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Abstract
This paper provides an overview of the fourth edition of the Medical Visual Question Answering for the Gastroin-
testinal Tract (MedVQA-GI) challenge, hosted at ImageCLEF 2026. Building on insights gained from the previous
three editions, this year’s challenge shifts focus from data and image generation toward trustworthy multimodal
reasoning in realistic clinical settings. The challenge comprises two tasks: (1) clinically relevant Visual Question
Answering (VQA) over gastrointestinal (GI) endoscopy images, and (2) multimodal explainability and safety-aware
reasoning, where models must justify their answers using textual explanations and visual evidence while adhering
to clinical safety principles. A dedicated behavioral safety evaluation examines undesirable model behaviors
such as overconfidence, hallucinations, and misleading explanations. The challenge builds on Kvasir-VQA-x1,
an expanded version of the Kvasir-VQA dataset comprising more than 150,000 question-answer pairs derived
from GI endoscopy images. Submissions are evaluated using a combination of automatic text-generation metrics,
expert-based assessment, and behavioral safety evaluation. This paper details the tasks, data, and evaluation
methodology, summarizes the participating systems, and reports the results of Task 1. The competition repository
is at: github.com/simula/ImageCLEFmed-MEDVQA-GI-2026.
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1. Introduction

The fourth edition of the Medical Visual Question Answering for the Gastrointestinal Tract (MedVQA-
GI) challenge at ImageCLEF continues our focus on advanced image-based machine learning for
gastrointestinal (GI) diagnostics. Building on insights and outcomes from the previous three editions,
this year we shift focus from data and image generation toward trustworthy multimodal reasoning in
realistic clinical settings. Models must not only answer clinically relevant questions from GI endoscopy
images, but also justify their answers in a manner aligned with medical reasoning while adhering to
clinical safety principles. The challenge explicitly addresses emerging concerns related to overconfidence,
hallucinations, and misleading explanations in medical AI systems.

Machine learning has long been applied to support lesion detection in gastrointestinal (GI) images [1,
2, 3, 4, 5, 6, 7, 8, 9, 10, 11]. Historically, most efforts have centered on identifying abnormalities
such as polyps in image or video data [12, 13, 14, 15, 16, 17, 18], and multiple shared tasks have
advanced the field through organized benchmarking [19, 20, 21, 22, 23]. As such systems move closer
to clinical deployment, attention has shifted from raw predictive accuracy toward trustworthiness:
models should be interpretable, well-calibrated, and safe, avoiding overconfident or misleading outputs
that could distort clinical decision-making. To reflect these concerns, and by integrating behavioral
safety evaluation and retrieval-augmented reasoning, this year’s MedVQA-GI challenge centers on
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Figure 1: Examples from the development dataset provided by the challenge organizers. The images
represent various types of findings and contexts.

clinically relevant VQA paired with explainable, safety-aware reasoning. All data and supporting code
are available in our public repository1.

The remainder of this paper is organized as follows. First, we describe the dataset and its structure.
Then, we present the two challenge tasks along with the evaluation methodology, followed by a
description of the submission system. Finally, we conclude with the goals and expected outcomes of
this year’s challenge.

2. Dataset

The data used in this year’s challenge is based on Kvasir-VQA-x1 [24, 25], an expanded version of
the Kvasir-VQA [26] dataset, which itself builds on the publicly available HyperKvasir [27] dataset.
Kvasir-VQA-x1 comprises more than 150,000 question-answer pairs derived from gastrointestinal (GI)
endoscopy images covering a wide range of anatomical sites and pathological findings. Crucially, the
dataset supports both answer prediction and explainability evaluation, making it suitable for clinically
relevant VQA as well as the generation and assessment of multimodal justifications. Examples from the
dataset can be seen in Figure 1. The development dataset is publicly available2.

The questions span multiple types and reflect clinically relevant scenarios, ranging from diagnostic
and descriptive queries to questions requiring classification, reasoning, spatial localization, and attribute
recognition. This diversity helps models generalize to real-world diagnostic tasks. As in previous
editions, the test set is drawn from a separate, unreleased collection of GI images sampled from sources
not included in the development set. This ensures the test data is distributionally distinct and unseen,
allowing us to better evaluate the generalization performance of participating systems under realistic
conditions.

