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Abstract
Reliable medical diagnosis requires a precise
final prediction, which is strictly supported
by observable evidence. Recent large vision-
language models perform well on medical im-
age understanding tasks, yet they often lack ex-
plicit control over which evidence to inspect be-
fore making a prediction. To facilitate flexible
planning of evidence exploration, we propose
MedSPA, a self-planning medical reasoning
framework that separates diagnostic evidence
acquisition from evidence-grounded prediction
with two cooperative agents: a planning-and-
reasoning agent that adaptively decides what
to inspect and when to stop, and a summary
agent that generates the final output from the
accumulated evidence. MedSPA distills med-
ical knowledge from strict diagnostic proce-
dures but acquires flexibility through reinforce-
ment learning to generate optimal outputs. Ex-
periments on medical report generation and
medical visual question answering show that
MedSPA improves clinical performance, faith-
fulness, and controllability over existing rea-
soning baselines.

1 Introduction

Recent medical vision-language models (Zhang
et al., 2024) have achieved impressive performance
across various medical tasks (Li et al., 2023; Wang
et al., 2024; Huppertz et al., 2025). Beyond fi-
nal prediction accuracy, reliable medical diagnosis
also requires models to expose how diagnostic con-
clusions are supported by visual evidence. This
has motivated growing interest in medical vision-
language reasoning, where models are expected
not only to produce an answer or report, but also
to organize intermediate evidence in a clinically
meaningful way (Xia et al., 2024; Fansi Tchango
et al., 2022).

Chain-of-thought prompting (Wei et al., 2022)
and its variants (Kojima et al., 2022) advance this
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Figure 1: Conceptual comparison of diagnostic reason-
ing paradigms. CoT-style reasoning offers flexible step-
wise exploration, whereas Template-based reasoning
provides clinical structure through predefined diagnos-
tic procedures. MedSPA integrates these complemen-
tary strengths by converting rigid clinical templates into
adaptive self-planned evidence acquisition, enabling rea-
soning that is both flexible and clinically grounded.

goal by encouraging models to decompose complex
tasks into intermediate reasoning steps, thereby
making the prediction process more transparent
and helping models handle complex diagnostic re-
quirements (Figure 1(top)). In medical imaging,
such reasoning chains can become more reliable
when they are guided by clinical reasoning patterns
from real diagnostic practice. Medical templates
offer this guidance by injecting domain knowledge,
such as expert-designed search strategies, anatomi-
cal checklists, and diagnostic criteria, into models,
forcing them to inspect images in a more system-
atic manner (Singh et al., 2015; Herring, 2019) as
in Figure 1(middle).

In real-world diagnostic practice, however, hu-
man clinicians do not simply traverse such tem-
plates as fixed checklists. They use such standard-
ized diagnostic routines as clinical priors while dy-
namically adjusting their diagnostic focus based on
their knowledge and the evidence observed so far.
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This motivates a framework that preserves the clin-
ical structure of medical templates while enabling
case-adaptive diagnostic planning.

A key question arises: How can a model balance
between the explicit knowledge in the templates and
intrinsic but general knowledge in the model, like
human clinicians do?

To answer this question, we propose MedSPA, a
self-planned medical reasoning framework that dis-
tills knowledge in medical templates into the model
and learns to adaptively plan the reasoning process
through reinforcement learning. MedSPA consists
of two agents (Figure 1(bottom)): the planning-and-
reasoning agent decides what evidence to inspect
in the given image and when to stop the reason-
ing process, while the summary agent generates
the final report or answer from the accumulated
evidence from the planning-and-reasoning agent.

Contribution. Our experimental results demon-
strated that MedSPA consistently achieved strong
clinical performance among existing methods, and
diagnostic plans generated by MedSPA efficiently
extract sufficient medical evidence from the given
images. These results suggest that knowledge dis-
tillation from medical templates and learning to
ignore them through reinforcement learning offer a
good balance between rigorous medical standards
and uncontrolled chain-of-thought. This new in-
sight can serve as a strong guideline for designing
agentic systems for knowledgeful domains.

2 Related Work

2.1 Medical Vision-Language Reasoning

Large-scale medical VLMs (Li et al., 2023; Zhang
et al., 2023) and general-purpose multimodal large
language models (MLLMs) (Wang et al., 2026;
Saab et al., 2024) have recently demonstrated in-
creasing potential for medical image understand-
ing, including radiology report generation (Bannur
et al., 2024) and medical visual question answering
(Eslami et al., 2023; Singhal et al., 2023). Despite
their advancements, existing medical VLMs still
face difficulty in producing reliable diagnostic rea-
soning and clinically faithful explanations (Zhu
et al., 2025; Moll et al., 2026). To alleviate these is-
sues, recent studies have explored stepwise reason-
ing strategies (Wei et al., 2022; Wang et al., 2023a)
that have shown promising success in general rea-
soning tasks, aiming to encourage more plausible
rationales when describing medical images (Liu

et al., 2024b). However, even with such strate-
gies, the lack of supervision that teaches models
to reason over medical images like real clinicians
remains a major obstacle to clinically grounded
reasoning. In this work, we curate a dataset with
explicit planning and reasoning steps, aiming to
train models to acquire planning-oriented diagnos-
tic reasoning skills and adapt to diverse medical
cases.

2.2 Medical Reasoning Processes
Optimization

Reinforcement learning (Mnih et al., 2015) and re-
ward modeling (Rafailov et al., 2023) have recently
been used to improve the reasoning behavior of
medical large vision-language models. However,
medical datasets usually provide only final reports
or answers, while supervision for intermediate di-
agnostic evidence acquisition is rarely available.
When a final prediction is incorrect, it is often
unclear whether the error is due to missing evi-
dence, flawed reasoning, or a final summary not
grounded in the evidence. Recent works attempt
to address this delayed rewards problem through
process-level feedback (Zhu et al., 2024) or reward
assignment to generated reasoning trajectories dur-
ing post-training (Lai et al., 2026; Yun et al., 2025).
MedSPA follows this reward-based strategy, but
differs in its role-specific reward design, which en-
ables each agent to learn behaviors aligned with
its own responsibility rather than being optimized
only for the final outcome.

3 Methodology

MedSPA consists of two agents based on a large
vision-language model (LVLM) with distinct roles:
A Planning and Reasoning (PR) agent and a Sum-
mary (SUM) agent. These two agents are trained
to balance between following strict diagnostic stan-
dards represented by templates and free-form CoT
reasoning.

We instantiate this balance via two-stage train-
ing: medical knowledge distillation and role-
specific reinforcement alignment. For medical
knowledge distillation (§3.2), we introduce an au-
tomatic knowledge curation pipeline that converts
image-annotation pairs into structured reasoning
chains, as shown in Figure 2(top), where the an-
notations are a diagnostic report for medical re-
port generation (MRG) or an answer for medical
visual question answering (MedVQA). These cu-
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Figure 2: Training pipeline of the proposed MedSPA framework.

rated chains are used for supervised fine-tuning of
both agents. For role-specific reinforcement align-
ment (§3.4), we apply a reinforcement learning
framework that aligns evidence acquisition and fi-
nal prediction with their corresponding objectives,
as illustrated in the bottom panel of Figure 2.

3.1 Inference

Given an input medical image I , MedSPA se-
quentially runs the PR and SUM agents, where
the former is formulated as an iterative evidence-
acquisition loop to explore I for medical findings
step-by-step, and the latter summarizes the evi-
dence from the PR agent to generate the final output
for I .

