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ABSTRACT

The design of Virtual Analog (VA) algorithms has traditionally
been divided between white-box (physics-based) and black-box
(data-driven) approaches. Recent work has shown that hybrid meth-
ods, combining physical modeling with neural networks, can ef-
fectively leverage the strengths of both paradigms. In particular,
Wave Digital Filters (WDFs) can be coupled with Multi-Layer Per-
ceptrons (MLPs) to model circuits with multiple nonlinearities in a
fully explicit manner. In this paper, we present a comparative study
investigating the use of Kolmogorov-Arnold Networks (KANs) for
VA modeling within the WDF framework. Unlike MLPs, KANs
shift the learning paradigm by parameterizing activation functions
instead of relying exclusively on learned weight matrices, poten-
tially enabling more compact representations. Results show that,
for our case study, KANs achieve accuracy comparable to MLPs
while requiring approximately 70% fewer parameters at the cost of
increased computational complexity. These findings suggest that
KANs may represent a promising alternative in scenarios where
memory footprint is a primary constraint, such as embedded audio
applications, or when target models feature numerous nonlinear
elements.

1. INTRODUCTION

Virtual Analog (VA) modeling aims to design digital signal pro-
cessing algorithms able to reproduce the behavior of analog au-
dio circuits while preserving the nonlinear characteristics that con-
tribute to their distinctive sound [1]. Traditionally, VA techniques
have been divided into black-box and white-box approaches. Black-
box methods rely on system identification or data-driven techniques
(e.g., Volterra series [2] and neural networks [3, 4]) to approximate
the global input–output behavior of the target device, whereas white-
box methods concern the solution of systems of ordinary differen-
tial equations (ODEs) describing the circuit topology and govern-
ing equations.

Among white-box techniques, Wave Digital Filters (WDFs)
have proven to be a powerful framework for obtaining efficient cir-
cuit emulations [5, 6, 7, 8, 9, 10]. Early WDF formulations allowed
fully explicit realizations for circuits containing only linear ele-
ments or a single nonlinear one-port element (described by means
of explicit methods) placed at the root of a connection tree [11].
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The introduction of vector waves [12] further extended this class to
circuits featuring a single nonlinear multi-port element [9, 13], and
more recently, to circuits featuring multiple (even multi-port) non-
linearities [10], in which neural networks are used to approximate
the nonlinear mappings directly in the Wave Digital (WD) domain.
In this context, neural networks have primarily been employed as
parametric regressors of said nonlinear WD mappings. In partic-
ular, Multi-Layer Perceptrons (MLPs) [14] have been shown to
provide accurate and computationally efficient approximations of
static nonlinear scattering relations. The theoretical justification
for using MLPs as universal nonlinear approximators stems from
the universal approximation theorem [14], which guarantees that
sufficiently wide networks can approximate any continuous func-
tion on a compact domain.

However, the universal approximation theorem is not the only
theorem that allows us to obtain equivalent realizations of func-
tions. Alternative representation results suggest that different neu-
ral parameterizations may be equally suitable. In particular, the
Kolmogorov–Arnold representation theorem [15, 16] states that
any continuous multivariate function on a compact domain can
be expressed as a finite linear combination of continuous univari-
ate functions. Inspired by this result, Kolmogorov–Arnold Net-
works (KANs) [17] have recently been proposed as an alternative
to MLPs, replacing fixed activation functions and learnable linear
weights with learnable univariate functions placed on the network
edges. In contrast to MLPs, which learn linear combinations fol-
lowed by fixed nonlinearities, KANs parameterize the nonlinear
transformations themselves, leading to more compact representa-
tions.

To the best of our knowledge, no prior work has investigated
the use of KANs in the context of Virtual Analog (VA) modeling.
Given that for the scenario described so far, we are required to
learn explicit multivariate nonlinear mappings in the WD domain,
a natural question arises: are MLPs the most suitable architecture
for this task, or can alternative representations offer structural or
efficiency-related advantages?

