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Abstract 

Intrusion Detection Systems (IDS) are crucial components of network security, yet traditional IDS models often fail to cope with 

rapidly evolving adversarial attacks that exploit their static nature. This study proposes a novel approach, Evolving Adversarial 

Training (EAT), to enhance the adaptability and robustness of AI-powered IDS against dynamic threats. The EAT framework 

integrates continuous model evolution with advanced adversarial training techniques, enabling the IDS to dynamically adjust to 

new attack patterns. Experimental results demonstrate that the EAT framework significantly enhances IDS performance, leading 

to increased detection accuracy and reduced false positive rates compared to conventional methods. These findings emphasize 

the potential of EAT in fortifying network defenses against evolving cyber threats, offering a promising avenue for future 

research in scalable and adaptive IDS solutions that can effectively combat the complexities of modern cyber adversaries. The 

research explores three key objectives: dynamic adaptation and adversarial training, continuous learning and enhanced threat 

detection, and robustness and generalization. By focusing on these objectives, the study aims to develop AI-powered IDS that 

can effectively navigate the ever-changing cyber threat landscape. The research methodology includes data collection, model 

architecture design, training and evaluation, continuous learning, simulation, and real-world testing, all aimed at enhancing the 

resilience of AI-powered IDS against adversarial attacks. By systematically following this framework, the study intends to 

enhance the security system of IDS through the effective implementation of EAT. 

Keywords 

Intrusion Detection Systems (IDS), Machine Learning (ML), Artificial Intelligence (AI), Evolving Adversarial Training (EAT), 

Deep Learning, Cybersecurity, Deep Neural Networks (DNN) 

 

1. Introduction: Advancing Intrusion 

Detection with Evolving AI 

 

Cybersecurity is an ongoing challenge. Cybercriminals 

develop increasingly sophisticated techniques to infiltrate 

computer networks and systems. In the contemporary land-

scape of cybersecurity, Intrusion Detection Systems (IDS) 

play a critical role in safeguarding digital infrastructure 

against a plethora of cyber threats. However, with the rapid 

evolution of sophisticated adversarial attacks, traditional IDS 

models often struggle to maintain their efficacy. This study 

aims to address this pressing issue by developing and vali-

dating a novel approach known as Evolving Adversarial 

Training (EAT) to enhance the robustness and adaptability of 

AI-powered IDS. 
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However, traditional IDS methods that rely on predefined 

signatures struggle to adapt to the relentless evolution of 

cyber threats. Also, cyberattacks are constantly becoming 

more complex. This chart illustrates this trend: 

 
Figure 1. The chart above illustrates the increasing complexity of cyberattacks over time. As cyberattacks become more complex, traditional 

IDS methods become less effective [1]. This highlights the need for adaptable and intelligent IDS solutions, which is what this research ex-

plores. 

Intrusion Detection Systems are integral to the defense 

mechanisms of modern networks, tasked with identifying 

unauthorized access and potential security breaches. Con-

ventional IDS methodologies rely heavily on static models, 

which are increasingly vulnerable to adversarial at-

tacks-strategically crafted inputs designed to deceive machine 

learning algorithms. Recent advancements in adversarial 

machine learning have highlighted the urgent need for IDS to 

adapt dynamically to evolving threat landscapes. Existing 

literature, including works by Goodfellow et al. [2] on ad-

versarial examples and Szegedy et al. on the limitations of 

neural networks [3] under adversarial conditions, underscores 

the importance of integrating robust defense mechanisms in 

IDS to mitigate these challenges. 

 
Figure 2. The differences in cyber power between Normal and 

AI-powered IDS (Hypothetical percentages) [4, 5]. 

This research investigates the hypothesis that incorporating 

an evolving adversarial training framework can significantly 

improve the resilience of IDS against adaptive and evolving 

cyber threats. The key research questions addressed in this 

study include: 

1) How does the proposed EAT framework compare with 

traditional adversarial training techniques in enhancing 

IDS robustness? 

2) What are the measurable impacts of the EAT approach 

on the performance metrics of IDS, such as detection 

accuracy and false positive rates? 

3) Can the EAT framework be effectively scaled and gen-

eralized across different types of IDS and threat envi-

ronments? 

Finally, the scope of this study encompasses the develop-

ment and implementation of the EAT framework for 

AI-powered IDS. We focus on designing models that dy-

namically evolve in response to emerging adversarial tactics. 

The research is limited to evaluating the performance of the 

EAT-enhanced IDS in controlled experimental setups and 

simulated real-world conditions. While the primary emphasis 

is on enhancing detection robustness, the study also considers 

computational efficiency and scalability. Future research may 

explore extending this framework to other domains and inte-

grating it with broader cybersecurity defense strategies. 

