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Abstract

Inverse problems are extensively studied in applied mathematics, with appli-
cations ranging from acoustic tomography for medical diagnosis to geophysical
exploration. Physics-informed neural networks (PINNs) have emerged as a pow-
erful tool for solving such problems, while Physics-informed Kolmogorov–Arnold
networks (PIKANs) represent a recent benchmark that, in certain problems,
promises greater interpretability and accuracy compared to PINNs, due to their
nature, being constructed as a composition of polynomials. In this work, we
develop a methodology for addressing inverse problems in infinite and semi-
infinite domains. We introduce a novel sampling strategy for the network’s
training points, using the negative exponential and normal distributions, along-
side a dual-network architecture that is trained to learn the solution and
parameters of an equation with the same loss function. This design enables the
solution of inverse problems without explicitly imposing boundary conditions, as
long as the solutions tend to stabilize when leaving the domain of interest. The
proposed architecture is implemented using both PINNs and PIKANs, and their
performance is compared in terms of accuracy with respect to a known solution
as well as computational time and response to a noisy environment. Our results
demonstrate that, in this setting, PINNs provide a more accurate and computa-
tionally efficient solution, solving the inverse problem 1, 000 times faster and in
the same order of magnitude, yet with a lower relative error than PIKANs.
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1 Introduction

Studying differential equations is crucial in physics, as it allows us to model and
predict the behavior of dynamic systems in various fields where changes in a function
can be modeled more simply than the function itself [1]. A differential equation can
be approached in two distinct ways: directly or inversely. The direct approach aims to
compute the solution of the equation given its parameters and boundary conditions,
whereas the inverse approach focuses on identifying the underlying parameters or
causes from a set of observations, as well as the equation itself, that is, determining
the values associated with the governing differential equation [2]. For instance, when
working with the Poisson equation, the associated parameter that the inverse problem
solves can be the thermal conductivity or the electrical permittivity of a system,
depending on how it is posed.

From time to time, one encounters an inverse problem that has no information
(or limited information) around its boundaries. For instance, in geophysics, full wave
inversion can provide information about the materials that are found below the surface
[3] without any need for direct excavation. Nevertheless, obtaining data along interior
boundaries is not feasible in practice, as it would require intrusive interventions such
as drilling or digging. This limitation motivates the study and development of inverse
problem methodologies in unbounded domains.

In addition to classical numerical methods, such as the adjoint method [4], a new
approach was proposed in 2019 to solve inverse problems: physics-informed neural
networks (PINNs) [5]. This framework allows approximating the solution of partial
differential equations and inverse problems using a Deep Neural Network (DNN) with
a loss function to minimize based on physical laws, as well as observations of solutions
of the equation.

In 2024, Kolmogorov–Arnold Networks (KAN) were introduced as a novel alter-
native to traditional DNNs, offering enhanced interpretability and, in certain cases,
improving accuracy in function approximation tasks [6]. Their effectiveness is rooted
in the Kolmogorov-Arnold representation theorem, which states that any continuous
multivariate function can be expressed as a finite sum of continuous univariate func-
tions. This naturally raises the question: can physics-informed Kolmogorov–Arnold
Networks (PIKANs) outperform PINNs in approximating the inverse Poisson problem
on an unbounded domain? In this work, we introduce a novel strategy for sampling
training points, develop a dual-network framework for addressing the inverse problem,
and conduct a comparative analysis of PINNs and PIKANs for the inverse Poisson
problem. Our evaluation includes metrics such as solution accuracy and the ability of
each method to generalize across the domain.
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2 Theoretical framework

2.1 Inverse problems and Poisson equation

Inverse problems consist in determining a system’s parameters, given their structure
and direct or indirect observations. In the context of differential equations, they arise
when the governing physical laws are expressed through operators, but certain coef-
ficients or parameters remain unknown [2]. Given partial observations of a solution,
together with knowledge of the underlying equations, the inverse problem seeks to
reconstruct the complete set of parameters that characterize the system.

