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Abstract
We present an overview of the first edition of the ImageCLEF Multimodal Reasoning Lab at the 2025 iteration of the
Conference and Labs of the Evaluation Forum (CLEF). The goal of the task is to evaluate how well vision-language
models can reason over complex visual and textual examination material. The test dataset consists of 3,565
questions in 13 different languages. Participants received an image of a question, which included answer choices
and metadata outlining the nature of the visual content within the image. Their objective was to choose one
correct answer from a group of three to five options. The task had moderate participation with a total of 51
registered teams. Of these, 11 teams submitted results on the test set across all 13 languages and the multilingual
leaderboard, with 129 graded submissions overall. The teams mainly used zero-shot approaches, while some
chose few-shot methods or fine-tuning. Qwen-VL was the most commonly used model, followed by Gemini.
Participants focused on prompt engineering, mostly using variations of instruction prompts that guided the
models through processing steps to reach a final answer. Some teams approached the task from an optimization
perspective, showing that well-optimized models can achieve competitive performance with fewer parameters
and faster inference times. This task contributes to the broader effort of expanding resources for vision-language
reasoning evaluation, particularly in low-resource languages. The dataset has been publicly released, along with
the gold labels for the test set. We hope this resource will support future research on multilingual and multimodal
understanding and foster the development of better and more efficient vision-language models.

1. Introduction

Understanding and reasoning over both images and text has long been recognised as a core challenge
for artificial intelligence. Early datasets such as VQA [1] and CLEVR [2] revealed how people naturally
combine language and vision when answering exam-style questions, interpreting charts, or solving
textbook problems. Pioneering captioning models like Show-and-Tell [3] and Show, Attend and Tell
[4] demonstrated the feasibility of bridging the two modalities end-to-end, while vision–language
pre-training frameworks including ViLBERT [5], LXMERT [6] and UNITER [7] established the joint
representations that underpin many modern systems. Scaling these ideas to the large language model
regime has produced today’s Multimodal Large Language Models (MLLMs), for example, CLIP [8],
Flamingo [9], and PaLM-E [10]. Over the past year, such MLLMs have achieved strong results on
visual question answering, open-ended captioning, multimodal dialogue, and even step-by-step math
reasoning. Nonetheless, rigorous audits show that their compositional reasoning abilities remain limited,
especially when complex textual cues must be tightly integrated with visual evidence [11, 12, 13].

Over the past decade, a diverse suite of text-only reasoning benchmarks has driven significant
progress in the development of language models capable of more structured and transparent problem
solving. These benchmarks span a range of reasoning paradigms, including numerical reasoning [14],
multi-hop commonsense inference [15, 16], deductive logic [17, 18], mathematical reasoning [19, 20],
spatial planning [21], and domain-specific tasks in finance [22, 23], collectively establishing increasingly
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rigorous benchmarks for evaluating reasoning capabilities in large language models. However, language-
only evaluation captures only part of human problem-solving. Tasks such as interpreting geometric
proofs, analyzing circuit schematics, or optimizing supply chains frequently require not only linguistic
understanding but also the ability to extract and reason over structured visual information. This
realization has led to a parallel surge of multimodal reasoning benchmarks: MATH-V adds diagrams
to word problems [12]; NP-HardEval4V provides graph instances for knapsack and shortest-path
tasks to isolate algorithmic reasoning [11]; MMMU spans 30 academic subjects to expose gaps between
perception and domain expertise [24]; MLLM-COMPBench stresses pairwise relational comparisons [13];
and ScienceQA mixes visuals with natural-language questions, albeit only in English [25]. Taken
together, the field is progressing from text-centric reasoning to integrative multimodal evaluation; yet,
current suites still underrepresent the linguistic and structural diversity of real educational assessments,
highlighting ample room for broader, more authentic benchmarks.