3. Tasks and Evaluation

This year, MedVQA-GI is made up of two tasks: answering clinically relevant questions from GI
endoscopy images, and producing explainable, safety-aware justifications for those answers. The

1https://github.com/simula/ImageCLEFmed-MEDVQA-GI-2026
2https://datasets.simula.no/kvasir-vqa-x1



evaluation differs for each task and combines objective metrics with expert-based assessment.

3.1. Task 1: Clinically Relevant Visual Question Answering

This task asks participants to develop algorithms that accurately answer clinically relevant questions
based on gastrointestinal (GI) endoscopy images from the Kvasir-VQA-x1 dataset [24, 25]. Models
must correctly interpret both the visual findings and the intent of the question to produce concise
and medically sound answers, with a focus on the diagnostic and descriptive questions commonly
encountered in clinical practice. Performance is assessed using automatic metrics that capture both
answer correctness and language quality:
METEOR [28] Evaluates text generation by aligning predicted and reference outputs based on exact,

stem, synonym, and paraphrase matches.
ROUGE (1/2/L) [29] A set of metrics for comparing overlapping n-grams between generated and

reference texts. ROUGE-1 and ROUGE-2 measure unigram and bigram overlap, respectively,
while ROUGE-L captures the longest common subsequence.

BLEU [30] Measures n-gram precision between generated and reference texts, with a brevity penalty
to penalize overly short outputs.

In addition to these lexical metrics, we complement the evaluation with an LLM-as-a-judge protocol, in
which a large language model (Qwen3-27B) rates each generated answer against the reference along five
clinically motivated dimensions (correctness, faithfulness, clinical relevance, clarity, and completeness)
on a 0–10 scale. This provides a semantic, format-tolerant view of answer quality that is less sensitive
to surface wording than the lexical metrics.

3.2. Task 2: Multimodal Explainability and Safety-Aware Reasoning

This task extends standard VQA by requiring participants to generate coherent multimodal justifications
that combine textual explanations with visual evidence drawn from the image. Explanations should
reflect established medical reasoning and remain factual, consistent, and clinically safe. In addition to
producing an answer, models are asked to provide a clinician-oriented textual explanation referencing
relevant visual cues (location, morphology, color, size, vascular pattern, and similar), and, where possible,
visual grounding artifacts such as heatmaps, segmentation masks, or bounding boxes that localize the
evidence supporting the answer.

To assess model performance, we combine automatic measures with expert-based assessment of
explanation quality, interpretability, clinical plausibility, and safety. A dedicated behavioral safety
evaluation examines whether generated answers and explanations exhibit problematic behaviors such
as hallucination, overconfidence, or unsafe clinical recommendations, optionally drawing on model-
reported confidence or uncertainty estimates for calibration analysis. An online leaderboard provides
rapid evaluation feedback to nurture a competitive environment.

4. Submission System

Submissions follow a different workflow for each task. For Task 1, models are submitted and val-
idated through the medvqa Python package3 against the official system, ensuring fair compari-
son and reproducibility. Participants place their trained model in a gated Hugging Face reposi-
tory together with a standalone submission_task1.py script, validate it locally with medvqa
validate –competition=gi-2026 –task=1, and then register an official submission with medvqa
validate_and_submit –competition=gi-2026 –task=1. Once submitted, the participant’s
username, task, and submission time appear on the public portal4, which also serves as the registered
leaderboard.

3https://pypi.org/project/medvqa/
4https://simulamet-medvqa-gi-2026.hf.space



Table 1
An overview of the submissions to each task at MedVQA-GI.

MedVQA 2023 MedVQA 2024 MedVQA 2025 MedVQA 2026

# Registrations 26 22 31 26
# Task Participation 8 2 5 8
# Paper Submissions 6 2 5 5

For Task 2, participants submit their results directly to the organizers by email as a ZIP archive. The
archive contains a submission_task2.jsonl file with one JSON object per validation item (including
the answer, a clinician-oriented textual explanation, an optional list of visual-explanation artifacts,
and an optional confidence score in [0, 1]), together with a submission_task2.py file holding team
metadata. Submissions are evaluated by the organizers and final results are presented at the workshop.

