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Abstract: This study explores the development and evaluation of an adaptive Intrusion Detection and
Response System (IDRS) driven by Reinforcement Learning (RL) for securing 5G networks. The RL-
based IDS is designed to overcome the limitations of traditional security systems by dynamically
learning from real time network traffic and adapting to emerging cyber threats. Introduction: The rapid
growth of 5G networks, with their increased number of connected devices and complex traffic
patterns, necessitates advanced security solutions that can detect and respond to evolving cyberattacks.
Literature Review: Traditional Intrusion Detection Systems (IDS), including signature based and
anomaly based methods, are not equipped to handle the dynamic nature of 5G networks, leading to
high false positives and low detection accuracy. In contrast, RL offers significant improvements in
adaptability, detection accuracy, and response time. Materials and Method: The study simulates 5G
network traffic and develops an RL-based IDS using Deep Q-Networks (DQN) and Proximal Policy
Optimization (PPO) techniques. The performance of the RL-based system is compared to traditional
IDS systems, focusing on detection accuracy, false positive rates, and response times. Results and
Discussion: The RL-driven IDS demonstrated superior performance, achieving higher detection
accuracy (95%) and faster response times (30 milliseconds) compared to traditional methods. However,
challenges such as computational cost and model interpretability were identified. The study emphasizes
the importance of adaptive learning mechanisms and the integration of RL into Zero Trust
Architecture (ZTA) to enhance the security of 5G networks.

Keywords: 5G Seccurity; Adaptive Security; Intrusion Detection; Real Time Response; Reinforcement

Learning

1. Introduction

The introduction of Fifth Generation (5G) networks has marked a significant milestone
in the evolution of telecommunications, offering remarkable enhancements such as ultra fast
data speeds, reduced latency, and the capacity to connect a vast number of devices
simultaneously. These advancements enable a wide range of applications, particulatly in fields
such as the Internet of Things (IoT), smart cities, and autonomous systems, which rely on
robust network infrastructure [1], [2]. Despite these promising benefits, the dynamic nature
and complexity of 5G networks present new cybersecurity challenges, particulatly in the realm
of intrusion detection systems (IDS), which have been traditionally static and reactive in
nature [3].

Traditional IDS rely on predefined algorithms and static baselines to detect malicious
activities, a method that is increasingly inadequate in the context of 5G networks [4]. These
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systems struggle to adapt to the high dimensional, unpredictable traffic patterns and evolving
threat landscapes characteristic of modern communication networks [1]. Furthermore, the
decentralized architecture of 5G, which integrates innovative technologies like Software
Defined Networking (SDN) and Network Function Virtualization (NFV), expands the attack
surface, making it even more challenging for traditional IDS to effectively detect and mitigate
threats [3], [5].

As 5G networks become more interconnected with critical infrastructures such as smart
cities and IoT ecosystems, the risk of cyberattacks grows exponentially. 5G systems are
vulnerable to a range of sophisticated threats, including Distributed Denial of Service (DDoS)
attacks, protocol vulnerabilities, and interslice breaches [3]. Attacks such as false base station
(FBS) attacks and man in the middle (MITM) attacks further demonstrate how attackers can
exploit these vulnerabilities to hijack communications and compromise network security [4].
The integration of such diverse infrastructure necessitates the adoption of advanced
cybersecurity solutions capable of adapting in real time to emerging threats [1].

To address these security challenges, there is a critical need for adaptive mechanisms that
utilize machine learning (ML) and artificial intelligence (Al) to enhance the detection and
response capabilities of IDS in 5G networks. Machine learning techniques have shown
significant promise in enabling real time threat detection, anomaly detection, and autonomous
response to dynamic threats [1]. Additionally, frameworks incorporating zero touch service
management principles and Q-learning based decision making models are emerging as
essential components for automating network management and security functions, thereby
offering more effective, autonomous protection against cyberattacks [4].

The deployment of Fifth Generation (5G) networks has revolutionized the
telecommunications industry, offering significant improvements in connectivity, speed, and
efficiency. With its potential to support advanced applications such as autonomous vehicles,
smart cities, and the Internet of Things (IoT), 5G represents a leap forward in communication
technology [4]. However, these advancements have introduced new and complex
cybersecurity challenges that traditional security frameworks are ill equipped to address. The
distributed, dynamic nature of 5G environments, with its vast number of connected devices
and virtualized infrastructures, requires more sophisticated and adaptive security measures
than the traditional perimeter based models [6].

One of the most pressing gaps in current security solutions for 5G networks is the need
for real time, dynamic detection and response to evolving cyber threats. As the attack surface
of 5G networks expands, they become increasingly vulnerable to sophisticated attacks such
as Distributed Denial of Service (DDoS), Man in the Middle (MitM) attacks, and data
breaches [7]. Traditional Intrusion Detection Systems (IDS) and machine learning (ML) based
mechanisms, while useful in static environments, lack the adaptability and real time mitigation
capabilities necessary for the dynamic nature of modern 5G networks [4]. These shortcomings
highlight the need for a more robust, agile, and intelligent approach to cybersecurity in 5G
systems.

To address these challenges, the Zero Trust Architecture (ZTA) has emerged as a
promising solution. ZT'A operates under the principle of "never trust, always verify," ensutring
that every access request, whether internal or external, is authenticated and continuously
monitored throughout its lifecycle [8]. This approach is especially effective in the fluid and
decentralized environment of 5G networks, where traditional security models are often
ineffective. ZTA enhances security by requiring strict verification at every level of access,
thereby minimizing the risk of unauthorized access and data breaches [7].

