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Abstract

This paper describes the ImageCLEF 2026 Multimodal Reasoning task, which focuses on evaluating vision—
language systems on multilingual examination questions. The 2026 edition broadens the task formulation from
option selection alone to a setting that includes both multiple-choice and direct answer generation. Participants
were asked to solve four tracks: Visual MCQ, Textual MCQ, Visual OpenQA, and Textual OpenQA, making it
possible to study the effects of both visual content and answer format. The benchmark contains 5,026 questions
in English, Chinese, Bulgarian, Croatian, Italian, and Serbian, including 2,770 multiple-choice questions and 2,256
open-ended questions. The task had moderate participation with a total of 53 registered teams. Of these, 13
teams submitted results on the test set across all leaderboards, with 141 graded submissions overall. The shared
task attracted submissions based on a diverse set of methods, including prompting, fine-tuning, LoRA-based
adaptation, self-consistency, test-time scaling, answer extraction, language-specific prompting, and multi-stage
reasoning. The strongest systems achieved 84.06% accuracy on Visual MCQ and 75.38% accuracy on Textual MCQ.
In the open-ended setting, the best submissions reached COMET scores of 0.6488 on Visual OpenQA and 0.6563
on Textual OpenQA. The results indicate that current vision-language models are more reliable when selecting
from answer options than when generating short answers directly. They also reveal substantial variation across
languages and tracks, suggesting that multilingual visual reasoning, robust OCR, structured visual understanding,
and answer normalization remain important challenges.
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1. Introduction

Multimodal reasoning has become an increasingly important capability for vision-language models,
particularly as these systems are applied to tasks that require the joint interpretation of images, text,
symbols, and structured visual information. Foundational benchmarks such as VQA [1] and CLEVR [2]
established visual question answering as a central testbed for multimodal understanding, while sub-
sequent work on image captioning and vision-language pre-training showed how visual and textual
representations can be learned jointly [3, 4, 5, 6, 7]. More recent multimodal large language models
have further expanded these capabilities, enabling systems to process complex visual inputs and answer
natural-language questions in increasingly flexible ways.

However, exam-style reasoning remains difficult for current models. Educational questions are often
visually dense and linguistically precise: a single item may contain a diagram, a graph, a table, a formula,
or a figure, together with instructions and answer constraints that must be interpreted correctly. Solving
such questions requires a system to identify relevant information, combine it across modalities, and
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Figure 1: Examples from the ImageCLEF 2026 Multimodal Reasoning dataset across languages, subjects,
and visual formats. The examples illustrate the diversity of exam-style reasoning in the task, including
charts, maps, scientific procedures, mathematical plots, visual pattern reasoning, and truth tables.

Business and Economics

Ha anarpamara ca npeactaseHu cymMu oT npoaax6u Ha
CTOKM B HAKO/IKO 0611aCTH OT CTpaHaTa 3a MeceL, FoHW.

B nonetata 3a otroBopw (1), (2) n (3) 3anuLLeTe CbOTBETHO
KakBu ca 6unu cymute ot npogaxba B Codus, Mnoeams n

Pyce.
Tponax6m (ne.)

Language: Bulgaria| Subject: IT

Answer:
10250,
10200, 10150

Mathematics

The variables x and y are related by y = (2x+8)/(2x+1). When

Humanities and Social Science

Osserva attentamente la carta geografica che illustra il
passaggio al segnale DVB-T2 nel 2020.
Qual & il nome del tipo della regione culturale visibile
sulla carta geografica?

D3 03.11 Do L . D1

pa 0311 =
DS 10,11, b6

ps 10.11. o7

s

Answer:
funzionale (regione culturale)
Language: Italian | Subject: Geography
Health and Medicine

MaxbKnBO NOCMaTpajTe CANKY U NpoYnTajTe TEKCT.

Science

(2025 Hift-BEEB) HMBINARIN T HREHEET
FULH Eu,0, AR R RN S & EC A Eu(C,H,0,),xH,0
| B RINE - RAE S RN BRAZATS
%), B Eu® IERMEA RS SR Eu(OH), TTIE,
Eu(C,Hs0,)3xH,0 TEZ S 58, HNs& RS AR AEFX
Eu,0,0

(1) SBROF, MREHNA o

(2) LB, BTHARpH B RHHFHEIEEM
NaOH /&%, BWZE JpHEBA 6 R, RN TRHLE
pH LA, HERRERAVIEIER o

DS AT AR S I R DA

Answer: . s
VHERE, IMRERERE, RERHE
2.B5 14 B Eu(OH), TUE

Language: Chinese | Subject: Chemistry

Tech and Engineering

Odredite tablicu istinitosti za sloZeni logicki izraz

values of x(1-y) are plotted against y, a straight line is Kako 61 ocoba Morna peLunTi npukasanm sapatak Y=A-B+C B+A. Y B o) Y
obtained. The straight line intersects the vertical and Tpeba Aa nperneaa 1MKoBe Y ropkeM Aeny cvke u 0 0 0
horizontaliaxes atAand B respectively: YTBPAY HWXOBE CIUYHOCTW U Pa3NMKe Te Ha TeMerby
Find the coordinates of A Tora ogabepe nuk u3 Tabene - 0 0 1
EEE Ao Koju Tpe6a aa cTaBu Ha MecTo o X <& 0 1 0
. yAUTHMKa. 28 )
- Y kojoj ce pa3un namhera @ 2 0 L !
/ ofBWja peluaBarbe 3ajaTka @ @ o 1 0 0
<0 . MpukasaHor Ha cnuumu? : 1 0 1
) »y
Answer: ﬁ\“/,; Answer: P4 ||| E|  Answer: . 1 P
A=(0,-4), rd paaHo namhetbe; kpatkopouno | %] | (2 |q | ry]| 11101111
B=(8,0)/tan8=1/2 namherse R

