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Abstract

The application of vision-language models in medicine is
critically hampered by the scarcity of high-quality, expert-
annotated data. Supervised fine-tuning on existing datasets
often leads to poor generalization on unseen modalities and
tasks, while reinforcement learning, a promising alternative,
is stymied by the lack of reliable reward signals in this
data-scarce domain. To address this challenge, we propose
a Generative Reward Learning framework that establishes
a self-improving training cycle. The framework jointly de-
velops a data generator and a reward model, enabling the
automated and continuous creation of high-quality multi-
modal medical data that serves as an effective training source
for post-training. Our experiments demonstrate that super-
vised fine-tuning using the generated data already surpasses
models trained on large-scale human-curated datasets. More
importantly, when the generated data is further leveraged
for reinforcement learning via Group Relative Policy Opti-
mization, the resulting model achieves state-of-the-art cross-
modality and cross-task generalization, significantly outper-
forming specialized reinforcement-learning-based methods.
Notably, a compact model trained under this framework at-
tains performance competitive with foundation models con-
taining more than an order of magnitude more parameters.
These results suggest a new paradigm for data-efficient learn-
ing in high-stakes medical domains, shifting the bottleneck
from data scarcity to data generation and unlocking the po-
tential of reinforcement learning for building robust and gen-
eralizable medical Al systems.

Code — https://github.com/HelmarZhi/MedGR-Square

Introduction

Vision-language models (VLMs) hold great promise for
transforming clinical reasoning, from multimodal diagno-
sis to radiology report generation. Their ability to jointly
process and reason over medical images and texts offers
an unprecedented opportunity to improve decision support,
reduce clinician burden, and enable generalizable Al in
high-stakes domains. Yet this vision is fundamentally bot-
tlenecked by a key obstacle: the scarcity of high-quality,
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expert-annotated medical data (Wang, Lu, and Li 2025; Lu
and Li 2025). Compared to general-domain tasks, acquiring
medical data is constrained by privacy, annotation cost (Guo,
Li, and Zhang 2023), and the domain-specific nature of ex-
pertise (Li and Guo 2025), which results in narrow task cov-
erage and limited generalization across unseen modalities
and tasks.

To address this challenge, the research community has ex-
plored two dominant paths, each with clear limitations. The
first approach focuses on large-scale data curation and su-
pervised fine-tuning (SFT). Some systems (Chen et al. 2024)
attempt to clean and reformat noisy biomedical corpora such
as PubMed using large vision-language models (e.g., GPT-
40), producing instruction-style datasets for downstream
training. While effective at increasing data scale, these meth-
ods remain fundamentally limited by the quality of their
source material and the domain alignment of the models
used for cleaning. More importantly, as recent studies high-
light, SFT-trained models often memorize training distribu-
tions and struggle with generalization to new modalities and
tasks. This constitutes a critical gap for real-world clinical
deployment. (Zhao et al. 2024).

The second path is reinforcement learning (RL), which
offers a more powerful paradigm for learning generalizable
reasoning strategies. For instance, some works (Lai et al.
2025; Pan et al. 2025) demonstrate that training with RL us-
ing small, expert-annotated preference datasets significantly
improves cross-task and cross-modal performance over SFT
baselines. However, RL in medicine faces a structural limita-
tion: it relies on reward signals that are expensive to obtain,
requiring human expert judgments for reward modeling or
preference annotation. This creates a paradox: RL requires
high-quality supervision to improve generalization, but such
supervision is itself too costly to scale.