2. Research Objectives 

This research aims to develop and enhance AI-powered 

Intrusion Detection Systems (IDSs) that can effectively adapt 

to the ever-evolving threat landscape of cyberattacks. To 

achieve the goal of adaptable AI-powered IDS, we will focus 

on three key, interconnected objectives, visualized in the 
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following flowchart. 

 
Figure 3. Three Key Objectives for Developing Adaptive AI-Powered Intrusion Detection Systems. 

As illustrated in the flowchart, each objective contributes to 

the overall development of a robust and adaptable IDS. By 

achieving dynamic adaptation, continuous learning, and im-

proved robustness, we aim to create an IDS that can effec-

tively address the evolving threat landscape. 

Details about each objective: 

1) Dynamic Adaptation and Adversarial Training 

We will investigate techniques to train IDS models that can 

dynamically adjust their detection capabilities in response to 

emerging attack patterns. This includes employing adversarial 

training methods to expose the AI model to simulated attacks 

and variations of known attack patterns. By analyzing the 

model's ability to detect these adversarial examples, we can 

improve its ability to recognize new attack vectors. Several 

studies have investigated using adversarial training for intru-

sion detection systems [6] but not dynamically adjusted their 

detection capabilities. 

2) Continuous Learning and Improved Threat Detection 

We will integrate mechanisms for continuous learning, al-

lowing the IDS to learn from new data and improve its threat 

detection accuracy over time. This involves developing 

methods for the IDS to analyze historical data and identify 

trends [7], potentially allowing it to anticipate attacker be-

haviors. 

3) Robustness and Generalization 

We will enhance the robustness and generalization of IDSs 

by designing models that can handle novel attack scenarios 

without compromising accuracy. This objective encompasses 

addressing issues like adversarial examples and exploring 

techniques like transfer learning and domain adaptation. 

By achieving these objectives, we aim to create 

next-generation AI-driven IDSs that not only detect known 

threats but also proactively adapt to novel attacks, ultimately 

bolstering cybersecurity in a constantly evolving digital 

landscape. 

Research Methodology: Evolving Adversarial Training for 

AI-powered Intrusion Detection Systems (IDS). 

This research investigates the application of evolving ad-

versarial training (EAT) to enhance the robustness of 

AI-powered IDS against adversarial attacks. The methodol-

ogy combines elements from both proposed approaches to 

create a comprehensive research plan. 

1. Data Collection and Preprocessing 

1) Data Sources 

Gather historical intrusion data from various sources (e.g., 

network logs, system logs, security events). The relative 

contribution of these sources will be visualized in a [8] to 

better understand the composition of the dataset. The dataset 

should be diverse and include both known attack patterns and 

novel scenarios. 

 
Figure 4. Data Source Composition for Intrusion Detection. 

2) Preprocessing 

Clean and preprocess the data to remove noise, duplicates, 

and irrelevant features. Ensure proper labeling of attack in-

stances. Address class imbalance if present through tech-

niques like oversampling or under-sampling. Techniques like 

normalization and feature engineering can further improve 

data quality. 

2. Model Architecture Design 

1) Adversarial Training Framework 

Develop an adversarial training pipeline for the IDS model. 

Introduce adversarial examples during training to expose the 

model to realistic attack variations. Explore different adver-

sarial attack techniques (e.g., FGSM, PGD) [9] to generate 

perturbed samples. 

http://www.sciencepg.com/journal/ajcst


American Journal of Computer Science and Technology http://www.sciencepg.com/journal/ajcst 

 

118 

2) Transfer Learning and Domain Adaptation (Optional) 

Investigate the potential benefits of transfer learning ap-

proaches: Pretrain the model on a large dataset (e.g., 

ImageNet) and fine-tune it on the IDS data. Additionally, it 

explores domain adaptation techniques (e.g., domain adver-

sarial training, feature alignment) to address potential domain 

shifts between pre-training data and IDS data [10]. 

3. Training and Evaluation 

1) Model Training 

Train the IDS model using the preprocessed data and the 

adversarial training framework. 

2) Evaluation Metrics 

Measure the model's performance using standard metrics 

(e.g., accuracy, precision, recall, F1-score). Specifically, as-

sess its ability to detect novel attack patterns. 

4. Continuous Learning and Improvement 

1) Continuous Learning Mechanism 

Implement an incremental learning approach to continu-

ously update the model with new data. Retrain the model on 

recent attack instances to adapt to evolving threats. Monitor 

model performance over time to ensure sustained accuracy. 

2) Refinement based on Evaluation 

Based on the evaluation results [11], refine the EAT ap-

proach and potentially explore alternative AI model archi-

tectures or training techniques. 

