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Abstract

Image captioning plays a crucial role in numerous applications, including educational systems. However, ensuring
caption quality remains a significant challenge, particularly for morphologically rich, low-resource languages such
as Arabic. We investigate an evaluation of Arabic image captioning using state-of-the-art multimodal foundation
models. We systematically assess the performance of leading models—Gemini, Gemma, LLaMA, and Fanar. Our
evaluation framework employs a diverse set of metrics spanning rule-based, learnable, visually-grounded, and
LLM-based approaches to capture semantic accuracy, linguistic fluency, and hallucination detection. Experiments
are conducted on two benchmark datasets: Flickr8k-Arabic and JEEM. Our findings reveal significant performance
variations across models and evaluation metrics, highlighting the need for Arabic-specific optimization in multimodal
architectures.

Keywords: Multi-Modal Foundation Models, Arabic Image Captioning, Image Caption Evaluation, Rule-based
Metrics, Learnable Metrics, LLM-based Metrics, Hallucination Detection.

1. Introduction put evaluation and language proficiency assess-
ment (Sarto et al., 2025), yet the reliability of such

The emergence of large-scale foundation models ~ Paselines remains underexplored.
has fundamentally transformed the landscape of This study systematically investigates the perfor-
natural language processing, with multimodal ar-  mance of a set of state-of-the-art multimodal foun-
chitectures demonstrating unprecedented perfor-  dation models—Gemini, Gemma, LLaMA, and Fa-
mance across diverse tasks (Qin et al., 2024).  nar in generating Arabic image captions using the
Vision-language models, including Gemini (Team  Arabic Flickr8k dataset (ElJundi et al., 2020).
et al., 2023), Gemma (Team et al., 2025b), and
LLaMA (Dubey et al., 2024), have exhibited sub-
stantial capabilities in image-to-text generation
tasks, particularly in automatic caption genera-
tion. Despite these advances, empirical evalua- | f hallucinati h Petrvk et al
tions have predominantly concentrated on high- ence_ of hallucination phenomena (Petryk et al.,
: . 2024; Rohrbach et al., 2019).
resource languages, particularly English (Zhu
et al., 2023), resulting in limited understanding of The investigation pursues two primary objec-
model behavior and performance characteristics ~ tives: first, to assess whether model-generated
when applied to morphologically rich, low-resource  captions exhibit sufficient quality and consistency
languages such as Arabic (Haouhat et al., 2025). to serve as reliable reference baselines for au-
The automatic generation of textual descriptions ~ ©°Mated evaluation in Al-driven educational con-
from visual content constitutes a critical compo-  [EXtS; second, to examine whether existing quan-
nent in numerous domains, including assistive tative metrics adequately capture the quality of
technologies for visually impaired users, multime- generated descriptions, particularly in educational

dia content retrieval, and computer-assisted lan-  S€ttings involving visual assignments.

guage learning systems (Dongare et al., 2024; The rest of this paper is organized as follows.
Hasnine et al.,, 2019; Delassi et al., 2025). Section 2 is dedicated to introducing some basic
For Arabic—a language with over 400 million  concepts on image captioning evaluation metrics.
native speakers and significant morphological  Section 3 reviews related work on Arabic image
complexity—the development of robust image  captioning. Section 4 presents our experimental
captioning systems presents considerable chal- methodology, including the selected metrics. Sec-
lenges attributable to dataset scarcity (Team etal.,  tion 5 details the experimental setup, presents the
2025a), dialectal variation, and intricate grammat-  results, and provides a comparative analysis of the
ical structures. Within Al-assisted educational  targeted models. Finally, we conclude the paper
frameworks, automatically generated captions of-  with a summary of our findings and directions for
fer potential as reference standards for learner out-  future work.