To break this deadlock, we propose Generative Reward
Learning for Medical Reasoning (MedGR?), a novel self-
improving framework that reframes the problem from one
of data scarcity to one of data generation. Rather than curat-
ing or cleaning existing datasets, MedGR? proactively cre-
ates new multimodal training samples through a sequential
pipeline: a data generator first produces candidate samples
(e.g., image-question-answer triples), which are then filtered
by a reward model trained to reflect expert-derived criteria
such as clinical plausibility, logical consistency, and reason-



ing depth. The resulting high-quality samples are used to
train a supervised model (via SFT), which in turn provides a
stronger initialization for downstream RL. This pipeline es-
tablishes a step-wise process that transitions from raw gen-
eration to filtered supervision, and ultimately to generaliz-
able policy learning, effectively enabling scalable and clini-
cally robust medical reasoning. Unlike static preference an-
notations, our reward model evolves alongside the reasoning
policy, enabling progressively refined supervision that scales
without additional human effort. Our contributions are as
follows:

* We propose MedGR?, a novel generative reward learn-
ing framework that establishes a virtuous cycle to au-
tonomously synthesize high-quality reasoning data for
medical understanding.

¢ We show that our framework achieves state-of-the-art
results on OmniMedVQA. SFT on our generated data
already surpasses prior fine-tuned methods, and eval-
uations on the MMMU Health & Medicine track in
our ablations further validate its effectiveness. The full
MedGR? with RL improves performance even more.

* We show unprecedented parameter efficiency, where our
compact MedGR? model substantially outperforms foun-
dation models over 10x its size (e.g., achieving a +19.7%
absolute gain over the 72B-parameter Qwen2-VL-72B),
highlighting its immense potential for real-world clinical
deployment and service.

Related Work

Data Construction and Curation for Medical
VLMs

Constructing high-quality, large-scale datasets remains a
central bottleneck in developing medical VLMs. Man-
ual annotation is prohibitively expensive and labor-
intensive, prompting a surge of semi-automated solutions.
HuatuoGPT-Vision (Chen et al. 2024) reformats PubMed-
derived image-text pairs into instruction-following VQA
samples using GPT-4V. LLaVA-Med (Li et al. 2023a)
synthesizes multimodal QA pairs by prompting ChatGPT
with biomedical figures. PMC-VQA (Zhang et al. 2023)
leverages large language models and rule-based heuristics
to mine high-quality triplets from scientific publications.
Flamingo-CXR (Tanno et al. 2025) demonstrates the po-
tential of radiologist-validated datasets, yet the extensive
human oversight required severely limits scalability. While
these approaches offer valuable contributions, they remain
constrained by source data noise, domain coverage gaps, and
alignment inconsistencies. In contrast, our framework aban-
dons static corpora altogether, employing a self-improving
generative pipeline to synthesize clinically meaningful, task-
aligned multimodal instruction data from scratch.

Reinforcement Learning for VLM Generalization

Although SFT has facilitated early progress in VLMs, it of-
ten encourages rote pattern learning over robust generaliza-
tion (Chu et al. 2025). This limitation is especially detri-
mental in medical Al, where models must generalize to
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novel modalities and diagnostic scenarios. Recent studies in
general domains, including One-Shot RLVR (Wang et al.
2025), LIMO (Ye et al. 2025), and LIMR (Li, Zou, and
Liu 2025), illustrate RL’s capacity for data-efficient learn-
ing and complex reasoning. In the medical domain, (Lai
et al. 2025) and MedVLM-R1 (Pan et al. 2025) demonstrate
that RL—specifically GRPO—substantially improves gen-
eralization when guided by high-quality preferences. How-
ever, these methods rely on the availability of curated reward
datasets, a costly and unsustainable requirement in clinical
contexts. Our approach addresses this shortfall by integrat-
ing a generative-reward pipeline that produces instruction
samples and corresponding reward signals automatically.

Methodology

To address the dual challenges of data scarcity and reason-
ing generalization in medical VLMs, we propose MedGR?,
a unified, self-improving framework that couples scalable
instruction generation with reinforcement-based policy op-
timization.Rather than a static pipeline, MedGR? functions
as a dynamic ecosystem where a Multimodal Generator Gy
and a Reward Model R4 co-evolve to fuel a two-stage learn-
ing process for our final Reasoning Policy 7. This pro-
cess begins with reward-filtered SFT for base alignment,
followed by RL for superior generalization. An overview is
shown in Figure 1.

