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Abstract

Visual Question Answering (VQA) for gastrointestinal (GI) endoscopy images presents unique challenges
due to the complex visual features and domain-specific language involved in medical questions and an-
swers. In this work, we investigate a multimodal fine-tuning strategy to adapt a modern vision-language
architecture to the Kvasir-VQA-x1 dataset. Our approach incorporates curriculum-guided fine-tuning,
where the model is progressively trained on easy, medium, and hard question-answer pairs, enabling
smoother convergence and improved reasoning over diverse question types. To enhance robustness
under acquisition variability, we employ clinically safe weak data augmentation that preserves diag-
nostic semantics while improving generalization. We apply lightweight, parameter-efficient tuning via
LoRA adapters and adopt a staged training schedule to balance resource constraints while maintaining
strong generalization capabilities. Experimental results on an internal validation subset show consistent
improvements across BLEU, ROUGE, and METEOR, confirming the benefits of curriculum-guided and
augmentation-aware fine-tuning for multimodal medical reasoning.

1. Introduction and RelatedWork

Gastrointestinal (GI) diseases such as colorectal and gastric cancers pose a major global health
burden, where early detection via endoscopy is vital for improving patient outcomes. Endo-
scopic images are often complex and affected by artifacts (e.g., glare, blur), making interpretation
challenging and operator-dependent. Computer-assisted methods have thus been explored
to enhance diagnostic accuracy and reduce observer variability [1, 2, 3]. While our earlier
work investigated ensemble-based CNN architectures for histopathological image classifica-
tion [4], the present study broadens this line of research toward multimodal vision-language
reasoning in gastrointestinal endoscopy. Early research in GI endoscopy used convolutional
neural networks (CNNs) for lesion detection and classification, achieving promising yet limited
generalization [5, 6]. Later architectures such as EfficientNet and ensemble methods improved
diagnostic performance on Kvasir datasets [7, 8]. Beyond detection, Medical Visual Question
Answering (MedVQA) extends image analysis to natural-language reasoning [9], enabling
models to answer clinical questions (e.g., “How many polyps are visible?”). Datasets such
as Kvasir-VQA [10] and Kvasir-VQA-x1 [11] benchmark multimodal vision-language models,
covering diverse question types and complexity levels. Parameter-efficient fine-tuning methods
such as Low-Rank Adaptation (LoRA) enable efficient adaptation of large vision-language
models (VLMs) under limited resources, yet remain underexplored in MedVQA. This work pro-
poses a multimodal fine-tuning strategy integrating LoRA-based adaptation, curriculum-guided
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learning, and clinically safe weak augmentation. Our contributions for the MediaEval 2025
MedVQA task [12] are:

1. Evaluating LLaMA-3.2-Vision and Qwen2-VL 2B on Kvasir-VQA-x1;

2. Analyzing parameter-efficient fine-tuning via LoRA; and

3. Employing curriculum-guided fine-tuning to improve robustness and generalization
across question complexities.

2. Methodology

2.1. Dataset Split and Leakage Analysis

We used the Kvasir-VQA-x1 dataset, comprising 159,549 question-answer pairs grounded on
approximately 6,449 unique gastrointestinal endoscopy images. Datails of split has been men-
tioned in Table 1 The original dataset split was defined at the QA-pair level, causing substantial
leakage issues: 3,821 images (about 59.2% of unique images) appeared in both training and test
subsets, violating the assumption of unseen test data.[10][11]

2.2. Base Model and Zero-Shot Baseline

We evaluated recent vision-language models (e.g., LLaMA-3.2-Vision, Qwen2-VL, Pixtral)
under limited compute. Qwen2-VL 2B-Instruct (bnb 4-bit) was selected as the primary base
model due to its memory efficiency and competitive performance, while LLaMA-3.2-Vision 11B
served only for preliminary comparison. Before fine-tuning, a zero-shot evaluation was con-
ducted on an internal subset of Kvasir-VQA-x1, where each image—question pair was prompted
without task-specific training. As expected, zero-shot performance was moderate—adequate
for simple identification but weak on clinically complex reasoning—highlighting the need for
domain-specific adaptation.

2.3. Parameter-Efficient Fine-Tuning (LoRA)

Full fine-tuning of large vision-language models is computationally expensive and prone
to overfitting. We therefore employ Low-Rank Adaptation (LoRA), a parameter-efficient
method that freezes the backbone and learns rank-r adapters (AW = BA, where A € R"*¢
and B € R?*", scaled by /7). We adopt a compact configuration (r = o = 16), following best
practices for QLoRA on 4-bit quantized models, achieving a balance between efficiency and
stability. A progressive learning rate schedule (5 x 107> —3 x 1075 —2 x 107°) aligns with
the curriculum setup—higher at Stage 1 for “Easy” data and gradually reduced for “Moderate”
and “Hard” examples to prevent catastrophic forgetting and improve generalization. Training
uses a batch size of 512 (128 per device X 4 accumulation steps) with Unsloth’s 8-bit AdamW
optimizer, providing an effective trade-off between convergence and GPU constraints.

2.4. Incremental Training by Complexity

We employ a curriculum learning strategy on the Kvasir-VQA-x1 dataset, organizing samples by
question complexity. As summarized in Table 1, fine-tuning proceeds in three one-epoch stages
using LoRA (with the backbone frozen), where weights are carried forward and checkpoints
saved after each stage.

Stage 1 (L1-Easy). Train on level-1 Q&A pairs to learn basic visual cues and direct mappings.