Language: English | Subject: Math Language: Serbian | Subject: Psychology Language: Croatian | Subject: Computer Sci.

apply subject-specific reasoning. These requirements are further complicated in multilingual settings,
where models must operate across different scripts, terminology, educational formats, and language-
resource conditions. Figure 1 illustrates this diversity with examples from different languages and
subjects, including questions involving charts, maps, chemistry procedures, mathematical plots, visual
pattern reasoning, and truth tables. Therefore, evaluating multimodal models on realistic examination
material provides a useful setting for measuring both reasoning ability and robustness.

Existing benchmarks have made substantial progress toward evaluating multimodal reasoning. Some
focus on general visual question answering, while others target specific skills such as mathematical
reasoning with diagrams, scientific question answering, or multidisciplinary academic understanding [8,
9, 10]. Multilingual educational benchmarks such as EXAMS-V [11] further highlight the importance of
evaluating vision-language models beyond English-only settings. Nevertheless, many benchmarks rely
primarily on multiple-choice evaluation or focus on a single answer format. Real examination settings,
in contrast, include both option selection and free-form answer generation, and they vary in how much
visual information is needed to solve each question.

To address this gap, we organized the ImageCLEF 2026 Multimodal Reasoning task as part of the
ImageCLEF 2026 Lab. The task evaluates multilingual exam-style question answering from question
images and is divided into four tracks: Visual MCQ, Textual MCQ, Visual OpenQA, and Textual OpenQA.
This design separates the effect of answer format from the effect of visual content. The MCQ tracks
assess whether systems can select the correct option from a set of candidates, whereas the OpenQA
tracks require systems to generate the answer directly. The visual tracks contain questions with
diagrams, graphs, tables, or other figures, while the textual tracks contain questions without explicit
visual elements but still presented as image-rendered exam items.

The dataset contains 5,026 questions in six languages: English, Chinese, Bulgarian, Croatian, Italian,
and Serbian. It consists of 2,770 multiple-choice questions and 2,256 open-ended questions. The questions
were collected from publicly available examination materials and processed to extract question images,
gold answers, and metadata describing the presence and type of visual elements. The resulting data



was deduplicated and manually checked to ensure that the question crops, answers, and metadata were
suitable for evaluation. For the open-ended training split, we additionally repurposed multiple-choice
questions by removing answer options and using the corresponding answer text as the target.

The shared task was conducted in development and test phases. During development, participants
could submit to open-ended leaderboards and receive feedback. During the final phase, participants
submitted predictions to all four tracks under blind evaluation conditions. The submitted systems
covered a range of approaches, including zero-shot and few-shot prompting, fine-tuning, LoRA adap-
tation, self-consistency, answer extraction, test-time scaling, and language-specific prompting. The
results show that current systems can perform well on some multiple-choice settings, but open-ended
generation and multilingual visual reasoning remain challenging, with clear variation across languages
and tracks.

This paper provides an overview of the ImageCLEF 2026 Multimodal Reasoning task, including the
dataset construction process, task organization, evaluation measures, submitted systems, and final
results. By providing a multilingual benchmark with both multiple-choice and open-ended formats,
the task aims to support more realistic evaluation of vision-language models and to encourage further
research on robust multimodal reasoning over educational content.

2. Related Work

2.1. Multimodal Reasoning Benchmarks

Multimodal reasoning requires models to combine information from language, images, symbols, and
structured visual elements. This setting is central to many real-world tasks, including educational
assessment, chart and document understanding, scientific reasoning, and content analysis. Early visual
question answering benchmarks such as VQA [1] and CLEVR [2] established image-based question
answering as a standard evaluation paradigm, while later benchmarks introduced more complex
visual structures, readable text, and domain-specific reasoning requirements. Recent work has further
expanded multimodal evaluation to include charts, diagrams, tables, scientific figures, and document-like
layouts, reflecting the fact that many practical reasoning tasks cannot be solved from text or images
alone.

A number of recent benchmarks focus specifically on reasoning over complex multimodal inputs.
ScienceQA evaluates science question answering with textual and visual contexts [8], while MathVista
and MATH-V target visual mathematical reasoning over diagrams, tables, plots, and other structured
images [12, 9]. MMMU evaluates expert-level multimodal reasoning across multiple academic disciplines
and image types [13], and MLLM-COMPBench studies comparative reasoning over visual inputs [14].
These benchmarks show that current multimodal models still struggle with tasks that require precise
visual grounding, symbolic interpretation, and multi-step reasoning. However, many such datasets are
either primarily English-focused, domain-specific, or centered on a single evaluation format, which
limits their ability to capture the diversity of real educational assessments.

