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Abstract. Counterfactual medical image generation enables “what-if”
clinical exploration through instruction-conditioned editing. However,
existing methods often lack the multimodal reasoning required to align
abstract directives with precise visual modifications, failing to balance in-
struction compliance with anatomical preservation. Reinforcement learn-
ing offers a promising solution, but it remains largely unexplored in this
field. In this paper, we propose MedXEdit-GRPO, a reinforcement
learning framework for counterfactual medical image editing. To pro-
vide stable and comprehensive feedback, we curate MedXEdit-Reward,
a large-scale dataset of 30,000 samples with rationales, and develop
MedXEdit-Score, a reward model enforcing a “reasoning-before-scoring”
paradigm for semantically grounded optimization. We optimize our gen-
erative policy via Group Relative Policy Optimization (GRPO), which
effectively harmonizes diverse clinical objectives into a unified, stable
training process. Quantitative and qualitative evaluations demonstrate
that MedXEdit-GRPO significantly outperforms state-of-the-art meth-
ods in both instruction compliance and anatomical consistency, high-
lighting its potential for robust and interpretable medical analysis.

Keywords: Counterfactual Generation - Disease Progression - Image
Editing - Reinforcement Learning.

1 Introduction

Counterfactual medical image generation synthesizes hypothetical “what-if” sce-
narios (e.g., disease progression) through the instruction-conditioned editing of
pathological features [4,13]. This methodology provides a critical instrument
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for evaluating model robustness and enhancing classifier performance via tar-
geted synthetic data augmentation [12,21]. Furthermore, it facilitates system-
atic anomaly detection [7] and the visual exploration of diverse clinical hypothe-
ses [1,26], providing a controlled and interpretable mechanism for simulating
complex pathological variations across distinct patient profiles.

Recent works in counterfactual medical image generation have demonstrated
impressive results by leveraging autoregressive or diffusion-based architectures to
synthesize plausible pathological edits [10,14,17,18]. However, current methods
are predominantly constrained by the Supervised Fine-Tuning (SFT) paradigm,
which primarily optimizes for pixel-level distribution matching rather than ex-
plicit semantic-pathological alignment. To bridge this gap, Reinforcement Learn-
ing (RL) offers a promising framework for direct, goal-oriented optimization.
However, its application in medical image editing remains challenging by the
scarcity of effective reward mechanisms. RL necessitates a reliable reward model
capable of providing stable and multidimensional feedback [20,23], yet existing
imaging-based reward functions, typically restricted to hand-crafted pixel heuris-
tics (e.g., MSE) [8] or task-specific proxy classifiers, face two challenges. First,
optimizing for multiple independent rewards often introduces optimization insta-
bility, where conflicting gradients can trigger “reward hacking”, leading the model
to exploit individual metrics at the expense of overall synthesis fidelity. Second,
these isolated rewards provide a reductionist assessment that fails to capture the
holistic and nuanced nature of expert clinical judgment. Consequently, a unified
and reasoning-aware reward model is essential to provide stable, multidimen-
sional feedback for RL-based medical editing.

To address these challenges, we first curate MedXEdit-Reward, a large-
scale dataset specifically designed for reward modeling in medical CXR image
editing, using a Gemini-based distillation pipeline (Fig. 1). MedXEdit-Reward
contains 30,000 quintuplets, each of which includes a source image, an edited im-
age, an edit instruction, and corresponding expert-level rationales paired with
comprehensive scores. Second, leveraging this dataset, we develop Med XEdit-
Score, a specialized reward model that enforces a “reasoning-before-scoring”
paradigm to provide semantically grounded feedback for generative edits. Build-
ing upon this evaluator, we propose MedXEdit-GRPO, a reinforcement learn-
ing framework to optimize medical image editing through a unified optimization
process (Fig. 2). By employing Group Relative Policy Optimization (GRPO),
our framework harmonizes diverse clinical objectives into a single, stable train-
ing signal. This approach effectively overcomes the optimization instability and
reductionist assessment inherent in fragmented reward systems, ensuring supe-
rior alignment with clinical directives. Our contributions can be summarized as
follows:

1. We introduce MedXEdit-Reward, a large-scale dataset specifically designed
for reward modeling in medical image editing, containing 30,000 quintuplets
that pair clinical instructions and images with expert-level rationales.

2. We develop MedXEdit-Score, a logic-driven reward model that enforces a
“reasoning-before-scoring” paradigm, providing interpretable and semanti-
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cally grounded feedback to bridge the gap between abstract clinical directives
and visual modifications.