In this work, we test the use of Kolmogorov-Arnold Networks
(KANs) for VA modeling within the WDF framework, with the
aim of assessing whether their alternative functional parameteriza-
tion yields specific advantages. In particular, we compare KANs
and MLPs in modeling the nonlinear multi-port scattering rela-
tion arising in the low-pass filter stage of the Steiner-Parker topol-
ogy [18], as implemented in the Arturia MiniBrute synthesizer [19].
Through a controlled case study, we analyze approximation accu-
racy, parameter efficiency, and computational cost. Our results
show that KANs achieve accuracy comparable to MLPs while re-
quiring approximately 70% fewer parameters, at the expense of
increased computational complexity. These findings suggest that,

DAFx.1

201

https://www.deib.polimi.it/eng/home-page
https://www.arturia.com
mailto:riccardo.giampiccolo@polimi.it
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Proceedings of the 29th International Conference on Digital Audio Effects (DAFx26), Cambridge, MA, USA, 1–4 September 2026

although KANs do not systematically outperform MLPs, they rep-
resent a viable alternative whose advantages may become partic-
ularly relevant in memory-constrained scenarios or when compact
parameterizations are required.

The remainder of this article is organized as follows. Sec-
tion 2 provides background on Wave Digital Filters. Section 3 dis-
cusses the modeling of nonlinearities within WDFs using neural
networks, as well as the solution of WD structures. The Kolmogorov-
Arnold representation theorem and Kolmogorov-Arnold Networks
are presented in Section 4. Section 5 provides the comparative
analysis between KANs and MLPs, taking the low-pass filter sec-
tion of the Arturia MiniBrute Voltage-Controlled Filter as a case
study. Finally, conclusions are drawn in Section 6.

2. WAVE DIGITAL FILTERS

In this section, we first present the traditional definition of wave
variables, and then address vector waves, highlighting their rele-
vance for modeling circuits containing multiple nonlinearities in a
fully explicit fashion.

2.1. Scalar Waves

Given a port-wise description of a reference analog circuit, WDFs
require, for each port j, a transformation of Kirchhoff variables
into wave variables. Over the years, several scalar definitions have
been proposed in the literature [5, 20, 21]; however, in this work,
we adopt the most widespread formulation, namely the voltage
wave definition, which reads

aj = vj + Zjij , bj = vj − Zjij , (1)

where vj and ij denote the jth port voltage and current, while aj

and bj represent the corresponding incident and reflected waves.
The scalar parameter Zj , typically referred to as reference one-
port resistance, plays a fundamental role in the solution of WD
structures [5].

In particular, for linear one-port elements, Zj can be chosen
so as to eliminate the instantaneous dependence of bj on aj . As
an example, the scattering relation of a generic linear one-port el-
ement (including dynamic components) in the WD domain can be
expressed as [22]

bj [k] =
Re,j [k]− Zj [k]

Re,j [k] + Zj [k]
aj [k] +

2Zj [k]

Re,j [k] + Zj [k]
Ve,j [k] , (2)

which follows from applying (1) to the discrete-time Thévenin
equivalent equation

vj [k] = Re,j [k]ij + Ve,j [k] , (3)

where k denotes the sample index and Re,j [k], Ve,j [k] are the
equivalent resistance and voltage terms, respectively. By select-
ing Zj [k] = Re,j [k], (2) reduces to bj [k] = Ve,j [k], thus remov-
ing the implicit dependence between bj and aj . Within the WDF
framework, this procedure is referred to as adaptation [5].

Topological connection networks are modeled as J-port WD
blocks characterized by the vectors bJ = [b1, . . . , bJ ]

T and aJ =
[a1, . . . , aJ ]

T, collecting the waves incident to and reflected from
the junction, respectively. The corresponding scattering relation
can be written as

aJ = SbJ , (4)

where S denotes the so-called N × N scattering matrix. For re-
ciprocal lossless connection networks, S can be computed as

S = 2QT(QZJ
−1QT)−1QZJ

−1 − I , (5)

S = I− 2ZJB
T(BZJB

T)−1B , (6)

where I is the J × J identity matrix, while Q and B denote the
fundamental cut-set and loop matrices, respectively [23, 21]. The
matrix ZJ is diagonal and contains the reference one-port resis-
tances [Z1, . . . , ZJ ]. The reader is referred to [22, 21] for further
details on element modeling and WD structure representation.

