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Kolmogorov-Arnold Theorem

multivariable function f can be expressed as composition of 
univariate functions and addition

f(x) =
2n+1

∑
q=1

ψq

n

∑
p=1

ϕq,p(xp)
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y = f(x1, x2, x3, …, xn)

ϕ1(x1) + ϕ2(x2) + … + ϕn(xn) =
n

∑
p=1

ϕp(xp) sum of univariate functions

pass through another univariate function:ψ
n

∑
p=1

ϕp(xp)

sum over many such functions:y =
2n+1

∑
q=1

ψq

n

∑
p=1

ϕqp(xp)

multivariate function



ψ1(ϕ11(x1) + ϕ12(x2) + … + ϕ1n(xn)) +
ψ2(ϕ21(x1) + ϕ22(x2) + … + ϕ2n(xn)) +

⋮
ψm(ϕm1(x1) + ϕm2(x2) + … + ϕmn(xn))



Two Layers

y =
2n+1

∑
q=1

ψq

n

∑
p=1

ϕqp(xp)

[n,2n + 1,1]



Layer 1

z =

ϕ11(x1) + ϕ12(x2) + … + ϕ1n(xn))
ϕ21(x1) + ϕ22(x2) + … + ϕ2n(xn))

⋮
ϕm1(x1) + ϕm2(x2) + … + ϕmn(xn)



Layer 2

y = [ψ1(z1) + ψ2(z2) + … + ψm(zm)]



Generalize

ϕ11 ϕ12 … ϕ1n

ϕ21 ϕ22 … ϕ2n
⋮ ⋮ ⋮ ⋮

ϕm1 ϕm2 … ϕmn

x1
x2
⋮
xn

Φ(l)

y = (Φ(L) ∘ … ∘ Φ(3) ∘ Φ(2) ∘ Φ(1))x

(  are functions, not numbers)Φ
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x1 x2
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fixed nonlinear functions on nodes
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B-Splines



B-Splines



Constant B-Splines



Linear B-Splines



Cubic B-Splines



B-splines

spline(x) = ∑
i

ciBi(x)

Ruben van Nieuwpoort



Grid Extension



Example of benefits of KANs



RMSE



Encouraging Sparsity
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|ϕ |1 =
1
ns ∑
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|ϕ(x(i)) | sum over all samples

Entropy















Advantages over Symbolic Regression



Accuracy compared to MLP



KAN compared to MLP

advantage: can facilitate interpretability, i.e., symbolic expressions
might achieve higher accuracy in some cases
trains slower
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Learning other symbolic functions



Ψ(l) = M(l) ∘ Φ(l)