Table 1

Fine-tuning configuration and explicit curriculum details on Kvasir-VQA-x1. The table summarizes all
hyperparameters, LoRA setup, augmentation strategies, and the three-stage curriculum schedule (Easy,
Moderate, Hard) described in Section 2.4. These settings ensure reproducibility and transparency of the
training pipeline.

Hyperparameter Value

Base model Qwen2-VL 2B-Instruct (bnb 4-bit)
LoRA rank (1) 16

LoRA « 16

LoRA Dropout 0.0

LoRA Bias none

Random State 3407

LoRA Target Modules (Unsloth Configuration)

Finetune Vision Layers True
Finetune Language Layers True
Finetune Attention Modules True
Finetune MLP Modules True

Weak Data Augmentation Parameters (Applied in All Stages )

Image Size 224%224

Global Random Seed 42
RandomResizedCrop Scale (0.9, 1.0)
RandomResizedCrop Ratio (0.95 x AR, 1.05 x AR)
RandomRotation Degrees (-10, 10)
RandomAffine Translate (0.1,0.1)
Color]Jitter Brightness/Contrast 0.2/0.2

Curriculum Schedule and Training Details

System single A100 GPU (VRAM 40GB), 128 core CPU , 128 GB RAM
Curriculum stages 3 (Easy; Easy+Medium; All)
Epochs per stage 1

Total Training Samples 143,594

Stage 1 Samples (Easy) 49,360

Stage 2 Samples (Easy+Moderate) 96,458

Stage 3 Samples (All) 143,594

Per-device batch size 128

Gradient accumulation 4

Total Effective Batch Size 512

Learning rate (Stage 1/2/3) 5x107%/3x107°/2x 107°
LR Scheduler Type linear

Warmup steps 2

Logging steps 5

Optimizer AdamW (8-bit)
Experiment Tracking wandb

Stage 2 (L1+L2-Easy+Moderate). Continue from Stage 1 using levels 1-2; mixing L1 data
mitigates forgetting and introduces moderate reasoning.

Stage 3 (L3-Hard). Continue from Stage 2 using level-3 samples to enhance complex,
clinically grounded reasoning. LoRA’s adapter-only updates help retain earlier knowledge while
specializing to difficult cases.



3. Results and Evaluation

We evaluate the model on the Kvasir-VQA-x1 test split using standard natural language gener-
ation metrics for question answering. The evaluation focuses on both linguistic fidelity and
semantic consistency between generated and reference answers. BLEU [13] measures n-gram
precision (we report BLEU-4 with brevity penalty); METEOR accounts for synonym and stem-
level matches, giving partial credit for semantically related words; and ROUGE (ROUGE-1 and
ROUGE-L F-measure) computes overlap in unigrams and the longest common subsequence. To-
gether, these metrics capture both surface-level accuracy (BLEU, ROUGE) and semantic adequacy
(METEOR), offering a balanced evaluation of the model’s language generation performance.

3.1. Quantitative Results

LoRA fine-tuning improved overall model performance on Kvasir-VQA-x1 (Task 1) To provide
clearer quantitative insight, Table 2 shows scores per question complexity level.

Table 2
Performance by question complexity (public split).

Complexity BLEU-4 METEOR ROUGE-1 ROUGE-L

Level 1 0.2739 0.5484 0.4806 0.4704
Level 2 0.2277 0.5877 0.5873 0.5546
Level 3 0.3327 0.5785 0.6292 0.5696

Compared to the best system, which achieved scores of BLEU 0.4975, ROUGE-1 0.7261,
ROUGE-2 0.5476, ROUGE-L 0.7, and METEOR 0.6988, our model’s results (BLEU 0.2739, ROUGE-
1 0.5548, ROUGE-2 0.3367, ROUGE-L 0.5242, METEOR 0.5093) show a gap. This gap mainly
stems from current resource constraints and limitations of the chosen model architecture, which
restricted extensive experimentation and optimization. Nonetheless, our approach benefiting
from domain adaptation and curriculum learning is promising.

3.2. Qualitative Insights

Beyond quantitative scores, qualitative inspection of model outputs provides deeper under-
standing of system behavior. The fine-tuned models consistently produce accurate answers for
visual identification tasks (e.g., detecting polyps, distinguishing anatomical regions), and cur-
riculum learning notably improves consistency on complex questions. However, descriptive or
reasoning-intensive questions (e.g., “What treatment is needed?”) remain challenging, occasion-
ally leading to hallucinations—the generation of medical terms not present in the image. Failure
cases often arise in images with strong artifacts (e.g., glare, blur) or multiple abnormalities,
where responses may be partially correct (e.g., accurate detection but incomplete reasoning).

Overall, LoRA fine-tuning substantially boosts performance over zero-shot baselines, while
the curriculum-guided approach enhances robustness across complexity levels and helps retain
performance on easier questions without catastrophic forgetting on harder ones.

4. Limitations and Future Work

The final configuration is considered optimal under resource constraints rather than a global
optimum, due to limited compute (single A100 GPU). Hyperparameters were adopted from the
Unsloth library as a practical baseline.



Future Work — Leakage Mitigation. We identified significant image-level overlap (=59%)
between training and test splits in Kvasir-VQA-x1, indicating visual leakage. Future work will
adopt a strict image-level split, assigning each image and its Q&A pairs exclusively to one split,
to ensure fair evaluation and eliminate leakage.

Declaration on Generative Al

ChatGPT was used to improve grammar and structure. The authors reviewed and edited all
content and take full responsibility for the final manuscript.

Implementation scripts and Model
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