2.2. Modeling Diodes

Diodes are commonly described using the Extended Shockley mo-
del [24], which exploits series and shunt resistances of the pn-
junction, Rs and Rp, to mitigate the numerical issues that may
arise when dealing with exponential nonlinearities. The resulting
current-voltage relation is given by

f(v) = Is

(
exp
(v −Rsi

ηVt

)
− 1
)
+

v −Rsi

Rp
, (7)

where, for simplicity, the time index k is omitted. In (7), Is de-
notes the saturation current, η the ideality factor, and Vt the ther-
mal voltage. When (7) is expressed in the WD domain, however, it
cannot be adapted. For this reason, several approaches have been
proposed in the literature to implement such a nonlinear relation
within WDFs. These include iterative techniques such as Newton-
Raphson solvers [24], closed-form formulations based on the Lam-
bert W function [25] or the Wright ω function [26], as well as
data-driven solutions relying on neural networks [7].

In this work, however, diodes are modeled using neural net-
works operating on vector waves [12].

2.3. Vector Waves

As discussed in [12, 9], the scalar definition (1) generally leads to
Delay-Free Loops (DFLs) when modeling multi-port WD blocks
in the WD domain. To overcome this limitation, vector wave vari-
ables have been introduced, allowing us to describe the ports of an
N -port WD block in a unified fashion. The (voltage) vector wave
definition readsa1

...
aN

 =

 v1
...

vN

+

Z11 . . . Z1N

...
. . .

...
ZN1 . . . ZNN


 i1

...
iN

 ,

 b1
...
bN

 =

 v1
...

vN

−

Z11 . . . Z1N

...
. . .

...
ZN1 . . . ZNN


 i1

...
iN

 ,

(8)

where [v1, . . . , vN ]T and [i1, . . . , iN ]T collect the port voltages
and currents, while [a1, . . . , aN ]T and [b1, . . . , bN ]T denote the in-
cident and reflected wave vectors. The matrix

Z1:N =

Z11 . . . Z1N

...
. . .

...
ZN1 . . . ZNN

 (9)

is a full-rank N × N matrix of real free parameters Zıȷ, referred
to as reference multi-port resistance.
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Similar to the scalar case, linear N -port elements can be adapted
by properly selecting Z1:N so as to remove instantaneous depen-
dencies between incident and reflected wave vectors [12]. When
vector-defined N -port elements coexist with scalar one-port ele-
ments within the same WD structure, the scattering matrix (4) is
still computed using (5) or (6), with ZJ now being block-diagonal
and containing both scalar and multi-port reference resistances [12].

3. NEURAL NETWORK-BASED MODELING OF
MULTI-PORT WD BLOCKS

The explicit modeling of circuits with multiple nonlinearities by
means of vector waves and neural networks has been thoroughly
addressed in [10]. In this section, we briefly summarize the aspects
of said framework that are directly adopted in this work.

When a circuit contains multiple one-port and/or multi-port
nonlinear elements, they can be grouped into a single N -port non-
linear WD block, thereby isolating the nonlinear part of the circuit
from the surrounding linear elements. By doing so, we can still re-
sort to the case of a single nonlinear WD block, where, in contrast
to the scalar case, we have now a vector of waves incident to and
reflected from the corresponding junction vector port.

Let us assume, without any loss of generality, the N -port to
be connected to ports 1 to N of the WD topological junction. If
the system of equations S1:N,1:N = 0 (where S1:N,1:N denotes
the submatrix of S associated with ports 1 to N ) admits a solution
for Z1:N , then the junction vector port connected to the N -port
block can be properly adapted, resulting in a WD structure with
no DFLs [10]. However, for the WDF to be fully explicit, the
scattering equation of the N -port must itself be solved by means of
an explicit method. In particular, the generic nonlinear scattering
relation of an N -port can be expressed as

b = f(a) , (10)

and as shown in [9, 10], the modeling of f(·) can be formulated
as a regression problem directly in the WD domain. The required
Kirchhoff-domain data can be measured on the circuit itself or gen-
erated through circuit simulation, and then mapped onto the WD
domain using (8). It follows that mapping f(·) can be approxi-
mated as

b̂ = f̃(a;θ) , (11)

where f̃ is a suitable Neural Network (NN) architecture, whose
trainable parameters θ are optimized to estimate the vector of re-
flected waves b̂ given the vector of incident waves a.