For instance, Poisson’s equation provides a highly general mathematical framework
for describing a wide range of physical phenomena across multiple areas of physics.
Poisson’s inverse problem in R3 then has as a goal of finding the variable parameter
k(x, y), as seen on equation 1, given the structure of the differential equation, as well
as observations from solutions of the differential equation and/or of the k parameter
in the desired domain. Note that, in solving the inverse problem (determining the
coefficient k), one simultaneously solves the associated forward problem for the state
variable u. Specifically, both quantities are linked through the governing differential
equation

∇ · (k∇u) = f. (1)

In a more practical sense, the value of k can account for electrical permittivity,
thermic conductivity, and even Young’s modulus, depending on the problem. In some
of the areas of interest, one can encounter an infinite domain, a domain that has no
bounds, as information regarding boundaries is either non existent or not available.

In the Poisson equation, the source term f denotes the underlying distribution that
generates the potential field. It characterizes the spatial localization and intensity of
the sources driving the system. For instance, in a electrostatics problem, f corresponds
to the charge distribution, describing how electric charges are arranged in space and
how they give rise to the associated electric potential.

2.2 Neural Networks Architectures

2.2.1 Deep Neural Networks

A DNN is a computational model composed of multiple layers of interconnected nodes,
or “neurons,” that transform input data into output predictions through successive
nonlinear operations [7]. Each neuron applies a fixed nonlinear activation function
(choices include the rectified linear unit (ReLU), sigmoid, or hyperbolic tangent) to a
weighted sum of its inputs. The connections are associated with trainable parameters,
typically called weights and biases, which are trained to determine how information
flows through the network. The training process consists of optimizing these param-
eters so that the network can approximate an unknown function. This optimization
is usually performed by minimizing a loss function, such as the Mean Squared Error
(MSE) in supervised learning tasks, using gradient-based methods like stochastic gra-
dient descent. It is common to denote the network configuration as an ordered pair
(Number of hidden layers,Number of neurons per hidden layer).
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2.2.2 Kolmogorov-Arnold Networks

KANs are neural architectures motivated by the Kolmogorov-Arnold representation
theorem, which states that any multivariate continuous function can be written as
a finite sum (thus product) of univariate functions [8]. In contrast to DNNs where
fixed activation functions are assigned to nodes, KANs replace linear weights with
learnable univariate functions assigned to the edges of the network. These functions are
commonly parameterized as splines, enabling each edge to adaptively model nonlinear
transformations of its inputs [6].

In practice, various spline families can be used to parameterize these edge functions.
However, following [6] and [9], the most widely adopted choice is B-splines with a fixed
number of interpolation points. This design not only improves expressive power but
also provides a higher degree of interpretability, as the learned transformations are
explicitly represented by low-dimensional polynomial bases.

KANs have shown particular promise in domains such as data fitting and the
numerical solution of Partial Differential Equations (PDEs), where they have achieved
higher accuracy and efficiency compared to DNNs, however, the scientific machine
learning community is still divided, as there have also been several applications in
solving differential equations where a DNN outperforms a KAN [9, 10].

Formally, the output of a KAN with L layers is given by a composition of univariate
spline functions:

KAN(x) = (ΦL−1 ◦ ΦL−2 ◦ · · · ◦ Φ0)(x),

where each Φi denotes a collection of spline-based transformations applied to the
inputs of layer i. In practice, these spline transformations are defined by two main
hyperparameters: the spline degree k and the grid of knots. The parameter k controls
the polynomial order of the B-splines used in the transformation. The grid specifies
the placement and number of knots across the input domain. A finer grid allows the
KAN to capture more detailed patterns, whereas a coarser grid enforces smoother
approximations. Consequently, it has also been noted that KAN need significantly less
parameters to converge to a solution, but they take way longer to train [11]. In other
words, a KAN is trained to learn nonlinear activation functions, whereas a DNN is
trained to learn scalar weights and biases.

Finally, since splines are polynomial pieces, KAN neurons inherit the alge-
braic closure of polynomials under composition, enhancing their interpretability and
mathematical transparency [6].

2.3 Physics informed neural networks (PINNs) for inverse
problems

The idea of using neural networks to solve differential equations comes from way back
in the 1990’s. It was first introduced by [12], proposing to include physical laws into
the loss function that is minimized during training of neural networks. With the rise of
modern deep learning frameworks such as PyTorch [13] and TensorFlow [14], together
with significant advances in neural network architectures and optimization, PINNs
were reintroduced and gained momentum around 2019 [5].
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In accordance to [5], inverse problems can be solved using neural networks by
minimizing a loss function built as a combination of the residual of a differential
equation and observed data from either the solution or the parameters.