Multimodal Generator Gy: Engineering the Data
Engine

The generator Gy is responsible for synthesizing diverse
and clinically meaningful VQA triplets (I, q,a), where I
is a medical image, ¢ is a diagnostic or descriptive instruc-
tion, and a is a rationale-grounded answer. Unlike classi-
cal data augmentation methods, Gy generates semantically
novel instruction-answer pairs guided by domain priors and
prompt structure.

Prompt-Driven Controllable Generation. We imple-
ment Gy using a powerful multimodal backbone (e.g.,
Gemini-2.0-Flash) and explore three prompting paradigms:
(1) direct instruction, (2) step-by-step reasoning, and (3)
meta-cognitive introspection. Prompt (3), which explicitly
prompts the model to reflect on question types and expected
answer structure, consistently yields more diverse and clini-
cally aligned outputs. Full templates are provided in the sup-
plementary.

Self-Updating Generator. The generator is periodically
fine-tuned on high-reward examples filtered by 24, allowing
it to incrementally adapt to downstream reward signals and
policy behaviors. This results in a self-enhancing data en-
gine where generated samples become increasingly relevant
and high-quality over iterations.

Reward Model R4: The Co-Evolving Expert

The reward model R, serves as an automated domain ex-
pert, assigning scalar rewards r € [—6,10] to candidate
triplets (I, ¢, a). We implement R, as a lightweight vision-
language model followed by a regression head that predicts
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Figure 1: Overview of the MedGR? framework. Our self-improving framework operates in three sequential stages. Stage
1: VQA Generation. A VLM generator, guided by one of three prompt engineering strategies (Direct, Step-by-Step, Meta-
cognitive), synthesizes multimodal VQA triplets (I, ¢, a) from various medical images. Our findings indicate the Meta-cognitive
prompt yields the highest quality data. Stage 2: Reward Model for Alignment. A dynamic Reward Model, visualized as a ”Clin-
ical Evaluation Prism,” assesses each generated triplet based on four key criteria (Factual Accuracy, Formatted Accuracy,
Reasoning Soundness, Instruction Relevance). This model continually adapts using new data, providing a robust quality signal.
Stage 3: Two-Stage Policy Optimization. The final reasoning policy is trained in a two-stage process. First, it receives a Warm
Start via Reward-Filtered SFT using high-quality data from Stage 2. Second, it is further optimized to achieve superior Gener-
alization through RL (GRPO), creating a highly capable and robust medical reasoning model.

a reward score reflecting multiple clinically-relevant dimen-
sions:

e Factual Accuracy: Is the answer clinically plausible
given the image?

* Reasoning Soundness: Is the rationale coherent and log-
ically consistent?

e Instruction Relevance: Does the question pertain to
meaningful clinical tasks (e.g., diagnosis, description,
follow-up)?

Multi-Grade Supervision. Unlike standard pairwise
preference training, we design a four-grade reward dataset
Darade to supervise 24 with finer control:

* Grade 1 (score = 10): Original reports written by radiol-
ogists.

* Grade 2 (score = 6): Lightly perturbed versions using
WordNet-based synonym replacements.

* Grade 3 (score = 0): Incoherent answers created by ran-
dom phrase deletions.

* Grade 4 (score = -6): Irrelevant or hallucinated responses.
We minimize a mean squared error loss:

Lo = o)y, |(Rol) = 1)’ M

Continual Adaptation. Unlike static RMs trained once
and deployed, R, in MedGR? is designed for continual
adaptation. It is initialized on a small seed dataset (e.g., dis-
tilled GPT-40 preferences or expert-annotated pairs) and is
periodically retrained on increasingly challenging examples
generated by the improving reasoning policy 7. This co-
evolution enables Ry to serve as a progressively more dis-
cerning judge, aligned with the distribution shift and com-
plexity escalation in the generated tasks.
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Two-Stage Policy Optimization
We train the final reasoning policy 7, in two distinct but

complementary stages, using the high-quality dataset Dy,
filtered by R, (where Ry(x) > 7).