2.2. Educational and Multilingual Exam Benchmarks

Educational benchmarks provide a natural testbed for evaluating multimodal reasoning because exam
questions often combine text, visual information, subject knowledge, and answer constraints. M3Exam
introduced a multilingual and multilevel examination benchmark based on real human exams, covering
both text-only and multimodal questions [15]. EXAMS-V [11] extended this direction by introducing
a multilingual, multidisciplinary, multimodal benchmark of school-exam questions in image form,
covering multiple languages, subjects, and visual element types. Other recent resources further broaden
the evaluation landscape: Kaleidoscope focuses on in-language exam questions across many languages
and subjects [16], MDK12-Bench collects large-scale K-12 multimodal questions with difficulty and
explanation annotations [17], and several domain-specific benchmarks evaluate multimodal reasoning
in mathematics, science, and other educational settings.



These datasets highlight the importance of evaluating models beyond English and beyond generic
image understanding. Multilingual exam data introduces additional challenges, including script varia-
tion, language-specific terminology, different educational conventions, and uneven model performance
across high- and low-resource languages. This is particularly important for shared evaluations, where
the goal is not only to measure overall performance, but also to identify which languages, subjects, and
visual formats remain difficult for current systems. The ImageCLEF 2025 Multimodal Reasoning task
followed this motivation by evaluating systems on multilingual multiple-choice exam questions, using
EXAMS-V together with an additional test set [18]. The ImageCLEF 2026 task builds on this line of work
with a broader formulation: it keeps the multilingual educational setting, but extends the evaluation
beyond multiple-choice answering by adding open-ended answer generation and by separating visual
and textual questions into distinct tracks.

2.3. Multiple-Choice and Open-Ended Multimodal Question Answering

Most educational multimodal benchmarks rely heavily on multiple-choice evaluation. This format
has practical advantages: it supports straightforward accuracy-based scoring, reduces ambiguity in
evaluation, and allows direct comparison across systems. However, multiple-choice questions can also
make the task easier by allowing models to exploit answer candidates, eliminate unlikely options, or
rely on surface cues in the choices. In contrast, open-ended question answering requires models to
generate the answer directly, without access to predefined options. This setting better reflects many real
educational tasks, but it is also harder to evaluate because correct answers may vary in form, wording,
units, or notation.

Open-ended visual and document-based question answering has therefore received increasing at-
tention. TextVQA and OCR-VQA evaluate questions requiring text recognition from images [19, 20],
while InfographicVQA, ChartQA, and FlowVQA focus on visually structured documents, charts, and
flowcharts [21, 22, 23]. These datasets emphasize the importance of reading, grounding, and reasoning
over visual layouts. At the same time, open-ended evaluation remains challenging, especially when
answers are short, multilingual, mathematical, or semantically equivalent despite surface differences.
For this reason, open-ended evaluation often requires semantic metrics in addition to lexical overlap
metrics.

The ImageCLEF 2026 Multimodal Reasoning task combines both evaluation paradigms in a single
shared benchmark. The MCQ tracks evaluate option selection using accuracy, while the OpenQA
tracks evaluate free-form answer generation using text-generation metrics, with COMET as the official
ranking metric. This design makes it possible to compare how systems behave when answer options are
available versus when answers must be generated directly. It also enables separate analysis of visual and
textual questions, allowing the evaluation to distinguish between failures caused by visual reasoning,
language understanding, and answer generation.

3. Dataset

3.1. Data Sources

We collected the dataset from publicly available exam materials, covering levels from primary school
to high school. Most of the questions are aimed at high-school students. For Bulgarian, we used
high-school exam materials and added primary and middle-school Olympiad questions. The Chinese
data comes from Gaokao exams, while the English data was taken from Singaporean primary and
secondary school test papers. The Croatian, Italian, and Serbian data all come from Croatian national
high-school exams. The Italian and Serbian sets are parallel versions of the Croatian data, meaning
they contain the same exam questions translated into Italian and Serbian.



3.2. Data Extraction

Question extraction We used Gemini 3 Pro to identify the bounding box of each question on every
page of the input PDF. Once the bounding boxes were detected, the questions were cropped and saved
as image files using the OpenCV Python library.

Answer extraction We used Gemini 3 Flash to locate and extract the answer corresponding to each
question identified during the question-extraction step. We ensured that each PDF included answers
for the exam questions. In rare cases where an answer could not be found, the model was instructed to
return “NOT_FOUND”. All answers were extracted in LaTeX format and included only the final correct
answer, without step-by-step reasoning.

Metadata extraction We also used Gemini 3 Flash to extract question-level metadata. In particular,
the model identified whether a question contained visual elements and assigned the relevant category:
Diagram, Graph, Table, or Other/Figure.

Deduplication Finally, we deduplicated the collected data. We first detected exact duplicates using
MD5 hashes [24]. We then used the structural similarity index measure (SSIM) [25] to identify visually
similar images, followed by perceptual hashing (pHash) [26] to detect near-duplicates. When duplicates
were found, we kept the largest file as the representative image.

Verification We manually verified the extracted questions, answers, and metadata. First, we checked
the question crops and adjusted them when necessary so that each crop fully contained the corresponding
question. During this step, we also removed questions whose answer format differed from standard
multiple-choice or open-ended questions, such as drawing tasks, long explanations, and proofs. Next,
we reviewed the extracted answers. Most issues were related to LaTeX formatting, especially special
characters that were either not escaped or escaped incorrectly. Finally, we verified the extracted
metadata. This step was nearly perfect, with only two incorrect cases, both caused by overlaps between
neighbouring questions.