5. Participation

In total, 26 teams registered for the challenge. Eight teams submitted runs to Task 1, and five of these also
submitted working notes papers [31, 32, 33, 34, 35]; the remaining three participated on the leaderboard
only. Table 1 shows an overview of the participation this year alongside the numbers from previous
editions. Three of the five (IReL, CS_Morgan Lab, and CARES) additionally developed explainability and
safety-aware systems for Task 2. As in previous years, many who registered did not go on to submit,
which remains a common pattern. Consistent with the more demanding, trustworthiness-oriented focus
of this edition, the teams that did submit engaged deeply with the clinically grounded and safety-aware
aspects of the challenge.

6. Results

Eight teams submitted runs to Task 1. Table 2 reports the lexical metrics and Table 3 the LLM-as-a-judge
scores, in both cases on the public (Kvasir-VQA-test) and private test sets. Five teams accompanied
their submissions with working notes, and we summarize their approaches below, ordered by public
ROUGE-1. The remaining three participated on the leaderboard only: OmniMed (a masked-diffusion
Qwen2.5-VL variant), Something Creative (a BM25 and ConceptCLIP retrieval pipeline with reciprocal-
rank fusion), and SR0112 (a BiomedCLIP retrieval baseline). As noted above, the Task 2 explainability
and safety evaluation is conducted separately, with results presented at the workshop.

The most striking pattern is a sharp reversal between the two test sets. Systems that topped the
public leaderboard by fine-tuning or post-processing toward the compact, label-style public answers
(for example, CARES and the RAG systems, with public ROUGE-1 above 0.80) collapse on the private set,
whose references are written as full natural-language clinical sentences. Conversely, a retrieval-only
system that returns training answers verbatim (Something Creative) achieves the best private scores,
and the lightweight IReL model, which was not tuned to the public label format, generalizes best among
the other teams on the private set. The LLM-as-a-judge scores are more robust to this format mismatch
than the lexical metrics (faithfulness in particular remains high across both sets), but they too decline
on the private set as question complexity increases. We return to these observations in the discussion.

6.1. Team CARES

Team CARES [34] achieved the top public-leaderboard scores (public ROUGE-1 of 0.89) using a training-
free, inference-time reliability layer built on a frozen Florence-2-base model with a public LoRA adapter,
without fine-tuning the backbone. For Task 1, a deterministic concise-normaliser maps the model’s
verbose outputs into canonical answer forms (procedure type, abnormality class, colour codes, and
similar). For Task 2, they add a calibrated per-(aspect, answer) reliability table fit by empirical-Bayes



Table 2
Task 1 lexical metrics on the public (Kvasir-VQA-test) and private test sets. B-1/B-2: BLEU-1/BLEU-2; R-1/R-2/R-L:
ROUGE-1/ROUGE-2/ROUGE-L; MET: METEOR. For all metrics, higher is better (↑); the best value in each
column on the private test set is shown in bold. Teams are ordered by public ROUGE-1; † marks the three teams
that submitted runs without accompanying working notes.

Team Set B-1 ↑ B-2 ↑ R-1 ↑ R-2 ↑ R-L ↑ MET ↑

CARES Public 0.7480 0.6350 0.8932 0.1325 0.8882 0.4979
Private 0.0005 0.0002 0.1069 0.0125 0.1054 0.0382

TUW_AIR22 Public 0.7300 0.5600 0.8400 0.0900 0.8200 0.4600
Private 0.0000 0.0000 0.1300 0.0100 0.1300 0.0400

UIT_NEWRON Public 0.6397 0.5468 0.8016 0.0914 0.8003 0.4354
Private 0.0005 0.0002 0.1369 0.0067 0.1354 0.0465

OmniMed† Public 0.2549 0.1910 0.6641 0.0287 0.6639 0.3272
Private 0.0001 0.0000 0.1382 0.0012 0.1379 0.0435

IReL, IIT (BHU) Public 0.1748 0.0996 0.6011 0.0581 0.5987 0.3744
Private 0.2500 0.2000 0.3900 0.2500 0.3500 0.4800

CS_Morgan Lab Public 0.1918 0.1185 0.5160 0.0095 0.5052 0.2594
Private 0.0035 0.0022 0.1987 0.0232 0.1916 0.0864

