MEDSAGE &: Learning Structured Medical Visual Reasoning via
Self-Corrective Reinforcement Learning

Anonymous ACL submission

Abstract

Reinforcement learning (RL) can improve in-
terpretability in medical vision-language mod-
els (VLMs), but medical visual reasoning re-
mains challenging without structured guid-
ance. Existing supervised fine-tuning and rein-
forcement learning (SFT+RL) approaches of-
ten learn task-specific image-to-answer map-
pings, leading to misalignment between visual
evidence and textual reasoning and resulting
in shortcut reasoning. To address the above
challenges, we propose MEDSAGE, a medical
VLMs framework built upon structured rea-
soning sequences. MEDSAGE introduces a
structured path enhancement strategy that for-
mulates medical visual reasoning as a sequence
of clinically meaningful stages—localization,
visual analysis, knowledge matching, and fi-
nal decision—thereby guiding models to ex-
plore reasonable reasoning paths. We con-
struct two training datasets, SAGE-sft20K
and SAGE-rl10K, to support this training
paradigm. Within this framework, SFT induces
consistent structured reasoning across tasks,
while self-corrective RL further improves an-
swer correctness by enabling the model to re-
vise erroneous predictions during training. en-
couraging self-check guided correction of erro-
neous predictions. Experiments on five medi-
cal benchmark datasets show that MEDSAGE
achieves competitive or improved performance
across diverse medical VQA benchmarks. Ad-
ditional analyses further examine robustness
and reasoning faithfulness. Code and data will
be publicly released

1 Introduction

Medical visual question answering (Med-VQA)
aims to generate accurate and clinically meaningful
answers based on medical images and natural lan-
guage questions, and serves as a key task in medical
image understanding(Chen et al., 2024a) and intel-
ligent computer-aided diagnosis(Dong et al., 2025).

In recent years, medical vision-language models
(VLMs) have achieved significant progress in Med-
VQA and related tasks(Xu et al., 2024; Yan et al.,
2024a). However, most existing medical VLM
approaches rely on supervised fine-tuning (SFT)
on image—question—answer triplets(Chen et al.,
2024b). Due to the coarse granularity of super-
vision signals(Wu et al., 2025a), these models tend
to learn task-specific direct mappings from images
to answers, making it difficult to model the com-
plex reasoning processes and medical knowledge
required for reliable clinical decision-making. Re-
cent studies have introduced reinforcement learn-
ing (RL) to enhance reasoning capabilities(Zhou
et al., 2025). Nevertheless, these approaches typi-
cally rely on the generation of unconstrained free-
form language, causing visual evidence, medical
knowledge, and reasoning steps to become entan-
gled in unstructured text(Lai et al., 2025a; Pan et al.,
2025a). This, in turn, limits the stability, transfer-
ability, and clinical reliability of the trajectories of
learned reasoning. These challenges pose signifi-
cant obstacles for Med-VQA, where generalization
and interpretability are critical in real-world clini-
cal settings.

Unlike general-domain visual question answer-
ing, medical reasoning follows a progressive and
structured diagnostic process. Clinicians typically
(1) localize diagnostically relevant Regions of Inter-
est (Rol), (ii) analyze fine-grained visual features,
(ii1) integrate observations with domain knowledge,
and (iv) synthesize evidence into a final diagnostic
conclusion. This structured reasoning paradigm
is not specific to a single task, but rather forms a
shared foundation underlying diverse medical in-
structions and diagnostic scenarios.

We analysis identifies two fundamental limita-
tions that hinder effective medical reasoning in
current SFT+RL based medical VLMs. First, there
is a lack of structured multi-stage supervision. Ex-
isting medical datasets rarely provide supervision
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Figure 1: Motivation and overview of structured reasoning in medical vision-language models. We compare (a)
base medical VLMs with direct image-to-answer mapping, (b) SFT+RL models with free-form reasoning that often
leads to shortcut reasoning, and (c) MEDSAGE, which adopts stage-wise structured reasoning and self-corrective
reinforcement learning to promote grounded medical visual reasoning.

signals that reflect how clinicians progressively
reason from visual evidence to diagnostic conclu-
sions(Ye and Tang, 2025). SFT tends to learn
task-specific input—output correlations, while RL
lacks clear guidance for exploring clinically valid
reasoning behaviors. Second, there is a misalign-
ment between localized visual evidence and un-
structured textual reasoning. Free-form chain-of-
thought (CoT) generation collapses global context,
localized visual cues, and medical knowledge into
unconstrained text, weakening evidence-based rea-
soning consistency and further encouraging short-
cut reasoning.

To address these challenges, we structure medi-
cal visual reasoning into four stages—localization,
visual analysis, knowledge matching, and conclu-
sion generation (LVKC)—and construct a reason-
ing supervised dataset, SAGE-sft20K. We further
curate SAGE-r110K, a 10K-sample visual question
answering dataset reformulated as fine-grained vi-
sual diagnostic tasks for reinforcement learning.

Building on this, we propose MEDSAGE, a
reasoning-guided training framework that inte-
grates SFT and RL. Figure 1 contrasts direct, free-
form, and structured reasoning paradigms, high-
lighting the advantages of stage-wise structured
supervision. SFT equips the model with multi-
modal analytical capabilities, while RL further

aligns model behavior with the proposed reasoning
through self-correction of erroneous predictions.
Extensive experiments show that MEDSAGE con-
sistently outperforms existing methods across mul-
tiple medical benchmarks, substantially improving
the robustness and interpretability of medical visual
reasoning.
Our contributions are threefold:

* We investigate reasoning limitations of med-
ical VLMs under the SFT+RL paradigm.
Unconstrained free-form reasoning often in-
duces visual-text misalignment and shortcut
learning, hindering interpretability and reli-
able clinical decision-making.

* We propose MEDSAGE for structured
medical visual reasoning. MEDSAGE for-
mulates reasoning as a sequence of clini-
cally aligned stages, and is supported by two
curated datasets, SAGE-sft20K and SAGE-
rl10K, enabling process-level supervision via
SFT and RL.