Repurposing MCQs In addition to the open-ended questions we collected, we also repurposed
MCQ-style questions from EXAMS-V [11] as open-ended questions. To do this, we removed the answer
choices from the question images and replaced the correct answer key with the corresponding answer
text. This repurposing was done to provide participants with additional training data.

3.3. Data Statistics

The dataset for this task contains a total of 5 026 questions’, comprising 2 770 multiple-choice questions
(MCQs) and 2 256 open-ended questions.

MCQ Data Table 1 presents the per-language distribution and key statistics of the MCQ test set. The
# Textual column reports the 1,653 MCQs without visual elements, which are used for the Textual
MCQ leaderboard, while the # Visual column reports the 1,117 MCQs with visual elements, which
are used for the Visual MCQ leaderboard. Table 2 shows the per-language visual element distribution.
Diagrams are the most frequent visual element in the MCQ test set, accounting for 644 out of 1,248
visual elements, followed by tables, graphs, and other visual elements.

'https://huggingface.co/collections/SU-FMI-Al/imageclef-2026-multimodal-reasoning



Table 1
MCQ test data statistics. Here, # Visual refers to questions with visual elements, and # Textual refers
to questions without visual elements.

Language ISO Family Grade #Subj. # Textual # Visual # Total Q.

English en Germanic 8-12 5 240 500 740

Chinese zh Sino-Tibetan 12 4 267 342 609

Bulgarian bg Slavic 4-12 11 451 110 561

Croatian hr Slavic 12 13 335 57 392

Serbian sr Slavic 12 11 187 54 241

Italian it Romance 12 10 173 54 227
Table 2

Visual element distribution of the MCQ test set. Note that a single question can contain multiple types
of visual elements.

Language ‘ Diagram Graph Table Other | Total

English 308 72 203 10 593
Chinese 249 55 51 17 372
Bulgarian 35 5 18 57 115
Croatian 18 15 10 15 58
Italian 17 15 8 15 55
Serbian 17 15 8 15 55

OpenQA Data Table 3 presents the per-language distribution of the open-ended questions across
the train, dev, and test splits. The OpenQA subset contains 2,256 questions in total and is split into
two parts corresponding to the different leaderboards: 1,049 textual questions and 1,207 questions with
visual elements. For the training data, we released repurposed MCQs, as described in Section 3.2, while
the dev and test sets were constructed from the collected real open-ended questions.. Table 4 shows
the distribution of visual elements across the OpenQA splits. Diagrams are the most frequent visual
element, appearing in 625 questions, corresponding to 51.78% of the visual OpenQA data, followed by
graphs, other figures, and tables. Since a single question may contain multiple visual elements, the
reported percentages do not sum to 100%.

Table 3

Number of open-ended questions with textual and with visual element data per language.
L ‘ Textual ‘ Visual

anguage
‘ Train Dev Test Total ‘ Train Dev Test Total

Bulgarian 50 75 75 200 84 50 75 209
Chinese 50 50 49 149 139 50 75 264
Croatian 50 75 75 200 96 50 75 221
English 50 75 75 200 66 50 75 191
Italian 50 25 75 150 87 20 74 181
Serbian 50 25 75 150 56 20 65 141

Total 300 325 424 1,049 528 240 439 1,207




Table 4
Visual element distribution of the open-ended train, dev, and test sets. Note that a single question can
contain multiple types of visual elements, therefore, percentages do not sum to 100%.

Visual Element ‘ Train Dev Test | Total Percentage

Diagrams 241 149 235 625 51.78%
Graphs 107 44 98 249 20.63%
Tables 92 35 71 198 16.40%
Other Figures 88 35 96 219 18.14%

4. Evaluation Framework

4.1. Task Organization

The task was organized in two phases. During the development phase, participants worked on open-
ended questions and were provided with repurposed MCQs as training data, along with a development
leaderboard that offered instant feedback on real open-ended questions. Submissions were made to two
separate leaderboards: Visual OpenQA, for questions containing visual elements, and Textual OpenQA,
for questions without visual elements.

In the test phase, we released new MCQ data and additional real open-ended questions as the test
dataset, together with metadata describing the visual components present in the questions. Participants
submitted their results to four leaderboards: Visual OpenQA, Textual OpenQA, Visual MCQ, and Textual
MCQ. Multiple submissions were allowed during this phase, but no feedback was provided. The final
rankings were determined based on each participant’s last submission at the end of the test phase.

This two-phase setup allowed participants to develop and tune their systems using feedback during
the development phase, while ensuring that final evaluation was performed under blind test conditions.

4.2. Evaluation Measures

The ImageCLEF 2026 Multimodal Reasoning task consists of two evaluation settings: multiple-choice
question answering (MCQ) and open question answering (OpenQA). The MCQ tracks are evaluated
using classification accuracy, while the OpenQA tracks are evaluated using text generation metrics.
This setup reflects the different objectives of the two tasks, where MCQ requires selecting a single
correct option and OpenQA requires generating a complete answer.

For the MCQ tracks, we use accuracy as the official evaluation metric. Accuracy is computed as the
percentage of questions for which the predicted answer exactly matches the gold answer. Since each
question has a single correct option, accuracy provides a direct and interpretable measure of system
performance across languages and subjects.