Stage 1: Warm Start via Reward-Filtered SFT The first
stage provides a warm start by aligning 7, with proven high-
quality reasoning patterns. We train on Dy, with the next-
token prediction objective:

Lsrr = —]E(I,q,a)w'Dgen [10g Trap (a | 1, Q)] 2

The primary motivation for this SFT stage is to mitigate the
cold-start problem for RL. By first aligning the policy with a
corpus of high-quality demonstrations, we anchor it in a re-
gion of the policy space characterized by coherent reasoning
and correct formatting. This significantly stabilizes the sub-
sequent RL exploration phase and accelerates convergence.
This phase bootstraps a robust baseline model to compre-
hend clinically valid reasoning structure and content.

Stage 2: Generalization through Reinforcement Learn-
ing While SFT effectively aligns the model with expert
demonstrations, it often results in overly deterministic be-
havior, limiting the policy’s robustness and adaptability. To
overcome this, we introduce a RL stage that promotes ex-
ploration beyond the demonstration distribution. Rather than
imitating a single ground truth, the policy my, is trained to
optimize a reward signal, enabling it to uncover a broader
spectrum of clinically valid reasoning trajectories. This
reward-driven optimization is essential for enhancing gen-
eralization to out-of-distribution scenarios and unforeseen
clinical inputs.

We employ GRPO (Pan et al. 2025) to further refine 7,
under a composite reward that captures both reasoning qual-



Algorithm 1: MedGR? Closed-Loop Training

Input: Seed dataset Dgeq, threshold 7, generator G(O),
reward model R((bo)
Output: Optimized
Ty

1: Initialize Dgen ¢ Dieed

2: fort=1,2,... do

3:  Generate candidate samples: Dyng Gét)

,overlap flag allow_overlap

reasoning policy

4:  Score all samples: r(z) « RS)(:E), V& € Deand
5.  Filter high-quality samples:

Dhigh = { € Deana | 7(x) > 7}

if allow_overlap is False then
Remove overlaps: Dhigh <— Dhigh \ Deen

end if

9:  Update training set: Dgen < Dgen U Dhign
10:  SFT: Train 7y, on Dy, using loss Lspr

11:  RL: Fine-tune 7, via GRPO using reward r(a’)
(t)
P

@R

12:  Generate preferences: Dpyer <— Sample from 7
13:  Update reward model: Train R((;H) on Dyrer

14:  Optionally update generator G(etH) via distillation
15: end for

ity and answer correctness. Specifically, the reward function
is defined as:

r(a') = a-Ry(I,q,a’)+B Ilextract(a’) = extract(a)]

3)
where Ry evaluates the semantic and clinical plausibility
of the generated answer, and the indicator function I[-] en-
forces alignment with the correct answer entity extracted via
extract(-). This hybrid dense-plus-sparse reward struc-
ture encourages the policy to generate coherent multi-step
rationales while preserving factual consistency in the final
prediction.

The Iterative MedGR? Loop

MedGR? operates as a closed, iterative loop:

1. Generate: The generator G((f) produces a new batch of
candidate samples.

2. Filter: The reward model R((zf) evaluates the candidates;
high scorers augment Dge,.

3. Train Policy: wf; ) is updated via the two-stage SFT+RL

process.

(t+1)

4. Evolve: 7, generates new preference pairs to refine

RSH) and optionally update G((,Hl).

This co-evolutionary loop progressively enhances both data
generation and reasoning in complex clinical domains.

Experiments & Results

To evaluate the effectiveness of MedGR? in enhancing gen-
eralization and data quality for medical visual reasoning, we
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conduct comprehensive experiments on the OmniMedVQA
benchmark.