* We introduce a self-corrective reinforce-
ment learning mechanism. By rewarding
successful self-check-based error correction
during training, MEDSAGE guides explo-
ration toward structured and consistent reason-
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Figure 2: Illustration of the proposed MEDSAGE framework. Stage 1 constructs structured medical reasoning data.
Stage 2 performs reasoning-guided supervised fine-tuning to induce stage-wise reasoning behaviors. Stage 3 applies
GRPO with a self-corrective signal, assigning reinforcement credit to the self-check step only when it successfully

corrects an initial error.

ing without relying on free-form reasoning at
inference time.

2 Related Work
2.1 Medical Vision-Language Models

Med-VQA serves as a critical benchmark for eval-
uating multimodal understanding in healthcare.
Early approaches primarily relied on discrimina-
tive models trained on limited datasets such as
VQA-RAD (Lau et al., 2018a) and SLAKE (Liu
et al., 2021). With the advent of Large Language
Models (LLMs), recent works have shifted to-
wards generative paradigms. Models like LLaVA-
Med (Li et al., 2023a) and PMC-VQA (Zhang et al.,
2023) align visual encoders with LLMs using large-
scale biomedical image-text pairs, demonstrating
strong capabilities in open-ended generation. More
recently, generalist models such as HuatuoGPT-
Vision (Chen et al., 2024c) and proprietary models
like Lingshu (Xu et al., 2025) have set new stan-

dards for zero-shot performance. However, most
existing open-source medical VLMs rely heavily
on SFT with direct image-to-answer pairs. As
noted in recent studies (Wu et al., 2025b; Yan et al.,
2024b), this coarse-grained supervision often leads
to shortcut learning, where models memorize an-
swer distributions rather than learning diagnostic
reasoning, limiting their reliability in complex clin-
ical scenarios.

2.2 Reasoning in Medical VLMs

Reasoning is essential for transparent clinical
decision-making. CoT prompting (Wei et al.,
2022) has been shown to elicit multi-step rea-
soning in large language models and has been
adapted to medical applications to improve inter-
pretability (Singhal et al., 2023). However, di-
rectly applying free-form CoT to medical VLMs
is challenging, as medical visual reasoning re-
quires precise grounding of visual evidence prior



to clinical interpretation(Le-Duc et al., 2025;
Kim et al., 2025). Unconstrained reasoning of-
ten leads to visual-text misalignment and hal-
lucinated explanations (Xu et al., 2024). RL
has been increasingly adopted to enhance reason-
ing in large language models, including Group
Relative Policy Optimization(GRPO)-based opti-
mization frameworks such as DeepSeek-R1 (Guo
et al., 2025), which encourage extended reason-
ing through group-wise relative comparison. In
the medical multimodal domain, several RL-based
methods have been proposed. VITAR (Chen et al.,
2025) and MedEYES (Zhu et al., 2025a) apply RL
to improve visual perception and answer accuracy,
while Med-R1 (Lai et al., 2025b) and MedVLM-
R1 (Pan et al., 2025b) extend RL-based alignment
to medical VQA settings. Despite these advances,
existing approaches primarily define rewards at
the outcome level, focusing on final predictions,
without explicitly constraining the structure of in-
termediate reasoning.

3 Methodology

Our work addresses three challenges in struc-
tured medical visual reasoning: (1) Coarse image—
answer supervision that induces shortcut learn-
ing; (2) Visual-text misalignment caused by free-
form reasoning; and (3) the lack of effective self-
correction mechanisms in standard SFT and RL
training.

Figure 2 overviews the proposed MEDSAGE
framework, which formulates medical visual rea-
soning as a sequence of clinically meaningful
stages. Figure 3 provides an intuitive compar-
ison between structured and unstructured train-
ing paradigms. The framework consists of three
stages: (1) constructing multi-stage medical reason-
ing trajectories from existing data; (2) reasoning-
guided SFT to induce stage-wise behaviors; and (3)
self-corrective reinforcement learning to improve
answer correctness while encouraging grounded,
structured reasoning.

3.1 Reasoning Trajectory Construction

We construct structured medical reasoning trajecto-
ries using a staged data generation pipeline. Start-
ing from publicly available datasets, we collect
approximately 60K medical images from three
sources, including DeepLesion(Yan et al., 2018),
Roboflow(Alexandrova et al., 2015), and PubMed-
Vision(Chen et al., 2024c) (see Appendix A for de-
tails). Each image is accompanied by region-level
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Figure 3: Cumulative effective samples versus training
steps under the SFT+RL paradigm with 700 training
samples.

annotations, such as bounding boxes, segmentation
masks, or textual region descriptions. Based on
these annotations, we design corresponding medi-
cal reasoning queries, forming the initial data pool.

Rol normalization. To increase the diversity of
region specifications, we adopt two complementary
Rol representations. Coordinate-based Rols are
expressed using bounding box coordinates, while
text-based Rols are specified via natural-language
location descriptions, both treated as valid region
representations. For each image, we construct a set
of plausible Rols

R:{rlar27"'arM}a (1)

by applying simple transformations—such as co-
ordinate perturbation, context expansion, and sub-
region sampling—to coordinate-based Rols, in or-
der to improve robustness to variations in region
localization. Text-based Rols are retained with-
out perturbation. The full image is additionally
included as a global Rol to support holistic visual
reasoning.

Stage-wise reasoning generation. As shown in
Figure 2 (Stage 1), we generate structured reason-
ing trajectories after Rol normalization. For each
region r € R, reasoning proceeds in fixed stages,
starting with Visual Analysis followed by Knowl-
edge Matching.

For visual analysis, we use a multimodal large
language model, GPT-4o(Hurst et al., 2024), to
jointly analyze the Rol and the global image con-
text:

ViS(T‘) = fViS(Iv r, q)a (2)

where the model is conditioned on the cropped
region together with the full image.



Knowledge matching with diversity. Condi-
tioned on the visual analysis, knowledge matching
aligns observed visual evidence with clinically rel-
evant medical concepts. We perform knowledge
retrieval using a large language model augmented
with a medical knowledge base. To introduce con-
trolled diversity while preserving a fixed stage or-
der, we define a small set of clinically common
interpretation templates

T:{t17t27”'7tT}7 (3)

For each region r and template ¢, we generate
knowledge matching and the corresponding reason-
ing output as

KHOW(T, t) = fknow(ViS(T)7 t), (4)
Out(r, t) = fout(ViS(T)v KHOW(Ta t)a y)> (5)

where all trajectories are constrained to share the
same ground-truth answer y.

