optical Character Recognition) or logic
reasoning. Our AraVQA dataset is aimed more
toward serving as a complementary dataset to exist-
ing datasets that address these types of tasks (e.g.,
Pearl, CAMEL-Bench). In contrast to existing Ara-
bic visual question answering datasets, AraVQA
is aimed more toward assessing and improving the
general knowledge inside Vision-Language Mod-
els (VLMs). However, in this work, we propose
a pipeline method that can be generalized across
other domains in future work.

In this work, we also choose to work with the
open-source GPT-OSS-120B model during the syn-
thetic question generation process rather than us-
ing other larger commercial LLMs (e.g., OpenAl
GPT-4, Google Gemini). The decision is driven
by our goal to illustrate the simplicity and afford-
ability of our proposed pipeline that can be used
with a single commercial GPU (e.g., RTX 5090,
H100), which allows researchers interested in work-
ing with limited-resource domains to improve this
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method further.

Furthermore, one of the limitations we encoun-
tered during the SFT evaluation presented in Ta-
ble 3 is the out-of-memory issue when we at-
tempted to fine-tune larger VLMs, as our work
environments consist of a single HI00 GPU. De-
spite this limitation, both models that we fine-tuned
on our AraVQA dataset: Granite 3.3 2B Vision
and Phi4 MultiModel 5B demonstrate a signifi-
cant increase across all tasks. These two models
outperform other existing VLMs (+70B parame-
ters), including InternVL2-Llama3-76B, Qwen2-
VL-72B-Instruct, and Llama-4-Scout-17B-16E-
Instruct. Therefore, we can expect a substantial
improvement across Arabic visual question tasks if
we fine-tune larger VLM models (e.g., Llama-3.2-
11B-Vision-Instruct).

Ethics Statement

The AraVQA dataset is synthetically generated
from articles in Arabic Wikipedia. These articles
are written and curated by human contributors and
reviewed by Wikipedia editors. Wikipedia follows
the Neutral Point of View (NPOV) policy, which
is defined as “representing fairly, proportionately,
and, as far as possible, without editorial bias, all
significant views that have been published by reli-
able sources on a topic.”
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A Supplementary Materials

This appendix provides additional material that
complements the main paper and supports repro-
ducibility. The first subsection, §A.1, presents sup-
plementary technical details, including the struc-
ture of the GPT-OSS prompt, representative Ar-
aVQA dataset examples, and an illustration of the
data extraction process from Wikipedia. The sec-
ond subsection, §A.2, describes the data annotation
process, including the annotation interface and the
guidelines followed by annotators to ensure consis-
tency and quality.

A.1 GPT-0OSS Prompt Specification and
AraVQA Examples

This subsection provides supplementary details
that support the methodology described in the
main paper. Appendix Figure 2 illustrates the
structure of the GPT-OSS prompt employed in
our pipeline, showing how instructions, visual in-
puts, and expected outputs are organized within
a unified prompt template. This figure offers
implementation-level clarity that complements the
high-level description provided in the main sec-
tions.

Appendix Figure 3 presents representative sam-
ples from the AraVQA dataset, highlighting the
alignment between images, Arabic questions, and
their corresponding answers. Finally, Appendix
Figure 4 details the automated data extraction pro-
cess from Wikipedia template tags. In addition, the
figure illustrates how image URLs are constructed
by computing the MDS5 hash of the image filename
and using the initial characters of the hash to gen-
erate the full URL. This visualization clarifies a
critical step in the dataset construction pipeline.
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GPT OSS 120B Prompt

ID : {id} (ignore this id in the prompt. This is just to retrieve original data)
Your task is to create a multi-choice vision question answering in Arabic Language.

I will give you a list of snippets taken from Arabic Wikipedia, and with each snippet, I will provide you with: A. The description of the image
attached to this snippet. B. The article title in which this snippet has been written. C. The snippet title.

Read the whole lines and then form a multi-choice QA about the image following the guidelines below:

1. The question should start with one of the following question words (translated to Arabic): 'What', "'When', 'Where', 'Who'.

2. If the image description contains a date and this date is related to the image, then your question must start with "When" in the Arabic
Language.

3. If'the snippet has a place where the entity inside the image is located, then your question must start with "Where' in the Arabic Language.

A few questions should ask to explain or describe the image in the Arabic Language. Do not make many of them.

The multi-choice question should be in open-domain trivia style, meaning we will not need the related paragraph to answer the question, but

the image is needed.

Please do not explain the reasons behind creating each question. Your output should only contain the question, four choices, and the answer.

o g

The answer should be only one of the choices, not two choices.

The answer should be exactly what is written in the text.

Generate only one question.

10. Do not always generate questions when the given lines do not have things that meet the given conditions. In this case, your output should be
only "Not Applicable".