PR Agent. In each iteration of the evidence-
acquisition loop, the PR agent first determines a
diagnostic focus (i.e., action) and looks into I for
some medical evidence to make medical reasoning
(i.e., reasoning). It then decides whether to acquire
additional evidence or not (i.e., decision).1

Formally, at iteration t, the PR agent produces an
action-reasoning-decision triple (at, rt, dt), where
at denotes the selected diagnostic focus, such as
examining a specific anatomical region or verifying
a suspected abnormality; rt represents the image-
grounded reasoning associated with the selected
focus; and dt ∈ {continue, summarize} indicates
whether the agent should continue the evidence-
acquisition loop or terminate it and proceed to sum-
mary generation.

1The prompt for the PR agent is in Appendix A.1.

The PR agent also maintains a reasoning mem-
ory Mt = {(ak, rk, dk)}t−1

k=1, where M1 = ∅ at
the first iteration (t = 1). This memory is used
as the context for subsequent iterations, recording
previous reasoning steps and decisions to help the
PR Agent avoid redundant inspection and progres-
sively cover the diagnostic evidence needed for
final output generation. After each iteration, the
newly generated triple (at, rt, dt) is appended to
the memory.

Once the agent decides to terminate the loop at
t = T (dT = summarize), the memory MT+1 is
fed to the SUM agent as the diagnostic reasoning
chain is defined as Z = {(at, rt, dt)}Tt=1.

SUM Agent. The SUM agent takes I and Z as
input to generate the task-specific output ô, where ô
can be medical report for MRG or predicted answer
for MedVQA.2

3.2 Medical Knowledge Distillation
To inject the standard knowledge into our PR and
SUM agents, we first curate medical reasoning
chains using a strong LVLM instructed to follow
diagnostic templates to generate outputs. The cu-
rated dataset is used to fine-tune the agents in a
supervised manner.

Reasoning Chain Curation Let D = {(I, y)}
denote medical image-annotation pairs, where y
is a set of report sentences for MRG and is a
question-answer pair (q, u) for MedVQA. We
leverage an LVLM to generate a reasoning chain

2The prompt can be found in Appendix A.2.

31202



Z = {(at, rt, dt)}Tt=1 for each pair (I, y) ∈ D.
To guide chain generation, we design a medical
reasoning prompt p3 that incorporates a soft medi-
cal reasoning template developed from radiology
textbooks and consultations with board-certified
clinicians. The template encourages a global as-
sessment of I followed by focused examination
of suspicious regions or findings, while prompting
explicit continue-or-summarize decisions, thereby
providing expert-informed guidance.

Let p(y) denote the prompt to generate Z, where
the prompt is augmented with the ground-truth
annotation y, which serves as a semantic hint to-
ward clinically relevant findings. We obtain the
chain as Z = LVLM(I, p(y)) for all (I, y) ∈ D to
construct a curated dataset, denoted as DMedPR =
{(I, y, Z)}.

Quality Control. Because automatically gener-
ated reasoning chains may contain erroneous rea-
soning, like ungrounded or incomplete findings,
we apply a two-stage filtering process to ensure the
reliability of generated chains.

Following (Irvin et al., 2019), we define func-
tions ϕ(Z) ∈ {0, 1}|L| and ψ(y) ∈ {0, 1}|L| to ex-
tract medically meaningful labels in the predefined
label set L, represented as multi-hot vectors. For all
(I, y, Z) ∈ DMedPR, we compare ϕ(Z) and ψ(y) to
evaluate their alignment. We also employ an LLM-
based evaluator to score Z based on its faithful-
ness to y and completeness of key clinical findings.
Only chains that satisfy label consistency and ex-
ceed a predefined reasoning-quality threshold are
retained in DMedPR. These checks provide semantic
and clinical safeguards against unsupported inter-
mediate reasoning, including hallucinated findings,
incorrect anatomical locations, and missing clini-
cally salient evidence. Some examples after quality
control are found in the appendix.

3.3 Supervised Fine-tuning

We train the agents on DMedPR via supervised fine-
tuning, enabling the agents to capture clinically
grounded planning/reasoning patterns from curated
diagnostic chains.

PR Agent Training. Given (I, y,Z) ∈ DMedPR
and reasoning step t, we define a reasoning memory
as Mt = {(ak, rk, dk)}t−1

k=1, which is a subset of
the chain Z until step t− 1. Conditioned on I and
Mt, the PR agent is trained to generate the triplet

3The full prompt is provided in the Appendix B.

(at, rt, dt) ∈ Z at step t via autoregressive genera-
tion, rather than producing the complete reasoning
chain in a single pass.

SUM Agent Training. The SUM agent is trained
to generate a task-specific output. For MRG, it
generates the reference diagnostic report y based
on the corresponding I and Z in DMedPR; for Med-
VQA, it produces the ground-truth answer u from
I , Z and q.

3.4 Role-Specific Reinforcement Alignment
Although supervised fine-tuning forces agents to
mimic Z ∈ DMedPR, it does not directly optimize
for efficiency, i.e., whether the already acquired
evidence is sufficient for accurate outputs, and for
effectiveness to the final output, i.e., whether the
evidence by the PR agent is retained or discarded
for a better final output. We therefore introduce
role-specific reinforcement alignment (R-Align),
which assigns dedicated objectives to the PR and
SUM agents.

We construct a dedicated dataset DR-Align =
{(I, ψ(y))} from (I, y) ∈ D for R-Align. Each
agent learns to adjust its behavior from a role-
specific reward computed from ψ(y).

3.4.1 PR Agent Optimization
Given a sample (I, ψ(y)) ∈ DR-Align, the PR agent
is used to sample a set Z = {Z} of |Z| different
reasoning chains. For each chain Z ∈ Z , we opti-
mize the PR agent using rewards computed from
the labels in ϕ(Z), rather than ψ(ô) from the task-
specific output ô by the SUM agent based on Z.
This ensures that errors introduced by the SUM
agent are not attributed to the PR agent’s evidence
acquisition.

The reward for the PR agent is a combination
of diagnostic consistency, structural validity, and
coverage penalty. Specifically, the diagnostic con-
sistency measures consistency between the labels
in ϕ(Z) and ψ(y):

Rcon(Z, y) =
ϕ(Z)⊤ ψ(y)

|L| . (1)

To preserve the format of each reasoning step
produced by the PR agent, we use a structural va-
lidity reward:

Rfmt(Z) = δ(Z), (2)

where δ(Z) gives 1 when all reasoning steps in
Z follow a specific format to represent triplet
(at, rt, dt), and otherwise 0.
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To prevent the PR agent from stopping before
collecting sufficient evidence, we penalize prema-
ture termination according to the number of labels
that remain uncovered, i.e.,

Rcov(Z, y) = −C(ϕ(Z), ψ(y))|ψ(y)| (3)

where C(ϕ(Z), ψ(y)) counts the number labels
that are positive in ψ(y) but are negative in ϕ(Z),
and |ψ(y)| is the number of positive labels in ψ(y).
Rcov(Z) = 0 when |ψ(y)| = 0.

The overall reward for the PR agent is:

RR(Z) = Rcon(Z) +Rfmt(Z) + βRcov(Z), (4)

where β controls the strength of the coverage
penalty during evidence acquisition.

3.4.2 SUM Agent Optimization.
For each sample (I, ψ(y)) ∈ DR-Align, the frozen
PR agent first produces a reasoning chain Z and
label vector ϕ(Z). Conditioned on I and Z, the
SUM agent samples a set O = {ô} of |O| different
outputs.

The reward for the SUM agent is designed to
encourage the final output to faithfully preserve the
diagnostic evidence acquired by the PR agent, with-
out making the SUM agent responsible for errors
in the PR agent’s evidence exploration, which is
given by

RS(Z, y, ô) =
∑

l∈L
rl(ϕ(Z), ψ(y), ψ(ô)), (5)

where rl(·, ·, ·) computes a reward signal for l ∈ L
for all possible combinations of labels, which is
defined in the Appendix.

