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The Multi-Layer Perceptron (MLP) has long served as the backbone of modern deep learning. However,
its reliance on fixed activation functions at neurons restricts its ability to adapt to complex local features,
often requiring deep, over-parameterized structures to approximate high-frequency or discontinuous functions.
Recently, Kolmogorov-Arnold Networks (KANs) [1] have been proposed as a fundamental shift in neural archi-
tecture. Unlike MLPs, which use fixed non-linearities on nodes and learnable linear weights on edges, KANs
place learnable activation functions directly on the edges, effectively replacing weight matrices with univariate
function approximators.

In this work, we investigate whether this architectural paradigm shift translates to tangible improvements
in function approximation. We present a comprehensive analysis of the KAN landscape, benchmarking the
standard Spline-based KAN against optimized variants including Cheby-KAN (Chebyshev polynomials) [3],
FastKAN (Radial Basis Functions) [2], and EfficientKAN. We evaluate these architectures alongside a standard
MLP baseline on a diverse set of topological challenges, ranging from smooth surfaces (Franke’s function) to
functions exhibiting singularities, discontinuities, and rapid oscillations.

Our qualitative and quantitative analysis reveals that KANs possess a superior inductive bias for scientific
computing tasks. While MLPs suffer from spectral bias—failing to capture high-frequency components—KAN
architectures successfully adapt to sharp gradients and oscillations. Furthermore, we address the primary bottle-
neck of standard KANs: computational inefficiency. We demonstrate that replacing B-splines with orthogonal
polynomials (Cheby-KAN) or carefully selected compact-support kernels (Wendland functions in FastKAN)
drastically reduces training overhead without sacrificing the network’s interpretability or precision.

Joint work with: Roberto Cavoretto (University of Torino), Alessandra De Rossi (University of Torino),
Amir Noorizadegan (Hong Kong Baptist University).
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