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Abstract 

 
The rapid evolution of cyber threats, ranging from sophisticated Advanced Persistent Threats 

(APTs) to automated zero-day attacks, has rendered traditional signature-based Intrusion 

Detection Systems (IDS) increasingly obsolete. Deep Learning (DL) has emerged as a 

disruptive paradigm, offering the ability to extract hierarchical feature representations from 

high-dimensional, unstructured network traffic data. This paper provides a comprehensive 

critical review of state-of-the-art deep learning architectures—including Deep Neural 

Networks (DNNs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Generative Adversarial Networks (GANs)—applied to cybersecurity. We 

evaluate these models across key performance metrics such as detection accuracy, 

computational latency, and robustness against adversarial attacks. Finally, we identify open 

research challenges, including the "black-box" nature of models, data scarcity, and the 

growing threat of adversarial machine learning, proposing potential avenues for future 

investigative efforts. 

Keywords: Deep Learning, Intrusion Detection Systems (IDS), Cybersecurity, Neural 
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1. Introduction 
 

The digitalization of critical infrastructure, the growth of the Internet of Things (IoT), and the 

proliferation of cloud-based services have expanded the digital attack surface exponentially. 

Traditional cybersecurity frameworks, primarily relying on rule-based or signature-based 

intrusion detection, lack the agility required to detect novel, polymorphic, or encrypted 

threats.  

Deep Learning (DL) offers a transformative approach to this problem by automating feature 

engineering and capturing complex, non-linear correlations within network packet headers, 

flow statistics, and log events. Unlike traditional Machine Learning (ML) techniques, such as 

Support Vector Machines (SVM) or Random Forests, which often require intensive manual 

feature extraction, DL architectures learn representations directly from raw input. However, 

the deployment of DL in production-grade Intrusion Prevention Systems (IPS) is hampered 

by challenges such as high training overhead, sensitivity to adversarial noise, and the 

interpretability of automated decision-making.  

This paper critically reviews the application of diverse DL architectures in cybersecurity, 

synthesizing current findings and identifying structural gaps in the literature. 

 

2. Taxonomy of Deep Learning in Cybersecurity 
 

Deep Learning models for threat detection can be categorized based on their architectural 

paradigms: 

Bulletin For Technology And History Journal                                                                                                 Issn No : 0391-6715

Volume 26, Issue 5, 2026                                                                                                                                                Page No: 48



2.1 Deep Neural Networks (DNNs) 

DNNs, consisting of multiple hidden layers, are primarily used for classification tasks in 

binary or multi-class IDS. By leveraging stacked autoencoders, research has shown that 

DNNs can effectively perform dimensionality reduction, allowing for the isolation of 

malicious patterns in high-dimensional flow data [1]. 

2.2 Convolutional Neural Networks (CNNs) 

While traditionally reserved for image processing, CNNs have been adapted for IDS by 

treating packet payloads or flow feature matrices as "images." CNNs excel at capturing local 

spatial patterns within data sequences, making them highly effective for identifying 

signature-independent anomalies in network traffic [5]. 

2.3 Recurrent Neural Networks (RNNs) and LSTMs 

Network traffic is fundamentally time-series data. Long Short-Term Memory (LSTM) 

networks and Gated Recurrent Units (GRU) are adept at maintaining memory over long 

sequences, allowing them to detect slow-distributed denial-of-service (DDoS) attacks that 

unfold over extended temporal intervals [8]. 

2.4 Generative Adversarial Networks (GANs) 

In cybersecurity, data imbalance is a primary cause of poor model performance. GANs are 

increasingly used to generate synthetic, realistic samples of rare intrusion classes, facilitating 

the training of more robust, balanced models [12]. 

 

3. Critical Evaluation: Current Landscape 
 

3.1 Detection Performance vs. Computational Complexity 

A fundamental trade-off exists in modern IDS: the pursuit of high sensitivity frequently 

comes at the cost of high computational latency. While Transformer-based models and deep 

LSTMs offer state-of-the-art precision, their inference time may exceed the requirements of 

real-time line-rate packet processing (10Gbps+). Future systems must reconcile the need for 

deep architectural depth with hardware-accelerated processing (FPGA/ASIC) [15]. 

3.2 Feature Engineering and Automation 

The shift toward "End-to-End" learning—where models receive raw bytes rather than 

aggregated features—reduces human bias. However, this increases the risk of "overfitting" on 

benign noise, as the model may learn patterns specific to a particular network environment 

rather than universal attack signatures. 

3.3 The Adversarial Threat 

Adversarial Machine Learning (AML) remains the "Achilles' heel" of DL-based IDS. 

Research has demonstrated that adding imperceptible perturbations to a malicious packet can 

cause a highly accurate model to misclassify it as benign [20]. This vulnerability necessitates 

the development of adversarial training protocols and robust defense-in-depth strategies. 

 

4. Discussion and Challenges 
 

4.1 Interpretability (XAI) 

The "black-box" nature of neural networks presents significant hurdles for security analysts 

who require justification for automated blocking actions. Explainable AI (XAI) techniques, 

such as SHAP or LIME, are becoming essential for building trust in DL-based security 

systems [25]. 

4.2 Data Scarcity and Domain Shift 

Standard datasets like KDD99 or NSL-KDD are aged and fail to represent modern attack 

vectors. Furthermore, models trained on enterprise traffic often suffer from "catastrophic 
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forgetting" when deployed in OT (Operational Technology) or IoT environments, where 

traffic distribution differs significantly [28]. 

 

5. Future Directions 
 

To achieve next-generation threat detection, the field must pivot toward: 

Federated Learning: Enabling collaborative training across decentralized environments 

without compromising data privacy. 

Hybrid Architectures: Combining symbolic AI (rules) with connectionist AI (DL) to ensure 

both adaptability and human-readable compliance. 

Adversarial Robustness: Integrating minimax optimization techniques during the training 

phase to harden models against evasion attacks. 

 

6. Conclusion 
 

Deep Learning has fundamentally altered the cybersecurity landscape, providing robust tools 

for anomaly detection and malware classification. However, the gap between academic 

accuracy and production readiness remains significant. Future progress depends not merely 

on creating deeper models, but on ensuring their scalability, interpretability, and resilience 

against adversarial manipulation. As cyber warfare becomes increasingly automated, the 

symbiosis of human expertise and deep learning architectures will be the defining factor in 

effective organizational defense. 
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