For the OpenQA tracks, systems generate free-form answers that are compared against the reference
answers using automatic text generation metrics. The official ranking metric is COMET [27], which
evaluates the semantic similarity between the generated and reference answers. In addition, we report
BLEU [28], ROUGE-L [29], and METEOR [30] to provide complementary lexical and sequence-level
evaluations. The leaderboards are ranked using the overall COMET score, while language-specific
COMET scores are also reported together with the additional metrics.

4.3. Baselines

As both the Visual MCQ and OpenQA tasks provide examination questions in image format, we first
extract the question text using the open-weight vision-language model Qwen/Qwen3.5-35B-A3B. The
extracted text is used as auxiliary OCR guidance rather than as a replacement for the original image. To
make training and inference feasible while preserving visual detail, images are resized only when they
exceed the preprocessing limits: a maximum total area of 4,194,304 pixels or a maximum long side of
16,777,216 pixels, while preserving the aspect ratio.



Both the MCQ and OpenQA pipelines fine-tune Qwen/Qwen3 . 5-9B? using supervised instruction
tuning with LoRA. After running several empirical experiments, the final configuration applies LoRA
only to the attention modules, with a rank of 32, an alpha of 32, a dropout rate of 0.0, a learning rate of
2 x 10~°, a maximum gradient norm of 0.5, a maximum sequence length of 512, gradient accumulation of
1, and two training epochs. The vision encoder is frozen in both pipelines, while the vision-to-language
projection varies depending on the pipeline. In the OpenQA pipeline, the vision-to-language projection
parameters are frozen, whereas in the MCQ pipeline, these projection layers remain trainable.

The MCQ model is trained on EXAMS-V?, where each training example consists of the original image
containing the question and answer options, followed by a multiple-choice instruction prompt. The
OpenQA model is trained on ImageCLEF-MR2026-OpenQA-Visual®, where each example consists of
the original image followed by an instruction prompt containing the extracted question text. The target
response is formatted as FINAL ANSWER: <LETTER> for MCQ and FINAL ANSWER: <ANSWER> for
OpenQA. During supervised fine-tuning, the prompt tokens are masked so that the loss is computed
only over the assistant’s response.

5. Overview of the Systems and Results

5.1. Competition Results

We report only the test leaderboards because participation during the development phase was very
limited. Tables 5 and 6 present the final results for the four competition tracks. The Visual MCQ track
attracted the largest participation, with nine teams submitting systems. The Textual MCQ track received
three submissions, while the Visual and Textual OpenQA tracks attracted eight and two participating
teams, respectively.

The Visual MCQ track achieved the highest overall performance among the four tracks. Team
spirosbax ranked first with an overall accuracy of 84.06%, followed by DS@GT with 79.86%. Both
systems consistently achieved strong results across all six evaluation languages, with the highest scores
generally observed for Italian, Croatian, and Bulgarian. In the Textual MCQ track, pratikpriyanshu
obtained the highest overall accuracy of 75.38%, followed by linxiaocan with 70.84%.

The OpenQA tracks were more challenging than the MCQ tracks, as systems were required to
generate complete answers instead of selecting from predefined options. In the Visual OpenQA track,
FAU achieved the highest overall COMET score of 0.6488, narrowly outperforming wangshou66
(0.6366). For the Textual OpenQA track, linxiaocan ranked first with a COMET score of 0.6563, ahead
of pratikpriyanshu (0.5285).

Across both MCQ and OpenQA tracks, performance varied across languages. Italian and English
generally achieved the highest scores in the MCQ tracks, whereas Chinese consistently obtained the
highest COMET scores in the OpenQA tracks. Bulgarian and Serbian remained comparatively more
challenging across most submissions, indicating that multilingual reasoning and generation continue to
present difficulties for current models.

5.2. Detailed System Descriptions

Table 7 presents an overview of the approaches used by the participants. In the rest of this section, we
present brief descriptions of the participant systems, the leaderboards in which they participated, and
relevant keywords. Teams are ordered alphabetically

*https://huggingface.co/Qwen/Qwen3.5-9B
*https://huggingface.co/datasets/ MBZUAI/EXAMS-V
*https://huggingface.co/datasets/SU-FMI- Al/ImageCLEF-MR2026-OpenQA- Visual
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Table 5
Results for the ImageCLEF 2026 MCQ tracks. Rankings are based on overall accuracy.

Visual MCQ
Rank Team Overall EN BG ZH HR IT SR
1 spirosbax 0.8406 0.8560 0.8909 0.7807 0.8772 0.9074 0.8704
2 DS@GT 0.7986 0.8520 0.8636 0.6725 0.8596 0.8704 0.8333
3 FAU 0.7108 0.7480 0.6909 0.6345 0.7368 0.8148 0.7593
4 baseline 0.6437 0.7440 0.3000 0.5936 0.6316 0.6852 0.7037
5 Zhaijinghe 0.6150 0.6760 0.6182 0.5351 0.6140 0.5926 0.5741
6 sjaini 0.5927 0.6920 0.5091 0.4415 0.5965 0.7222 0.6667
7 begyed 0.5774 0.6000 0.6636 0.4708 0.6667 0.7037 0.6481
8 linxiaocan 0.5560 0.6040 0.5455 0.5117 0.5088 0.5926 0.4259
9 pratikpriyanshu 0.5076 0.5720 0.4364 0.4181 0.5614 0.5556 0.5185
10 wether 0.4673 0.5460 0.5636 0.3187 0.4561 0.4815 0.4815
Textual MCQ
Rank Team Overall EN BG ZH HR IT SR
1 pratikpriyanshu 0.7538 0.8375 0.6763 0.6479 0.8030 0.8497 0.8075
2 linxiaocan 0.7084 0.7917 0.6098 0.6891 0.7552 0.7630 0.7326
3 baseline 0.6177 0.8292 0.1929 0.7116 0.7821 0.7861 0.7861
4 rafiulbiswas 0.6152 0.7125 0.4346 0.6629 0.6836 0.7341 0.6257

Table 6
Results for the ImageCLEF 2026 OpenQA tracks. Rankings are based on the overall COMET score. BLEU,
ROUGE-L, and METEOR are reported as additional evaluation metrics.

