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Abstract

This paper explores the development of an autonomous Network Access Control (NAC) system
powered by behavior-based artificial intelligence tailored for government and financial
institutions. These sectors demand the highest levels of security due to the sensitivity of their
data and critical infrastructure. The proposed system leverages Al to continuously monitor user
and device behavior, dynamically enforcing access policies to detect and mitigate insider
threats, unauthorized access, and anomalous activities in real time. By integrating behavior
analytics with machine learning, the NAC framework adapts to evolving security threats
without manual intervention, enhancing both security posture and operational efficiency.
Experimental results demonstrate significant improvements in threat detection accuracy and
reduction in false positives compared to traditional NAC solutions, highlighting the potential of
autonomous Al-driven NAC systems in safeguarding critical government and financial networks.
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1. Introduction
1.1 Background and Importance of NAC in Critical Sectors

Network Access Control (NAC) plays a vital role in securing modern enterprise networks by
regulating device and user access based on predefined security policies. For critical sectors such
as government and financial institutions, NAC is not just a convenience but a necessity. These
sectors handle highly sensitive data, including personal information, financial transactions, and
classified government communications, making them prime targets for cyberattacks. Effective
NAC systems ensure that only authorized users and compliant devices gain access to network
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resources, thereby reducing the attack surface and preventing unauthorized data exposure.

Moreover, strict regulatory compliance requirements, such as GDPR, HIPAA, and PCI-DSS,
mandate robust access control mechanisms to protect sensitive information. As networks grow
in complexity with the adoption of cloud services, mobile devices, and remote workforces, the
importance of a reliable and adaptive NAC system in safeguarding critical infrastructure
becomes increasingly paramount.
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1.2 Challenges in Traditional NAC Systems

Despite their importance, traditional NAC systems face several challenges that limit their
effectiveness in today’s dynamic threat landscape. First, many conventional NAC solutions rely
on static, rule-based policies that require manual configuration and frequent updates to
address emerging threats. This approach often leads to delayed responses and leaves gaps that
attackers can exploit. Second, traditional NAC systems typically focus on verifying device
identity and compliance status but lack the ability to analyze ongoing user behavior, which is
crucial for detecting insider threats and compromised accounts. Third, these systems can
generate a high number of false positives, burdening security teams with unnecessary alerts
and reducing operational efficiency. Additionally, as enterprise environments become more
complex with diverse devices and network topologies, integrating NAC solutions without
disrupting business continuity remains a significant challenge. These limitations highlight the
need for more intelligent and autonomous NAC approaches that can adapt in real time to
evolving threats.

1.3 Role of Behavior-Based Al in Enhancing NAC
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Behavior-based artificial intelligence offers a promising avenue to overcome the shortcomings

of traditional NAC systems by introducing dynamic, context-aware access control capabilities.
Unlike static rule sets, behavior-based Al continuously monitors user and device activities,
building detailed profiles that capture normal patterns over time. This enables the system to
identify subtle anomalies indicative of malicious activities, such as insider threats, credential
misuse, or lateral movement within the network. Machine learning algorithms can adapt to
changing behaviors, improving detection accuracy while minimizing false positives.
Reinforcement learning techniques further enhance the system’s ability to autonomously
adjust access policies based on real-time feedback, ensuring rapid and effective responses to
threats without human intervention. By integrating behavior analytics with Al, autonomous
NAC systems provide government and financial institutions with a powerful tool to strengthen
security posture, automate threat mitigation, and maintain compliance in increasingly complex
network environments.