The residual of a differential equation measures how much a proposed solution
fails to satisfy an equation. Specifically, it is the result of substituting the approximate
solution into the differential equation and computing the difference between the left-
hand side and the right-hand side. A residual of zero indicates that the solution exactly
satisfies the equation, while a nonzero residual reflects the error or mismatch. For
Poisson’s equation, for an approximate solution û, the residual is defined as:

R = ∇ · (k∇û)− f. (2)

Thus, as shown on equation 3, to approximate an inverse problem, a PINN mini-
mizes the residual of a PDE and the MSE of observed solutions and predicted solutions.
This loss function is perfectly applicable to KANs, and PIKANs are described just
that way. The training points and the interior data used to minimize this function tend
to be sampled using uniform distributions and literature that approaches this issue is
limited [15] [16]. Given NPDE training points and Nobs, the loss function is defined as:

L(θ) = 1

NPDE

NPDE∑
i=1

∥R(xi)∥2 +
1

Nobs

Nobs∑
i=0

||û(xi)− u(xi)||2. (3)

Now, when working in a domain that has information in the boundaries, an addi-
tional term can be included. When encountering Dirichlet boundary conditions, an
extra term on equation 3 can be added as an MSE to include the extra insights in the
boundries, as follows:

L∗(θ) = L(θ) + 1

Nbnd

NBND∑
i=0

||ûbnd(xi)− ubnd(xi)||2.

A loss function can be minimized using various Algorithms. Adam is an stochastic,
adaptive optimization algorithm that adjusts learning rates using estimates of first
and second moments of the gradients, making it efficient for training deep networks
[17]. L-BFGS is a memory-efficient quasi-Newton method that approximates second-
order information to optimize smooth functions with faster convergence than gradient
descent [18], however, it has been proved to be significantly slower in runtime [19], and
considering that it is not stochastic, does not perform well under noisy environments.

3 Methodology

3.1 Problem selection

Two problems are considered: one in an infinite domain, where there are no boundary
conditions and one in a semi infinite domain, where there is one Dirichlet boundary
condition in parts of the domain, and other parts remain unbounded.
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Analytic u (Infinite domain)

1 0 1

(a) Solution for u. α = 0.5, β = 10

Analytic k (Infinite domain)

1 3

(b) Solution for k with ε = 1

Fig. 1: Analytic solutions for u and k on an infinite domain

3.1.1 Infinite Domain

Using the method for manufactured solutions [20], we can intentionally construct the
equation that we wish to solve, by taking a desired value for k and u and forcing
the source term f with those values so that Poisson’s equation is fulfilled. We let the
analytical solution of the equation and the real value of k to be as follows:

u(x, y) = e−α(x2+y2) cos(βy), k(y) = −1 +
2

1 + e−y/ε

Figures 1a and 1b show the analytic solutions for the u and k proposed. Note that
the solutions tend to stabilize when they tend to infinity.

3.1.2 Semi Infinite Domain

Using the same method applied for the infinite domain we can construct the equation
that we wish to solve by taking a desired value for k and u and constructing the source
term f with those values. To grant a semi infinite domain, we define the boundary
Ωy, along the y = 0 axis. We let the analytical solution of the equation and the real
value of k to be as follows:u(x, y) = e−α(x2+y2) cos(βx), (x, y) ∈ Ω,

u(x, 0) = e−αx2

cos(βx), x ∈ ∂Ωy,

k(y) = −1 +
2

1 + e(−y+1.5)/ε
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Analytic u (Semi-infinite domain)

1 0 1

(a) Solution for u with α =
0.5, β = 10

0

0

Boundary condition u(x, y= 0)

(b) Boundary condition for
u(x, y = 0)

Analytic k (Semi infinite domain)

1 3

(c) Solution for k with ε =
0.75

Fig. 2: Analytic solutions for u and k in a semi infinite domain

Figures 2a and 2c show the analytic solutions for the u and k proposed, as well as
the boundary contidion set for u. These figures are set to similiar equations as in the
infinite domain case, for reproducibility reasons.

