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Abstract: Generative Adversarial Networks (GANSs) have become the backbone of data synthesis across
multiple domains like healthcare, audio processing, real-time systems, and federated learning. Despite their
revolutionary potential, GANSs suffer from major challenges in stability, scalability, and data dependence.
This seminar presents a critical and comparative review of ten research papers, each offering a unique
solution to the core issues of GAN training instability. The reviewed methods encompass domain
adaptation, feature distillation, theoretical regularization, adaptive augmentation, and hierarchical
federated architectures. This report provides an in-depth literature analysis, followed by a cross-domain
metric-wise performance comparison. The results indicate that no single method dominates across all
scenarios, but hybrid combinations lead to the best generalizability and stability under constraints like
limited data, non 11D settings, or real-time computation. Findings are contextualized in terms of practical
impact, with implications for the future design of robust, scalable GAN architectures.

Keywords: GAN Stability, Transfer Learning, Low-Data Synthesis, Feature Distillation, Lipschitz
Regularization, Federated, Spectral Noise, Real-Time Adaptation, Performance evaluation contexts,
domain-aware adaptation and theoretical control over training dynamics are crucial [2].

1. INTRODUCTION

Generative Adversarial Networks (GANSs), have transformed the field of generative modeling. GANs
operate through a competitive training framework where a generator attempts to synthesize data
indistinguishable from the real samples, and a discriminator learns to differentiate between the real and
generated data. This adversarial framework is powerful but inherently unstable. Training instabilities like
mode collapse, oscillation, vanishing gradients, and sensitivity to hyper parameters significantly hinder
practical GAN deployment [1].The instability becomes more pronounced when GANs are applied to
specialized domains such as medical imaging, federated networks, and real-time systems—where datasets
are often limited, non-11D, or require robust convergence under stringent conditions.

Objectives of the Study

The primary objectives of this seminar are to:

= Critically analyze the core reasons behind GAN training instability

e Evaluate the stabilization techniques presented in ten recent GAN research papers

e Perform metric-wise comparison and domain specific evaluations across the methods

e Highlight the practical implications of these stabilization methods in real-world deployments.

The rest of the paper is organized as follows: Section 2 contains the literature review of stability techniques
in GAN training, Section 3 contains the experimental methods and procedures used for comparative
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analysis, Section 4 contains the results and discussion of performance metrics, Section 5 explains the
methodology with comparative framework, and Section 6 concludes the research work with future
directions.

2. RELATED WORKS

Recent advancements in Generative Adversarial Networks (GANSs) have focused heavily on addressing
the stability issues that plague their training dynamics. This section presents an in-depth analysis of ten
selected papers, each offering a unique strategy for stabilizing GANSs in various application domains
such as medical imaging, federated learning, real-time systems, and low-data environments. The
discussion highlights architectural innovations, regularization strategies, and adaptive training
mechanisms, demonstrating a broad spectrum of research approaches for GAN stability. The approach
described in [1] introduces a transfer learning framework for GANs where only the latter layers of a
pre-trained Style GAN are fine-tuned, while the early layers are frozen. This method proved especially
effective for small dataset domains such as flower and dog image collections. By freezing low-level
features that are generally universal and tuning only high-level ones, the technique reduces overfitting
and prevents catastrophic forgetting. It also demonstrated significant improvements in Fréchet
Inception Distance (FID) metrics and exhibited robust convergence behavior, highlighting its potential
for efficient adaptation of GANS to niche tasks.

The survey in [2] provides a domain-specific review of GAN instability in the biomedical field. It reveals
that traditional GAN setups are inadequate when dealing with complex imaging modalities like CT, MR,
and PET, primarily due to modality-specific distortions. The study proposes customized GAN architectures
that incorporate self-attention modules and residual connections, which preserve the anatomical
consistency of generated medical images. This domain-aware design not only ensures better fidelity but
also contributes to better generalization across unseen samples within the same imaging modality.

A novel real-time GAN framework is introduced in [3], where a dynamic switching mechanism powered
by gqueue management principles from networking theory is used. This architecture employs a pre-trained
set of GAN models and switches among them based on system latency and task urgency. The mechanism
is guided by a Lyapunov function that guarantees stability across time-critical applications like CAPTCHA
generation. This approach manages to balance image quality with real-time responsiveness, setting a
precedent for GAN applications in latency sensitive domains.

The Robust GAN (RGAN) architecture proposed in [4] redefines the adversarial loss by optimizing it over
a Wasserstein uncertainty set. This formulation ensures the model performs reliably even under adversarial
conditions. Through experiments on CIFAR-10 and CelebA datasets, the paper shows that the uncertainty-
aware formulation results in smoother training, reduced oscillations, and improved resistance to
adversarial perturbations. This method underlines the value of worst-case scenario modeling in adversarial
training regimes, making it highly applicable for safety-critical use cases.

