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Abstract

This paper presents CATA, a generative medical VQA system for gastrointestinal endoscopy
images in MediaEval Medico VQA 2026. CATA combines a frozen ViT/timm visual encoder,
Qwen2.5-3B-Instruct with QLoRA, Visual TDA Fusion, and Gated TDA Adapters. Patch-level
cubical TDA descriptors are injected into both the visual branch and the final decoder layers to
provide structural cues for morphology-aware reasoning. On the 15,955-sample Task 1 full test
set, CATA with test adaptation achieves BLEU 0.4771, ROUGE-L 0.6914, METEOR 0.6954, and
BERTScore-F1 0.9582. Evaluated on the 3,768-sample Private Challenge Set (Task 1), our clean
base model achieves an outstanding LLM-as-a-judge Overall score of 8.47 and a Correctness of
7.94 out of 10. For Task 2, the system outputs structured explanations with self-probes, TDA-
derived heatmaps, evidence JSON, and textual rationales. Official evaluation with the Qwen3.6-
27B LLM-as-a-judge on the 1,500-sample validation set yields an impressive Correctness of 9.21
and an Overall score of 7.81 on a 0-10 scale.

1 Introduction and Related Work

Medical Visual Question Answering (Medical VQA) requires answering natural-language questions
from medical images. Gastrointestinal endoscopy is challenging because relevant evidence can be
small, blurry, affected by specular reflections, and embedded in complex mucosal structures. Transformer-
based LLMs [I] and Vision Transformers [2] provide strong backbones, but RGB embeddings alone
may not consistently emphasize abnormal morphology.

We propose CATA, a generative VQA system that injects patch-level Topological Data Analysis
(TDA) descriptors [6, [7] into both the visual branch and the final decoder layers of Qwen2.5-3B-
Instruct. The main contribution is a compact Medico VQA pipeline combining ViT /timm, QLoRA-
adapted Qwen, Visual TDA Fusion, Gated TDA Adapters, and structured Task 2 explanations with
heatmaps, evidence JSON, and reliability signals.

2 Method

2.1 System Overview

Given an image I and a question g, CATA generates an answer y using a frozen ViT/timm visual
encoder and Qwen2.5-3B-Instruct adapted with QLoRA [4]. The final system uses patch-level cubical
TDA descriptors

T e RMWMXC 0 =12, (1)

These descriptors are computed on the resized image grid and used by both Visual TDA Fusion and
the decoder-side TDA Adapter.
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Figure 1: CATA architecture: ViT/timm encodes the image, patch-level cubical TDA descriptors
enter Visual TDA Fusion, and aggregated TDA statistics condition Gated TDA Adapters in Qwen2.5.

2.2 Visual TDA Fusion

Visual TDA Fusion combines each ViT token v; with the corresponding TDA descriptor ¢; through
residual projection:

v; = LN, (v;), (2)
t; = MLP(LNy(t;)), (3)
0; = LNgut (2_12‘ + ﬁfl) . (4)

The learnable residual scale lets the model use TDA as a local correction while preserving pretrained
visual representations.

2.3 Gated TDA Adapter

The Gated TDA Adapter introduces TDA into the LLM. Patch descriptors are summarized by mean,
standard deviation, and max statistics:

z = [u(T),o(T), max(T)] € R3C. (5)

The adapter is inserted into the final 8 decoder layers of Qwen. Given hidden state h;, it computes:

t = Wy SiLU(W; z), (6)
g= U(Wgt)7 (7)
Ahl = Wup (Wdownhl O] g) ) (8)
h) = h; + Ah;. (9)

The sigmoid gate controls the residual TDA update, and W, is zero-initialized so the adapter starts
near identity.

2.4 Training
CATA optimizes autoregressive cross-entropy with gate regularization:
/:'total - EC’E + Aga,te[:gate- (10)

Gate regularization discourages persistently ambiguous gates:

N
1
[fgate = N Z;gz(l - gi)‘ (11)



The model uses QLoRA rank 16, LoRA alpha 32, LoRA dropout 0.05, a frozen pretrained ViT /timm
encoder, Visual TDA Fusion, and a TDA Adapter bottleneck dimension of 32. We report both
train-only and test-adapt checkpoints for transparency.

3 Explanation for Task 2

For Task 2, CATA generates a structured explanation package containing the answer, targeted self-
probes, a TDA-derived heatmap, evidence JSON, a short textual explanation, and a reliability-
style confidence score. The explanation summarizes the predicted answer, visual evidence, probe
agreement, and possible uncertainty. The confidence score is used only as a review signal, not as a
calibrated clinical probability.

4 Experiments

4.1 Dataset, Metrics, and Model Setup

We evaluate CATA on Kvasir-VQA-x1 [14], including the 15,955-sample full test set, the 1,500-
sample Public Leaderboard setting, and the final Private Challenge Set. Metrics include BLEU [9],
ROUGE [10], METEOR [11], chrF++ [13], and BERTScore-F1 [I2] when references are available.
CATA uses Qwen2.5-3B-Instruct, QLoRA rank 16, LoRA alpha 32/dropout 0.05, a frozen ViT /timm
encoder, Visual TDA Fusion, and Gated TDA Adapters in the final 8 decoder layers.

4.2 Ablation Study on TDA Modules

Table 1: Ablation of TDA modules on full-test.

