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Abstract

Image captioning aims to generate natural lan-
guage descriptions of images, combining visual
understanding with language generation. This
task is particularly challenging in low-resource
settings such as Arabic, where annotated data is
limited and captions must reflect both cultural
and linguistic nuances. In this system paper, we
present our approach for the ImageEval 2025
Arabic Image Captioning Shared Task. Our
system is based on the Qwen2.5-VL-7B vision-
language model, enhanced with quality-aware
data augmentation, a two-stage description-to-
caption pipeline, and post-processing for im-
proved fluency. In the official evaluation, our
approach ranked first in the LLM as a Judge
metric with a score of 33.97, second in Cosine
Similarity with a score of 58.55, and first in
the manual evaluation phase conducted by the
organizers.

1 Introduction

Image captioning generates natural language de-
scriptions of images by combining visual under-
standing with language generation. While vision-
language models (VLMs) have achieved strong re-
sults in high-resource languages, applying them to
Arabic remains challenging due to limited anno-
tated data, complex morphology, and the need for
culturally appropriate captions.

The ImageEval 2025 Arabic Image Captioning
Shared Task (Bashiti et al., 2025) addressed these
challenges by releasing a manually annotated Ara-
bic captioning dataset and a standardized evalu-
ation framework. Systems were evaluated using
BLEU (Papineni et al., 2002), Cosine Similarity,
and LL.M-as-a-Judge scores (Li et al., 2024) dur-
ing the submission phase, followed by a manual
evaluation by the organizers.

We present our system for this task, built on
the Qwen2.5-VL-7B model (Team, 2025) with
quality-aware data augmentation, a two-stage

description-to-caption pipeline, and regex-based
post-processing. We also explored lighter models
such as BLIP, but Qwen2.5-VL-7B proved supe-
rior. Our system ranked first in LL.M-as-a-Judge
(33.97), second in Cosine Similarity (58.55), and
first in manual evaluation, demonstrating the effec-
tiveness of combining large VLMs with targeted
augmentation and structured generation for Arabic
captioning.

The rest of the paper is organized as follows:
Section 3 details our system, Section 4 presents
the dataset, metrics, and results, and Section 6 con-
cludes.

2 Related Work

Image captioning aims to produce natural language
descriptions of images by combining visual recog-
nition with language generation. Early approaches
paired CNN-based encoders with RNN decoders
(Vinyals et al., 2015; Karpathy and Fei-Fei, 2017),
later enhanced by attention mechanisms (Xu et al.,
2015; Anderson et al., 2018) and, more recently,
transformer architectures (Cornia et al., 2020).

The field has since shifted toward large vision-
language models (VLMs) that integrate powerful
image encoders with pretrained language models,
enabling stronger cross-modal reasoning. Promi-
nent examples include CLIP (Radford et al., 2021),
BLIP (Li et al., 2022), Flamingo (Alayrac et al.,
2022), LLaVA (Liu et al., 2023), and Qwen-VL
(Bai et al., 2023; Team, 2025), which leverage
large-scale multimodal pretraining and instruction
tuning to achieve state-of-the-art performance.

Due to their size, adapting VLMs for specific
tasks often relies on parameter-efficient fine-tuning
methods such as LoRA (Hu et al., 2022), imple-
mented in frameworks like PEFT (Mangrulkar
et al., 2022), which significantly reduce computa-
tional and memory requirements while preserving
model quality.
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Evaluating image captioning systems has tra-
ditionally relied on automatic metrics such as
BLEU (Papineni et al., 2002), which measure n-
gram overlap, and cosine similarity with TF-IDF
(Sparck Jones, 1988; Salton and Buckley, 1988),
which captures content similarity beyond surface
form. More recently, human-aligned evaluation
methods such as LL.M-as-a-Judge (Li et al., 2024)
have gained attention, assessing captions on seman-
tic accuracy, fluency, and cultural relevance in a
manner closer to human judgment.

