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Kolmogorov Arnold Representation 
Theorem
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f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq

n

∑
p=1

ϕq,p(xp)

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

[Wikipedia]

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

f f

In a sense, they showed that the only true multivariate function is the 
sum, so any function can be written using univariate function and 
summing. 

ArXiv: 2404.19756

https://arxiv.org/pdf/2404.19756


Pictorial understanding

3

f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq

n

∑
p=1

ϕq,p(xp)

f(x1, x2)
+

x1 x2

++
Φ1 Φ2

ϕ1,1(x1) ϕ2,1(x1) ϕ1,2(x2) ϕ2,2(x2)1D function on edges

Sum on nodes

1D function on edges

ArXiv: 2404.19756

https://arxiv.org/pdf/2404.19756


Pictorial understanding
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f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq

n

∑
p=1

ϕq,p(xp)

1D function on edges

Sum on nodes

1D function on edges

f(x1, x2)
+

x1 x2

++

ArXiv: 2404.19756

https://arxiv.org/pdf/2404.19756


From KART to KAN
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f(x) = f(x1, ⋯, xn) =
2n+1

∑
q=1

Φq

n

∑
p=1

ϕq,p(xp)

f(x1, x2)
+

x1 x2

++
:   KAN LayerΦ1 2 × 2

:   KAN LayerΦ1 1 × 2

No linear weight matrices at all, each 
weight parameter is replaced by a 
learnable 1D function parametrized as 
a spline. 

Liu et al. ArXiv: 2404.19756

https://arxiv.org/pdf/2404.19756


B(asis)-splines
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f(x1, x2)
+

x1 x2

++

ϕ(x)

ϕ(x) =
4

∑
i=0

ciBi(x)

B0(x)
B1(x) B2(x) B3(x)

Learnable 
coefficients

Piecewise 
polynomials
of degree k

ci

+ + +



If you stop right here … 
And try to put in on hardware
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ArXiv: 2407.17790

We argue that they are not looking at 
KAN inference from the right 
perspective. 


https://arxiv.org/pdf/2407.17790


I was inspired from a lot of LUT-based 
NNs done in the FastML community

8Excellent tutorial on Monday!

PolyLUT, NeuralLUT, etc.

https://indico.cern.ch/event/1496673/contributions/6637957/attachments/3126104/5544694/FastML_presentation.pdf


You can think of learning the B-splines as directly 
learning a LUT

Looking from this perspective
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f(x1, x2)
+

x1 x2

++
ϕ(x)

B0(x)
B1(x) B2(x) B3(x)

L-LUT

x

LUT output



Then you can quantize it
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f(x1, x2)
+

x1 x2

++
ϕ(x)

B0(x)
B1(x) B2(x) B3(x)

L-LUT

Q(x)

LUT output

2-bit



And then prune KAN based on the 
magnitude of the output
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P

f(x1, x2)
+

x1 x2

++

Magnitude-based pruning 

Pre-set threshold

If within prune it 



In the end, you get something 
like this on firmware
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f(x1, x2)
+

x1 x2

++



Benchmarks
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Previous KAN FPGA Benchmarks

LUT-based NNs benchmarks



Benchmarks
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Theoretically, if you convert an MLP of the 
same dimension in floating point precision 
to LUTs, it will not reach the same accuracy 
as a KAN FP LUT.



Benchmarks
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Quantization and Pruning scheme results in small 
loss of accuracy, however can still be improved. 



Benchmarks

16

Quantization and Pruning scheme results in small 
loss of accuracy, however can still be improved. 

My head clears up after talking to Marta yesterday and I was able to 
implement another version with very minimal loss! Thank you!



Coming back to the earlier claims
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Up to 1000x reduction Up to  
reduction

106

So KAN inference “KAN” be very efficient.



Inherently a bit lower latency due to structure
Competitive with other LUT-based designs 

18

Table adapted directly from NeuralLUT-Assemble 

https://arxiv.org/pdf/2504.00592


• KAN is a promising alternative 
to MLP.


• LUT-based KAN can be much 
more efficient than previously 
thought.


• B-splines learning provide a 
natural and scalable way to 
directly learn look-up tables


• We hope that this work benefit 
both the KAN and LUT-based 
NNs community. 

Summary & Outlook

19

Credit: Ziming Liu

An alternative to today’s AI?

Kolmogorov-
Arnold 

Representation 
Theorem


