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Abstract
Free-text evaluation of multimodal clinical question answering (QA) systems remains a central challenge in medical
NLP due to the complexity of medical knowledge, the necessity of integrating visual and textual information,
and the limitations of existing automatic evaluation metrics for open-ended outputs. In this work, we present a
training-free, agentic evaluation framework that formulates response scoring as evidence-guided orchestration
of components rather than a task requiring conventional end-to-end fine-tuning of underlying LLMs/VLMs. Our
ReAct-style evaluator combines (i) structured reasoning, (ii) multimodal retrieval of similar encounters, (iii)
auxiliary explainable feature-based regression models that provide numeric priors and human-interpretable
signals, (iv) VLM-generated visual QA references for comparison, and (v) optional image augmentation tools.
Unlike standard LLM-as-a-judge approaches that rely on direct generative scoring, our agent decomposes
evaluation into modular stages of evidence acquisition, structured feature modeling, and integrative reasoning.
We apply this architecture to the MEDIQA-EVAL shared task – a multimodal, multilingual clinical evaluation
challenge that assesses system-generated answers for patient queries paired with images along multiple clinical
quality dimensions. We report results across both English and Chinese tracks, comparing against baseline
prompting methods, and discuss the feasibility and limitations of lightweight agentic systems for clinical QA evaluation.
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1. Background & Introduction

Digital messaging platforms have become an in-
creasingly important component of modern health-
care delivery, enabling remote patient-provider
communication and improving access to care while
reducing logistical and financial barriers (Shickel
et al., 2018; Topol, 2019). In visually driven medical
specialties such as dermatology and wound care,
patient queries frequently include images along-
side free-text descriptions of symptoms, disease
progression, or prior treatments (Yim et al., 2024c,
2025b). Automatically generating draft responses
to such multimodal queries has thus become a
promising approach for alleviating clinician work-
load and supporting scalable telemedicine.

Recent advances in large language models
(LLMs) and vision-language models (VLMs) have
substantially improved the fluency and expressive-
ness of generated medical text, as well as the
ability to reason over visual inputs (Li et al., 2023;
Singhal et al., 2023). However, reliably evaluat-
ing the quality of these free-text, multimodal re-
sponses remains an open research challenge. Un-
like closed-form question answering (QA) or clas-
sification tasks, medical free-text responses may
admit multiple valid answers reflecting different clin-
ical opinions, levels of detail, or stylistic prefer-
ences. As a result, traditional automatic evalua-
tion metrics such as BLEU (Papineni et al., 2002)
or ROUGE (Lin, 2004) often correlate poorly with
expert judgment in clinical settings (Peng et al.,

2017; Yim et al., 2025a). This problem is further
compounded in multimodal scenarios, where the
correctness of a response depends on appropriate
interpretation of clinical images in conjunction with
textual context.

A growing body of work has emphasized the
need for specialized evaluation frameworks that
better align with human clinical assessments. Prior
efforts have explored learned evaluation mod-
els, rubric-based scoring, and LLM-as-a-judge
paradigms to assess factuality, completeness, and
clinical relevance of generated outputs (Liu et al.,
2023; Fu et al., 2023; Xu et al., 2025a). While LLM-
as-a-judge approaches have demonstrated strong
empirical performance across many text genera-
tion tasks, they typically rely on direct generative
scoring in a single prompt-driven inference step.
Such setups offer limited transparency into the rea-
soning process underlying a score and provide
little structured evidence for downstream auditing
or calibration. Moreover, scores may also be overly
influenced by surface-level properties such as ver-
bosity or stylistic alignment, and judgments may
vary with prompt phrasing or contextual framing
rather than underlying clinical correctness.

In parallel, several shared tasks have advanced
multimodal medical QA by focusing on answer gen-
eration in dermatology and wound care, includ-
ing DermaVQA and WoundcareVQA (Yim et al.,
2024c, 2025b). While these benchmarks have
driven progress in multimodal reasoning, previous
tasks have primarily focused on generation perfor-
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mance and provide limited insight into the broader
problem of response evaluation.

The MEDIQA-EVAL shared task (Ben Abacha
and Yim, 2026), organized as part of the LREC
2026 ClinicalNLP Workshop, addresses this gap by
shifting the focus from answer generation to eval-
uation of system-generated free-text responses.
In this task, participants are given patient ques-
tions paired with one or more clinical images
and are asked to assign quality scores to candi-
date answers produced by external systems. The
task is both multimodal and multilingual, encom-
passing English and Chinese data, and evaluates
responses along multiple clinically motivated di-
mensions, including overall quality, factual accu-
racy, completeness, relevance, and writing style.
By grounding evaluation in expert human ratings,
MEDIQA-EVAL provides a rigorous testbed for
developing and analyzing automated evaluation
methodologies in realistic settings.