The resulting WD structure is organized then as a connection
tree composed of [10]: (i) a root, namely the WD block containing
the NN; (ii) a single node, corresponding to the topological junc-
tion; and (iii) multiple leaves, representing the linear elements. At
each time sample k, the operating point is computed according to
the following procedure. First, the waves reflected by the linear
elements are evaluated. These waves are then propagated forward
through the tree to compute the waves incident to the root via the
junction scattering. Next, the vector wave reflected by the root (in-
cident to the junction) is computed through the forward pass of the
NN, and propagated back to the leaves through the junction scat-
tering. It is important to note that, since all ports are adapted ei-
ther element-side (for the linear elements) or junction-side (for the
NN block), not only the solution of the WD block but the overall
computation remains fully explicit, leading to interesting real-time
performance.

In previous works [9, 13, 10], Multi-Layer Perceptrons (MLPs)
were employed to approximate static nonlinear scattering relations.
In the current work, we retain the same WD framework and train-
ing strategy, and focus instead on comparing MLPs with Kolmo-
gorov-Arnold Networks (KANs) for modeling the nonlinear map-
ping f(·).

4. KANS AS ALTERNATIVE UNIVERSAL FUNCTION
APPROXIMATORS

In this section, we summarize the theory behind Kolmogorov-Arnold
Networks to provide a solid footing to better appreciate the differ-
ence with common approaches.

Recently, it has been questioned whether Multi-Layer Percep-
trons (MLPs) [14], i.e., fully-connected feedforward neural net-
works (see Fig. 1a), represent the most suitable nonlinear regres-
sors for function approximation tasks [17]. Although MLPs enjoy
remarkable theoretical properties, most notably those guaranteed
by the universal approximation theorem [14], alternative architec-
tures have been proposed that revisit the very way nonlinear map-
pings are parameterized.

Among these, Kolmogorov-Arnold Networks (KANs) [17],
shown in Fig. 1b, have recently attracted attention as promising al-
ternatives to MLPs. Empirical evidence suggests that KANs may
offer advantages in terms of interpretability, parameter efficiency,
and approximation accuracy, particularly in problems exhibiting
compositional structure [17].

From the architecture standpoint, KANs differ from MLPs in a
fundamental way. In MLPs, linear weight matrices are interleaved
with fixed nonlinear activation functions applied at the nodes. In
contrast, KANs place learnable univariate activation functions on
the edges of the network, while nodes are only responsible for
summing input signals. In practice, each edge is parameterized as
a 1D function in the form of a spline. As a consequence, KANs do
not rely on linear weight matrices followed by fixed nonlinearities
but they do directly learn nonlinear transformations.

At first glance, replacing scalar weights with parameterized
splines may appear computationally demanding. However, KANs
often require significantly smaller network widths than MLPs for
comparable accuracy, leading to more compact computational gra-
phs in particular application scenarios. Conceptually, KANs can
be interpreted as a hybrid between splines and neural networks [17]:
splines provide accurate local approximations of univariate func-
tions, while the network structure enables the modeling of high-
dimensional compositional relationships, thus alleviating the curse
of dimensionality typically associated with pure spline-based mod-
els [17].

4.1. Kolmogorov-Arnold Theorem

Whereas MLPs are commonly associated with the universal ap-
proximation theorem [14], KANs are inspired by the Kolmogorov-
Arnold representation theorem [15], originally formulated in 1957.
The theorem states that any continuous multivariate function de-
fined on a bounded domain can be expressed as a finite superposi-
tion of continuous univariate functions and additions.

Let g : [0, 1]m → R be a continuous function. Then, there
exist continuous univariate functions ϕq,p : [0, 1] → R and Φq :
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Figure 1: Comparison between MLP and KAN architectures. The MLP has shape [4, 16, 4], whereas KAN [4, 1, 4].