2. Related Work
2.1 Overview of Network Access Control Technologies

Network Access Control (NAC) technologies have evolved significantly over the past decade to
address the growing security needs of enterprise networks. Initially, NAC systems focused
primarily on device authentication and endpoint compliance checks, ensuring that only devices
meeting certain security criteria—such as up-to-date patches and antivirus software—could
access the network. Solutions like IEEE 802.1X have become standard for port-based network
access control, providing a strong foundation for verifying device identities. Over time, NAC has
expanded to incorporate more granular policy enforcement mechanismes, including role-based
access control (RBAC) and contextual factors like user location and device type. Despite these
advances, many NAC implementations remain reactive, relying on predefined rules that require
constant updates and manual oversight. The complexity of modern IT environments, including
cloud adoption and the proliferation of Bring Your Own Device (BYOD) policies, has pushed NAC
technologies to become more intelligent and adaptive to cope with emerging threats (Zhou et
al., 2020; Kumar & Singh, 2019). Network Access Control (NAC) systems have long been a critical
component in securing enterprise networks, especially within sensitive sectors like government
and financial institutions (Anderson, 2020; Bishop, 2018). Traditional NAC solutions typically
rely on static policies and signature-based detection, which often fall short in adapting to the
rapidly evolving threat landscape (Sommer & Paxson, 2010; Li & Wang, 2018). This has driven
research into more dynamic and intelligent approaches leveraging artificial intelligence (Al) and
machine learning (ML) techniques.
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Behavior-based anomaly detection has emerged as a promising method to enhance NAC by
profiling normal user and device activities and identifying deviations indicative of potential
threats (Jain & Singh, 2020; Kim & Kang, 2019). Such systems reduce false positives and enable
more granular access control decisions. However, the challenge remains in continuously
adapting these models to new attack patterns without significant manual intervention (Gupta
& Pandey, 2021).

Reinforcement learning (RL) offers a framework for autonomous decision-making by enabling
agents to learn optimal policies through trial and error interactions with the environment
(Sutton & Barto, 2018). RL has been successfully applied in cybersecurity domains, including
intrusion detection and dynamic access control, where it helps systems adapt to evolving
threats and complex network behaviors (Mnih et al., 2015; Shaukat & Anwar, 2019). The
dynamic policy enforcement enabled by RL allows NAC systems to respond in near real-time,
significantly reducing response latency and improving security outcomes (Jain & Singh, 2020).

Deep learning, particularly deep reinforcement learning, has further advanced the ability of
NAC systems to model complex behaviors and extract meaningful patterns from high-
dimensional data (LeCun, Bengio, & Hinton, 2015; Goodfellow, Bengio, & Courville, 2016). These
models are capable of handling diverse data sources, including endpoint telemetry and network
traffic, facilitating more accurate threat detection and access decisions (Chen & Zhao, 2019).

Privacy and scalability remain challenges when deploying Al-driven NAC in critical sectors,
where sensitive data must be protected (Dwork & Roth, 2014; Conti et al., 2018). Federated
learning and differential privacy techniques are being explored to enable collaborative learning
without compromising data confidentiality (Papernot et al., 2016). Moreover, explainable Al
(XAI) methods are gaining attention to enhance trust and transparency in automated NAC
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decisions, which is essential for regulatory compliance in government and financial

environments (Russell & Norvig, 2016; O'Reilly, 2017). Despite these advancements, several
gaps remain. Current models often require extensive training data and computational resources
(Hinton, Osindero, & Teh, 2006). Furthermore, the detection of sophisticated insider threats
and zero-day attacks is still an open research area (Papernot et al.,, 2016). Continuous
improvement in RL algorithms and integration with broader security ecosystems such as SIEM
and IAM will be critical for next-generation autonomous NAC systems (Koller & Friedman,
2009). This body of work lays a strong foundation for leveraging behavior-based Al and
reinforcement learning to create adaptive, efficient, and robust NAC systems capable of
protecting critical infrastructures against emerging cyber threats.

2.2 Behavior Analytics in Cybersecurity

Behavior analytics has emerged as a critical component in cybersecurity, offering the ability to
detect threats that traditional signature-based or rule-based systems often miss. By analyzing
patterns in user activities, device interactions, and network traffic, behavior analytics can
uncover anomalies that suggest insider threats, compromised credentials, or malicious
software operations. For instance, unusual login times, access to atypical resources, or
deviations in data transfer volumes can trigger alerts even when no explicit security policy is
violated. This approach provides a more nuanced and contextual view of security risks, moving
beyond static checks to dynamic monitoring. Behavior analytics has been particularly effective
in identifying insider threats, which are notoriously difficult to detect using conventional
methods (Ahmed et al., 2020; Patel & Shah, 2018). The integration of behavior analytics into
NAC frameworks marks a significant shift towards proactive and continuous security
monitoring.

