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JEEM: Vision-Language Understanding in Four Arabic Dialects

Karima Kadaoui'* Hanin Atwany'* Hamdan Al-Ali'*
Abdelrahman Mohamed® Ali Mekky' Sergei Tilga? Natalia Fedorova®
Ekaterina Artemova’ Hanan Aldarmaki' Yova Kementchedjhieva'

I MBZUALI 2 Toloka Al

Abstract

We introduce JEEM, a benchmark designed
to evaluate Vision-Language Models (VLMs)
on visual understanding across four Arabic-
speaking countries: Jordan, The Emirates,
Egypt, and Morocco.! JEEM includes the tasks
of image captioning and visual question an-
swering, and features culturally rich and re-
gionally diverse content. This dataset aims to
assess the ability of VLMs to generalize across
dialects and accurately interpret cultural ele-
ments in visual contexts. In an evaluation of
five prominent open-source Arabic VLMs and
GPT-40, we find that the Arabic VLMs con-
sistently underperform, struggling with both
visual understanding and dialect-specific gener-
ation. While GPT-4o ranks best in this compar-
ison, the model’s linguistic competence varies
across dialects, and its visual understanding
capabilities lag behind. This underscores the
need for more inclusive models and the value
of culturally-diverse evaluation paradigms.

1 Introduction

Vision-language models (VLMs) have recently
achieved notable improvements in tasks such as
image captioning (IC) and visual question answer-
ing (VQA), benefiting from large multimodal train-
ing datasets and parameter scaling (LlamaTeam,
2024; Beyer et al., 2024; OpenAl, 2024). However,
these models often struggle to generalize across cul-
turally diverse and dialect-rich environments due
to the over-representation of specific geographic
regions (De Vries et al., 2019; Gustafson et al.,
2023) and standardized language varieties in their
training datasets (Pouget et al., 2024). Similarly,
existing evaluation datasets predominantly feature
Western-centric images and English text (Liu et al.,
2021; Wang et al., 2024), while their non-English
“Equal contribution.
Correspondence: Karima.Kadaoui@mbzuai.ac.ae

'Our data is available at https://huggingface.co/
datasets/toloka/JEEM.
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MSA Caption:
6 panl” s ALl (o Ligyne Thannse Ul ole idas 525 (201 ole Galla Uy sekts Bypeall o
g &y Lo anegd ol il LS el gl 4l (oo iae slran Sebe i Sl

el aay

Dialectal Caption:
g andl” Taacs ol Bigsae o Liliugs AT ole iaSy (2Y6 palls da il aaly LS 5 0ealls
Jlall saly (ulS Jalil lia L350 52 la yam Shisask geulydy dighe Sram 8ptiall daly i Jal))!
Y Duged pati (S0
Translation:
In the image, a man is sitting on the floor while playing a music instrument known in
Moracco as "Gembri”. The man is wearing a decorated red cloak, and on his head is
a red Tarboush that is also decorated. Next to the man is a brown bag that looks a
bit old.

Q&A:

Q: Is this man playing alone or with a
group?

A: No, the man is playing on his own.

b e Yy sias B3aS Ja )l [1s bls i
48,0
wgdag b e Jal )l Y iE

Q: Is there something in that bag?
A: The content of the bag is not visible but
Qt could be a case for the Gembri.

SelLuall o1d L (o 88 By T
oy oSly dleall b Jalall it LS Lo ip
maadl Jls L:uu,;y

Figure 1: A sample from JEEM (Moroccan set). For
brevity, only 2 Q&A pairs are shown.

counterparts are often derived from the former, ei-
ther through translation or relabeling of the same
images (Changpinyo et al., 2023). This results in
biased evaluation, which conceals the suboptimal
performance of VLMs in geographically and di-
alectally diverse settings (Bhatia et al., 2024).

Recognizing this gap, recent work has focused
on the creation of culturally diverse multilingual
VQA benchmarks, incorporating images and ques-
tions from various countries and languages (Liu
et al., 2021; Pfeiffer et al., 2022; Changpinyo et al.,
2023, inter alia). Among these, Arabic is rarely
included, and when it is, it appears either in its stan-
dardized form (Modern Standard Arabic) (Tang
et al., 2024) or a single dialect, such as Egyptian
(Romero et al., 2024). This approach overlooks the
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cultural and dialectal diversity found among the
~400 million speakers of this language.

Arabic is an official language in 25 countries
across North Africa and the Middle East. Despite
the shared language, each country has a differ-
ent history, geography, and consequently culture.
These differences manifest in the objects, locations,
and activities that visually characterize each region,
as well as the lexical terms and implicit meanings
associated with them. For example, the traditional
clothing item in the Gulf, the ‘kandura’ (a long
white robe worn by men) differs subtly from the
‘djellaba’ worn in Upper Egypt, each reflecting
regional identity and invoking different societal
norms. On a linguistic level, differences are found
not only in terms of lexicon, but also in phonetics
and syntax, sometimes making mutual intelligibil-
ity challenging even among native Arabic speakers.

To address the challenges posed by the cul-
tural and dialectal diversity of Arabic, we intro-
duce JEEM, a benchmark dataset spanning one rep-
resentative dialect as a case study from each di-
alectal region (Habash, 2010): Jordanian (Leven-
tine), Egyptian, Emirati (Khaleeji), and Moroccan
(Maghrebi). JEEM comprises two core tasks: image
captioning and visual question answering. These
tasks enable the evaluation of VLMs in terms of
their ability to recognize and appropriately reason
about cultural elements, such as traditional cloth-
ing, local artifacts, and social settings, while utiliz-
ing dialectal language.

We benchmark five VLMs on JEEM and mea-
sure performance in terms of standard count-based
metrics, GPT4-based evaluation, and human eval-
uation. This comprehensive evaluation protocol
allows us to reliably compare the five VLMs, iden-
tifying performance gaps in all models, including
the top-ranking one, GPT-40. We also evaluate the
automatic metrics against human judgments and
provide recommendations for future evaluations on
JEEM and other Arabic benchmark datasets.

2 Related Work

2.1 Why Culture Matters

Prior studies reported performance disparities
across cultures on machine learning tasks such as
object recognition (De Vries et al., 2019; Gustafson
et al., 2023), geolocalization (Pouget et al., 2024),
mutlimodal retrieval (Kadar et al., 2018; Buet-
tner and Kovashka, 2024) and visual question-
answering (Romero et al., 2024). These dispari-

ties are commonly attributed to biases in the data
on which models are trained, which tends to over-
represent high-income geographic regions, and in
particular Western ones (De Vries et al., 2019;
Gustafson et al., 2023; Pouget et al., 2024).

People from different cultures use different ob-
jects, have different traditions, and occupy different
physical environments, resulting in different visual
experiences and associations. Culture also affects
perception and language: it determines whether
a more general or a more specific term will be
used to refer to an object, how the importance of
background objects will be ranked with respect to
foreground objects, and what objects will be men-
tioned in a caption or omitted (Nisbett and Masuda,
2013; Buettner and Kovashka, 2024).

2.2 Vision-Language Resources in Arabic

Image Captioning Early work on Arabic im-
age captioning (Jindal, 2017; Mualla and Alkheir,
2018) relied on the machine translation of exist-
ing datasets (primarily MSCOCO (Lin et al., 2014)
and Flickr8K (Hodosh et al., 2013)), sometimes
including human validation (ElJundi et al., 2020)
or human translation for a subset of the data (Al-
muzaini et al., 2018). AraCOCO (Mohamed et al.,
2023) features 500 images from the MS COCO test
set, captioned by Arabic speakers. While the anno-
tators often mentioned details that did not appear in
the original English caption, attesting to the differ-
ence in cultural perspectives, the captioned images
were not sourced from the Arab-speaking world.
Moreover, these captions are in MSA and follow
the same short simplistic format found in COCO,
lacking in dialectal and cultural understanding.

Visual Question-Answering While several mul-
tilingual datasets focus on culturally relevant VQA,
many exclude Arabic (Gao et al., 2015; Gupta et al.,
2020; Pfeiffer et al., 2022; Changpinyo et al., 2023).
VAQA (Kamel et al., 2023) relabels MS COCO im-
ages in MSA, again limiting the cultural relevance
and dialectal coverage of the data. Some works
in text-only QA address this issue through manual
cultural alignment (Alyafeai et al., 2024) or sourc-
ing data from Arab countries directly (Koto et al.,
2024), but lack the visual component. Others in-
corporate images but are limited to a single Arabic
variety (Tang et al., 2024; Romero et al., 2024),
or rely on synthetic questions that are not always
visually grounded (Alwajih et al., 2024).
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3 Dataset Construction

JEEM consists of images originating from four
Arabic-speaking countries covering four distinct
dialectal regions: Jordan (Levantine), Emirates
(Gulf), Egypt (Egyptian), and Morocco (Maghrebi).
Each image is annotated by native speakers of the
target dialect with image captions in both MSA and
dialect, and question-answer pairs in dialect.

