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Abstract
We present the LaSID–UFSCar participation in the MediaEval Medico 2026 challenge, Subtask 1: Visual
Question Answering for Gastrointestinal Imaging (GI-VQA). Starting from Granite Vision 3.2-2B as
our primary candidate, we first investigated whether replacing its default SigLIP vision encoder with
frozen medical CLIP encoders (MedCLIP, PubMedCLIP) could improve GI-domain alignment. Finding
that the default encoder consistently outperformed the medical variants, we broadened the study to
a cross-model comparison of five vision-language model families at the ∼2B parameter scale under
LoRA, AdaLoRA, and DoRA fine-tuning on a combined medical VQA corpus. Based on those results, we
submitted two runs to Kvasir-VQA-x1: Granite Vision 3.2-2B with LoRA and SmolVLM2-2.2B with LoRA.
Our best submission—Granite Vision 3.2-2B fine-tuned with LoRA directly on Kvasir-VQA-x1—achieves
a public leaderboard BLEU of 0.4928, ROUGE-1 of 0.7182, and METEOR of 0.6968, demonstrating that
domain-specific fine-tuning with standard LoRA is highly effective for GI-VQA.

1. Introduction and Related Work

Automated Visual Question Answering (VQA) on endoscopic images can assist clinicians in the
rapid interpretation of gastrointestinal (GI) findings. The MediaEval Medico 2026 challenge [1]
defines Subtask 1 as generating free-text answers to questions about GI endoscopy images from
the Kvasir-VQA-x1 dataset [2], which contains 6,500 original and 65,000 augmented images
paired with 159,549 question–answer pairs of varying complexity.

Recent work on medical VQA has explored vision-language pre-training (BLIP [3], BLIP-2 [4]),
domain-specific encoders (MedCLIP [5], PubMedCLIP [6]), and instruction-tuned models [7].
Low-Rank Adaptation (LoRA) [8] and its variants, AdaLoRA [9] and DoRA [10], have emerged as
the dominant parameter-efficient fine-tuning (PEFT) methods for large vision-language models.

Our candidate model was Granite Vision 3.2-2B (ibm-granite/granite-vision-3.2-2b),
an IBM enterprise-grade vision-language model (VLM) that pairs a SigLIP vision tower with the
Granite 3.1-2B-Instruct language decoder via a LLaVA-style projector, and has demonstrated
strong results on document and chart understanding benchmarks. We first investigated whether
swapping its generalist SigLIP encoder for a frozen medical CLIP encoder (MedCLIP [5] or
PubMedCLIP [6]) could improve medical-domain alignment. Finding that the default SigLIP
tower consistently outperformed the medical variants, we broadened the comparison to four
additional VLM families to place Granite Vision’s baseline performance in context.

Our contributions are: (i) a Granite Vision encoder ablation demonstrating that domain-
specific medical CLIP encoders do not improve over the default SigLIP tower under the PEFT
regimes studied; (ii) a cross-model comparison of five VLM families at the ∼2B scale on a
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combined medical VQA corpus; and (iii) two competition runs on Kvasir-VQA-x1, with our best
submission achieving a public leaderboard BLEU of 0.4928 and ROUGE-1 of 0.7182.

2. Methodology

2.1. Granite Vision and Medical Encoder Adaptation

We hypothesised that replacing Granite Vision’s generalist SigLIP encoder with a
frozen medical CLIP encoder could improve alignment on GI endoscopy images,
and tested two variants: MedCLIP [5] (ZiyueWang/med-clip) and PubMedCLIP [6]
(flaviagiammarino/pubmed-clip-vit-base-patch32). The replacement tower bridges
the output dimensionality to the Granite LLaVA-style projector via a trainable linear DimAdapter
layer (𝑑clip → 𝑑SigLIP=1152). Only the DimAdapter and the LoRA parameters were updated
during training. We also applied LoRA, AdaLoRA, and DoRA on the PubMedCLIP variant as
a PEFT ablation. All runs in this study used rank 𝑟=16, 𝛼=32, dropout 0.05, learning rate
2×10−4, cosine schedule with warmup ratio 0.05, 3 epochs, gradient accumulation steps 8, and
bfloat16 precision on a single NVIDIA RTX 5000 Ada (32 GB). Experiments were conducted on a
combined medical VQA corpus assembled from the official training splits of SLAKE, VQA-MED,
PATH-VQA, and VQA-RAD. The corresponding test splits of the same datasets were merged to
form the evaluation set. In the ablation studies, the impact of the medical vision encoders was
tested on a randomly sampled 500-question subset of this merged test set, while the remaining
experiments for native SigLIP runs and the cross-model comparison used the full test set.