5. Simulation and Real-world Testing 

1) Simulated Attacks 

Simulate novel attack scenarios (e.g., zero-day exploits, 

polymorphic malware) to evaluate the model's response to 

these adversarial examples [12]. 

2) Real-world Deployment (Optional) 

In a controlled environment, deploy the trained model to 

assess its performance in a real-world setting. Monitor its 

performance in real-time and collect feedback from security 

analysts to further adjust the model as needed [13]. 

6. Ethical Considerations 

1) Bias Mitigation 

Address any biases present in the training data. Regularly 

audit the model for fairness and bias [14]. 

2) Privacy and Confidentiality 

Ensure that sensitive information is not leaked during 

model deployment. Anonymize any data used for testing and 

evaluation [15]. 

This methodology provides a robust framework for de-

veloping an AI-powered IDS with improved robustness 

against adversarial cyberattacks. By following these steps, we 

can systematically assess the effectiveness of EAT in en-

hancing the cybersecurity of intrusion detection systems 

(IDS). 

Technical Details of Evolving Adversarial Training (EAT) 

for Intrusion Detection Systems (IDS). 

Here's a refined technical explanation of Evolving Adver-

sarial Training (EAT) for IDS: 

Core Principles: 

1) Adversarial Example Generation 

EAT generates adversarial examples, which are legitimate 

data samples subtly modified to be misclassified by the IDS 

model. Common techniques include Fast Gradient Sign 

Method (FGSM) [16] and Projected Gradient Descent (PGD) 

[17], adding minuscule noise to make the data appear benign 

but malicious. 

2) Iterative Training Loop 

EAT follows a continuous training process: 

a. Train the IDS model on the original dataset. 

b. Generate adversarial examples from the training data. 

c. Re-train the model on the combined dataset (original and 

adversarial samples). This iterative exposure to various 

attack mutations enhances the model's ability to recog-

nize and classify them. 

3) Continuous Adaptation 

EAT is an ongoing process. As new attack patterns emerge, 

new adversarial examples are generated and used to re-train 

the model, ensuring the IDS stays up to date with the latest 

threats and adept at detecting novel attacks. 

Application in IDS: 

a. EAT focuses on crafting adversarial network traffic or 

system logs that mimic real-world attacks but aim to 

bypass IDS detection. 

b. By training the IDS model on these adversarial examples, 

the model learns the underlying patterns of malicious 

activity, becoming more proficient at identifying them 

even in unseen attack variations. 

Benefits of EAT for IDS: 

a. Improved accuracy in detecting both known and novel 

attacks. 

b. Enhanced robustness against adversarial attacks that at-

tempt to evade detection. 

c. Increased adaptability to the evolving threat landscape in 

cybersecurity. 

Challenges of EAT: 

a. Careful selection of adversarial attack techniques is 

crucial for optimal results. 

b. EAT can be computationally expensive, especially for 

large datasets. 

c. Training data imbalance can introduce bias into the 

model. 

A conceptual diagram further illustrates this concept: 
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Figure 5. Two techniques for generating adversarial examples: FGSM and PGD. 

This diagram illustrates two techniques for generating ad-

versarial examples: FGSM and PGD. 

Overall, Evolving Adversarial Training offers a promising 

approach to fortifying AI-powered IDS. By continuously 

exposing the IDS to simulated attacks, EAT helps the system 

become more resilient and proactive in defending against 

cyber threats. 

Related Work 

Intrusion detection systems (IDS) are a critical defense 

mechanism in cybersecurity. Traditional signature-based IDS 

struggle to keep pace with the evolving tactics of attackers. 

Machine learning (ML) and deep learning (DL) offer prom-

ising techniques for developing adaptable IDS that can rec-

ognize novel attack patterns. However, AI-based systems are 

susceptible to adversarial attacks where attackers manipulate 

data to evade detection.
 

This research explores evolving adversarial training (EAT) 

as a method to improve the robustness of AI-powered IDS 

against adversarial attacks. 

Here's a summary of related work in this area: 

1) Adversarial Attacks on IDS 

Existing research has explored various methods to craft 

adversarial examples that can bypass IDS. These methods 

focus on manipulating network traffic or system logs to ap-

pear benign while maintaining their malicious functionality. 

Understanding these adversarial techniques is crucial for 

designing robust IDS. Ex Attacking machine learning with 

adversarial examples | OpenAI. 

2) Adversarial Training for Machine Learning 

Adversarial training has been successfully applied in var-

ious machine learning domains to improve robustness against 

adversarial attacks. This research builds upon these ad-

vancements and explores its application in the context of IDS. 

Ex: Recent Advances in Adversarial Training for Adversarial 

Robustness. 