Reasoning Path Augmentation. A structured

reasoning trajectory is defined as
T(r,t) = [Vis(r),Know(r, t), Out(r, t)} (6)

We perform Reasoning Path Augmentation(RPA)
by pairing multiple plausible Rols with differ-
ent knowledge interpretation templates, generating
multiple answer-consistent trajectories for the same
image. Although the stage order remains fixed, this
strategy increases data diversity by varying region
specifications and clinically plausible reasoning
patterns, thereby improving robustness.

3.2 Reasoning-Supervised SFT Warm-up

As illustrated in Figure 2 (Stage 2), we perform
reasoning-based SFT to initialize the model with
stable and explicit LVKC-structured medical rea-
soning.

For SAGE-sft20K, each training instance is rep-
resented as 7 = (V, Q,y", vV, y*, 4%, A), where
V denotes the medical image, Q is the input ques-
tion, (y~, 4", y%,y") corresponds to a full rea-
soning sequence following the LVKC order of Lo-
calization, Visual Analysis, Knowledge Matching,
and Conclusion, and A is the final answer.

During SFT, the model is trained to maximize
the likelihood of generating the entire structured
reasoning sequence together with the final answer:

T

Lspr = —Erup Y logm(ye |V, Qy<t), (1)
=1

where the target sequence explicitly follows the
fixed stage order. In addition, a small number of
stage-level QA pairs are included to stabilize stage-
specific supervision.

This SFT warm-up stage enables the model to
produce complete, stage-aligned medical reasoning
paths with clear structural boundaries and flexible
content realization.

3.3 RL with Self-Corrective Structured
Exploration

To further refine LVKC-structured medical reason-
ing beyond supervised imitation, we adopt a GRPO-
based reinforcement learning framework with a
self-corrective auxiliary signal to improve explo-
ration under sparse rewards. The self-corrective
mechanism is used only during training to shape
reasoning behavior and introduces no inference-
time overhead.

Format Reward. To enforce the fixed LVKC
stage order, we introduce a rule-based format re-
ward. Let S* denote the ordered sequence of re-
quired stage tokens and ¢(o0) extract special tokens
from output o. The format reward is defined as

rimt = I[¢(0) = 87, (®)

which provides dense structural supervision during
RL training.

Self-Check-Guided Retry. Given an image V
and query g, the policy 7y first samples a reasoning
trajectory 7, with answer a;. If a7 is incorrect, the
same model performs a structured self-check over
71 and samples a revised trajectory 7 with answer
az. We define a binary self-check success reward

T'sc :H[al #y/\QQ :y]a (9)

which is non-zero only when self-checking success-
fully corrects an error.

Self-Check Reward under GRPO. The self-
check reward is applied exclusively to tokens gen-
erated in the self-check step. Let m; indicate self-

check tokens. The corresponding advantage is
A = QTsc,

(10)
and the GRPO objective for self-checking is

Loe = =AY "mylogm(or | o<1, V,q). (11)
t

The revised trajectory 7o is optimized separately
using standard outcome-based rewards, while all
other tokens receive zero advantage.



Method RAD. SLAKE PathVQA PMC. MMMU Average A (%)
Proprietary models

GPT-4.1 65.0 72.2 55.5 55.2 75.2 64.6 -4.2
Claude-Sonnet-4 67.6 70.6 54.2 54.4 74.6 64.2 -4.6
Gemini-2.5-Flash 68.5 75.8 554 55.5 76.9 66.4 2.4
General-purpose Models

LLaVA-v1.5-8B(Liu et al., 2023) 54.2 59.4 54.1 36.4 38.2 48.4 -20.4
LLaVA-Next-7B(Liu et al., 2024) 52.6 57.9 47.9 35.5 33.1 454 -23.4
LLaVA-Next-13B(Liu et al., 2024) 55.8 58.9 51.9 36.6 39.3 48.5 -20.3
Qwen2.5-VL-7B(Bai et al., 2025) 67.3 69.5 63.9 50.4 56.7 61.6 7.2
InternVL3-8B(Zhu et al., 2025b) 67.3 69.7 65.7 52.7 - 63.8 -5.0
Medical-specific non-reasoning VLMs

Med-Flamingo(Moor et al., 2023) 454 43.5 54.7 23.3 28.3 39.0 -29.8
RadFM(Wu et al., 2025a) 50.6 344 38.7 25.9 27.0 353 -33.5
LLaVA-Med-7B(Li et al., 2023b) 51.4 48.6 56.2 24.7 36.9 435 -25.3
HuatuoGPT-V-8B(Chen et al., 2024c)  59.4 66.8 59.8 514 56.7 58.8 -10.0
Lingshu-7B(Xu et al., 2025) 62.2 78.9 71.7 55.6 70.0 67.6 -1.2
Medical-specific reasoning VLMs

Med-R1(Lai et al., 2025a) 55.9 55.1 53.3 45.8 327 48.5 -20.3
MedVLM-R1(Pan et al., 2025a) 61.4 56.1 55.2 44.8 35.5 50.6 -18.2
ViTAR(Chen et al., 2025) 70.1 80.8 67.0 57.2 72.0 69.4 +0.6
MedEyes(Zhu et al., 2025a) 70.7 79.1 64.8 55.3 59.7 65.9 -2.9
MEDSAGE (Ours) 70.4 79.8 68.7 58.3 67.2 68.8 0.0

Table 1: Comparison across five medical benchmarks. A denotes the absolute difference in average accuracy
(percentage points) compared to MEDSAGE. Bold numbers indicate the best result among open-source VLMs, and
gray numbers indicate that the model has been trained on the corresponding dataset.

Total Reward Composition. The final reward is
computed using dynamic weight normalization:

WaccTace + WemtTmt + LseWseTsc
Wace + Wemt + LseWsc

Riotal = , (12)
where [, indicates whether self-checking is trig-
gered. This normalization keeps reward scales com-
parable across direct and retry paths and implicitly
favors efficient reasoning without additional length
penalties.

4 Experiments and Results

4.1 Benchmarks

We evaluate MEDSAGE on five medical VQA
benchmarks. PathVQA (He et al., 2020), SLAKE
(Liu et al., 2021), and VQA-RAD (Lau et al.,
2018b) are standard datasets for medical visual
question answering. PMC-VQA (Zhang et al.,
2023) contains 2,000 expert-annotated medical QA
pairs. MMMU-Med (Yue et al., 2024), a medi-
cal subset of the multimodal reasoning benchmark
MMMU, focuses on higher-level medical reason-
ing. Together, these datasets span diverse medi-
cal imaging modalities, including CT, MRI, X-ray,
pathology slides, and multimodal clinical scenar-
i0s.