In this paper, we describe Team BDI’s submis-
sion to the MEDIQA-EVAL shared task. Our ap-
proach departs from the dominant paradigm of fine-
tuning task-specific models for evaluation. Instead,
we propose a modular, agent-based framework
that treats evaluation as evidence-guided orches-
tration. The system is built around a ReAct-style
agent (Yao et al., 2023) using an out-of-the-box
LLM that integrates structured reasoning guided by
task-specific prompts, multimodal retrieval of simi-
lar clinical encounters, auxiliary machine learning-
based scoring signals, VLM generated references,
and optional image augmentation tools. This de-
sign reflects recent trends toward agentic and com-
positional systems in applied natural language pro-
cessing and explores their viability as lightweight
and flexible alternatives for multimodal clinical QA
evaluation.

Our contributions are three-fold:

• We introduce a ReAct-style, training-free
evaluation framework for multimodal clinical
QA that decomposes scoring into explicit
stages of structured rubric-based reasoning,
evidence retrieval, and integrative decision-
making, rather than relying on monolithic end-
to-end grading.

• We design an interpretable scoring mecha-
nism that augments LLM-based reasoning
with structured features and regression-based
numeric priors, enabling more transparent, au-
ditable, and potentially calibratable judgments
compared to single-step LLM-as-a-judge ap-
proaches.

• We provide an empirical analysis on the mul-
tilingual MEDIQA-EVAL benchmark, showing
that inference-time modular orchestration of-
fers a viable alternative for multimodal clinical

QA evaluation across English and Chinese
settings that does not require any additional
pre-training or fine-tuning of underlying foun-
dation models.

2. Related Works

2.1. Medical Question Answering

Medical QA has evolved from traditional text-only
retrieval or multiple-choice formats to increasingly
complex multimodal tasks that integrate both visual
and textual information (Lin et al., 2023). Early
biomedical QA benchmarks focused on answering
factual questions over text corpora or structured
clinical data (Ben Abacha et al., 2018; Nentidis
et al., 2024). However, recent work has expanded
QA to incorporate multimodal reasoning, where
systems must jointly interpret clinical images and
accompanying questions to produce accurate an-
swers (Demirhan and Zadrozny, 2024; Zhang et al.,
2025). For example, large-scale medical visual
QA efforts have targeted generation of natural lan-
guage responses grounded in radiological, patho-
logical, or endoscopic images paired with clinical
queries (Zhang et al., 2024; Gautam et al., 2025).

2.2. Free-Text Generation and Evaluation

Free-text generation in medical QA introduces
unique evaluation challenges due to variability in
valid clinical responses and nuanced medical con-
tent. Several shared tasks have focused on mul-
timodal free-text generation conditioned on clini-
cal images and questions (Yim et al., 2024b; Xu
et al., 2024). Similarly, the MEDIQA-WV and
MEDIQA-MAGIC tasks have emphasized wound
care and dermoscopy QA, requiring systems to
produce fluent, clinically appropriate text accom-
panied by structured output where applicable (Yim
et al., 2024a, 2025c).

Despite progress in generation, evaluation re-
mains an active area of research. Generic auto-
matic metrics often correlate poorly with clinical
relevance and accuracy, leading to work on spe-
cialized evaluators and metrics (Van Veen et al.,
2024; Ostmeier et al., 2024; Zhao et al., 2024; Xu
et al., 2025b; Delbrouck et al., 2025). This under-
scores the need for evaluation benchmarks like
MEDIQA-EVAL that directly target free-text quality
in clinical QA.

2.3. Dermatology and Wound Care

Recent work has also explored foundation models
and specialized datasets tailored to dermatology
and wound care domains. In dermatology, the MM-
Skin dataset enhances VLM capability by deriving
large-scale image-text pairs from textbooks and
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clinical sources, enabling richer skin disease repre-
sentation and QA performance (Zeng et al., 2025).
Other dermatology visual QA efforts such as Der-
maVQA provide multilingual benchmarks for skin
condition reasoning (Yim et al., 2024c). In wound
care, the WoundcareVQA dataset supports mul-
timodal QA with structured wound attributes and
clinical queries (Yim et al., 2025b), and recent re-
trieval augmented generation methods have been
shown to be effective in the MEDIQA-WV shared
task framework (Karim and Uzuner, 2025).