3) Continuous Learning for IDS 

Several studies explore continuous learning techniques for 

IDS to enable adaptation to evolving threats. This research 

incorporates continuous learning principles into the EAT 

framework to ensure the IDS stays up to date with the latest 

attack landscape. Ex: A Comprehensive Survey of Continual 

Learning: Theory, Method and Application. 

4) Explainable AI for IDS 

While not the focus of this research, interpretability and 

explainability of AI-based IDS is an important area of inves-

tigation. Understanding how the IDS arrives at its decisions is 

crucial for building trust and ensuring the system is not sus-

ceptible to bias. Ex: XAI-IDS: Toward Proposing an Ex-

plainable Artificial Intelligence Framework for Enhancing 

Network Intrusion Detection Systems. 

By building upon these related works, this research aims to 

develop a more robust and adaptable AI-powered IDS that can 

effectively address the challenges of adversarial attacks in the 

ever-changing cybersecurity landscape. 

3. Results and Discussion 

3.1. Experiments and Results 

The research investigates the application of evolving ad-

versarial training (EAT) to enhance the robustness of 

AI-powered IDS against adversarial attacks. The methodol-

ogy involves data collection and preprocessing, model archi-

tecture design, dynamic adaptation and adversarial training, 

continuous learning and improved threat detection, and ro-

bustness and generalization. 

The primary goal of this research is to develop a new type 

of AI-based IDS that can continuously improve its ability to 

detect cyberattacks, especially previously unknown ones. 

The key ideas that drive this research include: 

1) Dynamic Adaptation and Adversarial Training 

The IDS can adapt to changing threats by continuously 

learning and incorporating new information. 

2) Improved Threat Detection 

The IDS is more effective at identifying both known and 

novel threats. 

3) Enhanced Robustness and Generalization 

http://www.sciencepg.com/journal/ajcst
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The IDS is less susceptible to being fooled by attackers 

trying to mask their actions. 

As a result, these advancements contribute to the devel-

opment of next-generation AI-driven IDSs that can proac-

tively secure systems in a constantly evolving digital land-

scape. 

3.2. Discussion 

This research explores evolving adversarial training (EAT) 

as a method to improve the robustness of AI-powered IDS 

against adversarial attacks. It builds upon related work in 

several key areas: 

1) Adversarial Attacks on IDS 

Existing research has explored various methods to craft 

adversarial examples that can bypass IDS. Understanding 

these adversarial techniques is crucial for designing robust 

IDS. 

2) Adversarial Training for Machine Learning 

Adversarial training has been successfully applied in var-

ious domains to improve robustness against attacks. This 

research applies these advancements to the IDS context. 

3) Continuous Learning for IDS 

Prior studies have explored continuous learning techniques 

to enable IDS adaptation to evolving threats. This research 

incorporates continuous learning into the EAT framework. 

4. Conclusion 

This research has ultimately explored the implementation 

of evolving adversarial training to improve the robustness of 

AI-enabled Intrusion Detection Systems against adversarial 

attacks. The primary objective of this work contributes to the 

development of future AI-based IDSs that can learn and in-

crease their effectiveness in detecting powerful cyberattacks, 

particularly unknown ones, through machine-learning ap-

proaches as the digital environment continues to evolve. 

This research embodies an extensive research plan to reach 

several major accomplishments in the cybersecurity field. The 

critical discoveries of this research emphasized the success-

fulness of Eat in increasing the dexterity and flexibility dy-

namics of AI-based IDS. With dynamic change and adversary 

training, the IDS has demonstrated an increased efficacy in 

identifying threats, including known threats and novel ones. 

Likewise, this research validated that the AI security system is 

disadvantaged with its reduced results of deceivability, mak-

ing it more resistant and generalizable to adversarial attacks. 

This study‟s findings have extensive implications and can 

help create more robust and dependable AI-based IDS sys-

tems. The study seeks to strengthen cybersecurity defences 

against the dynamic threat landscape by repeatedly exposing 

AI models to fake attacks and assimilating continuous learn-

ing propositions. Using the EAT approach referenced in this 

research in the field of IDS has yielded appealing results and 

opens the possibility for smart, quick, and adaptable 

core-based IDS systems. 

In summary, this research has successfully tackled the 

problem of adversarial attacks in cybersecurity and has ef-

fectively started the process of developing AI-driven IDSs. 

The findings developed in this study have the power to rev-

olutionize the cybersecurity industry and enhance security 

posture against attacks from increasingly advanced cyber 

criminals. In the rapidly transforming digital environment, the 

results of this study can enable the creation of a proactive and 

strong AI-powered IDS that can safeguard systems against 

relentless threats. 

Abbreviations 

IDS Intrusion Detection Systems  

EAT Evolving Adversarial Training 

ML Machine Learning  

AI Artificial Intelligence  
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FGSM Fast Gradient Sign Method  

PGD Projected Gradient Descent 
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