Recent benchmarks have taken steps to evaluate the reasoning abilities of multimodal models more
precisely. Specifically, MATH-V tests how models handle math questions that include diagrams [12],
while NPHardEval4V focuses on algorithmic tasks such as shortest paths and knapsack problems. It
separates reasoning from recognition and instruction-following to test models in isolation [11]. MMMU
introduces a broad set of problems across academic disciplines and highlights the gap between visual
understanding and subject-specific reasoning [24]. MLLM-COMPBench, on the other hand, evaluates
how well models handle comparisons between image pairs across multiple types of relativity, such as
emotion, spatiality, and quantity, but does not consider structured exam-style questions or integrate
text alongside image comparisons [13]. ScienceQA includes some visual elements and subject variation,
but it is limited to English and lacks consistent metadata or support for multilingual evaluation [25]. As
a result, current benchmarks either focus too narrowly on specific visual tasks or lack the language and
structural variety found in real educational assessments.

In this paper, we describe the ImageCLEF 2025 Multimodal Reasoning task under the ImageCLEF 2025
Lab [26]. The task is a shared benchmark designed to evaluate model performance on multiple-choice
questions (MCQs) that may include both text and visual content. The dataset used is EXAMS-V [27],
further enriched by a new test set. The combined corpus spans 14 languages and 44 academic and
vocational subjects, covering science fields such as biology, physics, and chemistry, as well as disciplines
like history, informatics, fine arts, and business. The languages represented include Arabic, Chinese,
Urdu, Kazakh, and several European languages such as French, German, Bulgarian, and Polish. This wide
linguistic coverage enables the benchmark to evaluate models in both high-resource and low-resource
settings, making it well-suited for real-world multilingual education scenarios. Each example includes a
question with three to five answer options with a single correct answer, and may also contain a visual
element such as a graph, figure, table, or chemical diagram, depending on the question type as shown
in Figure 1. The task reflects a realistic educational setting, especially for low-resource languages and
disciplines, and supports model evaluation using a straightforward accuracy metric.

One of the primary objectives of this task is to evaluate systems in low-resource settings. This
includes languages such as Arabic and Urdu, as well as scientific content that requires diagrams or
tables to answer the question. Each sample in the dataset contains metadata, including subject, grade
level, and the type of visual elements. This enables a deeper analysis of system performance and allows
for comparisons of results across languages, grades, and question types.

2. Related Work

2.1. Multimodal Reasoning.

Multimodal reasoning has emerged as a critical research area at the intersection of vision and language,
enabling models to integrate and interpret heterogeneous information sources. This capability is
essential for real-world applications such as educational assessments [27, 28, 29, 30], online content
moderation [31, 32, 33], and scientific analysis [25, 34], where information often includes structured
tables, data charts, and annotated figures. In the education domain, students frequently engage with



Figure 1: Sampled questions from the new ImageCLEF Multimodal Reasoning test set from different languages.

classroom materials that combine visual and textual information, ranging from annotated diagrams to
chemical symbols and structures. As students increasingly use AI tools to tackle difficult questions,
it becomes essential to evaluate multimodal models of structured educational content that reflect
real-world curricula, ensuring that their responses are accurate and reliable.

Several evaluation benchmarks have been introduced across different languages and disciplines to
assess the performance of models on examination questions. EXAMS-V [27] presents a multidisciplinary,
multimodal, and multilingual benchmark consisting of 20,932 multiple-choice questions. These questions
may include tables, figures, diagrams, maps, scientific symbols, and equations, and span more than 20
academic disciplines in 11 languages. Kaleidoscope [28] provides 20,911 exam questions in 18 languages
and 14 subjects, ensuring linguistic and cultural authenticity through contributions from a diverse
group of researchers around the world. More recently, MDK12-Bench [30] introduced more than 140,000
examples drawn from K-12 exams in six disciplines, enriched with difficulty labels and explanation
rationales to support fine-grained reasoning evaluation. These benchmarks collectively emphasize
the growing need to evaluate multimodal models through realistic, diverse, and linguistically rich
educational scenarios. This ImageCLEF 2025 - Multimodal Reasoning task further contributes to this
line of research by inviting participants to tackle real-world exam question challenges, with a test set
comprising 3,565 questions to evaluate the models’ capabilities.

