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Introduction

In a KAN layer, the layer's input, x € R™", is related to its output, y € R""" | via:

TNin G+k
y=) (Tﬁ R(z) + ¢t ) bjim Bm (l‘i)) , (1)

where B,,,(x) are univariate spline basis functions of order k, defined on a grid

with G intervals, and

R(z) =z (1+ e_w)_l

is the Sigmoid Linear Unit (SiLU) function operating as a residual function.

The terms rj;, ¢;; and by, correspond to the layer's trainable parameters.




Effective initialization is crucial in neural networks, as a good initial guess for the
trainable parameters can significantly accelerate training [1] and prevent early

saturation of hidden layers [2]. The original paper’s [3] initialization scheme is:

e 1;; are initialized following Glorot initialization [2]
® Cj; = 1

® bjim ~ N (0,07), typically o = 0.1

There is currently a gap in the study of initialization techniques for KANs.

Can we do better than this “default’ initialization?




Proposed Initialization Schemes

We propose two theory-driven initializations, following the work of LeCun [4]
and Glorot [2], as well as an empirical power-law scheme, for the residual-term

and the spline basis-term coefficients. In all three cases, we assume:
rii ~ N (0, 0123) , bjim ~ N (0,0?9)
We further define:
up =E[R@)], up =E[R()]
where the expectations are taken over the input distribution, and
py =E [Bu(@)?], uy =E[B(2)"]

where the expectations are taken over both the input distribution and all spline

basis indices.




Proposed Initialization Schemes - LeCun

Following LeCun et al. [4], we require that the variance of the output of a layer

should match that of its input, for all layers within a KAN. This leads to:

1
\/nin(G—i—k—i-l)ugg)

OR ~~

for the residual-term coefficients and
il
\/nin (G+Ek+ 1),ng))

op ~~

for the basis-term coefficients. In these expressions we have assumed an equal

contribution of the G + k + 1 terms of Eq. (1) to the total variance.




Proposed Initialization Schemes - Glorot

If we attempt to balance the preservation of forward-pass variance (LeCun) and

the preservation of backward-pass variance, we find the following Glorot-like

initialization scheme:

1 2
OR ~~ 2

for the residual-term coefficients and

1 2
op ~ :
\/G B+ npu) + nowss

for the basis-term coefficients.




Proposed Initialization Schemes - Power-law

Finally, we consider an initialization of the form:

1 (6%
URN[mMG+k+1J

for the residual-term coefficients and

. 5
UBN'mMG+k+1J

for the basis-term coefficients. The idea behind this initialization scheme is to
perform a power-law scaling of the layer's architectural parameters, where the
exponents «, 3 are intended to be tuned once per problem domain and used

“out-of-the-box" for problems within each domain.




Power-law exponents tuning

For the purposes of this work, we solve two types of tasks: function fitting using
a custom set of functions and forward PDEs within the PIML [5] framework. For
each task we perform extensive grid-searches over («, 5) configurations, using
different architectural settings (variations on grid size, hidden layer dimension and

number of hidden layers). The identified optimal regions for the exponents are:

Function Fitting Forward PDE Problems

a € {0.25,0.5},8 > 1.0 a € {0.25,0.5},0.75 < B3 < 1.25

For all subsequent experiments, we fix @ = 0.25, 8 = 1.75, which falls into the
identified optimal region for function fitting, but outside the one for PDE

problems, in order to demonstrate the robustness of the method.
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Experimental Results - Training Stability
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Figure 1: Training loss curves for different initializations on the task of custom function fitting.
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Figure 2: Neural Tangent Kernel dynamics for each initialization method.
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Experimental Results - Training Stability

Key Takeaways:

e The LeCun-inspired initialization does not manage to reduce the training loss
to the levels achieved by the other initialization schemes. Its NTK spectrum is

dominated by large leading eigenvalues and collapses during training.

¢ The Glorot-inspired initialization appears to perform similarly to the default
initialization scheme, but its NTK spectrum shows significant stability, whereas

the NTK spectrum for the default scheme collapses during training.

e The power-law initialization scheme achieves the lowest training losses, while
its NTK spectrum closely follows a power-law decay at initialization and remains

perfectly stable during training.
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Experimental Results - Accuracy

The previous results suggest that Glorot-based initialization is a strong alternative
to the default method, while power-law initialization proves to be the most stable
among those evaluated. Additional experiments on a subset of the Feynman

dataset further reinforce these findings.

Baseline Glorot Power-Law
Function Loss 2 Loss L? Loss 2
162 1.09-10~% 151107 480-107°  4.19-1071 [ 520-107% 385.10~%
1.6.2b 1361072 1.64-10° 7.60-107°  580-10' | 218-107°  459.107*

Li2.11 1.64-10~4  377.107% | 3.00-107¢ 147-107% | 216-10~®  1.66-10—*
L13.12 270 - 10% 3.08 - 10° 2.81-10° L11-10° | 253-1071  549-10°

116.6 1.63-10~%  631-10~' | 60010~  1.63-10"2 | 1.09-10"° 1.48.10~2
L184 2.67 - 10% 1.00 - 10° 1.53 - 10° 1.00 - 10° 415-1072  1.00-10°

1262 1.01-107%  1.10-10° 700-107¢  898.107% | 172-1077  1.25.10~*
1276 3331072 1.00-10° 185-107%  1.00-10° 893.107°  1.00-10°

1.29.16 201-107%  445.107% | 120-107° 6.28-107% | 2.06-10"7  2.57-10~2
1303 L18-107%  772-1071 | 1.00-107¢ 2.92-107% | 217-10"% 417-107%
1.40.1 226-107%  670-107* | 500-107¢ 339.107% | 141.10~7  6.17-10~%

150.26 203-107%  438-107% | 200-107°% 150-10=% | 370-107%  225.107%
1L.2.42 152-107%  686-1071 | 400-107¢ 262-107% | 854-10"%  498.107¢
6152 | 660-107°  7.60-10° 200-107%  547-1072 | 813-107°  4.40-1072
IL117 175-107% 9781071 | 1.10-107°  1.01-10"2 | 1.80-10"7  3.00-1072
IL11.27 | 880-10%  1.04-10° 1.00-107¢  376-107% | 154-1077 1.95.10~2
1135.18 | 7401075 1.19-10° 6.00-107%  1.18-1072 | 295.10"% 7.77-107¢
11.36.38 1931074 9.48.107' | 800-107%  L11-1072 | 3.05-10~7 492-10~2
L1019 | 1.81-107%  274-107% | 1.00-10=¢ 9.89.10~* | 9.87-10=° 870-10-5
ML17.37 | 145-107%  9.10-10~! | 490-107% 131-1072 | 645-10"° 514-10~2

Table 1: Results on function fitting on a subset of the Feynman dataset.
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Thank you!
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