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Abstract

The clinical adoption of artificial intelligence in gastroenterology remains limited by the lack of in-
terpretability in existing Visual Question Answering (VQA) systems. Although recent self-probing
approaches can generate textual explanations, they often lack explicit grounding in relevant visual
evidence. To address this limitation, we propose a boundary-guided multimodal reasoning framework for
explainable gastrointestinal VQA. We employ a YOLO26-seg model to localize precise object boundaries
around polyps and clinical instruments, preserving internal textures while highlighting diagnostically
relevant regions. A fine-tuned Qwen3.5-4B model leverages these boundary-enhanced images to perform
progressive visual reasoning, while a two-stage self-probing strategy combined with a Qwen3.5-35B-A3B
explanation module produces coherent clinical justifications for the final predictions. Experiments on
the Kvasir-VQA-x1 dataset demonstrate that the proposed framework improves both VQA performance
and explanation quality compared with baseline methods and conventional visual grounding strategies,
offering a more trustworthy approach to gastrointestinal decision support.

1. Introduction

Medical Visual Question Answering (VQA) has emerged as a promising approach for developing
clinical decision support systems in endoscopy [1, 2, 3]. By leveraging vision-language models
(VLMs), medical VQA combines natural language processing with image understanding to
answer complex diagnostic questions [4, 5, 6]. Recent benchmark initiatives, such as Image-
CLEF 2026 [7] and the MediaEval Medico 2026 Challenge [8], underscore a growing demand
for multimodal AI systems that not only deliver high diagnostic accuracy but also provide
interpretable clinical support. Specialized datasets, such as Kvasir-VQA [9], further support this
goal by providing dedicated benchmarks for reasoning within gastrointestinal imaging.

Despite the potential of VQA models, their integration into real-world clinical workflows
is severely hindered by their "black-box" nature, which lacks the interpretability required
for trustworthy medical diagnosis [10, 11]. While recent methods [12] have utilized prompt-
based self-probing to generate textual justifications, they suffer from a significant limitation: a
lack of explicit visual grounding. Without the direct localization of anatomical landmarks or
pathologies, text-only reasoning often creates a disconnect where generated explanations fail
to accurately reflect the underlying visual evidence, ultimately reducing clinical trust in the
AT’s predictions.

To overcome these limitations, we propose a boundary-guided multimodal reasoning frame-
work designed to enhance explainable gastrointestinal VQA. Our framework uses a YOLO26-seg
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Stage 1: Visual Boundary Prediction Stage 2: Progressive Multimodal Reasoning Stage 3: Self-probing and Explanation Synthesis
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Figure 1: Overview of the explainable gastrointestinal VQA pipeline, featuring: (1) visual boundary
prediction for texture-preserving localization; (2) interactive multimodal reasoning to refine diagnostic
predictions; and (3) explanation synthesis to output transparent, visually-grounded clinical reasoning.

model [13], which generates precise 4-pixel blue boundaries around regions of interest (e.g.,
polyps or clinical instruments). This approach preserves the internal textures of GI struc-
tures while offering sharp spatial localization. We also design a progressive inference pipeline
where a fine-tuned Qwen3.5-4B model [14] generates an initial prediction and subsequently
refines it using the boundary-guided image. Finally, we leverage a comprehensive self-probing
strategy coupled with a powerful Qwen3.5-35B-A3B [14] explanation synthesizer to gener-
ate well-grounded, highly structured clinical explanations. Experimental evaluations on the
Kvasir-VQA-x1 dataset [15] demonstrate that our proposed framework improves both overall
VQA performance and the quality of clinical explanations compared to state-of-the-art baseline
models and conventional visual grounding strategies.
Our contributions are as follows:

« We introduce a novel explainable medical VQA framework that resolves the lack of visual
grounding in existing text-based models by introducing a visual boundary guidance
module. YOLO26-seg model is utilized to generate sharp, 4-pixel boundaries to accurately
localize regions of interest, such as polyps and instruments, without obscuring the internal
textures necessary for clinical evaluation.