3 System Overview

In this section, we outline the progression of
our experiments during the shared task, starting
from initial baselines and gradually introducing
more advanced augmentation strategies and post-
processing techniques. While we kept the under-
lying model architecture unchanged, our approach
evolved from a single-model setup to a two-model
pipeline for improved performance.

3.1 Baseline: Single-Stage Captioning

We began by fine-tuning Qwen2.5-VL-7B ! using
LoRA to assess its ability to generate Arabic im-
age captions without any additional enhancements.
LoRA allowed us to update only a small subset of
parameters while keeping most of the model frozen,
reducing computational cost while adapting it to
the task dataset. The baseline training prompt was
intentionally simple:
Baseline Prompt

Describe the image in Arabic.

The organizers released scores for both a fully
fine-tuned Qwen model and a zero-shot baseline.
Our LoRA-based variant yielded different out-
comes, which we detail in the results section, and
served as the reference point for all subsequent
enhancements.

3.2 Smaller Architectures

We wanted to explore the feasibility of using
smaller vision-language models for the task, so
we experimented with BLIP (Li et al., 2022). We
started from a checkpoint already fine-tuned on
Flickr8k Arabic captioning dataset’ and further
fine-tuned it on the task dataset. Although BLIP
converged quickly, its performance, particularly in

"https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
Zhttps://huggingface.co/omarsabri8756/blip- Arabic-
flickr-8k

capturing fine-grained Arabic details, was notice-
ably worse than Qwen2.5-VL-7B. Based on these
results, we decided to focus on Qwen2.5-VL-7B
for the subsequent experiments.

3.3 Data Augmentation Strategies

Given the limited size of the training dataset, we
employed two augmentation strategies to improve
generalization and assess the performance of dif-
ferent training pipelines.

Augl: Classical Image Augmentation. The first
approach, Augl, applied three random transfor-
mations to each image from a predefined set im-
plemented in the Albumentations library. The
transformations included cropping or padding, hor-
izontal flipping, rotation, small-scale shifting and
zooming, motion blur, and Gaussian noise. Cap-
tions were kept unchanged, tripling the dataset size
and exposing the model to more varied visual pat-
terns while preserving semantic content.

Aug2: Quality-Aware Caption and Image Aug-
mentation. While Augl increased visual diver-
sity, it did not introduce textual variation. In Aug2,
we first augmented captions: for each image, we
used Aya-Vision-8B> to generate three slightly dif-
ferent captions and computed their BLEU score
against the original. Captions scoring below 0.75
were discarded to ensure semantic consistency.
For each retained augmented caption, one random
Augl transformation was applied to its image. This
process added 814 high-quality samples to the train-
ing set. Later, we combined these augmentation
strategies with different training pipelines.

3.4 Structured Caption Generation with
Descriptions

We hypothesized that guiding the model to first

produce a detailed description of the image would

lead to more accurate captions. To train such a sys-

tem, we first created a dataset of image—description—

caption triples using Aya-Vision-8B. The descrip-

tions were generated with the following prompt:
Description Data Prompt

Describe this image in detail in Arabic to
help in extracting the following caption be-
tween <cap> tags.

<cap>

caption

</cap>

J

3https://huggingface.co/CohereLabs/aya-vision-8b
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This prompt was designed to produce not only
a general description, but also to highlight the key
details and important elements that would support
accurate caption generation.

We then fine-tuned Qwen2.5-VL-7B us-
ing a structured output format that explic-
itly separated the description from the caption:

Structured Training Prompt

Describe the image in detail in Arabic.
Then, based on that description, generate
a suitable caption in Arabic (10-30 words).
<description>

Detailed description

</description>

<cap>

Caption

</cap>

This structured approach encouraged the model
to first organize its observations and reasoning be-
fore producing the final caption.

3.5 Two-Model Pipeline

Building on the structured captioning idea, we de-
veloped a two-model pipeline. The first model (De-
scription Model) generated a detailed description
from the image, while the second model (Caption
Model) used both the image and the description to
produce the final caption. Both models were based
on Qwen2.5-VL-7B and trained independently.