Team Organization and Recruitment The an-
notation process was led by four native speakers
of the target dialects, each with a background in
computational linguistics or natural language pro-
cessing, hereafter referred to as team leaders.

The annotator recruitment process began with a
free qualification task designed to identify annota-
tors who met the following criteria: i) had relevant
professional experience; ii) were native speakers
of the target dialects; iii) could produce high-qual-
ity image captions. As part of the qualification
task, candidates wrote a caption for one image in
both the target dialect and MSA. Each submission
was carefully reviewed by a team leader. The can-
didates who performed best in terms of fluency
and relevance were subsequently invited to join the
project. This process led to the recruitment of 10,
8, 10, and 9 annotators for Jordan, the Emirates,
Egypt, and Morocco, respectively.” Their sociode-
mographic statistics, collected through a voluntary
survey, can be found in Appendix A.

Annotation Setup The data collection process
is based on how a visually impaired user might
interact with a smart assistant: given an image with
which the user wishes to engage (Step 1), the smart
assistant would offer an initial description of the
image (Step 2); at this point, the user might ask
clarifying questions and inquire about further de-
tails (Step 3), to which the assistant would provide
an answer (Step 4). We do not claim this procedure
to accurately represent the experience and needs
of visually impaired users, but it serves as a useful
framework for guiding annotators on how to engage
with the task, and for collecting natural questions
born out of a genuine information scarcity. The
process is visualized in Figure 7 in Appendix B.

Step 1: Image Collection The objective of this
step is to gather diverse, publicly available im-
ages that represent typical daily life in the target

2Throughout the project, we observed significantly less
involvement from the Emirati annotators compared others.

Image Average Length Unique Words
Country Count DA  MSA DA MSA
BE= Jordan 606 46 52 8,933 9,751
= Emirates 150 41 44 2,453 2,574
== Egypt 863 58 63 10,700 12,941
I Morocco 577 52 52 7,822 8,161

Table 1: Dataset statistics: image count, average caption
length, number of unique words in the JEEM dataset.

regions. To this end, we collected images from
three sources: i) Wikimedia archive, where im-
ages were sampled from categories under the tag
Category:<country>_by_topic (all subject to a
Creative Commons license). ii) Flickr archive un-
der a Creative Commons license: the images were
retrieved using tags such as country names, city
names, and names of important places. iii) Personal
archive: coauthors of this paper and team leaders
contributed images from their personal collections
that show typical scenes of daily life in their re-
gion of origin. They also reviewed and filtered all
images sourced from Wikipedia and Flickr to en-
sure appropriate and informative selection. Refer
to Table 1 for final image counts in JEEM.

Step 2: Image Captioning The task is to write
a description of the given image in both MSA and
dialect. Annotators were instructed to write in
their dialect first to encourage spontaneous writ-
ing. They were instructed to provide descriptions
that are detailed enough to convey the content to
someone who cannot see the image, including de-
tails specific to their region.

Step 3: Question Writing The task is to write
five questions in dialect based on the given image
description (the image is not shown to the annota-
tor). The questions should be independent of each
other and aim at a better understanding of what is
happening in the unseen image. To avoid repeated
exposure to images, annotators assigned to write a
caption for a particular image were not assigned to
write questions for the same image.

Step 4: Question Answering The task is to an-
swer five questions in dialect, based on the corre-
sponding image and captions. If it is not possible
to answer a question (e.g., the image does not con-
tain the necessary information), annotators were
instructed to indicate that the image lacks suffi-
cient information. Answers should be based on the
image and a general understanding of its context.
Annotators in each dialect group were assigned
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Category:<country>_by_topic

to annotate images specific to their region. In addi-
tion, a set of 25 images per dialect was manually
selected to form a shared pool of culturally distinc-
tive places, dishes and objects. These images were
annotated by all four regional teams to enable the
exploration of cross-cultural perspectives.

Task Review Each submitted task was reviewed
by the respective team leader. Reviewers could re-
ject a task and reassign it to another annotator, edit
and accept the task, or accept it as is. Additionally,
reviewers were allowed to skip a task if the image
or the writing appeared inappropriate or irrelevant.
The team leaders collaborated closely with the an-
notators throughout the annotation project, provid-
ing suggestions for improvement and exchanging
feedback in a group chat.

Dialect Diversity Each annotator could complete
a limited number of tasks per day to avoid having
a small number of annotators dominating the an-
notations. See Appendix A for the distribution of
tasks completed by each annotator. To ensure di-
alect diversity, annotators were encouraged to use
the most natural language for their local area. If
they encountered an unfamiliar word or phrase in
writing from previous steps, they were instructed
to ask in the group chat for clarification.

The annotation was carried out on the
Anonymized platform. Refer to Appendix A for
time estimates associated with the JEEM collection.
The detailed annotation guidelines made available
to the annotators can be found in Appendix B.

4 Data Analysis

4.1 Data Distribution

JEEM consists of 2,196 annotated images, dis-
tributed across the four dialects, as shown in Ta-
ble 1. The largest portion of images belongs to
Egypt, followed by Jordan and Morocco, while the
Emirates is represented in 7% of the data. The table
also reports statistics on the image captioning part
of the dataset, including average caption length and
the number of unique words used in each dialect.

Image Topics The images are organized into
13 thematic categories, including places, events,
arts, nature, education, transport, food, trade, tech-
nology, characters, and games. These categories
were identified after building the dataset, where
we prompted GPT-40 mini (gpt-40-mini-2024-07-
18) (OpenAl, 2024) in multiple rounds: first, to

B Egypt M Jordan [ Morocco M Emirates

Transport

Food & Beverages

Places

Nature
Characters
Sports

Arts & Culture
Education
Trade

Celebrations

Technology

Games =

Other =

50 100 150 200 250

Figure 2: Topic distribution per dialect.

assign a topic to each MSA caption, and then to
group the identified topics into the final categories
(see the prompt in Appendix E, Figure 13). A
detailed breakdown of subtopics within each cate-
gory is provided in Table 6 in Appendix C, while
Figure 2 visualizes the topic distribution across di-
alects. Places emerge as the most common topic
across images from all countries. However, the
distribution of other prominent topics varies by re-
gion: nature was the second most frequent topic in
Egypt, while food and beverages (F&B) dominated
in Jordan, and transport was prominent in both the
Emirates and Morocco.

Image Captions In written form, MSA and di-
alectal Arabic exhibit distinct variations in mor-
phemes, sentence structure, and spelling conven-
tions, which serve as indicators of dialectal influ-
ence in text (Keleg et al., 2023). This is evident in
the variation of the average number of words used
in captions across different dialects, as shown in
Table 1. Emiratis tend to use the fewest number
of words in their captions, averaging 41 words per
caption. In contrast, Egyptians write significantly
longer captions, averaging 58 words per image.
All four sets show a lower average word count for
dialectal captions compared to their MSA coun-
terparts. This could be due to dialects allowing
some shortcuts that would be improper for MSA
use, e.g., some MSA prepositions are words on
their own (3, in) while others are single letters

that become part of the next word (, with/by). In
some dialects, the word prepositions can become
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Type: Descriptive Percentage: 45.92

Example:
What are the people il fe P
on the roof wearing? Ta) Oty

Type: Categorical
Example:

Are these people in

the kitchen men or women?

Percentage: 18.83

L5950 E’U‘ s sl
¥l ¥y o,

Type: Quantitative
Example

How many boats can
we see in the picture?

Percentage: 8.83

g 9yt oLl §
93, yuall
Percentage: 26.42

Type: Yes/No
Example

Does it look like they’re
cooking something on the stove?

L__Sé,l bl M‘l e
Uk

Table 2: Question type distribution across JEEM.

single letter prepositions and be combined with the
next word, reducing the total number of words in
the caption. There are also instances where a word
can be skipped altogether in dialects whereas that
would be grammatically incorrect in MSA:

MSA: “.o6 all w‘ 340wl e (six girls appear
to be the supervisors)

DA: “oball oo ol wo” (six girls shape the
supervisors)

Questions and Answers The total number of
QA pairs across dialects is 10,890. In order to
gain insight into the type of questions asked, we
employed few-shot prompting of GPT-40 mini (gpt-
40-mini-2024-07-18). The prompt defines four dis-
tinct question types (Descriptive, Quantitative, Cat-
egorical, and Yes/No) and, provides a detailed ex-
planation of its defining characteristics with three
examples in different dialects (see the prompt in the
Appendix, Figure 12). The distribution of question
types across dialects is shown in Table 2, along-
side some examples. The most prevalent type of
questions is Descriptive, accounting for 45.92% of
the total, followed by Yes/No questions at 26.42%,
Categorical questions at 18.83%, and Quantitative
questions at 8.83%.