4.2 Implementation Details

We build our framework on Qwen2.5-VL-7B (Bai
et al., 2025) and adopt a standard SFT+RL train-
ing paradigm. SFT is performed using LLaMA-
Factory (Zheng et al., 2024) and conducted for
4 epochs with AdamW 1 x 107°, a maximum
sequence length of 4096, and bfloatl16 precision.
RL is implemented with Easy-R1(Yaowei Zheng,
2025). We train the model for 8 epochs with a learn-
ing rate of 1 x 1075, a maximum sequence length
of 2048, and a maximum generation length of 1024
tokens. For each instance, 6 candidate responses
are sampled to estimate policy gradients. All exper-
iments are conducted on four NVIDIA A100 GPUs
with DeepSpeed (Rasley et al., 2020) acceleration.
More implementation details are provided in the
supplementary materials.

4.3 Main Results

Table 1 reports the performance of MEDSAGE
across five medical VQA benchmarks. MEDSAGE
achieves an average accuracy of 68.8%, demonstrat-
ing competitive performance among open-source
medical VLMs and outperforming the majority
of general-purpose and medical-specific baselines.
Compared to prior reasoning-oriented models,



Model Dataset Localization Visual Analysis Knowledge Reasoning Average
PathVQA(He et al., 2020) 2.706 2412 3.059 2.529 2.676
Baseline = SLAKE(Liu et al., 2021) 3.014 2.350 3.623 2.614 2.900
VQA-RAD(Lau et al., 2018b) 2.751 2.320 2911 2421 2.600
PathVQA(He et al., 2020) 2.961 2.625 3.612 3.365 3.140
SFT SLAKE(Liu et al., 2021) 3.446 2.629 3.965 3.036 3.269
VQA-RAD(Lau et al., 2018b) 3.256 2.927 3.422 3.140 3.186
PathVQA(He et al., 2020) 3.146 3.020 3.948 3.644 3.439
SFT+RL  SLAKE(Liu et al., 2021) 3.637 2.921 4.096 3.347 3.500
VQA-RAD(Lau et al., 2018b) 3.830 3.447 3.652 3.453 3.595

Table 2: GPT-score (1-5) based evaluation of model response quality across multiple datasets and reasoning
dimensions under different training stages. The first decimal place is emphasized, while the second and third

decimal places are de-emphasized in gray for reference.

Method VQA-RAD SLAKE PathVQA Average
Vanilla QA SFT 36.7 45.9 35.3 393
Vanilla QA SFT+RL 36.2 43.2 46.3 41.9
Reasoned QA SFT 67.4 72.8 64.7 68.3
Reasoned QA SFT+RL 68.4 77.8 66.1 70.7
RPA QA SFT 67.3 77.4 66.1 70.2
RPA QA SFT+RL 68.1 78.8 67.0 71.3

Table 3: Main ablation results on representative medical VQA benchmarks. Vanilla QA uses original QA supervision,
Reasoned QA incorporates annotated reasoning paths, and RPA QA further augments reasoning paths via Reasoning

Path Augmentation.

MEDSAGE substantially outperforms MedVLM-
R1 and Med-R1, and achieves performance com-
parable to ViTAR, while showing more consis-
tent generalization across datasets. On radiology-
focused benchmarks, MEDSAGE attains 70.4 on
VQA-RAD and 79.8 on SLAKE. It also achieves
the best open-source result on PMC-VQA (58.3)
and competitive performance on MMMU-Med,
demonstrating robustness under challenging multi-
modal medical reasoning scenarios.

Overall, MEDSAGE delivers competitive accu-
racy across five benchmarks, indicating good cross-
dataset generalization under the structured reason-
ing training paradigm.

4.4 Analysis on Structured Thinking

We follow LLaVA-Med (Li et al., 2023b) to use
the GPT API for automated response scoring. Ta-
ble 2 analyzes the effect of structured reasoning
across different training stages, where the baseline
is evaluated using few-shot prompting. Compared
to the baseline, SFT consistently improves response
quality across all dimensions. Further gains are ob-
served with SFT+RL, particularly in localization
and reasoning (e.g., on VQA-RAD, reasoning im-
proves from 3.1 to 3.4, and localization from 3.2 to
3.8). This trend indicates that SFT+RL encourages

more structured and coherent reasoning.

Initial Answer:
<LOC>...<LOC><VISUAL>....</VISUAL><KNOWLEDGE> ....
</KNOWLEDGE><CON>The lesion meets imaging criteria for
a pulmonary nodule given its size (<3 cm), solid density, and
round, well-defined contour. Importantly, there are no overt

i on this sli i gins,
pleural retraction, adjacent architectural distortion, or

_ d findi such as ly hy or
Is there a ffusion. ... therefore, y can be luded on
pulmonary nodule il ing gl and follow-up is

in the right lung on
this CT image?
Answer: yes

<>

\"i“ )

o

Question+[Self-check
instructions]+[Retry
instructions]

unnecessary.</CON>
<ANSWER>The lesion is benign and no follow-up is
required.</ANSWER>

Self-Check Answer:

<LOC>...</LOC><VISUAL>....</VISUAL><KNOWLEDGE> ....</
KNOWLEDGE><CON>The lesion is small, solid, round, and
well circumscribed, fulfilling imaging criteria for a pulmonary
nodule. Although smooth margins favor a benign etiology,
imaging features alone are insufficient to exclude malignancy,
and interval follow-up is warranted.A solid pulmonary nodule
is present in the right upper lobe; imaging features are more
suggestive of a benign lesion...</CON>

<ANSWER>A solid pulmonary nodule is present in the right
upper lobe.</ANSWER>

Figure 4: Self-corrective example during the RL stage.
The model first generates an initial reasoning trajectory
that leads to an incorrect answer, and then revises the
erroneous intermediate reasoning through a self-check-
guided correction step.