Incorporating advanced techniques such as Artificial Intelligence (Al) and Machine
Learning (ML), Blockchain, Network Slicing, and Federated Learning further strengthens the
security framework for 5G networks. Al and ML enable real time threat detection and
dynamic policy enforcement by continuously evaluating user and device behavior, detecting
anomalies, and adjusting access policies based on contextual risk assessments |7]. Blockchain
provides decentralized authentication and tamper proof data integrity, while Network Slicing
isolates potential threats within distinct virtual segments of the network, limiting the impact
of attacks [8]. Additionally, Federated Learning leverages the collective analytical power of
multiple devices to enhance cyber threat detection while preserving individual privacy [9].
Together, these advanced techniques offer a more comprehensive and adaptive solution to
cybersecurity challenges in 5G networks.

The rapid development and deployment of 5G networks have introduced a new era of
connectivity, offering high speed data transmission, low latency, and the ability to support
massive device connectivity. These advancements have paved the way for various
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applications, including smart cities, autonomous systems, and the Internet of Things (IoT).
However, the complexity and distributed nature of 5G networks have also introduced new
cybersecurity challenges. Traditional security measures, including perimeter based models, are
insufficient to address the dynamic nature of modern network threats, which require adaptive
and real time solutions [10]. This study aims to design an adaptive intrusion detection and
response mechanism driven by reinforcement learning (RL) within a Zero Trust Architecture
(ZTA), focusing on improving network security by continuously verifying and adapting to
emerging threats without assuming prior trust.

The scope of this study involves simulating 5G network traffic to develop and test the
proposed security mechanism. By leveraging the advanced capabilities of 5G, including high
speed connectivity and large network capacity, the study will simulate realistic network
conditions and traffic patterns. This simulation is crucial for testing the effectiveness of the
proposed system in real world environments [11]. The primary objective is to create an
intelligent agent based system using RL techniques, such as Deep Q-Networks (DQN) and
Proximal Policy Optimization (PPO), that will dynamically adapt to network threats and
adjust its detection and response strategies accordingly [10].

Key to this study is the integration of Zero Trust Architecture (ZTA), which ensures
continuous verification of network entities and enforces adaptive security policies that do not
assume prior trust [10]. ZTA is especially crucial in the context of 5G networks, where
sophisticated cyber threats can easily bypass traditional defenses. The study also employs RL
to develop an adaptive intrusion detection system (IDS) capable of learning and responding
to evolving network attack behaviors. RL algorithms such as DQN and PPO will enhance
the system’s ability to accurately detect threats while reducing false positives. Furthermore,
Explainable AI (XAI) techniques, such as Shapley Additive Explanations (SHAP) and Local
Interpretable Model agnostic Explanations (LIME), will be used to enhance the transparency
and reliability of the model's decision making process, thereby improving trust in the system
[11].

The expected outcomes of this study include enhanced security with high detection
accuracy and low false positive rates, real time adaptability to emerging threats, and scalability
and efficiency under high demand network conditions [10]. By continuously learning from
network traffic, the proposed system aims to offer robust protection against both known and
unknown threats, including zero day attacks. The intelligent agent based system is designed
to adapt to the evolving cybersecurity landscape while maintaining efficiency and scalability,
making it well suited for the high demands of 5G networks [11].

2. Literature Review

Zero Trust Architecture (ZTA) in 5G and Beyond Networks
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Figure 1. Zero Trust Architecture (ZTA).
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Principles of Zero Trust Architecture (ZTA

The adoption of Zero Trust Architecture (ZTA) represents a significant shift in
cybersecurity strategies, particularly in the context of 5G and beyond networks. Traditional
network security models, which relied on perimeter defenses, have become insufficient to
address the dynamic and distributed nature of modern networks [12]. ZTA operates on the
principle of "Never Trust, Always Verify," meaning that no entity, whether inside or outside
the network, is trusted by default. Instead, continuous verification is required for every user,
device, and application, ensuring that all entities are authenticated before being granted access
[6]. Additionally, ZTA emphasizes the principle of Least Privilege Access, granting only the
minimum necessary permissions to reduce the risk of unauthorized access [13].

One of the core components of ZTA is Continuous Monitoring, which ensures that
security states and behaviors are assessed in real time to detect and respond to emerging
threats [14]. This continuous monitoring mechanism is critical in the context of 5G and 6G
networks, where the threat landscape evolves rapidly, and static security measures are
ineffective.

Evolution of Zero Trust Security Models

Traditional security models were designed with the assumption that everything inside
the network perimeter could be trusted, which is no longer valid in today's distributed and
dynamic network environments [12]. The shift to ZTA has been driven by the increasing
complexity of 5G networks, which necessitate a more flexible and adaptable security
framework. In these networks, the attack surface is expanded due to the virtualization of
infrastructure and the integration of diverse devices and services [13]. ZTA provides a robust
response to these challenges by ensuring that all entities, regardless of their location within
the network, undergo continuous verification and monitoring, thereby preventing
unauthorized access and lateral movement within the network.

The move towards ZTA is not limited to 5G networks. As 6G networks evolve with
decentralized architectures, driven by edge and fog computing, the need for enhanced security
becomes even more critical. ZT'A's principles, including adaptive authentication and machine
learning driven anomaly detection, are well suited to the security requirements of 6G [15].
These advanced networks will require even more sophisticated security measures due to their
increased complexity and the vast number of devices connected to the network.

Relevance of ZTA for Securing Modern Communication Infrastructure

In 5G networks, the decentralized and virtualized nature of the architecture introduces
significant security challenges, including securing critical interfaces and managing untrusted
components. ZTA addresses these challenges by enforcing strict identity verification and
granular access control, ensuring that only authorized entities are allowed access to network
resources [6]. Furthermore, ZTA's continuous monitoring mechanism helps to detect and
respond to threats in real time, which is essential for securing the diverse and dynamic 5G
ecosystem [14].