Visual OpenQA

# Team COMET COMET per language Additional metrics
BG ZH HR EN IT SR BLEU ROUGE-L METEOR
1 FAU 0.6488 0.6493 0.7287 0.6588 0.6499 0.6132 0.5838 0.1391 0.2762 0.2383
2 wangshou66 0.6366  0.6156 0.7012 0.6597 0.6519 0.5920 0.5929 0.1308 0.2717 0.2388
3 uned-martinez 0.5938 0.5721 0.5985 0.6390 0.5942 0.5767 0.5804 0.0980 0.2452 0.1842
4 liuzhe3085 0.5829  0.4947 0.6705 0.6612 0.6180 0.5317 0.5110 0.1556 0.3351 0.2295
5 baseline 0.5613  0.5585 0.4873 0.6046 0.6228 0.5423 0.5507 0.1078 0.2272 0.1777
6 wenlong 0.5497  0.5407 0.5758 0.5854 0.5311 0.5175 0.5470 0.0680 0.1713 0.1185
7 rafiulbiswas 0.5143  0.4798 0.4848 0.6167 0.4851 0.5031 0.5167 0.0735 0.2013 0.1331
8 linxiaocan 0.5117  0.4666 0.5150 0.5780 0.5038 0.5053 0.4998 0.0541 0.1434 0.0936
9 pratikpriyanshu  0.4286  0.4007 0.3688 0.4661 0.4626 0.4484 0.4248 0.0375 0.0993 0.0712
Textual OpenQA
# Team COMET COMET per language Additional metrics

BG ZH HR EN IT SR BLEU ROUGE-L METEOR

linxiaocan 0.6563 0.5634 0.7539 0.6559 0.6723 0.6703 0.6557 0.1871 0.3032 0.2139

2 baseline 0.6123 0.5837 0.5278 0.6694 0.6227 0.6363 0.6540 0.1764 0.3050 0.2102

3 pratikpriyanshu  0.5285 0.4309 0.4969 0.5553 0.5088 0.6097 0.5584 0.1142 0.2300 0.1591
DS@GT [32]

Tasks: Visual MCQ

Keywords: Qwen3.5-9B, Gemma 4 E2B, GRPO, LoRA, Supervised Fine-Tuning, Distillation
Description: The authors investigate training-time adaptation of open-source vision-language models
for multilingual Visual MCQ reasoning. Their primary system applies Group Relative Policy Opti-



Table 7

Overview of the approaches used by the participating systems. “Size” indicates the competition track in which
the submitted model belongs: Tiny (<7B parameters) or Normal (>8B parameters). “Models” lists the primary
vision-language backbones used by each team. “Prompting” summarizes the main prompting and reasoning
strategies. “Adaptation” indicates whether the system relies on zero-shot inference, model fine-tuning, or
reinforcement learning. “Data” denotes the use of data augmentation. “Misc.” includes additional techniques
such as LoRA, OCR, model ensembling, and memory optimization. A square () indicates that the corresponding
technique was employed by the system.
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MarsadLab [31]
DS@GT [32]
FAU [33]
linxiaocan [34]
liuzhe3085 [35]
Nika [36]
SRH-ReliableAl [37]
UNED-Martinez [38]
wenlong [39]
zhai [40]

mization (GRPO) to Qwen3.5-9B, exploring several reward formulations and subject-specific training
configurations that encourage correct predictions, valid answer formatting, and shorter reasoning traces.
The resulting model achieves second place on the Visual MCQ leaderboard with an overall accuracy of
79.86%. In addition, they study a smaller Gemma 4 E2B model adapted with LoRA-based supervised
fine-tuning on reasoning traces distilled from Gemma 4 31B, and perform ablation studies on prompt
design, decoding budget, and OCR augmentation. Their experiments show that GRPO consistently
improves answer validity and reduces excessive reasoning length, while supervised fine-tuning is
essential for improving smaller models and OCR provides mixed benefits depending on the evaluation
setting.