Both stages use group-relative advantages and
are optimized with GRPO and Kullback-Leibler
regularization. The loss functions are provided in
the Appendix.

4 Experiments

4.1 Experimental Setup
Datasets and Tasks. We evaluate MedSPA on
two medical vision-language tasks: medical report
generation (MRG) and medical visual question an-
swering (MedVQA). Across both tasks, Qwen3-
VL-32B (Bai et al., 2025) is used as the teacher
model4 to generate reasoning chains. In MRG,

4The rationale for selecting Qwen3-VL-32B is provided in
the Appendix B.2.

we use MIMIC-CXR (Johnson et al., 2019) to
construct MedPR-CXR corresponding to DMedPR
from image-report pairs, and evaluate on the of-
ficial MIMIC-CXR test split. To assess out-of-
distribution generalization, we further evaluate
the MIMIC-trained model on IU X-ray (Demner-
Fushman et al., 2016), without using IU X-ray
samples for training or curation. For MedVQA,
we construct MedPR-VQA from image-question-
answer triplets in VQA-RAD (Lau et al., 2018) and
SLAKE (Liu et al., 2021). We evaluate representa-
tive organ- and modality-specific subsets, including
chest X-ray, brain MRI, and abdominal CT, cov-
ering both closed-ended (C) and open-ended (O)
questions.5

Implementation Details. We train the PR and
SUM agents for each of the MRG and VQA tasks.
They are initialized with our backbone, Qwen3-
VL-8B-Instruct. All experiments are conducted on
eight A100 GPUs with 80GB VRAM. We train
both agents using LoRA with rank 64 (Hu et al.,
2022) under bfloat16 mixed precision. For su-
pervised fine-tuning, each agent is trained for 10
epochs on MRG. They are trained for 3 epochs
on MedVQA. The SFT agents are denoted as SFT
MedSPA, and the final model after R-Align is de-
noted as R-Aligned MedSPA. During the R-Align
training, we sample four reasoning chains for the
PR agent and four candidate outputs for the SUM
agent per input. For comparison, we also trained
our backbone with supervised fine-tuning (Direct
SFT) so that it can generate a gold report/answer
y ∈ D via CoT. Other hyperparameters are detailed
in Appendix D.

Metrics. In MRG, we report clinical efficacy
(CE) metrics, that is, precision, recall, and F1,
based on clinical labels extracted from generated
and reference reports (Irvin et al., 2019), i.e., ψ(ô)
and ψ(y), together with standard NLG metrics:
BLEU (Papineni et al., 2002), ROUGE-L (Lin,
2004), and METEOR (Banerjee and Lavie, 2005).
For MedVQA, F1 is used for open-ended questions,
while accuracy is used for closed-ended questions.

4.2 Main Results

Table 1 summarizes the scores on MRG across
MIMIC-CXR and IU X-ray. On MIMIC-CXR,
SFT MedSPA improves the Direct SFT baseline

5Closed-ended questions have predefined answer options;
open-ended questions require free-form answers.
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Table 1: Comparison of MedSPA and state-of-the-art methods on MIMIC-CXR and IU-Xray for medical report
generation. Missing values are denoted by “–”. B, R, and M mean BLEU, ROUGE, and METEOR, respectively.

Dataset Model CE Metrics NLG Metrics

Prec. Rec. F1 B-1 B-4 R-L M

M
IM

IC
-C

X
R

R2Gen (Chen et al., 2020) 0.333 0.273 0.276 0.353 0.103 0.277 0.142
R2GenCMN (Chen et al., 2021) 0.334 0.275 0.278 0.353 0.106 0.278 0.142
METransformer (Wang et al., 2023b) 0.364 0.309 0.311 0.386 0.124 0.291 0.152
Med-LLM (Liu et al., 2024c) 0.412 0.373 0.395 – 0.128 0.289 0.161
MA (Shen et al., 2024) 0.411 0.398 0.389 0.396 0.115 0.274 0.151
RGRG (Tanida et al., 2023) 0.461 0.475 0.447 0.373 0.126 0.264 0.168
I3 + C2FD (Liu et al., 2024a) 0.465 0.482 0.473 0.402 0.128 0.291 0.175
PromptMRG (Jin et al., 2024) 0.501 0.509 0.476 0.398 0.112 0.268 0.157
DART (Park et al., 2025) 0.520 0.546 0.533 0.437 0.137 0.310 0.175

Direct SFT 0.483 0.466 0.474 0.298 0.090 0.231 0.132
SFT MedSPA 0.549 0.543 0.546 0.334 0.125 0.247 0.152
R-Aligned MedSPA 0.569 0.552 0.560 0.341 0.129 0.260 0.169

IU
-X

ra
y

R2Gen (Chen et al., 2020) 0.141 0.136 0.138 0.325 0.059 0.253 0.131
R2GenCMN (Chen et al., 2021) 0.183 0.187 0.180 0.266 0.063 0.180 0.146
PromptMRG (Jin et al., 2024) 0.213 0.229 0.211 0.401 0.098 0.281 0.160

Direct SFT 0.182 0.221 0.200 0.215 0.060 0.176 0.132
SFT MedSPA 0.322 0.252 0.283 0.311 0.084 0.253 0.147
R-Aligned MedSPA 0.324 0.301 0.312 0.337 0.086 0.267 0.152

by 0.072 F1, and R-Aligned MedSPA further in-
creases the gain to 0.086. A similar trend is
observed on IU X-ray, where SFT MedSPA im-
proves F1 by 0.083 over Direct SFT, and R-Aligned
MedSPA reaches a 0.112 gain. Among prior meth-
ods that report CE metrics on IU X-ray, R-Aligned
MedSPA achieves the best clinical performance.
The gains in CE metrics suggest that self-planned
evidence acquisition improves the preservation of
clinically relevant findings and supports general-
ization beyond the training distribution. We ad-
ditionally compare MedSPA with several strong
general-purpose MLLMs on the MIMIC-CXR test
set, including DeepSeek-VL2 (Wu et al., 2024),
Llama-4-Scout-17B-16E (Meta AI, 2025), GPT-
4V (OpenAI, 2023), and Gemini 2.5 Pro (Gemini
Team, 2025). Detailed results are provided in Ap-
pendix F.1.

Figure 3 provides a qualitative example. Direct
SFT produces a fluent report but introduces unsup-

ported findings and misses important evidence. In
contrast, R-Aligned MedSPA dynamically decom-
poses the case into multiple diagnostic steps, accu-
mulates image-grounded findings in the reasoning
memory, and uses the SUM agent to generate a fi-
nal report grounded in the collected evidence. This
example illustrates that MedSPA improves diagnos-
tic reasoning not by simply extending the reasoning
chain, but by guiding the model to aggregate rele-
vant evidence before generating an output.

For MedVQA, we compared only the SFT ver-
sion of MedSPA with some baseline methods.
Since most questions in the evaluated MedVQA
benchmarks require short answers such as yes/no
responses or brief phrases, the current R-Align re-
wards6 are not directly applicable to MedVQA. Ta-
ble 2 shows that MedSPA consistently improves the

6R-Align is designed for report generation, where its role-
specific rewards are defined around evidence coverage and
diagnostic consistency.
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Figure 3: Qualitative analysis of MedSPA on MIMIC-CXR report generation.

Table 2: Comparison of base MLLMs and MedSPA variants on the MedVQA task. O denotes the F1 score for
open-ended questions, and C denotes the accuracy for closed-ended questions. Higher values indicate better
performance, and the best score in each column is shown in bold.