4.2 Cultural Aspects

We manually explored the shared pool of 100 im-
ages captioned in all four dialects to gain an under-
standing of how cultural perspective shapes percep-
tion. One notable example is shown in Figure 3. It
involves an image of Omani Halwa, a traditional
Gulf dessert made from margarine, sugar, rose wa-

Jordanian
ol sl A5 S
karawya or dibs

Emirati
dlee s 4la
Omani halwa
Egyptian
4N Sud o)
Chocolate pudding

Moroccan
LS

Chocolate

Figure 3: Image of a Omani Halwa (image sourced from
the Emirati set) shared with all annotators. The non-
Emirati captions demonstrate an incorrect identification
of the dessert. Refer to Figure 8 for full captions.

ter, and semolina. As illustrated in the captions in
the four dialects, only the Emirati annotator cor-
rectly identified it as Omani Halwa. In contrast, the
Jordanian annotator misidentified it as Karawya, a
visually similar dessert with slight variations in tex-
ture and color, and both the Moroccan and Egyptian
annotators mistakenly described it as a chocolate
dessert, showcasing the diverse regional influences
on object recognition.

5 Benchmarking VLMs

We benchmark five recent Arabic-capable VLMs
on JEEM: Maya (Alam et al.,, 2024), PALO
(Rasheed et al., 2025), Peacock (Alwajih et al.,
2024), AIN (Heakl et al., 2025), and AyaV (Cohere,
2025). All of these models were trained on Ara-
bic data, sometimes authentic, but often translated
from English. For completeness, we also evaluate
GPT-4o0 (gpt-40-2024-08-06) (OpenAl, 2024) on
JEEM, as it has been shown to achieve strong per-
formance on various Arabic tasks (Alyafeai et al.,
2023). We carry out an extensive meta-evaluation
of different natural language generation metrics on
the image captioning task, and then apply the most
successful metrics to the VQA task.

5.1 Image Captioning
5.1.1 Evaluation Metrics

We include four traditional captioning metrics:
CIDEr (C) (Vedantam et al., 2015), ROUGE (R)
(Lin, 2004), BLEU (B) (Papineni et al., 2002),
and BERTScore (BSc) (Zhang et al., 2020). For
BERTScore, we use CamelBERT (Inoue et al.,
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‘ Model ‘ Traditional Metrics ‘ GPT-4-as-a-Judge* ‘ DCScore* ‘ ALDi ‘ Human Eval*
‘ ‘ B C R BSc ‘ Con  Rel Flu DAuth ‘ Precision Recall F1-score ‘ ‘ Con Rel Flu DAuth
AIN 400 105 746 8031 | 255 249 420 - 69.87 41.87 48.32 - - - - -
f,t) AyaV 410 076 9.85 9036 | 3.10 327 453 - 79.65 64.31 70.43 - - - - -
= | Palo 426 176 948 9046 | 248 256 4.02 - 64.73 42.32 50.08 - - - - -
GPT-40 | 5.87 7.27 10.61 9035 | 3.67 375 4.77 - 87.54 56.89 68.00 - - - - -
° AIN 2.19 045 557 8155 271 272 436 2.60 69.59 45.07 51.57 048 | 253 260 374 146
= | AyaV 2.68 0.83 759 8934 | 318 328 439 2.95 80.83 65.07 71.49 20.93 | 3.80 3.75 398 231
u Palo 205 0.68 6.63 9073 | 279 277 435 2.63 68.54 47.43 54.97 0.00 | 293 289 4.00 1.27
GPT-40 | 523 691 9.66 90.72 | 3.80 4.08 4.75 3.46 82.39 56.75 66.39 19.57 | 405 4.05 435 327
o | AIN 1.63 052 503 8189 | 259 276 4.20 2.07 68.14 48.32 52.16 1.02 | 330 358 1.64 1.00
< | AyaV 1.69 088 580 90.24 | 294 320 434 222 76.08 66.34 70.15 4.82 | 402 421 265 196
u Palo 1.50 029 575 8943 | 253 271 416 1.88 65.90 46.92 53.28 0.00 | 238 278 1.16 1.00
GPT-40 | 3.19 273 7.21 89.03 | 358 384 4.74 2.58 81.47 57.62 66.53 342 | 324 332 220 220
o AIN 208 031 520 79.60 | 236 232 4.26 2.45 67.65 38.00 43.90 1.75 | 344 331 4.11 1.87
= | AyaV 2.87 0.83 7.85 8982 | 261 273 4.16 3.65 72.78 56.18 62.41 5424 | 3.77 4.04 399 3.63
I I Palo 205 052 637 91.10| 222 247 415 242 63.15 38.96 47.09 0.00 | 352 379 459 133
GPT-40 | 409 841 856 90.64 | 336 358 4.67 4.12 82.74 50.83 62.06 49.86 | 443 441 4.65 445
« | AIN 1.34 058 340 8137 | 250 2.62 433 1.64 67.87 50.73 55.32 0.33 | 349 337 423 101
= | AyaV 221 053 655 8833 292 312 411 391 73.21 62.44 66.50 38.30 | 3.72 3.81 3.65 285
. Palo 1.06 046 3.76 89.47 | 282 293 430 1.79 70.58 50.95 58.33 0.00 | 393 398 472 1.00
GPT-40 | 473 670 9.00 8998 | 3.69 375 481 4.50 80.59 57.79 66.58 44.51 | 4.65 4.65 450 441
| 7 | 1979 1178 1569 10.62 | 39.56 31.54 1088 47.27 | 3693  40.16  40.63 | 40.11 | - - - -

Table 3: Traditional automatic metrics are calculated on the full dataset, whereas all starred entries (*) (GPT40-as-a-
Judge, DCScore, and human judgments) are computed on the same 350-image sample.

2021), which was trained on both MSA and dialec-
tal Arabic. We report recall rather than F1 score,
following Zhang et al. (2020). Given the morpho-
logical complexity and dialectal diversity of Arabic,
we expect standard metrics to prove suboptimal.

We also conduct a GPT-4-as-a-Judge evalua-
tion following Tong et al. (2024), where the LLM
sees both the input image and the reference caption
when assessing a generated caption. This setup
enables judgments grounded both in image and ref-
erence text. We perform the evaluation according
to four criteria, based on Liu et al. (2023): i) Consis-
tency (Con) evaluates whether the caption matches
what is shown in the image; ii) Relevance (Rel)
evaluates whether the caption describes the most
important elements in the image; iii) Fluency (Flu)
evaluates how natural and fluent the text is; iv) Di-
alect Authenticity (DAuth) evaluates whether the
caption represents the target dialect. Each criterion
is evaluated on a five-point Likert scale, where 1
indicates failure to meet the criterion and 5, full
compliance. We use GPT-4 for this evaluation (gpt-
4-turbo-2024-04-09), a version intentionally dis-
tinct from the one used to generate the captions.
Still, we are aware that bias from using GPT-4 to
evaluate GPT-40’s generations can be a concern.

Therefore, we also include DCScore (Ye et al.,
2025), a recently proposed evaluation method de-
signed for detailed image captioning, which lever-
ages the capabilities of GPT-40 in a structured, step-

wise manner. DCScore decomposes the candidate
and reference captions into primitive information
units (PIUs): short, self-contained statements about
objects, attributes, or relationships. DCScore is
computed as an F1 score over the precision and
recall of matched PIUs (see Appendix I for details.)
Since the metric abstracts away from the surface
form of the captions, we expect that bias from the
choice of backbone LLM should be negligible.

Two complementary experiments, LLLM-as-a-
Judge evaluation without the image (reference-only
condition) and evaluation using HalFScore (Chen
et al., 2025), are included in Appendix G. Lastly,
we use the ALDi (Keleg et al., 2023) model trained
on the AOC-dataset to evaluate dialectness.

In order to establish which of the automatic met-
rics listed above are actually reliable and to extract
further insights about model performance, we also
conduct a human evaluation. The evaluation cov-
ers 100 images for Egyptian, Moroccan, and Jor-
danian (with three annotators per sample), and 50
images for Emirati (with one annotator per sam-
ple) due to limited availability of active annotators
for this dialect. All model predictions, as well as
the ground-truth captions, are evaluated according
to the same four criteria as used in the GPT-4-as-
a-Judge evaluation described above. In total, we
obtained human evaluation judgements for 6,650
captions. This data will be made public to enable
future meta-evaluation of automatic evaluation met-
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rics for Arabic.> Following prior work (Hessel

et al., 2021; Wada et al., 2024), we measure the
quality of automatic evaluation metrics against hu-
man evaluation scores using Kendall’s Tau-c (7.),
which measures the correlation of ordinal data.

5.1.2 Results

Table 3 reports model performance across the five
subsets of JEEM. The two weakest models, Maya
and Peacock, are excluded here for brevity; their
results can be seen in Table 10 in the Appendix H.
The results for the ground-truth captions are also
included in Table 8 in the Appendix F, and follow
an expected pattern: scores are higher across the
board compared to model-generated captions.

Metric Quality Traditional metrics like BLEU,
CIDEr, ROUGE, and BERTScore show weak align-
ment with human judgments, with Kendall’s Tau-c
values ranging from 0.1 to 0.2. This reflects their
limited suitability for Arabic. GPT-4-as-a-Judge
improves correlation (up to 0.39) when given both
the image and reference caption, but still falls short
of modeling human preferences reliably. DCScore
achieves the highest correlation (0.41), measured
against the harmonic mean of human Consistency
and Relevance scores. Its structured multi-step
methodology makes it most suitable in this setting.