2.2. Cross-Model Comparison

Finding that the default SigLIP encoder outperformed the medical CLIP variants, we expanded
the evaluation to four additional VLM families to contextualise Granite Vision’s performance:

• BLIP-2 (Salesforce/blip2-opt-2.7b) + LoRA
• Qwen2-VL-2B (Qwen/Qwen2-VL-2B-Instruct) + LoRA
• SmolVLM2-2.2B (HuggingFaceTB/SmolVLM2-2.2B-Instruct) + LoRA
• MedVLM-R1 (JZPeterPan/MedVLM-R1), zero-shot only

All models were evaluated on the same combined corpus using identical PEFT hyperparame-
ters as in Section 2.1.

2.3. Competition Submissions

Based on the preliminary results, we submitted two runs to the competition:

• Run 1: Granite Vision 3.2-2B + LoRA (𝑟=16, 𝛼=32), fine-tuned directly on Kvasir-VQA-x1
(no warm-start), 4 epochs on 4 × RTX 5000 Ada.

• Run 2: SmolVLM2-2.2B + LoRA (𝑟=16, 𝛼=32), warm-started from the combined-medical
adapter, then fine-tuned on Kvasir-VQA-x1 on 1 × RTX 5000 Ada.

All runs applied CLAHE contrast enhancement and online augmentation (rotation ±5∘,
brightness/contrast factor 0.85–1.15) and used greedy decoding with max_new_tokens= 128.



3. Results and Analysis

3.1. Granite Vision Encoder Ablation

Table 1 reports the Granite Vision 3.2-2B encoder ablation on the combined medical VQA test
set. Contrary to our initial hypothesis, the default SigLIP tower with LoRA (ROUGE-1 = 0.4468)
consistently outperforms both MedCLIP and PubMedCLIP variants. Among medical-encoder
configurations, PubMedCLIP + LoRA achieves the best ROUGE-1 of 0.4200, still 2.7 points below
the SigLIP baseline. The PEFT ablation on PubMedCLIP shows no clear winner among LoRA,
DoRA, and AdaLoRA, indicating that the encoder representation gap is the dominant factor
rather than the choice of PEFT method.

Table 1
Granite Vision 3.2-2B encoder ablation on the combined medical VQA test set. Bold: best per column.

PEFT Vision Enc. BLEU ROUGE-1 ROUGE-2 ROUGE-L METEOR

LoRA default 0.0156 0.4468 0.0192 0.4469 0.2668

LoRA MedCLIP 0.0127 0.3959 0.0147 0.3960 0.2304
LoRA PubMedCLIP 0.0128 0.4200 0.0181 0.4196 0.2543
DoRA PubMedCLIP 0.0129 0.3963 0.0165 0.3939 0.2365
AdaLoRA PubMedCLIP 0.0064 0.4135 0.0114 0.4130 0.2293

3.2. Cross-Model Comparison

Table 2 compares all five VLM families using their default vision encoders. SmolVLM2 + LoRA
achieves the highest ROUGE-1 (0.5727) and METEOR (0.3031), closely followed by Qwen2-
VL. Granite Vision ranks third among fine-tuned models, ahead of BLIP-2 by a wide margin.
MedVLM-R1 in zero-shot configuration produces near-random outputs on this domain, under-
scoring the importance of fine-tuning even for medically pre-trained models. These results
guided our submission strategy: Granite Vision as the original target model and SmolVLM2 as
the strongest model from the cross-model comparison.

