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Abstract— In an era of rapidly evolving cyber threats,
traditional intrusion detection systems (IDS) often fall short
in adapting to novel attack patterns. Generative
Adversarial Networks (GANs), a class of deep learning
models known for their ability to generate synthetic yet
realistic data, have emerged as a promising solution for
enhancing the intelligence and adaptability of autonomous
intrusion detection systems. This comprehensive review
explores the integration of GANs in IDS frameworks,
focusing on their potential to generate adversarial samples,
detect zero-day attacks, and improve anomaly detection
accuracy. The paper critically analyzes various GAN
architectures—including standard GANs, conditional
GANs, and CycleGANs—highlighting their applications in
both training data augmentation and adversarial
robustness. It also examines the challenges associated with
GAN training instability, data privacy concerns, and real-
time deployment in cybersecurity environments. Through
an in-depth comparison of state-of-the-art research
contributions, this review outlines the current trends,
limitations, and future directions of GAN-driven
autonomous intrusion detection systems. The goal is to
provide researchers and practitioners with a consolidated
foundation for further innovation in smarter, self-adaptive,
and resilient cybersecurity solutions.
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[. INTRODUCTION

As digital infrastructures become increasingly complex and
interconnected, ensuring robust cybersecurity has become a
critical concern for organizations worldwide. Traditional
Intrusion Detection Systems (IDS) primarily rely on static rule-
based or signature-based mechanisms that are often inadequate
against sophisticated, evolving cyber threats such as zero-day
attacks and polymorphic malware [1][2]. To overcome these
limitations, the research community has increasingly turned to
Artificial Intelligence (AI) and, more specifically, Deep
Learning (DL) techniques to build more adaptive and
intelligent security systems [3].

Generative Adversarial Networks (GANSs), introduced by
Goodfellow et al. in 2014 [4], have shown remarkable success
in various domains such as image synthesis, data augmentation,

and anomaly detection due to their ability to learn and replicate
complex data distributions. Comprising two neural networks—
a generator and a discriminator—GANSs operate in a minimax
game setting where the generator attempts to produce data
indistinguishable from real data, while the discriminator works
to distinguish between real and synthetic samples. This
adversarial training process results in highly realistic data
generation capabilities, which can be harnessed for multiple
applications in cybersecurity, particularly in intrusion detection

[5].

In the context of IDS, GANSs offer several advantages. They
can generate high-quality synthetic attack data to augment
scarce datasets, thereby improving model generalization and
performance [6]. Furthermore, GANs have been leveraged to
detect anomalies by learning the normal behavior of a system
and flagging deviations that may indicate intrusions [7].
Emerging GAN variants such as Conditional GANs (cGANs)
and Wasserstein GANs (WGANSs) further enhance training
stability and adaptability, making them suitable for real-time
security applications [8][9].

Despite their potential, deploying GANSs in IDS is not without
challenges. Issues such as training instability, mode collapse,
and the risk of generating adversarial attacks necessitate careful
design and evaluation [10]. Additionally, real-time
implementation and scalability in high-throughput network
environments remain significant concerns [11].

This review presents a comprehensive analysis of the
integration of GANs in autonomous intrusion detection
systems. It categorizes and evaluates current research efforts,
highlights the strengths and weaknesses of different
approaches, and identifies key areas for future exploration. By
systematically examining the state-of-the-art, this work aims to
provide a solid foundation for developing smarter and more
resilient security systems.

II. LITERATURE SURVEY

The integration of Generative Adversarial Networks (GANs)
into Intrusion Detection Systems (IDS) has emerged as a
promising direction in the cybersecurity landscape. Researchers
have explored multiple GAN-based architectures to address
issues such as data scarcity, class imbalance, anomaly
detection, and the generation of adversarial examples, each
contributing uniquely to the evolution of autonomous IDS.
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Lin et al. (2019) proposed IDSGAN, a framework that
generates adversarial network traffic to test and strengthen the
robustness of IDS models [1]. Their approach revealed
vulnerabilities in machine learning-based IDS, suggesting the
need for more resilient defensive mechanisms. Similarly, Ring
et al. (2019) evaluated various GAN architectures for
generating synthetic intrusion data and emphasized the
importance of architecture selection for enhancing IDS datasets

(2]

To tackle the problem of data imbalance, Shafiq et al. (2021)
introduced a GAN-based augmentation approach that improved
classifier performance on minority classes, particularly rare
attack types [3]. This method proved beneficial for training
deep neural networks in scenarios where labeled attack data is
limited. A similar data augmentation approach was
implemented by Li et al. (2020), who utilized Conditional
GANs (cGANs) to generate class-specific samples,
significantly enhancing detection accuracy [4].

Anomaly detection using GANs has also gained traction. Kim
et al. (2019) proposed a GAN-based anomaly detector that
models the distribution of normal network behavior and flags
deviations as potential intrusions [5]. Their method was
effective against unknown attack types and zero-day threats.
Likewise, Zhou et al. (2021) developed a semi-supervised
GAN that learned both labeled and unlabeled network traffic
patterns for more comprehensive detection [6].

Several researchers have examined GAN stability and its
impact on IDS performance. Arjovsky et al. (2017) introduced
Wasserstein  GANs (WGANs), which improved training
stability by optimizing the Earth-Mover distance, thereby
producing higher-quality samples for IDS training [7]. Mirsky
et al. (2018) demonstrated how an ensemble of autoencoders
(as in Kitsune) could benefit from synthetic data generated via
GAN:Ss for enhanced online intrusion detection [8].