In terms of dialect authenticity, ALDi demon-
strates strong agreement with human judgments.
While GPT-4 achieves a higher overall Kendall’s
(7¢) correlation (0.472 vs. 0.401), as in Table 3),
both metrics have limitations in fully capturing hu-
man preferences. These findings underscore the
broader challenge of designing automatic evalua-
tion methods that reliably reflect human judgments
across different Arabic dialects.

Model Comparison Based on human evaluation
scores, we find that GPT-40 performs best across
most dialects and criteria, particularly in Consis-
tency, Relevance, and Fluency. However, it strug-
gles with the Emirati dialect, particularly in Dialect
Authenticity. This is likely due to underrepresen-
tation of this dialect in its training data. Among
the open-source models, AyaV consistently per-
forms best. It achieves strong human scores in
content alignment and reasonable scores in dialect
authenticity in Jordanian, Egyptian and Moroccan.
Palo matches AyaV in Moroccan and Egyptian in
Consistency, Relevance and Fluency but its Dialect

3See Appendix B for annotation guidelines and statistics.

| Model | Con Rel Flu DAuth
AIN 241 255 4.11 3.04

g | AyaV 2776 296 422 2.55
u Palo 239 248 4.08 2.89
GPT-40 | 3.56 3.70 4.67 4.26
AIN 278 2.83 4.19 2.93

Z | AyaVv 3.00 3.02 426 2.57
u Palo 2.51 250 4.07 2.83
GPT-40 | 3.64 3.72 4.56 3.87
AIN 2.18 226 3.72 2.92

2 | AyaVv 263 272 4.10 2.66
II Palo 2.07 2.09 3.90 3.06
GPT-40 | 3.26 3.36 4.58 4.54
AIN 222 236 3.68 2.37

S AyaV 2.60 278 4.06 2.10
Palo 200 214 376 2.21
l GPT-40 | 3.52 371 4.58 4.56

Table 4: GPT4-based evaluation of question answering,
results for different Arabic varieties.

Authenticity is close to 1 (floor level). AIN tends
to generate fluent captions but falls short in both
visual grounding and dialectness.

Across all models, Fluency is the highest-scoring
dimension, indicating that the LLLMs can produce
well-formed text. Meanwhile, Dialect Authenticity
remains challenging, suggesting that models may
be generating in MSA. We investigate this in §5.3.

5.2 Question Answering

5.2.1 Evaluation Metrics

We evaluate the VQA capabilities of four mod-
els, AyaV, AIN, Palo, and GPT-40, which were
the top performers in the image captioning task.
We use GPT-4-as-a-Judge for evaluation, with the
same four criteria as before. This metric is par-
ticularly suitable for descriptive questions, which
constitute the majority of the JEEM VQA set (see
Table 2.) Such questions are open-ended and ad-
mit multiple valid answers, rendering traditional
string-matching metrics ineffective. While DC-
Score proved effective for image captions, its struc-
tured decomposition into primitive information
units is not applicable to short-form VQA answers,
which lack the richness and structure needed for
that style of evaluation.

5.2.2 Results

The results are presented in Table 4. Again, we see
that the fluency criterion yields the highest scores
across all models and dialects. However, the seman-
tic criteria of consistency and relevance lag well
behind, especially for the Arabic VLMs. This sug-
gests that the model-generated answers do not suc-
cessfully address the user question. The dialectness
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of the Arabic VLMs is similarly low across most
dialects. Meanwhile, GPT-40 scores best overall,
despite some room for improvement on the seman-
tic criteria, and reduced linguistic capabilities on
the Emirati dialect. These findings align with the
observations made in the image captioning task.

5.3 Error Analysis

To better understand the qualitative differences
across models, we conduct a human analysis of
error types, carried out by paper co-authors who
are native speakers. We analyze a subset of 25
images—five from each country and five represent-
ing general Arab culture—with predictions from six
models, each prompted in four dialects, resulting in
a total of 600 evaluated predictions. We include the
two models excluded from the main results (Maya
and Peacock), to obtain clarity on the causes of
their poor performance. Based on initial observa-
tion, we define a taxonomy of 11 error types that
fall under the following categories: dialectal, vi-
sual, cultural, and generation. The types can be
seen in Figure 4a and examples, in Table 11.

Cross-Model Analysis We first compare model
differences averaged across dialects (Figure 4a).

Since GPT-40 and AyaV are the only models
with dialectal capabilities (see Table 3), we ex-
clude the rest of the models from consideration
under this category. While both GPT-40 and AyaV
partially use MSA, AyaV shows a pronounced ten-
dency of making up words (with an error rate of
14%) and dialect mixing (16%). Both models ex-
hibit syntactic disfluency to varying degrees (9%
for GPT-40 and 30% for AyaV.)

In terms of visual grounding, Maya stands out
with the most hallucinations, with an error rate of
73%. Palo, AyaV, and AIN also exhibit notable
hallucination tendencies. Maya and Palo addition-
ally show wrong object counts and are overall least
grounded in the visual modality.

In the cultural category, GPT-40 performs best
with the lowest rates of cultural underspecification
(11%) and cultural misinterpretation (10%). AyaV
has the highest instance of misinterpretation (39%),
while Palo tends to be overly vague (38%). AyaV
can also suffer from prompting bias (21%).

Regarding generation quality, Peacock strug-
gles with the highest rates of degeneration (18%)
and incompleteness (34%). AIN also displays a
relatively high rate of incomplete outputs (25%),
a behavior not observed in other models. AyaV

and Palo prominently introduce irrelevant infor-
mation on 52% and 43% of their outputs, respec-
tively. GPT-40 does so to a lesser but still signifi-
cant extent (34%). Overall, GPT-40 demonstrates a
stronger grasp of dialectal structure and vocabulary,
has better visual grounding in addition to a superior
cultural understanding and less generation failure.

Cross-Dialect Analysis Next, we investigate the
performance differences between dialects, aver-
aged across models. In Figure 4b, we observe that
the Moroccan and Emirati dialects are consider-
ably more challenging than Jordanian and Egyptian.
The models seem to struggle with the Emirati cul-
tural aspects the most, and the linguistic aspects of
both Emirati and Moroccan, but more so on the lat-
ter. All dialects seem to exhibit a similar degree of
partial MSA use but Jordanian and Egyptian do not
pose problems in other dialectal error categories.

Emirati Set Size Imbalance We recognize that the
size of the Emirati set is small. That being said, the
models’ poorer performance on this set is consis-
tent with results from GPT4-as-a-Judge, DCScore
and human evaluation which were all conducted on
the same 350 image-caption pairs across all coun-
try sets. The error analysis on the 25 images per
country also shows a greater challenge on the Emi-
rati set especially on the cultural categories. The
“Complete MSA use” category also amounts to 81%
across GPT-40 and Maya (the only dialect-capable
models) for the Emirati set compared to 18% for
Jordan and O for both Egypt and Morocco.

6 Conclusion

In this paper, we presented JEEM, a culturally-
informed benchmark for VLMs that covers four
diverse Arabic-speaking countries: Jordan, the
Emirates, Egypt, and Morocco. By incorporating
both image captioning and visual question answer-
ing, JEEM allows for a comprehensive evaluation
of VLM generalization capabilities across differ-
ent Arab cultural and dialectal contexts. We also
included an evaluation of four Arabic VLMs: Pea-
cock, Maya, AIN, and Palo, in addition to the mul-
tilingual GPT-40. We included both human and au-
tomatic evaluation results to ensure reliability, and
attempted to measure performance across various
dimensions. Our results indicate that current mod-
els, whether general or Arabic-specific, still strug-
gle with dialectal and cultural understanding. GPT-
40 achieved the highest scores on most metrics,
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Maya Palo AyaV

Peacock @ GPT-40 AIN
Partial MSA use
Incomplete 0:80 Syntactic disfluency
0.60
Degeneration 040 Dialectal mixing
Y 0O:
Irrelevant info + <Q Made-up words

Prompting Bias Hallucination

Misinterpretation of Cl Wrong count

Underspecified CI

(a) Cross-Model

® VA AE EG Jo

Partial MSA use
0:50

0.40

Prompting Bias _ Syntactic disfluency

Misinterpretation of Cl * ' Dialectal mixing

Underspecified CI ) ) Made-up words

(b) Cross-Dialect

Figure 4: Error type percentages averaged by dialect (a) and by model (b). For clarity, we omit the complete MSA
use type, which is maxed out on all models except GPT-40 and Ayav. CI: cultural item.

but there is large room for improvement in seman-
tic dimensions like relevance and consistency. In
addition, models struggle more with low-resource
dialects like Emirati compared to high-resource
variants like MSA and Egyptian.