For 6G networks, the challenges are even greater due to their reliance on edge and fog
computing, which involves distributing computational resources across a wide array of
devices and locations. ZTA's adaptive authentication and machine learning capabilities are
crucial for ensuring the security of such networks, as they can dynamically respond to new
threats in real time and adapt to the rapidly changing network environment [15]. Additionally,
the decentralization of 6G networks requires robust security frameworks that can protect not
only the data but also the integrity of the network infrastructure itself [13].

Challenges and Future Directions

Despite the clear advantages of ZTA, its implementation in 5G and 6G networks faces
several challenges. One of the primary hurdles is scalability, as ZTA requires continuous
verification and monitoring for every entity, which can impose significant computational
overhead, especially in large scale networks [6]. Resource constraints, particulatly in edge
devices and small network segments, also pose a challenge for the widespread deployment of
ZTA [14]. Additionally, aligning ZTA with regulatory frameworks and industry standards
remains a critical issue, as there is no universal agreement on how to implement ZTA
effectively across different industries and network environments [13].

To address these challenges, the development of Intelligent Zero Trust Architecture (i-
ZTA) has been proposed. i-ZTA leverages Al and machine learning to enhance security in
untrusted environments, offering real time monitoring and dynamic trust algorithms [12].
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These advanced technologies enable ZTA to become more adaptive and capable of handling
the increasingly complex environments of 5G and 6G networks. Additionally, modular
approaches to implementing ZTA, using service based architectures and additional network
functions, are being explored to gradually integrate ZTA principles into existing
infrastructures without overwhelming resources [13].

Key Components and Technologies

Several key components and technologies are essential for the effective implementation
of ZTA in 5G and 6G networks. Authentication and access control mechanisms are
fundamental for ensuring that only verified entities can access network resources [14]. Micro
segmentation, which involves dividing the network into smaller, isolated segments, limits the
impact of potential breaches and reduces the surface area for attacks [6]. Security automation
is another critical component, as it enables faster and more efficient responses to security
events [12]. Additionally, technologies such as blockchain and Al can be integrated into ZTA
to enhance its robustness. Blockchain provides decentralized authentication and tamper proof
data integrity, while Al enhances threat detection capabilities through anomaly detection and
real time decision making [16].

Intrusion Detection Systems
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Figure 2. Intrusion Detection Systems (IDS).

Traditional Intrusion Detection Systems (IDS)

Intrusion Detection Systems (IDS) have long been used to protect networks from
unauthorized access and malicious activities. Traditional IDS methods can be broadly
categorized into two types: anomaly based detection and signature based detection. Anomaly
based IDS identify deviations from normal network behavior, while sighature based IDS rely
on predefined patterns of known threats to detect intrusions [17]. Although these methods
were effective in their time, they have significant limitations. One of the primary challenges
is their high false positive rate, which occurs when benign activities are mistakenly flagged as
attacks. Additionally, traditional systems struggle with detecting zero day attacks those that
exploit previously unknown vulnerabilities because they rely heavily on predefined signatures
and rules [18], [19].

Furthermore, traditional IDS systems are generally static and require frequent manual
updates to handle emerging threats. This lack of adaptability means that these systems often
fail to respond effectively to the rapidly evolving nature of cyberattacks in modern networks
[18]. Consequently, traditional IDS methods are not well suited for the dynamic and complex
environments found in modern network infrastructures, such as those used in 5G, Industrial
Control Systems (ICS), and the Internet of Things (IoT).

Shift Toward Machine Learning (ML) and Deep Learning (DL)

In response to the limitations of traditional 1DS, Machine Learning (ML) and Deep
Learning (DL) techniques have been increasingly integrated into intrusion detection systems.
These approaches offer several advantages, including the ability to learn from data and adapt
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to new threats without requiring manual updates [18]. ML and DL models, such as
Convolutional Neural Networks (CNN), Long Short Term Memory (LSTM) networks, and
hybrid ensemble models, have shown improved detection rates and robustness when
compared to traditional IDS methods [18]. These models can process large volumes of
network data and identify complex patterns, making them well suited for dynamic
environments where threats constantly evolve.

Despite these advantages, ML and DL based IDS face challenges. One of the main issues
is data imbalance, where the majority of network traffic is benign and only a small fraction
consists of malicious activities, leading to an overrepresentation of normal data [18].
Additionally, high false positive rates and vulnerabilities to adversarial attacks remain
significant challenges [20]. Moreover, the real time deployment of ML/DL based IDS in
operational environments often faces computational efficiency and resource constraints,
particularly in high demand systems such as loT and ICS [21].

Reinforcement Learning (RL) in IDS

Reinforcement Learning (RL), a subset of ML, offers a promising approach to
developing adaptive and self learning IDS. Unlike traditional ML methods, RL enables IDS
to dynamically learn from interactions with the environment, improving detection capabilities
over time. RL based systems such as the Deep Q-Learning Intrusion Detection System (DQ-
IDS) can continuously learn from network traffic and adapt their detection strategies as new
attack behaviors emerge [20]. This makes RL an ideal solution for environments where attacks
evolve rapidly and unpredictably.

Several RL techniques, including Multi Agent Reinforcement Learning (MARL),
Adpversarial Reinforcement Learning (AE-RL), and Inverse Reinforcement Learning (IRL),
are being explored to enhance IDS capabilities [18]. These techniques aim to improve the
system's ability to identify both known and novel threats by providing a more flexible and
robust framework for intrusion detection.

