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Abstract

Medical Visual Question Answering (Med-
VQA) enables natural language queries over
medical images to support clinical decision-
making and patient care. The MEDIQA-
WYV 2025 shared task addressed wound-care
VQA, requiring systems to generate free-text
responses and structured wound attributes
from images and patient queries. We present
the MasonNLP system, which employs a
general-domain, instruction-tuned large lan-
guage model with a retrieval-augmented gener-
ation (RAG) framework that incorporates tex-
tual and visual examples from in-domain data.
This approach grounds outputs in clinically rel-
evant exemplars, improving reasoning, schema
adherence, and response quality across dBLEU,
ROUGE, BERTScore, and LLM-based met-
rics. Our best-performing system ranked 3™
among 19 teams and 51 submissions with
an average score of 41.37%, demonstrating
that lightweight RAG with general-purpose
LLMs—a minimal inference-time layer that
adds a few relevant exemplars via simple in-
dexing and fusion, with no extra training or
complex re-ranking— provides a simple and
effective baseline for multimodal clinical NLP
tasks. !

1 Introduction

Generating accurate answers to clinically relevant
questions about medical images, known as Medical
Visual Question Answering (MedVQA), requires
integrating visual perception with domain-specific
reasoning (Lin et al., 2023; Lau et al., 2018). Such
systems can enhance diagnostics, support clinical
training, and provide accessible, question-driven
insights for clinicians and patients.

Compared to general VQA, MedVQA faces
unique challenges, such as subtle anatomical or

1Implementation can be found here: https://github.
com/AHMRezaul /MEDIQA-WV-2025
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pathological features that must be interpreted pre-
cisely, and questions often demanding specialized
knowledge and logical inference (Lin et al., 2023;
Liu et al., 2021). General VQA datasets lack this
depth, motivating the creation of tailored medical
benchmarks (Lin et al., 2023). Key resources in-
clude VQA-RAD for radiology (Lau et al., 2018),
SLAKE with bilingual semantic annotations (Liu
et al., 2021), and ImageCLEF’s VQA-Med se-
ries (Ben Abacha et al., 2019, 2021). PathVQA
extends to pathology images (He et al., 2020b),
PMC-VQA scales to over 227k Question Answer
pairs for pretraining (Zhang et al., 2023), and Med-
FrameQA introduces multi-image reasoning for
clinical scenarios (Yu et al., 2025). While these
datasets drive progress, many methods still rely
on resource-intensive fine-tuning and large domain
corpora, limiting scalability.

Wound-care is a crucial MedVQA application,
where image-based assessment guides treatment,
monitors healing, and detects complications. Re-
mote wound monitoring and telemedicine reduce
costs, hospital visits, and infection risks (Sood
et al., 2016; Chen et al., 2020), but variability in in-
terpretation highlights the need for automated QA
tools to support clinicians and empower patients.

The MEDIQA-WY shared task (Wound-care
Visual Question Answering), part of ClinicalNLP
2025, addresses this challenge by generating free-
text answers to patient-oriented wound-care ques-
tions using one or more images with annotations
(Yim et al., 2025b). The shared task dataset in-
cludes bilingual (English/Chinese) queries, meta-
data such as wound type and anatomic site, and
systems are evaluated on fluency, relevance, and
clinical accuracy.

We study an instruction-tuned general-domain
LLM (Meta LLaMA-4 Scout 17B) (Meta, 2025)
in a few-shot setup. It performs well on cases
with small image details and short, generic ques-
tion types, but degrades on images with sub-
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tle or mixed findings, multi-part questions, and
requests that require expert-level interpretation.
To improve grounding and reasoning, we add a
lightweight retrieval-augmented generation (RAG)
(Lewis et al., 2020) layer by retrieving top-2 rele-
vant text and image exemplars from the task cor-
pus and appending them to the prompt. Since the
dataset is not large enough for reliable fine-tuning
and would add substantial compute and operational
cost, a lightweight RAG setup was chosen.
Our contributions include:

* Demonstrating that a general-domain LLM
with lightweight RAG can handle complex
multimodal clinical tasks without domain-
specific training.