Our investigation employs established quantita-
tive metrics (Papineni et al., 2001; Banerjee and
Lavie, 2005; Hessel et al., 2022) to evaluate cap-
tion quality, semantic accuracy, and the preva-

49

Proceedings of The 7th Workshop on Open-Source Arabic Corpora and Processing Tools {OSACT7) with 5 Shared Tasks, pages 49-58
May 11, 2026. ©ELRA Language Resources Association (ELRA), 2026



/
[ MID, TIGER,
/’ { RefCLIP-S...
/ Us(cLIP-S, PAC-S...

\ LLMs-Based

BLEU, ROUGE,
/ Rule Based METEOR

CLAIR,
\ { RefFLEUR...
\\ > FLEUR
\\\
./ Hallucination r’ ALOHa
- oriented
CHAIR

Figure 1: Taxonomy of Image Captioning Evalua-
tion Metrics. Highlighted boxes indicate reference-
based metrics that require ground-truth captions
for comparison

2. Background

This section surveys the landscape of image cap-
tioning evaluation metrics and some existing Ara-
bic image captioning datasets.

2.1. Image Captioning Evaluation

Metrics

Image captioning evaluation metrics play a cru-
cial role in assessing the performance of genera-
tive models. These metrics measure the quality
of the generated text, ensuring that captions are
fluent, accurate, and faithful to the image content
while penalizing hallucinations or misleading infor-
mation. Over time, many evaluation metrics have
been proposed and refined alongside the evolu-
tion of large language models and the image cap-
tioning task itself. As illustrated in Figure 1, these
metrics are organized into four main categories ac-
cording to their computational foundations, follow-
ing the taxonomy proposed by Sarto et al.’s com-
prehensive survey (Sarto et al., 2025).

Rule Based Metrics

These metrics were originally designed for evalu-
ating machine translation systems. They rely on
the principle that “the more the matches, the better
the candidate translation.” BLEU (Papineni et al.,
2001) measures how many n-grams (words or se-
quences of words) in the generated text also ap-
pear in the reference text, using a weighted aver-
age approach. While BLEU focuses primarily on
n-gram precision, METEOR (Banerjee and Lavie,
2005) extends the evaluation by also considering
recall, stemming, synonyms, and word order, mak-
ing it more linguistically informed. It operates at the
word level, aligning the generated and reference
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texts to find the best possible matches, even when
the words are not identical (e.g., run < running or
big + large)

Learnable Metrics

Rule-based metrics depend on surface-level n-
gram overlap and may fail when different words
conveys the same meaning. Learnable metrics ad-
dress this limitation by evaluating semantic similar-
ity.

BERTScore (Zhang et al., 2020) metric evalu-
ates the semantic similarity between the generated
and reference text (Hanna and Bojar, 2021). They
perform this by representing each token with con-
textual embeddings from a pretrained BERT model
and comparing them using cosine similarity. Given
reference tokens r and predicted tokens p, using
the recall, Rggrt, and precision Pgerr, BERTScore
computes:

Pgerr - RBert

BERTscore Frert = 2
Pgert + RBERT

Where :

1 o
Reerr = — ) maxi’j

1 >
Pgepr = — Z maxi’ j
J€P Ip| o e

However, these metrics still ignore the visual
content and are sensitive to the style and quality
of reference captions (Sarto et al., 2025). To ad-
dress this gap, TIGEr (Jiang et al., 2019) and CLIP-
Score (Hessel et al., 2022), visually grounded met-
rics, were introduced. They assess how visually
and semantically aligned a caption is with an im-
age. Specifically, for a given image-caption pair.
TIGEr (Jiang et al., 2019) computes the matching
between textual tokens and image regions using
a Text-to-lmage Grounding approach. Similarly,
CLIPScore (Hessel et al., 2022) uses the CLIP
model to generate visual-text embeddings for each
image-caption pair and evaluates their alignment
via cosine similarity as follows:

CLIP_S(c,v) = w - max(cos(c,v),0) (2)

where: c is the textual CLIP embedding, v the
visual CLIP embedding and w = 2.5 an empirical
value (Hessel et al., 2022).

