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Abstract. Accurate medical image segmentation requires both pixel-
level precision and global anatomical consistency. However, the standard
supervised paradigm, focused on pixel-wise distribution fitting, often
traps models in sub-optimal local minima and fails to directly optimize
non-differentiable structural metrics. In this paper, we propose Struc-
tural Group Relative Policy Optimization (S-GRPO), a novel paradigm
that reformulates temporal sampling into structural parallel sampling.
Departing from standard GRPO, S-GRPO leverages a multi-head ar-
chitecture to generate a group of diverse segmentation candidates in a
single forward pass, markedly reducing training latency. An adaptive Se-
lector Network is designed to identify the optimal “expert” head and esti-
mate relative advantages. Furthermore, we incorporate Advantage-Aware
Distillation and a conditional Exponential Moving Average (EMA) up-
date strategy to anchor the policy to a stable reference model, ensuring
balanced exploration and exploitation. S-GRPO is designed as a plug-
and-play optimization paradigm, compatible with diverse backbones in-
cluding CNNs, Transformers, and State Space Models. Extensive ex-
periments demonstrate that S-GRPO consistently improves performance
across eight representative architectures, achieving superior results com-
pared to conventional supervised baselines. The source code is available
at: https://github.com/Duan-yiru/S-GRPO-main.

Keywords: Medical Image Segmentation · Reinforcement Learning ·
Group Relative Policy Optimization · Structural Diversity · Advantage-
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1 Introduction

Medical image segmentation is a cornerstone of modern computer-aided diag-
nosis and treatment, playing a crucial role in downstream clinical tasks such
as quantitative lesion analysis, surgical planning, and navigation [8, 12]. High-
quality segmentation results require not only high-precision pixel-level predic-
tions but also adherence to global geometric constraints and anatomical plau-
sibility [20]. In recent years, deep learning-based approaches have dominated
this field. Convolutional Neural Networks (CNNs), exemplified by U-Net [17]
and its variants [1, 14, 24], have established strong baselines through hierarchical
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Fig. 1. Comparison of Sampling Strategies. (A) Temporal Sampling used in standard
GRPO. (B) Structural Parallel Sampling proposed in S-GRPO.

feature encoding. More recently, Transformer-based architectures like SwinUNet
[3] and BATFormer [10], as well as the latest Mamba-based models [4, 11, 23],
have further pushed the state-of-the-art by capturing long-range dependencies
and global contexts. These methods are typically trained using supervised learn-
ing objectives, such as Cross-Entropy or Dice Loss, which serve as differentiable
proxies for segmentation quality.

Despite these advancements, a fundamental limitation persists in the stan-
dard supervised paradigm: supervised learning, essentially performing pixel-wise
distribution fitting, often traps models in sub-optimal local minima [5–7, 22].
Furthermore, the inability to directly optimize non-differentiable metrics (e.g.,
Hausdorff Distance, topological connectivity) often compromises the structural
integrity of segmentation results. Conversely, Reinforcement Learning (RL) [13,
21] offers a compelling alternative by transforming these non-differentiable met-
rics into direct reward signals. Generally, RL algorithms can be categorized into
Actor-Critic methods, which rely on value function estimation, and Critic-free
approaches that optimize policies directly. However, adapting RL to medical seg-
mentation faces dual challenges. First, traditional Actor-Critic frameworks (e.g.,
PPO [18]) suffer from training instability and excessive memory overhead when
fitting a high-dimensional value function for dense predictions. Second, emerg-
ing Critic-free paradigms like Group Relative Policy Optimization (GRPO) [19],
while successful in Large Language Models (LLMs), rely on iterative sampling to
estimate baselines. Since standard GRPO necessitates executing the full model
repeatedly for a single update, it incurs prohibitive training latency for com-
putationally intensive segmentation models, rendering it impractical for high-
resolution medical imaging.

To resolve the conflict between the temporal iterative sampling of standard
GRPO and the efficiency requirements of medical segmentation, we propose
a paradigm shift towards structural parallel sampling. We present Structural
Group Relative Policy Optimization (S-GRPO), representing one of the first at-
tempts to generalize the GRPO paradigm from LLMs to dense medical image
segmentation. As illustrated in Fig. 1, instead of executing the full model re-
peatedly, we reconfigure the segmentation head to generate a diverse group of
candidates in a single forward pass. The main contributions of this work are
summarized as follows: 1) We propose S-GRPO, a novel framework that adapts
the generative GRPO paradigm for dense prediction by replacing temporal sam-
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Fig. 2. The S-GRPO framework. The Policy Model generates K diverse hypotheses
via structural parallel sampling, with the optimal head identified by the Selector. The
Reward Module computes group relative advantages, while the Reference Model pro-
vides stable guidance via conditional EMA updates.

pling with structural parallel sampling. 2) We introduce a lightweight “expert”
head mechanism coupled with dynamic selection. This allows for the efficient
estimation of relative advantages without auxiliary Critic networks. 3) As a ver-
satile “plug-and-play” booster, S-GRPO consistently elevates the performance
of eight representative architectures (CNNs, Transformers, and Mamba models),
achieving superior Dice scores and boundary accuracy.