Showing that exemplar retrieval at inference
improves reasoning and interpretability on
clinical data.

Providing a systematic analysis of how re-
trieval modality (text-only vs. multimodal)
and prompting choices affect performance in
medical visual question answering.

These results illustrate the promise of general-
purpose LL.Ms, augmented with lightweight RAG,
for transparent, flexible, and efficient solutions in
clinical NLP and multimodal Al

2 Related Work

Early VQA systems in both general and clinical
domains relied on rule-based pipelines and small
answer vocabularies, mapping hand-crafted cues or
shallow features to fixed slots. These approaches
lacked robustness to negation, uncertainty, and
paraphrase (Malinowski et al., 2015). In the general
domain, although VQA was framed as open-ended,
many methods treated it as classification over re-
stricted answer sets (Antol et al., 2015). Similar pat-
terns appeared in early medical benchmarks, where
evaluation emphasized exact match or lexical over-
lap, reinforcing closed-set, short-answer formats
(Hasan et al., 2018; Ben Abacha et al., 2019, 2021).
Such formulations constrained clinical expressivity
and hindered nuanced responses.

With deep learning, convolutional image en-
coders combined with recurrent or simple text
encoders became standard, later enhanced by at-
tention (Talatha and Al-Ayyoub, 2018; Lin et al.,
2023). In the general domain, bottom-up/top-down
attention over regions (Anderson et al., 2017) and
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modular co-attention (Yu et al., 2019) set strong
baselines, influencing medical adaptations (Lin
et al., 2023). New datasets supported this shift:
VQA-RAD (Lau et al., 2018) introduced clinically
authored radiology questions; SLAKE (Liu et al.,
2021) added bilingual annotations with semantic la-
bels; PathVQA (He et al., 2020b) scaled pathology
QA with textbook images but faced noise and cover-
age issues; Medical-Diff-VQA (Hu et al., 2023) in-
troduced difference-based paired-image questions
for comparative reasoning.

Transformer-based vision—language pretraining
further reshaped the field. ViLBERT (Lu et al.,
2019) and LXMERT (Tan and Bansal, 2019)
learned joint cross-modal representations and
adapted effectively to VQA. In medicine, MM-
BERT (Khare et al., 2021) showed multimodal
BERT (Devlin et al., 2019) pretraining improves
MedVQA under data scarcity, and M212 (Li et al.,
2023c) leveraged self-supervised masked modeling
and contrastive alignment to advance results across
VQA-RAD, PathVQA, and SLAKE. Hybrids also
emerged: BPI-MVQA (Liu et al., 2022) combined
transformers with retrieval signals for improved
multimodal fusion. These approaches improved
accuracy but generally required domain-specific
pretraining or fine-tuning.

Large vision—language models (VLMs) and
LLM-vision hybrids enabled open-ended gener-
ation. BLIP-2 (Li et al., 2023b) efficiently bridged
frozen encoders and LLMs. LLaVA (Liu et al.,
2023) introduced visual instruction tuning, while
LLaVA-Med (Li et al., 2023a) adapted this strategy
to biomedical content. Domain-specific conversa-
tional VLMs such as XrayGPT (Thawakar et al.,
2024) aligned MedCLIP (Wang et al., 2022) en-
coders with Vicuna (Chiang et al., 2023) for chest
X-ray QA and summarization, and R-LLaVA (Chen
et al., 2024) enhanced MedVQA via ROI annota-
tions. Generative perspectives also gained trac-
tion: PMC-VQA scaled to 227k QA pairs, training
MedVInT for effective fine-tuning on VQA-RAD,
SLAKE, and ImageCLEF (Zhang et al., 2024).
Evaluation evolved from strict accuracy toward
BLEU and other text-generation metrics to cap-
ture partial correctness and phrasing variability
(Ben Abacha et al., 2019, 2021; Hasan et al., 2018).