Research Questions

Our experimental design is structured to answer four key re-
search questions that progressively validate our framework’s
effectiveness:

¢ RQ1: State-of-the-Art Generalization. Does our full
MedGR? framework achieve state-of-the-art generaliza-
tion performance against leading medical VLMs?

* RQ2: The Synergy of Data and Reinforcement Learn-
ing. What are the respective contributions of our high-
quality generated data (via SFT) and the subsequent re-
inforcement learning stage (via GRPO)?

* RQ3: Beyond Accuracy: A Granular Analysis of
Generalization. How does MedGR? transfer knowledge
across domains, and where does it specifically correct the
errors of strong baseline models?

Datasets. We use OmniMedVQA (Hu et al. 2024), a large-
scale, multi-specialty medical VQA benchmark. It contains
over 300k triplets covering radiology, dermatology, pathol-
ogy, and ophthalmology, with diverse reasoning types (e.g.,
diagnosis, procedural, descriptive). We use the official train/-
val/test splits for all experiments.

Task Setting. Our evaluation employs two distinct set-
tings. First, for our main SOTA comparison (RQ1, RQ2),
we follow the standard protocol of training models on the
full, mixed-modality OmniMedVQA training set and eval-
uating their performance on the test set for each specific
modality. Second, to specifically analyze knowledge trans-
fer (RQ3), we adopt the stricter cross-domain protocol from
Med-R1 (Lai et al. 2025), where models are trained on a
single source domain (e.g., only MRI data) and evaluated on
unseen target domains in a zero-shot manner.

Baseline Methods. We compare MedGR? against a com-
prehensive suite of baseline models, including both zero-
shot and fine-tuned paradigms:

* General-Purpose VLMs (Zero-shot): To assess the per-
formance ceiling of large-scale vision-language models
without any domain-specific tuning, we evaluate BLIP-
2 (Li et al. 2023c), InstructBLIP (Dai et al. 2023),
LLaVA (Li et al. 2024), MiniGPT-4 (Zhu et al. 2023),
and LLaMA Adapter v2 (Gao et al. 2023), as well as
strong recent models like Qwen2-VL-7B and Qwen2-
VL-72B (Wang et al. 2024), and their upgraded versions
Qwen2.5-VL-7B/72B (Bai et al. 2025).

* Medical VLMs (Zero-shot): We include specialized
models trained on biomedical data, such as LLaVA-
Med (Li et al. 2023b), RadFM (Wu et al. 2023), Med-
Flamingo (Moor et al. 2023), and MedVInT (Zhang
et al. 2024), to benchmark domain-specific zero-shot ca-
pabilities.

* Fine-tuned VLMs: This group contains all models that
are fine-tuned on the OmniMedVQA training split.