4.5 Ablation Study

Effectiveness of Reasoning Path Augmentation.
Table 3 presents an ablation study comparing dif-
ferent reasoning supervision schemes. Compared
to Vanilla QA SFT, incorporating explicit reason-



ing supervision (Reasoned QA SFT) leads to sub-
stantial performance gains across all benchmarks,
improving the average accuracy from 39.3% to
68.3%. Building upon this, RPA further improves
the overall performance under SFT, achieving a
higher average accuracy than Reasoned QA SFT
(70.0 vs. 68.3). While the improvements vary
across benchmarks, RPA shows particularly strong
gains on SLAKE, suggesting that augmented rea-
soning paths provide more effective supervision for
complex medical reasoning. When combined with
reinforcement learning, RPA exhibits more con-
sistent benefits, with RPA SFT+RL achieving the
best average accuracy of 71.3%. These results indi-
cate that RPA complements reinforcement learning
by providing higher-quality reasoning supervision,
leading to more stable performance improvements.

Accuracy 0.55
Self-check Rate

a=0.0 a=0.15 a=0.2 a=0.25

Figure 5: Effect of the weighting coefficient o on accu-
racy and self-check rate. Accuracy is reported on the
left y-axis, and the self-check rate on the right y-axis, in-
dicating the fraction of instances where self-correction
is applied.

Reward Function Design. Table 4 examines the
effect of the self-check bonus a. Introducing a self-
check bonus consistently improves performance
over the base reward, with the best results achieved
at a moderate value of a = 0.20 (73.0 average ac-
curacy). Larger a values degrade performance, sug-
gesting that excessive emphasis on self-checking
can hinder stable optimization. This indicates that
self-checking is most effective when it acts as an
auxiliary signal to refine reasoning, rather than
dominating the optimization objective.

Effectiveness of Self-Corrective Reinforcement
Learning. Table 5 evaluates the effectiveness
of the proposed self-corrective reinforcement
learning under different training settings. Com-
pared to SFT and SFT+RL, incorporating self-
corrective learning yields consistent performance
gains, with notable improvements on RAD and
SLAKE. Figure 4 provides a qualitative example

Config. | RAD SLAKE Path | Ave

Reward configuration (Base + Self-Check bonus o)

Base only (o = 0) 69.9 78.3 65.8 | 71.3
Base + SC (o« = 0.15) | 70.3 78.8 674 | 72.1
Base + SC (o = 0.20) | 70.4 79.8 68.7 | 729
Base + SC (a« = 0.25) | 69.8 78.5 66.2 | 71.5

Table 4: Ablation study on the self-check bonus «.
The base reward includes accuracy and format re-
wards, while the self-check bonus is applied when self-
checking successfully corrects an initial error. Moderate
values of « achieve the best overall performance.

Method RAD SLAKE Path Ave
SFT 67.3 77.4 66.1 70.2
SFT + RL 68.1 78.8 67.0 71.3
SFT + RL + SC 70.4 79.8 68.7 72.9

Table 5: Ablation on SFT, SFT+RL, and SFT+RL aug-
mented with Self-Corrective(SC) RL.

of self-corrective behavior during the RL stage, il-
lustrating how the model revises an initial incorrect
reasoning trajectory through self-check-guided cor-
rection. This suggests that explicitly correcting
intermediate reasoning errors during training leads
to more reliable final predictions.

Effect of the Self-Check Weighting Coefficient o.
Figure 5 illustrates the effect of a on accuracy and
the self-check rate. Accuracy peaks at an interme-
diate v while the self-check rate remains moderate,
whereas larger « increases self-check frequency
without further accuracy gains. This indicates that
selective self-checking is more effective than ex-
cessive retries under the proposed self-corrective
training scheme.

5 Conclusion

In this work, we present MEDSAGE, a structured
reasoning—guided framework for medical vision—
language models trained under supervised fine-
tuning and reinforcement learning. By organiz-
ing medical visual reasoning into clinically aligned
stages and introducing a self-corrective reinforce-
ment learning mechanism, MEDSAGE improves
reasoning faithfulness and answer correctness with-
out relying on free-form reasoning at inference
time. Extensive experiments demonstrate that
MEDSAGE achieves competitive or improved per-
formance while substantially enhancing the robust-
ness and interpretability of medical visual reason-
ing.



6 Limitations

MEDSAGE relies on high-quality structured rea-
soning annotations, which are costly to obtain and
may limit scalability. In addition, this work does
not conduct an in-depth study on how localization
information is explicitly modeled and utilized dur-
ing structured reasoning.
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A Dataset Construction Details

A.1 Source Datasets

Our dataset integrates multiple publicly available
medical imaging sources with heterogeneous forms
of region supervision, including DeepLesion(Yan
et al., 2018), Roboflow(Alexandrova et al., 2015),
and PubMed Vision(Chen et al., 2024c).

DeepLesion and Roboflow provide explicit Re-
gion of Interest (Rol) annotations in the form of
bounding boxes with corresponding clinical labels.
These annotations are treated as strong Rol ground-
ing signals and are used to construct region-aware
medical reasoning questions.

PubMedVision does not provide explicit Rol an-
notations. Instead, we extract implicit localiza-
tion cues from natural language descriptions (e.g.,
anatomical locations or laterality) and treat them
as weak Rol grounding signals, specifying approx-
imate regions relevant to the clinical question.

Furthermore, recognizing that the large-scale na-
ture of PubMedVision might introduce overlaps
with clinical evaluation benchmarks (e.g., VQA-
RAD(Lau et al., 2018b), SLAKE(Liu et al., 2021),
and PathVQA(He et al., 2020)), we implemented
a rigorous de-duplication pipeline. Specifically,
we employed the Perceptual Hashing (pHash) algo-
rithm to generate visual fingerprints for all 1.3M im-
ages in PubMedVision and cross-referenced them
against the evaluation sets. Any samples exhibit-
ing high perceptual similarity were systematically
filtered out. This process effectively mitigates the
risk of data contamination, ensuring that the SOTA
performance reported in our results reflects genuine
medical reasoning and generalization capabilities
rather than data leakage or memorization.

A.2 Metadata Extraction

We treat aligned image—label pairs as the basic
units for data construction. To handle data hetero-
geneity, we apply basic quality filtering and nor-
malization across sources. Samples with reliable
visual content and labels are retained directly, while
weakly labeled cases are selectively enriched using
high-capacity vision-language models for seman-
tic completion. Samples failing basic reliability
checks are excluded.