LLMs Based Metrics

With the emergence of powerful LLMs, met-
rics such as CLAIR (Chan et al.,, 2023) and
FLEUR (Lee et al., 2024) incorporate them directly
into the evaluation pipeline. These metrics con-
vert caption evaluation into a text completion task
solved using a structured prompt.



CLAIR (Chan et al., 2023) evaluates how well
a candidate caption describes an image by com-
paring it to reference captions. It outputs both a
numerical score and a brief explanation.

FLEUR (Lee et al., 2024) extends this by in-
corporating the actual image into the evaluation
prompt, improving accuracy. It also introduces
score smoothing, which uses the token probabili-
ties of each digit generated by the model to pro-
duce less noisy and more interpretable scores.

Hallucination Oriented Metrics

Unlike the aforementioned metrics that focus on
evaluating caption quality, CHAIR (Rohrbach et al.,
2019) and ALOHa (Petryk et al., 2024) are de-
signed specifically to measure object hallucination
in generated captions. Hallucination occurs when
a caption includes information or objects not actu-
ally present in the image (Sarto et al., 2025).

CHAIR (Rohrbach et al., 2019) detects hallucina-
tions by comparing objects mentioned in the gen-
erated caption with those found in the reference
captions and segmentation labels of the image, al-
lowing it to determine accurately whether an object
is truly present. However, CHAIR is limited to the
fixed object vocabulary of the MS COCO dataset.

ALOHa (Petryk et al., 2024) addresses this limi-
tation by moving to an open-vocabulary setting. By
using LLMs to extract object mentions and seman-
tic similarity to match them. ALOHa provides a
more flexible and generalizable way to detect hal-
lucinations.

2.2,

Arabic image captioning datasets can be catego-
rized into two primary groups:

Image Captioning Datasets

Translation-Based Datasets comprises
datasets derived by translating established
English-language benchmarks into Arabic. These
include Arabic Flickr8k (ElJundi et al., 2020)
and Multilingual COCO (JP, 2025), which adapt
their respective originals with Modern Standard
Arabic (MSA) captions, and the Arabic Image
Captioning (Hennara et al., 2025) dataset, which
incorporates translated samples from UCSC-
VLAA' and Recap-DataComp-1B(Li et al., 2024).

Natively Collected Datasets consists of
resources specifically curated by native Ara-
bic speakers to ensure linguistic authenticity
and cultural relevance. Notable examples are
JEEM (Kadaoui et al., 2025), FutureBeeAl's Ara-
bic Image Caption (FutureBee Al, 2025) Dataset,

"UCSC-VLAA Lab.
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and the ImageEval 2025 dataset from the shared
task (Bashiti et al., 2025).

3. Related Work

Many studies have addressed the challenges of
Arabic Image Captioning (AIC) using Deep Learn-
ing techniques, typically employing CNN-based
encoders and LSTM-based decoders. The au-
thors in (ElJundi et al., 2020) use an LSTM se-
quence model that outperforms traditional English-
caption translation approaches. Meanwhile, (Afy-
ouni et al.,, 2021) introduce a novel architec-
ture that combines object detection with attention-
based caption generation.

On the other hand, (Hejazi and Shaalan, 2021)
present a comparative study analyzing factors
that influence caption generation—such as pre-
processing choices, Deep Learning techniques,
and feature extraction methods—and offer practi-
cal recommendations. Additionally, (Al-Malki and
Al-Aama, 2023) suggest that classifying image at-
tributes before feeding them into the decoder can
further improve Arabic caption quality.

Only a few studies incorporate transformer-
based models. Specifically, (Emami et al., 2022)
employ a pre-trained transformer to model relation-
ships between object tags extracted by a CNN en-
coder. Similarly, (Alsayed et al., 2023) explore the
impact of different Arabic text-preprocessing meth-
ods alongside various image recognition models
using a transformer-based approach.