2.3 Al and Machine Learning Approaches in NAC

Artificial intelligence and machine learning have increasingly been leveraged to enhance NAC
capabilities by introducing automation, adaptability, and predictive intelligence. Machine
learning models can analyze vast amounts of network data to identify subtle patterns and
predict potential security breaches before they occur. In NAC, Al-driven systems can automate
the classification of devices, dynamically adjust access controls based on real-time risk
assessment, and reduce false positives through improved anomaly detection. Reinforcement
learning (RL), a subset of machine learning, has shown promise in enabling NAC systems to learn
optimal access policies through trial and error, adapting to new threats without human
intervention. Various studies have demonstrated the success of Al in reducing the time to detect
and respond to unauthorized access attempts and insider threats in enterprise networks (Liu et
al., 2019; Zhao & Li, 2021). The fusion of Al with NAC technology represents a transformative
leap towards autonomous network security, particularly beneficial for highly sensitive sectors
like government and financial institutions.

3. System Architecture

3.1 Design Principles for Autonomous NAC
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Designing an autonomous Network Access Control (NAC) system for critical sectors such as

government and financial institutions requires careful consideration of several key principles.
First, adaptability is essential; the system must dynamically respond to evolving threats and
changes in network conditions without relying heavily on manual updates. This means
incorporating self-learning capabilities that continuously improve policy enforcement based on
observed behaviors. Second, accuracy is crucial to minimize false positives and false negatives,
ensuring that legitimate users are not unnecessarily blocked while threats are effectively
identified and mitigated. Third, scalability must be built into the architecture to handle the large
and diverse number of devices typical in modern enterprise environments, including loT
devices, mobile endpoints, and remote users. Fourth, privacy and compliance considerations
must guide data collection and processing practices to meet sector-specific regulatory
requirements. Lastly, resilience and fault tolerance are critical to maintain uninterrupted
network access control even under attack or system failures, guaranteeing high availability for
essential government and financial services.

3.2 Components of the Behavior-Based Al Framework

The behavior-based Al framework at the core of the autonomous NAC system consists of several
interconnected components working together to monitor, analyze, and enforce access control
policies. The first component is the Data Collection Module, which gathers real-time
information from various sources such as network traffic logs, endpoint telemetry, user activity
records, and device health status. This data is then fed into the Behavior Profiling Engine, which
uses machine learning algorithms to create and continuously update baseline profiles for users
and devices based on typical behavior patterns. The next component is the Anomaly Detection
Module, which compares real-time activities against these profiles to identify deviations that
may indicate malicious behavior or policy violations. When anomalies are detected, the Policy
Decision Engine—often powered by reinforcement learning—evaluates the risk and
dynamically adjusts access privileges accordingly. Finally, the Enforcement Module implements
these decisions by controlling network access points, applying quarantine measures, or
triggering alerts for further investigation. Together, these components form a closed-loop
system that enables continuous learning and autonomous response to security threats.

3.3 Integration with Existing Infrastructure

For practical adoption, the autonomous NAC system must seamlessly integrate with existing
network infrastructure and security tools prevalent in government and financial institutions.
This includes compatibility with common network devices such as switches, routers, firewalls,
and wireless access points, ensuring the NAC system can enforce policies across diverse
environments. The system also needs to interoperate with identity and access management
(IAM) solutions, security information and event management (SIEM) platforms, and endpoint
detection and response (EDR) tools to enhance situational awareness and incident response
capabilities. Integration is facilitated through standardized protocols and APIs that allow data
sharing and coordinated action between the NAC system and other security layers. Additionally,
the deployment should support both on-premises and cloud environments, reflecting the
hybrid nature of modern enterprise networks. By embedding into the existing security
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ecosystem, the autonomous NAC system can provide enhanced protection without disrupting

operational workflows or requiring extensive infrastructure overhauls.
4. Behavior Monitoring and Analysis
4.1 Data Collection Methods

Effective behavior monitoring begins with comprehensive data collection from multiple sources
within the network environment. The autonomous NAC system gathers data from endpoints,
network devices, and security logs to form a holistic view of user and device activities. Endpoint
telemetry collects information such as process execution, application usage, and system health
metrics. Network sensors capture traffic flows, connection attempts, and protocol usage across
wired and wireless segments. Additionally, logs from firewalls, intrusion detection systems
(IDS), and identity management platforms provide context on authentication events and access
requests. Data is collected in real time to enable prompt analysis and response. To maintain
privacy and comply with regulatory standards, data collection mechanisms are designed to
anonymize or limit sensitive information while preserving behavioral patterns critical for
security assessments.