3. MEDIQA-EVAL Shared Task

The MEDIQA-EVAL shared task evaluates auto-
matic methods for scoring free-text, multimodal
clinical QA responses. Given a patient question
paired with one or more clinical images and a set
of candidate system-generated answers, partici-
pating systems assign numerical quality scores in-
tended to approximate expert human judgements.
The task is multilingual (English and Chinese) and
focuses on visually driven clinical domains, specifi-
cally dermatology and wound care.

The benchmark builds on two previously re-
leased multimodal datasets: DermaVQA (referred
to as iiyi), a dermatology visual question an-
swering dataset, and WoundcareVQA, which fo-
cuses on wound care encounters. Both datasets
consist of online patient queries accompanied by
clinical images and clinician-authored responses.
For the shared task, each encounter is paired with
three candidate system outputs to be evaluated. A
summary of the dataset composition used in the
challenge is shown in Table 1.

Dataset Split #Encounters #Systems #Human

WoundcareVQA Dev 105 315 210
Test 93 279 279

DermaVQA (iiyi) Dev 56 168 417
Test 100 300 926

Table 1: Summary of datasets used in MEDIQA-
EVAL. Each encounter is associated with three
system-generated candidate responses and one
or more human responses. Both English (EN) and
Chinese (ZH) versions are provided for both devel-
opment and testing splits.

Human expert annotations serve as the refer-
ence standard for evaluation. For English data,
candidate responses are rated along multiple clini-
cally motivated axes:

• Completeness: extent to which the response
adequately addresses all clinically relevant as-
pects of the query.

• Factual Accuracy: clinical correctness of the
medical information provided.

• Relevance: degree of alignment between the
response and the patient’s question.

• Writing Style: clarity, coherence, and appro-
priateness of the language used.

• Overall Quality: holistic assessment of the
response’s clinical usefulness and reliability.

Each of these five metrics is discretized to
{0, 0.5, 1}, corresponding to poor, partial, or strong
performance. In addition, the English data includes
a binary disagreement flag indicating whether the
evaluator disagrees with the overall clinical judg-
ment or message conveyed in the response. Chi-
nese samples are evaluated using a reduced set
of criteria focusing on only factual consistency with
human responses and writing quality. These di-
mensions are likewise discretized to {0, 0.5, 1} and
do not include a disagreement flag.

The development data was provided with mul-
tiple expert judgements per candidate. However,
each candidate in the test data was independently
annotated by two experts, with a conflict resolution
process applied by the task organizers for cases of
disagreement to produce the final reference scores
used for evaluation.

Submitted automatic scoring systems are eval-
uated by measuring their correlation with human
ratings. For each metric, Kendall’s τ , Pearson’s r,
and Spearman’s ρ are computed between system-
generated scores and human judgements. These
correlation coefficients are averaged to produce
a metric-level score. Final leaderboard rankings
are determined by averaging metric-level scores
across all metrics within each language, yielding
separate aggregate scores for English and Chi-
nese. This evaluation protocol emphasizes rela-
tive ranking and calibration of candidate responses
rather than absolute score prediction, encouraging
systems to capture clinically meaningful distinc-
tions among candidate answers.

4. Methods

4.1. Task Formulation

We formulate MEDIQA-EVAL as a multimodal re-
sponse scoring problem. Let an encounter be de-
fined as:

e = ⟨q, I,M⟩

where q denotes a patient query expressed as
free text, I = {i1, . . . , i|I|} is a set of associated
clinical images, and M represents optional struc-
tured metadata describing the encounter (e.g.,
anatomical location or wound type). For each
encounter e, a fixed set of candidate system re-
sponses C = {c1, c2, . . . , cK} is provided, where
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each ck is a free-text answer generated by an ex-
ternal system.

The objective of the task is to assign numeri-
cal quality scores to each candidate ck along a
predefined set of evaluation dimensions. Let D
denote the set of evaluation metrics, which differs
by language (i.e., six metrics for English and two
for Chinese). The desired output of an automatic
evaluation system is a function:

f : (e, ck, d) → ŷk,d

where ŷk,d ∈ R is the predicted score for candidate
ck on metric d ∈ D. These predictions are evalu-
ated by their rank and linear correlation with expert
human judgements rather than absolute error, em-
phasizing relative ordering and calibration across
candidates.