R → R such that

g(x) =

2m+1∑
q=1

Φq

(
m∑

p=1

ϕq,p(xp)

)
. (12)

The functions ϕq,p are referred to as inner functions and are inde-
pendent of g, whereas Φq are the outer functions that do depend
on the particular function g under consideration. From a structural
viewpoint, the theorem decomposes the modeling process into two
stages: first, inner functions (the so-called inner layer) map the
input vector onto an intermediate vector via univariate transfor-
mations, then the outer functions (outer layer) combine this inter-
mediate representation into a scalar through additional univariate
mappings.

Despite its elegance, the theorem did not immediately trans-
late into practical machine learning architectures. One reason is
that the original representation does not guarantee smoothness of
the univariate functions, which may exhibit pathological behav-
ior [17]. Furthermore, the classical formulation corresponds to a
shallow structure with fixed width 2m + 1, and does not directly
extend to arbitrary depths and widths.

4.2. Kolmogorov-Arnold Networks

Recent work has revisited the Kolmogorov-Arnold theorem from
a modern deep learning perspective, ultimately giving birth to the
Kolmogorov-Arnold Networks [17]. KANs generalize the theory
to deeper and wider architectures and parameterize the univari-
ate functions with smooth basis expansions, such as B-splines [27,
17]. Under suitable smoothness assumptions, this formulation can
yield favorable approximation properties and improved neural scal-
ing behavior, particularly when the target function exhibits compo-
sitional structure.

Naming L the total number of layers (i.e., the depth of the
network), the l-th KAN layer is defined as the following matrix of
1D functions

Φl = {ϕl,q,p} , (13)

with

l = 1, . . . , L , p = 1, · · · ,ml , q = 1, . . . ,ml+1 , (14)

where ml and ml+1 are the input and output dimensions of the
l-th layer, whereas ϕl,q,p are the activation functions that connect
neurons xl,q to neurons xl+1,p. Moreover, each neuron performs
simply the sum of all incoming signals as

xl+1,q =

ml∑
p=1

ϕl,q,p(xl,p) . (15)

According to this formalization, the inner functions of (12) can be
thought of as a KAN layer with ml = m and ml+1 = 2m + 1,
and the outer functions as a KAN layer with ml = 2m + 1 and
ml+1 = 1. Therefore, the original Kolmogorov-Arnold repre-
sentation entails a 2-layer KAN with shape [m, 2m + 1, 1] [17].
Finally, each edge function ϕl,q,p is parametrized as

ϕl,q,p(x) = wbβ(x) + ws spline(x) , (16)

where β(x) = x/(1+e−x) is the basis function, whereas spline(x)
=
∑

i ciBi,o(x) is a linear combination of B-splines of order o
characterized by G+ 1 grid points, with wb, ws, and ci being real
trainable parameters.

Being W the width of all layers and L the depth of the neu-
ral network, a KAN is characterized by approximately O(W 2LG)
parameters. By contrast, an MLP with same width W and depth L
is characterized by roughly O(W 2L) parameters. At first glance,
this may suggest that MLPs require fewer parameters than KANs.
However, empirical evidence [17] shows that KANs typically achie-
ve comparable approximation accuracy with significantly smaller
widths W than MLPs, thus mitigating the apparent increase in pa-
rameter count.

An additional feature of KANs is that the accuracy of the rep-
resentation can be improved even after training without modify-
ing the network topology [17]. In particular, the width and depth
of the network can be kept fixed while increasing the number of
spline grid G, effectively refining the representation of the learned
univariate functions. This process is performed by fitting a new
fine-grained spline to the previously learned coarse-grained spline.

Finally, KANs offer a high degree of interpretability. Since
the nonlinear transformations are explicitly represented by spline
functions, the learned mappings can be directly visualized and an-
alyzed [17]. This property allows us to visualize the learned edge

DAFx.4

204



Proceedings of the 29th International Conference on Digital Audio Effects (DAFx26), Cambridge, MA, USA, 1–4 September 2026

Figure 2: Arturia MiniBrute synth.

