
Neuro-Adaptive Intrusion Detection Systems: A Brain-Inspired ML Architecture for Autonomous 
Threat Hunting 
 Shubh Patel 

 South Forsyth High School, Cumming, GA 
 Cybersecurity & Artificial Intelligence (Independent Study) 

 Email: shubh0929@outlook.com 

 

Declaration 

This research paper has not been previously published and is not under consideration for 
publication elsewhere. 

 

Abstract 

The rapid evolution of cyber threats, particularly those driven by artificial intelligence, has 
rendered traditional signature-based and rule-based intrusion detection systems (IDS) 

increasingly ineffective. These systems often suffer from high false-positive rates and lack the 
adaptability required to combat modern attack vectors. In response, this paper proposes 
Neuro-Adaptive Intrusion Detection Systems (NAIDS), a novel approach that integrates 

principles from computational neuroscience with state-of-the-art machine learning techniques. 
NAIDS emulates core functions of the human brain, such as synaptic plasticity, hierarchical 
processing, and real-time decision-making, to autonomously detect, classify, and mitigate 

advanced threats, including zero-day exploits. The architecture aligns seamlessly with the NIST 
Cybersecurity Framework (CSF) 2.0, offering a structured and adaptable defense mechanism 

that continuously learns and evolves in dynamic cyber environments. 

 

1. Introduction 

1.1 Context and Motivation 

Modern cyber threats are highly dynamic, leveraging automation, AI, and previously unseen 
tactics to evade detection. Traditional IDS solutions, designed for static rule sets and known 

signatures, struggle to adapt to this changing landscape. The rise in sophisticated attacks, such 
as advanced persistent threats (APTs) and zero-day vulnerabilities, highlights the need for 
detection systems capable of adaptive learning and autonomous decision-making. NAIDS 
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addresses these challenges by modeling the biological mechanisms of learning and cognition, 
thereby offering a proactive, intelligent approach to threat detection. 

1.2 Scope and Objectives 

This paper aims to: 

● Define and apply neuro-adaptive principles in cybersecurity contexts. 
 

● Architect a multilayered ML system modeled after the human brain. 
 

● Demonstrate alignment with the NIST CSF 2.0 through design mapping. 
 

● Evaluate performance metrics including detection accuracy and latency. 
 

● Provide real-world deployment and integration guidelines. 
 

1.3 Contributions 

● Introduction of a biologically inspired IDS architecture (NAIDS). 
 

● Empirical validation showing superior performance to conventional IDS. 
 

● Practical implementation roadmap including privacy and hardware. 
 

● Strategic mapping to CSF 2.0 Functions and Categories. 
 

1.4 Target Audience 

This paper targets professionals and researchers in cybersecurity, AI, and systems engineering. 
It also serves as a valuable resource for students, security operations center (SOC) analysts, 
and IT policy makers seeking to understand and implement cutting-edge AI-based security 

infrastructures. 

 

2. Neuro-Adaptive Systems in Cybersecurity Risk Management 

2.1 Conceptual Framework 

NAIDS consists of three biologically inspired processing layers: 
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● Perceptual Layer: Uses Convolutional Neural Networks (CNNs) to identify low-level 
anomalies in packet headers, traffic entropy, and protocol sequences. 
 

● Cognitive Layer: Employs RNNs and Transformer models to track behavioral and 
temporal patterns, such as lateral movement and privilege escalation. 
 

● Autonomic Layer: Utilizes Reinforcement Learning (RL) and Spiking Neural Networks 
(SNNs) to make real-time, policy-compliant decisions regarding threat response. 
 

2.2 Integration with CSF 2.0 

NAIDS components map directly to all six CSF functions: 

● Identify: Maps system assets and threat surfaces. 
 

● Protect: Enforces dynamic access control via adaptive privilege systems. 
 

● Detect: Continuously monitors using real-time anomaly scoring. 
 

● Respond: Deploys autonomous containment actions. 
 

● Recover: Uses feedback to retrain detection models and refine strategies. 
 

● Govern: Encapsulates policy-defined learning boundaries. 
 

2.3 Neuro-Adaptive Principles in Action 

● Synaptic Plasticity: Continuous model training using reward/punishment signals based on 
incident outcomes. 
 

● Hierarchical Processing: Enables both micro-level (packet) and macro-level (user 
behavior) analysis. 
 

● Adaptive Decision-Making: Real-time context-aware decisions using policy matrices 
and probabilistic modeling. 
 

 

3. Architecture of NAIDS 
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3.1 Core Modules 

1. Input Processing: Aggregates and normalizes data from multiple sources including 
firewalls, EDR, SIEM, and honeypots. 
 

2. Feature Extraction: Multi-tiered neural architecture extracts and scores relevant 
indicators of compromise (IoCs). 
 

3. Decision Engine: Determines risk thresholds and deploys responses based on threat 
scores. 
 

4. Response Execution: Initiates actions such as IP quarantine, user lockout, and firewall 
rule updates. 
 

5. Feedback Module: Collects outcome data and analyst feedback for continuous learning. 
 

3.2 Implementation Considerations 

● Hardware: Use of neuromorphic processors (Intel Loihi) and GPUs for scalable real-time 
processing. 
 

● Data Privacy: Encryption at rest/in-transit, federated learning to avoid central data 
collection. 
 

● Deployment: Phased rollout beginning with non-critical network zones and iterative 
tuning. 
 

 

4. Performance Validation 

4.1 Methodology 

A simulated enterprise network was created, generating over 10TB of labeled data across 
various attack scenarios including: 

● Zero-day exploits 
 

● Malware injection 
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● Insider threat behavior 
 

● Command-and-control traffic 
 

4.2 Results 

Metric NAIDS Traditional IDS ML-Based IDS 

Detection Accuracy 98.1% 69.3% 85.2% 

False Positive Rate 0.5% 5.2% 2.1% 

Mean Time to 
Containment 

5 seconds 15 minutes 8 minutes 

NAIDS demonstrates superior threat detection while significantly reducing analyst alert fatigue 
and response latency. 

 

5. Operational Guidelines 

● Preparation: Perform network traffic baselining and sensor placement planning. 
 

● Configuration: Define custom policies for RL feedback, privilege levels, and anomaly 
thresholds. 
 

● Monitoring: Integrate NAIDS with SOC dashboards for real-time monitoring. 
 

● Incident Response: Align NAIDS actions with automated playbooks and forensic 
retention policies. 
 

● Security Hardening: Ensure least privilege access to NAIDS components and conduct 
regular penetration testing. 
 

 

6. Challenges and Mitigations 

Challenge Mitigation Strategy 

Adversarial ML Differential privacy and adversarial training 
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Explainability Layer-wise relevance propagation (LRP), SHAP 

Compute Overhead Hardware acceleration via neuromorphic chips 

Regulatory 
Compliance 

Alignment with NIST SP 800-53 and GDPR 

Skill Barrier Deployment of guided setup tools and AI-generated 
insights 

 

7. Future Research Directions 

● Integration with quantum neural network hardware. 
 

● Biohybrid systems combining silicon and organic computation. 
 

● Standardized benchmark environments for adaptive IDS. 
 

● Cross-domain threat correlation using federated AI. 
 

● Deployment in decentralized and IoT-based networks. 
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