RAG (Lewis et al., 2020) has emerged to miti-
gate hallucinations and data scarcity by ground-
ing answers in evidence. RAMM (Yuan et al.,
2023) combined retrieval with dedicated attention
modules to set state-of-the-art results on multiple
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Figure 1: Task overview for MEDIQA-WYV 2025. Inputs: wound images and a patient query. Outputs: free-text

answer with structured wound attributes

MedVQA datasets. Fine-grained retrieval fusion
with re-weighting further improved benchmarks
like PathVQA and VQA-RAD without direct data
access (Liang et al., 2025). Broader studies show
retrieval strategies, granularity, and fusion strongly
affect factuality, though best practices remain un-
settled (Xiong et al., 2024).

Despite progress, challenges remain. Many sys-
tems rely on costly pretraining, curated corpora,
or complex fusion stacks that limit transferabil-
ity. Closed-set classification constrains answer di-
versity, while generative models risk hallucination
if ungrounded. Our work addresses these issues
with a general-domain, instruction-tuned LLM and
lightweight RAG, which is a minimal, inference-
time retrieval layer that adds a few relevant snippets
via simple indexing and fusion, without extra train-
ing or complex re-ranking, to reduce hallucinations,
respect data limits, and keep the system easy to re-
produce. This approach of LLMs with RAG-based
textual and visual exemplars preserves generative
flexibility while improving interpretability and re-
producibility by grounding answers in retrieved evi-
dence, aligning with pragmatic, evidence-grounded
MedVQA.
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3 Task Description

The MEDIQA-WYV shared task (Yim et al., 2025b)
extends prior efforts in MedVQA to the wound-care
domain. The objective is to advance remote pa-
tient care by generating clinically appropriate free-
text responses to patient queries, while at the same
time producing structured wound-related metadata
that capture essential clinical details. This dual re-
quirement reflects the need for both patient-facing
guidance and machine-readable data that can be
integrated into electronic health records (EHR).

Formally, each data instance corresponds to an
encounter e, defined as a pair (X, ¢.). The image
set X, = {xgl), e xg")} contains one or more
wound photographs, and the textual query ¢, is
bilingual, consisting of an English and a Chinese
title and content.

The system must predict an output tuple with a
response and the following metadata.

0c = (resp,, loce, type,, thicke,

color,, drainAmt., drainType,, infect,),

Where resp, is a free-text response and the re-
maining fields represent structured wound meta-



data. The anatomic location locc. C £ may in-
clude one or more sites (e.g., arm, chest, foot).
The wound type type, € { pressure, arterial,
venous, surgical, diabetic, ... '} covers com-
mon etiologies. The wound thickness thick., €
{stage I-1V, unstageable, not_applicable}.  The
tissue color color., is drawn from a finite
set describing visual appearance (e.g., red/-
moist, yellow/grey, black/necrotic). Drainage
is captured both in amount, drainAmt. €
{none, scant, minimal, moderate, copious}, and in
type, drainType, € { sanguineous, serous, serosan-
guinous, purulent}. Finally, the infection status
infect, € {infected, not_infected, unclear}.

Training data provide full tuples o, for each en-
counter, while in the test phase, only (X, ¢.) are
given and systems must predict 0.. Success in this
task requires models to jointly reason over multi-
modal inputs, differentiate clinically meaningful
features, and generate outputs that are both fluent
and structured for downstream clinical use.

4 Dataset

The MEDIQA-WYV dataset (Yim et al., 2025a) was
created to support wound assessment and patient
counseling tasks. Each encounter consists of a
unique identifier, one or more wound images, a
bilingual query in English and Chinese, and a set
of expert-generated responses in both languages.
In addition to the free-text components, the
training and validation splits contain structured
gold-standard metadata covering the following
attributes: wound_type,  wound_thickness,
tissue_color, drainage_amount,
drainage_type, infection_status, and
one or more anatomic_locations. All categor-
ical values are drawn from a closed dictionary
of medically valid terms, such as wound types
{traumatic, surgical, pressure}, tissue colors
{red moist, necrotic black}, drainage categories
specifying both amount and type, and anatomic
sites like arm, knee, foot. Figure 1 demonstrates an
example data instance.

