
Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  75 
 

 

Australian Journal of Machine Learning Research & Applications  

Volume 4 Issue 2 
Semi Annual Edition | July - Dec, 2024 

This work is licensed under CC BY-NC-SA 4.0. 

Deep Reinforcement Learning for Automated Cyber Threat Hunting: A 

Next-Gen Solution 

John Smith, PhD, Associate Professor, Department of Computer Science, University of Technology, 

Cityville, Countryland 

Abstract 

In the face of increasingly sophisticated cyber threats, organizations are compelled to adopt 

advanced methodologies for cyber threat hunting. This paper proposes the utilization of Deep 

Reinforcement Learning (DRL) to automate the process of cyber threat hunting, focusing on 

real-time anomaly detection, effective decision-making, and efficient threat mitigation within 

enterprise systems. The integration of DRL into cybersecurity operations represents a 

paradigm shift from traditional approaches that often rely on static rule-based systems or 

signature-based detection methods. The proposed framework harnesses the adaptive learning 

capabilities of DRL algorithms, allowing for continuous improvement in threat detection and 

response strategies. By simulating various cyber threat scenarios, this research explores the 

effectiveness of DRL in identifying anomalies and initiating preemptive measures against 

potential attacks. The findings indicate that a DRL-based approach not only enhances the 

accuracy of threat detection but also significantly reduces response times, thereby improving 

overall cybersecurity posture. The implications of this research extend to various sectors, 

emphasizing the need for organizations to adopt automated solutions to remain resilient 

against evolving cyber threats. 
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The increasing frequency and sophistication of cyber attacks present a daunting challenge for 

organizations worldwide. Traditional cybersecurity measures often fall short, leading to a 

pressing need for innovative solutions. Cyber threat hunting, defined as the proactive search 

for cyber threats that may be lurking undetected within an organization, has emerged as a 

vital strategy in enhancing security posture. However, manual threat hunting is resource-

intensive and often lacks the speed necessary to respond to fast-evolving threats. To address 

these challenges, this paper proposes leveraging Deep Reinforcement Learning (DRL) as a 

next-generation solution for automating cyber threat hunting. 

Deep Reinforcement Learning, a subset of machine learning, combines the principles of deep 

learning and reinforcement learning, enabling systems to learn optimal behaviors through 

interaction with their environment. This approach is particularly well-suited for cybersecurity 

applications, where the dynamic nature of threats requires systems to adapt continuously and 

learn from new data. By automating the threat hunting process, organizations can achieve 

faster detection of anomalies, enhanced decision-making capabilities, and improved threat 

mitigation strategies. This paper explores the potential of DRL in revolutionizing cyber threat 

hunting, detailing its application in real-time anomaly detection and decision-making. 

 

Deep Reinforcement Learning: An Overview 

Deep Reinforcement Learning integrates two main components: deep learning and 

reinforcement learning. Deep learning utilizes neural networks to process large datasets and 

extract complex patterns, while reinforcement learning focuses on training agents to make 

decisions through trial and error within a defined environment. The fusion of these two 

methodologies has led to the development of powerful algorithms capable of handling 

intricate decision-making tasks [1]. 

In the context of cyber threat hunting, DRL algorithms can analyze vast amounts of data 

generated by network traffic, system logs, and user behaviors. These algorithms learn to 

recognize normal behavior patterns and identify deviations that may indicate potential 

security threats [2]. For instance, an agent trained using DRL can be exposed to a wide range 
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of cyber attack simulations, allowing it to learn effective strategies for detecting and mitigating 

various types of threats. 

One of the critical advantages of DRL is its ability to improve over time. As the system 

encounters new threats, it refines its detection algorithms, leading to a more robust 

cybersecurity framework [3]. Additionally, DRL can optimize resource allocation, ensuring 

that security teams focus their efforts on the most critical threats. The combination of these 

capabilities positions DRL as a transformative tool in the field of cybersecurity. 

 

Real-Time Anomaly Detection 

Real-time anomaly detection is a cornerstone of effective cyber threat hunting. By identifying 

deviations from established behavior patterns as they occur, organizations can respond to 

threats more swiftly and accurately. Traditional anomaly detection methods often rely on 

predefined rules or statistical models that may not adapt to evolving threats. In contrast, DRL 

offers a more dynamic approach [4]. 

DRL algorithms can continuously monitor network activity, user behavior, and system 

performance in real time. By leveraging techniques such as convolutional neural networks 

(CNNs) or recurrent neural networks (RNNs), DRL can analyze sequential data and detect 

anomalies that may indicate malicious activity [5]. For example, a DRL agent could learn to 

identify unusual login attempts, data exfiltration patterns, or abnormal access to sensitive 

resources. 

Furthermore, the adaptive nature of DRL enables the system to evolve with the threat 

landscape. As new attack vectors emerge, the algorithm can be retrained with updated data, 

ensuring that the anomaly detection capabilities remain effective [6]. This proactive stance is 

essential in minimizing the risk of undetected threats and bolstering an organization’s overall 

security posture. 

 

Decision-Making and Threat Mitigation 
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In addition to anomaly detection, effective decision-making is critical in the threat hunting 

process. Organizations must not only identify potential threats but also respond appropriately 

to mitigate risks. DRL excels in this area by simulating various threat scenarios and 

determining the best course of action [7]. 

The decision-making process involves evaluating multiple factors, such as the severity of a 

threat, potential impact, and available resources. DRL agents can learn from past incidents, 

analyzing which responses were successful and which were not [8]. This experiential learning 

allows the system to optimize its responses, reducing response times and minimizing damage 

during a cyber incident. 

Moreover, DRL can automate the execution of threat mitigation strategies. For example, if a 

DRL agent detects a potential data breach, it can automatically trigger predefined responses, 

such as isolating affected systems, alerting security teams, or implementing additional access 

controls [9]. By automating these processes, organizations can ensure a swift and coordinated 

response to threats, significantly enhancing their resilience against cyber attacks. 

 

Case Studies and Applications 

Several organizations have begun to explore the potential of DRL in automating cyber threat 

hunting. For instance, a leading financial institution implemented a DRL-based system to 

enhance its anomaly detection capabilities. By training the system on historical data, the 

organization was able to significantly reduce false positives and improve the accuracy of 

threat detection [10]. 

Another case study involved a technology company that employed DRL for real-time threat 

mitigation. The system successfully identified and responded to several attempted breaches, 

demonstrating the effectiveness of automated decision-making in cybersecurity operations 

[11]. These real-world applications highlight the growing interest in DRL as a viable solution 

for modern cybersecurity challenges. 

 

Conclusion 
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The advent of Deep Reinforcement Learning presents a promising avenue for automating 

cyber threat hunting. By leveraging the adaptive learning capabilities of DRL algorithms, 

organizations can enhance their anomaly detection, optimize decision-making processes, and 

implement effective threat mitigation strategies. The ability to continuously learn from new 

data and adapt to evolving threats positions DRL as a critical component in the cybersecurity 

toolkit [12]. 

As cyber threats continue to increase in complexity and frequency, the need for automated 

solutions becomes increasingly evident. The research presented in this paper underscores the 

importance of adopting innovative technologies like DRL to bolster cybersecurity defenses. 

Future research should focus on refining DRL algorithms for specific applications in 

cybersecurity and exploring their integration into existing security frameworks. Embracing 

such advancements will be vital for organizations striving to maintain resilience in the face of 

ever-evolving cyber threats. 
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