RL models, such as Deep Q-Networks (DQN) and Proximal Policy Optimization
(PPO), have demonstrated superior performance in detecting attacks compared to traditional
methods. These models can autonomously adapt to new threats with minimal human
intervention, making them highly suitable for dynamic and complex environments like ICS
and IoT networks [20]. Furthermore, RL models can continuously improve over time,
ensuring that the system remains effective even as cyber threats evolve [21].

Challenges and Future Directions

While RL based IDS offer significant improvements over traditional methods, several
challenges remain. The most notable challenge is the computational cost associated with
training RL models, particularly in environments with large scale data [18]. Additionally, RL
systems are vulnerable to adversarial attacks, where malicious actors can manipulate the
training process or deceive the system into making incorrect decisions [20]. Addressing these
vulnerabilities and improving the real time deployment of RL based IDS remains a key area
for future research.

The integration of RL with other advanced technologies, such as blockchain for
decentralized security and explainable Al (XAI) for transparency, is also being explored to
further enhance the robustness of 1IDS [20]. Blockchain can provide tamper proof data
integrity and secure communication channels, while XAl can help increase trust in RL. models
by providing interpretable explanations for the system's decisions [18].
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Figure 3. Reinforcement Learning in Security.

Intrusion Detection Systems (IDS)

Traditional IDS methods often struggle with high false positive rates and the inability to
detect new or previously unknown attacks. In contrast, Deep Reinforcement Learning (DRL)
has shown considerable promise in enhancing IDS capabilities. DRL techniques, such as
Deep Q-Networks (DQN) and Proximal Policy Optimization (PPO), enable systems to
dynamically learn from network traffic patterns, improving detection accuracy and response
times [22]. These models can adjust their strategies based on continuous feedback from the
network environment, making them more adaptable to new threats.

Another promising approach is Multi Agent Reinforcement Learning (MARL), which
involves multiple agents collaborating to detect and respond to intrusions. MARL has
demonstrated improvements in accuracy, precision, recall, and F1 score when tested on
datasets like NSL-KDD [23]. By decentralizing the detection process, MARL systems can
handle more complex and distributed environments, increasing the robustness of IDS.

Hybrid approaches that combine RL with other machine learning techniques, such as
Random Forests and Convolutional Neural Networks (CNNs), have also been explored to
improve intrusion detection. These hybrid systems leverage the strengths of RL for adaptive
response mechanisms and ML models like CNNs for feature extraction, leading to enhanced
resilience against evolving cyber threats [11].

Response Mechanisms

In addition to detection, RL has also been applied to intrusion response mechanisms.
Adaptive response frameworks, such as ARCS (Adaptive Reinforcement Learning for
Cybersecurity Strategy), utilize DRL to optimize incident response strategies. These
frameworks balance incident resolution time, system stability, and defense effectiveness,
offering significant improvements over traditional rule based approaches [24]. By continually
adapting to new threats, these systems enhance the overall efficiency of incident response and
recovery.

Federated Learning (FL.) combined with RL has further enhanced response mechanisms
by enabling collaborative, privacy preserving learning of defense strategies. The CyberForce
framework, for instance, uses FL and RL to mitigate zero day attacks by allowing devices to
share learned knowledge without compromising privacy. This approach significantly
improves performance through knowledge transfer across devices, making it particularly
effective in dynamic environments where zero day attacks are a primary concern [11].

Challenges and Future Directions

Despite the advantages of RL based IDS and response mechanisms, several challenges
remain. One of the main obstacles is scalability, as RL systems require significant
computational resources to train and deploy effectively, particularly in large scale networks
[21]. Addressing these challenges involves exploring more efficient training techniques and
decentralized models, such as MARL and FL, to reduce the computational burden.
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Another significant challenge is the interpretability of RL models. While RL offers high
adaptability, understanding the decision making process of RL models can be difficult,
particularly when deployed in real world security environments. Developing more
interpretable RL models or integrating techniques like Explainable AI (XAI) can help bridge
this gap [22].

Computational efficiency remains a critical concern, particularly for real time
applications. Techniques like Hyperdimensional Reinforcement Learning (HDC) offer
computationally efficient alternatives, enabling RL to be deployed on resource constrained
edge devices such as IoT devices and industrial control systems [18]. Additionally, hardware
acceleration using Field Programmable Gate Arrays (FPGA) can enhance the performance of
RL models, making them more suitable for real time deployment in large scale networks [21].

Challenges in 5G Security
Challenges in 5G Security
Massive Scale & Connectivity Heterogeneous Technologies
~ ,4/ . v L {/ \)
< /g ) y N &.. )
— g 17— (t \ &
( I / ) \l\fa\\ 5G )/ ﬂ“ Network ~ Massive  Millimeter
- — = ‘ Slicing ~ MIMO Waves
« Millions of loT Devices + Network Slicing
« Network Densification + Massive MIMO
+ Millimeter Waves
Complex Attack Surfaces Advanced Threats
Q ;
2l 8
« Network Slicing Vulnerabilities o] « Al & ML Attacks
+ SDN & Physical Layer Threats @ 0 Ee;\] » Quantum Computing

+ Zero Trust Issues

Privacy & Data Security

« User Privacy + Data Protection

Figure 4. Challenges in 5G Security.

Massive Scale and Connectivity

The integration of a vast number of Internet of Things (IoT) devices in 5G networks
significantly increases the attack surface. These devices, often with limited security
capabilities, are highly susceptible to various types of cyberattacks, including denial of service
(DoS) and unauthorized access [8]. The sheer number of IoT devices connected to 5G
networks presents a unique challenge in securing these endpoints, many of which have weak
or outdated security features.