3.2 Sampling strategy

As mentioned, the domain of interest for the inverse problem is unbounded. Therefore,
if training points are sampled uniformly, their density will be evenly distributed across
the domain. As a result, the gradients may not converge effectively, leading to poor
training performance and failure of generalization in areas outside of the training
domain.

For an infinite domain, we propose sampling the training points using a normal
distribution with mean in the zone of interest. That way, for equations where the
solution tends to stabilize when going to infinity, there are less training points as
one moves from the zone of interest. However, since solutions are assumed to become
constant when reaching infinity, the gradients will become zero, and this sampling
approach will help the network to generalize outside the training domain. Figure 3a
provides a graphic explanation of the sampling strategy used. On the other hand, for
the semi infinite case, there is available information on one boundary (in our case
y = 0), so the sampling for the training points in y is done with an exponential
function, as shown on Figure 3b. We propose to solve the problem using 10, 000 training
points.

It is important to remark that this strategy is implemented to sample the training
points, and not to sample the observed data from u and k that will aid in the solution
of the problem. These observations are to be sampled using a uniform distribution.

3.3 Network Architecture

The network designs include two fully connected networks, NN u, which solves the
direct problem andNN k, trained to solve the inverse problem, inspired by the works of
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(a) Sampling strategy for training points
on an infinite domain using a normal dis-
tribution

(b) Sampling strategy for a semi infinite
domain using a normal and an exponential
distribution

Fig. 3: Proposed training points sampling

[21]. Both networks are trained in parallel using the same loss function. The reasoning
behind creating two networks instead of one fully connected network with two outputs
comes from the idea of not having the solution for u bias the solution for k.

Figure 4 shows the structure of the networks. Note that the input of the network is
a position vector (x, y), the output of NN k gives us the value of k and the output of
NN u gives us the value of u. The output of each network is derived using automatic
differentiation [22]. The loss function to be minimized is then constructed by taking the
residual and observed data from both u and k. Both networks are trained at the same
time, with the same loss function, in order to influence by some degree the solution.

3.4 Loss function

The loss function to minimize is formed by minimizing the residual of Poisson’s
equation (see eq. 2) and the MSE for observations of both u and k. Given Npde train-
ing points and Nobs observations of the solution, the losses that will make up the
loss function are presented in table 1. The components are then added and multiplied
by a scalar factor λi that adds mathematical importance to the different losses. The
different values of λi are selected by trial and error.

3.5 Two step minimization of the Loss function

The training stage was defined to be carried out in two stages. Initially, the Adam
optimizer was employed to rapidly explore the loss landscape and bring the network
parameters close to a local minimum. Then, the L-BFGS algorithm, a quasi-Newton
method, was applied to refine the solution and achieve higher accuracy. This hybrid
strategy leverages the robustness of Adam in navigating complex, high-dimensional
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LossResidual

network

MSE

MSE
network

Fig. 4: Dual network architecture: One network learns the value of u whereas one
diffrent network learns the value of k. Both networks are then trained using the same
loss (residual + data)

Description Equation

PDE residual loss LPDE(θ) =
1

NPDE

NPDE∑
i=1

∥∥R(xi)
∥∥2

Data loss for u Lu =
1

Nobs

Nobs∑
i=1

∥∥û(xi)− ureal(xi)
∥∥2

Data loss for k Lk =
1

Nobs

Nobs∑
i=1

∥∥k̂(xi)− kreal(xi)
∥∥2

Boundary loss for u Lubnd
=

1

Nbnd

Nbnd∑
i=1

∥∥û(xi)− ureal(xi)
∥∥2 ∀x ∈ ∂Ω

Combined loss (infinite domain) Linfinite = λ1LPDE + λ2Lu + λ3Lk

Combined loss (semi-infinite domain) Lsemi-infinite = λ1LPDE + λ2Lu + λ3Lk + λ4Lubnd

Table 1: Loss function components and combined formulations for the inverse
problem.

spaces while being a stochastic method and the precision of L-BFGS in fine-tuning
the model parameters, as it is a second order method [23].