A.3 Data Format

We follow the LLaVA-style (Li et al., 2023b) con-
versational data format, as shown in Fig. 6. Each
sample consists of a user message containing the

12

Dataset Source Data Size
DeepLesion 26851

Initial Data Pool Roboflow 15057
PubMedVision 19097

Total 61005

Table 6: Statistics of the initial data pool (QA pairs),
collected from multiple public medical image sources.

medical image and task instructions, and a corre-
sponding assistant response that encodes the struc-
tured output.

“conversations”: [

{

“from”: “human” ,
“value”: <image>\n<Instructions>

3 {
“from”: “gpt” s
“value”: <Response>

H

Figure 6: LLaVA-style conversational data format used
for structured medical reasoning supervision.

A.4 Details of SAGE-SFT20K Construction

Starting from approximately 60K initial sam-
ples, we construct a curated SFT dataset (SAGE-
SFT20K) with explicit multi-stage medical reason-
ing trajectories aligned with our framework (Local-
ization — Visual Analysis — Knowledge Matching
— Conclusion). The construction pipeline focuses
on generating high-quality, stage-consistent reason-
ing traces suitable for supervised learning.

Stage-wise Trajectory Generation. For each im-
age—label pair, we employ a high-capacity multi-
modal large language model (GPT-40) (Hurst et al.,
2024) to synthesize a four-stage medical reason-
ing trajectory. Each stage is generated using a
dedicated system prompt that specifies the role,
inputs, and constraints of the corresponding reason-
ing step.

Specifically, the localization stage produces a
concise anatomical region description relevant to
the clinical question (Figure 8). The visual analysis
stage describes observable visual evidence within
the specified region in a radiology-style manner
(Figure 9). The knowledge matching stage summa-
rizes clinically relevant medical knowledge condi-
tions guided by visual evidence and the answer la-
bel for supervision (Figure 10). Finally, the conclu-
sion stage assembles all stage outputs into a struc-
tured, label-consistent reasoning trajectory with-



Algorithm 1: Structured Reasoning Trajec-
tory Construction

Input: Medical images I, questions ¢,
answers y, region annotations;
Interpretation templates 7
Multimodal LLM.

Output: Structured reasoning trajectories

Dstruct-

foreach (7, q,y) do
Normalize region annotations to obtain

a set of Rols R;
foreach r € R do
Generate visual analysis Vis(r);

foreacht € 7 do
Generate knowledge matching

Know(r, t) and reasoning
output Out(r, t);

Add 7(r,t) =
[Vis(r), Know(r, t), Out(r, t)]
to Dstruct;

return Dstruct;

out introducing new information (Figure 11). This
prompt-driven, stage-wise generation decomposes
end-to-end prediction into interpretable and verifi-
able intermediate steps, closely reflecting clinical
reasoning workflows.

Quality Control and Consistency Verification.
To ensure cross-stage coherence, we apply auto-
mated consistency verification to all synthesized
trajectories. A large vision-language model is used
to detect logical conflicts, unsupported conclusions,
incorrect knowledge associations, and inconsisten-
cies across stages. Samples failing verification are
discarded or regenerated, resulting in a filtered set
of reasoning trajectories with strong evidence trace-
ability.

Manual Review. We further conduct targeted
manual inspection on randomly sampled trajecto-
ries to address subtle issues not captured by au-
tomated checks, such as imprecise medical phras-
ing or borderline diagnostic cases. Feedback from
manual review is used to iteratively refine synthesis
prompts and verification rules. Figure 7 presents
the statistical overview of the resulting dataset, il-
lustrating the distribution of imaging modalities,
anatomical regions, and instruction types.
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A.5 Details about SAGE-rl110K

After constructing the supervised training data,
we further develop reinforcement learning (RL)
data and reward mechanisms to more effectively
strengthen the model’s reasoning capability and ad-
herence to structured output formats. Specifically,
we perform balanced sampling from the previously
curated dataset according to instruction types and
select approximately 10K samples as the basis for
RL training.

B Experiment Details

B.1 Detailed Experimental Settings

All experiments were conducted on 4 x A100 GPUs.
Supervised fine-tuning and reinforcement learn-
ing were implemented using different frameworks,
each optimized for its respective training paradigm.
Specifically, we adopt LLaMA-Factory for super-
vised fine-tuning and Easy-R1 (Yaowei Zheng,
2025) for reinforcement learning. All experiments
were performed with bfloat16 precision and Deep-
Speed (Rasley et al., 2020) acceleration.

Supervised Fine-Tuning (SFT) Supervised fine-
tuning is performed using the LLaMA-Factory
framework. We fine-tune all parameters of the lan-
guage model while freezing the vision encoder to
reduce memory consumption and stabilize training.
The model is trained for 4 epochs with a learning
rate of 1 x 10~° using the AdamW optimizer.

The maximum sequence length is set to 4096.
The per-device batch size is 4, with gradient ac-
cumulation over 16 steps, resulting in an effective
batch size of 1024. All experiments are conducted
in bfloat16 precision, and gradient checkpointing
is enabled to further reduce memory usage.

Reinforcement Learning (R-GRPO) Reinforce-
ment learning is conducted using the Easy-R1
framework, with the GRPO algorithm applied un-
der answer-level supervision. Similar to SFT, we
optimize all parameters of the language model
while keeping the vision encoder frozen throughout
RL training.

The model is trained for 8 epochs with a learning
rate of 1 x 10~°. The maximum sequence length is
set to 2048, and the maximum generation length is
limited to 1024 tokens. The per-device batch size
is 2 with gradient accumulation over 8 steps.

During sampling, we generate 6 candidate re-
sponses per instance to estimate the policy gradient.
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Figure 7: Dataset composition overview.

Rewards are computed based on the outcome re-
ward and trajectory-level consistency signals, and
are normalized within each batch to stabilize train-
ing.

C Case Study

We present qualitative case studies to illustrate the
behavior of our method across different medical
imaging modalities. Representative examples are
selected to highlight how the model performs stage-
wise medical reasoning under diverse visual and
clinical conditions.

Figures 12 show sample cases from five imaging
modalities, including CT, MRI, OCT, Ultrasound,
and X-ray. For each case, we visualize the input
image, the associated clinical question, the ground-
truth answer, and the response generated by our
method.

These examples illustrate how the model pro-
duces structured intermediate reasoning and final
answers across different imaging modalities.
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Role
You are an experienced radiologist.