FAU [33]

Tasks: Visual MCQ, Visual OpenQA

Keywords: Candidate Label Scoring, Next-Token Logit Scoring, Weighted Score Fusion, Output Control,
Concise OpenQA Prompting, Ensembles, OCR, LoRA

Description: The authors propose an inference-engineering approach focused on controlling model
outputs rather than fine-tuning a single model. For Visual MCQ, they score the candidate directly
from next-token logits, producing reusable score vectors that can be merged across models through
weighted score fusion and voting. For Visual OpenQA, they use enhanced images, concise no-reasoning
prompts, deterministic decoding, and answer cleanup to remove reasoning traces, XML-like tags, answer
prefixes, and formatting artifacts. The cleaned answers from several Qwen-family models are then
combined through COMET-weighted answer-level ensembling, including position-weighted clustering
and union-based variants. The paper also reports important negative findings: LORA/QLoRA fine-tuning
on limited heterogeneous data and raw OCR prompt injection both reduced performance.



linxiaocan [34]

Tasks: Visual MCQ, Textual MCQ, Visual OpenQA, Textual OpenQA

Keywords: Qwen3-VL-8B, Extract-Verify-Answer, QLoRA, Text Verification, Reinforcement Learning,
Agent-Based Pipeline

Description: The authors investigate several approaches for multilingual exam question answering,
including zero-shot prompting, OCR-assisted prompting, QLoRA fine-tuning, reinforcement learning,
agent-based reasoning, and a multi-stage extract-verify-answer (EVA) pipeline. Their main system
decomposes the MCQ task into three stages: extracting structured evidence from the exam image,
verifying the extracted text against the original image to correct OCR errors and preserve option order,
and answering using both the image and the cleaned context. This structured prompting strategy
improves MCQ performance over the zero-shot baseline and is used for their official MCQ submissions,
where the team ranks second on the Textual MCQ leaderboard with 0.7084 accuracy and seventh on the
Visual MCQ leaderboard with 0.5560 accuracy. For OpenQA, the authors find QLoRA fine-tuning more
effective than prompt-only methods, especially for short-answer generation, and submit a full-data
fine-tuned model. This system ranks first on the Textual OpenQA leaderboard with a COMET score of
0.6563 and seventh on the Visual OpenQA leaderboard with a COMET score of 0.5117. Their analysis
shows that fine-tuning helps OpenQA more than MCQ, while visual MCQ remains limited by diagram
understanding, OCR noise, option-order errors, and answer instability.

liuzhe3085 [35]

Tasks: Visual OpenQA

Keywords: Qwen2-VL-7B, Question Reconstruction before Answering (QRA), Cross-lingual Prompting,
High-Resolution Processing, Memory Optimization

Description: The authors propose a lightweight Visual OpenQA system based on Qwen2-VL-7B that
combines a two-stage Question Reconstruction before Answering (QRA) prompting strategy with
hardware-aware memory optimization. The QRA framework first reconstructs the missing textual
context from the input image before performing cross-lingual chain-of-thought reasoning, reducing
the modality gap between visual perception and language generation. To improve recognition of
fine-grained visual content under the task’s hardware constraints, the authors employ dynamic high-
resolution image processing together with GPU memory optimization, enabling stable inference without
external OCR or additional fine-tuning. Their ablation study shows that both high-resolution processing
and the QRA prompting strategy contribute substantially to performance, resulting in a fourth-place
ranking on the Visual OpenQA leaderboard with an overall COMET score of 0.5829.

MarsadLab [31]

Tasks: Textual MCQ, Visual OpenQA

Keywords: Qwen2.5-VL-7B, Qwen3-VL-8B, LoRA, QLoRA, Letter-Logit Scoring, Native-Language Prompt-
ing, Self-Consistency

Description: The authors participate in the Textual MCQ and Visual OpenQA subtasks. For Textual
MCQ, they fine-tune Qwen2.5-VL-7B-Instruct with 4-bit NF4 quantization and LoRA adapters on a
language-filtered subset of EXAMS-V containing text-only questions in the six target languages. To
handle language imbalance, they cap the number of training examples per language and train the
model to predict only the final answer letter. At inference time, they avoid free-form generation and
instead use a single forward pass to score the logits of candidate answer letters A-D, aggregating over
common token variants. This makes the system faster and prevents invalid answer formats, leading to a
third-place ranking on the Textual MCQ leaderboard with 0.6152 overall accuracy. For Visual OpenQA,
they use Qwen3-VL-8B-Instruct through vLLM with native-language prompts and an explicit tagged
answer format. They compare zero-shot chain-of-thought prompting, five-sample self-consistency, and
subject-specialized prompts, and submit the self-consistency setting for the final run. Their answer
extraction combines answer-tag parsing, multilingual final-answer patterns, and a last-line fallback,



followed by normalization for voting. The system ranks sixth on the Visual OpenQA leaderboard with
an overall COMET score of 0.5143, with Bulgarian reported as the weakest language in both subtasks.

Nika [36]

Tasks: Visual MCQ

Keywords: Qwen3.5-4B, Qwen2.5-VL-7B, Test-Time Scaling, Self-Consistency, Process Reward Models,
Beam Search

Description: The authors investigate test-time scaling strategies for multilingual Visual MCQ reasoning
using small open-source vision-language models. They compare self-consistency, describe-then-reason
with PRM-guided beam search, and post-hoc answer selection using both generative critics and process
reward models. Their experiments show that increasing the decoding budget and improving answer
parseability contribute substantially more than increasing the number of sampled reasoning chains or
using more sophisticated search and verification methods. The final system employs Qwen3.5-4B with
self-consistency, an increased decoding budget, and guided answer repair, achieving first place on the
Visual MCQ leaderboard with an overall accuracy of 84.06%. The authors further report that neither
PRM-guided beam search nor trained reward models consistently outperform simple majority voting,
highlighting the importance of strong base models and efficient inference over more complex test-time
reasoning strategies.