Limitations

While JEEM provides a culturally diverse bench-
mark for VLMSs, several limitations should be ac-
knowledged. First, the dataset focuses on only
four Arabic dialects, leaving out many others and
thus limiting a comprehensive and inclusive evalua-
tion. Second, although JEEM serves as a benchmark
rather than a training dataset, its size remains rela-
tively small compared to existing Western vision-
language datasets. Using GPT-4 as a judge might
also introduce biased preference towards GPT-40
predictions. Additionally, automatic evaluation
metrics such as CIDEr and BLEU may not fully
capture the complexity of dialect-specific and cul-
turally nuanced responses. While we incorporate
human evaluation, it is conducted on only a sub-
set of the data. Expanding human evaluation to a
broader sample could provide a more comprehen-
sive assessment of model performance.

Ethics Statement

Fair Job Conditions Our team of writers is
based in the United Arab Emirates, Jordan, Mo-
rocco, and Egypt. Their pay rates exceed the re-
spective hourly minimum wages. Annotation and
voluntary survey results are collected and stored
anonymously. Writers are informed in advance
about potentially sensitive or harmful content in
the images, which may be related to topics such as

politics, culture, and religion.

Licensing Information The images are subject
to the underlying licensing terms of Wikimedia
Commons * and Flickr 3. The image captions, ques-

tions, and answers are distributed under the MIT

license®.
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A Annotation Statistics

See Figure 5 for dialectal coverage. See Table 5 for
writer profiles. See Figure 6 for tasks distribution.

[7] Maghrebi [ Khaleeji
B Moroccan [ Emirati

| Levantine [l Egyptian
M Jordanian

Figure 5: Dialectal coverage of JEEM. The country-level
dialects used are shown in dark colors along with their
respective region-level dialects in lighter color. The re-
gional classification follows the work of Habash (2010).

B Annotation Guidelines

B.1 Image Captioning

You are presented with a photo that depicts a scene
from daily life (e.g., food, clothing, homeware),
social life (e.g., public transport, road signs, public
ads), or urban objects from your area. Your task is
to write a description of this photo in Arabic.

Steps for Writing

1. Analyze the photo: Identify key elements,
people, objects, actions, and any relevant
background details.

2. Write the description of the photo: The
description should provide essential informa-
tion. Typically, 15-25 words are sufficient.
Describe everything that adds value and clar-
ity.

3. Explain what is behind the scenes: If neces-
sary, describe the context of the photo using
your background knowledge (e.g., where the
photo could have been taken, whether the food
in the photo is special, etc.).

4. Use everyday language: Use ordinary in-
formal language, but feel free to incorporate
slang where appropriate.

Hints for Creating a Better Description

Your description should be detailed enough to give
a clear idea of what is happening in the photo to
someone who cannot see it. Try to include details
that are specific to your culture or region. Here are
some hints to help you:

* Describe people, animals, objects, and key

elements: How they look and how they relate
to each other in the physical space.
Describe interactions: Who or what interacts
with whom or what, and how they interact.
Include implicit details: Add information
that is not explicitly presented in the photo if
it helps convey the image better. For example,
if you can tell from people’s attire that this
is a wedding party, even though there is no
visible banner stating so, mention it in the
description.

* Use precise terminology: “Cat” is better than
“animal”, and “Siamese cat” is better than
“cat.”

* Rely on everyday knowledge and culture,
but avoid over-fantasizing: You do not need
to create a story or a plot, but you should be
as precise as possible in your description.

B.2 Question Writing

You are presented with a description of a photo, but
you do not have access to the photo itself. Your
task is to ask five questions that will help you better
understand what is happening in the photo and
refine the description.

Steps for Writing

1. Carefully read the description: Identify
parts that are unclear, ambiguous, or lacking
in detail.

2. Formulate a question: Craft a question to
clarify ambiguities or add relevant details to
the photo description.

3. Use everyday language: Use ordinary, in-
formal language, but feel free to incorporate
slang where appropriate.

Hints for Creating Better Questions

* Pay attention: Do not ask for details that are
already provided. For example, if the descrip-
tion states, “The photo shows a woman in a
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Question

Response (%)

What gender do you identify as?

Male: 45.8, Female: 54.2, Nonbinary/Other: 0

What is your age?

20-29: 50, 30-39: 29.2, 40-49: 20.8, 50+: 0

What is your nationality?

Jordan: 37.5, Egypt: 29.2, Morocco: 20.8, UAE: 12.5

What is your native language?

Arabic: 95.8, Multiple incl. Arabic: 4.2

What is your native dialect?

Jordanian: 37.5, Egyptian: 29.2, Darija: 20.8, Emirati: 12.5

Where did you grow up? (Nearest
city)

Jordan: Amman (33.3), Irbid (4.2);

Morocco: Tetouan (8.4), Casablanca (8.4), Khenifra (4.2);

Egypt: Cairo (8.4), Giza (4.2), Mansoura (4.2), Tanta (4.2), Damietta (4.2),
Helwan (4.2);

UAE: Al Ain (4.2), Abu Dhabi (4.2), Ajman (4.2)

Highest level of education?

High school: 4.2, Undergraduate: 41.7, Postgraduate: 29.2, Master’s: 29.8,

Doctorate: 4.2

Years of work experience?

1-3: 37.5,4-6: 12.5,7-9: 16.7, 10-12: 16.7, 13-15: 4.2, 16+ years: 12.5

What is your current employment

status?

Not working: 8.2, Self-employed: 25, Part-time: 33.3, Full-time: 33.3

Image captioning

# wnters

@\

# tasks

Table 5: Results of the voluntary survey of 24 respondents.
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Figure 6: Distribution of annotators based on the number of tasks completed for three tasks: Image Captioning,
Question Writing, and Answer Writing. Each bar represents the number of writers contributing within a given range,
with colors indicating different dialects. Y-axis: number of unique writers. X-axis: the number of tasks grouped into

intervals.
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red dress,” you should not ask, “What color is
the dress in the photo?”

* Keep questions concise: Questions should
be no longer than one sentence. There is no
need to provide additional context within the
question.

e Base your questions on the description:
You can inquire about people, animals, or ob-
jects mentioned—how they look, what people
are wearing, what they are doing, how they
relate to each other in physical space, and how
they interact.

* Ask about background details: Consider
why people are dressed a certain way, why
they are performing specific actions, or why
certain objects are present.

* Inquire about future events: Ask what
might happen next—what people will do right
after the described scene, or what will happen
to the objects mentioned.

* Request emotional or aesthetic judgments:
Ask whether the photo looks nice, whether it
would work as a postcard, or whether it would
make a good wall print.

* Avoid unnecessary repetition: You do not
need to repeat the exact wording from the
description in your question. For example,
if the description states, “The picture shows
an empty street with a single car passing by,”
you do not have to use the word “car” in your
question. Instead of asking, “What color is
the car?” you can ask, “What color is it?”

B.3 Question Answering

You are presented with a photo that shows a scene
from daily life (e.g., food, clothing, homeware),
social life (e.g., public transport, road signs, public
ads), or urban objects from your area, along with a
description of this photo and five questions asking
to clarify missing information from the photo. Your
task is to answer the questions.

Steps for Writing

1. Analyze the photo: Identify key elements,
people, objects, actions, and any relevant
background details.

2. Carefully read the description and the ques-
tions: Identify what is unclear and missing in
the description.

3. Answer the questions: Provide a clear and
detailed answer based on the photo to clarify
or add to its description. Aim for 2-3 sen-

tences.

4. Use everyday language: Use ordinary, infor-
mal language, but feel free to use slang words
where necessary.

5. Revise, Edit, Submit.

Hints for Creating Better Answers

* Take your time to carefully look over the
photo: Pay attention even to the smallest de-
tails before answering each question.

* Base your answer on the photo or your cul-
tural knowledge: You do not need to create
a story or explanation if it cannot be gathered
from the photo.

* If the question cannot be answered: If some-
thing is not clear from the photo or your cul-
tural knowledge, choose the option <Cannot
tell from the picture>.

* If details are already mentioned in the de-
scription: You may simply copy the answer
from there if the question asks for details that
have already been stated.

B.4 Human Evaluation of Image Captioning

You are presented with an image and an image cap-
tion — a short text that describes the content of the
image. You need to look closely at the image, read
its caption and evaluate the caption according to
the following five criteria. Evaluate each criterion
on a scale from 1 to 5, where 1 means very bad, 3
means neutral, and 5 means excellent. Be lenient;
when in doubt, don’t be afraid to give a high score.
Consistency: Does the caption match what is ac-
tually shown in the image? It should avoid adding
details that are not visible.

Relevance: Does the caption mention the most
important elements in the image? It should focus
on the main subjects without omitting key details.
Fluency: Evaluate how naturally and smoothly
the text reads. Consider clarity, word choice, and
overall ease of understanding. A fluent text should
be easy to read, free of language errors, and sound
natural.

Dialect authenticity: How well does the caption
represent the spoken dialect in your country? Does
it use words and phrases that people in your country
commonly would use?