Modality

‘ Overall

Methods
| CT MRI X-Ray US Der FP OCT Micro |
Zero-shot VLMs
BLIP-27 56.74 4132 67.58 3727 40.65 4624 68.08 50.40 51.04
InstructBLIP 28.72 33.15 61.04 4125 6222 5031 4259 46.29 45.70
LLaVA' 17.73 26772 30.70 18.66 49.74 47.11 33.73 28.87 31.66
LLaMA Adapter v2' 21.41 36.65 4644 3431 4413 51.34 30.15 33.17 37.20
MiniGPT-4" 22.81 27.48 3830 2550 40.52 3340 3136 36.23 32.54
Qwen2-VL-7B 6146 4034 6427 51.11 60.02 63.70 53.34 53.64 56.40
Qwen2-VL-72 6797 6939 72.11 5139 6531 7258 72776 67.84 68.05
Qwen2.5-VL-7B 60.44 58.44 7399 5046 6248 67.66 6740 61.87 60.29
Qwen2.5-VL-72B 66.18 63.64 79.81 69.85 69.75 71.04 69.22 69.37 67.71
Zero-shot Medical VLMs
LLaVA-Med’ 18.69 27.47 30.68 29.88 4495 39.03 34.61 33.29 32.33
RadFM' 27.56 24.06 3095 16.57 39.21 36.86 32.80 27.97 29.50
Med—Flamingo+ 31.28 2634 4401 31.69 48.56 41.26 25.16 30.03 34.29
MedVInT? 40.74 43.10 55.10 4126 29.11 31.84 2326 32.02 37.05
Fine-tuned VLMs
Qwen2.5-VL-3B (SFT) | 66.00 60.81 69.37 45.11 62.11 6395 6566 60.83 61.73
Qwen2.5-VL-7B (SFT) | 97.75 60.15 69.37 45.11 62.11 6395 6566 60.83 81.32
HuatuoGPT-34B 60.80 66.50 83.80 81.70 74.00 85.50 90.00 67.40 76.70
HealthGPT-3.8B - - - - - - - - 68.50
HealthGPT-14B - - - - - - - - 74.40
Med-R1-2B (Think) 66.30 71.61 84.52 57.31 7233 7133 7196 70.80 70.77
Med-R1-3B (Nothink) | 69.89 7291 84.52 4391 73.62 80.10 84.18 71.44 72.57
MedGR?*(SFT) 99.86 64.57 87.52 47.14 7434 73.07 95.62 71.20 85.59
MedGR*(SFT+GRPO) | 99.58 65.00 92.65 4647 7455 9555 9442 67.86 87.45

Table 1: Comprehensive performance comparison of VLMs on the eight modalities of the OmniMedVQA benchmark. The
table is segmented into three categories: zero-shot general-purpose VLMs, zero-shot medical VLMs, and fine-tuned VLMs. All
fine-tuned models were trained on the OmniMedVQA training set for the respective modality.

— SFT Baselines: We fine-tune strong general-purpose
models such as Qwen2.5-VL-3B and Qwen2.5-VL-
7B using standard supervised instruction tuning.
We also consider curated data generation pipelines
like HuatuoGPT-Vision (Chen et al. 2024) and
HealthGPT-Vision(Lin et al. 2025) when available.

— RL Baselines: We include Med-R1 (Lai et al. 2025)
variants (2B and 3B, with and without reasoning mod-
ules) as state-of-the-art reward-learning based VLMs,
and compare directly against our own model variants:
MedGR? (SFT) and MedGR? (SFT+GRPO).

Evaluation Metrics. We report top-1 Accuracy as the pri-
mary metric for all VQA tasks. To provide a more nuanced
view on class-imbalanced diagnostic tasks, we also report
Balanced Accuracy and AUROC where applicable.

Implementation Details. Our reasoning policy m, is
based on the Qwen2.5-VL-7B architecture. The genera-
tor GGy utilizes the Gemini-2.0-Flash API with the meta-
cognitive prompt identified as most effective. The MedGR?
framework was run for 3 iterative cycles, generating approx-
imately 50k VQA samples per cycle. The reward model 24
is initialized from a pre-trained 3B VLM and fine-tuned on
an initial seed set of 2k preference pairs distilled from GPT-

40. For RL, we use the GRPO implementation from Med-R1
with reward coefficients « = 0.8 and 8 = 0.2. All models
were trained on a cluster of 8x NVIDIA L40 GPUs. Further
hyperparameters are detailed in the Appendix.

RQ1: State-of-the-Art Performance Across
Medical Modalities

To answer our first research question, we conduct a large-
scale comparison of MedGR? against a diverse set of leading
VLMs on the OmniMedVQA benchmark. Table 1 reports
the detailed accuracy across eight clinically diverse imaging
modalities.

Overall State-of-the-Art Performance. Our full model
MedGR? achieves the highest overall accuracy of 87.45%,
outperforming all baselines by a significant margin. Com-
pared to the 72B-parameter foundation model Qwen2.5-VL-
72B (67.71%), our 7B MedGR? yields a +19.74% abso-
lute gain, demonstrating that a well-designed generative and
reward-guided framework can surpass models more than
10x larger in scale.