Task
Given a medical image and its associated clinical question, generate a concise localization description that specifies
the image region relevant to answering the question.

Inputs

1. Medical image

2. Clinical question:{prompt}

3. Region of interest cue (internal reference, not to be mentioned explicitly):{roi_hint}

Instructions

- Describe the approximate anatomical location in human-readable medical terms.

- May refer to anatomical structures, laterality, and relative position (e.g., upper/lower, medial/lateral).
- include pixel coordinates or bounding box values.

- describe visual appearance.

- provide diagnosis, interpretation, or answer to the question.

- mention how the region was obtained.

Figure 8: System prompt used for the Localization stage of reasoning trajectory generation.

Role
You are a medical imaging observer.

Task
Given a medical image and a specified region of interest, describe the visual evidence observable in the image that is
relevant to the clinical question.

Inputs

1. Medical image

2. Clinical question:{prompt}

3. Region of interest summary (for grounding only):{roi_summary}

Description Guidelines
Generate a visual analysis with two clearly separated parts:

(A) GLOBAL CONTEXT
- Briefly describe 1-2 observable background features outside the ROI that are relevant for context.
- speculate about imaging modality details unless clearly visible.

(B) ROI EVIDENCE

- Describe only visually observable features within the ROI.

- Focus on objective attributes: location (anatomical), shape, margin, size (relative), intensity/density, internal pattern,
spatial relationship to nearby structures.

- Use neutral, descriptive language.

- interpret findings or imply diagnosis.

- mention how the ROI was obtained.

- include pixel coordinates or bounding box values.

Figure 9: System prompt used for the Visual Analysis stage of reasoning trajectory generation.
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Role

You are a medical reasoning assistant.

Task
Given visual evidence from a medical image and the ground-truth answer label (for guidance only), summarize the key
medical knowledge conditions that must be satisfied to support the correct answer.

Inputs

1. Clinical question:{prompt}

2. Visual evidence summary: {visual_summary}

3. Ground-truth answer label (internal guidance, MUST NOT be mentioned): {label}

Instructions

- Use the provided label only to guide which medical knowledge is relevant.

- mention the label, diagnosis name, or final answer explicitly.

- restate the visual evidence verbatim.

- Express knowledge as abstract medical conditions, criteria, or principles.

- Focus on what must be true for the answer to be correct, not on explaining why.
- Keep the output concise and suitable for supervision.

Figure 10: System prompt used for the Knowledge Matching stage of reasoning trajectory generation.

Role
You are a content integrator.

Task
You are given structured components of a medical reasoning example: [LOC], [VIS], [KNO], [ANS].
Your task is to assemble them in order without adding new information, new interpretations, or narrative content.

Do NOT:

- Add transitional or explanatory text
- Expand or rewrite the content

- Introduce first-person narration

Output

Output the components in the following order with their tags preserved:
[Loc]

[vIs]

[KNO]
[ANS]

Figure 11: System prompt used for the Conclusion stage of reasoning trajectory generation.
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CT Sample

This is a non-contrast axial CT image of the upper abdomen. Abdominal organs
show largely normal attenuation. A focal area of hyperdense free fluid is
identified in the left upper quadrant, prompting focused evaluation of the
peritoneal cavity.<LOC>The region of interest is the left upper quadrant near the
spleen, where hyperdense free fluid is present {"box_2d": [315, 742, 785, 968],
"label": "perisplenic hyperdense fluid"}. No definite abnormal fluid is seen in the
right upper quadrant {"point": [420, 215], "label": "right upper quadrant"}.
</LOC><VISUAL>Hyperdense free fluid adjacent to the spleen is noted in the
left upper quadrant, with an estimated attenuation of 40-60 HU, consistent with
acute blood. The fluid is free within the peritoneal cavity and tracks along the left
paracolic gutter. The spleen appears grossly intact on this slice, though an occult
splenic or vascular injury cannot be excluded. </VISUAL><KNOWLEDGE>-
Acute intraperitoneal hemorrhage appears as hyperdense free fluid (=30-70 HU)
on non-contrast CT.- Perisplenic free fluid raises suspicion for splenic or left

Is there intraperitoneal hemorrhage present upper abdominal vascular injury.</KNOWLEDGE><CON>Hyperdense, free
intraperitoneal fluid with attenuation consistent with acute blood supports the
diagnosis of hemoperitoneum, likely originating from the left upper abdomen.
No </CON><ANSWER>Findings are consistent with acute intraperitoneal
hemorrhage (hemoperitoneum).</ANSWER>

in this image?

(a) CT Modality

MRI Sample

This is a sagittal MRI scan of the hand and distal forearm, likely acquired with a
fluid-sensitive sequence (T2-weighted or STIR). Osseous structures, flexor
tendons, and surrounding soft tissues are well visualized. Abnormal hyperintense
signal is present around the flexor tendons, suggesting inflammatory or
degenerative pathology.<LOC>The primary region of interest is the flexor tendon
compartment near the metacarpophalangeal (MCP) joint {"point": [588, 415],
"label": "flexor tendon at MCP joint"}, extending proximally toward the carpal
tunnel {"box_2d": [485, 235, 845, 665], "label": "flexor tendon compartment with
abnormal signal"}, where the flexor digitorum tendons demonstrate abnormal
signal intensity and morphology.</LOC><VISUAL>The flexor tendons appear
thickened with irregular contours and increased intratendinous signal.
Hyperintense fluid surrounds the tendon sheaths, consistent with tenosynovitis.
Mild adjacent soft tissue edema is also present. No definite muscle fiber
disruption or focal hematoma is identified.</VISUAL><KNOWLEDGE> -
Flexor tendon pathology on MRI includes tendon thickening, intratendinous

What attribute can be observed in this

image? signal abnormality, and surrounding tenosynovial fluid. - Muscle strain primarily
Options: affects muscle bellies rather than tendons. - Nerve compression typically presents
A. Tendonitis with nerve signal changes rather than primary tendon abnormalities.

</KNOWLEDGE> <CON> The combination of tendon thickening,
intratendinous hyperintensity, and surrounding tenosynovial fluid is characteristic
. of flexor tendon pathology. The absence of muscle injury or primary nerve

D. Nerve compression abnormalities supports this diagnosis over alternative options. </CON>
<ANSWER>Findings are most consistent with flexor pathology.</ANSWER>

B. Muscle strain

(b) MRI Modality

Figure 12: We visualize sample cases from five distinct imaging modalities. For each case, the input image, question,
ground truth, and the response predicted by our method are presented.(part 1.)
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What is the specific condition portrayed in
this image?