3.6 Experiments carried

The following experiments were done to assess and compare the ability of both PINNs
and PIKANs to solve Poisson’s inverse problem. The training for every network was
performed on a single NVIDIA A10G Tensor Core GPU with 24GB of VRAM. We
used 10, 000 training points and 5, 000 data points. Scenarios training PINNs and
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PIKANs where the data observed has 5%, 10% and 15% noise were also executed.
Apart from the observations of the inside domain, for semi-infinite problems, 500
boundary observations were also taken.

3.6.1 PINN configurations

We evaluated architectures with varying numbers of hidden layers and neurons per
layer, considering the following network setups: (4, 8), (8, 16), (16, 32), (32, 64), and
(64, 128). These variations allow us to study the impact of increasing network capacity
on the accuracy and stability of the solution. Each PINN was configured with tanh
activation function, and was trained using ADAM for 15, 000 epochs with a 10−4

learning rate, and then for 1, 500 with a 0.5 learning rate using L-FBGS.

3.6.2 PIKAN configurations

We evaluated architectures with varying numbers of hidden layers and neurons per
layer, considering the following setups: (2,4),(3,6),(4,8),(5,10), (6,12). These variations
allow us to study the impact of increasing network capacity on the accuracy and
stability of the solution. Each PIKAN was configured with the parameter grid = 3
and k = 3. Training using ADAM for 1, 500 epochs with a 10−4 learning rate, and
then for 500 with a 0.5 learning rate using L-FBGS. The PIKAN is trained for less
epochs than the PINN because due to the nature of KANs, they take less epochs to
converge, however each epoch takes a longer time to be completed [6] [9]. the PIKAN
also has less hpyerparameters because KANs have been shown to need less parameters
to converge [11]. Thus, the criterion to choose the network configurations for which
the simulations are to be done was to choose hyperparameters such that training times
are comparable between PINNs and PIKANs.

4 Results

The following section presents the results obtained for simulations of the Poisson
equation on both infinite and semi-infinite domains. All approximated values are non-
dimensional. The simulations for the infinite domain were carried out on the square
[−3, 3]× [−3, 3], and those for the semi-infinite domain on [−3, 3]× [0, 3]. To evaluate
the approximate solutions against the analytic ones, we used a variation of the relative
error in which the absolute value is omitted. This allows us to capture the “sign” of
the error, which is particularly relevant in wave-related problems.

4.1 Infinite domain

Figure 5 shows the approximation of u and k achieved by the PINN. Note that the
error does not necesarily increase when approaching the boundary of observed data.
In fact, as shown in figure 7, the PINN proves to generalize in u and specially in k,
showing that it can learn outside the training region. In figure 7, the the domain for
which there are training points available is the area enclosed by the purple squares.
Figure 6 shows the approximations obtained using the PIKAN that performed best.
By comparing the error profiles for both u and k obtained with PINN and PIKAN
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(Figures 5b, 5d, 6b, 6d), we observe that both methods yield errors of the same order of
magnitude. However, sprecially in the case of the k approximation, the PIKAN model
exhibits noticeably larger and more spatially dispersed errors across the domain.

When experimenting with both PINNs and PIKANs, it was found that for the
proposed configurations, not only were the PINNs trained in a considerably shorter
time, but the relative error achieved for the approximation of k was one order of
magnitude lower than with the PIKAN, as shown in figure 8. By analyzing figure
8, it can be noticed that when increasing the PINNs parameters to the (64, 128)
configuration, the relative error increases to up to 102, due to overfitting, when a
model learns irrelevant patterns from the training data instead of generalizing, which
increases relative error because its predictions perform poorly on unseen data. This
phenomenon can happen when there is an excess of parameters or when the number
of epochs defined is not enough for the network to learn the function.

u approximation (PINN)

1 0 1

(a) Approx. for u

Error u (PINN)

0.1 0.0 0.1

(b) u relative error

k approximation (PINN)

1 3

(c) Approx. for k

Error k (PINN)

0.1 0.0 0.1

(d) k relative error

Fig. 5: PINN Predictions for u and k using a (16, 32) network configuration

u approximation (PIKAN)

1 0 1

(a) Approx. for u

Error u (PIKAN)

0.1 0.0 0.1

(b) u relative error

k approximation (PIKAN)

1 3

(c) Approx. for k

Error k (PIKAN)

0.1 0.0 0.1

(d) k relative error

Fig. 6: PIKAN Predictions for u and k using a (3, 6) KAN network configuration with
grid=3 and k = 3