In [5], a GAN variant tailored for audio synthesis named SpecDiff-GAN is proposed. It introduces
spectrally-shaped noise during training, enabling the generator to learn the frequency characteristics
specific to music and speech. This guided noise diffusion strategy enhances the realism of generated audio,
as measured by subjective listening tests and quantitative FID evaluations. Notably, it outperformed
established baselines like HiFi-GAN, proving that domain-specific perturbation strategies can
significantly enhance synthesis quality in nonvisual domains.

Addressing the challenge of non-1ID (non independent and identically distributed) data in federated
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learning, [6] proposes a Hierarchical Federated Learning GAN (HFL-GAN). The framework introduces
clustered training where generator-discriminator pairs are distributed across data partitions with
similar characteristics. This model improved classification accuracy by 29.32% in federated environments
using datasets such as MNIST and SVHN. The study also emphasizes that hierarchical clustering leads to
faster convergence and better model consistency in decentralized learning setups, which are often highly
heterogeneous.

The study in [7] employs Lipschitz regularization to enforce smooth gradients in the discriminator. By
bounding the gradients, the discriminator avoids overfitting to narrow regions of the data distribution,
leading to a more generalized and stable training process. The method reported an FID of 5.3 on CIFAR-
10, which was among the best in its class. The theoretical support behind this method also provides
convergence guarantees, making it suitable for tasks that demand mathematical rigor and reliability in
training.

A broad empirical study on GAN-based medical image synthesis is described in [8]. This paper compares
several GAN variants, including StyleGAN2 and SPADE, for their ability to generate realistic medical
scans. While quantitative metrics such as FID and SSIM show moderate success, the study emphasizes the
gap between synthetic image realism and clinical usability. Expert radiologist evaluation revealed that
some generated images, although visually plausible, lacked critical diagnostic features, underscoring the
importance of domain-specific evaluation metrics in healthcare GAN applications.

To handle the limitations of training data scarcity,

Incorporates Adaptive Discriminator Augmentation (ADA) into StyleGAN2. This strategy applies
augmentation only when overfitting is detected, thereby preserving diversity and preventing mode
collapse. The technique enabled successful training with datasets containing fewer than 10,000 samples,
achieving an FID of 9.1. This makes it ideal for scenarios where data collection is costly or impractical,
such as in niche scientific imaging domains.

Lastly, [10] presents a feature map distillation method where a teacher GAN's internal representations are
transferred to a student GAN. Unlike traditional transfer learning that focuses on output image similarity,
this method emphasizes alignment at the feature level. The result is a training speed-up of over 50% while
maintaining comparable FID scores. The technique proves especially effective in domains requiring
rapid prototyping of models without compromising too much on synthesis quality.

3. EXPERIMENTAL METHOD/PROCEDURE/DESIGN

The study follows a comparative literature synthesis methodology designed to evaluate GAN stabilization
techniques across multiple dimensions. The ten GAN papers were selected based on their focus on training
stability, domain-specific optimization, or low-data applicability. The selection criteria ensured
representation across different application domains and stabilization approaches.

The analysis framework comprises five key evaluation dimensions:

Quantitative metrics including FID, SSIM, and Inception Score for performance assessment
Architectural innovations examining novel network designs and modifications

Stability mechanisms analyzing Lipschitz bounds, clustering, and optimization control methods
Domain deployment evaluating effectiveness in medical, real-time, federated, and low-data scenarios
Computational trade-offs assessing training time and resource requirements

3.1 Comparative Analysis Framework

A standardized comparison framework was developed to ensure consistent evaluation across all methods.
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Each paper was analyzed using the same set of criteria, with metrics extracted directly from the source
publications to

maintain data integrity. The framework includes both quantitative performance measures and qualitative
assessments of stability mechanisms.

3.2 Data Collection and Analysis

Performance metrics were systematically extracted from each paper, including FID scores, training times,
dataset specifications, and domain-specific performance indicators. The analysis focused on comparing
methods within s i milar experimental settings where possible, while noting differences in datasets and
evaluation protocols.