4.2. Evaluation Agent Overview

To address this task, we implement an agent-based
evaluation framework that treats response scoring
as a structured reasoning and orchestration prob-
lem rather than a purely parametric prediction task.
At a high level, the agent operates as a policy:

πθ : (e, C) → {Ŷ1, . . . , ŶK}

where Ŷk = {ŷk,d | d ∈ D} denotes the vector
of predicted metric scores for candidate ck. The
policy πθ is instantiated by gpt-5-2025-08-07
out-of-the-box, conditioned on a system prompt
and augmented through external tools (Figure 1).

Following the ReAct paradigm, the agent inter-
leaves natural language reasoning with tool invo-
cations to gather auxiliary evidence before produc-
ing final scores. Rather than embedding all task-
specific knowledge in model parameters, the agent
dynamically queries specialized modules that ex-
pose structured signals relevant to clinical eval-
uation. This design emphasizes modularity and
interpretability and avoids additional model fine-
tuning.

Concretely, for each encounter e, the agent
performs an iterative reasoning process: st+1 =
LLM(st, ot), where st denotes the agent’s internal
reasoning state at step t, and ot represents obser-
vations returned by external tools. The process
terminates when the agent emits a complete set of
metric predictions for all candidates in C.

4.3. Model Context Protocol Tools

The agent interacts with external components
through the Model Context Protocol (MCP) (Hou
et al., 2025), which provides a standardized inter-
face for invoking tools implemented as indepen-
dent services. Each tool exposes a well-defined

input-output contract and can be queried condi-
tionally based on the agent’s reasoning state. In
our system, we employ several MCP servers corre-
sponding to complementary sources of evidence:
feature-based encounter retrieval, auxiliary ma-
chine learning-based scoring, VLM generated ref-
erences, and image augmentation skills.

4.3.1. Feature-based Encounter Retrieval

Our retrieval subsystem returns a small set of pre-
viously observed encounters:

R(e) = {e′1, . . . , e′N}

that are most relevant to an input encounter
e = ⟨q, I,M⟩. Retrieval is implemented as a
two-stage pipeline: (i) metadata-based filtering to
produce a reduced candidate pool, followed by
(ii) embedding-based ranking over text and im-
ages, with final fusion via reciprocal rank fusion
(RRF) (Cormack et al., 2009).

Metadata Features. To enrich the datasets’
sparse structured metadata, we first gener-
ated additional metadata annotations using
gpt-5.2-2025-12-11. Specifically, for each en-
counter, we prompted the LLM to infer structured
attributes from the query text and images, such as:

• query_type: coarse intent of the question
(e.g., diagnosis, management, urgency).

• anatomic_locations: normalized anatom-
ical site(s) mentioned (list-valued).

• suspected_diagnosis: short phrase de-
scribing the likely diagnosis (scalar).

• contains_identifiable_feature: bi-
nary indicator whether the image shows an
identifiable person/feature.

For metadata retrieval matching, we score store
entries by counting exact matches for scalar fields
and Jaccard similarity for list fields. Let Min be the
input metadata and Ms a store entry’s metadata.
We define the scalar-match component:

Sscalar(Min,Ms) =
∑

k∈Kscalar

1
[
Min(k) =Ms(k)

]
and the list-field component:

Slist(Min,Ms) =
∑

k∈Klist

|Ak ∩Bk|
|Ak ∪Bk|

where Ak and Bk are the normalized sets for field
k in the input and store entry respectively. The
overall metadata score is the sum:

Smeta(Min,Ms) = Sscalar(Min,Ms) + Slist(Min,Ms)

We select the top Nmeta = 10 store entries ranked
by Smeta (ties broken deterministically) to form the
candidate pool for the next stage.
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Figure 1: Schematic of the evaluation agent showing various tool modules. A representative English
encounter is shown. For Chinese encounters, the input query and candidate would be translated, and the
output would only consist of two metrics.

Textual Features. For textual similarity, we
embed full queries and candidate answer text using
paraphrase-multilingual-MiniLM-L12-v2
(Reimers and Gurevych, 2019). In addition to
dense embeddings, we perform light clinical entity
extraction using regex and keyword lists (e.g.,
age, duration, and anatomical terms) to provide
interpretable overlap features. Given a query
embedding q ∈ Rd and a store text embedding
t ∈ Rd, we compute cosine similarity:

simtext(q, t) =
q · t

∥q∥∥t∥

Image Features. For visual similarity we include
two complementary signals:

• MedImageInsight embeddings (Codella et al.,
2024) extracted via an internal endpoint.
These capture clinically relevant visual repre-
sentations and serve as the primary medical
image embedding source.

