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The foundation of AI
Today’s AI

Universal  
Approximation 

Theorem

f(x) ≈
N(ϵ)

∑
i=1

aiσ(wi ⋅ x + bi)

Multi-Layer Perceptron 
(MLP)3



The foundation of AI
Today’s AI

Universal  
Approximation 

Theorem

An Alternative to today’s AI?

Kolmogorov-Arnold 
Representation 

Theorem
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KA representation theorem

f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq(
n

∑
p=1

ϕq,p(xp))

If   is a multivariate continuous function, then   can be written as a finite composition of 
continuous functions of a single variable and the binary operation of addition.

f f

Where  and .ϕq,p : [0,1] → ℝ Φq : ℝ → ℝ

[From wikipedia]

In a sense, they showed that the only true multivariate function is the sum, since every 
other function can be written using univariate functions and summing.
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Curse of dimensionality is gone!?



What’s going wrong? Smoothness!
1989

f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq(
n

∑
p=1

ϕq,p(xp))

Could be non-smooth!
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“Naive” optimism
1. Empirically, sometimes we don’t care about exact 

representations. Approximate ones may suffice.

2. A common wisdom of modern deep learning: go deeper!  Even 
under the smooth constraint, deep nets can be more expressive.

3. The KAN-do spirit: let’s just do it and see how it works! KANs 
may not work for the worst cases, but may work for typical cases.
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Intuitive picture of KART

x1 x2

f(x1, x2)

ϕ1,1 ϕ2,1 ϕ3,1 ϕ4,1 ϕ5,1 ϕ1,2 ϕ2,2 ϕ3,2 ϕ4,2 ϕ5,2

Φ1 Φ2 Φ3 Φ4 Φ5

Sum on nodes

1D function on edges

1D function on edges

Sum on node

inputs

f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq(
n

∑
p=1

ϕq,p(xp))
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Defining KAN Layers

x1 x2

f(x1, x2)

Φ1

Φ2 KAN Layer

KAN Layer

1

q
q

p
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∑ □1,q ∑ □q,p



Going deep: simply stack more layers! 
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A concrete example
We:  
Functions may need more compositions, e.g., 

needs three layers.

f(x1, x2, x3, x4) = exp(sin(x2
1 + x2

2) + sin(x2
3 + x2

4))
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Giros & Poggio (1989): 
For the original two-layer constructions, 
inner functions can be very pathological. 



B-splines
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MLP & KAN are dual
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Scaling
n − dim function = poly(n) 1 − dim functions
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Scaling

For a function (  dimensions), in general (order  splines on uniform grids): n k

ℓ ∝ N−α

approximation 
error

number of  
parameters

ℓ ∝ N−(k+1)/n

scaling 
exponent

For a function (  dimensions) smoothly represented as a KAN*: n
ℓ ∝ poly(n)N−(k+1)

Which is equivalent to , because of KART.  n = 1
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*Informally (Lai-Shen 2021) such functions are dense in C[0,1] 



Symbolic formulas
ℓ ∝ N−(k+1), k = 3
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But with caveats (the 1989 paper has made some valuable points):

(1) There might not exist finite smooth KA representations, even we now allow deeper ones.

(2) Even if they exist, our learning algorithms may not find these solutions.

Avoid curse of dimensionality (at least for these simples cases)! 




Solving PDE
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Image Fitting



KANs can scale and speed up



A toy example: symbolic regression



KAN 2.0: three levels of interp, both ways (Liu 2024)
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