Method
SLAKE VQA-RAD

Chest X-ray MRI Brain CT Abdomen Average Chest X-ray MRI Brain CT Abdomen Average

O C O C O C O-avg C-avg O C O C O C O-avg C-avg

Gemini 2.5 Pro (Gemini Team, 2025) 52.3 85.7 44.5 71.7 54.9 76.4 50.6 77.9 35.2 71.6 50.3 80.0 35.3 70.7 40.3 74.1
LLaVA (Liu et al., 2023) 35.4 78.6 30.2 83.2 41.1 73.9 35.6 78.6 26.8 59.6 45.7 65.4 24.9 69.1 32.5 64.7
MedSPA-LLaVA 60.9 79.6 54.8 84.2 62.3 75.8 59.3 79.9 30.9 67.8 50.6 72.9 25.4 74.5 35.6 71.7
Qwen3VL (Bai et al., 2025) 38.7 80.7 32.0 78.9 44.1 75.2 38.3 78.3 28.7 60.6 48.7 66.7 21.2 70.8 32.9 66.0
MedSPA-Qwen3VL 81.8 85.1 70.2 80.6 70.5 77.4 74.2 81.0 32.6 75.2 59.7 83.3 26.3 71.9 39.5 76.8

backbone (Qwen3-VL-8B-Instruct) across SLAKE
and VQA-RAD. The improvement is especially
pronounced for open-ended questions, where the
model must generate free-form answers from vi-
sual evidence rather than select from options. On
SLAKE, MedSPA-Qwen3VL improves the open-
ended average of Qwen3VL by 35.9 points, while
MedSPA-LLaVA improves LLaVA by 23.7 points.
On VQA-RAD, MedSPA also improves the closed-
ended average for both backbones and achieves the
best overall closed-ended accuracy with Qwen3VL.
These results suggest that self-planned evidence
acquisition is particularly useful when the model
must identify visual evidence before producing an
answer.

Overall, the results demonstrate that MedSPA
improves both long-form report generation and
question-specific medical reasoning. The consis-
tent gains over Direct SFT and other baselines sup-

port our central claim that planning diagnostic ev-
idence before prediction leads to more clinically
grounded medical outputs.

4.3 Ablation Studies

We analyze the contribution of MedSPA compo-
nents and training stages in Table 3. PR and SUM
in the table mean whether the PR and SUM agents
after supervised fine-tuning are used or not. Since
the PR agent does not generate a final report, we
evaluate PR only using its accumulated reasoning
memory, which contains predicted labels of find-
ings and is compared with ground-truth findings
extracted from the reference report. The PR agent
clearly improves the baseline (Direct SFT), espe-
cially increasing recall by 0.084, indicating that the
PR agent expands evidence coverage by encourag-
ing the model to explore a broader set of clinically
relevant findings before generating the final output.
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Table 3: Ablation study of MedSPA components on the
MIMIC-CXR test set. PR-only variants are evaluated
using reasoning memory labels, while variants with
SUM are evaluated using the final generated reports.

Model PR SUM R-Align Prec. Rec. F1

Direct SFT – – – 0.483 0.466 0.474
PR only ✓ – – 0.540 0.550 0.545
SFT MedSPA ✓ ✓ – 0.549 0.543 0.546
R-Aligned PR ✓ – ✓ 0.549 0.563 0.556
R-Aligned MedSPA ✓ ✓ ✓ 0.569 0.552 0.560

Incorporating the SUM agent improves precision
by 0.009, potentially suggesting that irrelevant evi-
dence collected by the PR agent is filtered by the
SUM agent.

In MedSPA, broader evidence exploration intro-
duces a precision-recall trade-off: the PR agent
increases the chance of discovering useful find-
ings and improves recall, thereby providing richer
evidence for the SUM agent to improve final pre-
diction precision, but it may also introduce uncer-
tain or weakly supported evidence. Therefore, the
goal of MedSPA is not to simply explore more ev-
idence, but to guide the model toward the right
diagnostic directions and stop before unnecessary
exploration degrades prediction precision. Rein-
forcement alignment further improves this balance,
with R-Aligned MedSPA improving F1 by 0.086
over the baseline.

4.4 Reasoning Strategy Analysis

To investigate the impact of reasoning strategy on
MRG, we conduct controlled zero-shot evaluations
on MIMIC-CXR using three representative vision-
language models: DeepSeek-VL2 (Wu et al., 2024),
Llama-4 Scout (Meta AI, 2025), and Gemini 2.5
Pro (Gemini Team, 2025). For each model, we
compare three reasoning settings: chain-of-thought
(CoT), fixed template, and MedSPA planning (PR
plan). The fixed template uses a predefined 10-step
medical checklist,7 while MedSPA planning uses
diagnostic planning actions generated by the PR
agent to provide case-specific guidance for subse-
quent reasoning.

Figure 4 shows that the reasoning strategy it-
self has a clear impact on clinical performance.
Compared with CoT, the fixed template generally
improves recall by enforcing more complete di-
agnostic coverage, but it requires the full 10-step
traversal regardless of case complexity. In contrast,

7Details of the fixed medical templates are provided in the
Appendix.
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Figure 4: Impact of different reasoning strategies on
MIMIC-CXR report generation performance across mul-
tiple VLLMs. Numbers inside the bars indicate the av-
erage number of reasoning steps.

MedSPA planning achieves higher F1 scores across
different VLLMs while using fewer reasoning steps
than the fixed template. CoT typically produces
around 4–5 reasoning steps, the fixed template fol-
lows 10 predefined steps, and MedSPA planning
uses approximately five steps on average. This sug-
gests that the benefit of MedSPA does not come
from simply increasing reasoning length, but from
guiding the model toward case-aware diagnostic
evidence. These results support our design choice
of leveraging clinical templates as soft planning
priors and converting them into adaptive, MedSPA-
guided evidence acquisition rather than rigid tem-
plate traversal.

4.5 Further Analysis

Additional Clinical Evaluation. The current R-
Align reward design relies on CheXpert-derived
clinical labels, while the primary CE-F1 evalua-
tion is based on the same predefined label space.
This raises concerns about potential evaluation
bias toward improvements within the same pre-
defined label space. We therefore additionally eval-
uate SFT MedSPA and R-Aligned MedSPA using
GREEN (Ostmeier et al., 2024) and RadCliQ (Yu
et al., 2023). GREEN evaluates clinically signif-
icant report errors beyond the predefined CheX-
pert label space, with higher scores indicating bet-
ter clinical agreement, while RadCliQ provides
a broader report-level estimate of clinical error,
where lower scores indicate fewer errors. Table 4
shows that MedSPA achieves the best performance
among the compared methods on both RadCliQ and
GREEN. Importantly, R-Align further improves the
SFT model on both metrics, increasing GREEN by
0.005 and reducing RadCliQ by 0.021. These re-
sults suggest that R-Align’s benefits extend beyond
the CheXpert-based CE-F1 criterion.
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Model GREEN ↑ RadCliQ ↓
General-purpose MLLMs
GPT-4V 0.160 1.786
GPT-4o – 1.493
GPT-5 – 1.592
Gemini 2.5 Pro – 1.543

CXR-specific models
R2Gen 0.276 1.228
PromptMRG 0.287 1.169

Our models
SFT MedSPA 0.290 0.682
R-Aligned MedSPA 0.295 0.661

Table 4: Additional clinical evaluation on the MIMIC-
CXR test set using GREEN and RadCliQ. Higher
GREEN and lower RadCliQ indicate better clinical re-
port quality.