Authors in (Elchafei and Fashwan, 2025) intro-
duce an interpretable Arabic image captioning ap-
proach that retrieves visual concepts using multilin-
gual CLIP models and feeds them as prompts to
vision-language decoders. This two-stage design
improves semantic grounding and leads to better
caption quality than traditional end-to-end models.

Recent efforts have aimed to advance Ara-
bic image captioning through shared tasks and
community-driven initiatives. ImageEval’2025
(Bashiti et al., 2025) introduced the first dedicated
shared task for Arabic image captioning, combin-
ing collaborative dataset creation with competitive
model evaluation to address challenges such as
cultural specificity, morphological complexity, and
dataset scarcity.

4. Methodology

To systematically examine how multimodal founda-
tion models handle the Arabic language in the con-
text of image caption generation, we have drawn
out a comprehensive evaluation pipeline fed by im-
ages from Arabic datasets, designed to assess
model performance under different experimental
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Figure 2: Overview of the comprehensive evalua-
tion pipeline for Arabic image captioning.

conditions and using diverse evaluation criteria
and metrics.

The proposed pipeline is illustrated in Figure 2.
It comprises four sequential stages: dataset selec-
tion and preparation, model-based caption gener-
ation, preprocessing, and multi-metric evaluation.

Dataset Selection

A curated set of image-caption pairs from different
Arabic image datasets serves as the evaluation
corpus, providing sufficient visual and linguistic di-
versity while maintaining computational feasibility.

Each image is independently processed through
multiple models to generate corresponding Ara-
bic captions, which are subsequently compared
against human-generated reference captions. To
generate captions of similar length, we provide the
model with an explicit length prompt. By control-
ling the length, we can fairly evaluate the mod-
els’ ability to produce descriptive captions across
datasets with varying caption styles and levels of
detail.

Model Selection

In this investigation a panoply of models is tar-
geted, intentionally chosen to represent different
architectural paradigms and training methodolo-
gies. The selected models are categorized into
two primary groups based on their design fo-
cus and characteristics of training data. The
first category comprises state-of-the-art (SOTA)
multilingual multimodal models, including Gem-
ini, Gemma, and LLaMA, which have demon-
strated exceptional performance across multiple
languages and vision-language tasks. These mod-
els are predominantly trained on large-scale mul-
tilingual corpora that include Arabic among other
languages, but without specific optimization for
Arabic linguistic features. The second category
encompasses Arabic-specific multimodal models,
which have been either pre-trained or fine-tuned
specifically on Arabic datasets to capture the mor-
phological richness, dialectal variations, and syn-
tactic structures inherent to the Arabic language.
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This categorization enables comparative analysis
between general-purpose multilingual models and
language-specific architectures, providing insights
into whether specialized Arabic training yields su-
perior performance for Arabic caption generation.

Caption Preprocessing

Before evaluation, all model-generated captions
undergo a systematic preprocessing phase to en-
sure consistency and comparability across mod-
els. This preprocessing step is critical to ensure
that the subsequent evaluation focuses purely on
the semantic and linguistic quality of the gen-
erated content rather than superficial formatting
differences. The caption are normalized. This
process involved removing unnecessary elements
and eliminating any non-Arabic words to ensure
consistency in the analysis.

Multi-Metric Evaluation Framework

The resulted image captions are then evaluated
using a comprehensive set of metrics designed
to capture different dimensions of caption qual-
ity. These metrics are multi-purpose, each ad-
dressing specific aspects of the caption generation
task. We employ both reference-based metrics
that compare generated captions against human-
written references and reference-free metrics that
assess caption quality based on intrinsic proper-
ties.

This multi-purpose evaluation strategy provides
a holistic assessment of model performance, en-
abling identification of specific strengths and weak-
nesses in Arabic caption generation across differ-
ent model categories and experimental conditions.