Figure 9 shows an experiment in which the number of training epochs, the network
configuration, and the number of training points were kept fixed, while only the number
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u generalization capability (PINN)

1 0 1

(a) u capacity of generalizing

k generalization capability (PINN)

1 3

(b) k capacity of generalizing

Fig. 7: Network generalization capacity on an infinite domain
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(2,4)

(4,8)

(8,16)

(16,32)

(32,64)

(64,128)

(2,4)
(3,6)

(4,8)
(5,10)

(6,12)

PINN approximation
PIKAN approximation

Fig. 8: log log plot of different configurations of PINNs and PIKANs approximation on
an infinite domain. PIKANs tend to take much more to approximate a worse solution

of available observations for u and k varied. As expected, the error decreases as the
number of training points increases, up to a point where it begins to level off. Notably,
increasing the number of available points does not significantly raise the computation
time, since the time complexity in neural networks depends more on the network
architecture itself than on the size of the dataset [24].

4.2 Semi-infinite domain

Figure 10 shows the approximation of u and k achieved by the PINN on a semi-
infinite domain, whereas 11 shows the approximation and error obtained by the best
performing KAN. It is interesting to see that the PIKAN proves to have way higher
errors when approaching the end of the computational domain created, as one can see
in figures 11b and 11d. As shown in figure 12, the PINN proves to somewhat generalize
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Fig. 9: log plot of error obtained by PINNs and PIKANs approximating k on an
infinite domain, while varying the number of available information.

in u and specially generalize in k, proving that it can solve the inverse problem outside
the training region. Interestingly, even though there is information available in one of
the boundaries, the errors for both u and k seem to be lower on the infinite case.

When experimenting with both PINNs and PIKANs, it was found that for the
proposed configurations, not only were the PINNs trained in a considerably shorter
time, but the relative error achieved for the approximation of k was one order of
magnitude lower than with the PIKAN, as shown in figure 13.

u approximation (PINN)

1 0 1

(a) Approx. for u

Error u (PINN)

0.1 0.0 0.1

(b) u relative error

k approximation (PINN)

1 3

(c) Approx. for k

Error k (PINN)

0.1 0.0 0.1

(d) k relative error

Fig. 10: PINN Predictions for u and k using a (16, 32) network configuration in a
semi infinite domain

Figure 14 shows the same experiment as in the infinite domain: the number of
training epochs, the network configuration, and the number of training points were
kept fixed, while only the number of available observations for u and k varied. For
the boundary conditions, an additional set of points equal to 10% of the total inte-
rior observations was included. For example, when using 100 interior points, 10 extra
boundary points were added. As expected, the error decreases as the number of
training points increases, up to a point where it begins to level off.
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u approximation (PIKAN)

1 0 1

(a) Approx. for u

Error u (PIKAN)

0.1 0.0 0.1

(b) u relative error

k approximation (PIKAN))

1 3

(c) Approx. for k

Error k (PIKAN)

0.1 0.0 0.1

(d) k relative error

Fig. 11: PIKAN Predictions for u and k using a (5, 10) network configuration with
grid=3 and k = 3 in a semi infinite domain

u generalization capability (PINN)

1 0 1

(a) u capacity of generalizing

k generalization capability (PINN)

1 3

(b) k capacity of generalizing

Fig. 12: Network generalization capacity on a semi-infinite domain domain

4.3 Response to noise on an infinite domain

Experiments with 5%, 10% and 15% white noise added in the observed information
were carried, as shown on table 2. The best performing PINN [(16, 32)] configuration,
and the best performing PIKAN [(5, 10)] configuration, were retrained for the same
number of epochs as described in the methodology, however, 5%, 10% and 15% of
white noise was added to the interior data observations (both u and k) used to solve
the inverse problems. Figure 15 shows the relative error for k as a function of the
noise percentage on observed data. As expected, the error is lower on PINNs, however,
it is very interesting to observe that the relation between error and noise percentage
appears to be linear in the studied range. Moreover, the growth rate of the error
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Fig. 13: log log plot of PINNs and PIKANs approximation on a semi-infinite domain.
PIKANs tend to take much more to approximate a worse solution
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Fig. 14: log plot of error obtained by PINNs and PIKANs approximating k on a semi-
infinite domain, while varying the number of available information

for both PINNs and PIKANs is extremely similar, which shows that these networks
behave alike under noise in this particular problem.