4. RESULTS AND DISCUSSION
This section presents the comprehensive analysis and comparison of the ten GAN stabilization methods,
highlighting their performance characteristics and domain-specific advantages.
4.1 Performance Metrics Comparison
Table 1. Performance Comparison of GANStabilization Methods

Method FID Dataset Stability Score.  Domain Training Time
Score

LipschitzGAN [7] 5.3 CIFAR-10  Very High General Standard
Feature 6.9-7.3 Flowers High Domain 50% faster
Distillation [10] Adaptation
Freezing 8.5 FFHQ High Small Standard
Layers [1] (<10k) Datasets
ADA 9.1 CIFAR-10, High Image Standard
StyleGAN 2 CelebA Enhanceme nt
[9]

RGAN [4] 7.8 VCTK Very High Adversarial 1.5x

(Audio) Training Longer
SpecDiff-GAN 31 MNIST, High Audio Standard
[5] SVHN (FL) Synthesis
HFL-GAN [6] N/A Very High Federated Variable
Learning

4.2Domain-Specific Analysis

The comparative analysis reveals distinct patterns in method effectiveness across different application
domains. For general image synthesis tasks, Lipschitz regularization demonstrates superior stability with
the lowest FID score of 5.3 on CIFAR-10. This method's theoretical foundation provides strong
convergence guarantees, making it particularly suitable for applications requiring consistent performance.
In audio synthesis applications, SpecDiff-GAN achieves exceptional performance with an FID of 3.1,
significantly outperforming traditional approaches. The domain-specific noise injection mechanism
proves highly effective for audio generation tasks, highlighting the importance of domain-aware design in
GAN architectures.

For federated learning scenarios, HFL-GAN addresses the unique challenges of non-11D data distributions
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through hierarchical clustering. The method's ability to improve classification accuracy by 29.32%
demonstrates its effectiveness in distributed training environments where data heterogeneity is a primary
concern.

4.2 Stability Mechanisms Analysis

The analysis of stability mechanisms reveals several key approaches to addressing GAN training
instability. Theoretical regularization methods, exemplified by Lipschitz constraints, provide
mathematically grounded stability guarantees. These approaches smooth the loss landscape and control
discriminator sensitivity, leading to more predictable training dynamics.

Architectural modifications, such as layer freezing and feature distillation, offer practical solutions to
specific stability challenges. These methods leverage pre-trained models and knowledge transfer to
improve convergence and reduce training time while maintaining performance quality.

Adaptive training strategies, including discriminator augmentation and dynamic switching mechanisms,
provide runtime stability control. These approaches adjust training parameters based on current system
state, enabling robust performance across varying conditions.

4.3 Computational Trade-offs

The evaluation of computational trade-offs reveals important considerations for practical deployment.
Feature distillation methods achieve 50% reduction in training time while maintaining competitive
performance, making them attractive for

Resource constrained environments. However, methods like RGAN require 1.5x longer training time in
exchange for enhanced robustness under adversarial conditions.

The trade-off between stability and performance varies significantly across methods. While some
approaches prioritize stability at the cost of computational efficiency, others optimize for speed while
maintaining acceptable stability levels. The choice of method depends on specific application
requirements and constraints.

5. CONCLUSION AND FUTURE SCOPE

Conclusion

This seminar report critically examined ten GAN stabilization techniques across various domains and
applications. The comprehensive analysis reveals that stability in GAN training is achievable through
multiple approaches including theoretical regularization, structural adaptation, and intelligent training
routines. Methods such as Lipschitz constraints, adaptive discriminator augmentation, feature distillation,
and hierarchical architectures demonstrate effectiveness in reducing mode collapse and improving
generalization.

The comparative evaluation establishes that no single method dominates across all scenarios, but hybrid
strategies combining theoretical foundations, domain knowledge, and data-aware augmentations prove
most effective. The results indicate that successful GAN stabilization requires careful consideration of
application-specific requirements, data characteristics, and computational constraints.

The findings have significant implications for practical GAN deployment, particularly in challenging
domains such as medical imaging, federated learning, and real time systems. The study demonstrates that
domain specific adaptations and theoretically grounded approaches are essential for achieving robust
performance in these specialized applications.

Future Scope

Future research directions should focus on several key areas to advance GAN stability:
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First, combining Lipschitz regularization with feature distillation techniques could yield robust low-data
GANs that maintain both stability and efficiency. Second, developing domain-agnostic stability
benchmarks would enable more systematic evaluation and comparison of stabilization methods across
different applications.

Third, creating adaptive frameworks for GAN training in federated and real-time systems represents a
critical need for distributed and time-sensitive applications. These frameworks should dynamically adjust
stability mechanisms based on system conditions and data characteristics.

Fourth, validating GAN outputs through human-in-theloop pipelines, especially in healthcare applications,
is essential for ensuring practical utility. This validation process should bridge the gap between
quantitative metrics and domain-specific quality requirements.

Finally, investigating the theoretical foundations of stability in adversarial training could lead to more
principled approaches to GAN design and training. This research should focus on understanding the
fundamental limits of stability in adversarial systems and developing methods that operate within these
constraints.

Study Limitations

The comparative analysis is limited by differences in experimental settings, datasets, and evaluation
protocols across the reviewed papers. Direct performance comparisons are challenging due to variations
in implementation details and hardware configurations. Additionally, the study focuses on specific
stability aspects and may not capture all dimensions of GAN performance and robustness.
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