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Abstract: Accurate region extraction in medical imaging is a critical prerequisite for diagnostic
decision-making, treatment planning, and disease monitoring. However, challenges such as limited
annotated datasets, high intra-class variability, and imaging noise hinder the performance of
conventional fully supervised segmentation models. This study proposes a hybrid learning strategy
integrating contrast-informed representation learning with stochastic propagation mechanisms to
improve region extraction in healthcare imaging. The framework combines semi-supervised
learning paradigms, contrastive feature embedding, and probabilistic diffusion-based refinement to
exploit both labeled and unlabeled data effectively.

The proposed methodology leverages contrastive learning to capture global and local feature
dependencies, enabling robust representation under sparse annotations. A stochastic propagation
module, inspired by diffusion probabilistic models, is incorporated to iteratively refine
segmentation boundaries through uncertainty-aware pixel propagation. Additionally, pseudo-
labeling and consistency regularization mechanisms are utilized to enhance generalization
performance while mitigating label noise. The hybrid architecture integrates attention mechanisms
and transformer-based encoders to further strengthen contextual understanding.

Experimental evaluations are conducted on benchmark datasets, including breast ultrasound and
brain MRI segmentation collections. The proposed approach demonstrates superior performance in
region delineation accuracy, boundary precision, and robustness to noise compared to traditional
semi-supervised and fully supervised methods. The findings indicate that integrating contrastive
representation learning with stochastic propagation significantly enhances segmentation reliability,
particularly in low-data regimes.

This research contributes a novel hybrid framework that bridges deterministic and probabilistic
learning strategies for medical image segmentation. It highlights the importance of uncertainty
modeling and contrast-driven feature learning in improving healthcare imaging systems. The study
also discusses the limitations related to computational complexity and scalability, providing insights
for future research in adaptive hybrid learning architectures for medical imaging applications.
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Medical image segmentation has become an systems, enabling automated analysis of
indispensable component of modern healthcare complex imaging modalities such as MRI, CT
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scans, and ultrasound. Precise region extraction
is essential for identifying pathological
structures, quantifying disease progression, and
supporting clinical decision-making. Despite
significant advancements in deep learning,
achieving robust and generalizable
segmentation remains challenging due to data
scarcity, annotation costs, and variability across
imaging conditions.

Traditional supervised learning approaches
rely heavily on large annotated datasets, which
are often impractical in healthcare settings due
to the requirement of expert annotations.
Consequently, semi-supervised learning (SSL)
has emerged as a promising alternative,
leveraging both labeled and unlabeled data to
improve model performance (Chapelle et al,
2006). However, existing SSL approaches often
struggle with noisy pseudo-labels and limited
feature generalization.

Recent developments in contrastive learning
have shown remarkable success in learning
discriminative representations without
extensive supervision (Wu et al, 2018;
Chaitanya et al, 2020). By maximizing
agreement between similar samples while
distinguishing dissimilar ones, contrastive
methods improve feature  robustness.
Simultaneously, generative approaches such as
diffusion probabilistic models have
demonstrated strong capabilities in modeling
data distributions and handling uncertainty (Ho
etal, 2020; Dorjsembe et al., 2024).

This study addresses the limitations of existing
methods by proposing a hybrid learning
framework that integrates contrastive
representation learning with stochastic
propagation techniques. The central hypothesis
is that combining deterministic feature learning
with probabilistic refinement can significantly
enhance segmentation performance under
limited supervision.

The objectives of this research are threefold:
first, to develop a contrast-informed feature
learning mechanism tailored for medical image
segmentation; second, to introduce a stochastic
propagation module for uncertainty-aware
region refinement; and third, to evaluate the
effectiveness of the hybrid framework across
diverse medical imaging datasets.
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The significance of this work lies in its potential
to reduce dependency on annotated data while
improving segmentation accuracy. By bridging
multiple learning paradigms, the proposed
approach contributes to the advancement of
intelligent healthcare imaging systems capable
of operating in real-world clinical environments.

The evolution of medical image segmentation
has been significantly influenced by advances in
deep learning, particularly convolutional neural
networks and transformer-based architectures.
Fully supervised methods have achieved high
accuracy but require extensive labeled datasets,
limiting their applicability in clinical settings
(Wangetal., 2022).