2.2. Low-Resource Multilingual Languages.

Although current multimodal and language models have demonstrated remarkable capabilities in high-
resource languages (i.e., languages with abundant data), many widely spoken languages in Southeast
Asia, Central Asia, and Africa remain underrepresented due to limited data availability (i.e., low-resource
languages). These low-resource languages pose a significant challenge for existing AI models, as they
differ substantially in structure, grammar, and cultural context [35, 36]. Recent efforts have sought to
bridge this gap by curating multilingual and culturally representative datasets. For example, KazMMLU
[37] adapts the MMLU benchmark to Kazakh to assess general knowledge reasoning within Central Asian
contexts. SGHateCheck [38] focuses on detecting hate language in Singaporean English, Malay, and
Mandarin, with an emphasis on linguistic code-switching and localized harms. Similarly, IndoNLP [39]
uses crowdsourcing to build benchmarks for several under-resourced Indonesian languages. Collectively,
these datasets highlight the linguistic diversity and cultural specificity that are often overlooked in the
mainstream benchmarks.

The ImageCLEF 2025 Multimodal Reasoning Task aims to address this gap by introducing a curated
multimodal benchmark on K-12 examination questions that covers a diverse range of languages, scripts,
and question types. The task releases a test set that extends the 11 languages in EXAMS-V with
three new languages: Kazakh, Urdu, and Spanish, exam-style questions evaluating the robustness



and generalizability of multimodal models in multilingual contexts, thereby promoting research that
inclusively supports a broader spectrum of linguistic communities.

3. Dataset

3.1. Data Collection

The newly developed test set contains questions from the languages present in the EXAMS-V dataset, as
well as questions in three additional languages: Kazakh, Urdu, and Spanish. The questions are sourced
from PDFs available online, mostly from annual school exams. For some of the languages in the original
dataset, we used the same sources, but we took more recent versions of the yearly exams. For Urdu
and Spanish, we considered PDFs available online, while for Kazakh, questions were scanned from
textbooks. After the PDFs are collected, we run a processing step that converts the PDF pages into a
series of images using the pdf2image1 Python package.

3.2. Data Annotations

The question extraction and annotation follow the steps used to create the original EXAMS-V dataset.
We use open-source software2 to annotate the bounding boxes of the questions that align with the
annotation guidelines of the original EXAMS-V dataset - only multiple-choice questions with 3 to 5
options and exactly one correct answer are considered. The bounding box of each question encompasses
all possible answers, as well as the images, tables, and other necessary information provided. In some
languages, examination formats included questions that overflowed into multiple pages, which we
discarded to simplify our annotation process. After annotating the bounding boxes, an automatic script
extracts each question as a separate image. The next step of the pipeline is the creation of a metadata
file that contains a unique ID, the path to the cropped image, the label for the correct answer, and
annotations for the type of visual elements included. The source PDFs provide the correct gold label,
reducing the risk of errors in annotation; therefore, a single annotator per record is sufficient.

3.3. Data Stats

The dataset for the Multimodal Reasoning task is divided into three subsets: train, validation, and test.
Table 1 reports the statistics for the training and validation portions of the EXAMS-V dataset [27]. This
dataset comprises 20,932 questions across 20 subjects, covering grades 4 to 12 in 11 languages, providing
a solid foundation for training and evaluation. The newly developed test set includes a total of 3,565
new questions from recent public high school examinations. Table 2 presents detailed statistics on
the new data. The test set includes all languages from EXAMS-V, except for French, and introduces
three additional languages: Urdu, Kazakh, and Spanish. As with EXAMS-V, the new data preserves
the same diversity in languages and subjects, as well as question complexity, and includes 203 parallel
questions in three languages: Croatian, Serbian, and Italian. In terms of visual representation, the
test data provides a higher proportion of questions with visual features in most languages as seen in
Tables 2 and 3. We also observe that Figures and Graphs are the most common visual features across all
languages.

4. Evaluation Framework

4.1. Task organization

The task was conducted in two phases: an exploration phase, during which participants familiarized
themselves with the publicly available training and validation data [40], followed by a test phase. In the

1https://pypi.org/project/pdf2image/
2https://opencv.org/



Table 1
Original Exams-V train and validation data statistics. Here, # visual Q. refers to questions with
multimodal context and # text Q. refers to text only questions.