3. We propose MedXEdit-GRPO, a reinforcement learning framework that op-
timizes medical image editing via GRPO, effectively harmonizing diverse
clinical objectives into a unified training signal.

4. Quantitative and qualitative evaluations demonstrate that MedXEdit-GRPO
significantly outperforms state-of-the-art methods in both instruction com-
pliance and anatomical consistency, highlighting its potential for robust and
reliable counterfactual medical analysis.

2 Related Work

General Image Editing. Driven by the rapid advancement of diffusion mod-
els [22,15] and unified multimodal architectures [28], general image editing has
achieved remarkable progress [2,30]. Recent works [28,6] have demonstrated the
capability to precisely understand instructions and efficiently accomplish im-
age editing tasks. Building upon this, to further enhance model performance
on complex editing instructions, researchers have begun incorporating reinforce-
ment learning [24,16] into this field to achieve more precise alignment with user
editing intent. Nevertheless, this highly promising technical paradigm remains in
its early exploratory stages for applications in high-stakes specialized scenarios
such as medical image editing.

Counterfactual Medical Image Generation. Early works such as Biomed-
Journey [10] and PIE [14] established the foundation for modeling longitudinal
clinical trajectories through image-editing paradigms. To refine spatial preci-
sion, InstructX2X [18] introduces region-specific editing to prevent unintended
modifications to non-target anatomical or demographic attributes. ProgEmu [17]
further addresses the “silent prediction” problem by jointly synthesizing coun-
terfactual images and their corresponding textual interpretations. More recently,
UniMedVL [19] has emerged as a unified medical foundation model, where coun-
terfactual generation is treated as one of its diverse multimodal tasks. Despite
these architectural advancements, existing methodologies predominantly rely on
the SFT paradigm, which often fails to fully elicit the model’s multimodal rea-
soning capabilities for instruction-conditioned editing. Our MedXEdit-GRPO
bridges this gap by introducing RL for reasoning-aware policy alignment, ensur-
ing superior generative fidelity and instruction compliance.

3 Methodology

In this section, we present the MedXEdit-GRPO framework, which integrates
clinical logic into generative optimization through two main stages: (1) the con-
struction of a reasoning-aware reward model, MedXEdit-Score, to provide se-
mantically grounded feedback, and (2) the iterative alignment of a multimodal
generative policy using GRPO.
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(2) Clinical Rationale Distillation

Fig.1: The MedXEdit-Score construction pipeline. (1) Diverse Candidate Gen-
eration: Multiple generative models synthesize varied edited outputs to curate
training triplets. (2) Clinical Rationale Distillation: Clinical rationales and scores
are distilled from Gemini-3-Flash to form the MedXEdit-Reward dataset. Fi-
nally, the MedXEdit-Score model is developed by fine-tuning the Qwen3-VL-4B
backbone on this pilot-verified data.

3.1 Reward Modeling

Problem Formulation. Inspired by [27,16], we formulate reward modeling as
a conditional textual generation task. We fine-tune the Qwen3-VL-4B backbone
using a standard autoregressive objective to serve as a specialized medical evalu-
ator. Given the input triplet (P, I;,, Iou:), where P is the editing instruction, I;,
is the source medical image, and I,,; is the edited output image, our MedXEdit-
Score is trained to output a sequence consisting of a clinical rationale R followed
by a scalar score S. This “reasoning-before-scoring” mechanism not only provides
transparent clinical justifications but also leverages the model’s internal logic to
significantly enhance the sensitivity and accuracy of the final reward.
MedXEdit-Reward Curation Pipeline. MedXEdit-Reward is derived from
the ICG-CXR [17] dataset, which comprises 10,679 training and 760 test sam-
ples. Each original sample in ICG-CXR is a triplet (P, Ijn, target), where Ligpger
denotes the ground-truth edited image. To broaden the variety of editing quality
for reward learning, the diverse edited outputs I, are generated by three medi-
cal generative models: ProgEmu [17], InstructX2X [18], and UniMedVL [19]. For
each model, we systematically adjust the inference hyperparameters to produce a
wide spectrum of image qualities. As shown in Fig. 1, for each candidate output,
we employ Gemini-3-Flash, which has demonstrated robust clinical reasoning
capabilities [3], to annotate numerical scores ranging from 0 to 10 and provide
rationales considering instruction following and anatomical consistency. Next,
we apply filtering based on group-wise maximum scores to exclude unachievable
tasks and group standard deviation to remove cases with low discriminability,
resulting in a final 30,000 training samples.
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Fig.2: Overview of the MedXEdit-GRPO. BAGEL, with its understanding ex-
pert frozen and generation expert trained, receives instructions and medical im-
ages as input to generate a group of edited images. The MedXEdit-Score model
then evaluates these images against the instructions using an N-Pass strategy,
assigning scores accompanied by clinical rationales. Consequently, these rewards
drive the MedXEdit-GRPO policy optimization to refine the BAGEL iteratively.