For real-time IDS applications, efficient GAN variants have
been explored. Radford et al. (2016) introduced Deep
Convolutional GANs (DCGANSs), which utilize convolutional
layers for faster and more accurate data generation in high-
dimensional spaces [9]. These were adapted by subsequent
researchers for streaming data analysis in cybersecurity
environments.

Adversarial robustness has also been addressed in recent
studies. Mao et al. (2022) used GANs not just for generating
attacks but also for hardening models against adversarial
examples by training them on synthetic malicious traffic [10].
This dual role—offensive and defensive—highlights GANSs’
versatility in the security domain.

Despite these advances, challenges remain. Training instability,
mode collapse, and the risk of generating indistinguishable
malicious traffic have been cited as critical issues [11].
Furthermore, issues of privacy and the ethical use of synthetic
data in cybersecurity warrant ongoing investigation [12].

Collectively, these studies underscore the growing relevance of
GANs in transforming IDS into smarter, more autonomous
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systems. Future work must focus on optimizing GAN
architectures, addressing training challenges, and ensuring
practical scalability in real-world networks.
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III. INTRUSION DETECTION SYSTEMS

An Intrusion Detection System (IDS) is a cybersecurity
mechanism designed to monitor and analyze network or system
activities for signs of malicious behavior, policy violations, or
security breaches. IDS plays a critical role in modern security
infrastructures by detecting both known and unknown threats,
alerting system administrators, and providing detailed logs for
incident analysis.

Types of Intrusion Detection Systems

A. Network-based IDS (NIDS):

Monitors traffic across entire networks.
Positioned at key points like routers or gateways.
Ideal for detecting widespread or external attacks.
Example tools: Snort, Suricata.

B. Host-based IDS (HIDS):
e Installed on individual systems or servers.
e  Monitors OS-level events like file changes, logs, and
system calls.
e Better for
compromise.
e Example tools: OSSEC, Tripwire.

detecting insider threats or local

C. Hybrid IDS:
e Combines features of NIDS and HIDS.
e  Offers a more comprehensive security coverage.
e  Provides both network-level and host-level insights.

D. Signature-based IDS:
e Detects threats based on known patterns or signatures.
e  Effective against known malware and attack vectors.
e Limitations: Fails to detect novel or zero-day attacks.

E. Anomaly-based IDS:
e Uses machine learning/statistical models to identify
deviations from normal behavior.
Effective against unknown and emerging threats.
May produce higher false positives compared to
signature-based systems.

F. Core Components of an IDS
e Data Collector: Gathers system/network traffic or
audit logs.
e Detection Engine: Analyzes collected data to identify
suspicious activity.
e Knowledge Base: Maintains rules, heuristics, or
models used for threat detection.

International Journal of Research and Development in Applied Science and Engineering (IJRDASE)

ISSN: 2454-6844

e Response Mechanism: Generates alerts, logs incidents,
or triggers automated responses.

G. Key Functions and Benefits

e Real-time Monitoring: IDS provides
surveillance of digital assets.
Early Threat Detection: Identifies attacks before they
escalate.
e Forensic Analysis: Logs events for post-incident
investigation.
Regulatory Compliance: Helps meet standards like
PCI-DSS, HIPAA, and ISO 27001.
Enhanced Security Posture: Strengthens network
defense layers and reduces attack surfaces.

continuous

H. Challenges in IDS

e High False Positive Rate: Especially in anomaly-based
systems.

e Resource Intensive: Requires computational and
human resources for effective monitoring.

e Encrypted Traffic Analysis: Detection is harder in
environments with end-to-end encryption.

e Evasion Techniques: Skilled attackers may use stealth
tactics to bypass detection.

I. Advancements and Trends

e  Machine Learning & Deep Learning: Used to improve
anomaly detection capabilities.

e  Generative Adversarial Networks (GANs): Employed
to generate synthetic data or adversarial attacks to
improve IDS robustness.

e Edge and Cloud-based IDS: Offering scalable and
distributed detection.

e Behavioral IDS: Focuses on user behavior analytics
(UBA) to detect insider threats.

Intrusion Detection Systems remain a foundational element in
cybersecurity defense. With evolving attack surfaces and
increasingly sophisticated threat actors, modern IDS solutions
are being enhanced using artificial intelligence, automation,
and adaptive analytics. The integration of GANs and deep
learning models is pushing the boundaries of traditional IDS,
enabling smarter and more autonomous threat detection
systems.

IV. CONCLUSION

Intrusion Detection Systems (IDS) are indispensable
components in the cybersecurity framework, playing a pivotal
role in identifying, mitigating, and preventing malicious
activities across networks and host systems. As cyber threats
grow in complexity and frequency, traditional IDS approaches
often struggle with high false positives, limited adaptability to
novel attacks, and difficulties in handling imbalanced datasets.

The integration of Generative Adversarial Networks (GANSs)
into IDS represents a transformative shift toward smarter, more
autonomous security solutions. GANs can generate realistic
synthetic data to address data scarcity, simulate adversarial
attacks to enhance system resilience, and support anomaly
detection by learning complex data distributions. These
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capabilities  significantly = enhance the performance,
adaptability, and robustness of IDS, making them more
effective in detecting both known and unknown intrusions.

However, deploying GANs in IDS also brings challenges such
as model instability, training complexity, and potential misuse
for generating adversarial traffic. Therefore, continued
research, optimization of GAN architectures, and the
incorporation of explainability and interpretability are essential
for ensuring trust and reliability in GAN-based IDS.

In conclusion, harnessing GANs for intrusion detection holds
immense promise for the future of cybersecurity, offering
innovative paths toward building intelligent, adaptive, and
proactive defense mechanisms capable of safeguarding
increasingly complex digital ecosystems.
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