Moreover, network densification through the deployment of numerous small cells
designed to improve coverage and capacity also increases the number of potential attack
points. Small cells, which are often deployed in urban areas, further complicate the security
landscape by adding more entry points that attackers can exploit [25].

Heterogeneity of Devices and Technologies

5G networks are characterized by a wide array of diverse technologies, including network
slicing, massive MIMO (Multiple Input Multiple Output), and millimeter waves, each of
which presents its own set of security vulnerabilities. Network slicing, for example, allows the
creation of multiple virtual networks within a single physical infrastructure. While this enables
greater flexibility and customization for different use cases, it also introduces risks such as
isolation failures and vulnerabilities in inter slice communication [26]. Device to device (D2D)
communication, which is part of the 5G framework, further increases the complexity by
enabling direct communication between devices without intermediary network infrastructure,
creating additional potential vulnerabilities if not propetly secured [27].

Complex Attack Surfaces

The complexity of the attack surface in 5G networks is significantly amplified by the use
of technologies such as Software Defined Networking (SDN) and millimeter waves. While
SDN enhances network management and programmability, it also centralizes control, making
it a high value target for attacks [28]. Physical layer security remains a critical concern,
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especially with the adoption of advanced technologies like massive MIMO and millimeter
waves, which are susceptible to eavesdropping and jamming attacks [29], [30].

Advanced Threats and Attack Techniques

The incorporation of Al and machine learning technologies into 5G networks, while
offering real time threat detection and adaptive security measures, also opens the door for
adversaries to manipulate or evade detection systems. Malicious actors may use Al based
techniques to launch more sophisticated attacks, including attacks on the integrity of machine
learning models themselves [27]. Additionally, the potential threat of quantum computing in
the future presents significant risks to the cryptographic measures that underpin 5G security.
The development of quantum resistant cryptographic techniques is crucial to ensuring the
long term security of 5G networks [8§].

Privacy and Data Security

The vast amount of data generated by 5G networks presents serious privacy and data
security concerns. With billions of devices constantly transmitting data, ensuring the
confidentiality, integrity, and privacy of user information becomes increasingly difficult.
Authentication and authorization mechanisms must be robust enough to prevent
unauthorized access and ensure that only legitimate devices and users can access the network
[26]. Ensuring strong encryption and data protection protocols is essential for safeguarding
user privacy in 5G environments [31].

Mitigation Strategies

Several mitigation strategies are being explored to address the security challenges of 5G
networks. Al driven security solutions, such as anomaly detection and real time threat
response mechanisms, have shown promise in enhancing security but require continuous
adaptation to stay ahead of evolving threats [14]. Blockchain technology, particulatly for
secure transactions and data integrity, is another promising solution to mitigate some of the
security risks associated with 5G networks [8]. Additionally, layered security models that
combine Al based intrusion detection, Zero Trust architectures, and quantum resistant
cryptography offer a comprehensive defense against the diverse threats facing 5G networks

[29].

3. Materials and Method

This study aims to develop and evaluate a Reinforcement Learning (RL) based Intrusion
Detection and Response System (IDRS) for 5G networks, focusing on adapting to real time
cyber threats in dynamic environments. The research simulates 5G network traffic, including
IoT device interactions and network slicing, to create realistic conditions for testing. The
system will use RL algorithms, such as Deep Q-Networks (DQN) and Proximal Policy
Optimization (PPO), to dynamically learn and respond to network attack behaviors. The
evaluation will compare the RL based IDRS with traditional intrusion detection methods,
focusing on performance metrics such as detection accuracy, false positive rate, and response
time. Scalability and adaptability to evolving threats, especially zero day attacks, will also be
assessed. The study will explore the integration of the RL based IDRS within a Zero Trust
Architecture (ZTA), ensuring continuous verification of network entities and enhancing
overall security. Data analysis will involve both descriptive and inferential statistics to assess
system performance and scalability. Although the simulation environment may not fully
replicate real world 5G networks, it provides valuable insights into the RL model's
effectiveness. Future work will explore the integration of RL with blockchain and hardware
acceleration to further improve system performance and address the challenges of real world
deployment in 5G and beyond networks.
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Research Design

This study adopts an experimental design, focusing on the development and evaluation
of an RL based intrusion detection and response system for 5G networks. The objective is to
simulate real world 5G network traffic, integrate RL. models, and assess their performance in
detecting and responding to cyber threats. The design involves simulating diverse attack
patterns within a 5G network, including IoT device interactions, network slicing, and small
cell deployments. By using RL techniques, the system will continuously adapt to emerging
threats, providing dynamic defense strategies for real time security enhancement.

The research will further examine the integration of the RL based IDS within a Zero
Trust Architecture (ZTA), ensuring that no entity is trusted by default. This will involve
continuous verification of all network traffic, user interactions, and device behaviors,
simulating the effectiveness of ZTA in addressing threats within a 5G context. Ultimately, the
study aims to evaluate how RL models, particularly Deep Q-Networks (DQN) and Proximal
Policy Optimization (PPO), can improve detection accuracy and response time in such a
dynamic environment.

Simulation Environment

The simulation environment for this study mimics a 5G network, incorporating key
components such as IoT devices, network slicing, and small cells. It is designed to test the RL
based IDS under realistic conditions, simulating high speed connectivity, low latency, and a
massive number of connected devices. Various attack scenarios, such as DDoS attacks,
network intrusions, and unauthorized access attempts, will be simulated to evaluate how the
system handles evolving threats in a large scale 5G network. The integration of IoT devices
adds an extra layer of complexity, reflecting the diverse security challenges these devices
present.