Cross-Specialty Generalization. MedGR? excels across
a wide range of modalities with top-tier performance in
highly heterogeneous domains such as X-Ray (92.65%),
Fundus Photography (95.55%), and OCT (94.42%). This
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consistent dominance reflects our method’s ability to gen-
erate semantically rich, clinically grounded supervision sig-
nals that generalize beyond narrow modality-specific distri-
butions.

The Power of Synthetic Data. Even without reinforce-
ment learning, MedGR? (SFT)—trained purely on gener-
ated data—achieves 85.59% accuracy, outperforming all
fine-tuned baselines, including HuatuoGPT-34B (76.70%)
and the RL-based Med-R1-3B (72.57%). This validates that
our generator-reward pipeline produces training samples of
higher fidelity and diversity than human-curated datasets.

RL Amplifies Generalization. Applying GRPO on top of
the SFT model yields a further boost to 87.45%, highlight-
ing the synergistic effect of reinforcement learning when
trained in a reward-informed data ecosystem. Unlike static
preference tuning, our reward model evolves alongside the
reasoning policy, enabling progressively refined supervision
without additional human effort.

These results challenge the “scale-is-all-you-need” hy-
pothesis in medical Al. MedGR? demonstrates that gen-
eralization can be achieved more efficiently through intel-
ligent data generation and optimization rather than brute-
force scaling, thereby paving the way for practical, high-
performing VLMs deployable in real-world healthcare set-
tings.

RQ2: The Synergy of High-Quality Data and
Reinforcement Learning
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Figure 2: The synergy of reward-filtered data and Reinforce-
ment Learning across varying data scales. We compare four
training strategies: ‘RandK* (SFT on K randomly sampled
generated data); ‘TopK* (SFT on the top K samples se-
lected by our reward model; ‘Rand11000° (a baseline SFT
on 11,000 unfiltered samples); and ‘TopK+Rand* (MedGR?
with GRPO applied on the ‘TopK* data).

To better understand the components behind MedGR?’s
superior performance, we investigate RQ2 by analyzing the
respective contributions of our reward-filtered data and the
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Models OmniMed MMMU

‘ Acc Fl1 AUC ‘ Acc Fl1 AUC
Qwen2.5-VL 73.63 68.10 69.55 | 69.42 67.35 71.88
+ SFT (raw GT answer) | 81.32 80.21 76.74 | 73.18 71.02 75.43
+ SFT (rewarded pairs) | 85.56 84.19 83.92 | 76.83 7495 78.30
+ GRPO 87.45 - - 78.66 76.51 79.88

Table 2: Ablation study on OmniMed and MMMU datasets.
We evaluate models using Accuracy, F1, and AUC. Reward-
based SFT and GRPO provide consistent gains over raw SFT
baselines.

RL stage. Our goal is to characterize how each component
contributes to performance gains across both varying data
scales and datasets.

Reward-Filtered Data Enables Extreme Data Efficiency.
Figure 2 evaluates SFT models trained on different data
subsets. We compare: (i) randomly selected K samples
(‘RandK?*), (ii) top-K high-reward samples (‘TopK®), and
(iii) 11,000 raw samples (‘Rand11000°). Across all sizes
(1k—8k), TopK substantially outperforms RandK. Remark-
ably, “TopK* with only 2,000 samples achieves 84.6% accu-
racy—exceeding the large-scale ‘Rand11000° baseline. This
demonstrates the high quality and efficiency of our genera-
tive reward filtering, which selects valuable training samples
automatically.

Reinforcement Learning Unlocks Robust Reasoning.
Our framework leverages RL via GRPO to further enhance
generalization. Table 2 presents ablation results across two
benchmarks: OmniMedVQA and MMMU.

We observe clear step-wise gains: SFT on raw GT pairs
yields 81.32% on OmniMedVQA. Using reward-filtered
pairs improves to 85.56%, and applying GRPO further raises
it to 87.45%, confirming strong synergy. On MMMU, the
full pipeline achieves 78.66%, outperforming raw SFT by
5.48%. These results validate that reward-driven generation
and RL form a complementary, self-reinforcing loop, boost-
ing overall performance.

