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Abstract

Inspired by the Kolmogorov-Arnold representation theorem, we propose Kolmogorov-
Arnold Networks (KANs) as promising alternatives to Multi-Layer Perceptrons (MLPs).
While MLPs have fixed activation functions on nodes (“neurons”), KANs have learnable
activation functions on edges (“weights”’). KANs have no linear weights at all — every
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(D are functions, not numbers)
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fixed nonlinear functions on nodes
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Linear B-Splines



Cubic B-Splines



B-splines

spline(x) =

¢;B(x)
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—xample of benefits of KANS
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Cncouraging Sparsity
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(a) Effect of entropy regularization
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Step 1: train
with sparsification
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: 2 Step 1: train
exp(sm(.zrx) +57) with sparsification
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Advantages over Symbolic Regression
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test RMSE

Accuracy compared to MLP

f(x) =Jo(20x)
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KAN compared to MLP

advantage: can facilitate interpretability, 1.e., symbolic expressions

might achieve higher accuracy In some cases

trains slower
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L earning other symbolic functions

(a) multiplication Xy (b) division % /y
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