5. Experiments and Results

To achieve our research objectives, we designed
a comprehensive series of experiments with two
main goals in mind. The first goal is to identify
which foundation models produce the most accu-
rate and high quality Arabic image captions based
on our evaluation metrics. We systematically com-
pare outputs from SOTA multilingual models and
Arabic-specific architectures, testing them under
different conditions—both with and without prompt-
ing. The second goal addresses a critical ques-
tion: which metrics are best suited for evaluating
Arabic linguistic quality in the context of language
learning? Our experimental design carefully ex-
amines two types of metrics: those that rely on
human-written reference captions for comparison,
and those that can assess caption quality inde-
pendently. This distinction matters greatly in real-
world educational settings, where reference cap-
tions may not always be available.
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Figure 3: Performance Assessment of Multimodal Models across Nine Metrics on Arabic Flickr8K dataset
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Figure 4: Performance Assessment of Multimodal Models across Nine Metrics on JEEM dataset

We start by describing the experiment testbed  5.2. Targeted Vision Language Models
namely the used dataset, foundation models and

metrics. All our experimentation scripts are pub- ~ Concerning the SOTA models, we have used:

licly accessible on GitHub. Gemini-2.5-Flash?: Developed by Google Al, it
is a generative model designed for high-quality text
generation.

5.1. Datasets Gemma-3-27B-IT? :It is an advanced genera-

tive model introduced by Google Al (Team et al.,
2025Db). It is widely recognized for its instruction-
tuned capabilities in text generation.

LLaMA-4-Scout-17B-16E-Instruct* : Devel-
oped by Meta Al, it is a state-of-the-art generative
model commonly used for various language gen-
eration tasks.

Concerning the Arabic multimodal models and
due to their scarcity, we have narrowed the study

We utilized two distinct Arabic image captioning
datasets: the Arabic version of the well-known
Flickr8k dataset, and the natively collected JEEM
dataset, which covers a broader range of domains
and contains longer, more detailed descriptions
that convey richer information about the images.
Both resources provide standardized collections of
images paired with descriptive captions, enabling
consistent evaluation of vision-language models.
A detailed summary of these datasets is presented

in Table 1. It shows that JEEM has a large domain 2API| version of the model Gemini Model
covarage. Its captions are more long, so that they 3Gemma Model : the API version of the model
give more detailed on the image. “LlaMa Model: : the API version of the model
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https://github.com/ArabicICEvaluation/Arabic_IC_Comparative_Study
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Table 1: A Detailed Overview of Arabic Vision-Language Datasets Utilized in This Study

Dataset Size

Captions per Image Avg. Words Resolution

Domain Experimental Subset

Arabic Flickr8k 8,092 3 references 9-12

640x480

Everyday objects, people, animals,

1,173
scenes

JEEM 2,196 1 reference 44-63

Variable

Places, events, arts, nature,
education, transport, food, trade,
technology, characters, games

1,704

to Fanar Vision version Fanar-Oryx-IVU-1°. It is
developed by Fanar.ai, and represents an Arabic
multimodal model designed for visual and linguis-
tic understanding, including image captioning.

5.3. Results and Discussion

The performances of model-generated Arabic im-
age captions are reported across all evaluation
metrics in Figures 3 and 4.

The evaluation reveals clear differences among
multimodal LLMs across lexical, semantic, and
hallucination-sensitive metrics.

The overall performance of the models is quite
similar, with Gemini & Gemma achieving the high-
est scores across both datasets. Additionally, Fa-
nar model performs poorly compared to the others,
which is unexpected for an Arabic model, this may
be due to the diversity of the selected dataset, and
the Fanar model may not have been trained on it.

Regarding the rule-based metrics, the models
show low scores for the Arabic Flickr8k dataset,
suggesting a limited lexical overlap between the
generated captions and the reference texts. There
are also challenges in capturing semantic ade-
quacy and linguistic variation, especially for mor-
phologically rich languages such as Arabic. The
scores are even worse for the JEEM dataset, as
expected, due to its longer descriptions.