Language ISO Family Grade #Subj. # Total Q. # visual Q. # text Q.

English en Germanic 11, 12 4 724 181 543
Chinese zh Sino-Tibetan 8-12 6 2,635 1,991 644
French fr Romance 12 3 439 50 389
German de Germanic 12 5 819 144 675
Italian it Romance 12 11 1,645 292 1,353
Arabic ar Semitic 4-12 6 823 117 706
Polish pl Slavic 12 1 2,511 422 2,089
Hungarian hu Finno-Ugric 12 6 3,801 495 3,306
Bulgarian bg Slavic 4, 12 4 2,132 435 1,697
Croatian hr Slavic 12 13 3,969 700 3,269
Serbian sr Slavic 12 11 1,434 259 1,175

Table 2
New test data statistics. Here, # visual Q. refers to questions with multimodal context, and # text Q.
refers to text-only questions. *Urdu, Kazakh, and Spanish are new languages, with no training/validation
data from Exams-V.

Language ISO Family Grade #Subj. # Total Q. # visual Q. # text Q.

English en Germanic 12 1 512 62 450
Chinese zh Sino-Tibetan 12 4 407 195 212
German de Germanic 12 6 258 67 191
Arabic ar Semitic 10-12 4 222 168 54
Polish pl Slavic 12 7 259 104 155
Hungarian hu Finno-Ugric 12 6 247 30 217
Bulgarian bg Slavic 12 6 200 68 132
Croatian hr Slavic 12 5 203 58 145
Serbian sr Slavic 12 5 203 58 145
Italian it Romance 12 5 203 58 145

Urdu* ur Indo-Aryan 9-10 5 269 12 257
Kazakh* kk Turkic 11 4 243 243 0
Spanish* es Romance 12 10 339 209 130

test phase, images of the questions from the test dataset were released along with metadata describing
the visual components within the questions. Participants submitted results to 14 different leaderboards:
one multilingual leaderboard and 13 individual leaderboards, one for each language. Participants were
allowed to make multiple submissions during this phase, but no feedback was provided. Final rankings
were determined based on each participant’s last submission at the end of the test phase.

4.2. Evaluation Measure

We use accuracy as the evaluation metric for the task. Accuracy is calculated as the percentage of
questions where the model’s selected answer matches the correct option. Since each question has a
single correct answer, accuracy provides a simple and reliable way to compare model performance
across different languages and subject areas.

4.3. Baselines

For our baseline experiments, we used the Instruct variants of four models: SmolLM-Instruct, SmolVLM-
Instruct, OLMO-Instruct, and MOLMO-Instruct. These models span a range of modalities and sizes,
providing a strong starting point for building an initial understanding of the task.



Table 3
Vision feature distribution of the test set. Note that a single question can contain multiple types of
visual elements.

Language Table Figure Graph Chem. Struct. Total

Arabic 9 126 37 6 181
Bulgarian 4 55 2 7 68
Chinese 28 126 41 23 218
Croatian 5 40 12 2 61
English 0 47 16 0 63
German 2 50 15 0 67
Hungarian 0 22 8 0 30
Italian 5 40 12 2 61
Kazakh 4 47 192 0 243
Polish 23 78 3 0 104
Serbian 5 40 12 2 61
Spanish 65 84 44 35 228
Urdu 0 12 0 0 12

We grouped the models based on their modality. SmolLM-Instruct and OLMO-Instruct are text-only
models, while SmolVLM-Instruct and MOLMO-Instruct are multimodal models capable of processing
both images and text. All models were evaluated in a zero-shot setting. For the language-only models
(SmolLM and OLMO), we provided image captions as input instead of raw images. For the vision-
language models (SmolVLM and MOLMO), the original image was used as input.

