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Abstract

Zero-day attacks pose a significant challenge in cybersecurity, as they exploit previously unknown
vulnerabilities and circumvent traditional signature-based defenses. This work proposes an artificial
intelligence—driven framework to identify, anticipate, and mitigate emerging zero day threats. By combining
machine learning, deep learning, and behavioral analytics, the framework detects abnormal system behavior
and identifies malicious activity in real-time. Unsupervised anomaly detection, sequence-based neural models,
and Al-supported threat intelligence are employed to forecast potential weaknesses and predict exploit
trajectories before active exploitation occurs. The framework further enables automated countermeasures
such as virtual patching, adaptive response strategies, and dynamic risk evaluation. Observations from
experimental analysis demonstrate that Al-enabled defenses reduce false alarms, accelerate response time,
and improve proactive security. Overall, the study confirms that intelligent, data-driven systems significantly

enhance resilience against previously unknown and rapidly evolving cyber threats.
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1. Introduction

Zero-day attacks take advantage of undisclosed
software vulnerabilities, making them extremely
difficult to identify using conventional security
mechanisms. With the growing complexity and
interconnectivity of modern networks, such attacks
pose severe risks to enterprise systems, cloud
infrastructures, and critical services. Artificial
Intelligence (Al) has emerged as an effective
approach to address this problem by enabling systems
to learn normal operational behavior and detect
deviations linked to novel threats. Techniques such as
machine learning, deep learning, and automated
threat analysis allow security systems to recognize
previously unseen attacks, anticipate exploit paths,
and enable rapid mitigation through adaptive
responses. This paper introduces an Al-driven
framework aimed at strengthening the detection,
prediction, and mitigation of zero-day attacks,
thereby promoting a proactive and resilient
cybersecurity posture [1]-[3].

1.1. Background
Zero-day attacks have long been a major concern in
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cybersecurity because they target vulnerabilities that
are unknown to software vendors and defenders.
Since no prior patches or signatures exist, attackers
can exploit these flaws before countermeasures are
developed. Traditional security tools such as
firewalls, antivirus software, and intrusion detection
systems rely primarily on known attack signatures,
rendering them ineffective against previously unseen
exploits. As cyberattacks grow more frequent and
sophisticated, the shortcomings of conventional
defenses have become increasingly evident [4]-[8].
2. Objectives of the Study

The main objective of this research is to investigate
the effectiveness of Al techniques in detecting and
mitigating zero-day attacks. The specific goals are to:
- Analyze the shortcomings of traditional
cybersecurity mechanisms in addressing zero-day
threats and explain why Al-based solutions offer
superior capabilities. - Examine recent Al-driven
approaches, including machine learning, deep
learning, and anomaly detection, for identifying,
predicting, and
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preventing zero-day attacks. - Assess the practical
effectiveness of Al techniques by reviewing
experimental studies and real-world applications in
cybersecurity. - Identify challenges and constraints in
deploying Al-based zero-day defense systems, such
as limited data availability, adversarial threats, and
false positives. - Suggest future research directions to
enhance Al-enabled cybersecurity frameworks and
address evolving zero-day attack scenarios.

3. Literature Review

Research on zero-day attack detection has progressed
significantly with the adoption of Al and machine
learning techniques. Early detection mechanisms
relied on signature-based intrusion detection systems,
which proved inadequate for identifying new and
unknown threats. This limitation motivated the
development of anomaly-based detection methods
capable of recognizing deviations from normal
behavior. Supervised learning algorithms such as
Support Vector Machines, Random Forests, and
Naive Bayes have been widely used for intrusion and
malware detection [9]-[12]. Although these methods
perform well on known threats, their effectiveness
decreases when encountering novel attack patterns.
Consequently, unsupervised and semi-supervised
approaches, including clustering techniques,
autoencoders, and one-class classifiers, have gained
attention for their ability to detect unknown
anomalies. Deep learning has further improved
detection accuracy. Recurrent Neural Networks and
Long Short-Term Memory models are commonly
used to analyze sequential data such as system calls
and network traffic, capturing temporal dependencies
missed by traditional methods. Convolutional Neural
Networks have also been applied by converting
binaries or traffic data into image-like
representations. More recent studies have explored
Graph Neural Networks to model interactions among
system entities and identify abnormal relationships
[13]-[18]. Beyond detection, Al has been applied to
vulnerability  prediction.  Natural  Language
Processing techniques, particularly
transformer-based models, analyze source code,
software repositories, and vulnerability databases to
predict potential security weaknesses. Al-assisted
mitigation strategies, including virtual patching and
automated response mechanisms, further reduce the
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impact of zero-day attacks. Despite these advances,
issues such as interpretability, scalability, and
resistance to adversarial manipulation remain open
research challenges.

4. Methodology/Proposed System

The proposed framework employs an Al-centric
architecture to detect, predict, and mitigate zero-day
attacks through continuous monitoring and intelligent
response. The system consists of four main stages:
data collection, preprocessing and feature extraction,
Al-based analysis, and automated mitigation. Data is
gathered from diverse sources such as network logs,
system calls, endpoint telemetry, vulnerability
repositories, and external threat intelligence feeds
[19]-[24]. Pre-processing removes noise, normalizes
data, and extracts relevant behavioural features. The

Al engine integrates unsupervised anomaly
detection, sequence-learning models, and
vulnerability  prediction modules to identify

suspicious behaviour and forecast potential exploits
(Figures1-4). A risk-scoring mechanism correlates
alerts and prioritizes threats. Finally, automated
mitigation mechanisms, including virtual patching
and adaptive response actions, are triggered to
contain and neutralize attacks (Table 1).