2 Method

Given a medical image dataset D = {(X, Y)}, where X ∈ RC×H×W denotes the
input image and Y ∈ {0, 1}H×W represents the ground truth. As illustrated in
Fig. 2, S-GRPO formulates the segmentation task as a structural reinforcement
learning process. The framework is organized into three key stages corresponding
to the data flow: (1) Structural Parallel Sampling and Selection (Sec. 2.1); (2)
Reward Modeling and Group Relative Advantage Estimation (Sec. 2.2); and (3)
Adaptive Distillation and Updating Strategy (Sec. 2.3). In the following, we detail
the implementation of these stages.

2.1 Structural Parallel Sampling and Selection

Structural Parallel Sampling. Let Fθ(·) denote the shared backbone of the
Policy Model, where the backbone refers to the base segmentation network used
to extract dense feature representations. To achieve structural sampling, we fork
the network at the final decoding stage into K parallel segmentation heads.
Each head is composed of a Dropout layer followed by a lightweight convolution
block. The Dropout layer injects independent stochastic perturbations, enforcing
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structural diversity and simulating action space exploration. The output group
of probability maps M = {M1, . . . , MK} is defined as:

Mk = Convk(Dropout(Fθ(X))), k ∈ {1, . . . , K} (1)

where Mk ∈ [0, 1]H×W and Convk denotes the lightweight convolutional pre-
diction block of the k-th head. This mechanism allows the model to explore K
distinct segmentation strategies simultaneously within a single forward pass.

Selector Network. We introduce a lightweight Selector Sψ(·) to predict the
probability distribution over the K heads, where pk represents the confidence
that the k-th head is the “expert”. Given features F = Fθ(X) ∈ RC×H×W

extracted from the shared backbone, the categorical probability distribution P =
[p1, . . . , pK ] is computed as:

P = Softmax(Ws ·GAP(F) + bs) (2)

where Ws and bs are learnable weights and biases, and GAP denotes Global
Average Pooling. During training, we sample an index k∗ ∼ P using a “Hard
Selection” strategy, back-propagating gradients only through the selected head
Mk∗ to optimize memory efficiency. Rather than directly comparing candidate
masks, the selector performs sample-level routing based on global fused repre-
sentations, while the reward module provides structure-aware feedback to guide
its routing policy.

2.2 Reward Modeling and Group Relative Advantage Estimation

Hybrid Reward Modeling. To ensure both high pixel-level accuracy and pre-
cise boundary delineation, we define a composite reward rk for each hypothesis
Mk as a weighted sum of regional overlap and boundary fidelity:

rk = αRseg(Mk, Y) + βRbound(Mk, Y) (3)

where α and β are scaling factors. Specifically, the segmentation reward Rseg

combines the Dice Similarity Coefficient (DSC) and Intersection over Union
(IoU):

Rseg(Mk, Y) = Dice(Mk, Y) + IoU(Mk, Y) (4)

Their combination provides a more robust regional reward in practice, especially
when foreground structures vary in size. To encourage smooth and anatomically
plausible contours, we introduce the boundary reward Rbound based on the Av-
erage Symmetric Surface Distance (ASSD):

Rbound(Mk, Y) = 1
1 + ASSD(Mk, Y) (5)
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Group Relative Advantage Estimation. We use the Reference Model’s re-
ward rref as an external baseline to compute raw advantages Advk = rk − rref .
To emphasize relative performance within the structural group, we calculate the
normalized advantage:

Ak = clip
(

Advk − µgroup
σgroup + ξ

,−δ, δ

)
(6)

where µgroup and σgroup are the mean and standard deviation of rewards within
the group, ξ = 10−8 is a stability constant, and δ = 5 is the clipping threshold.

2.3 Adaptive Distillation and Updating Strategy

Advantage-Aware Distillation. To prevent policy drift while allowing ben-
eficial exploration, we employ an advantage-aware distillation mechanism. We
define the distillation loss LKD as the discrepancy between the selected head
Mk∗ and the reference prediction Mref :

LKD = wkd · ||Mk∗ −Mref ||22 (7)

The distillation weight wkd is dynamically modulated by the advantage Ak∗ :
wkd = σ(−γ · Ak∗), where σ(·) denotes the Sigmoid function and γ is a hyper-
parameter controlling the sensitivity of the modulation. When the policy outper-
forms the reference (Ak∗ > 0), wkd decreases to encourage exploration; otherwise,
it increases to enforce stability.