« We propose a progressive inference pipeline in which a fine-tuned VLM systematically
refines its predictions using boundary-guided images to enhance diagnostic accuracy and
visual grounding.

« We develop a self-probing mechanism with a Qwen3.5-35B-A3B synthesizer to generate
visually grounded, structured clinical explanations from targeted image queries.

2. Proposed Method

2.1. Overview

Our framework employs a dual-model architecture that combines high VQA performance with
clinician-oriented explainability through a three-stage pipeline (Fig. 1). First, Visual Boundary
Prediction uses a segmentation model to delineate polyps and clinical instruments, producing
boundary-guided images that preserve diagnostically relevant details. Second, during Progres-
sive Multimodal Reasoning, a fine-tuned Qwen3.5 model iteratively refines its predictions using
these boundary cues. Finally, Self-Probing and Explanation Synthesis leverages a Qwen3.5 model
to integrate the refined prediction with responses to targeted probing questions, generating
coherent clinical explanations.



2.2. Visual Boundary Prediction

Traditional visual grounding methods like bounding boxes and segmentation masks have severe
limitations in clinical settings. Bounding boxes capture redundant background information,
while segmentation masks completely obscure the underlying pathology or instrument. To
resolve this, we introduce a visual boundary approach. Specifically, we train YOLO26 segmenta-
tion models [13] on the Kvasir-SEG [16] and Kvasir-Instrument [17] datasets. By rendering the
outer mask contour as a thin, 4-pixel blue line, we precisely localize target structures without
obscuring critical internal clinical textures.

Given an input image I, the model predicts a binary segmentation mask M € {0, 1}/7*W,
The boundary image I, is formulated as: I, = I © OM + Ciye © OM, where OM represents the
4-pixel edge contour of M, M present its complement, and Chyy. is the RGB representation of
the blue color. This boundary is dynamically generated for six question classes: polyp_count,
polyp_size, polyp_type, instrument_count, instrument_location, and instrument_presence.

2.3. Boundary-Guided Reasoning and Self-Probing Explanation

To answer the clinical question () on image I, our fine-tuned model VLM, first generates an
initial prediction: Aj,y = VLMg (1, Q). For boundary-relevant questions, the VLM is then
prompted with the boundary-overlaid image I; and the initial prediction to explicitly refine its
judgment: Agna = VLMg(1p, Q, Ainit, Prompt, g ). In Subtask 1, Agyg is directly submitted as
the predicted answer.

In Subtask 2, we implement a self-probing mechanism. We map the incoming () into one of 18
distinct ‘question_class‘ categories. Each category triggers 10 pre-defined questions {¢;} 2, (e.g.,
querying shape, size, color, and location) designed to force the model to analyze the image details.
The VLM answers each follow-up question: a; = VLMg(I, ¢;), Vi € {1,...,10}. Finally, the
original question @, the primary answer Agp,;, and the 10 probing pairs {(g;, a;)}1%; are fed
to the Qwen3.5-35B-A3B model VLMy, to synthesize these elements into a single coherent,

structured clinical explanation: ¥ = VLMgync (I by Qs Ainal, { (¢, ai) 1124, Promptsyn>.

3. Experiments

3.1. Experimental Settings

Our experiments were conducted on the Kvasir-VQA-x1 dataset [15], which consists of 159, 484
VQA pairs built upon 6, 500 GI endoscopy images from the HyperKvasir and Kvasir-Instrument
repositories. We validated methods using the full test split of 15,955 samples.

VLM models were trained for 1 epoch on the 95% training split of Kvasir-VQA-x1 dataset [15],
reserving the remaining 5% for validation. Training was conducted on two NVIDIA A100 GPUs
with 40GB VRAM, using a batch size of 128. We applied LoRA to all attention projection layers,
MLP blocks, vision and language projections. The LoRA parameters were configured with a
rank r = 16 and o = 32.