Split Encounters Responses Images
Train 279 279 449
Validation 105 210 147
Test 93 279 152

Table 1: Dataset statistics: encounters, responses, and
images per split.

4.1 Dataset Analysis

Table 1 summarizes the distribution of encounters,
responses, and images across splits. The train-
ing set provides a single expert response per en-
counter, while validation is double-annotated, of-
fering complementary perspectives. The test set
is input-only and triple-annotated by medical pro-
fessionals, though the gold-standard labels remain
unpublished.

Encounters contain varying numbers of images,
reflecting the clinical setting where multiple photos
capture different wound angles or progress. In
the training split, 170 encounters include a single
image, while 109 (39%) contain multiple (up to
nine) images. Validation includes 72 encounters
with single images and 33 encounters with multiple
images, and the test set has 55 single-image and
38 multiple-image encounters. Both the validation
and test sets contain up to four images for a single
encounter. Queries and responses also differ across
splits. English queries average 46 words in training,
44 in validation, and 52 in test. Responses are 29
words on average for training, but become longer
in validation (41 words) and test (47 words).

The metadata distribution is highly skewed.
Traumatic wounds dominate with 330 cases
(85.9%), while arterial and venous ulcers appear
only once each (0.3%). Infection status is similarly
imbalanced: 325 encounters (84.6%) are labeled as
not infected, 39 as unclear (10.2%), and only 20 as
infected (5.2%). Wound thickness is concentrated
in stage I and stage II, and common anatomical
sites include the lower leg, fingers, and hand. Al-
though annotations generally follow the predefined
dictionary, occasional inconsistencies appear, such
as “sole” instead of “foot-sole” or drainage mis-
matches like “no exudate” paired with a specific
drainage type. These rare cases highlight the need
for normalization.

Overall, the dataset integrates structured wound
metadata, bilingual queries, and expert responses
into a challenging benchmark. The skewed label
distributions and queries with multiple images, and
the small size of training data, make fine-tuning
difficult. These properties motivate using an LLM
with RAG to retrieve similar examples from the
training data, so answers stay close to the data,
avoid generic responses, and follow the required
output format.
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<System>

You are a wound-care assistant. Your response must be a valid
JSON with exactly two keys: ‘metadata’ and 'responses’. 'metadata’
includes the following fields and must use only one of the allowed
values for each:

anatomic_locations: [ ... |, wound_type: [ ... |, wound_thickness: [
... |, tissue_color: [ ... |, drainage_amount: [ ... |, drainage_type: [
... |, infection: [ ... |

'responses' must be concise instructions under 120 words. Not
generic solutions. Do not add new fields or invent new labels. Only
use allowed metadata values.

</System>

<User>

[[images from exemplar 11]]{EXEMPLAR 1.query content en}
</User>

<Assistant>

</Assistant>

<User>

[[image from CURRENT case]]{case.query title en}
{case.query content en}

</User>

Expected Output
<Assistant>

"unknown",
"stage 1",
"red_moist",
"no_exudate",
"not_applicable",
"not_infected",

"Apply burn cream daily and take anti-
inflammation medicine for the pain. Seek evaluation if blistering or
infection is a concern."
</Assistant>

/

Figure 2: Structured prompt with retrieved exemplars
and the expected output schema.

5 Methodology

To test how a general-domain LLM performs on
a MedVQA task without domain-specific training,
the meta-llama/Llama-4-Scout-17B-16E-Instruct
(Meta, 2025) model was chosen. It follows in-
structions well, has open weights for reproducible
research, and is a strong multimodal variant in the
Meta-LLaMA (Touvron et al., 2023) family, of-
fering a long context window and reliable vision-
language support.