Reward Model Evaluation. To evaluate the model’s discriminative ability,
we follow the evaluation protocol of [16] to transform the 760 test samples into a
set of 2,000 pairwise preference tuples. Specifically, for a given input image and
instruction, we form pairs of candidate edits (A, B), where A is preferred over B
based on the oracle’s assessment. To ensure the reliability of this gold standard,
200 pairs were randomly selected for verification by board-certified radiologists,
achieving an inter-rater agreement of 92.41%. The evaluation is quantified by
the preference prediction accuracy, calculated as the proportion of pairs where
the model assigns a higher score to the preferred output, i.e., S(4) > S(B).

3.2 MedXEdit-GRPO

As shown in Fig. 2, we validate the effectiveness of MedXEdit-Reward based on
Bagel [6], a multimodal foundation architecture with understanding and genera-
tion capabilities. Given the tuple (P, I;,), the source image I;;, is first projected
into a sequence of visual tokens V € R¥*? using a vision encoder. These visual
tokens, along with the text, simultaneously condition the generation expert to
generate the edited image.

Reinforcement learning (RL) aims to improve the model’s performance by
maximizing expected cumulative reward. Group Relative Policy Optimization
(GRPO) eliminates the value function and estimates the advantage in a group-
relative manner compared to PPO [23]. For each input (P, I;,), we sample a
group of G independent candidate outputs {23, ..., 2§’} from the current policy
mp. The Advantage A; is computed by normalizing the MedXEdit-Score reward
r; across the group, as follows:

r; —mean(ry,...,rq)

A = (1)

std(r1,...,7q)
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Table 1: Performance comparison of different methods for disease progression
image editing. The best results are highlighted in bold and the second-best
results are underlined.

Method Instruct Alignment Identity FID | I-;ollstlc
AUC?T CLIP-T1 CLIP-I1 Racet Aget coref

Real images (GT) - 38.08 100.00 98.95 91.06 - -

PIE [14] 77.35  34.03 - _ _ _ _

BiomedJourney [10] 83.85 34.59 - - - - -
CXR-IRGen [25] 52.36  32.51 75.18 - - - -
ProgEmu [17] 78.42  36.19 89.79 93.56 81.86 0.64 5.58

InstructX2X [18] 85.25 37.08 89.95 96.51 84.66 1.19 4.69
UniMedVL [19] 82.46 38.48 90.02 94.56 81.90 0.49 6.88

MedXEdit-GRPO 86.40 37.97 91.60 97.93 86.74 0.40 7.84

The GRPO objective function is formulated as:

G
Larpo(0) = —% Z [min (p;(8)A;, clip(pi(0),1 — €, 1+ €)A;) — BDrr(mol|mrer)],
- @)

% is the importance sampling ratio. KL divergence penalty
Dk is incorpor;ted to constrain the policy my from deviating excessively from
the reference model 7,¢f.

In RL training, we enhance reward accuracy through two strategies: (1) We
require the model to first think across two dimensions before outputting a score:
instruction following and consistency. (2) We perform an N-Pass evaluation,
scoring each sample multiple times and averaging the results to derive the final
reward, which helps mitigate the volatility of individual assessments.

where p;(0) =

4 Experiments

4.1 Experimental Setup

Implementation Details. For the MedXEdit-Score model, we conduct full-
parameter SFT utilizing the LLaMA-Factory framework. Training was performed
for 5 epochs with a batch size of 32, employing the AdamW optimizer at a learn-
ing rate of 10~°. For the MedXEdit-GRPO model, we initialize its parameters
with pre-trained weights from the medical foundation model UniMedVL [19] and
perform RL training via LoRA with a rank of » = 64. All medical images are
processed at a resolution of 512 x 512. We train our model on 24 GPUs with a
group size of 8 and a learning rate of 10~* using bf16 mixed precision. For the
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Prompt: Substantial decrease in left pleural effusion.

-

Prompt: Worsening pneumonia in the right lower lung.