• ViT CLIP embeddings (Radford et al., 2021)
to provide a general-purpose visual-text align-
ment signal.

We additionally compute descriptive image
statistics (e.g., RGB mean/std and HSV means)
and texture descriptors (e.g., patch-level variance
and simple saliency patch counts). For multi-image
encounters we represent the visual evidence as
the set of per-image embeddings {i1, . . . , im}. The

image-to-image similarity between input images
and a store encounter is computed by taking the
maximum pairwise cosine similarity across all im-
age pairs:

simimage(I, Is) = max
u∈I

max
v∈Is

iu · jv
∥iu∥∥jv∥

,

which naturally handles differing image counts per
encounter by focusing on the best-matching pair.

Ranking and Fusion. After the metadata filtering
stage produces candidate encounters Cmeta, we
produce two ranked lists over Cmeta: a text-based
ranking using simtext and an image-based ranking
using simimage. Each ranking is an ordered list with
ranks rtext(e

′) and rimage(e
′) for e′ ∈ Cmeta. We fuse

the two rankings using RRF:

scoreRRF(e
′) =

∑
m∈{text,image}

1

k + rm(e′)
,

where k is an RRF parameter (we use k = 60 in our
implementation). The fused ordering is obtained
by sorting scoreRRF in descending order, and the
top N fused encounters are returned to the agent
as exemplars R(e). In practice, we return the top 3
fused exemplars.

4.3.2. Auxiliary Machine Learning-based
Scoring

To supply the agent with compact, explainable
numeric reference signals, we trained auxiliary
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gradient-boosted decision tree models (XGBoost
(Chen and Guestrin, 2016)) that predict metric-
specific scores. These models operate on
a dense, precomputed feature representation
ϕ(e, ck) ∈ RM constructed from the text, image,
and metadata pipelines described above. For
each evaluation metric d (e.g., completeness,
factual-accuracy, and overall), we fit a re-
gression model:

gd : RM → R, ỹk,d = gd
(
ϕ(e, ck)

)
where ỹk,d is the predicted score used as an auxil-
iary signal by the agent.

Feature Engineering. The feature matrix is cre-
ated in two stages. First, we assemble a base row
for every (encounter, candidate) pair containing:

• Text features: query and candidate dense
embeddings reduced with PCA to dPCA = 32
dimensions, discrete query type, entity counts,
candidate length, and punctuation statistics.

• Image features: mean-pooled per-image
MedImageInsight embeddings reduced with
PCA to dPCA = 32, saliency/patch statistics,
and image tag one-hots.

• Metadata features: one-hot / count encod-
ings for anatomic locations, wound type, and
author/rater statistics.

Second, we augment the base matrix with
interpretable and interaction features, such as
Flesch reading ease (English), average tokens-
per-sentence, counts of medical terms, action rec-
ommendation, harmful-recommendation heuristics,
cross-modal cosine similarities (between query-
image), mean/max textual cosine similarities (be-
tween candidate-gold), and triangle-style features
(cosine similarity of query_candidate minus co-
sine similarity of image_candidate).

Training Objective and Explainability. For each
metric d on the validation set, we use the mean
human rating (aggregated across raters for that
candidate) as the regression target. Models were
trained using XGBoost with squared error objective.
We train separate models per metric and validate
using held-out validation folds derived from the
provided development split.

For each prediction ỹk,d, we also compute SHap-
ley Additive exPlanations (SHAP) (Lundberg and
Lee, 2017) values to extract the top-K explainable
features (excluding PCA/embedding dimensions)
that contributed most to the model output.

Agentic Model Usage. During per-encounter
evaluation, the ReAct agent invokes the XGBoost
MCP to retrieve {ỹk,d}d and the associated top-5
SHAP features for each candidate in natural lan-
guage form to guide downstream reasoning, which
was previously shown to aid in feature engineering
for tabular clinical prediction tasks (Zhang et al.,
2026). The agent conditions on these signals; how-
ever, it is free to accept, down-weight, or contradict
the auxiliary predictions. We designed this interac-
tion to provide a structured, interpretable corrective
signal (in the spirit of explainability-driven model
steering) without hard-wiring the final outputs to
the auxiliary regressor.