5.1 Model Configuration

We used the 17B instruction-tuned LLaMA-
4 model, implemented via Hugging Face
transformers with automatic GPU mapping.
Inference ran in bfloat16 for efficiency, with
a maximum generation length of 4096 tokens,
temperature 0.2, and top-p 0.9. For multimodal
inputs, the model was paired with the LLaMA-4

88

processor to jointly encode text prompts and
wound images.

5.2 Prompt Design

We explored three prompting strategies: zero-shot,
few-shot, and RAG. An example prompt is pro-
vided in Figure 2.

Zero-shot prompting. The model received only
a system instruction defining its role as a wound-
care assistant. Outputs were constrained to valid
JSON by dividing the output tuple into two top-
level keys: metadata and responses. Metadata
used categorical labels from a wound-care data dic-
tionary (e.g., wound type, tissue color, drainage,
infection status), while responses provided short
patient-facing instructions (<120 words). This set-
ting tested schema adherence without exemplars.

Few-shot prompting. We added two exemplar
encounters from the training set, chosen after eval-
uating on the validation set, to reduce schema vi-
olations and improve metadata consistency. Each
exemplar included wound image(s) and query text
as a user turn, followed by the reference response
as an assistant turn, guiding the model to emu-
late JSON structure and style. We limit exem-
plars to two because adding more, together with
images, metadata, and the current prompt, exceeds
the model’s context window.

Retrieval-augmented prompting. To improve
grounding and reduce hallucinations (Lewis
et al., 2020), we designed a multimodal RAG
pipeline combining dense similarity search with
exemplar-driven prompting, where we encoded
questions and images into vectors, then retrieved
the nearest training examples for that encounter
and placed those exemplars in the prompt.
Two indices were built with FAISS (Douze
et al., 2024): semantic text embeddings from
sentence-transformers/all-MinilM-L6-v2
and vision-language embeddings from CLIP
(openai/clip-vit-base-patch32) 2. We tested
both the text-only and multimodal (text+image)
retrieval setup.

At inference, we retrieve training encounters
most similar to the inference-case using combined
text and image similarity with equal weight (o =
0.5). We evaluated other « values that placed more
weight on images, but performance declined with
more weight for the image, and so an approach

Zsentence-transformers, openai-clip
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with image-only retrieval was not explored. We se-
lect the top two exemplars because validation runs
gave the best overall metrics, and adding more with
images and metadata caused the prompt to exceed
the model’s context window. This setup reduced
schema violations, improved metadata predictions,
and outperformed zero- / few-shot prompting.

5.3 Experimental Setup

Images were resized to 224 x 224 and passed
with text. Decoding used nucleus sampling with-
out beam search to balance diversity and format
compliance. All runs were performed on NVIDIA
A100 GPUs (80 GB), enabling full 17B model in-
ference with multimodal inputs. We logged raw
generations to audit both successful and erroneous
outputs.

5.4 Post-processing

LLM:s often generate extraneous text or malformed
JSON, so we implemented a normalization pipeline.
We first stripped any Markdown code fences or
leading text before the opening brace, then parsed
outputs to enforce exactly two keys: metadata
and responses. Metadata entries were validated
against the wound-care dictionary, discarding in-
valid fields. Responses were mapped to the En-
glish patient instruction. The cleaned output was
merged into each case under its encounter_id,
producing the final structured predictions for evalu-
ation.

This layered design enabled systematic compari-
son of zero-shot, few-shot, and retrieval-augmented
prompting, quantifying the benefits of contextual
grounding and exemplar retrieval on schema adher-
ence, metadata accuracy, and response validity.

6 Evaluation

The MEDIQA-WYV 2025 shared task employs a
multi-dimensional evaluation protocol that com-
bines surface overlap, semantic similarity, and clin-
ical plausibility.