Each model group was tested with two types of prompts, i.e., Prompt 1: A short, direct instruction
asking the model to select the correct answer based on the input (caption or image). Prompt 2: A
more detailed, step-by-step reasoning prompt encouraging the model to extract and analyze all relevant
elements, such as multilingual content, tables, or diagrams, before selecting an answer. For example,
Prompt 1 for VLMs instructed the model to analyze the image and reply with just the letter of the
correct option, while Prompt 2 guided the model to extract the question, options, and visual cues before
answering. A similar prompt pair was used for LLMs but applied to the caption text.

We used the same two prompts across all subjects and languages, and made no further tuning or
task-specific engineering. This setup allowed us to evaluate how well these models could generalize to
the ImageCLEF MCQ format under consistent conditions.

5. Overview of the Systems and Results

5.1. Competition Results

Table 4 shows participant results on the test set on all 14 leaderboards. The most popular leaderboards
were English, Multilingual, and Chinese, with 10, 9, and 7 teams participating, respectively. Some teams
participated in multiple leaderboards, with two submitting to all 14 and another two submitting to 13.
All teams significantly outperformed the baseline, except for elenat in the Multilingual and Bulgarian
leaderboards. The task proved to be moderately difficult, with some teams achieving over 90% accuracy
using the most recent commercial VLMs. Team MSA performed exceptionally well across the board,
securing first place in 11 of the 13 leaderboards they entered.

Participating teams utilized a combination of proprietary and open-source large VLMs, including
Qwen2.5-VL, Gemini, SmolLM, and Deepseek. The majority of approaches employed zero-shot or few-
shot techniques, leveraging metainformation about visual elements. The most common and successful
prompt strategies consisted of few-shot prompts that leverage image descriptions generated by different
VLMs. Most notably, MSA used Gemini 2.5 Flash to generate captions of the input image, which
is then further validated and refined before passing it in a zero-shot prompt using Gemini 2.5 Pro.
ContextDrift employed a different prompting strategy, which relied on a sophisticated pipeline for



1-shot inference using Gemini 2.5 Flash, complemented by OCR-extracted textual content. Team
ymgclef applied a multi-prompt ensemble by combining a base prompt, Chain-of-Thought prompt, and
a Role-Playing prompt and achieved competitive results with this approach, despite using Qwen-VL,
which underperformed compared to the Gemini models.

A few teams experimented with model fine-tuning; however, they achieved lower rankings, primarily
due to the use of smaller models constrained by limited computational resources. lekshmiscopevit
opted for parameter-efficient fine-tuning of Qwen2.5-VL with LoRa, achieving competitive results in
the Multilingual leaderboard while reducing memory requirements by 75%. Team plutohbj also chose
a fine-tuning approach, using LoRa for efficient tuning. They added cross-modal attention to enhance
multimodal performance and applied stable optimization methods.

Overall, the top-performing systems, utilized by the leading two to three teams in most leaderboards,
were from the Gemini family—specifically, Gemini 1.5 Pro and Gemini 2.5 Flash. Following in rankings
was Qwen2.5-VL, which was the only model used for fine-tuning. Many participants combined different
models or prompt strategies in ensembles to further boost their scores. An interesting observation is
that participant models show comparable performance on parallel questions in Italian and Croatian,
likely due to their shared use of the Latin script. In contrast, performance on Serbian is significantly
lower (by approximately 20%), suggesting that models face greater difficulty with languages written in
Cyrillic script. This performance gap is likely attributable to the lower representation of such languages
in the training data.

5.2. Detailed System Descriptions

Table 5 presents an overview of the approaches used by the participants. In the rest of the section, we
present short participant system descriptions. Teams are ordered alphabetically.

ayeshaamjad [41]

(Keywords: Gemini-1.5, DeepSeek-R1-Distill-LLaMA, Structured Parsing, Modular Pipeline, Zero-shot)
The authors propose a modular two-stage pipeline combining structured visual parsing with language-

based reasoning. First, Gemini-1.5 Flash is used to decompose images into structured JSON outputs
containing fields like question text, options, diagrams, labels, and tables. This is achieved through a
carefully crafted zero-shot prompt that suppresses reasoning and ensures accurate multilingual layout
parsing. The structured outputs are then passed to DeepSeek-R1-Distill-LLaMA, which uses a strict
answer-only prompt to select the correct option. The entire pipeline is zero-shot, language-agnostic,
and operates without fine-tuning, relying on prompt design for robustness and consistency.

