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Abstract

This paper provides a comprehensive review of the application status of artificial intelligence
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technology in the field of cybersecurity assessment. Its core applications cover key directions such
as vulnerability detection and management, intrusion detection and prevention, as well as risk as-
sessment and situational awareness. Based on a systematic collation of research progress across
various fields, this paper elaborates on the pivotal roles played by Al technology in cybersecurity
assessment, including significantly improving detection accuracy and efficiency, possessing robust
adaptive learning capabilities, and enabling comprehensive and in-depth analysis of assessment ob-
jects. However, Al still faces multiple challenges in practical cybersecurity assessment: the shortage of
high-quality labeled data, risks of privacy leakage, insufficient model interpretability, and weak ad-
versarial attack resistance. In light of the aforementioned status quo, this paper summarizes the
existing practical models of human-Al collaborative work, synthesizes the application progress and
expansion potential of federated learning in the cybersecurity domain, and discusses the evolution-
ary trends of cybersecurity assessment methodologies in the quantum computing era. It is antici-
pated that through the aforementioned analysis, this paper will comprehensively present the appli-
cation landscape of Al in cybersecurity assessment and provide references for subsequent related
research.
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Table 1. Performance comparison table of partial machine learning models and traditional models
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Figure 1. Traditional vulnerability scanning
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Table 2. Performance comparison table of partial mainstream intrusion detection models and traditional models
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Figure 2. Peer-to-peer federated learning framework
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