Gemini 2.5 Pro GPT-4o

Reasoning Chains 4.4 / 5 4.2 / 5
Generated Reports 4.5 / 5 4.1 / 5

Table 5: LLM-as-a-judge evaluation of MedSPA on 100
randomly sampled MIMIC-CXR test cases.

LLM-as-a-Judge Evaluation. Beyond these
clinical metrics, we further evaluate MedSPA’s rea-
soning chains and generated reports on 100 ran-
domly sampled MIMIC-CXR test cases using two
independent judges, Gemini 2.5 Pro (Gemini Team,
2025) and GPT-4o (OpenAI, 2024). For each case,
the judges separately assess the clinical correctness
and completeness of the reasoning chain generated
by the PR Agent and the final report generated by
the SUM Agent with respect to the corresponding
reference report. Each output is scored on a 1–5
scale.8 As shown in Table 5, both judges assign
average scores above 4.0 to MedSPA’s reasoning
chains and generated reports, indicating that both
outputs generally preserve clinically relevant infor-
mation and remain consistent with the references.

Inference Efficiency. We also analyze the infer-
ence overhead introduced by the iterative PR–SUM
pipeline, highlighting the trade-off between im-
proved clinical performance and increased infer-
ence cost. As shown in Table 6, MedSPA per-
forms 5.4 PR steps followed by one SUM gener-
ation, incurring an additional 2.04 seconds of la-
tency over Direct SFT while improving CE-F1 by
0.086. This additional cost mainly arises from the
explicit evidence-acquisition process, in which the

8Details of the evaluation protocol are provided in Ap-
pendix F.2.

Model Calls Latency ↓ CE-F1 ↑
Direct SFT 1.0 0.41 s 0.474
MedSPA 6.4 2.45 s 0.560

Table 6: Inference efficiency on the MIMIC-CXR test
set. Latency denotes the average end-to-end inference
time per sample.

PR Agent sequentially determines what diagnos-
tic aspect to inspect, updates its reasoning memory,
and decides whether further evidence is still needed
before invoking the SUM Agent. Overall, these re-
sults show that MedSPA trades additional inference
time for stronger clinical performance and more
controllable diagnostic reasoning.

5 Conclusion

This study investigates how medical vision-
language models can perform reliable diagnostic
reasoning by planning evidence acquisition before
prediction with our two-agent framework, MedSPA.
Experiments on medical report generation and med-
ical visual question answering show that MedSPA
improves clinical faithfulness, controllability, and
diagnostic reliability. These results support our cen-
tral view that reliable medical reasoning requires
models to acquire clinically relevant evidence in a
planned, case-adaptive manner and to stop before
unnecessary exploration weakens prediction preci-
sion. Future work can extend self-planned reason-
ing to broader clinical scenarios, incorporate richer
expert feedback, improve curated reasoning-chain
quality, and develop more fine-grained evaluations
for reasoning faithfulness.

Limitations

A limitation of our work is that MedSPA lags be-
hind some previous report-generation methods on
standard NLG metrics. For example, DART (Park
et al., 2025) obtains higher BLEU, ROUGE-L, and
METEOR scores on MIMIC-CXR. This gap may
partly arise from differences in training objectives:
DART is optimized through direct report-level su-
pervision, which more closely aligns with lexical-
overlap metrics, whereas MedSPA prioritizes the
acquisition and preservation of clinically relevant
evidence before report generation. Consequently,
clinically equivalent findings may be expressed us-
ing wording that differs from the reference report,
resulting in lower lexical-overlap scores. We pro-
vide a qualitative example of this discrepancy in
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Appendix H. Moreover, our current evaluation does
not directly assess report fluency and coherence
through human evaluation. In future work, we will
investigate language-aware reward functions and
expert-based evaluation to better balance clinical
fidelity with linguistic quality.

A second issue concerns the fact that the cur-
rent R-Align reward design operates within the
14-label CheXpert space. Consequently, clinically
relevant findings outside this predefined label set,
such as device positioning, skeletal abnormalities,
and subdiaphragmatic free air, are not directly re-
inforced during R-Align. However, these findings
remain part of the supervision during SFT through
the complete reasoning chains and reference re-
ports. We further examine this issue using GREEN
and RadCliQ in Table 4, where MedSPA maintains
strong report-level clinical performance beyond the
CheXpert-based CE-F1 evaluation. Nevertheless,
explicitly optimizing findings outside the prede-
fined label space requires further investigation.

Another consideration is that the current PR
Agent does not perform explicit ROI-guided visual
planning, visual grounding, or attention control,
raising questions about whether the model attends
to the image regions relevant to each reasoning step.
In this work, we focus on the planning capability
of an MLLM over the entire medical image, where
each planning action, such as “Inspect the lungs”
or “Assess the pleural space” serves as a language
instruction that conditions the model’s subsequent
visual reasoning over the same chest X-ray. Prior
studies have shown that modern vision-language
models can exhibit implicit visual grounding, in
which language instructions guide attention toward
semantically relevant image regions without requir-
ing explicit ROI supervision or additional ground-
ing modules (Kang et al., 2025; Wang et al., 2025).
Thus, although MedSPA does not explicitly local-
ize a region before each reasoning step, its planning
actions may still guide the model toward the corre-
sponding clinical evidence. Nevertheless, incorpo-
rating ROI-aware planning represents a promising
direction for improving evidence localization and
interpretability.

Another challenge lies in verifying the clinical
correctness of every intermediate reasoning step
in the training data used for MedSPA. The cur-
rent curation pipeline cannot fully establish the
correctness of each generated step, while exhaus-
tive expert review and correction are difficult to
scale because each training sample typically con-

tains approximately five to six reasoning steps.
As a practical mitigation, we employ the quality-
control pipeline described in Section 3.2, which
combines clinical label-consistency checking with
LLM-based assessment of faithfulness and com-
pleteness to reduce unsupported or incomplete rea-
soning before SFT. We further present a represen-
tative failure case in Appendix G.

Regarding teacher selection, Qwen3VL-32B is
not the largest or most capable vision-language
model currently available, and stronger teacher
models may produce higher-quality reasoning
chains and further improve downstream student
performance. Our teacher sensitivity analysis
in Appendix B.2 supports this possibility, show-
ing that student performance improves across the
teacher models considered in our study. Although
Qwen3VL-32B achieves reasoning-chain quality
comparable to Gemini 2.5 Pro and offers a practi-
cal trade-off between reasoning quality and large-
scale curation cost, we do not exhaustively evaluate
larger or more capable teacher models. Therefore,
the extent to which stronger teachers could further
improve MedSPA remains to be explored.

Ethical Considerations

We conduct all experiments using existing de-
identified medical imaging datasets accessed under
their respective data-use requirements and do not
collect new patient data. The proposed model is
intended for research purposes only. Despite its
improvements in clinical faithfulness, it may still
generate incorrect or incomplete medical informa-
tion and should not be used for clinical diagnosis
or decision-making without appropriate validation
and human oversight.
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Appendix

A Details of Inference

A.1 PR Agent Inference Prompt
At inference time, the PR Agent iteratively gener-
ates one reasoning step at a time.

Note: Text in brackets is shown only for read-
ability and is not included in the actual prompt.

PR Agent Inference Prompt

<image>
You are a highly experienced radiologist.
[If there is no previous reasoning step]
There are no previous reasoning steps yet.
Generate only the first reasoning step based on the image.
[Otherwise]
Here are the previous reasoning steps:

Step 1: {previous reasoning step 1}
Step 2: {previous reasoning step 2}
...
Step t-1: {previous reasoning step t-1}

Generate only the next reasoning step based on the image
and the previous steps above.