4.3.3. VLM-based Visual QA Reference

We also incorporate a VLM-based visual QA ref-
erence. Given an encounter e = ⟨q, I,M⟩, we
generate a VLM-based answer using a pre-trained
multimodal foundation model specialized for der-
matological reasoning (zwq803/SkinVL-PubMM
(Zeng et al., 2025)). The model takes the query
text and associated clinical images as input and
produces a free-text response intended to approxi-
mate a clinically appropriate answer.

The generated response is not treated as ground
truth. Instead, it serves as an additional refer-
ence signal that the evaluation agent can compare
against candidate responses. The agent may as-
sess semantic similarity between a candidate ck
and the generated answer, or use discrepancies
between them as evidence when evaluating factual
accuracy or completeness.

4.3.4. Image Augmentation Skills

Agent skills (Anthropic, 2025) expose a lightweight
image augmentation toolkit that the agent may in-
voke when visual evidence is insufficient (e.g., low
contrast, poor lighting, or small lesion sizes) or
when a localized patch requires closer inspection.
Augmentations are treated as deterministic image-
to-image transformations i′j = T (ij ;ψ), where ij
is an input image, T is an augmentation opera-
tor selected by the agent, and ψ denotes operator
parameters (e.g., Contrast Limited Adaptive His-
togram Equalization (CLAHE (Pizer et al., 1990))
clip limit or gamma). Augmented images are re-
turned to the agent for inspection and reasoning.

Invocation and Augmentations. The agent sup-
plies a short, self-contained Python code snip-
pet that reads the input image, applies image-
processing operations (using Pillow, cv2, and/or
numpy), and writes the result. The snippet runs
inside a sandboxed subprocess with no external
network or arbitrary filesystem access. The agent
then loads the augmented image and continues
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reasoning. This design keeps augmentations ex-
plicit, auditable, and reversible. We implemented
and recommended a small set of clinically useful
operations that the agent may combine sequen-
tially:

• Contrast enhancement / CLAHE. Apply
CLAHE to local image tiles to improve visibility
of subtle texture or color differences.

• Edge / border emphasis. Sobel or Lapla-
cian filters (optionally blended with the original
image) to highlight lesion margins.

• Color normalization / channel emphasis.
Scale or reweight RGB/Hue channels to em-
phasize erythema or pigmentation (e.g., am-
plify red channel or threshold HSV ranges).

• Denoising. Apply bilateral or non-local means
denoising prior to contrast steps to avoid am-
plifying noise.

• Crop / zoom to region-of-interest (ROI).
Crop and resize to create a close-up patch
for finer inspection.

The agent decides to invoke augmentation based
on internal signals and metadata: e.g., the agent in-
spects contains_identifiable_feature or
computed image statistics (low contrast, low mean
brightness, or low saliency counts) and may re-
quest an augmentation if these indicators suggest
improvement is possible. The agent is instructed to
keep augmentations moderate to avoid introducing
artifacts that could mislead clinical interpretation.
In practice, these augmentations modestly improve
the agent’s ability to (i) detect lesion borders and
exudate, (ii) disambiguate pigmentation vs. shad-
owing, and (iii) increase the signal-to-noise ratio of
patch-level texture statistics. Because augmen-
tations are fast (simple OpenCV/Pillow opera-
tions) and executed only on demand, they provide
a computationally cheap way to increase visual
interpretability without retraining visual encoders.

5. Results

5.1. English Subtask

Table 2 summarizes the English leaderboard re-
sults. Our system ranked 4th out of 5 teams on
the aggregate mean score across all metrics. Only
one participating team surpassed the organizer-
provided baseline on the mean-of-all-metrics score.
The strongest systems in this track adopted super-
vised fine-tuning strategies using the development
data. In contrast, our submission relied entirely on
prompting and modular tool orchestration without
additional model training.

Although our aggregate ranking was lower,
several metric-level patterns are worth highlight-
ing. Our system performed competitively on the
writing-style metric and achieved relatively
strong results on the overall metric compared
to other non-fine-tuned approaches. This suggests
that the agent’s structured reasoning and auxiliary
signals were effective at capturing holistic quality
and stylistic alignment.

However, performance was substantially lower
on the completeness metric. We observed that
the agent tended to assign lower completeness
scores to concise human-generated answers, likely
reflecting a verbosity bias inherent to LLMs, espe-
cially if the agent heavily conditioned its scores on
visual QA references generated by LLMs. Because
completeness contributes directly to the aggre-
gated mean with equal weight to other metrics, it
had a noticeable impact on the overall ranking.