For lexical similarity, the task uses deltaBLEU
(Galley et al., 2015), which extends BLEU (Pap-
ineni et al., 2002) by rewarding partial matches
across multiple references. Complementary recall-
oriented measures include ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-Lsum (Lin, 2004), capturing
different levels of n-gram and sequence overlap.

Semantic similarity is evaluated with BERTScore
(Zhang et al, 2019), using two variants:
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BERT-mn, which averages over references, and
BERT-mx, which takes the maximum score to
reward alignment with at least one gold an-
notation. English responses are scored with
microsoft/deberta-xlarge-mnli (He et al.,
2020a), while Chinese responses are scored with
lang=zh for multilingual alignment.

To assess plausibility and instructional quality
beyond surface metrics, three large multimodal lan-
guage models (LMLMs) act as automatic judges:
(i) DeepSeek-V3-0324 (Azure Al Foundry), (ii)
Gemini-1.5-pro-002 (Google GenAl), and (iii)
GPT-40 (Azure Al Foundry)®. Using standardized
prompts in English and Chinese, these models in-
dependently score outputs for usefulness, contextu-
ality, and clinical appropriateness, reducing model-
specific bias.

A final average_score (Avg) aggregates re-
sults across all metrics, combining fidelity, seman-
tic alignment, and plausibility into a robust bench-
mark for multimodal clinical generation systems.

7 Results and Discussion

7.1 Leaderboard Performance

The MEDIQA-WYV 2025 shared task attracted par-
ticipation from 19 teams, producing a total of 51
submissions. Our MasonNLP system ranked com-
petitively, achieving an average score of 41.37%
on its best run. As shown in Table 2, both of
our submissions placed in the top five overall, un-
derscoring the robustness of our general-domain
LLM pipeline against more specialized approaches.
Notably, while the leading system achieved the
highest overall performance (47.30%), our systems
demonstrated comparable strength across multiple
metrics, reflecting effective phrasing and semantic
alignment. This suggests that our lightweight re-
trieval and prompting strategies can yield results
close to top-level systems.

7.2 Ablation Study

To better understand the contribution of the re-
trieval and prompting strategy, we conducted an
ablation across four configurations: (1) LLaMA-4
+ RAG with image+text retrieval, (2) LLaMA-4 +
RAG with text-only retrieval, (3) LLaMA-4 in few-
shot, and (4) LLaMA-4 in zero-shot. Results in Ta-
ble 3 demonstrate three key effects. First, retrieval
markedly improves all evaluation metrics, con-
firming its role in grounding predictions. Second,

SDeepSeek, Gemini-1.5-pro, GPT-40
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Team dBLEU R1 R2 RL RLsum BERT-mn BERT-mx  DeepSeekV3  Gemini GPT-40 Avg

MasonNLP 8.89 70.99  48.62  42.19 42.27 59.01 63.27 53.55 55.38 55.38 41.37
MasonNLP 7.31 7279 4844 4331 43.25 60.42 64.55 58.92 56.45 53.23 41.07
EXL Services—Health 9.92 79.09  56.13  45.61 45.60 62.18 66.90 68.23 64.52 71.51 47.30
EXL Services—Health 13.04 71.18 5128 4517 45.72 61.88 67.43 63.49 59.14 62.90 45.75
DermaVQA 7.65 7899 5391 4549 45.48 60.62 63.68 42.74 45.70 37.10 37.71

Table 2: Leaderboard results on MEDIQA-WYV 2025. MasonNLP best runs in bold; best per column in italics.