A.2 SUM Agent Inference Prompt
After the PR Agent terminates the evidence-
acquisition loop, the SUM Agent generates the
final radiology report or answer.

SUM Agent Inference Prompt

<image>
You are a highly experienced radiologist.
Here are the clinical reasoning steps for this image:

Step 1: {reasoning step 1}
Step 2: {reasoning step 2}
...
Step T: {reasoning step T}

[For MRG]
Based on the provided image and the above reasoning
steps, write a clear, clinically appropriate radiology report.
[For MedVQA]
Based on the provided image and the above reasoning
steps, answer the following clinical question based on
the image. Be concise and clinically accurate. Question:
{question}

B Reasoning Chain Curation Prompt

We construct the reasoning-chain curation prompt
using modular instruction components.

1. General Role and Goal

You are a highly experienced radiologist that generates a
clear, step-wise interpretation of a medical image.
Your goal is to produce a concise, clinically grounded
reasoning chain that:

• is consistent with the underlying radiographic truth,

• may internally use the provided findings and report

only as hidden guidance,

• remains strictly image-grounded and medically con-
sistent in its wording.

2. Soft Medical Reasoning Template

This soft medical template describes how to analyze a
medical image step by step.

1. First step: global context

• The first step must describe the initial radio-
graphic context.

• The first step should mention the image type
and projection, if identifiable.

• It should also mention the presence or ab-
sence of obvious support devices, lines, or
tubes if visible.

• Do not jump directly into a single abnormal-
ity; this step sets the scene.

2. Then explore major regions in a natural,
radiologist-like order

• You do not have to follow the textual order
of the trusted findings, as long as you remain
consistent.

• When examining a region, first describe the
overall status and important negative findings,
then describe positive or uncertain abnormali-
ties.

• Normal areas are described first, while abnor-
malities are described later.

3. Step structure and focus

• Each step should focus on one coherent idea,
anatomical region, or diagnostic aspect.

• Avoid mechanically scanning every possible
region if it is not relevant to the trusted find-
ings.

• Later steps must not contradict earlier steps.
• Every step title should be a short V-ing phrase

summarizing the purpose of the step.

4. Final step

• When the collected evidence is sufficient to
support the main radiographic findings, con-
clude the reasoning chain by setting the final
decision to "summary".

• It must remain image-grounded and consis-
tent with the trusted findings.

We use RadGraph (Jain et al., 2021) to extract
key medical entities and their relations from the
original radiology report. These extracted entities
and relations are converted into a concise list of ra-
diographic findings, which is used as trusted seman-
tic guidance during chain generation in component
3 below.
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3. Trusted Radiographic Findings

You will receive a list of trusted findings derived from an
expert radiology report.

• These findings represent the most reliable judgment
about what is present, absent, or uncertain.

• Treat the trusted findings as the primary source of
truth about radiographic content.

• Do not invent new radiographic abnormalities that
are not in the trusted findings or not clearly visible
in the image.

Trusted Findings: {Trusted Findings}

4. Report Guidance

You will also receive the original radiology report as a
knowledge source. Treat the report solely as internal clini-
cal context and hypothesis cues that assist image interpre-
tation. Do not introduce new radiographic abnormalities
that are neither in the trusted findings nor clearly visible
in the image. Report: {Report}

5. Output Format

Return JSON object with exactly this structure:

[
{

"action": "short V-ing phrase summarizing the
purpose of the step",
"reason": "objective image-grounded reasoning",
"decision": "continue" or "summarize"

},
...

]

B.1 Quality Control
We use an LLM evaluator to score whether each
generated reasoning chain is faithful to the refer-
ence caption and sufficiently covers the clinically
salient findings. The prompt used for quality scor-
ing is shown below.

LLM Reasoning Chain Quality Scorer

You are a strict radiology quality-assurance scorer with
clinical expertise.
Grade the entire reasoning chain against the reference
report/answer.
Reference report: {report}
Reasoning chain: {Reasoning chain}
Scoring: Assign an integer score from 0 to 100. Use
equal importance for the following criteria:

1. Faithfulness: factual alignment with the refer-
ence caption. Penalize hallucinations, contradic-
tions, wrong laterality or location, and unsupported
claims.

2. Completeness: coverage of the salient elements
that the chain should address for this case, including
key findings, location or laterality, extent or severity,
and relevant devices or context. Penalize missing
critical details or vague coverage. Do NOT reward

unsupported content.

Output rules:

• Output exactly one integer between 0 and 100 on a
single line.

• Do not output words, units, JSON, punctuation, or
explanations.

B.2 Teacher Model Analysis

Teacher Model Selection To select a teacher
model for reasoning chain curation, we evaluate
several candidate vision-language models on 5,000
randomly sampled cases from the MIMIC-CXR
training split. For each model, we generate rea-
soning chains using the same curation prompt and
score the generated chains with the LLM reasoning-
chain quality scorer described in Section B.1. The
score measures whether the generated chain is faith-
ful to the reference caption and sufficiently covers
clinically salient findings.

As shown in Table 10, Gemini 2.5 Pro and
Qwen3VL-32B achieve the highest reasoning-
chain quality score. Given the comparable quality
between Gemini 2.5 Pro and Qwen3VL-32B, and
considering the large scale of our curation pipeline,
we select Qwen3VL-32B as the teacher model for
the final dataset construction because it provides
a better trade-off between reasoning quality and
curation cost.

Tables 8 and 9 summarize the statistics of the
curated reasoning-chain datasets for medical re-
port generation and medical visual question an-
swering. Representative samples from the curation
data pipeline are shown in Figure 5.

Teacher Sensitivity. We further examine how
the capability of the teacher used for reasoning-
chain generation affects downstream student per-
formance. We use Qwen2-VL-7B-Instruct, Qwen3-
VL-8B-Instruct, and Qwen3-VL-32B-Instruct to
generate approximately 120K reasoning chains
from the MIMIC-CXR training set. To isolate
the effect of teacher choice, we keep the student
backbone (Qwen2.5-VL) and training setting fixed
across all experiments and train each student for
three epochs.

As shown in Table 7, student performance im-
proves across the teacher models considered in this
study, with CE-F1 increasing from 0.432 to 0.450
and 0.468. These results indicate that teacher ca-
pability influences the quality of reasoning super-
vision and downstream student performance, sug-
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Table 7: Effect of teacher capability on MedSPA perfor-
mance on MIMIC-CXR.

Teacher Model Student Precision ↑ Recall ↑ CE-F1 ↑
Qwen2-VL-7B Qwen2.5-VL 0.441 0.426 0.432
Qwen3-VL-8B Qwen2.5-VL 0.458 0.445 0.450
Qwen3-VL-32B Qwen2.5-VL 0.476 0.462 0.468

Table 8: Statistics of the curated dataset for medical
report generation distillation.

Statistic Value

Number of distilled samples 268821
Average reasoning steps 5.4
Minimum reasoning steps 3
Maximum reasoning steps 8

gesting that stronger teachers may further improve
MedSPA.

C Additional Details of R-Align

C.1 SUM Label-Level Reward

For each clinical label l ∈ L, let fl ∈ {0, 1}
denote whether label l appears in the reference
annotation, vRl ∈ {0, 1} denote whether it is ex-
tracted from the PR Agent’s reasoning trajectory,
and vSl ∈ {0, 1} denote whether it is extracted
from the SUM Agent’s final output. The label-level
reward r(vRl , v

S
l , fl) used in Eq. (5) is defined in

Table 11.

C.2 Optimization Details of Role-Specific
Reinforcement Alignment

This section provides the full optimization objec-
tives used in R-Align.