3.6 Post-Processing and Model Merging

During evaluation, we found that some generated
captions contained repetitions or redundant phrases.
We applied a regex-based cleaning step to remove
such artifacts, improving fluency and readability.

We also observed that two variants of the two-
model pipeline excelled in different aspects of cap-
tioning, specifically, the pipeline trained with Aug2
and the one without augmentation. To combine
their strengths, we performed model merging, a
technique that integrates parameters from multi-
ple trained models into a single model, aiming to
retain beneficial knowledge from each. We used
MergeKit (Goddard et al., 2024) with the TIES
algorithm (Yadav et al., 2023) to merge the models
at the parameter level, preserving their complemen-
tary capabilities.

3.7 Final System

Our final submission integrated the most effective
components from our experiments. It used the
Aug2 quality-aware augmentation to enrich both
visual and textual diversity, followed a two-model

Training Inference

| Training Data 5 ! Input Tmage i
. (Images, Captions) , ' P & i
Aug2: Quality- Description Model
Aware Augmentation — Qwen2.5-VL-7B + LoRA
Caption aug: 3 variants via (Image — Description)

Aya — keep BLEU > 0.75
Image aug: one trans-
form per kept caption

Caption Model
Qwen2.5-VL-7B + LoRA
(Image + Descrip-
tion — Caption)

Train Description Model
Qwen2.5-VL-7B + LoRA

Regex-based de-
duplication & cleanup

[ Final Post-Processing }

Qwen2.5-VL-7B + LoRA
(Input: Image + Description)

Train Caption Model }»

Final Arabic Caption

Figure 1: Final system: Aug2 data preparation, two-
model Qwen2.5-VL pipeline (Description then Caption),
and regex-based cleanup.

Qwen2.5-VL-7B pipeline for structured generation
(Description — Caption), and applied regex-based
cleaning to improve output fluency. The complete
workflow is illustrated in Figure 1.

4 Experiments

4.1 Dataset and Metrics

We used the training data provided by the organiz-
ers of the shared task (Bashiti et al., 2025), a man-
ually captioned dataset of 3,471 images, split into
2,718 for training and 753 for testing. To validate
and analyze our approaches during development,
we further divided the training set into a 90/10 split,
using the smaller portion as a validation set.

Submissions were evaluated using four metrics.
During the submission period, BLEU, Cosine Sim-
ilarity, and LLLM as a Judge scores were reported
on the public leaderboard. BLEU measured n-gram
overlap between the generated caption and the ref-
erence, capturing surface-level similarity in word-
ing. Cosine similarity measured the textual close-
ness between generated captions and reference de-
scriptions after Arabic-specific normalization and
TF-IDF vectorization. The LLM-as-a-Judge met-
ric used gpt-40 with a fixed seed and zero tem-
perature to score captions on semantic accuracy,
relevance, and fluency, with results normalized to a
0-100 scale.

After the submission period, the organizers con-
ducted a Manual Evaluation on about 5% of the
test set, assessing Cultural Relevance, Conciseness,
Completeness, and Accuracy, each on a 1-4 scale.
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4.2 Training Setup

All experiments were conducted on a single
NVIDIA A100 GPU with 80 GB of memory. The
Qwen models were fine-tuned using LoRA with
rank 8, targeting all modules. Training was per-
formed with a batch size of 2 and gradient accumu-
lation over 8 steps, giving an effective batch size
of 16. For the BLIP model, a batch size of 8 was
used. We set the learning rate to 2 x 107> with a
cosine scheduler and a warmup ratio of 0.1, using
bf16 precision. The input cutoff length was fixed
at 2048 tokens. Models were trained for a maxi-
mum of 10 epochs, and the checkpoint achieving
the lowest loss on our validation set was selected
for submission.