System dBLEU R1 R2 RL RLsum  BERT-mn  BERT-mx  DeepSeekV3  Gemini GPT-40 Avg
LLaMA-4 + RAG (image+text) 8.89 70.99  48.62  42.19 42.27 59.01 63.27 53.55 55.38 55.38 41.37
LLaMA-4 + RAG (text only) 731 7279 4844 4331 43.25 60.42 64.55 58.92 56.45 53.23 41.07
LLaMA-4 (few-shot) 4.67 4150 2730 2350 24.10 41.60 44.20 35.00 33.90 33.90 23.63
LLaMA-4 (zero-shot) 1.73 25.00 17.00  14.00 14.50 29.00 30.00 20.00 21.60 21.60 14.10

Table 3: Ablation of prompting and retrieval strategies. Best per column in bold.

the inclusion of images supplied visual evidence
for image-dependent details, as shown by higher
dBLEU and GPT-4o0 scores. Third, even without re-
trieval, moving from zero-shot to few-shot reduces
hallucinations and yields more consistent phrasing,
though the gap to retrieval-based models remains
large. Together, these trends highlight that retrieval
complements prompting and that multimodal re-
trieval is particularly effective for wound-specific
guidance. This systematic progression from zero-
shot to multimodal RAG reveals clear patterns in
how different retrieval modalities and prompting
approaches affect MedVQA performance.

7.3 Discussion and Implications

Our results show a clear progression in perfor-
mance from zero-shot prompting to multimodal
RAG. In the zero-shot setting with the LLaMA-
4 17B model, scores were very low (dBLEU 1.73),
largely due to the model’s failure to produce the
required structured JSON output despite explicit
instructions.

Adding a few in-context exemplars improved
formatting and raised dBLEU to 4.67, but responses
remained generic and lacked clinically specific de-
tail. Retrieval with textual exemplars addressed this
issue more effectively. By grounding outputs in se-
mantically similar queries and solutions, the model
produced more structured and concrete recommen-
dations, with Rouge-L increasing from 23.50 (few-
shot) to 43.31, and GPT-40 judgments rising sub-
stantially.

Extending retrieval to include images further
boosted contextual grounding, particularly for
wound-site descriptions and infection cues, lifting
dBLEU to 8.89. However, gains were not univer-
sal. Visual neighbors sometimes introduced noise
when image relevance was weak, slightly trailing
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text-only retrieval in a few metrics.

Overall, the ablation confirms that moving from
zero-shot to exemplar-based and multimodal re-
trieval progressively improves structure and speci-
ficity. A lightweight RAG pipeline combining tex-
tual and visual evidence provides a strong, repro-
ducible baseline for multimodal clinical tasks with-
out domain-specific fine-tuning.

8 Error Analysis

In the absence of gold-standard labels, we evalu-
ate model behavior along four axes: (i) schema
conformance against an allowed-value dictionary,
(i1) content form and genericness (length, template
reuse, lexical alignment to the query), (iii) intent
coverage for common asks (healing time, stitches/
sutures, tetanus), and (iv) hallucination/ over-claim
heuristics (e.g., asserting infection without cues).

8.1 Zero-shot LLAMA-4

On 93 queries, the model produced 93 answers with
one empty reply (1.1%). Answers are short (mean
18.1 words with max 53) and frequently reuse stock
advice, like “cover with a bandage” (25/93), “moni-
tor for signs of infection” (23/93), “apply antibiotic
ointment” (22/93), with additional phrases such as
“seek medical attention” (9/93), “consult a doctor”
(6/93), and “keep the area clean and dry” (5/93). Al-
though 90 outputs are unique (only two duplicates
and one missing), query—answer lexical overlap
is low, indicating a generic style that often under-
engages the user’s ask. Intent coverage lacks preci-
sion as well. For healing-time questions, only 1/16
answers include a numeric time frame; for stitches/
sutures, 4/13 mention suture care or removal tim-
ing; for tetanus, 4/7 mention vaccination/ booster
guidance. Hallucination screening flags 31/93 an-
swers that assert infection without any infection



Improvement Type Zeroshot Prediction

RAG Prediction

Hallucination Reduction | Infection: infected

Instruction: “Antibiotics may be needed.”

Infection: not_infected
Instruction: “No signs of infection; continue
saline cleaning and dry dressing.”

Specificity of Response Location: finger

movement.”

Instruction: “Keep the area clean and avoid

Location: fingertip

Instruction: “Clean fingertip wound twice
daily, apply antibiotic ointment, and avoid
immersion in water.”