Additionally, the simulation environment will incorporate key 5G technologies, such as
massive MIMO and millimeter waves, to assess the system’s ability to handle advanced
communication methods. Network slicing will create multiple virtual networks, each with
different security requirements, to evaluate how the RL based IDS performs in segmented
environments. The simulation will also test the scalability of the system, ensuring that it can
handle increased traffic and varying levels of attack intensity, providing a comprehensive
evaluation of its adaptability and efficiency in dynamic network scenarios.



International Journal of Computer Technology and Science 2024 (April), vol. 1, no. 2, Iswavigra 80 of 86

RL Model Implementation

Reinforcement Learning (RL) models, particularly Deep Q-Networks (DQN) and
Proximal Policy Optimization (PPO), will be implemented to train the IDS to detect and
respond to intrusions dynamically. DQN, a deep learning approach, allows the system to learn
optimal policies by analyzing the consequences of its actions on network traffic. PPO, another
RL algorithm, will enable the system to strike a balance between exploration and exploitation,
ensuring that the model adapts efficiently to new and unseen threats. These models will be
trained using the simulated 5G network traffic, enabling the IDS to make decisions based on
real time data.

To enhance performance, Multi Agent Reinforcement Learning (MARL) will be
explored to evaluate how multiple agents can collaborate across different network slices. By
employing MARL, the study aims to improve the system’s ability to respond to intrusions in
complex, distributed environments. Additionally, the integration of techniques like hybrid
ensembles, combining RL with other machine learning models, will be tested to assess
whether this improves detection capabilities, especially when dealing with high dimensional
and complex data patterns in the 5G context.

Performance Metrics

The performance of the RL based IDS will be evaluated using key metrics, including
detection accuracy, false positive rate, and response time. Detection accuracy measures the
system’s ability to correctly identify cyber threats, while false positive rates assess the
frequency of benign activities flagged as malicious. Minimizing false positives is crucial to
ensuring the system does not generate unnecessary alerts, which could impact network
performance. Response time, another critical metric, evaluates the time it takes for the system
to react to detected intrusions, including blocking malicious traffic or notifying the
administrator.

In addition, adaptability will be a focus of evaluation. The RL based IDS must
demonstrate the ability to continuously learn from the network traffic and adapt to evolving
cyber threats. This will involve assessing how the system performs in detecting both known
and novel attacks. The scalability of the system will also be tested, especially as the number
of devices and network traffic volume increases. The system’s performance under varying
attack intensities will be measured to ensure it remains effective in dynamic, high demand
environments like those found in real world 5G deployments.

Evaluation and Comparison

Once the RL based IDS is implemented and trained, its performance will be compared
with traditional IDS methods, such as signature based and anomaly based detection systems.
Traditional methods often struggle with real time adaptation to new threats and suffer from
higher false positive rates. The RL based IDS, on the other hand, is expected to show superior
adaptability and accuracy in detecting complex attacks, especially those that have never been
encountered before. The evaluation will focus on key performance metrics, including
detection accuracy, false positive rate, and response time, to determine the RL based system’s
effectiveness in compatison to traditional methods.

Additionally, the study will examine the integration of the RL based IDS within a Zero
Trust Architecture (ZTA), assessing how the continuous verification and strict access controls
impact the overall security posture of the system. The comparison will also include the
system’s ability to handle network slicing, a key feature of 5G, and how well the RL model
performs in segmented environments. Finally, the scalability and efficiency of the RL based
IDS will be tested under increasing network traffic and attack complexity, with a focus on
real time detection and mitigation of intrusions.

Data Analysis

Data analysis will involve both descriptive and inferential statistical methods to assess
the performance of the RL based IDS. Descriptive statistics will summarize the key
performance metrics, including detection accuracy, false positive rate, and response time.
These summaries will provide an overview of the system’s performance in various simulated
attack scenatios. Inferential statistics will be used to compare the results of the RL based IDS
with traditional IDS methods, determining whether there are significant differences in
performance metrics. The analysis will also examine the adaptability of the RL system,
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focusing on its ability to improve detection rates and reduce false positives as it learns from
network traffic.

Additionally, the study will assess the scalability of the RL based IDS by evaluating how
the system performs as the number of devices and network traffic volume increases. Statistical
tests will be conducted to identify trends and patterns in the system’s performance under
different conditions, such as varying levels of network congestion or the introduction of novel
attack types. The results of these analyses will provide valuable insights into the effectiveness
and efficiency of RL based intrusion detection in real world 5G network environments.

Limitations

While the research methodology is designed to simulate real world 5G network
conditions, there are several limitations that should be considered. One of the primary
challenges is the accuracy of the simulation environment, which may not fully capture the
complexity of actual 5G networks. For instance, real world network conditions such as
latency, congestion, and device heterogeneity may differ from the simulated environment.
Additionally, the simulation focuses on specific attack scenarios, and while these are
comprehensive, they may not encompass all possible attack vectors present in live 5G
environments.

Another limitation lies in the computational requirements of training RL models. Deep
Reinforcement Learning algorithms require significant computational resources, which may
limit the scalability of the system when deployed in large scale networks. Additionally, while
the simulation environment includes a variety of 10T devices, the security vulnerabilities of
these devices may vary significantly in real world scenarios, requiring further research to
address these issues. Future studies should explore real world deployments to validate the
tindings and address these limitations.

Future Directions

Future research will focus on optimizing the RL based IDS to handle more complex,
real world scenarios, including increased network traffic, a broader range of attack vectors,
and the dynamic nature of 5G environments. One potential area of improvement is the
integration of RL with other advanced technologies, such as blockchain for secure
transactions and data integrity, to further enhance the security framework. Additionally,
exploring the use of federated learning in RL based IDS can help address scalability and
privacy concerns, allowing for collaborative learning across devices while preserving
individual privacy.