Semi-supervised learning has been extensively
explored to address data scarcity. Techniques
such as pseudo-labeling (Lee, 2013) and
consistency regularization (Sohn, 2020) have
shown promise. The mean teacher framework
introduced by Cui (2019) and dual-task
consistency models (Luo et al.,, 2021) improved
stability by enforcing agreement between
student and teacher networks. However, these
approaches are sensitive to noisy labels and lack
robust feature representations.

Contrastive learning has emerged as a powerful
paradigm  for representation learning.
Chaitanya et al. (2020) demonstrated its
effectiveness in medical segmentation by
aligning global and local features. Similarly,
cross-image pixel contrast methods improved
segmentation by capturing inter-image
relationships (Wang et al., 2021). Despite these
advancements, contrastive methods alone may
not adequately address uncertainty in
segmentation boundaries.

Generative models, particularly GANs and
diffusion models, have been widely used for
data augmentation and synthesis (Goodfellow,
2020; Calimeri et al., 2017). Diffusion models
introduced by Ho et al. (2020) provide a
probabilistic framework for modeling complex
data distributions. Recent applications in
medical imaging include brain MRI synthesis
(Dorjsembe et al, 2024) and polyp
segmentation (Dorjsembe et al., 2024). These
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models offer improved robustness but are
computationally intensive.

Hybrid approaches combining multiple learning
paradigms have gained attention. Self-training
frameworks such as noisy student (Xie et al,,
2020) and pseudo-label refinement methods
(Yao et al,, 2022) aim to enhance label quality.
Attention mechanisms (Zhu et al.,, 2019) and
transformer-based architectures (Chen et al,,
2022) further improve contextual feature
extraction.

Despite these advancements, there remains a
gap in integrating contrastive learning with
probabilistic refinement mechanisms for
segmentation. Existing methods either focus on
representation learning or generative modeling,
lacking a unified framework that leverages both.

This study positions itself at the intersection of
these domains, proposing a hybrid approach
that combines contrast-informed learning with
stochastic propagation inspired by diffusion
processes.

Framework Overview

The proposed hybrid framework consists of
three core components: a contrastive feature
encoder, a semi-supervised learning module,
and a stochastic propagation refinement unit.
These components are integrated into an end-
to-end architecture designed for efficient region
extraction.

Contrast-Informed Feature Learning

The encoder employs a  dual-branch
architecture to capture both global and local
representations. Contrastive loss functions are
applied to enforce similarity between
augmented views of the same image while
distinguishing different samples (Chaitanya et
al,, 2020).

Mathematically, the contrastive objective
minimizes:

Lcontrast=-

kexp(sim(zi,zk)\ /T)exp(sim(zi,zj)\ /1)

This formulation enhances feature separability
and robustness.

Semi-Supervised Learning Strategy

Page 01-06

The framework integrates pseudo-labeling and
consistency regularization. Unlabeled data are
assigned pseudo-labels based on model
confidence (Lee, 2013), while consistency
constraints ensure stability under
perturbations (Sohn, 2020).

A mean-teacher mechanism is incorporated to
stabilize training by maintaining an exponential
moving average of model weights (Cui, 2019).

Stochastic Propagation Module

Inspired by diffusion probabilistic models, the
stochastic  propagation module refines
segmentation outputs through iterative noise
removal (Ho et al.,, 2020). This process models
uncertainty and improves boundary precision.

The propagation process is defined as:

xt-1=1at(xt-1-atl-a teB(xt,t))+otzx_(t-
1)=1/V(at ) (xt-(1-at)/V(1-(at T ) €6

(x_tt))+o_t zxt-1=atl(xt-1-ot1-ated(xt,t))+otz

This  formulation enables
refinement of segmentation masks.

probabilistic

Attention and Transformer Integration

Attention mechanisms enhance spatial feature
representation, while transformer layers
capture long-range dependencies (Zhu et al,,
2019; Chen et al., 2022).

3.6 Dataset and Implementation Details

Experiments are conducted using breast
ultrasound datasets (Al-Dhabyani et al., 2020)
and brain MRI datasets (Bakas, 2017). Data
augmentation techniques, including GAN-based
synthesis, are employed to enhance diversity
(Calimeri et al.,, 2017).

The proposed hybrid learning framework
demonstrates consistent improvements across
multiple evaluation metrics, including Dice
coefficient, Intersection over Union (IoU), and
boundary F1l-score. On the breast ultrasound
dataset, the model achieves a Dice score
improvement of approximately 4-6%
compared to baseline semi-supervised models.
This improvement is particularly evident in

cases with low contrast and 31&¥dSC lesion
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boundaries, where traditional methods
typically underperform.