Table 2
Cross-model comparison on the combined medical VQA test set (default vision encoder; all fine-tuned
models use LoRA, 𝑟=16, 𝛼=32). Bold: best per column.

Model PEFT BLEU ROUGE-1 ROUGE-2 ROUGE-L METEOR

MedVLM-R1 zero-shot 0.0002 0.0001 0.0371 0.0370 0.0210
BLIP-2 LoRA 0.0033 0.0781 0.0017 0.0777 0.0428
Granite 3.2-2B LoRA 0.0156 0.4468 0.0192 0.4469 0.2668
Qwen2-VL-2B LoRA 0.0619 0.5554 0.0323 0.5549 0.2936
SmolVLM2-2.2B LoRA 0.0636 0.5727 0.0351 0.5725 0.3031

3.3. Subtask 1 Leaderboard Results

Table 3 reports the public test-set scores for our two competition runs. Granite Vision 3.2-2B
with LoRA (Run 1) yields the best scores across all metrics despite ranking lower than SmolVLM2
in the preliminary comparison. We attribute this reversal to two factors: (i) Run 1 was trained
with 4 GPUs for 4 epochs directly on Kvasir-VQA-x1, providing longer exposure to the target



domain; and (ii) Granite Vision may generalise better to the longer, more complex answers in
Kvasir-VQA-x1 thanks to its 8192-token context window, compared to SmolVLM2’s 2048 limit.

Table 3
Public leaderboard scores on Kvasir-VQA-x1 (Subtask 1).

Run Model PEFT Vision Enc. BLEU ROUGE-1 ROUGE-2 ROUGE-L METEOR

1 Granite 3.2-2B LoRA default 0.4928 0.7182 0.5393 0.6920 0.6968
2 SmolVLM2-2.2B LoRA default 0.4215 0.6863 0.4920 0.6569 0.6604

4. Discussion and Conclusion

Our results show that a well-tuned LoRA adapter on a generalist vision-language model can be
highly competitive for domain-specific medical VQA. The cross-model comparison revealed
that modern 2B-parameter models –SmolVLM2, Qwen2-VL and Granite Vision–, outperform
the earlier BLIP-2 generation and zero-shot specialist models on open-ended answer generation.

Why the swapped-encoder Granite Vision underperforms. Replacing the SigLIP visual
backbone with a frozen medical CLIP encoder and a linear DimAdapter failed to improve
performance despite the domain specificity of MedCLIP and PubMedCLIP. We identify two
likely causes. First, the DimAdapter addresses the representation dimensionality mismatch but
cannot compensate for the distributional shift between SigLIP patch features and CLIP patch
features: the downstream LLaVA-style projector inside Granite Vision was calibrated on SigLIP
representations, so the adapted visual tokens remain out-of-distribution for it. Second, and
crucially, the Granite language decoder was kept entirely frozen throughout these experiments
— only the DimAdapter and LoRA layers were trained. As a result, even if the visual tokens
were perfectly adapted, the decoder had no opportunity to learn the specialized vocabulary and
clinical phrasing characteristic of GI VQA. The interplay of these two frozen components likely
explains the ≈15–17 ROUGE-1 point gap relative to the native-encoder Granite run.

Future work. Several directions could extend this work. First, within the PEFT paradigm,
jointly fine-tuning the DimAdapter, projector, and language decoder with LoRA — rather than
keeping the decoder frozen — is the most direct fix for the swapped-encoder underperformance.
Second, the Granite framework could be further improved by replacing the language backbone
with a biomedically pre-trained decoder (e.g., BioMedLM, Meditron), creating a fully domain-
adapted VLM from the encoder to the output layer. Third, training-free adaptation strategies
represent a complementary direction: methods such as test-time augmentation ensembling [11],
in-context pseudo-label refinement [12], and vocabulary-free caption retrieval [13] could provide
competitive baselines without any gradient-based training, enabling rigorous benchmarking of
PEFT against zero-parameter-overhead inference at the domain boundary. Finally, retrieval-
augmented generation for rare GI findings and explicit chain-of-thought prompting for multi-
part compositional questions are natural extensions within the generative setting.
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