Noise Relative error PINN Relative error PIKAN

No noise for u and k 0.097% 1.086%

5% noise for u and k 0.473% 1.722%

10% noise for u and k 0.931% 1.926%

15% noise for u and k 1.283% 2.447%

Table 2: Relative errors for k, when attempting to solve the inverse problem using
PINNs and PIKANs, whith 5%, 10% and 15% noise
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Fig. 15: Error growth for PINNs and PIKANs under different percentages of white
noise. Experiments performed on an infinite domain

4.4 A word about the interpretability of Kolmogorov–Arnold
Networks

Although Kolmogorov-Arnold Networks ultimately represent solutions as compo-
sitions of piecewise polynomials, this structure does not automatically guarantee
interpretability in the traditional sense. The intuition behind KANs is that each spline-
parameterized univariate function offers a transparent, local view of how inputs are
transformed, in contrast to the opaque weight matrices of deep neural networks. In
practice, this means that one can visualize or analyze each learned spline to understand
the nonlinear behaviors the model captures.

Nonetheless, extracting actionable insight from these spline compositions is not as
straight forward as portrayed. As networks grow deeper, the interpretability gained
at the level of individual basis functions becomes increasingly entangled through suc-
cessive compositions. While some structure given by the polynomials is indeed more
accessible, for example, identifying dominant regions or transitions or drawing math-
ematical conclusions from a trained KAN is still challenging. Thus, the appeal of
interpretability in KANs should be considered incremental rather than transformative.

Whether this interpretability gain justifies the additional training time depends
heavily on the application. In settings where understanding localized nonlinear rela-
tions is valuable, the spline-level transparency may beat the computational overhead.
However, for purely performance-driven tasks, or when models must scale to high
dimensionality, the interpretability advantage may not be sufficient to offset the
increased complexity and training cost.

5 Conclusions

In this work, we addressed the inverse Poisson problem in infinite and semi-infinite
domains using PINNs and PIKANs. From the experiments carried out, several con-
clusions can be drawn. Overall, PINNs consistently outperformed PIKANs in terms of
both accuracy and computational efficiency. The relative errors obtained with PINNs
were lower by approximately one order of magnitude, and the associated training times
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were significantly reduced. These results indicate that PINNs provide a more reliable
and efficient framework for solving inverse problems posed on unbounded domains.

In contrast, PIKANs exhibited limitations that are closely related to their
polynomial-based structure, which relies on compositions of polynomials. As the
domain approaches infinity, this structure can lead to numerical instability and
error growth, negatively impacting performance. Although the interpretability of
PIKANs remains a potential advantage, particularly from a theoretical standpoint,
this observed instability restricts their applicability when dealing with infinite or
semi-infinite domains.

The sampling strategies proposed in this study, based on normal and exponential
distributions for the infinite and semi-infinite cases respectively, proved effective in
enabling both architectures to generalize beyond the region where training data were
concentrated, even in the absence of explicit boundary conditions. It is important
to emphasize, however, that this strategy is particularly suitable for problems whose
solutions stabilize as we leave the zone of interest. In such cases, the reduced density
of training points at large distances and the decay of gradients toward zero contribute
to stable learning behavior.

Furthermore, the adoption of a Dual-Network architecture, in which one network
is dedicated to learning the state variable u and a second network to learning the coef-
ficient k, was shown to reduce bias between the two approximations. This separation
led to improved numerical stability and better performance in the inverse formulation
for both PINNs and PIKANs.

Finally, both approaches exhibited a nearly linear increase in error as white noise
was added to the observed data. Despite PINNs achieving lower absolute error values
across all noise levels considered in this study, the sensitivity to noise was remarkably
similar for both PINNs and PIKANs, suggesting comparable robustness trends under
noisy conditions.

Appendix A Implementation for reproducibility

For reproducibility purposes and following the Guidelines for Open Science Poli-
cies [25], the entirety of code used during the development of this project, as
well as the models created by the authors is reported in the following repository:
github.com/gperezb12/PINN-PIKAN-Poisson.
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