When Does RL Matter Most? Figure 2 further reveals
an interesting trend: RL provides the most benefit when the
amount of reward-filtered data is small to moderate (e.g.,
1k—4k). At 8k, however, SFT-only models slightly outper-
form their RL-augmented counterparts. This suggests a po-
tential saturation point where sufficient high-quality data en-
ables effective imitation learning, and the marginal bene-
fits of further RL diminish. Thus, we recommend applying
GRPO in scenarios with limited, high-quality supervision,
which is common in many specialized medical domains.

RQ3: A Granular Analysis of Generalization and
Its Origins

To further understand the sources of MedGR?’s effective-
ness, we investigate how it generalizes across tasks and
modalities. Our analysis focuses on two key factors: (1)
transferability from imbalanced training data and (2) fine-
grained error correction dynamics. Figure 3 shows the train-
ing data distribution: modalities like MRI (42.8%) and CT



(20.6%) dominate, while Microscopy (3.86%) is underrepre-
sented. Despite this imbalance, MedGR? exhibits non-trivial
transfer patterns.
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Figure 3: Distribution of modalities in all training dataset.
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Figure 4: Cross-task and cross-modality transferability.
Warmer colors indicate positive transfer, while cooler tones
show negative effects.

Transferability Across Tasks and Modalities Figure 3
shows the training data distribution: modalities like MRI
(42.8%) and CT (20.6%) dominate, while Microscopy
(3.86%) is underrepresented. Despite this imbalance,
MedGR? exhibits non-trivial transfer patterns.

The task transfer heatmap (Figure 4a) reveals that training
on Diagnosis leads to broad positive transfer across tasks,
suggesting it captures foundational reasoning skills. Mean-
while, the modality transfer heatmap (Figure 4b) shows that
frequent modalities like MRI enable strong transfer to oth-
ers like CT and Microscopy, indicating that MedGR? learns
generalizable features rather than memorizing frequency.

Error Correction Breakdown To analyze how these ca-
pabilities translate into performance gains, we perform a
head-to-head comparison with a strong SFT baseline. Fig-
ure 5 visualizes the transitions: correct-to-correct (green),
wrong-to-correct (blue), correct-to-wrong (orange), and
wrong-to-wrong (red).
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Figure 5: Head-to-Head Error Transition Analysis. Each bar
dissects the entire question set for a modality into four tran-
sition flows based on the outcomes of the two models. The
four flows are: Correct—Correct (green), where both mod-
els succeed; Wrong—Correct (blue), where MedGR? cor-
rects the baseline’s error; Correct—Wrong (orange), where
our model makes a new error on a question the baseline
answered correctly; and Wrong—Wrong (red), where both
models fail.

MedGR? consistently yields more corrected errors (blue)
than new ones (orange) across all modalities. Particularly in
high-resource domains like X-Ray and OCT, the number of
baseline errors fixed by MedGR? is substantial. Even in low-
resource settings (e.g., Dermatology), it shows meaningful
improvements. These results confirm that MedGR? not only
generalizes well but also systematically reduces error rates,
showcasing its robust and transferable reasoning ability.

Conclusion

In this work, we introduced MedGR?, a novel framework ad-
dressing data scarcity and generalization challenges in med-
ical VLM via a self-improving virtuous cycle of data gener-
ation and reward modeling. Our experiments show MedGR?
achieves new state-of-the-art performance on the Omn-
iMedVQA benchmark, outperforming strong SFT and RL
baselines, and even substantially larger foundation models,
demonstrating remarkable parameter efficiency. By trans-
forming the core problem from data curation to intelligent,
automated data generation, MedGR? paves the way for more
robust, generalizable, and scalable Al for high-stakes clini-
cal reasoning.
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