Table 1: Parameter values of diode 1N4148.

Param. Value Param. Value Param. Value

Is 2.52 nA η 1.752 Vt 25.8 mV
Rs 1 µΩ Rp 1 MΩ – –

functions, highlighting the interpretable functional parameteriza-
tion of KANs and potentially guiding the design of alternative im-
plementations.

5. COMPARATIVE STUDY

In this section, the performance of KANs and MLPs is evalu-
ated using a subcircuit extracted from the Voltage-Controlled Fil-
ter (VCF) of the Arturia MiniBrute synthesizer [19] (represented
in Fig. 2). Released in 2012, the Arturia MiniBrute is a mono-
phonic analog synthesizer that rapidly gained popularity among
musicians and sound designers thanks to its distinctive raw and ag-
gressive sound character. The synth features a fully analog signal
path, spanning from the oscillator section, comprising sawtooth,
pulse, triangle, and noise generators with waveshaping capabili-
ties, up to the final output stage. The VCF is based on a modi-
fied multimode implementation of the well-known Steiner-Parker
topology [18]. In particular, in this work, we take into account
only the feedforward path as represented in Fig. 3, and we focus
only on the low-pass filter section.

The two current sources I1 and I2, together with their par-
allel resistors R10 and R11, correspond to the Norton equivalent
representation of the original BJT-based current generators, and
take constant values I1 = 1.6182 A and I2 = 1.2325 A. Diodes
D1 and D4 represent a series connection of three 1N4148 diodes,
while D2 and D3 correspond to a series connection of two 1N4148
diodes. Therefore, the Extended Shockley model in (7) used to
describe D1 and D4 employs an equivalent ideality factor 3η and
equivalent resistances 3Rs and 3Rp, whereas the model for D2 and
D3 uses parameters 2η, 2Rs, and 2Rp. Finally, Table 1 reports the
1N4148 diode parameters; the remaining circuit parameters are,
instead, reported in Table 2.

−
+Vin

R1
C1

R2 R3

I1R10

D1 D2 D3 D4

R6

C3

C6R7

C5

R9

C4

R8

C7

R12

R4

R5 C2

I2 R11

+

−
Vout

Vdd

Figure 3: Circuit schematic of the Arturia MiniBrute VCF section,
where only the feedforward path and low-pass filter section are
represented.

Table 2: Parameter values of the Arturia MiniBrute VCF subcir-
cuit shown in Fig. 3.

Param. Value Param. Value Param. Value

R1 10 kΩ R2 1 kΩ R3 2.2 kΩ
R4 1 kΩ R5 390 Ω R6 2.2 kΩ
R7 9.47 kΩ R8 909 kΩ R9 1 kΩ
R10 1 TΩ R11 1 TΩ R12 2.2 MΩ
C1 2.2 µF C2 47 µF C3 1.5 nF
C4 1.5 nF C5 1.5 pF C6 2.2 µF
C7 680 nF Vdd 12 V – –

5.1. Dataset and Training

As discussed in [9, 10], the dataset used to train the neural net-
works is generated in the Kirchhoff domain. In particular, we
construct two separate datasets to characterize both D1/D4 and
D2/D3, using the parameters reported in Table 1 and the model
in (7). By analyzing the voltage operating ranges within the cir-
cuit, the input voltage v is uniformly sampled in the interval [−0.5,
2.1] V for D1/D4, and in [−0.5, 1.5] V for D2/D3, obtaining for
both datasets 107 samples. The resulting data are assembled into
vectors v = [VD1, VD2, VD3, VD4] and i = [ID1, ID2, ID3, ID4],
and then mapped into the WD domain by means of (8); the result-
ing 4-port nonlinear block will be then placed at the root of the
connection tree during the simulation.