Something Creative† Public 0.0300 0.0000 0.0500 0.0000 0.0500 0.0500
Private 0.5200 0.4000 0.5700 0.3600 0.5300 0.5200

SR0112† Public 0.0032 0.0000 0.0178 0.0000 0.0180 0.0267
Private 0.1537 0.0721 0.1476 0.0322 0.1243 0.1211

Table 3
Task 1 LLM-as-a-judge scores (Qwen3-27B, five dimensions on a 0–10 scale) on the public and private test sets.
Corr.: correctness; Faith.: faithfulness; Clin.: clinical relevance; Clar.: clarity; Compl.: completeness. For all
dimensions, higher is better (↑); the best value in each column on the private test set is shown in bold. Teams are
ordered as in Table 2; † marks teams without accompanying working notes.

Team Set Corr. ↑ Faith. ↑ Clin. ↑ Clar. ↑ Compl. ↑

CARES Public 8.82 9.61 9.50 9.83 9.68
Private 5.50 9.05 5.12 7.46 5.21

TUW_AIR22 Public 8.35 9.59 9.43 9.85 9.33
Private 5.06 8.71 5.14 7.43 5.01

UIT_NEWRON Public 7.92 9.64 8.92 9.94 8.87
Private 5.11 8.68 5.00 7.26 5.14

OmniMed† Public 7.16 8.43 7.92 9.28 7.76
Private 4.97 8.35 4.47 6.96 4.49

IReL, IIT (BHU) Public 7.49 8.25 7.81 7.48 8.40
Private 6.49 4.95 6.12 6.08 8.22

CS_Morgan Lab Public 7.19 8.88 8.16 9.77 8.11
Private 5.35 9.15 5.03 7.59 5.06

Something Creative† Public 3.34 5.23 5.01 8.74 4.52
Private 6.12 8.07 7.71 9.52 8.26

SR0112† Public 2.58 4.27 2.90 6.01 3.54
Private 0.89 2.59 1.41 6.79 1.19

shrinkage, a self-probing explanation template gated to avoid attributing findings to negative cases,
referring-expression segmentation for visual grounding, and an assert/hedge/abstain safety policy
with a Clopper–Pearson selective-risk guarantee. Their heavy reliance on public-format normalisation,
however, caused a large drop on the private test.

6.2. Team TUW_AIR22

Team TUW_AIR22 [35] participated in Task 1 with a retrieval-augmented generation (RAG) approach,
submitting several configurations. Their strongest run couples a Qwen2.5-VL-7B model using the
SimulaMet fine-tuned LoRA adapter with selective BM25 retrieval that supplies structured clinical



evidence for anatomy, abnormality, and procedure questions while disabling retrieval for purely visual
questions such as colour and location; a hybrid variant additionally retrieves visually similar images
with ColQwen2 embeddings. Extensive post-processing normalises outputs to canonical forms, which
yielded strong public performance (ROUGE-1 of 0.84) but limited generalisation to the private set’s
natural-language references.

6.3. Team UIT_NEWRON

Team UIT_NEWRON [33] fine-tuned Qwen2.5-VL-7B-Instruct via 4-bit QLoRA in an NF4 configuration
and paired it with an extensive rule-based post-processor. Their pipeline groups all questions for the
same image and issues targeted context queries (polyp presence, finding type, procedure) to build
a per-image context cache before applying deterministic rules, enforcing consistency across related
answers. A post-competition failure analysis identified branch-ordering and context-gating fragilities
under distribution shift, which they subsequently diagnosed and corrected. The system reached a public
ROUGE-1 of 0.80 but, like other post-processing-heavy systems, degraded sharply on the private test.

6.4. Team IReL, IIT (BHU)

Team IReL, IIT (BHU) [31] took a deliberately lightweight route, combining a frozen InceptionV3 image
encoder, a Bio_ClinicalBERT question encoder, and a BioGPT decoder joined by a learned prefix-fusion
layer, with beam search under no-repeat n-gram constraints. For Task 2, they extend the framework
with Grad-CAM-based visual grounding, token-level confidence estimation, Monte Carlo dropout for
uncertainty quantification, and semantic alignment analysis. Because the model was not tuned to the
compact public answer format, it generalized notably better than the fine-tuned VLMs on the private set,
where it recorded the second-highest private METEOR (0.48) of all teams, behind only the Something
Creative retrieval baseline.

