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Introduction

Symbolic Regression (SR), which can be seen the discovery process of desired outputs
that are inferred from particular inputs, can be used to “white-box” a “black-box”
model. In the 17th century, Kepler developed his model for the motion of planets
using years of astronomical observations. His data-driven trial and error approach,
where he explicitly showed calculations that did not work, is still used in symbolic
regression as a model discovery tool. The main goal of SR is to automatically derive
or recover natural relations from data, without imposing restrictions on their form.
In 2024 Liu et al. published a working paper, in which they propose a new type of
Neural Network (NN), the so-called Kolmogorov-Arnold network (KAN), that, among
other things can be used for symbolic regression. A comparison paper between KANs
and Mulit-layer Perceptron (MLP) found that KANs outperform MLPs for symbolic
formula representation tasks.

In 1957, Williams was able to derive an eigenfunction expansion for isotropic linear-
elastic materials, the so-called Williams series, which enabled the description of the
asymptotic crack-field (stress and displacement fields) near the crack tip. At the
German Aerospace Center (DLR), explainable Al is used, among other things, for
detection of crack tips in materials.

The research question for this thesis was:

Can the basic building blocks of the Williams series be reliably recov-

ered from data with the use of KANSs?

Background

Kolmogorov-Arnold Networks

As an alternative to MLPs, KAN utilize the Kolmogorov-Arnold representation the-
orem to express multivariate functions. This leads to learnable 1D functions on the
edges. Liu et al. present the differences as such:
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Figure 1: comparison MLPs vs KANs, source: Liu et al. (2024)

Methodology

Datasets: Dataset were simulated and normalized using the z-Score method. Most
commonly, the function f(r, ¢) = 3/7 Si1r1q25 was used.

Modelgeneration: Models were initialized using the pykan-package provided by
the authors of the paper.

Hyperparameteroptimization: Hyperparameters were optimized using the Op-
tuna framework.

Pareto-front: Examining the pareto-front for depth/width of the NN and com-
plexity of symbolic expression in the library to analyze performance and usefulness of
weighted complexity for certain functions in libraries.

Results

Hyperparameteroptimization
The regularization term in the pykan-package is given as:

Lreg — Areg ()\LlL:Ll + Aentropy[/entropy + AcoefAC'coef + )\coefdiffﬁcoefdiff) .
(1)
In the tests Acoer and Acoefaiff had negligible impact, and they were not considered in
the standard implementation of the pykan-package as well as in the published paper.
That is why they were disregarded going forward in this thesis as well.

10°7 m * depth: 1.0
3 depth: 2.0
m depth: 3.0

-1 4
10 [ ]

102 4 Successtul trainings are more dependent on

| the architecture of the neural network than

the pruning threshold. It is more difficult to
successtully train a KAN with more layers

* than optimal.

T T T T T T T T
0.025 0.050 0075 0100 0.125 0150 0175 0200
Pruning threshold KAN

RMSE

103 E

1074 5
1 M A WAk M WM X

Figure 2: distribution of loss in regards to
pruning threshold, sorted by depth of the NN
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only 12 reached a result that resembles the
structure of the input data. That means only
about 3.5% of all training ended satisfactory.
Notably, higher complexities did not achieve
better training losses than sparser functions.
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Figure 3: Paretofront of weighted library com-

plexities

RMSE kan_width
1.27 -10=7  [[2,0],[5,3],[1,0]
1.38 -10~7  [[2,0],[5.,4],[1,0]
1.38 -10~7  [[2,0],[0,3],[1,0]
1.39-10~7  [[2,0],[3,5],[1,0]
1.42 -1077  [[2,0],5,1],[1,0]
1.46 .10~ [[2,0],[2,4],[1,0] VT sin(p)
1.52-1077 [[2,0],[2,3][2,3],[1.0]] /T cos(¢)

Table 1: top 7 models with weighted library
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RMSE kan_ width reduced expression cfunc

1.56 -10~* [[2,0],[0,2],[1,0]] arccos(+/T sin(yp)) 4
4.28 .10~ [[2,0],[0,2],[0,2],[1,0]] tan(+/T sin(¢y)) 7
5.49 -107° [[2,0],[2,1],[2,1],[1,0]] atanh(exp(...)) 17
6.64 -10~° [[2,0],{1,5],[1,5].[1,0] arccos(. . .) 22
1.44 .1072 [[2,0],[5,5].[5,5],[1,0]] tan(...sin(...)) 13
2.40 -10~2 [[2,0],[3,2].[3,2].[1,0] exp(...) 33
2.95-.1072  [[2,0],[3,0],[1,0]] sin(atan(...)) 9
Table 2: top 7 models with constant library

A weighted library yielded better success. Using a library where all function have the
same complexity weighting did not result in any successful training. The target
reduced expressions were /T sin(¢) or /1 cos(yp).

Conclusion

KANs can be used to successtully find the building blocks of complex formulas like
the Williams series. However, calibrating them for general symbolic regression, where
prior knowledge about the data distribution is not available seems difficult with the
approach used in this thesis. The training is very sensitive to hyperparameter and even
the seed can have an important role in determining successful or unsuccessful training.
That means using a singular model and pruning it to the desired structure might be to
inconsistent for general use. Other research has been put into progressively expanding
the model until a certain threshold is reached. That might prove to be a more viable
approach than the one used in this thesis.

Sources

BG25) Marco Biihler and Gonzalo Guillén-Gosalbez. KAN-SR: A Kolmogorov-
Arnold Network Guided Symbolic Regression Framework. Sept. 2025.
DOI: 10.48550/arXiv.2509.100809.

Meinhard Kuna. Finite Elements in Fracture Mechanics: Theory -

Numerics - Applications. Vol. 201. Solid Mechanics and Its Applica-
tions. Dordrecht: Springer Netherlands, 2013. 1SBN: 978-94-007-6679-2.

DOI: 10.1007/978-94-007-6680-8.

Liu+2ba| Ziming Liu et al. KAN: Kolmogorov-Arnold Networks. 2025. arXiv:
2404.19756 [cs.LG]. URL: https://arxiv.org/abs/2404.19756.

Liu+25b| Ziming Liu et al. “Kolmogorov-Arnold Networks Meet Science”. In: Phys-
ical Review X 15.4 (Dec. 2025), p. 041051. 18SSN: 2160-3308. DOI: 10.
1103/4t7t-v191.

Kun13|


https://doi.org/10.48550/arXiv.2509.10089
https://doi.org/10.1007/978-94-007-6680-8
https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2404.19756
https://doi.org/10.1103/4t7t-v19l
https://doi.org/10.1103/4t7t-v19l

	References