We retain 20% of the dataset for the test set, while the re-
maining 80% is used for training. The dataset is organized into
input-output pairs of the form (a,b) with a = [a1, a2, a3, a4]

T

and b = [b1, b2, b3, b4]
T. For the MLP, the adopted architecture

consists of a single hidden layer with 16 neurons and Exponen-
tial Linear Unit (ELU) activation functions. The model is imple-
mented in Python using PyTorch and trained with the Adam opti-
mizer (learning rate 1× 10−4 and early stopping after 50 epochs)
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Figure 4: KAN’s activation functions after training.

by minimizing the Cauchy loss function [28]

L =
1

D

D∑
d=1

γ2 log

(
1 +

∥bd − b̂d∥22
γ2

)
, (17)

where γ = 0.5, D denotes the number of samples, and bd and
b̂d represent the vectors of true and predicted waves for the d-th
point pair, respectively. The Cauchy loss has recently gained at-
tention in regression problems due to its robustness, as it reduces
the influence of large residuals while behaving similarly to the
mean squared error for small residuals. This property improves
robustness against outliers and prevents a few large errors from
dominating the optimization process [28, 10]. In total, the MLP
model comprises 148 parameters, resulting in a Normalized Mean
Squared Error (NMSE) on the test set of 2.66× 10−4.

For the KAN architecture, we employ a single hidden layer
with one neuron. The remaining KAN hyperparameters are set to
G = 1 and o = 2, resulting in a total of 40 trainable parameters,
obtaining thus a reduction of said number of more than 70% when
compared against the MLP. Learning rates are selected indepen-
dently for each architecture through preliminary hyperparameter
tuning to ensure stable convergence, rather than enforcing identi-
cal optimization settings. The model is trained using Adam (learn-
ing rate 1× 10−3 and early stopping after 50 epochs), minimizing
the same loss function in (17). This configuration yields an NMSE
of 6.71 × 10−4 on the test set. Fig. 4 shows the learned edge
activation functions, ϕl,q,p, after training. In particular, the first
row (Figs. 4a–4d) shows the edge functions connecting the input
layer to the hidden layer, whereas the second row (Figs. 4e–4h)
shows those connecting the hidden layer to the output layer. Such
a representation provides insight into how the network models the
nonlinear mapping, enabling a direct interpretation of the learned
transformations and their contribution to the overall input-output
relation.

It is worth noting that both the MLP and the KAN architec-
tures are designed with the aim of minimizing the number of pa-

0.995 0.9955 0.996 0.9965 0.997 0.9975 0.998 0.9985 0.999 0.9995 1

-0.5

0

0.5

Figure 5: Last 5 ms of Vout. The comparison among LTspice (blue
solid curve), MLP (orange dashed curve), and KAN (purple dot-
dashed curve) reveals that both WDF implementations achieve a
high degree of accuracy.

rameters without compromising simulation accuracy. In particular,
we select the smallest architectures that achieve an NMSE below
a certain threshold in the time-domain simulation (presented in the
next subsection), which we set to 1 × 10−2. Moreover, we con-
sider the additional constraints of obtaining NMSE values of the
same order of magnitude for both models, in order to ensure a fair
comparison.

5.2. Results

This subsection presents the results of our comparative analysis.
All tests are conducted on an Apple MacBook Pro with an Apple
M4 Processor and are evaluated against a ground-truth simulation
performed in LTspice under identical operating conditions.

In particular, to compare the accuracy of the KAN-based WDF
against that of the MLP-based implementation, we drive the cir-
cuit with a 1-second square wave having fundamental frequency
f0 = 800 Hz, amplitude 8 V, and duty cycle 50%. The sim-
ulations are performed at a sampling frequency fs = 44.1 kHz
with an oversampling factor of four. Both WDF implementations
are developed in Python using NumPy, and differ only in the neu-
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Figure 6: Discrete Fourier Transform (DFT) of Vout. Curve con-
vention follows what explained for Fig. 5.

ral network used to model the 4-port nonlinear WD block. Using
NumPy allows us to avoid the computational overhead associated
with PyTorch’s heavier data structures, which would otherwise in-
troduce additional runtime costs in the WDF simulation.