C.2.1 PR Agent Objective

For each input, the PR Agent samples N reasoning
trajectories {Zi}Ni=1 and computes the role-specific
reward RR(Zi) as defined in Section 3.4. The
group-relative advantage for the PR Agent is:

AR
i = RR(Zi)−

1

N

N∑

j=1

RR(Zj). (6)

Let πRθ denote the current PR policy and πRref
denote the SFT reference policy. The PR Agent
is optimized with a KL-regularized group-relative

Table 9: Statistics of the curated dataset for medical
visual question answering distillation.

Dataset Subset # Open # Closed # Total Avg. Steps

SLAKE
Chest X-ray 969 454 1,423 5.2
CT Brain 196 99 295 5.6
CT Abdomen 716 599 1,315 5.3

VQA-RAD
Chest X-ray 241 355 596 5.1
Brain 44 41 85 5.8
Abdomen 264 310 574 5.5

Table 10: Teacher model comparison for reasoning
chain distillation on 5,000 MIMIC-CXR training sam-
ples. Scores are computed by the LLM reasoning-chain
quality scorer.

Model Quality Score Avg. Steps

DeepSeek-VL2 70 4.9
Llama4-Scout-17B 75 4.5
Gemini 2.5 Pro 85 4.1
Qwen3VL-32B 85 5.4

objective:

LR = −EZi∼πR
θ

[
AR

i

Ti∑

t=1

log πRθ
(
zi,t | I, q, zi,<t

)
]

+ λKLKL
(
πRθ ∥πRref

)
,

(7)
where λKL controls the strength of Kullback-
Leibler regularization.

C.2.2 SUM Agent Objective
After freezing the PR Agent, the SUM Agent sam-
ples M candidate outputs {Yi}Mi=1 and computes
the summary reward RS(Yi) as defined in Sec-
tion 3.4. The group-relative advantage for the SUM
Agent is:

AS
i = RS(Yi)−

1

M

M∑

j=1

RS(Yj). (8)

Let πSθ denote the current SUM policy and πSref
denote the SFT reference policy. The SUM Agent
is optimized with:

LS = −EYi∼πS
θ

[
AS

i log πSθ
(
Yi | I, q, Z

)]

+ λKLKL
(
πSθ ∥πSref

)
.

(9)

Both objectives use the SFT model as the ref-
erence policy to prevent the aligned agents from
drifting too far from the curated reasoning behavior
learned during supervised fine-tuning.

31215



GT Report: There moderate pulmonary edema with perihilar opacities as well as vascular indistinctness. There are likely
small pleural effusions bilaterally. The heart size is enlarged. Calcifications of aorta are noted. Patchy opacities in the lung
bases likely reflect atelectasis though infection cannot be excluded in the correct clinical setting. No pneumothorax. A
chronic appearing deformity of the right clavicle involving resorption/resection of the distal aspect is noted along with
severe degenerative changes of the right glenohumeral joint.

Reasoning Step

1. Action: Describing initial radiographic context
Reason: This is an upright chest radiograph. No endotracheal tube, chest tube, or other acute foreign body is visible. Overall image quality is adequate for
assessment of the lungs, cardiomediastinal silhouette, pleural spaces, and osseous structures.
Decision: continue

2. Title: Assessing cardiopulmonary findings
Reason: The cardiac silhouette is enlarged, consistent with cardiomegaly. There is moderate pulmonary edema with bilateral perihilar opacities and vascular
indistinctness. Patchy opacities are present at the lung bases, likely reflecting atelectasis, although infection cannot be excluded in the appropriate clinical
setting.
Decision: continue

3. Title: Evaluating pleural spaces and pneumothorax
Reason: Mild bilateral costophrenic angle blunting suggests small bilateral pleural effusions. No pneumothorax is identified, as there is no visible pleural
line or peripheral lucency, and lung markings extend to the chest wall.
Decision: continue

4. Title: Reviewing mediastinal and aortic structures
Reason: The mediastinum is not widened or shifted. Atherosclerotic calcification is visible along the thoracic aorta. No obvious acute mediastinal
abnormality is seen on this radiograph.
Decision: continue

5. Title: Examining osseous structures and chronic joint changes
Reason: There is a chronic-appearing deformity of the right clavicle involving resorption/resection of the distal aspect. Severe degenerative changes of the
right glenohumeral joint are present.
Decision: summary

Figure 5: Sample of curated plan-reasoning data for MIMIC-CXR report generation

Table 11: Binary cases for the SUM label-level reward.

fl vRl vSl r(vRl , v
S
l , fl)

1 1 1 +1
1 1 0 −1
1 0 1 0
1 0 0 0
0 1 1 −1
0 1 0 0
0 0 1 −1
0 0 0 0

D Additional Training Details

D.1 Supervised Fine-Tuning
We first train the PR and SUM agents using super-
vised fine-tuning on the curated reasoning-chain
dataset. The main hyperparameters for supervised
fine-tuning are:

- Backbone model: Qwen3-VL-8B-Instruct.

- Fine-tuning method: LoRA with rank r = 64,
α = 128, and dropout 0.05.

- Optimizer: AdamW.

- Training epochs: 10 for MRG and 3 for Med-
VQA

- Learning rate: 2× 10−5.

- Weight decay: 0.05.

- Maximum sequence length: 4096 tokens.

- Image size: 1024× 1024.

D.2 Role-Specific Reinforcement Alignment
After supervised fine-tuning, we apply Role-
specific reinforcement alignment to further opti-
mize the PR and SUM agents. The main hyperpa-
rameters for R-Align are:

- Initialization: SFT PR Agent, SFT SUM
Agent.

- Trainable adapter: separate GRPO LoRA
adapter.

- R-Align training samples: 50,000.

- R-Aligned PR Agent training epochs: 2.

- R-Aligned SUM Agent training epochs: 2.

- Maximum prompt length: 512 tokens.

- Maximum sequence length: 4096 tokens.

- Learning rate: 2× 10−5.

- Coverage penalty coefficient β: 0.5.
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E Fixed Medical Template for Reasoning
Strategy Analysis

This section describes the fixed medical template
used in the reasoning strategy analysis. The model
must complete all steps in the given order before
generating the final output, regardless of case com-
plexity or whether sufficient evidence has already
been collected.

Fixed 10-Step Medical Template

You must analyze the chest X-ray by strictly following the
10 diagnostic steps below. Do not skip, reorder, merge, or
stop before completing all steps. After finishing Step 10,
generate the final report or answer based on the observa-
tions from all steps.

1. Initial radiographic context. Identify the image
type, projection/view, image quality, and overall
thoracic appearance.

2. Support devices and postsurgical changes. Check
for tubes, lines, catheters, pacemakers, sternotomy
wires, surgical clips, or other devices.

3. Airway and mediastinal alignment. Examine
the trachea, mediastinal position, and any shift or
widening.

4. Cardiomediastinal silhouette. Assess heart size,
cardiac contour, mediastinal contour, and hilar struc-
tures.

5. Right lung field. Inspect the right upper, middle,
and lower lung zones for opacity, atelectasis, con-
solidation, edema, or nodules.

6. Left lung field. Inspect the left upper, middle, and
lower lung zones for opacity, atelectasis, consolida-
tion, edema, or nodules.

7. Pleural spaces. Assess both pleural spaces and
costophrenic angles for pleural effusion, pleural
thickening, or pneumothorax.

8. Pulmonary vascularity. Evaluate pulmonary vas-
cular congestion, interstitial edema, and signs of
volume overload.

9. Bones and soft tissues. Examine visible osseous
structures and chest wall soft tissues for acute ab-
normality.

10. Diaphragm and upper abdomen. Inspect the
hemidiaphragms, subdiaphragmatic regions, and
visible upper abdomen for free air, abnormal eleva-
tion, or other acute findings.