bingezzzleep [42]

(Keywords: Prompt-Enhancement, Feature Alignment, Qwen-VL)
The authors propose a three-part system that constructs textual and visual features from the input

image and fuses them into the prompt of the LLM. The prompt consists of three parts. The first part
is a prompt-tuned standardized prompt, explaining the task. The second part is an encoding of the
input image via Vision Transformer that is compressed into a smaller feature set by the cross-attention
module. The third part is an LLM-processed description of the image, done by VLM. The three-part
prompt is given to Qwen-VL-Max for question answering. They apply a prompt-tuning strategy for
optimization. The results show that this prompt-enhancing strategy performs better than the direct
model use.

ContextDrift [49]

(Keywords: Gemini-2.5, LRM, LMM, Thinking Budget, Few-Shot, Zero-Shot)
The authors propose a pipeline that performs few-shot inference using Gemini-2.5-Flash (Thinking)

with extracted textual content. Textual content is extracted using OCRSpace, a cloud-based OCR service,



Table 4
Results for the ImageCLEF 2025 Multimodal Reasoning task on all 14 leaderboards. Baseline system submitted
by the organizers. In the case of equal scores, participants are assigned the same rank and ordered alphabetically.
†Participants submitted as different teams, but wrote a single working notes paper as co-authors.

Rank Team Acc Rank Team Acc Rank Team Acc
Multilingual English Bulgarian

1 MSA 0.8140 1 ContextDrift† 0.8965 1 ContextDrift† 0.9050
2 ymgclef 0.5994 2 MSA 0.8652 1 ContextDrift† 0.9050
3 lekshmiscopevit 0.5770 3 ayeshaamjad 0.8125 2 ymgclef 0.7750
4 bingezzzleep 0.5619 4 ContextDrift† 0.8086 3 bingezzzleep 0.7500
5 plutohbj 0.5226 5 ymgclef 0.5938 3 MSA 0.7500
6 deng113abc 0.5195 6 deng113abc 0.5371 4 plutohbj 0.7300
7 mhl2001 0.4418 7 bingezzzleep 0.5312 5 baseline 0.2450
8 yaozihang 0.4376 8 plutohbj 0.4922 6 elenat 0.2350
9 baseline 0.2701 9 mhl2001 0.4629 German
10 elenat 0.2188 10 yaozihang 0.4570 1 MSA 0.8915

Kazakh 11 elenat 0.2520 2 ymgclef 0.7403
1 MSA 0.8148 12 baseline 0.2480 3 bingezzzleep 0.6860
2 ymgclef 0.5350 Chinese 4 plutohbj 0.6783
3 bingezzzleep 0.4938 1 MSA 0.8305 5 yaozihang 0.4961
4 plutohbj 0.4444 2 ayeshaamjad 0.6560 6 mhl2001 0.4922
5 baseline 0.2738 3 plutohbj 0.5921 7 baseline 0.3101

Polish 4 bingezzzleep 0.5799 Urdu
1 MSA 0.8224 5 mhl2001 0.5553 1 MSA 0.8067
2 ymgclef 0.7181 6 ymgclef 0.5283 2 ymgclef 0.3941
3 bingezzzleep 0.5792 7 yaozihang 0.4791 3 bingezzzleep 0.3569
4 plutohbj 0.5251 8 baseline 0.2678 3 yaozihang 0.3569
5 baseline 0.2934 Arabic 4 baseline 0.3011

Italian 1 MSA 0.6757 Croatian
1 MSA 0.9212 2 ayeshaamjad 0.4775 1 MSA 0.9507
2 bingezzzleep 0.6059 3 mhl2001 0.4730 2 bingezzzleep 0.6207
2 plutohbj 0.6059 4 ymgclef 0.4324 3 ymgclef 0.5764
3 ymgclef 0.6010 5 plutohbj 0.3514 4 plutohbj 0.5616
4 baseline 0.2414 6 bingezzzleep 0.3243 5 baseline 0.2709