Fig. 5 shows the last 5 ms of the output voltage Vout. The three
curves, namely, the solid blue curve representing LTspice results,
the dashed orange curve corresponding to the MLP-based WDF,
and the purple dot-dashed curve corresponding to the KAN-based
WDF, are overlapped, pointing out the accuracy of the representa-
tions. This results in an NMSE with respect to the LTspice refer-
ence of 3.8× 10−3 and 6.6× 10−3 for the MLP- and KAN-based
implementations, respectively. Fig. 6 shows, instead, a compar-
ison among the Discrete Fourier Transforms (DFTs) of the three
signals, from which we evince a coherent spectral content. To fur-
ther quantify the accuracy of the representations, we compute the
Log-Spectral Distance (LSD), taking once again the LTspice re-
sults as ground truth. We obtain 1.02 for the WDF based on MLP
and 0.82 for the WDF based on KAN, indicating that the two ap-
proaches achieve comparable performance, with a slight advantage
for the KAN-based implementation in the frequency domain. For
the reader’s convenience, all the results are summarized in Table 3.

Finally, we compare the performance of the two implementa-
tions in terms of real-time execution. To this end, we compute the
Real-Time Ratio (RTR) as the average, over Γ = 100 identical
runs, of the ratio between the simulation time tsim (in seconds) and
the total number of processed samples K, i.e.,

RTR =
1

Γ

Γ∑
j=1

tsim,j fs

K
, (18)

obtaining values of 1.31 and 4.74 for the MLP- and KAN-based
WDFs, respectively. These results indicate that, although KAN
employs a significantly smaller number of parameters, the MLP-
based implementation achieves a lower computational cost. We
mainly attribute this behavior to the higher number of nonlinear
evaluations required by the KAN architecture. In our specific con-
figuration, the KAN model involves 8 B-splines, each expressed
as a linear combination of G + o = 3 quadratic basis functions
(totaling 24 evaluations), whereas the MLP requires only 16 ac-
tivation function evaluations during the forward pass. This in-
creased computational burden offsets the parameter efficiency of
KAN. Moreover, MLP inference on CPUs benefits from highly op-
timized dense matrix multiplication routines, whereas spline eval-
uations currently lack an equally mature optimization ecosystem.
It is also worth noting that the measured RTR is strictly linked
to the implementation-dependent computational cost. With that in
mind, we expect that optimized low-level implementations (e.g., in
C++ or on dedicated hardware) exploiting dedicated vectorization

Table 3: Comparison between the MLP- and KAN-based WDF
implementations under the simulation scenario described in Sec. 5.

Metric MLP KAN

Parameters 148 40
NMSE 3.8× 10−3 6.6× 10−3

LSD 1.02 0.82
RTR 1.31 4.74

and/or quantized spline lookup tables could substantially reduce
the cost of spline evaluations, narrowing the observed RTR gap.

Overall, these findings are consistent with those reported in [17],
indicating that KANs can achieve comparable accuracy with a re-
duced number of parameters. This characteristic is particularly ap-
pealing for resource-constrained scenarios, such as embedded and
FPGA-based implementations [29]. We would like to point out
that KANs are likely to be most advantageous in scenarios where
MLPs require a large number of parameters, as the evaluation of a
limited set of B-spline functions may become more efficient than
computing a large number of activation functions. In the context of
VA modeling with WDFs and neural networks, this situation natu-
rally arises when dealing with circuits featuring multiple multiport
nonlinearities. In such cases, we believe that KANs may provide a
favorable trade-off between accuracy and model complexity, rep-
resenting a promising direction for future research and practical
implementations.

6. CONCLUSIONS

In this article, we investigated the use of Kolmogorov-Arnold Net-
works (KANs) as an alternative to Multi-Layer Perceptrons (MLPs)
for Virtual Analog modeling within the Wave Digital Filter (WDF)
framework. Through a controlled case study, we showed that KANs
achieved accuracy comparable to that of MLPs while requiring a
significantly reduced number of parameters. At the same time, we
observed that this gain came at the cost of increased computational
complexity during inference. These results suggested that KANs
represent a viable alternative to MLPs, particularly in scenarios
where memory footprint is a primary constraint. Moreover, we
argued that their reduced parameter count can be particularly ad-
vantageous when modeling circuits with a large number of nonlin-
ear elements, potentially enabling more cost-effective and scalable
implementations, and providing the community with a practical
alternative for resource-constrained applications.
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