Options:

A. Conjunctivitis

B. Cataracts

C. Choroidal Neovascularization (CNV)

What part is shown in this ultrasound
image?

Options:

A. Muscle

B. Small intestine

D. Adrenal gland

OCT Sample

This is a high-resolution OCT scan of the macular region, showing preserved
retinal layer stratification overall. A focal dome-shaped elevation of the retinal
pigment epithelium (RPE) and overlying neurosensory retina is present centrally,
with disruption of normal architecture limited to this area. No diffuse retinal
thinning, widespread cystoid changes, or outer retinal atrophy are observed.
<LOC>The primary region of interest is the central macula, where a dome-shaped
elevation of the RPE and neurosensory retina is present {"point": [235, 608],
"label": "focal RPE elevation"}, accompanied by a hyporeflective sub-RPE space
suggestive of fluid {"box_2d": [118, 436, 355, 785], "label": "sub-RPE fluid and
neovascular material"}. Surrounding retinal layers appear largely normal.</LOC>
<VISUAL>A localized dome-shaped elevation of the RPE is seen centrally,
creating a hyporeflective space beneath it consistent with serous detachment.
Hyperreflective material is present in the sub-RPE space, suggestive of
neovascular tissue. The overlying neurosensory retina is elevated but otherwise
intact, with no diffuse intraretinal cysts or widespread retinal thickening.
</VISUAL><KNOWLEDGE>PED: Separation of RPE from Bruch's membrane,
appearing as a dome-shaped elevation.Signal Markers: Sub-RPE hyperreflectivity
(SHRM) indicates neovascular/fibrovascular tissue; hyporeflectivity indicates
exudative fluid.Clinical Context: These features are hallmarks of active exudative
maculopathy</KNOWLEDGE<CON> The focal PED and sub-RPE
hyporeflective space confirm serous detachment. The presence of internal
hyperreflective material (SHRM) indicates that the detachment is driven by
neovascular tissue rather than simple fluid. Preserved surrounding retinal
architecture further supports a localized, active CNV process. </CON>
<ANSWER>Findings are most consistent with choroidal neovascularization
(CNV).</ANSWER>

(c) OCT Modality

Ultrasound Sample

This is a grayscale (B-mode) ultrasound image obtained from the left upper
quadrant using a subcostal or intercostal approach. A large, solid organ with
homogeneous echotexture occupies much of the image. Rib shadowing is seen
superiorly, and overall image quality is adequate with normal depth and
penetration. No surrounding free fluid or mass effect is identified. <LOC> The
primary region of interest is a large, homogeneous organ in the left upper
quadrant {"box_2d": [180, 400, 860, 730], "label": "spleen"} with a smooth,
crescent-shaped contour, located beneath the rib cage {"point": [105, 395],
"label": "rib shadowing"} and oriented obliquely from upper left to lower right.
</LOC> <VISUAL>The organ demonstrates uniform hypoechoic to isoechoic
echotexture with a smooth convex outer margin. Mild posterior acoustic
enhancement is present, consistent with normal solid organ appearance. No focal
lesions, cysts, or parenchymal heterogeneity are observed. The margins are well
defined, and adjacent structures show no abnormal findings.</VISUAL>
<KNOWLEDGE> - The spleen is visualized in the left upper quadrant on
abdominal ultrasound and typically has a crescent (“boomerang”) shape. - It
shows homogeneous echotexture and mild posterior acoustic enhancement. -
Other structures such as bowel, adrenal gland, or muscle do not share this size,
shape, or echotexture. </KNOWLEDGE> <CON> The location, size, crescent
shape, and homogeneous echotexture with posterior acoustic enhancement are
characteristic of the spleen. Alternative structures do not match these combined
ultrasound features. </CON><ANSWER>The imaged structure is the spleen.
</ANSWER>

(d) Ultrasound Modality

Figure 12: We visualize sample cases from five distinct imaging modalities. For each case, the input image, question,
ground truth, and the response predicted by our method are presented.(part 2.)
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X-Ray Sample

This is a posteroanterior (PA) chest X-ray. The bony thorax, lungs, mediastinum,
heart, and diaphragm are clearly visualized. Lung fields appear clear with normal
vascular markings. The cardiac silhouette is centrally located and within normal
size limits. The diaphragm is smooth, with the right hemidiaphragm slightly
higher than the left, which is physiologic. No acute abnormalities are identified.
<LOC>The primary regions of interest include the bilateral lung fields
{"box_2d": [310, 145, 875, 885], "label": "bilateral lung fields"}, mediastinum
and heart {"box_2d": [450, 435, 800, 630], "label": "heart and mediastinum"},
diaphragm {"box_2d": [830, 150, 965, 870], "label": "diaphragm"}, and thoracic
cage (ribs, clavicles, and spine). The right-side orientation marker (“R”) {"point":
[115, 85], "label": "right-side marker"} aids anatomic localization.<\LOC>
<VISUAL>The ribs, clavicles, and thoracic spine are intact and symmetrically
aligned. Both lungs show normal aeration without consolidation, effusion, or
pneumothorax. The trachea is midline. The cardiac silhouette demonstrates a
normal cardiothoracic ratio. Costophrenic angles are sharp, and the diaphragm
contours are smooth.</VISUAL><KNOWLEDGE>

What content appears in this image?

Options: - A PA chest X-ray visualizes the lungs, heart, mediastinum, diaphragm, and
A. Arm thoracic cage.- Normal findings include clear lung fields, sharp costophrenic
B.Chest angles, and a normal cardiothoracic ratio.</KNOWLEDGE><CON>

C. Liver The image contains the full thoracic cavity with characteristic structures of a
D. Heart chest radiograph, including lungs, heart, mediastinum, and bony thorax. Other

options represent partial structures rather than the complete imaging field.
</CON><ANSWER>This image represents the chest.</ANSWER>

(e) X-Ray Modality

Figure 12: We visualize sample cases from five distinct imaging modalities. For each case, the input image, question,
ground truth, and the response predicted by our method are presented.(part 3.)
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