To better understand the contribution of individ-
ual modules, we conducted iterative internal ex-
periments during development. Starting from a
baseline prompting setup (GPT-4o; for “All Metrics”,
EN: 0.186, ZH: 0.125), we incrementally added (i)
retrieval, (ii) auxiliary XGBoost scoring, (iii) LLM
generated references, and (iv) image augmenta-
tion tools. Each addition produced measurable
improvements in correlation on our held-out set
of the development split, indicating that the MCP-
based modular components contribute positively
even without explicit fine-tuning.

Rank Team All Metrics Overall Metric

1 SUAT-BMI 0.482 0.545
2 SloCal-Net 0.416 0.466
3 MedAware 0.391 0.526
4 BDI 0.369 0.439
5 hgkai26 0.213 0.244

– MEDIQA (Baseline) 0.451 0.555

Table 2: MEDIQA-EVAL leaderboard results for the
English subtask.

5.2. Chinese Subtask

Table 3 presents the Chinese results. Our sys-
tem ranked 2nd out of 3 teams. Unlike the
English track, performance differences among
teams were comparatively smaller. We ob-
served particularly strong performance on the
factual-consistency-wgold metric, indicat-
ing that the retrieval-augmented reasoning and
candidate-gold similarity features transfer well to
Chinese.

In contrast, the system underperformed on the
writing-style metric. One plausible explana-
tion is that stylistic expectations for Chinese online
medical responses differ from the model’s domi-
nant training distribution. Since our system relies
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on inference-time prompting rather than language-
specific fine-tuning, stylistic calibration may be less
precise in Chinese. Nevertheless, the narrow per-
formance gap suggests that prompting-based ap-
proaches with multilingual models can remain com-
petitive without language-specific retraining.

Overall, the Chinese results highlight a potential
advantage of modular, inference-driven systems:
a single architecture can generalize across lan-
guages with minimal additional engineering effort,
whereas fine-tuning approaches may require sepa-
rate models or additional multilingual supervision.

Rank Team All Metrics

1 SloCal-Net 0.294
2 BDI 0.269
3 MedAware 0.259

– MEDIQA (Baseline) 0.277

Table 3: MEDIQA-EVAL leaderboard results for the
Chinese subtask.

6. Discussion and Conclusion

We presented a modular, agent-based framework
for multimodal free-text evaluation in the MEDIQA-
EVAL shared task. Importantly, all components op-
erate without additional model pre-training or fine-
tuning. Task specificity is achieved through prompt
design, tool orchestration, and feature engineering.
This architecture enables rapid experimentation
and highlights the feasibility of compositional, agen-
tic systems for complex clinical evaluation tasks.

From a systems perspective, several design
choices proved beneficial. All embeddings, meta-
data annotations, and document records are stored
in offline indexed stores, with embedding shards
and encounter-level mappings to enable efficient
lookup during inference. This design minimizes re-
dundant computation and allows scalable retrieval
across encounters.

The two-stage retrieval strategy – metadata filter-
ing followed by embedding-based ranking with RRF
– reduces unnecessary cross-domain comparisons
while leveraging LLM-augmented metadata to cap-
ture clinically salient attributes absent from the
original dataset-supplied fields. By fusing text
and image rankings, the system remains robust
to modality imbalance (e.g., encounters with multi-
ple images or limited textual detail). Retrieved ex-
emplars provide contextual human responses and
historically scored candidates, supporting retrieval-
augmented reasoning and structured evaluation.

The auxiliary XGBoost module complements
reasoning by providing structured numeric priors
and feature-level explanations via SHAP. Rather

than constraining outputs, these signals act as in-
terpretable guidance, allowing the agent to inte-
grate model-based predictions with broader con-
textual reasoning. This hybrid design reflects a
middle ground between fully parametric fine-tuning
and purely prompt-based scoring.

Future Directions. There are several avenues
for improvement. First, stronger domain-specific vi-
sual encoders, particularly dermatology- or wound-
care-specialized foundation models, may yield
improved image embeddings and cross-modal
similarity features. Our current approach relies
on general-purpose or proprietary embeddings.
Domain-tuned representations could better cap-
ture subtle clinical cues.