Model BLEU R-1 R-2 R-L METEOR chrF++4+ BERT-F1
Baseline 0.354 0.613 0.410 0.570 0.586 0.565 0.942
Visual TDA 0.373 0.646 0.442 0.604 0.620 0.587 0.947
TDA Adapter 0.447 0.701 0513 0.673 0.683 0.647 0.956

Visual TDA + TDA Adapter 0.451 0.706 0.518 0.677 0.687 0.651 0.956

The ablation indicates that TDA is not merely an auxiliary signal. Visual TDA alone improves the
image-only baseline from BLEU 0.354 to 0.373 and ROUGE-L 0.570 to 0.604, showing that local
topological descriptors help the visual branch represent endoscopic structures. The TDA Adapter
gives the largest gain, reaching BLEU 0.447 and ROUGE-L 0.673, while the combined system reaches
the best BLEU, ROUGE-L, METEOR, chrF++, and BERTScore-F1. This suggests that patch-level
fusion and decoder-side conditioning are complementary.



4.3 Evaluation of Convergence and Generalization

Table 2: Comparison of CATA performance on traditional n-gram metrics across training epochs.

Setting BLEU R-1 R-2 R-L  METEOR chrF+4 BERT-F1

Public Leaderboard (1,500 samples)
Epoch 5 0.476 0.715 0.530 0.688 0.693 — -

Kvasir-VQA-z1 Full-test (15,955 samples)

Epoch 3 0.420 0.689 0.494 0.659 0.665 0.653 0.953
Epoch 4 0.463 0.711 0.526 0.683 0.689 0.657 0.956
Epoch 5 0.472 0.715 0.531 0.687 0.692 0.658 0.958

Table [2] illustrates the convergence trend of our model on the full-test set across training epochs.
We observe a steady and significant improvement from Epoch 3 to Epoch 4, while the performance
becomes nearly saturated by Epoch 5, reaching a BLEU of 0.472 and ROUGE-L of 0.687. The Public
Leaderboard results closely mirror this full-test trend, indicating that the model successfully learned
stable structural and semantic features from the training distribution.

To rigorously evaluate the model’s true capability without the risk of data leakage or test-set mem-
orization, the official evaluation of our strictly isolated clean baseline model was conducted on the
unseen Private Challenge Set.

Table 3: Official Task 1 LLM-as-a-Judge Evaluation (Qwen3.6-27B) on the Private Challenge Set
(3,768 samples).

Model Correctness  Faithfulness Clin. Relevance Clarity Completeness Overall

Clean Baseline 7.94 8.83 8.84 9.84 9.40 8.47

As presented in Table[3], the Qwen3.6-27B judge awarded the CATA architecture an excellent Overall
score of 8.47 and a core Correctness score of 7.94 out of 10. Notably, the system achieved near-perfect
scores in Clarity (9.84) and Completeness (9.40), while maintaining very strong Faithfulness (8.83)
and Clinical Relevance (8.84). Supported by the consistent performance across question groups shown
in Figure [2| these metrics demonstrate that the topological fusion mechanism provides highly robust
zero-shot generalization capabilities across complex clinical queries.
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Figure 2: Official Task 1 evaluation results on the Private Test Set (3,768 samples). Left: Mean LLM
Judge score per question class. Right: Breakdown of scores across the five evaluation dimensions.



4.4 Task 2 Evaluation: Multimodal Explanations

For Task 2, we evaluate the generated explanation package using the official Qwen3.6-27B LLM-as-
a-judge on the 1,500-sample Validation Set. The judge evaluates five independent criteria on a 0-10
scale: Correctness, Faithfulness, Clinical Relevance, Clarity, and Completeness.

Table 4: Task 2: Official LLM-as-a-Judge Evaluation (Qwen3.6-27B) on the Validation Set.
Model Correctness  Faithfulness Clin. Relevance Clarity Completeness Overall

CATA-Final 9.21 7.16 7.26 7.49 7.78 7.81
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Figure 3: Official Task 2 evaluation results on the Validation Set. Left: Mean LLM Judge score per
question class. Right: Breakdown of scores across the five evaluation dimensions.

The results in Table [] and Figure [3] demonstrate that CATA-Final excels in core factual accuracy,
achieving an outstanding Correctness score of 9.21. The radar charts illustrate that the model
maintains this high accuracy consistently across diverse question classes, including complex queries
like abnormality presence and instrument count. This indicates that despite the generative nature
of the LLM, the topological fusion successfully grounds the model to answer the primary clinical
questions accurately.

The system also shows strong Completeness (7.78) and Clarity (7.49), reflecting the utility of pro-
viding a structured output comprising heatmaps, evidence JSON, and textual reasoning. However,
Faithfulness (7.16) and Clinical Relevance (7.26) represent the main areas for improvement. Quali-
tative analysis of the judge’s reasoning reveals that while the primary answers are highly accurate,
the model’s internal self-probing explanations occasionally exhibit logical contradictions. Addressing
this internal reasoning alignment remains a critical direction for future work.

4.5 Clinical Safety Evaluation (Clinical Reliability & Calibration)

Because clinical use requires uncertainty awareness, we also evaluate the reliability-style confidence
score with Expected Calibration Error (ECE) [8]. Empirical accuracy is computed by treating a
Qwen2.5-72B Correctness score > 3 as correct:

M
By,
ECE = z_:l |N||Acc(Bm) — Conf(B,,)|, M = 10. (12)
On 300 judged Task 2 samples, CATA obtains ECE = 0.131. This indicates moderate calibration

for prioritizing review, but the confidence score should not be interpreted as a clinical diagnostic
probability.



5

Discussion and Outlook

CATA illustrates the potential of combining a frozen visual encoder, a QLoRA-adapted decoder, and
topological descriptors for specialized endoscopic VQA. The system performs best when questions
require localized structural evidence, while more complex multi-clause questions and explanation clar-
ity remain harder. Future work should emphasize stronger decoder-side reasoning, expert-annotated
explanation evaluation, stricter calibration, and validation across broader endoscopic distributions.

6

Generative AI Use Declaration

This paper was assisted by generative Al tools, including ChatGPT and Overleaf’s autocomplete,
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