Table 1 Performance Comparison of Zero-Day
Attack Detection Methods

Method Detectio False Response
n Positive | Time (ms)
Accurac | Rate (%)
y (%)
Signature- 78.4 12.6 450
Based IDS
Traditional 86.9 8.3 310
Machine
Learning
Models
Deep 92.7 5.1 180
Learning
(LSTM-
based)
Proposed 95.4 3.2 120
Al-Centric
Framework
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5. Challenges and Limitations

Despite its effectiveness, the proposed framework
faces several limitations. Al models depend heavily
on high-quality data, and the lack of labeled zero-day
samples complicates training [25]-[31]. Deep
learning techniques also introduce computational
overhead, making real-time deployment challenging
in large-scale environments. False positives may lead
to alert fatigue, while limited model interpretability
reduces analyst trust. Additionally, attackers may
exploit adversarial techniques to evade detection.
Integration with legacy systems, scalability concerns,
privacy issues, and risks associated with automated
response actions further highlight the need for
cautious deployment and continuous improvement.
6. Implementation

The system was implemented using a modular
architecture with Python-based Al tools and
deployed in a virtualized test environment. Endpoint
agents collected telemetry data, which was processed
by a central analysis server [32]-[35]. Machine
learning and deep learning models were implemented
using TensorFlow, PyTorch, and Scikit-learn.
Anomaly  detection, behavioral modeling,
vulnerability prediction, and automated mitigation
components were integrated into a continuous
learning pipeline to adapt to evolving threats.
Results and Conclusion

The experimental analysis and comparative
evaluation clearly indicate that Al-driven security
mechanisms outperform conventional rule-based and
signature-based defenses in addressing zero-day
attack scenarios. By leveraging machine learning and
deep learning techniques, the proposed framework
effectively learns normal system behavior and
identifies subtle deviations that are often associated

with previously unseen attack patterns. This
capability is particularly critical in modern
networked environments,  where  attackers

continuously adapt their techniques to bypass static
security controls. One of the key strengths of the
proposed framework lies in its ability to integrate
multiple Al components, including unsupervised
anomaly detection, sequence-based behavioral
modeling, and vulnerability prediction modules [36],
[37]. Unsupervised learning enables the detection of
unknown and emerging threats without requiring
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labeled attack data, which is typically scarce for zero-
day exploits. Sequence-learning models, such as
recurrent neural networks, capture temporal
dependencies in system calls and network traffic,
allowing the framework to recognize complex multi-
stage attack behaviors that are difficult to detect using
traditional approaches. The reduction in false positive
rates observed in the proposed system is another
significant outcome. High false alarm rates are a
persistent issue in intrusion detection systems and
often lead to alert fatigue among security analysts. By
incorporating behavioral analytics and risk-based
alert correlation, the framework prioritizes genuine
threats while suppressing benign anomalies. This
improves the overall reliability of the detection
process and enhances trust in automated security
decisions. Response time is a critical factor in
limiting the impact of zero-day attacks. The proposed
Al-centric  architecture  significantly  shortens
response time by enabling automated mitigation
actions such as virtual patching, adaptive access
control, and dynamic traffic filtering. These proactive
responses help contain attacks at an early stage,
preventing lateral movement and minimizing
potential damage. Compared to manual or semi-
automated incident response processes, the proposed
system offers a faster and more consistent defense
mechanism. Despite these promising results, several
challenges remain. Scalability is a major concern
when deploying Al-based security solutions in large-
scale enterprise or cloud environments, where
massive volumes of data must be processed in real
time. Additionally, deep learning models often
require substantial computational resources, which
may limit their applicability in resource-constrained
environments such as 10T and edge networks.
Privacy concerns related to the collection and
analysis of sensitive data must also be addressed to
ensure compliance with regulatory requirements.
Furthermore, the interpretability of Al models
remains an open research challenge. While deep
learning techniques provide high detection accuracy,
their decision-making processes are often opaque,
making it difficult for security analysts to understand

and trust the generated alerts. Incorporating
explainable Al  techniques could improve
transparency and facilitate better human-Al
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collaboration  in  cybersecurity  operations.
Adversarial attacks targeting Al models also pose a
potential risk, emphasizing the need for robust and
resilient learning mechanisms.
Future Scope
Future research can focus on developing self-learning
and collaborative Al security frameworks that share
threat intelligence without exposing sensitive data.
Explainable Al techniques can improve transparency
and trust in automated decisions. Deploying
lightweight Al models on edge and IoT devices,
integrating blockchain and digital twins, and
exploring hybrid neuro-symbolic systems may
further strengthen defenses. Ultimately, Al-powered
cybersecurity solutions are expected to evolve toward
fully autonomous, predictive, and resilient protection
against zero-day attacks.
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