Second, additional prompt calibration may bet-
ter align LLM grading behavior with human anno-
tation guidelines, particularly for metrics such as
completeness and writing style. Explicit rubric re-
minders, metric-specific reasoning steps, or stylis-
tic exemplars may improve alignment without re-
quiring parameter updates.

Third, the evaluation problem itself could be de-
composed into more constrained sub-questions.
For example, instead of directly predicting a scalar
completeness score, the system could assess
whether key clinical components (diagnosis, man-
agement advice, risk discussion) are present and
then aggregate those assessments.

Our current framework relies on a small, fixed
number of retrieved exemplars and predefined fu-
sion strategies, but we did not exhaustively explore
the sensitivity of performance to these choices.
Future work should conduct a rigorous ablation
study examining the number of retrieved samples,
metadata filtering thresholds, and text-image fu-
sion weights, in order to better understand their
contribution to final correlation scores.

Finally, synthetic data generation or expanded
human annotation could help stabilize evaluation
models. The development split, which the retrieval
system heavily depends on, is limited in size and
exhibits annotation variability. Generating addi-
tional high-quality examples, either via expert la-
beling or carefully controlled LLM simulation, may
reduce noise sensitivity for both fine-tuning and
feature-based approaches.

While our system did not achieve top leader-
board performances, the results demonstrate that
modular, inference-driven agents can still be a
viable method for multilingual settings with mini-
mal retraining overhead. As multimodal evalua-
tion benchmarks continue to evolve, compositional
agent frameworks offer a flexible and extensible
alternative to fine-tuned models.
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7. Limitations

Dependence on noisy development data. Our
retrieval-based strategy relies heavily on the quality
of the development split. Although the organizers
noted that the development annotations contain
noise, our system retrieves at most ten metadata-
matched encounters and ultimately conditions on
only the top few exemplars during inference. Con-
sequently, if the retrieved encounters contain in-
consistent or noisy human ratings, this noise di-
rectly propagates into the agent’s reasoning. In
contrast, fine-tuning approaches implicitly learn ag-
gregate patterns across the entire development
split, potentially smoothing over local inconsisten-
cies. Retrieval-based systems are therefore par-
ticularly sensitive to annotation quality. A possible
improvement would be to curate a smaller, high-
quality subset of development encounters with ad-
judicated ratings. However, given the inherent vari-
ability in clinician preferences, such curation may
still not perfectly align with the hidden test annota-
tions.

Inference latency and engineering overhead.
The architecture depends on multiple model calls
interleaved with local tool execution. Although to-
ken usage is moderate and does not require GPU-
based model training, wall-clock inference time can
be substantial due to sequential LLM inferences
and MCP tool invocations. This may limit scalabil-
ity in real-time deployment scenarios. Engineer-
ing optimizations (parallel tool execution, caching,
batching, or leveraging smaller models such as
gpt-5-mini) could substantially reduce latency.
Preliminary experiments suggest that smaller fron-
tier models can still reason effectively with tool
calls, though with modest performance trade-offs.

Multilingual stylistic calibration. While the sys-
tem generalizes well across languages without
retraining, stylistic calibration – particularly for
the Chinese writing style metric – remains imper-
fect. Available LLMs are predominantly trained on
English-centric corpora, and stylistic expectations
for online clinical communication may vary by lan-
guage and cultural context. Prompt refinement or
language-specific stylistic exemplars may improve
alignment.

Subjectivity of clinical evaluation. More funda-
mentally, free-text clinical evaluation is inherently
subjective. Clinician ratings depend on training
background, regional practice patterns, and individ-
ual communication preferences. There is no uni-
versally standardized rubric that fully captures “cor-
rectness” or “quality” across all practitioners. As a
result, even well-designed automatic systems may

struggle to achieve high correlation across diverse
annotator populations. This challenge extends be-
yond MEDIQA-EVAL and reflects a broader open
research problem in evaluating generative medical
AI systems.

Scope of visual representations. Our visual
representations rely on general-purpose or exter-
nally trained embeddings rather than dermatology-
or wound-care-specific vision models trained di-
rectly on the task distribution. Although we incor-
porate MedImageInsight and CLIP embeddings,
further domain adaptation or use of highly spe-
cialized medical vision encoders could potentially
improve cross-modal alignment.

Ultimately, while the proposed agent-based
framework provides a flexible and extensible alter-
native to fine-tuning approaches, its performance
remains sensitive to annotation quality, contextual
limitations, and the intrinsic subjectivity of clinical
free-text evaluation.
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