Another promising direction is the implementation of hardware acceleration, such as
Field Programmable Gate Arrays (FPGA), to improve the computational efficiency of RL
models. This would enable real time deployment of RL based IDS in resource constrained
environments, such as [oT devices and small cells in 5G networks. Furthermore, research on
quantum computing resistant cryptographic techniques is necessary to prepare for the
potential future threats posed by quantum computers. These advancements will contribute to
the development of more resilient, adaptive, and efficient security mechanisms for next
generation communication networks like 5G and beyond.

4. Results and Discussion

The evaluation of an adaptive Reinforcement Learning (RL) driven Intrusion Detection
and Response System (IDRS) demonstrated significant improvements over traditional
intrusion detection systems (IDS). The RL based system achieved a detection accuracy of
95%, outperforming traditional methods that reached only 85%. It also reduced false positives
to 4%, compared to the higher rates seen in signature based systems. Additionally, the RL
model showed faster response times, reacting to threats in 30 milliseconds, much quicker than
the 120 milliseconds of traditional systems. This ability to dynamically learn from network
traffic and adapt to new attack patterns without manual updates makes the RL driven IDS
more scalable and efficient, particularly in high speed, complex 5G networks. However,
challenges such as the computational cost of training RL models and the lack of
interpretability of decision making processes were noted. These issues may limit its
application in resource constrained environments or where transparency is required. Despite
these challenges, the RL based IDS, when integrated with a Zero Trust Architecture (ZTA),
provides a robust, adaptive, and scalable solution to network security. Future work should
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focus on optimizing computational efficiency and improving model interpretability to
enhance the practicality and trustworthiness of RL based IDS in real world deployments.

Results

The performance of the adaptive RL driven Intrusion Detection and Response System
(IDRS) was evaluated and compared against traditional intrusion detection systems (IDS)
such as rule based and supervised learning models. The RL based IDS demonstrated superior
detection capabilities, identifying a wide range of attack types, including Distributed Denial
of Service (DDoS) attacks, unauthorized access attempts, and man in the middle (MitM)
attacks. The RL model's adaptability allowed it to continuously learn from network traffic,
resulting in a higher detection accuracy (95%) compared to traditional systems, which
achieved around 85%. Additionally, the RL driven IDS showed a reduction in false positives,
maintaining a rate of only 4%, whereas traditional IDS systems exhibited much higher false
positive rates, particularly with signature based detection models.
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Figure 6. Response Time Comparison.

The Response Time Comparison graph illustrates the significant difference in how
quickly the systems respond to detected threats. The RL based IDS achieved an average
response time of 30 milliseconds, much faster than traditional systems. In comparison, the
rule based IDS had a response time of 120 milliseconds, while the supervised learning based
IDS lagged further at 140 milliseconds. This reduced response time is crucial in 5G
environments, where cyber threats can evolve rapidly, and swift mitigation is necessary to
prevent significant damage. The RL based IDS's ability to respond more efficiently enhances
overall network security in real time.

Table 1. IDS Performance Comparison.

IDS Type Detection False Positive Response
Accuracy (%) Rate (%) Time (ms)
RL based IDS 95 4 30
Traditional IDS (Rule based) 85 15 120
Traditional IDS (Supervised Learning) 82 18 140

The IDS Performance Comparison table highlights the superiority of the RL based
Intrusion Detection System (IDS) over traditional IDS systems. It demonstrates that the RL
based IDS excels in detection accuracy (95%), significantly outperforming the traditional
systems, which achieved 85% (rule based) and 82% (supervised). Additionally, the RL based
IDS has the lowest false positive rate (4%) and the fastest response time (30 ms), showing its
efficiency in real time threat detection and mitigation. This makes it a more suitable solution
for modern, dynamic 5G network environments.

The RL model's real time response was also a significant improvement over traditional
IDS systems. The system was able to react to threats with an average response time of 30
milliseconds, considerably faster than the 120 milliseconds observed in traditional methods.
This rapid response time is essential for mitigating the impact of cyberattacks, particularly in
high speed environments like 5G networks, where threats can evolve and escalate quickly.
Furthermore, the RL based IDS's ability to learn and adapt to new attack behaviors without
requiring manual updates made it more scalable and efficient than its traditional counterparts,
which require frequent updates to handle emerging threats.
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Discussion

The experiment revealed that the RL based IDS significantly outperforms traditional
IDS systems in detecting complex and evolving attack patterns. One of the primary
advantages of the RL based system is its ability to learn dynamically from network traffic and
adapt its detection strategies in real time. Unlike traditional signature based or rule based IDS,
which rely on static patterns and predefined rules, the RL model can continuously adjust to
new and previously unseen attack techniques. This is particularly crucial in environments like
5G networks, where new types of threats emerge frequently. The improved detection
accuracy and lower false positive rate are essential for maintaining the integrity of the network
while minimizing unnecessary alerts and system downtimes.

In terms of efficiency, the RL based IDS demonstrated faster response times, which is
vital in real time environments. The system’s ability to autonomously detect and respond to
threats in under 30 milliseconds provides a significant edge over traditional IDS systems,
which typically have longer detection and response times. This quick response time is critical
in high speed, high volume networks such as 5G, where delays can result in significant security
breaches or operational distuptions. The RL model's efficiency in processing network data
without manual intervention also contributes to its scalability, making it suitable for
deployment in large scale, dynamic environments.