Conditional EMA Update. The Reference Model parameters θref are up-
dated via a conditional EMA strategy, gated by performance improvement:

θref ←

{
ηθref + (1− η)θpolicy, if rk∗ > rref

θref , otherwise
(8)

where θpolicy denotes the current parameters of the Policy Model, and η = 0.995
is the EMA momentum coefficient controlling the update rate. This ensures the
reference anchor only evolves when the policy makes positive progress.

2.4 Optimization Objectives

To ensure pixel-level precision, policy stability, and structural exploration, the
training of S-GRPO is guided by several specialized objectives.

First, we apply a supervised loss Lseg to the selected expert head as a com-
bination of Cross-Entropy (Lce) and Dice loss (Ldice):

Lseg = Lce(Mk∗ , Y) + Ldice(Mk∗ , Y). (9)

Simultaneously, to update the Selector and backbone via relative feedback, we
adopt a clipped objective:

Lpolicy = −E [min(ρk∗Ak∗ , clip(ρk∗ , 1− ϵ, 1 + ϵ)Ak∗)] , (10)
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where ρk∗ = Pψ(k∗|F)/Pψold
(k∗|F) denotes the importance sampling ratio, with

Pψ and Pψold
representing the probabilities of selecting head k∗ predicted by the

current and old Selectors, respectively, and Ak∗ is the clipped advantage from
Eq. (6), and ϵ = 0.2 is the clipping threshold that controls the update range of
the policy.

To prevent mode collapse among the K heads, we maximize their structural
diversity via Jensen-Shannon Divergence (JSD), which is symmetric, bounded,
and distribution-aware, making it well suited for measuring differences among
probabilistic segmentation hypotheses while encouraging complementary struc-
tural predictions:

Ldiv = − 1
K(K − 1)

K∑
i=1

∑
j ̸=i

JSD(Mi||Mj). (11)

The total objective function Ltotal jointly optimizes all components in an end-
to-end manner, balanced by hyper-parameters λp, λkd, and λdiv:

Ltotal = Lseg + λpLpolicy + λkdLKD + λdivLdiv. (12)

3 Experiments and Results

3.1 Datasets and Implementation Details

We evaluate S-GRPO on two datasets: (1) ACDC [2], comprising 100 cardiac
MRI cases (70/10/20 split for train/val/test) for multi-structure segmentation;
and (2) OCT, a private dataset of 4,000 retinal B-scans (640 × 400 resolu-
tion, 2,800/200/1,000 split for train/val/test) for choroidal vessel segmentation.
Models are implemented using PyTorch on an NVIDIA RTX 4090 GPU. For
preprocessing, ACDC images are resized to 224 × 224, while OCT images are
randomly cropped to 400×400 and resized to 512×512. All baseline models are
trained for 300 epochs. To ensure fairness, for S-GRPO, we initialize the Policy
and Reference models with weights pre-trained for 100 epochs, followed by 200
epochs of fine-tuning with a batch size of 4. The number of parallel segmenta-
tion heads is set to K = 4 to balance structural diversity and computational
efficiency. The reward weights are set to α = 0.7 and β = 0.3, while the loss
coefficients are λp = 0.3, λkd = 0.1 and λdiv = 0.1. Performance is evaluated
using Dice, IoU, and 95% Hausdorff Distance (HD95).

3.2 Experimental Results

To verify the generalizability of S-GRPO, we integrated it into eight diverse back-
bones including CNNs, Transformers, Hybrid models, and the Mamba architec-
ture. As shown in Table 1, S-GRPO consistently improves performance across all
datasets and metrics. Interestingly, the performance gains on the OCT dataset
are generally higher than those on ACDC. We attribute this to the fact that
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Table 1. Quantitative comparison on ACDC and OCT datasets. Red values in paren-
theses indicate performance gains over baselines.

Type Method ACDC OCT

Dice↑ IoU↑ HD95↓ Dice↑ IoU↑ HD95↓

CNN

U-Net[17] 91.54 84.81 1.18 80.90 68.29 6.78
U-Net+S-GRPO 91.74(↑0.20) 85.19(↑0.38) 1.11(↓0.07) 82.45(↑1.55) 70.50(↑2.21) 5.68(↓1.10)

U-KAN[9] 91.31 84.46 1.28 81.25 68.78 6.15
U-KAN+S-GRPO 91.56(↑0.25) 85.15(↑0.69) 1.18(↓0.10) 82.22(↑0.97) 70.15(↑1.37) 5.04(↓1.11)

Trans.