4.3 Results and Analysis

Table 1 presents the results of the different variants
of our system across BLEU, Cosine Similarity, and
LLM-as-a-Judge. The baselines provided by the or-
ganizers include a zero-shot Qwen2.5-VL-7B and
a fully fine-tuned version. Our LoRA baseline al-
ready surpassed both organizer-provided baselines,
achieving 22.84 BLEU and 30.19 LLM-as-a-Judge.

Classical image augmentation (Augl) applied
to the LoRA baseline slightly reduced LL.M-as-a-
Judge and Cosine Similarity scores, suggesting that
random visual perturbations without textual aug-
mentation do not consistently help. Applying Augl
to BLIP yielded lower scores overall, confirming
that BLIP was less competitive for this task.

Structured output improved semantic evalu-
ation, with the structured-only variant achieving
32.96 LLM-as-a-Judge. Adding quality-aware
augmentation (Aug?) increased BLEU to 23.76
but slightly reduced LLM-as-a-Judge, indicating
a trade-off between n-gram overlap and semantic
quality.

The two-model pipeline proved particularly ef-
fective, achieving the highest BLEU (24.99) among
our systems without augmentation and 33.81 LLM-
as-a-Judge when combined with Aug2. Merging
two-model pipelines trained with and without Aug2
preserved strong BLEU and Cosine scores but
slightly lowered LLM-as-a-Judge.

Our final system, two-model pipeline with
Aug? and regex-based output cleaning, achieved
the highest LLM-as-a-Judge score (33.97), second
place in Cosine Similarity (58.55), and competitive
BLEU (24.39), confirming the benefit of structured
generation, quality-aware augmentation, and light

post-processing.

Model BLEU Cosine LLM-as-a-Judge
Baseline zero-shot (organizers)  9.92 55.77 27.11
Baseline full (organizers) 16.89  58.46 30.82
Baseline LoRA 2284  56.95 30.19
Baseline + Augl 2250  56.33 28.58
BLIP + Augl 1995 5442 19.83
Structured output + Aug2 2376  57.33 31.71
Structured output 23.31 58.23 32.96
Two-model pipeline 2499 5772 32.25
Two-model pipeline + Aug2 2422  58.58 33.81
Merging two-model variants 2455 5853 33.11
Final system 2439 5855 33.97

Table 1: Performance of different approaches on the
shared task test set.

4.4 Qualitative Analysis

While automatic metrics such as BLEU provide a
numerical indication of similarity, qualitative in-
spection offers a clearer view of how the model
succeeds and where it fails. We selected four repre-
sentative samples from the validation set. The first
row of Figure 2 presents two failure cases: in the
first, the prediction is entirely off-topic, describing
a political exhibition instead of sculptures; in the
second, the model confuses a youth music rehearsal
with a militant training scene.

The second row shows two successful cases. In
the first, the model correctly identifies a military
training camp, differing only slightly in phrasing,
which still yields a high BLEU score. In the second,
the prediction matches the ground truth exactly for
a school celebration, resulting in a perfect score.
These examples indicate that the model performs
reliably on visually distinctive and well-defined
scenes but struggles when different events share
overlapping contextual cues.

4.5 Official Leaderboard Results

Table 2 shows the official Subtask 2 leaderboard for
Cosine Similarity and LL.M-as-a-Judge. Our team
(Averroes) ranked first in LLM-as-a-Judge with
a score of 33.97 and second in Cosine Similarity
(58.55).

In the manual evaluation phase (Table 3), our
system obtained the highest scores in Cultural Rele-
vance (3.63) and Conciseness (3.43), securing first
place in this stage of the competition.