SRH-ReliableAl [37]

Tasks: Textual MCQ, Visual MCQ, Textual OpenQA, Visual OpenQA

Keywords: Qwen3-VL-8B-Thinking, QLoRA Fine-Tuning, Thinking Tokens, Subject-Aware Prompting,
Language-Matched Instructions, Multi-Stage Answer Extraction, Self-Consistency Voting)

Description: The authors propose a fine-tuning-based pipeline built around Qwen3-VL-8B-Thinking,
a vision-language model with built-in chain-of-thought reasoning through explicit thinking tokens.
The core system applies QLoRA fine-tuning on 16,300 EXAMS-V multiple-choice samples, using 4-bit
quantization and LoRA adapters across the model’s linear layers to adapt the model efficiently for
multilingual exam question answering. At inference time, the authors combine this fine-tuned thinking
model with subject-aware prompting, which injects domain context from the question metadata, and
language-matched answer instructions, which encourage the model to answer consistently in the
language of the input question. The paper also reports several useful design observations beyond the
final system: direct, thinking, and decomposed prompts were compared; token budget was shown to be
critical for thinking models.

UNED-Martinez [38]

Tasks: OpenQA

Keywords: Qwen2.5-VL-7B, Vision-Language Models, Hybrid Per-Language Prompting, Zero-Shot Infer-
ence, Chain-of-Thought prompting

Description: The authors propose a zero-shot multilingual Visual OpenQA pipeline based on Qwenz2.5-
VL-7B-Instruct. Instead of using a single prompt across all languages, they introduce a per-language
prompting strategy, where English and Bulgarian use concise English prompts, while Chinese, Croatian,
Italian, and Serbian use prompts written in the corresponding native language. A normalization and
validation pipeline is applied to remove answer prefixes, reasoning traces, markdown artifacts, and
invalid outputs before submission. Their ablation study shows that this asymmetric prompting strategy
outperforms uniform English prompting and chain-of-thought variants, leading the system to rank
third on the Visual OpenQA final-phase leaderboard.



wenlong [39]

Tasks: OpenQA

Keywords: Qwen2.5-VL-7B, GPT-Assisted Multilingual Data Augmentation, Fine-Tuning, Visual Encoder
Tuning, LoRA

Description: The authors propose a data-centric adaptation pipeline for multilingual Chart-VQA using
Qwen2.5-VL-7B. Their main idea is to address the scarcity of task-specific training data by generating
multilingual question—-answer pairs for each chart image using GPT-assisted augmentation, followed
by human verification to preserve factual correctness and semantic fidelity. The augmented data is then
used to fine-tune the model with a hybrid strategy: the vision encoder and projection layers are fully
fine-tuned to better capture chart-specific elements such as axes, legends, labels, and data markers,
while LoRA is applied to the language model component to preserve general linguistic ability with
fewer trainable parameters. This combination of curated multilingual expansion and targeted visual
adaptation leads to consistent improvements, ranking fifth on the Visual OpenQA leaderboard.

zhai [40]

Tasks: MCQ

Keywords: Qwen3-VL-4B-Thinking, Structured CoT, Self-Consistency Voting, Zero-Finetuning, Multi-Stage
Answer Extraction, OCR-then-Reason, Few-Shot

Description: The authors explore how far a single small open-weight thinking VLM can be pushed on
multilingual Visual MCQ reasoning under a without fine-tuning. Their final system uses Qwen3-VL-
4B-Thinking as the only inference backbone. The authors apply five-sample self-consistency voting at
low temperature, with deterministic tie-breaking based on a hash of the image path. They also design
a multi-stage answer extractor that removes the thinking block, maps Cyrillic option labels to Latin
A-E, applies a regex cascade, and falls back to a reverse scan when needed. Beyond the final system,
the paper reports several useful negative results: language-aware prompting, higher image resolution,
few-shot prompting, OCR-then-reason, GRPO, and LoRA SFT did not provide stable gains in their
screening experiments. The submitted system uses Structured CoT, self-consistency with five samples,
1024-pixel image preprocessing, and deterministic answer extraction, reaching fourth place with 0.6150
accuracy on the official test set.

6. Conclusion and Future Work

We presented the ImageCLEF 2026 Multimodal Reasoning task, a shared benchmark for evaluating
multilingual exam-style question answering with vision-language models. The task extends the previous
ImageCLEF multimodal reasoning setting by covering both multiple-choice and open-ended question
answering, with separate tracks for visual and textual questions. The dataset contains 5,026 questions
across six languages and includes diagrams, graphs, tables, figures, and text-only exam items rendered
as images. The results show that current systems perform better in multiple-choice settings than
in open-ended generation. The strongest submissions reached 84.06% accuracy on Visual MCQ and
75.38% accuracy on Textual MCQ, while the best OpenQA systems achieved COMET scores of 0.6488
on Visual OpenQA and 0.6563 on Textual OpenQA. Participant systems used a range of strategies,
including prompting, LoORA/QLoRA fine-tuning, self-consistency, test-time scaling, answer extraction,
and multi-stage reasoning pipelines. Across tracks, performance varied substantially by language and
answer format, indicating that multilingual visual reasoning and direct answer generation remain
challenging.

Future work will focus on expanding the benchmark to more languages, subjects, and visual formats,
especially for underrepresented scripts and educational contexts. We also plan to improve open-ended
evaluation through stronger normalization and semantic matching, and to provide more detailed
diagnostic analyses by language, subject, grade level, answer type, and visual element category.
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