Note that fluency and dialectal language are not the
same. Fluency evaluates how natural and correct
the caption is, while dialectal language assesses
how dialectal or regional the caption sounds. A
caption might be non-fluent but still dialectal or
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attempting to sound dialectal.

The JEEM dataset consists of 2,196 instances.
Each instance includes: i) 2 image captions ii) 5
questions iii) 5 corresponding answers. This results
in: i) 4,392 captions i) 10,980 questions iii) 10,980
answers.

Time Estimation for Dataset Creation Esti-
mated time to create one instance: i) Image cap-
tioning: 10 minutes i) Question writing: 7 minutes
ii) Answer writing: 7 minutes #v) Validation: 10
minutes.

Total time per instance: 34 minutes

Total time for 2,196 instances: 2,196 X
34 minutes = 74, 664 minutes ~ 1, 245 hours
Considering a rework rate of approximately 30%,
the actual time spent is: 1,245 hours x 1.3 ~
1,618 hours

Human Evaluation of Image Captioning Hu-
man evaluation was conducted across three dialects.
The setup involved: i) 100 images if) caption gen-
erated by 6 models and 1 human writer iii) 3-way
overlap.

Total annotations per dialect: 100 x (6+1)x3 =
2,100
Across three dialects: 3 x 2,100 =

6, 300 annotations

Due to slower annotation speed in the Emirati
group, the evaluation procedure is modified: i) 50
images X (6 models + 1 human) x 1 overlap =350
annotations if) extra 50 random images x 2 overlap
= +50 annotations.

Total annotations in the UAE subset: 350+ 50 =
400 annotations

Time Estimation for Human Evaluation Each
caption evaluation takes approximately 5 minutes.
Standard Evaluation Time: 6,300 x 5 =
31, 500 minutes = 525 hours
UAE Subset Evaluation Time:
1, 750 minutes = 29.2 hours

350 x 5 =

Summary i) Total human evaluations for image
captioning: 6,650 annotations ii) Total evaluation
time: 525 + 29.2 = 554.2 hours

C Topic Categories

The topic categorization is presented in Tables 6
and 7, which systematically organize the dataset’s
content into distinct thematic groups. The prompt
used to identify topics is given in Figure 13. While

all categories demonstrate significant representa-
tion, the Arts & Culture classification warrants par-
ticular attention due to its exceptional diversity de-
spite comprising a relatively smaller proportion of
the overall dataset. This category encompasses
a rich variety of subdomains including perform-
ing arts (traditional dance and music), visual arts
(henna designs and pottery decoration), culinary
traditions (traditional food preparation), and her-
itage crafts (ceramics and textile arts).

D Cultural Aspects

The dataset reveals significant overlap in cultural
concepts across different dialects. However, we
also observed frequent instances where annotators
misidentified visually similar items, as illustrated in
Figure 8. Another notable example involves white
spherical objects that Emirati annotators identified
as cheese, while Jordanian annotators labeled them
as Jameed (a traditional dried yogurt used for cook-
ing Mansaf). These cases highlight the challenges
in cross-cultural visual identification, particularly
with regionally specific items.

E Prompts

The prompts used for evaluation can be seen in Fig-
ures 9, 10, 11. In all cases, the evaluation is based
on four criteria: Consistency, Relevance, Fluency,
and Dialect Authenticity, following a structured
format and a five-point rating scale. For MSA,
only the first three criteria (Consistency, Relevance,
and Fluency) were included in the prompt, while
Dialect Authenticity was omitted.

F Human Evaluation of Ground-truth
Reference

Table 8 reports human evaluation scores for the
reference captions across all dialects. These serve
as an upper bound for model performance and pro-
vide a useful point of comparison for evaluating
the quality of generated captions.
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Places

Translation

¢ dnze (wu‘ LIKA <i:.JaJ‘ leod ;Ja Ldjuff 4:\...0 <JUa.A ({d> Galale L«....g...,
se3y Ao (Wl b 25K G
Market, Mosque, City, Desert, Village, Park, Corniche, Mountain Village, Coastal City,

Residential Area, Mountain Area, Airport, Port, Mall, Medical Center, University Library,
Cemetery, Government Building, Post Office, Gas Station

Celebrations

Translation

et (5, 5858 Ol Ol o et msy o (DU e (i oML as
Legld e (dsgy AP (3 alal ( LA o0 duge o5 (8 a0l2 (e
Christmas, Celebration, Wedding, Award Ceremony, Festival, Folk Festival, Meeting, Sem-

inar, Lecture, Music Performance, Presentation, Demonstration, Awareness Campaign,
Volunteer Campaign

Arts & Culture

Translation

¢4zl d}‘ ¢ & adad! d‘j—;\” il sz:LEJ‘ O.U\ de‘ éja” u;:\.:j,u-‘,«..d
oLl ool B g Gl p3 Sl ER Gl ol gite (dds ol

Traditional Dance, Music Performance, Film, Party, Musical, Art Workshop, Traditional Food
Preparation, Sweets Preparation, Traditional Cooking, Traditional Art, Heritage, Traditional
Markets, Traditional Crafts, Ceramic Products, Traditional Products, Souvenirs, Henna Art,
Tile Art, Pottery Decoration

Nature

Translation

;-'"j :6.-...19 J.‘a..e Lu,m.....” oy f 4&3' 5}4‘:”' 40,«3\.) é:‘j ¢ d") (il (Lle
L;J.;l\ L.::.\al‘&).uﬁl.e IRV AQU‘)? s (e

Forest, Nature, Wadi Rum, Dades Valley, Palm Tree, Sunset, Scenic View, Desert Oasis,
Mountains, Desert, Moroccan Nature, Winter, Spring, Moroccan Alley, Garden, Public Park,
Zoo, Majorelle Garden, Moroccan Nature

Education

Translation

bl cOmlall Gy i Gl 1 LWalll 4l (i
b e Rl sl | 2K e L:-szau.{ﬁ;

School, Hassan II High School, French Language Education, Teacher Training, Tailor Shop,
Scout Camp, Workshop, University Library, School, Classroom

Transport

Translation

Gk Ol B b Gk a5l 52V Sl Dt ¢ glosl 5 dlag (53Ul Las
GV Shle Wbge (Ol Uibge (ohladll s ¢ lgal i 52 Sl (L5U
Lol 4.4)5 _S)y (4003 5)\:..« (i3

Bus Station, Tram Station, Taxi Stand, Taxi, Road, Highway, Remote Road, Taxis, Tram,
Train, Trains, Parking Lot, Taxi Parking, Truck, Old Car, Tuk Tuk, Bus

Characters

Translation

I e sl s Jory pokie ik lhaa® (ale W 8aY1 oald] aat el
Jsmte Bl el oy Jole bl 0l oy e 2l

King Mohammed VI, Princess Lalla Salma, Political Figures, Presenter, Elderly Man, Women
from Northern Morocco, Man, Girls, Children, Construction Worker, Seller, Street Vendor

Table 6: Topic Categories, Part 1.
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F&B

Translation

42315" (M= 4M‘ M..A.AQ\ s Ry L;L.i', zdL'Z zdu.u\.” _faas 4J2)L9 LrL-Ja
LJL e (Bl Sl (U ‘51.:‘ AQ{J;\“ Ca oo g ar\.-lo >y (damb  Slac

A N A PIPANE WA PR PECRY]

Food, Falafel, Orange Juice, Tea, Moroccan Tea, Bread, Kabsa, Couscous, Pickles, Dessert,
Fresh Juices, Meal, Fruits, Argan Oil, Amlou, Porridge, Dried Fruits, Fried Bread, Kunafa,
Bread, Traditional Food, Moroccan Cuisine

Sports

Translation

AT R Jodt 5 el Gl iy I oy, cpadll 55 ol
2l kel 5,0 el Lol

Sports, Football, Martial Arts, Equestrianism, Car Racing, Camel Riding, Moroccan National
Team, Moroccan National Football Team, Sports Match

Trade

Translation

(QLL..? JS:JJJ‘ & JSM.»A._:.L:LJ‘ Q\:J.J\ & JS(Q‘Jw.ia ‘J'“Uj"J szjla:!l
T S Ry I A N U - | N E v Y L R g HI
Commerce, Olive Shop, Nut Shop, Traditional Products Shop, Date Shop, Tailor Shop, Fruit

Shop, Herbs and Spices Shop, Fruit Shop, Bread Shop, Vegetable Shop, Nut Shop, Sweet
Shop

Technology

Translation

OVlail (b J oS (S9x oS (SN o s Ease 2 (Ogd (dob Olase

Sloglall b o155 e al!