6.5. Team CS_Morgan Lab

Team CS_Morgan Lab [32] fine-tuned Qwen2.5-VL-7B-Instruct with 4-bit QLoRA, continuing from
the SimulaMet Kvasir-VQA-x1 adapter, and combined it with strict label-only, question-type-aware
prompting and a canonical-answer normaliser. This design strongly suppressed hallucination: its
LLM-judged faithfulness stayed high on both sets and was the highest of all teams on the private set
(9.15, versus 8.88 on the public set), though the label-only constraint limited lexical overlap with the
private set’s descriptive references. For Task 2, they fine-tuned MedGemma-4B-IT with QLoRA to
produce a structured four-field response (answer, justification, confidence, and safety note) conditioned
on the Task 1 prediction, and integrated a SAM segmenter fine-tuned on Kvasir-SEG to supply polyp
masks and bounding boxes, gated to suppress localization for negative findings.

7. Discussion

Across Task 1, most teams built on large vision-language models adapted with parameter-efficient
QLoRA fine-tuning, with Qwen2.5-VL-7B the most common backbone and Florence-2 also represented,
and several teams paired the model with deterministic rule-based post-processing that maps free-form
generations into the concise clinical answer format. The range of approaches was unusually diverse
this year, also including retrieval-augmented generation (TUW_AIR22), pure retrieval baselines over
biomedical embeddings (SR0112 and Something Creative), and a masked-diffusion language model with
bidirectional attention (OmniMed).

The dominant finding is a large and systematic gap between the public and private test sets. On
the public split, the leading systems exceeded a ROUGE-1 of 0.80 (up to 0.89), yet the same systems
fell below 0.15 on the private split. The teams’ own analyses attribute this to a difference in answer
annotation style rather than model quality: the public references are compact labels (for example,



“none” or “colonoscopy”), whereas the private references are full natural-language clinical sentences.
Systems that fine-tuned or post-processed toward the compact public format could not reproduce
the descriptive private answers, while a retrieval baseline that returns training answers verbatim
rose from near the bottom of the public leaderboard to the top of the private one. This underscores
a limitation of surface-level lexical metrics for this task, as they conflate answer correctness with
formatting conventions. The LLM-as-a-judge scores were more robust: faithfulness remained high
(often above 8 out of 10) even where lexical scores collapsed, indicating that models were generally not
hallucinating but rather mismatching the expected answer form. Even so, judge scores on all systems
still declined on multi-aspect (dual- and triple-aspect) questions, which remain the hardest setting. A
clear lesson for future editions is to align the annotation style of the public and private references, or to
report complementary metrics that are robust to formatting.

In response to this year’s emphasis on trustworthy reasoning, several teams introduced techniques
that were largely absent from previous editions, including confidence calibration, structured and
self-probing explanation templates, uncertainty quantification, visual grounding via Grad-CAM or
segmentation, and explicit assert/hedge/abstain safety policies; the corresponding Task 2 explainability
and safety results are presented at the workshop. Although the challenge attracted a healthy number of
registrations, the number of completed submissions remained modest, consistent with previous editions
and reflecting the technical and resource demands of the tasks. The trustworthiness focus of Task 2, in
particular, asks participants to move beyond raw predictive accuracy, and the submissions this year
suggest that the community is beginning to engage seriously with explainability and safety in medical
VQA.

8. Conclusion

This paper presented the 2026 edition of the MedVQA-GI challenge, held as part of ImageCLEF. The
fourth edition shifts focus from data and image generation toward trustworthy multimodal reasoning,
comprising two tasks: clinically relevant VQA and multimodal explainability with safety-aware reason-
ing. By combining automatic metrics, expert assessment, and a dedicated behavioral safety evaluation
over the large-scale Kvasir-VQA-x1 dataset, the challenge aims to promote the development of reliable,
interpretable, and clinically robust VQA systems for endoscopy. Five teams submitted working notes to
this edition; we summarize their approaches and report the Task 1 results, while the Task 2 explainability
and safety evaluation is finalized separately and presented at the workshop.
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