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ABSTRACT

Explainable artificial intelligence (XAl) has emerged as an essential technology in high-stakes
domains requiring reliability and safety, including autonomous driving and defense systems.
Conventional XAl research has largely focused on post-hoc explanation methods, including SHAP
and LIME; however, such approaches exhibit fundamental limitations in terms of explanation fidelity
and consistency. We analyze current technical trends in XAl with a primary focus on Kolmogorov-
Arnold networks (KANs) as an intrinsically interpretable architecture designed to overcome these
shortcomings. Unlike traditional neural networks, which assign fixed weights to nodes, a KAN
introduces learnable univariate functions on network edges, enabling the direct interpretation of
input-output relationships and simultaneously achieving both high expressiveness and structural
transparency. A case study of applying KAN to a vehicle dynamics model further demonstrates that
a hybrid XAl framework integrating KAN-based structural interpretability with post-hoc explanation
methods, such as SHAP and LIME, offers a practically effective approach to robust and faithful
explanations. Going forward, XAl is expected to evolve through the convergence of intrinsically
interpretable architectures and post-hoc techniques, alongside the establishment of quantitative
evaluation frameworks for explanations. Within this context, KANs are anticipated to serve as a
pivotal building block for next-generation XAl systems.

KEYWORDS Explainability, Intrinc(Inherent) Interpretability, Post-hoc, XAl
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