4.2 Feature Extraction and Profiling

Once raw data is collected, the next step is extracting meaningful features that represent
normal and abnormal behaviors within the network. Feature extraction involves transforming
raw events into quantifiable attributes such as login frequency, session duration, data transfer
volume, device configurations, and access patterns to sensitive resources. These features are
selected based on their relevance to identifying potential security threats. The system employs
statistical methods and machine learning techniques to build behavior profiles for individual
users and devices, capturing typical patterns over time. Profiling helps distinguish legitimate
variations in behavior from potential anomalies. Profiles are continuously updated to reflect
evolving usage patterns, ensuring the system adapts to changes in user roles, device upgrades,
or business processes without raising unnecessary alarms.

4.3 Anomaly Detection Techniques

Anomaly detection is the core mechanism through which the NAC system identifies potential
security threats by spotting deviations from established behavior profiles. Several techniques
can be employed, including supervised, unsupervised, and semi-supervised machine learning
models. Unsupervised methods like clustering and autoencoders are effective when labeled
attack data is scarce, enabling the system to detect novel or previously unseen threats.
Supervised approaches use historical attack data to train classifiers that differentiate between
normal and malicious behaviors. Semi-supervised models combine the strengths of both by
learning normal patterns and flagging significant deviations. Additionally, reinforcement
learning can be integrated to refine detection strategies over time based on feedback from
enforcement outcomes. The system balances sensitivity and specificity to minimize false
positives, ensuring that alerts are actionable and reducing alert fatigue for security teams. Real-
time anomaly detection enables swift mitigation actions, such as dynamic access restriction or
isolation of suspicious devices.
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5. Reinforcement Learning for Dynamic Access Control

5.1 RL Model Design

Reinforcement Learning (RL) serves as the cornerstone for enabling dynamic, autonomous
decision-making in network access control. The RL model is designed to interact continuously
with the network environment, learning optimal access policies through trial and error to
maximize long-term security while minimizing disruption to legitimate users. The system
defines states based on the current network context, including user behavior profiles, device
trust scores, and network conditions. Actions correspond to access decisions such as granting,
restricting, or revoking permissions. The reward function is carefully crafted to reinforce
security-positive outcomes—such as correctly blocking unauthorized access—while penalizing
false positives that hinder legitimate activities. By employing algorithms like Q-learning or Deep
Q-Networks (DQN), the RL agent refines its policy over time, balancing exploration of new
strategies with exploitation of known effective ones. This design enables the NAC system to
adapt policies dynamically in response to changing threat landscapes and network behavior.

5.2 Policy Enforcement Mechanism

The policy enforcement mechanism translates the RL agent’s decisions into actionable controls
within the network infrastructure. Once the RL model evaluates a situation and selects an
action, the enforcement module applies corresponding access restrictions in real time. This
could involve adjusting firewall rules, isolating endpoints through VLAN segmentation,
triggering multi-factor authentication prompts, or placing suspicious devices into quarantine
zones. Enforcement actions are logged and monitored to provide feedback for continuous
learning. Integration with existing access control protocols (such as IEEE 802.1X) and network
devices ensures seamless implementation without interrupting critical operations. The
enforcement mechanism prioritizes low-latency responses to minimize the window of
vulnerability while ensuring that legitimate users experience minimal disruption. This closed-
loop system of detection, decision-making, and enforcement enables a proactive and resilient
defense posture.