For the learnable metrics, BERTScore and Re-
fCLIPScore evaluate the similarity between gener-
ated captions and reference texts. The models
achieve high scores on both datasets, indicating
strong alignment with the references. This sug-
gests that the generated captions effectively para-
phrase or semantically match the human-provided
captions.

In contrast, CLIPScore measures the similar-
ity between the image and the generated caption
within CLIP’s joint embedding space. The models
obtain relatively low CLIPScores on both datasets.
This may reflect limitations in CLIP’s represen-
tations, such as sensitivity to non-internet-style
phrasing, domain mismatch, or reduced robust-
ness to long and complex sentences (Zur et al.,
2024; Chen et al., 2025).In summary, although

SFanar Model : the API version of the model
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the generated captions appear strong according
to BERTScore and RefCLIPScore, a low CLIP-
Score does not necessarily indicate poor accessi-
bility quality.

For the LLM-based metrics, the models
achieve high scores on CLAIR and FLEUR,
demonstrating their ability to generate descriptive,
visually grounded captions that closely reflect the
image content. Notably, Gemma and Gemini con-
sistently outperform the other models across both
datasets.

Metric Reliability Analysis

We have observed that all models exhibit relatively
poor performance on the CHAIR metric (where
lower values indicate better performance). A deep
manual analysis of over 100 generated descrip-
tions revealed consistently captions’ good quality,
suggesting a discrepancy between the metric’s hal-
lucination indicators and the actual output quality,
as illustrated in Table 2.

The misleading CHAIR scores may explain the
seemingly poor performance of the models, as the
metric is built on a limited object vocabulary de-
rived from the MS COCO dataset, as illustrated in
the firstimage of Table 2. In addition, CHAIR relies
on strict object matching and does not account for
deeper caption understanding. Consequently, it
may classify contextually inferred objects—rather
than physically visible ones—as hallucinations, as
shown in the second image in Table 2.

Poor CHAIR performance should therefore be
attributed to metric limitations rather than model
failure.

Linguistic and Semantic Error Analysis of
Generated Captions

Table 3 illustrates representative examples of lin-
guistic errors observed in model-generated Ara-
bic captions. Two primary error types are iden-
tified. The first involves object-level mismatches
combined with grammatically incorrect word us-
age, as seen in the first example where the gener-
ated caption incorrectly refers to horses and uses
a morphologically ill-formed term. The second er-
ror type concerns grammatical agreement viola-


https://api.fanar.qa/docs

Generated Caption

CHAIR

Observation

Score
L 0 o3lutll lans Adad 53 ) 3ty a5
ol an 48 g o) Agdal) 5 ) jUB
En: A man climbs the snow using climbing 1 ;Ir':ese objects are visually present in the
equipment, wearing gloves, snow boots, and age.
ared hat.

ele (o) pen Jla 458 (3l o i 4lil
el sl The object is not visually detected, although
1 it is implicitly inferred from the photographic

En: A little girl climbs a red rope net in a
playground and looks at the camera.

context.

Table 2: lllustration of false hallucination cases for generated captions.

Image Reference Incorrect caption gLAIR Observation
core
clié b il b (30 NS NS olans B iloyas g Uadi Sputin Jous
ol s Tr_le caption contain_s an object-level )
X . 0.8 mismatch and also includes a grammatically
En: Three dogs of different sizesinan ~ En: Small, active and — horses in a green incorrect word.
outdoor courtyard. open space.
iz Gl s plasys ol LS i i i
iz Gl iz LSy Ol Ol sl b oSy olulS The caption contains a grammatlcal_
¥ 0.8 agreement error related to the Arabic dual
En: Two brown dogs are running side by o ’ form, a morphological category absent from
side. En: Two dogs are running in the park. English
slalls Hlesly g HLaSy Olwo Ao b slally canllly giatu Jils
0.9 The caption incorrectly represents the

En: Two boys are running and playing with
water.

En: A child is enjoying playing with water in a
garden.

number of subjects.