11.  All questions should be in the Arabic Language.

12. You should not give any hint for the answer from the text because this is a visual question answering.

13. Multiple choices should be different. You cannot have the same choice.

14.  All questions should be about factoid questions.

15. Do not give any hint from the snippet that could allow the reader to answer the question without having the image (e.g., Which area is London
located in?).

16.  The distractors (wrong choices) should not be easy to guess or close to each other (e.g., A. 19 Jan 2019 B. 20 Jan 2019 C. 21 Jan 2019).

17.  Follow the following template when you create question-answer pairs (do not add **):

Question: [question]

A. [Choice 1]
B. [Choice 2]
C. [Choice 3]
D. [Choice 4]

Answer Letter: [answer letter]

Answer: [answer]|

Only one question and answer. Do not create many.

Please find below the text snippet and the image description:

Article Title: {article_title} Text: {section_text} Image Name: {img_path} Image Description: {img_desc}

Figure 2: Structure of the GPT-OSS prompt used in our framework.
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Where are the waterfalls shown in the picture located?

A. Between the borders of Argentina and Brazil

B. On the border between Canada and the United States

C. On the border between China and India
D. On the border between Australia and New Zealand

Answer: A. Between the borders of Argentina and Brazil

9B gl A il Al CYBLAN o c

L 3ol s i Y ags o

A8 5 sasiall Y gl g 1 sl e o
gl 5 pall G 35l e 7

il 5 555 Wl il g 35nll e

L a3l s i oY) agam G Bz lsad)

What are the names of the two teams shown in the
picture ?

A. Argentina and North Korea

B. Germany and South Korea

C. Brazil and Honduras

D. Brazil and North Korea

Answer: D. Brazil and North Korea

959l B Ga AUl Cpdiiall anl g2 L
el 5585 i Y1

Lsiall L) S5 Lalall

o5l s da3d 2

Alladl) )5S a3l o

Allall LSy a3l 2z gl

What plant is shown in the picture?
A. Basil

B. Thyme

C. Coriander

D. Mint

Answer: D. Mint

5 gall A pagrall clil g La
sy

BN

B

glini 2

gladl 2 ilgad)

What is the histopathological appearance seen in
the microscopic image?

A. Myofibrosis

B. Contractile band necrosis

C. Muscle hypertrophy

D. Blood clot

Answer: B. Contractile band necrosis
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When was the astrolabe pictured made?
A. 1310

B. 1285

C. 1291

D. 1302

Answer: C. 1291
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How many wheels does the Pullman car shown in
the picture have ?

A. Seven wheels

B. Six wheels

C. Five wheels

D. Four wheels

Answer: B. Six wheels
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What is the name of the dish shown in the
picture?

A. Kibbeh

B. Stuffed grape leaves

C. Magluba

D. Mansaf

Answer: B. Stuffed grape leaves
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Figure 3: Representative exagl(%lgs from the AraVQA dataset.
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Figure 4: Overview of the data extraction pipeline from Wikipedia template tags, including image URL generation
using MD5 hashing.
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A.2 Human Annotation Interface and
Guidelines

This subsection describes the annotation setup used
to construct and validate the dataset. Appendix Fig-
ure 6 shows the user interface provided to annota-
tors, including the visual layout and components
used to review images and submit annotations. The
interface was designed to facilitate efficient and
consistent annotation.

Appendix Figure 5 presents the annotation guide-
lines distributed to annotators prior to the labeling
task. These guidelines define the annotation cri-
teria, quality requirements, and consistency rules
followed throughout the annotation process, ensur-
ing reliability and uniformity across annotations.
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Data Description: This dataset was collected from Wikipedia, where we pair each
image with its context taken from the passage related to each image. Each example
has a question, four choices, an answer, a related image, and a description
(caption) for the related image.

Annotator task: The main task for the annotator is just to verify that each
question is factually correct. Thus, it's simply a binary task for an annotator,
and this task has two possible outcomes (correct, not correct).

The annotators will be able to verify each question by comparing the actual image
with the image description first. If both the image and image description are
enough to verify the answer, then the final decision will be "correct". If these
two inputs are not enough, the annotators will read the "section" text on the
bottom right for further verification. Then the final decision will be made.

Things to pay attention to while doing the annotation

A. If the answer exists in the question, then the example should be flagged as
incorrect.

B. In some questions, the information given inside the question is enough to answer
the question without having the image. Do not flag this question as incorrect in
this case. If everything is ok with this question, other than this issue, then it
should be flagged as correct.

C. If the answer can be more than one choice, then flag it as incorrect

Figure 5: Annotation guidelines provided to annotators.
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Figure 6: Annotation interface used during the data labeling process.
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