In brain MRI segmentation tasks, the
framework shows enhanced performance in
detecting small and irregular tumor regions.
The integration of stochastic propagation
contributes  significantly to  boundary
refinement, reducing false positives and
improving localization accuracy. Quantitative
analysis reveals that the diffusion-based
refinement module improves boundary
precision by nearly 5%, highlighting its
effectiveness in uncertainty modeling.

The contrastive learning component
contributes to improved feature representation,
as evidenced by higher inter-class separability
and intra-class compactness. Visualization of
feature embeddings indicates that the model
effectively  clusters  similar  anatomical
structures while maintaining clear distinctions
between pathological and non-pathological
regions.

Semi-supervised learning mechanisms,
particularly pseudo-labeling and consistency
regularization, enhance the utilization of
unlabeled data. The model maintains stable
performance even when labeled data are
reduced to 20% of the dataset, demonstrating
its robustness in low-data regimes. The mean-
teacher framework further stabilizes training
and reduces variance in predictions.

Comparative analysis with existing methods,
including FixMatch (Sohn, 2020) and dual-task
consistency models (Luo et al., 2021), shows
that the proposed approach outperforms them
in both accuracy and robustness. The hybrid
model exhibits better generalization across
datasets, indicating its adaptability to different
imaging modalities.

However, the results also highlight increased
computational complexity due to the
integration of multiple components. Training
time is approximately 1.5 times higher than
baseline models, primarily due to the stochastic
propagation module.

Overall, the findings confirm that combining
contrastive learning with stochastic
propagation significantly enhances
segmentation performance, particularly in
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challenging scenarios with limited annotations
and high uncertainty.

The results underscore the effectiveness of
integrating contrastive representation learning
with stochastic propagation for medical image
segmentation. The observed improvements in
boundary precision and feature robustness
validate the central hypothesis that hybrid
learning strategies can overcome limitations of
individual paradigms.

From a theoretical perspective, contrastive
learning enhances feature discrimination by
structuring the embedding space, while
stochastic propagation introduces probabilistic
reasoning into segmentation. This combination
allows the model to handle both representation
learning and uncertainty modeling
simultaneously. The findings align with prior
studies emphasizing the importance of feature
consistency (Chaitanya et al, 2020) and
probabilistic modeling (Ho et al., 2020).

The improved performance in low-data regimes
highlights the practical significance of the
proposed approach. In real-world healthcare
settings, annotated data are often scarce due to
the high cost of expert labeling. The ability to
leverage unlabeled data effectively represents a
major advancement in scalable medical imaging
solutions.

However, the integration of multiple
components introduces trade-offs. The
increased computational cost may limit
deployment in resource-constrained
environments. Additionally, the reliance on
pseudo-labels introduces potential risks of
error propagation, although the use of
consistency regularization mitigates this issue
to some extent.

Comparative analysis with existing literature
reveals that while previous methods focus on
either contrastive learning or generative
modeling, the proposed framework successfully
bridges these approaches. This integration
addresses the gap identified in the literature
review and provides a more holistic solution to
segmentation challenges.
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Another important consideration is the
interpretability of the model. While attention
mechanisms improve transparency, the
stochastic nature of the propagation module
may complicate interpretability. Future
research  should explore explainability
techniques to enhance clinical trust.

The study also highlights the potential of
diffusion models in medical imaging beyond
data  synthesis. Their application in
segmentation refinement represents a novel
contribution and opens new avenues for
research.

This research presents a hybrid learning
framework that integrates contrast-informed
feature learning with stochastic propagation
techniques for medical image region extraction.
The proposed approach addresses key
challenges in healthcare imaging, including
limited labeled data, feature variability, and
uncertainty in segmentation.

The findings demonstrate that combining
contrastive  learning with  probabilistic
refinement significantly improves
segmentation accuracy and robustness. The
framework effectively leverages unlabeled data,
making it suitable for real-world clinical
applications.

Despite its advantages, the model introduces
computational complexity and requires further
optimization for practical deployment. Future
work should focus on improving efficiency,
enhancing interpretability, and extending the
framework to multi-modal imaging scenarios.

Overall, this study contributes a novel and
effective  approach to medical image
segmentation, advancing the field toward more
reliable and scalable healthcare imaging
systems.
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