Spanish 7 baseline 0.2703 Serbian
1 MSA 0.7198 Hungarian 1 MSA 0.7143
2 ymgclef 0.6696 1 ymgclef 0.6518 2 bingezzzleep 0.6059
3 bingezzzleep 0.6608 2 bingezzzleep 0.5425 3 ymgclef 0.5468
4 plutohbj 0.5723 3 plutohbj 0.4696 4 plutohbj 0.5320
5 baseline 0.3156 4 mhl2001 0.3563 5 baseline 0.2365

5 baseline 0.2348

and is passed along with the image to the Gemini 2.5 Flash (Thinking) model for answer classification.
Their extensive experiments on the validation set reveal two critical findings. First, the impact of
performing an OCR augmentation is marginal and varies depending on the language. Although the
augmentation marginally improves model performance in the English dataset, it slightly decreases
performance on the Bulgarian dataset. Second, the number of thinking tokens improves the overall
performance of the model. However, a higher number of thinking tokens can have adverse effects,
particularly on Biology and Chemistry questions containing graphical elements.

deng113abc [43]

(Keywords: Qwen-VL-2.5, Prompt engineering, Chain-of-thought prompting)
The authors propose a two-step prompting strategy called "Question Reconstruction before An-



Table 5
Overview of the approaches used by the participating systems.
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swering" (QRA) for multimodal question answering. In the first step, the model uses image features
and metadata such as language and subject to complete missing parts of the question. This helps the
model better understand the problem. In the second step, the completed question is passed through a
Chain-of-Thought prompting format, guiding the model to reason step-by-step and give an answer.
The method works in a zero-shot setting, without OCR or fine-tuning. The team achieved 6th place in
both multilingual and English tracks, showing strong performance across languages and improving
significantly over the official baseline.

elenat [44]

(Keywords: BLIP, Prompt Ablation, SmolLM-360M, Zero-shot)
The authors propose a zero-shot pipeline that integrates image captioning with compact language

model reasoning. First, images are processed using BLIP (Base or Large) to generate captions under
three different prompt conditions: no prompt, “A photo of”, and “Describe what you see”. These prompts
are designed to influence the verbosity and descriptiveness of the generated captions. The resulting
caption is then inserted into a fixed-format prompt and passed to SmolLM-360M, which is a 360M
parameter transformer optimized for low-resource inference. It selects the correct answer from multiple
choices. The model is used without fine-tuning. This setup enables efficient multimodal reasoning
under minimal compute, and allows the authors to assess how prompt formulation affects downstream
answer prediction accuracy.

lekshmiscopevit [45]

(Keywords: Qwen2.5-VL, LoRa, Model optimization, Efficient inference, Quantization)
The authors propose an approach that utilizes the Qwen2.5-VL-72B Instruct model. They apply

parameter-efficient fine-tuning technique, such as LoRA or QLoRA, explicitly optimized for the EXAMS-
V dataset. Initial experiments suggest that fine-tuning with as few as 0.1% of parameters could yield
accuracy improvements of 5–8% while maintaining generalization capabilities. To address performance
disparities across languages, the authors used language-specific adapter modules that are dynamically
integrated with the base model, with a focus on enhancing performance for underrepresented languages.



Through 4-bit quantization, specialized prompting techniques, and robust answer extraction methods,
the team achieved comparable performance across all languages and subjects while reducing memory
requirements by up to 75%.

mhl2001 [46]

(Keywords: Qwen2.5-VL, Few-shot, Prompt engineering)
The authors present a prompt-tuned pipeline leveraging Qwen2.5-VL-Plus to address the ImageCLEF

2025 Multimodal Reasoning task. Their system upgrades the baseline SmolVLM-2.5-1.7B model with
Qwen2.5-VL-Plus and introduces a hybrid prompt design composed of multilingual system instructions
and exemplar-based few-shot samples. The final prompt includes both macro-level role definition and
task-specific examples, aiming to improve reasoning and answer classification. Their pipeline processes
image-question pairs and generates structured responses using regex-based extraction. Evaluation on
the EXAMS-V benchmark reveals a 63% performance gain over the baseline (from 0.2701 to 0.4418)
on the Multilingual dataset, with other notable improvements in Chinese and German. Their method
demonstrates robust multilingual generalization without task-specific fine-tuning.