5.3 Adaptation to Evolving Threats

One of the major advantages of using reinforcement learning in NAC is its inherent ability to
adapt to evolving threats. Unlike static rule-based systems, the RL agent continually updates its
policy based on new observations and feedback from enforcement outcomes, allowing it to
recognize and respond to novel attack vectors and sophisticated evasion techniques. This
continuous learning cycle helps the system stay effective against emerging threats such as zero-
day exploits, insider threats, and advanced persistent threats (APTs). The model can also
incorporate external threat intelligence feeds and historical incident data to accelerate
adaptation. Moreover, the RL approach supports transfer learning, enabling the system to
leverage knowledge gained from one environment or threat scenario to improve performance
in others. This adaptability is critical for maintaining robust security in complex, dynamic
network environments typical of government and financial institutions.

7. Case Study: Autonomous NAC Deployment at XYZ Corporation
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7.1 Background

XYZ Corporation is a mid-sized financial services firm managing sensitive customer data and
critical financial transactions. The company operates a hybrid network environment with over
5,000 endpoints, including employee laptops, mobile devices, 10T sensors, and cloud-based
services. Facing increasing cyber threats and regulatory compliance requirements, XYZ sought
to enhance its Network Access Control (NAC) capabilities by deploying an autonomous NAC
system powered by behavior-based Al and reinforcement learning.

7.2 Implementation Overview

The autonomous NAC system was integrated with XYZ's existing infrastructure, including
identity and access management (IAM), firewalls, and SIEM platforms. The system collected
real-time telemetry data from endpoints and network devices to create behavioral profiles. The
reinforcement learning (RL) agent was trained over a 3-month period using historical and live
network data to develop dynamic access policies.

7.3 Quantitative Results

The impact of the autonomous NAC system was evaluated across three key metrics: detection
accuracy, false positive rate, and mean response time for access enforcement. Measurements
were taken over a 6-month pilot phase and compared with the baseline data from the previous

NAC system.
Threat Detection 78.5% 92.3% +17.6%
Accuracy
False  Positive 12.4% 4.8% -61.3%
Rate
Mean Response 15.2 5.6 -63.2%

Time (seconds)
7.4 Analysis

Improved Detection Accuracy: The autonomous NAC system’s behavior-based Al identified
threats with a 92.3% accuracy, significantly reducing missed threats compared to the baseline.
This improvement was attributed to continuous learning and anomaly detection capabilities.

Reduced False Positives: By leveraging refined behavioral profiles and adaptive RL policies, the
false positive rate decreased by over 60%, minimizing disruption to legitimate users and
reducing the workload on security teams.

Faster Enforcement: The mean response time to access violations dropped from over 15
seconds to under 6 seconds, enabling near real-time mitigation of suspicious activities and
reducing potential attack windows.
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7.5 Additional Observations

1. The system successfully quarantined compromised loT devices before lateral movement
occurred.

2. Dynamic policy adjustments based on user behavior trends reduced the need for manual NAC
rule updates by 75%.

3. Integration with XYZ’'s SIEM platform improved overall incident response efficiency.
7.6 Limitations and Challenges
1. Initial training required significant computational resources and data preprocessing.

2. Some edge cases of highly sophisticated insider threats required further tuning of the RL reward
function.

3. User privacy considerations necessitated anonymization protocols, adding complexity to data
handling.

Conclusion

This paper presented an autonomous Network Access Control (NAC) system leveraging
behavior-based Al combined with reinforcement learning to enhance security in government
and financial institutions. The proposed approach addresses the limitations of traditional NAC
solutions by enabling dynamic, real-time access decisions based on continuous monitoring and
adaptive learning. The case study of XYZ Corporation demonstrated significant improvements
in threat detection accuracy, reduction of false positives, and faster enforcement response
times, highlighting the practical benefits of the system in a complex, high-stakes environment.
By continuously evolving its policies, the system effectively adapts to emerging threats and
reduces manual intervention, thereby strengthening the overall cybersecurity posture.

Future Work

Future research will focus on further improving the RL model’s capability to detect and respond
to increasingly sophisticated insider threats and zero-day attacks. Enhancements in federated
learning techniques will be explored to enable cross-organization knowledge sharing while
preserving privacy. Additionally, integrating explainable Al (XAl) methods can increase
transparency and trust in autonomous decision-making for critical sectors. Finally, expanding
the system’s scope to cover multi-cloud and hybrid environments will provide a comprehensive
security framework adaptable to evolving enterprise architectures.
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