SwinUNet[3] 88.64 80.24 1.50 80.04 67.11 5.77
SwinUNet+S-GRPO 90.12(↑1.48) 82.26(↑2.02) 1.21(↓0.29) 81.27(↑1.23) 68.83(↑1.62) 5.41(↓0.36)

BATFormer[10] 90.93 83.89 2.04 80.76 68.10 6.99
BAT.+S-GRPO 91.60(↑0.67) 84.96(↑1.07) 1.58(↓0.46) 81.97(↑1.21) 69.84(↑1.74) 5.92(↓1.07)

Hybrid

MobileUViT[22] 90.22 82.82 2.63 80.66 67.13 6.78
MUViT.+S-GRPO 91.14(↑0.92) 84.25(↑1.43) 1.78(↓0.85) 81.98(↑1.32) 68.96(↑1.83) 5.58(↓1.20)

TransCASCADE[15] 90.73 83.58 1.20 80.11 67.19 7.44
TCAS.+S-GRPO 91.53(↑0.80) 84.85(↑1.27) 1.16(↓0.04) 82.01(↑1.90) 69.88(↑2.69) 5.70(↓1.74)

GCASCADE[16] 91.62 84.99 1.11 81.67 68.92 6.12
GCAS.+S-GRPO 92.28(↑0.66) 85.64(↑0.65) 1.02(↓0.09) 82.71(↑1.04) 70.87(↑1.95) 5.23(↓0.89)

Mamba Swin-UMamba[11] 90.71 83.54 1.94 81.10 68.51 6.57
Swin-UM.+S-GRPO 91.67(↑0.96) 85.06(↑1.52) 1.12(↓0.82) 82.58(↑1.48) 70.72(↑2.21) 5.69(↓0.88)

OCT vessel segmentation is a harder task with lower contrast and more ambigu-
ous boundaries, where supervised baselines easily get trapped in local optima.
S-GRPO’s exploration capability and direct optimization of non-differentiable
metrics are highly effective in escaping sub-optimal states and unlocking further
performance potential.

Visual comparisons in Fig. 3 highlight S-GRPO’s superiority in handling
complex structures. In the OCT dataset, baseline models (Before) often produce
fragmented masks or miss fine-grained choroidal vessels due to low contrast.
Conversely, S-GRPO-enhanced models (After) exhibit improved connectivity
and higher sensitivity to small vessels. For ACDC, S-GRPO effectively recti-
fies topological errors and irregular boundaries (e.g., in Swin-Unet and GCAS-
CADE), resulting in smoother and more anatomically consistent delineations of
cardiac structures. These visual refinements substantiate that our reward-driven
framework successfully captures structural dependencies beyond pixel-wise su-
pervision.

3.3 Ablation Study

We evaluate the individual contributions of S-GRPO’s components using Swin-
UMamba on the OCT dataset (Table 2). Removing Ldiv or Lkd leads to perfor-
mance degradation. Disabling the conditional EMA causes the most significant
decline, proving that a stable reference anchor is indispensable for optimization.
Regarding reward design, while Rseg and Rbound provide individual improve-
ments, their integration yields the highest scores, demonstrating the efficacy of
the Hybrid Reward mechanism.
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Fig. 3. Qualitative comparison between supervised baselines (Before) and S-GRPO-
enhanced models (After).

Table 2. Ablation study of loss components and reward modules on OCT dataset.
The baseline model is Swin-UMamba.

Method Components Rewards Metrics
Ldiv Lkd EMA Rseg Rbound Hybrid Dice↑ IoU↑ HD95↓

Swin-UMamba 81.10 68.51 6.57

+ S-GRPO

✓ ✓ ✓ 81.89 69.70 5.92
✓ ✓ ✓ 82.02 69.85 5.72
✓ ✓ ✓ 81.82 69.58 5.77
✓ ✓ ✓ ✓ 81.97 69.73 6.07
✓ ✓ ✓ ✓ 81.71 69.34 5.87
✓ ✓ ✓ ✓ 82.58 70.72 5.69

4 Conclusion
In this paper, we propose S-GRPO, a novel reinforcement learning framework
for medical image segmentation. By introducing structural parallel sampling,
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we efficiently generate group-based hypotheses in a single forward pass, signif-
icantly reducing the sampling latency inherent in standard GRPO. Through
the synergy of the adaptive Selector, advantage-aware distillation, and condi-
tional EMA strategies, S-GRPO effectively optimizes both pixel-level accuracy
and global anatomical consistency. Extensive experiments on ACDC and OCT
datasets across eight diverse backbones demonstrate that S-GRPO serves as
a powerful plug-and-play booster. Future work will explore the application of
S-GRPO in 3D medical volumes and multi-modal fusion tasks.
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