5 Limitations

While our approach demonstrates promising re-
sults, it is constrained by the limited size of the
dataset (2,718 samples), which reduces the model’s
ability to capture diverse semantic and visual pat-
terns. The augmentation strategies we introduced
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Failure 1

GT (AR) @2l agall g OF ;431 duunT DS gmie

GT (EN) Sculptures depicting the Qur’an and the Old Testament

Pred (AR) ple oF 9udl Bdies (o o 2 dawlall ZLn 5 ) guo
cidaidall o peidl Actaie (e Oluaind 448 p 14V

Pred (EN) An image of the Palestinian wing at the Damascus International
Fair in 1971, accompanied by figures from the Palestine Libera-
tion Organization. (BLEU = 0.0)

Success 1

GT (AR) a8 adacd Al o i) (s 3 g co it B guo
I O Swne

GT (EN) An image of the training of Palestinian Liberation Army soldiers
in one of the training camps

Pred (AR) SIFCHPOINTS B DIEVONHES [SSUSON-{ - VPSRN - PPV
!

Pred (EN) An image of Palestinian Liberation Army soldiers in one of the

training camps. (BLEU = 0.7954)

Failure 2

GT (AR) Ll (o e 90 32,8 o e Led pglan B g0
2 a1 QLA Ol pga B A%m yLaeld Ulaiul idawlatl
YAVY ale 30 andl B

GT (EN) An image showing the training of a Palestinian youth music
group in preparation for participating in the Arab Youth Festival
in Algeria in 1972

Pred (AR) (redawlall syl Ao ddl Agiatl (o sl ¥ 3 g0
P e FETEY R PUINEN B EN N

Pred (EN) An image of members of the Popular Front for the Liberation of
Palestine inside a training center in Beirut. (BLEU = 0.2094)

[ iy s T e

Success 2

GT (AR) oule a8 ddcdadd diulios uw yde Jad by guo
o I LAt )

GT (EN) An image of a school celebration on a Palestinian occasion in a
girls’ school in Kuwait.

Pred (AR) ouolie G 2 ddidald diwlios uw jde Jad by guo
o 9SIL SLat )

Pred (EN) An image of a school celebration on a Palestinian occasion in a

girls’ school in Kuwait. (BLEU = 1.0)

Figure 2: Qualitative examples of Arabic—English captioning. Top row: failure cases with low BLEU scores, where
predicted captions diverge from the ground truth. Bottom row: successful cases with high BLEU scores and strong

semantic alignment.

Team Cosine Similarity LLM-as-a-Judge
VLCAP 60.01 33.05
Averroes (ours) 58.55 33.97
Phantom Troupe 57.48 31.43
ImpactAi 56.22 26.55
Codezone Research Group 38.30 15.14

Table 2: Official Subtask 2 leaderboard for Cosine Sim-
ilarity and LLM-as-a-Judge.

Team Cultural Rel e Concis Ci Accuracy
Averroes (ours) 3.63 343 2.60 2.80
Phantom Troupe 3.40 3.27 233 2.40
VLCAP 2.57 3.17 2.67 2.97
Codezone Research Group 1.10 2.03 1.47 2.03
ImpactAi 3.13 2.73 1.77 1.97

Table 3: Manual evaluation scores on 5% of the test set
(1=lowest, 4=highest).

mitigate this limitation to some extent, but cannot
fully substitute for a larger, more representative
dataset.

Another limitation lies in the reliance on syn-
thetic captions. Although we applied quality con-
trol to ensure semantic consistency, automatically
generated captions may still introduce noise or over-
look subtle aspects of the images.

Finally, our experiments were conducted with
a single model size (Qwen2.5-7B). The effect of

scaling the model or exploring alternative architec-
tures on caption quality remains an open question
for future work.

6 Conclusion

We presented our Qwen2.5-VL-7B—based system
for the ImageEval 2025 Arabic Image Captioning
Shared Task, integrating quality-aware augmenta-
tion, a two-stage description-to-caption pipeline,
and regex-based post-processing. The system
ranked first in LLM-as-a-Judge, second in Cosine
Similarity, and first in manual evaluation, high-
lighting the effectiveness of combining large vision-
language models with targeted augmentation and
structured generation. Future work will explore
scaling to larger datasets, multilingual pretraining,
and RLHF for improved human alignment.
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