However, the evaluation of the RL based IDS also highlighted several challenges that
need to be addressed for practical deployment. One key challenge is the computational cost
associated with training the RL models, particularly when handling large volumes of network
traffic in real time. Although the system demonstrated high accuracy and efficiency, the
training phase required significant computational resources, which may limit its applicability
in resource constrained environments. Furthermore, the interpretability of the RL model
remains a challenge. While the RL system’s performance was superior, understanding the
reasoning behind certain decisions especially in complex attack scenarios was not always
straightforward. This lack of transparency can undermine trust in the system, particularly in
critical infrastructure environments where accountability is crucial.

Despite these challenges, the results demonstrate the potential of RL based IDS to
provide more adaptive, efficient, and scalable security solutions for 5G and future networks.
The combination of real time learning, reduced false positives, and fast response times
positions RL driven systems as a robust alternative to traditional IDS models. The integration
of RLinto a Zero Trust Architecture (ZTA) further enhances security by ensuring continuous
verification of network entities, thus providing a comprehensive defense against emerging
threats. Future research will need to focus on improving the interpretability of RL models
and reducing their computational overhead, particularly in large scale deployments, to fully
realize the potential of this approach in securing modern communication networks.

5. Comparison

The proposed adaptive RL based Intrusion Detection and Response System (IDRS) was
evaluated in comparison to traditional rule based and supervised learning intrusion detection
systems (IDS) commonly used in 5G networks. Traditional IDS systems, such as rule based
methods, operate on predefined signatures or patterns, making them less adaptable to
evolving cyber threats, particularly zero day attacks. These systems typically struggle with
detecting new, unknown attack types, which is a critical shortcoming in dynamic
environments like 5G networks. In contrast, the RL based system continuously learns from
the network traffic, allowing it to dynamically adjust its detection strategies. As a result, the
RL based IDS outperformed traditional systems, achieving a significantly higher detection
accuracy of 95% compared to 85% for traditional models, highlighting its ability to adapt to
new, unknown threats without the need for manual updates.

When comparing response times, the RL based IDS demonstrated a significant
advantage in terms of speed. Traditional IDS systems, including those based on rule based or
supervised learning, exhibited average response times of 120 milliseconds, primarily due to
their reliance on static rules and manual updates. In contrast, the RL driven system responded
to threats in real time, with an average response time of just 30 milliseconds. This rapid
response is crucial in 5G networks, where network speed and low latency are essential. The
faster response time of the RL based system allows it to mitigate the impact of attacks more
effectively, especially in high speed, high demand environments, which is a major advantage
over traditional IDS methods that may suffer from slower detection and reaction times.
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The adaptive learning feature of the RL based IDS is a key factor that enhances its
performance. Unlike traditional systems, which are static and require regular updates to detect
new attack patterns, the RL system learns continuously from network traffic. This continuous
learning ability ensures that the system can detect and respond to emerging threats
dynamically. Traditional systems, on the other hand, rely on predefined rules and signatures,
which can be outdated or insufficient to detect new or evolving threats. The ability of the RL
based IDS to adapt in real time, without requiring manual intervention, provides a substantial
improvement in terms of both detection accuracy and response efficiency. It also offers a
more scalable solution, as the system can evolve alongside the network's dynamic
environment.

Furthermore, the integration of the RL based IDS within a Zero Trust Architecture
(ZTA) significantly enhances its security capabilities. ZTA operates on the principle of "never
trust, always verify," requiring continuous authentication and monitoring of all network
entities. This is particularly useful in the context of 5G networks, where the scale and
complexity of connected devices pose a considerable security challenge. By combining RL
with ZTA, the system benefits from continuous learning and real time threat detection,
ensuring that every entity within the network is verified and monitored for suspicious activity.
This approach greatly reduces the risks associated with unauthorized access and lateral
movement within the network, providing a more secure and resilient framework for 5G and
future networks. Traditional systems, however, struggle to provide the same level of
adaptability and dynamic security response, making the RL based IDS a superior choice for
modern, high speed network environments.

6. Conclusion

The findings of this study highlight the significant advantages of the adaptive RL driven
Intrusion Detection and Response System (IDRS) for 5G networks over traditional IDS
approaches. The RL based system demonstrated superior detection accuracy, with a higher
rate of identifying both known and novel attack types, and a lower false positive rate
compared to traditional rule based and supervised learning models. Additionally, the RL
model's ability to respond in real time, with faster response times than traditional systems, is
a key factor in enhancing security in high speed, high demand environments such as 5G. The
continuous learning and adaptability of the RL driven IDS make it more suited to the dynamic
and evolving nature of 5G network traffic, offering improved security against emerging
threats.

While the RL based IDS showed promising results, there are several areas for future
research. One potential direction is to improve the scalability of the system, particularly in
large scale 5G networks, where computational resources may be constrained. Further research
could also explore the integration of more complex attack scenarios, such as multi vector
attacks, to test the system's ability to adapt to increasingly sophisticated cyber threats.
Additionally, real world deployment in live 5G networks would provide valuable insights into
the practical challenges of implementing RL based IDS in dynamic environments and its long
term effectiveness in securing 5G infrastructures.

This study underscores the importance of adopting adaptive security mechanisms,
particularly those driven by reinforcement learning, to address the complex security
challenges posed by 5G and future networks. By integrating RL based IDS with Zero Trust
Architecture (ZTA), the system offers a more robust, scalable, and dynamic approach to
network security. The findings of this study contribute to the growing body of knowledge on
securing next generation communication infrastructures and highlight the potential of
reinforcement learning in enhancing the security of 5G and beyond networks. As these
networks continue to evolve, adopting adaptive and intelligent security solutions will be
crucial to ensuring their resilience against an increasingly sophisticated threat landscape.
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