Fig. 3: Qualitative results of counterfactual images, where red and green bound-
ing boxes highlight the targeted modifications and the preserved non-target re-
gions, respectively.

diffusion process, we employ 25 timesteps during training and 50 steps for eval-
uation. During inference, the classifier-free guidance scales for text and image
are set to 4.0 and 1.0, respectively, to balance editing fidelity and visual quality.
Evaluation Metrics. We evaluate our model across four key dimensions: edit-
instruction alignment, demographic identity preservation, generative quality, and
holistic assessment. Specifically, edit-instruction alignment is measured by AUC
from a pathology classifier [4] for clinical accuracy, and CLIP-T/CLIP-I scores
via BiomedCLIP [29] for semantic and image consistency. To ensure demographic
identity preservation, we use the state-of-the-art race classifier [9] and age classi-
fier [11] to evaluate identity drift. Generative synthesis quality is assessed using
Fréchet Inception Distance (FID) with XRV [5] to evaluate visual realism. Fi-
nally, we report a Holistic Score from MedXEdit-Score as an integrative measure
of overall editing performance and clinical plausibility.

4.2 Experimental Results

Quantitative Comparison with State-of-the-Art. We compare MedXEdit-
GRPO to six state-of-the-art methods for counterfactual generation. As shown
in Table 1, MedXEdit-GRPO achieves superior results across nearly all metrics.
It leads in Instruct Alignment with an AUC of 86.40 and a CLIP-I of 91.60,
while remaining highly competitive in CLIP-T. Notably, our model excels in
Identity Preservation, reaching the highest Race (97.93) and Age (86.74) scores,
effectively suppressing unintended demographic modifications. Furthermore, it
attains the best Visual Fidelity with a remarkably low FID (0.40), demonstrating
that our RL-based approach successfully harmonizes precise editing with robust
anatomical consistency.
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Table 2: Reward model performance comparison across different medical LVLMs.
Method Lingshu-I HuatuoGPT-V Hulu-Med-4B Qwen3-VL-4B Ours (w/o reas.) Ours (Full)
Score T 31.97 36.96 37.72 37.85 71.48 74.04

Qualitative Comparison of Counterfactual Images. Fig. 3 demonstrates
MedXEdit-GRPO’s capability to balance precise pathological editing with anatom-
ical preservation. Compared to baselines, our model achieves a more realistic
reduction of pleural effusion (red boxes) while maintaining strict consistency in
unmentioned regions (green boxes). Similarly, for “worsening pneumonia”, our
method generates consolidations that best align with the clinical directives with
superior visual fidelity.

Analysis of Reward Model Performance. As shown in Table 2, MedXEdit-
Score achieves a peak of 74.04, nearly doubling its backbone (37.85) and signif-
icantly surpassing specialized models like Hulu-Med-4B. This margin suggests
that general LVLMs lack the sensitivity required for complex editing evaluation.
Furthermore, our ablation confirms that the “reasoning-before-scoring” paradigm
further elevates performance (74.04 vs. 71.48), enhancing the model’s discrimi-
natory power and providing a more accurate reward signal for optimization.

Table 3: Ablation study for reward model.
Reward Model AUC?T CLIP-T? CLIP-It Racet Age? FID|

Hybrid Reward 83.87 37.46 89.74 92.69 79.27 0.50
MedXEdit-Score 86.40 37.97 91.60 97.93 86.74 0.40

Ablation Study. We evaluate the necessity of a unified reward model by re-
placing MedXEdit-Score with a heuristic baseline, which uses a weighted average
of the pathological classifier’s AUC, MSE, and SSIM as the reward signal. As
shown in Table 3, the significant performance gap proves that conventional, dis-
joint metrics are insufficient for capturing the complex clinical logic and multi-
faceted constraints inherent in medical image editing, underscoring the necessity
of a unified evaluator for stable policy optimization.

5 Conclusion

We introduce MedXEdit-GRPO, a reinforcement learning framework for coun-
terfactual medical image editing. To enable reasoning-aware optimization, we
curate a large-scale MedXEdit-Reward dataset and develop MedXEdit-Score, a
specialized reward model enforcing a “reasoning-before-scoring” paradigm. By
optimizing the generative policy through GRPO, our framework effectively har-
monizes diverse clinical objectives into a unified training signal. Experimental
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results demonstrate that MedXEdit-GRPO significantly outperforms existing
methods in both instruction compliance and anatomical consistency, highlight-
ing its potential for robust medical analysis.
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