MSA [47]

(Keywords: Gemini 2.5, Gemini 1.5, Ensemble, Zero-shot)
The authors propose a two-stage ensemble pipeline fully based on the use of a proprietary family of

models - Gemini. During the first stage, the authors use Gemini 2.5 Flash to generate detailed descriptions
of the input image. They use a 1-shot prompt to encourage the model to preserve uniformity. The
generated caption, together with the input image, is passed to Gemini 1.5 Pro, which verifies the format
in the correct language, inferred from the input. Then, the generated caption, together with the input
image, is passed to Gemini 1.5 Pro, which verifies the correctness of the labels and translates any stray
text into the declared language. In the second stage, the authors employ Gemini 2.5 Pro with a zero-shot
prompt to solve the question and output the correct answer. The system achieves very strong results,
placing 1st in 11 of 13 tracks.

plutohbj [48]

(Keywords: LoRa, Meta learning, Qwen2.5-VL)
The authors propose the Meta-LoRa framework, which enhances Qwen2.5-VL through three training

techniques: (1) they use dynamic parameter adaptation to improve performance and efficiency during
training (LoRa) (2), multimodal feature fusion by computing cross-modal attention to enhance under-
standing between both visual and textual modalities (3), stable optimization using cosine annealing,
gradient clipping, and KL regularization. The model is trained on the Exams-V dataset and achieves
competitive results on the leaderboard.

yaozihang [50]

(Keywords: Qwen-VL, Prompt Engineering, Zero-shot)
The authors propose an approach that utilizes the Qwen2.5-VL model in a zero-shot setting. They

craft a prompt that ensures consistent analysis of the input images, containing questions, and outputs a
concise answer in the correct format required by the task. To ensure the validity and efficiency of the
experimental evaluation, this paper designs and implements a pipeline, comprising modules such as
data organization compression, API request construction, and exception handling.

ymgclef [51]

(Keywords: Multi-Prompt Ensemble, Qwen-VL-Plus, GPT-4.1-2025-04-14)



The authors proposed a zero-shot ensemble pipeline in which the final classification is obtained by
performing model inference using three different types of prompt templates: Base Prompt, Chain-of-
Thought Prompt, and Role-Playing Prompt. The multi-prompt ensemble strategy enables the model to
focus on informational features at different levels of abstraction, which improves the model’s multimodal
reasoning capabilities. Their experiments on an open-source model, Qwen-VL-Plus, and a proprietary
model, GPT-4.1-2025-04-14, demonstrate the effectiveness of the multi-prompt strategy.

6. Conclusion and Future Work

We presented an overview of the Multimodal Reasoning task, part of the ImageCLEF lab at CLEF 2025.
This task aimed to assess the reasoning abilities of large vision-language models when applied to
complex visual and textual examination content. Participants were provided with an image containing
a question and 3 to 5 answer choices. The goal was to select the single correct answer from the given
options.

Most submissions employed zero-shot large multilingual vision-language models, primarily Qwen and
Gemini, often incorporating extensive prompt engineering. A smaller subset of submissions explored
few-shot learning and fine-tuning approaches, emphasizing model optimization. These approaches
demonstrated that models with fewer parameters can achieve performance levels comparable to their
larger counterparts. The top-performing systems were based on the proprietary Gemini model family,
achieving over 80% accuracy overall and surpassing 90% in some languages. Systems using the open-
source Qwen models ranked closely behind, suggesting that open-source approaches have significantly
reduced the performance gap with proprietary models, particularly in low-resource languages. However,
performance differences remain in favor of commercial models for high-resource languages.

In the future, we plan to expand both the linguistic and visual complexity of the evaluation setting.
We plan to introduce additional languages, incorporate more diverse and challenging examination
materials, and include more complex visual elements. Furthermore, the task will be extended to cover
assessments from university-level examinations, broadening the scope and difficulty of the reasoning
challenges.
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