Medical Equipment, Shopping, Project Presentation, Presentation, Aerial Show, Technology,
Maroc Telecom, Information Technology

Games

Translation

2ol oWl ads W Jabl Ol gregall 1) (LW

Games, Dominoes, Children’s Games, Traditional Games, Sports Games

Others

Translation

e &t 3 oA ety pdd <§LU Al b 2l iy all UL bglad
s 1 A byl £l ¢ byl S0 Bl gl ¢t ol cdbesls

Audl Solem e B Ll &l
Royal Air Maroc, Police, Royal Guard, Army, French Colonization in Morocco, Diplomacy,

Moroccan Parliament, Directorate General of National Security, National Road Safety
Authority, National Traffic Accident Prevention Authority

Table 7: Topic Categories, Part 2.
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This image contains a traditional dessert in a big and transparent glass plate, and it’s covered on the bottom with plastic

so that it remains clean, and the dessert is decorated with different nuts such as grated almonds and pistachios

\.and on the surface is a walnut, and the dessert’s color is dark and it is likely made of karawya or dibs (fruit syrup). Y,

Jordanian

(oans (Leiiln dna s slal) et oY dlaiiats an 55 5 Al LS Aullall Unt Lgllae e yia il juse leale s cdilas (s gl Lot Aol 5 Al )
s 48k e ada sl Al (L (sUaka Aullall (e 6 3o
A glass bowl with Omani halwa topped with mixed nuts. Next to it is the bowl's lid. The bowl looks new and just opened
because most of the halwa has not been touched, and part of the bowl is still covered with plastic wrap. The bowl is
@laced on a brown wooden floor. y

Emirati

(Ut 4y s G D) Slasla il (8 Uil o 5 g ol sds an (e Akl Lele A0Y 985 a1 1) (e il 555 )
n sana G G Y1 e T shne olall 3l (s e 36 7 sk i 53, 32 ade 5 3l e il T shaes i 1)
Ll Jen AU
A picture of a pudding, that is from its color definitely chocolate pudding, it has a walnut and slices of pine seeds on the
surface in a deep, glass desserts plate it has a glass lid that is open and leaning on the plate and has an opened transparent
@lastic cover reaching only half the plate. The plate is on the floor which is made of parquet looking like wood. )

Egyptian

( Ol )l D (S A gl L (L Al dlgh g Conl (o (i 5) s Adlica gl J0 8yt Al 2] g g (LS 5y gl s )
s gl AelS S aal g g Gillacan g oS 58I A8 5 3 Adall ala g el S Jlag dala o8 b o85S Aullal)
This image shows a small glass plate covered in cellophane from the bottom, and in this plate we see a black dessert
that could be chocolate, on the plate’s side we see something that looks like caramel and this dessert is decorated
\With coconut and pistachios and a walnut in the middle. )

Moroccan

Figure 8: Image of a Omani Halwa (image sourced from the Emirati set) shared with annotators across all dialects.
The Jordanian, Egyptian and Moroccan captions demonstrate an incorrect identification of the dessert and its
components.

(You are an expert evaluator assessing the quality of an Arabic image caption. You will be given an image, a\
reference caption, and a caption to evaluate. Your task is to carefully analyze all three and evaluate the given caption
based on four criteria: Consistency, Relevance, Fluency, and Dialect Authenticity.

Evaluate each criterion on a scale from 1 to 5, where 1 means very bad, 3 means neutral, and 5 means excellent.
Consistency: Does the caption match what is actually shown in the image? It should avoid adding details that are not
visible.

Relevance: Does the caption mention the most important elements in the image? It should focus on the main subjects
without omitting key details.

Fluency: Evaluate how naturally and smoothly the text reads. Consider clarity, word choice, and overall ease of
understanding. A fluent text should be easy to read, free of language errors, and sound natural.

Dialect Authenticity: How well does the caption represent the spoken dialect in {country}? Does it use words and
phrases that people in this country commonly would use?

Reference Caption: {reference}

Generated Caption: {generated}

Output Format (do not add any additional information):

Consistency: X/5

Relevance: X/5

Fluency: X/5

K Dialect Authenticity: X/5 /

Figure 9: Evaluation prompt for assessing Arabic image captions using both the image and the reference caption.

( You are an expert evaluator assessing the quality of an Arabic image caption. You will be given a reference \
caption and a caption to evaluate. Your task is to carefully compare the evaluated caption to the reference caption and
assess it based on four criteria: Consistency, Relevance, Fluency, and Dialect Authenticity.

Evaluate each criterion on a scale from 1 to 5, where 1 means very bad, 3 means neutral, and 5 means excellent.
Consistency: Does the evaluated caption match the reference caption in meaning and key details? It should avoid
adding information that is not present in the reference caption or contradicting its content.

Relevance: Does the evaluated caption mention the most important elements described in the reference caption? It
should focus on the main subjects without omitting key details.

Fluency: Evaluate how naturally and smoothly the text reads. Consider clarity, word choice, and overall ease of
understanding. A fluent text should be easy to read, free of language errors, and sound natural.

Dialect Authenticity: Check how well the caption represents the dialect spoken in {country3}. Does it use words and
phrases that people in this country commonly use?

Reference Caption: {reference}

Generated Caption: {generated}

Output Format (do not add any additional information):

K[same as above] j

Figure 10: Evaluation prompt for assessing Arabic image captions using only the reference caption.
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should avoid adding details that are not visible.

Question: {question}
Reference Answer: {reference}
Generated Answer: {generated}

\ [same as above]

(You are an expert evaluator assessing the quality of an answer to a question in dialectal Arabic. You will be\
given an image, a question, a reference answer, and an answer to evaluate. Your task is to carefully analyze all four and
evaluate the given answer based on four criteria: Consistency, Relevance, Fluency, and Dialect Authenticity.

Evaluate each criterion on a scale from 1 to 5, where 1 means very bad, 3 means neutral, and 5 means excellent.
Consistency: Does the answer correctly address the question while accurately describing the content of the image? It

Relevance: Does the answer provide the most important details necessary to respond to the question based on the
image? It should focus on the main subjects without omitting key details.

Fluency: Evaluate how naturally and smoothly the answer reads. Consider clarity, word choice, and overall ease of
understanding. A fluent answer should be easy to read, free of language errors, and sound natural.

Dialect Authenticity: How well does the answer represent the spoken dialect in {country}? Does it use words and
phrases that people in this country commonly would use?

Output Format (do not add any additional information and do not add explanations at the end of the evaluation):

J

Figure 11: Evaluation prompt for assessing answers to questions in dialectal Arabic using an image, a question, and

a reference answer.

| Con Rel Flu DAuth
MSA | 459 457 468 488
E= JO | 459 457 468 488
= AE | 448 472 492 494
= EG | 481 474 478 493
Bl MA | 491 469 490 496

Table 8: Human evaluation scores across all dialect
subsets of JEEM. Human captions consistently achieve
the highest scores across all criteria.

G Reference-Only and HalFScore
Evaluation

In addition to our main evaluation setup, we con-
duct two supplementary experiments to further
probe model behavior—specifically focusing on
hallucination and the role of visual grounding.

GPT Evaluation (Reference Only). To isolate
the contribution of visual input in GPT-based scor-
ing, we repeat our four-criteria evaluation (Con-
sistency, Relevance, Fluency, and Dialect Authen-
ticity), but this time providing GPT-40 only with
the reference caption and the model-generated cap-
tion—excluding the image. This setting allows us
to examine how reliably GPT-40 can assess cap-
tions based solely on textual alignment. As ex-
pected, it performs slightly worse at identifying
visually grounded content, but remains effective in
evaluating fluency and general semantic coherence.
Dialect judgments may also degrade in this setup
due to lack of visual context.

HalFScore. We also evaluate captions using
HalFScore (Chen et al., 2025), a recent metric de-
veloped to assess hallucination and omission in
image captioning. HalFScore parses each cap-
tion into object—attribute-relation triplets using
GPT-40 and compares them to triplets extracted
from the reference. It then computes precision,
recall, and F; at the scene-graph level, providing
a complementary signal to metrics like DCScore.
Although HalFScore was originally proposed for
longer, multi-sentence captions, we find it still use-
ful for single-sentence outputs in highlighting fac-
tual mismatches.

However, we observe a key limitation in how
HalFScore handles omissions: if a model misses
key objects that form the basis of several relations,
those dependent relations are not double-counted
as omissions. As a result, captions that omit all
semantically critical content may still receive mod-
erately high recall scores. This partly explains the
metric’s weaker correlation with human relevance
ratings, particularly for captions judged extremely
uninformative by annotators.

Results. Table 9 presents the results from both
evaluation settings. These metrics are intended as
complementary analyses and are not used to draw
primary conclusions in the main paper. Full imple-
mentation details and limitations are discussed in
Appendix G.