Sle paas g;J\ daclill duullill 8LSN G0 Gulo
el 5a g el iy Slane JSE
sanall lagrs Suadiy o3l B sl
A paial el il (0 dichay Ghadall
ol 2S5 lasle ity (53l ol oy sakis
s Bassall 3413l bl R ) 280 2

Lo 853E luyans Ayl ool (a Gibo
o Jle dall giy (i panl G Jle
b 8l o samg seee puale li Uglls
Il adlag Al OISl

diley ddopio oxT R ud 08l
adicr 3aS) dideo yOumall (o Al Sliadally

0.8

The caption contains an error in object
identification, as it incorrectly labels the
dessert.

zmall

parball ol Bl (0

Table 3: Examples of grammatical and semantic errors in automatically generated captions that go un-

penalized by evaluation metrics.

tions, where the generated caption fails to pro-
duce the correct verb form with respect to num-
ber, as demonstrated in the second example. De-
spite these linguistic inaccuracies, both captions
receive a relatively high CLAIR score of 0.8, in-
dicating that the metric assigns favorable scores
without penalizing such errors. This reveals a crit-
ical limitation of existing evaluation metrics, which
fail to capture fine-grained linguistic quality, partic-
ularly morphological and grammatical agreement
violations inherent to Arabic. Such overestimation
poses a serious concern in educational contexts,
where linguistically flawed captions could be incor-
rectly validated as correct references, potentially
misleading learners and undermining the reliabil-
ity of automated evaluation systems.
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5.3.1. Comparative Image Captioning
Performance Across Arabic and

English

For comparative purposes, we evaluated both
Gemma and LLaMA models on the English and
Arabic versions of the Flickr8k dataset using 400
samples. The results are reported in Figure 5.

Overall, both models consistently achieve higher
scores in English than in Arabic across nearly all
evaluation metrics. This indicates that the models
generate more accurate and reliable captions in
English compared to Arabic.

For the LLM-based metrics, the performance
is relatively comparable across languages, with
higher CLAIR scores in Arabic and higher FLEUR
scores in English. This suggests that the Arabic-
generated captions are more closely aligned with
the reference texts, while the English captions
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Figure 5: Performances of Gemma and LLaMA, across six metrics, on 400 samples from both Flickr8k

versions : English and Arabic.

demonstrate stronger visual grounding.

A notable difference appears in the CHAIR
scores across languages, with English consis-
tently achieving better scores. This suggests
that both models are more prone to hallucinations
when generating captions in Arabic than in English.
However, these results should be interpreted with
caution. CHAIR relies on object lists derived from
the MS-COCO dataset, which is predominantly
English-centric and lacks adequate Arabic lexi-
cal coverage. As discussed earlier, this renders
CHAIR a poorly suited metric for Arabic caption
evaluation, and its scores in this language cannot
be considered fully reliable.

6. Conclusion

We evaluated Multimodal Large Language Mod-
els for Arabic image captioning using the Ara-
bic Flickr8k and JEEM datasets and nine met-
rics. Gemma and Gemini models achieved the
strongest performance across standard metrics,
demonstrating robustness in this domain. How-
ever, while all models effectively captured core se-
mantic content, they consistently struggled with ex-
act lexical alignment to reference captions — a lim-
itation largely attributable to Arabic’s rich morphol-
ogy and syntactic complexity.

Moreover, the tendency of the models to gen-
erate overly detailed or speculative captions high-
lights the persistent challenge of hallucination
in generative MLLMs. While the evaluation is
confined to two datasets, the results provide a
significant baseline for evaluating Arabic vision—
language models and offer valuable insights into
their current strengths and weaknesses.
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Future research will explore prompt engineer-
ing strategies grounded in the linguistic competen-
cies framework — targeting morphological, syntac-
tic, and lexical dimensions of Arabic — alongside
metrics that better reflect true caption quality. We
also plan to address hallucination and integrate
linguistically-aware captioning systems into educa-
tional tools to foster richer, more accessible learn-
ing experiences.
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