F Additional Evaluation Results

F.1 Comparison with Strong General-purpose
MLLMs

We additionally evaluate several strong general-
purpose MLLMs on the MIMIC-CXR test set, in-
cluding DeepSeek-VL2, Llama-4-Scout-17B-16E,

Model Prec. ↑ Rec. ↑ F1 ↑ B-1 ↑ B-4 ↑ R-L ↑ M ↑
DeepSeek-VL2 0.275 0.171 0.211 0.231 0.015 0.166 0.087
Llama-4-Scout-17B-16E 0.325 0.372 0.367 0.154 0.009 0.143 0.124
GPT-4V 0.353 0.365 0.330 0.338 0.061 0.240 0.125
Gemini 2.5 Pro 0.342 0.479 0.399 0.232 0.028 0.182 0.137

SFT MedSPA 0.549 0.543 0.546 0.334 0.125 0.247 0.152
R-Aligned MedSPA 0.569 0.552 0.560 0.341 0.129 0.260 0.169

Table 12: Supplementary comparison of MedSPA with
strong general-purpose MLLMs on the MIMIC-CXR
test set. General-purpose MLLMs are evaluated without
MIMIC-CXR-specific adaptation.

GPT-4V, and Gemini 2.5 Pro. These models are
evaluated without MIMIC-CXR-specific adapta-
tion and are therefore included as supplementary
references rather than directly controlled baselines.

As shown in Table 12, R-Aligned MedSPA
consistently outperforms the evaluated general-
purpose MLLMs. Compared with the best-
performing general-purpose baseline for each met-
ric, MedSPA improves precision, recall, and CE-F1
by 0.216, 0.073, and 0.161, respectively. The ad-
vantage is also observed across the NLG metrics,
with improvements of 0.003 in BLEU-1, 0.068 in
BLEU-4, 0.020 in ROUGE-L, and 0.032 in ME-
TEOR. These results further highlight the strong
performance of MedSPA compared with general-
purpose MLLMs on MIMIC-CXR.

F.2 LLM-as-a-Judge Evaluation Protocol
We use two independent LLM judges, Gemini 2.5
Pro and GPT-4o, to evaluate the reasoning chains
generated by the PR Agent and the final reports
generated by the SUM Agent. For both evaluations,
the corresponding reference report is provided as
the clinical ground truth. Each output receives
a single score from 1 to 5 based on its clinical
correctness and completeness.

Reasoning Chain Evaluation. The following
prompt is used to evaluate whether the generated
reasoning chain correctly and sufficiently captures
the clinically relevant information in the reference
report.

Reasoning Chain Evaluation Prompt

You are a strict radiology evaluator with clinical expertise.
Evaluate the generated reasoning chain against the ref-
erence radiology report. Assess whether the reasoning
is clinically correct and sufficiently covers the clinically
relevant findings described in the reference.
Reference report: {Reference Report}
Generated reasoning chain: {Reasoning Chain}
Evaluation criteria:

1. Clinical Correctness: Determine whether the find-
ings in the reasoning chain are consistent with the
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Figure 6: A failure case of MedSPA on MIMIC-CXR. Incorrect or unsupported findings are highlighted in bold.

reference report. Penalize hallucinated findings,
contradictions, incorrect anatomical locations or lat-
erality, and unsupported clinical claims.

2. Completeness: Determine whether the reasoning
chain captures the clinically salient findings in the
reference report. Penalize missing important abnor-
malities, relevant negative findings, or other clini-
cally significant information.

Scoring rubric:

• 5 – Excellent: Clinically correct and complete, with
no meaningful errors or omissions.

• 4 – Good: Mostly correct and complete, with only
minor errors or omissions that do not substantially
affect the clinical interpretation.

• 3 – Moderate: Generally reasonable but contains
noticeable errors or misses clinically relevant infor-
mation.

• 2 – Poor: Contains major clinical errors, unsup-
ported findings, or substantial omissions.

• 1 – Very Poor: Largely incorrect, contradictory, or
clinically unreliable.

Output rule: Output exactly one integer from 1 to 5 and
nothing else.

Generated Report Evaluation. The final reports
are evaluated separately using the same clinical

correctness and completeness criteria.

Generated Report Evaluation Prompt

You are a strict radiology evaluator with clinical expertise.
Evaluate the generated radiology report against the ref-
erence radiology report. Assess whether the generated
report is clinically correct and sufficiently covers the clin-
ically relevant information in the reference.
Reference report: {Reference Report}
Generated report: {Generated Report}
Evaluation criteria:

1. Clinical Correctness: Determine whether the find-
ings in the generated report are consistent with the
reference report. Penalize hallucinated findings,
contradictions, incorrect anatomical locations or lat-
erality, and unsupported clinical claims.

2. Completeness: Determine whether the generated
report preserves the clinically salient findings in
the reference report. Penalize missing important
abnormalities, relevant negative findings, or other
clinically significant information.

Scoring rubric:

• 5 – Excellent: Clinically correct and complete, with
no meaningful errors or omissions.

• 4 – Good: Mostly correct and complete, with only
minor errors or omissions that do not substantially
affect the clinical interpretation.
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Figure 7: Qualitative example illustrating the discrepancy between clinical-efficacy and lexical-overlap metrics.

• 3 – Moderate: Generally reasonable but contains
noticeable errors or misses clinically relevant infor-
mation.

• 2 – Poor: Contains major clinical errors, unsup-
ported findings, or substantial omissions.

• 1 – Very Poor: Largely incorrect, contradictory, or
clinically unreliable.

Output rule: Output exactly one integer from 1 to 5 and
nothing else.

G Failure Case Analysis

Figure 6 presents a failure case in which the PR
Agent follows a clinically plausible but partially
incorrect reasoning trajectory. In Step 2, the model
interprets the elevated diaphragms and compressed
lung bases as evidence of low lung volumes, al-
though this finding is not described in the refer-
ence report. Similarly, in Step 5, the model inter-
prets the apparently blunted costophrenic angles
and meniscus-like contour as a possible small pleu-
ral effusion, which is also unsupported by the ref-
erence.

These steps gradually shift the reasoning toward
low lung volume and pleural-effusion findings,
while the retrocardiac region is not sufficiently ex-
amined. Consequently, the final report preserves

the unsupported low lung volumes and probable
small pleural effusion, while missing the atelectatic
change and possible underlying infection described
in the reference. This example illustrates how lo-
cally plausible observations during intermediate
reasoning can steer subsequent evidence acquisi-
tion toward a suboptimal direction and ultimately
propagate into the final report.

H Qualitative Analysis of Clinical and
Lexical Alignment

To further investigate the discrepancy between
clinical-efficacy and lexical-overlap metrics, we
present a representative example from the MIMIC-
CXR test set (Figure 7). Despite generating a sub-
stantially shorter report with different wording and
sentence structure, MedSPA preserves the major
clinical findings in the reference report. Specifi-
cally, cardiomegaly is correctly identified, while
consolidation, pleural effusion, and pneumotho-
rax are correctly reported as absent. Consequently,
this example achieves a CE-F1 of 1.0. In contrast,
lexical-overlap metrics are very low, with BLEU-
1 = 0.092 and BLEU-4 = 0.007. For example,
the reference expression “stable, mild to moder-
ate cardiomegaly” is summarized as “heart size
is enlarged,” while the detailed description of the
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pacemaker leads is compressed into “pacemaker
leads are in expected position.” This example illus-
trates that low lexical overlap does not necessarily
imply disagreement in clinically relevant findings.
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