H Maya and Peacock Model Performance

Table 10 provides full evaluation results for Maya
and Peacock, the two lowest-performing models
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f You are an expert evaluator assessing the type of a question in dialectal Arabic. You will be given a question and

must determine its type based on the following classification:
Classification:
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e s g8 By BIES j Qtﬁﬂ\j s\:_;':‘\!l Sdm Sl Wl iae
e G sl £ e Gl ) g A g
Baaz ol of sl o wlegar I Ls g ﬂ“:s;\ Cadad ) Gy U ¢ adaa
Examples:
05,y M DA Ll 05) 52 1l
- :C_,.‘J‘
Y VWO R PR TIWI Y 9
awg :&’J‘
05 ,allll oda L Suast” A Hlaldl sae ({:J‘}«
As :C);“
3, galls ‘a_-.‘a.“ fw\y W || 9
ax :é}:“
LU s e JUd) o e
e :éf.ﬂ
Tate g s Ty 8 pl ) a5
i
fo¥le Yy Jo, ily &350 g__}“ LRI 1 99
”.x. . :Cf'“
Task:
3l
{question}
:é,:.‘\
{type}
- J

~

Figure 12: Question Type Identification Prompt. The task is to determine the type of a given question in dialectal

Arabic based on a predefined classification.

in our benchmark. These were excluded from the
main results table for clarity but are included here
for completeness.

I Implementation Details for DCSCORE

DCSCORE (Ye et al., 2025) is designed to evalu-
ate detailed image captioning by comparing struc-
tured units of meaning, called Primitive Informa-
tion Units (PIUs), between generated and reference
captions. The official implementation is provided
in the DeCapBench repository.’

Following a three-stage pipeline, PIU decompo-
sition, image-grounded verification, and semantic

"https://github.com/MAGAer13/DeCapBench

matching, DCSCORE computes multiple evalua-
tion variants:

* Precision, Recall, and F1-score, computed
over all verified PIUs;

e Precisiongejevant, Recallyelevant, and Fliejevant.
computed over a subset of “relevant” PIUs
(those conveying core visual content);

* DCScore, defined as the average of the F1-
score and F1 ejevant:

F1 + Flrelevant

—

DCSCORE =

In our evaluation, we report only the standard
F1-score in the main results table, as it showed the
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[You are an expert evaluator identifying the main topic of a description in Arabic. You will be given a description
and must determine its main topic based on the following process:
Process:

readl] iy ) Gl Caoy K ) £ ybee nen ?:J,ix\ Sylad |
Lag st g}; HWEE UG saamadl G.«:B,H rra r@i:.u\fﬂ gla|

Examples:
Lo ast s W L e gy el ) Gl Y e 001 iy o ¢ Lo 31 o 5 AR 5, 50 sikoll
@ N L._:.J;j Laaxis ‘{.j‘ Na SJ}.AJ\ L) f" Lﬁb)‘j HESY)| C.o\o Nl CJ‘ 0’3;‘ R QLA.LU C.«:..g_
L)
Lalo 1§ gl

I g oo ok Ok B elabpn Lol lars Ll g bl Joll i 0K dold 5, 50t
G ey g e odily s ool ly mdl Cn g ciely Gl e 0556 e o Bile OKIT )
sty e Ll (el b e s &Ll g Yl B8l oY1 ol gk ol I

RIS Juibly olfl sgm g ) BLYL (23U ety o e o Sl

Task:
1o
{caption}
:C’JUJ‘
{topic}
- J

Figure 13: Topic Identification Prompt. The task is to determine the main topic of a given caption in Arabic.

highest correlation with human judgments across
the 350-image evaluation set. Both Fl ¢jevant and
the averaged DCScore yielded weaker alignment
with human ratings. All results are based on the
official implementation.

J Error Analysis

See Figure 14 for model error patterns separated
by dialect. See Table 11 for error types.
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‘ Model ‘ GPT Eval (Reference Only) ‘ HalFScore
| | Con Rel Flu DAuth | Prec. Rec. FI1

AIN 1.6 1.7 42 2.7 450 46.1 442
AyaV 1.9 21 41 3.1 48.4 479 463
Maya 1.5 1.6 4.0 2.7 499 439 450
Palo 1.7 1.8 4.1 2.7 498 447 45.0
Peacock | 1.4 1.5 34 2.5 4277 427  40.2
GPT-40 | 23 27 4.6 3.7 494 474 46.8

AIN 1.5 1.6 4.2 2.1 446 434 427
AyaV 1.7 1.8 42 2.3 452 413 413
Maya 1.5 1.6 42 2.1 515 420 44.7
Palo 1.6 1.7 4.1 1.9 502 412 43.1
Peacock | 1.2 1.3 38 1.7 455 41.8 413
GPT-40 | 20 23 45 2.6 46.6 44.1 43.7

AIN 14 15 4.1 24 46.7 422 429
AyaV 1.7 1.9 40 4.0 4777 442 449
Maya 1.3 14 40 2.3 488 40.6 434
Palo 1.5 1.6 4.0 2.3 49.6 41.7 445
Peacock | 1.2 1.2 38 2.3 437 397 403
GPT-40 | 20 23 43 4.3 49.1 444 456

AIN 1.4 1.5 4.1 1.3 447 40.7 40.2
AyaV 1.8 20 39 4.2 46.5 39.3 40.7
Maya 1.5 1.6 4.0 1.2 49.1 390 420
Palo 1.5 1.6 4.0 1.2 51.6 409 44.0
Peacock | 1.3 14 34 1.9 459 365 3838
GPT40 | 21 25 43 4.5 47.1 403 41.1

| e 259 292 169 443 | 71 48 72

= JO

= AE

= EG

B MmaA

Table 9: Supplementary Evaluation. GPT-40 evaluation in the reference-only setting and HalFScore for all models
across four Arabic dialects. All results are computed on the 350-image evaluation subset. HalFScore reports
hallucination-adjusted precision, recall, and F; over scene elements. 7. denotes Kendall’s Tau-c correlation with
human rankings.
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| Model |  Traditional Metrics |  GPT-4-as-a-Judge* | DCScore* | Human Eval*
| | B C R BSc |Con Rel Flu DAuth | Precision Recall Fl-score | Con Rel Flu DAuth
Msa | Mava | 425 179 947 9035|230 239 405 - 5526 3893 44.77 - - - -
Peacock | 2.08 1.51 7.18 84.24 | 1.92 196 334 - 58.68  22.60  31.46 - - - -
= Jo Maya 191 049 644 90.16 | 245 252 4.12 2.60 55.63 42.33 47.24 249 258 3.71 1.35
Peacock | 1.55 1.88 591 83.57 (232 236 356 2.52 61.06 23.98 33.14 206 2.09 283 1.14
= AE Maya 1.55 036 598 8943|244 242 420 2.04 53.56 43.22 46.70 206 1.84 220 2.00
Peacock | 1.23 095 4.09 79.09 | 2.04 206 386 1.82 58.74 23.44 32.08 1.73 228 2.84 1.00
=g | Maya 216 049 667 9082|204 208 403 240 5119 3485 4061 |293 328 432 134
- Peacock | 0.86 0.54 4.50 81.88 | 1.88 1.82 3.87 243 6320 2043 29.65 |3.05 243 347 137
B MA Maya 1.06 037 3.79 88.85|237 255 419 1.66 56.65 45.58 49.69 317 341 437 144
Peacock | 0.51 0.40 255 79.88 | 2.18 2.11 344 1.99 68.56 27.00 37.16 3.07 251 395 1.00
Table 10: Performance of Maya and Peacock across all dialect subsets of JEEM. These are the two lowest-performing

models in the benchmark.

Jordanian

@® GPT-40 Maya

AyaV Peacock
Partial MSA use
0.60

0
Misinterpretation of CI _

o

0.00

Underspecified Cl

Made-up words

Emirati

® GPT-40 AIN

Peacock Palo

Partial MSA use

0.60

Misinterpretation of CI 0.40

Underspecified CI
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_ Syntactic dysfluency
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Egyptian
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Figure 14: Model error patterns separated by dialect. CI: Cultural Item.
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Category

Type

Description

MSA use, partial

MSA use, complete

Use of MSA words when dialectal alternatives exist.
L1 Gss el g 2 b S, e
Use of MSA in the entire text.
e bl gl o5 f Lo CJw‘ J e glad 3, gual!

Dialectal Made-up words Non-existent words that resemble dialect.
aaly Oyl Bl Slamy SIE G, Vs GaoN e
Dialect mixing Multiple dialects mixed in one text.
e 525 2 1S (638 suall
Syntactic dysfluency Awkward or incorrect sentence structure.
S sty il sledly (Il ol od]
Underspecified CI Vague or imprecise mention of a cultural item.
st dlinstead of {ivge I
Cultural Misinterpretation Misattributing a cultural item"to a different culture.
of CI Lo Loy Moy Dgle dnd (g7 LaX® gy gual
Prompting bias Matches content to prompt’s region, even if incorrect.
Hallucination Mention of items not present in the image.
Visual On an image with no birds: 5L sas dla (s J] BLoYL
Wrong count Incorrect number of items mentioned.
On an image of twelve men: cbsu Lz 54l Lo Oz O
Irrelevant info. Off-topic or unrelated content.
My plall 83K, ARy Gl Wl iy e 5] sla
Generation  ncomplete Ends generation abruptly.
Failure sl gyl £l ol E
Degeneration Repetitive wording or looping phrases.

s S oS aly e (as (oS oy e L 3, gl sla

Table 11: Taxonomy of the error categories and types. Examples are illustrated in italics. CI: cultural item.
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