Vocabulary
Normalization

Type: trauma

Instruction: “Healing depends on care.”

Type: traumatic
Instruction: “Traumatic wound; healing time
approx. 2-3 weeks with proper care.”

Table 4: Examples of improvements from zero-shot to RAG, grouped by improvement type.

cues in the corresponding queries; about a quarter
of these are hedged (e.g., “may be infected”), and
explicit speculative diagnosis terms (e.g., fracture,
necrosis) are rare (4/93). Overall, zero-shot out-
puts are fluent and safety-oriented but frequently
generic, under-answer explicit asks, and sometimes
over-call infection in the absence of evidence.

8.2 LLAMA-4 + RAG (Image+Text)

We examined 93 predictions for schema con-
formance, value validity, and content quality.
All seven fields were present for every item.
True out-of-vocabulary (OOV) rates were low as
anatomic_locations had 8 OOV entries driven by
common synonyms (leg, finger/fingertip, shin),
while single-valued fields each had at most one
OOV instance (wound_type 1/93; wound_thickness
4/93 due to partial/partial thickness; tissue_color,
drainage_amount, drainage_type, infection each
1/93). Label distributions reflected the training
and development set analysis with wound_type
mostly being traumatic (88.0%), infection fa-
voring not_infected (52.2%) with mass on
infected (27.2%) and unclear (20.7%), and
wound_thickness was dominated by stage_II
(50.6%). There was exactly one instance with no
generated response. Responses were longer than
the zero-shot system (mean 28.4 words with a max
of 96) and remained largely unique (91/93) but still
exhibited a generic tone. About 60% of answers
had very low lexical overlap with their queries, and
common advice tokens were frequent (e.g., “antibi-
otic” in 45.2%; “debridement” in 5.4%). Intent cov-
erage improved but remained uneven. 7/44 (15.9%)
healing-time questions received a concrete range;
4/13 (31%) stitches/ sutures were addressed; 4/7
(57%) tetanus was handled. Hallucination risk was
limited (6/93, 6.5% infection assertions without
cues), and safety-related replies were appropriately
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cautious, though consistent crisis templates would
be beneficial.

8.3 Observed Improvements from Zero-shot
to RAG

Relative to zero-shot, RAG reduces over-assertion
of infection substantially (31/93 — 6/93) and pro-
duces longer, more informative answers that better
reflect the query context, particularly for time-to-
heal questions (a larger share of timeline-bearing
replies). RAG outputs also conform to a schema
with low OOV rates, eliminating synonym-induced
errors through canonicalization. Nonetheless, both
systems retain some generic phrasing and leave
room for stronger intent coverage on stitches and
return-to-activity guidance. Taken together, RAG
shifts the model from broadly safe, generic counsel-
ing toward more specific, schema-consistent, and
less hallucinatory answers, as also reflected in the
examples presented in Table 4.

9 Conclusion

We investigated wound-care VQA in the MEDIQA-
WV 2025 shared task using a general-domain,
instruction-tuned LLLM combined with lightweight
RAG. Our study shows that this approach can
handle challenging multimodal questions without
domain-specific training. The framework inte-
grates textual and visual neighbors at inference
time and is simple to reproduce. Results demon-
strate clear gains from zero-shot to exemplar-driven
prompting, with multimodal retrieval being the
best-performing system. Error analysis confirmed
that retrieval reduces hallucinations and improves
metadata consistency, though challenges remain
when neighbors are only partially relevant. Overall,
our findings highlight retrieval-augmented gener-
ation as a transparent, efficient, and generalizable
approach for advancing multimodal clinical NLP.



Limitations

Our generation is closely tied to the in-domain
training data used for retrieval, so outputs can mir-
ror its gaps and biases. Higher-quality and more
diverse exemplars would likely yield more spe-
cific and reliable responses. Incorporating external
knowledge (e.g., vetted clinical guidelines or cu-
rated web corpora) could broaden coverage and
reduce omissions.
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