3.2. Results

Results in Table 1 highlight the effectiveness of the proposed method. The Qwen3.5-4B backbone
consistently outperformed other state-of-the-art models, achieving top scores of 0.4964 in BLEU,
0.7005 in ROUGE-L, and 0.7040 in METEOR. Furthermore, ablation studies comparing different
visual grounding techniques demonstrate that the boundary guidance strategy yields a slight



Table 1
Quantitative evaluation of our method against state-of-the-arts on the Kvasir-VQA-x1 dataset. Best and
second best results are shown in bold and underline.

Model Name BLEUt ROUGE-L1 METEOR*

State-of-the-Arts

Florence-2-base 0.4480 0.6710 0.6744
PaliGemma-3B-pt-224 0.4707 0.6723 0.6744
Qwen3-VL-4B-Instruct 0.4837 0.6914 0.6948
Gemma 4 E4B 0.1581 0.4012 0.4316
Baselines
Qwen3.5-4B 0.4964 0.7005 0.7040
Qwen3.5-4B + Bounding Boxes 0.4870 0.6922 0.6972
Qwen3.5-4B + Segmentation Masks 0.4879 0.6924 0.6970
Qwen3.5-4B + Boundary Guidance (Ours)  0.4946 0.7021 0.7040

but notable improvement over both standard baseline models and traditional visual grounding
methods like bounding boxes and segmentation masks. This confirms our hypothesis that
preserving the internal textures of clinical images, rather than obscuring them, is vital for
accurate clinical reasoning.

Fig. 2 provides a qualitative example of the
framework’s two main subtasks using a gas-

Glimage Subtask 1:

Subtask 2:
Probing Questions and Answers:
+ Q@ Where are the polyps located? A: polyps scattered across central and upper
regions
+ @ Whatis the size of each polyp? A: polyps measuring 5 to 10 millimeters and 11
to 20 millimeters
+ @ Whatis the color of the abnormality? A: pink-colored lesion observed
+ Q Is the abnormality overlapping with instruments? A: No evidence of instrument
presence

Q: How many polyps are present in the image and where is the abnormality located?

Initial Answer: One polyp is observed in the central and upper-central regions of the
Boundary-guided image

trointestinal polyp image. Specifically, it il-
lustrates how an initial diagnostic prediction
is refined using a 4-pixel visual boundary in
Subtask 1, and demonstrates how targeted
probing questions are synthesized into a struc-

Explanation: Endoscopic evaluation reveals a solitary polyp located in the central and
upper-central regions of the colon, specifically within the lumen center. The lesion
presents as a clearly visible, pink-colored sessile abnormality measuring between 11
10 20 millimeters. A specialist model classified this finding with 94% confidence,
noting the polyp contributes to mucosal changes without overlapping with
instruments or anatomical landmarks. The abnormality remains in the colon and is
easily identifiable for clinical assessment

tured clinical explanation in Subtask 2.

Cuidance; The specialist polyp segmentation model identified an instrument with
94% confidence. Based on that, can you refine your answer?
Final Answer: One polyp is observed in the central regions of the image.
Ground Truth: Single polyp observed in the central region of the image
4. Conclusion
Figure 2: Qualitative example of our method, il-
lustrating answer refinement through
model guidance (Subtask 1) and ex-
planation generation via self-probing
(Subtask 2).

In this paper, we presented an explainable
medical VQA framework for the MediaEval
Medico 2026 Challenge. Our dual-system
pipeline uses a YOLO26-seg boundary gen-
erator, a fine-tuned Qwen3.5-4B VLM, and a
Qwen3.5-35B-A3B explanation synthesizer to
generate a comprehensive explanation. Experiments show that visual boundaries are clini-
cally superior to coarse bounding boxes and segmentation masks. In future work, we plan
to implement an end-to-end training architecture to simultaneously optimize the boundary
extraction and the VLM textual reasoning, further reducing inference latency and optimizing
clinical integration.

Declaration on Generative Al.  We affirm that all ideas, analyses, figures, and conclusions
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