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ABSTRACT Electrically reconfigurable metasurfaces (MTS) for magnetic resonance imaging (MRI) can
exhibit many degrees of freedom. Each tunable parameter affects the final response of the metasurface
to an impinging magnetic field. Thus, the configuration of the electric parameters significantly affects
the manner in which metasurfaces shape the overall magnetic field distribution. Owing to the high
number of parameters and the mutual coupling, shaping the field in a target way can be a nontrivial
and time-consuming challenge. This paper introduces a novel CUDA-enabled PyTorch-based framework
(available open-source on github.com) designed for the gradient-based optimization of such reconfigurable
electromagnetic structures with electrically tunable parameters. Traditional optimization techniques for
these structures often rely on non-gradient-based methods, which limit their efficiency and flexibility.
The proposed framework leverages automatic differentiation, facilitating the application of gradient-based
optimization methods. This approach is particularly advantageous for embedding within deep learning
frameworks, which enables sophisticated optimization strategies. We demonstrate the effectiveness of the
framework through comprehensive simulations involving resonant structures with tunable parameters. The
key contributions include the efficient solution to the inverse problem. The performance of the framework is
validated using three different resonant structures: a single-loop copper wire (single unit cell) and an 8×1 as
well as an 8 × 8 array of resonant unit cells with multiple inductively coupled unit cells (one-dimensional
(1d) and two-dimensional (2d) metasurfaces). The results show precise control over an individual component
of the magnetic field normal to the surface of each resonant structure, achieving target field strengths with
minimal error.

INDEX TERMS Automatic differentiation, deep learning integration, differentiable simulation, electromag-
netic structures, forward problem, gradient-based optimization, inverse problem,magnetic field control,MRI
enhancement, PyTorch framework, reconfigurable metasurfaces, resonant structures, tunable parameters.

I. INTRODUCTION
The application of properly configured resonant structures in
magnetic resonance imaging (MRI) offers several advantages
that significantly enhance imaging efficiency. Resonant
electromagnetic structures, such as metasurfaces (MTS)
and metamaterials (MTMs), manipulate the magnetic field
in a well-defined manner, leading to improved perfor-
mance metrics, such as an enhanced signal-to-noise ratio
(SNR), increased imaging resolution, and reduced scanning
time.

The associate editor coordinating the review of this manuscript and

approving it for publication was Mohammad Hossein Moaiyeri .

Resonant electromagnetic structures are static, tunable,
or reconfigurable. Static structures maintain their properties
over time. A significant enhancement in SNR [1], image
resolution [1], and penetration depth [2], [3], [4] with
preconfigured passive resonant structures is demonstrated.
However, for specific use cases, the behavior of these
structures may need to be adjusted to account for different
loading conditions. Electrically tunable structures exhibit
deliberately adjustable global behavior over time, allowing
them to adapt to varying loading conditions [5] and adjust
the modes to different frequencies [6]. They may also
automatically detune to protect the patient from strong
magnetic fields in transmit [7].
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Reconfigurable resonant structures provide arbitrary spa-
tiotemporal control of electromagnetic fields. The individual
circuit parameters of these structures are adjusted to change
their behavior. A local change in one cell can influence
neighboring cells, making it challenging to accurately set the
proper parameters for a target magnetic field distribution.

One of the first individually tunable resonant unit cells
is presented in [8] highlighting the importance of finely-
grained reconfigurability. Various tuning strategies, including
electrical, optical, thermal, andmechanical adjustments, have
been implemented for different applications [9], [10].
The potential of reconfigurable metasurfaces in MRI

is demonstrated first by Wang et al. [11], where the
enhancement ratio is selectively boosted by up to 28 times.
A prototype with 14 degrees of freedom is proposed on other
occasions [12], [13], [14].

A. MOTIVATION
The deliberate control over the degrees-of-freedom allows
for locally adjustable SNR-hotspots by properly tuning the
capacitances of the resonant structure.

The capacitances C of reconfigurable electromagnetic
structures and the resulting magnetic field B are related such
that the mapping (C → B) can be considered a forward
problem. This relationship can be observed analytically,
numerically and experimentally. The circuit model combined
with the Biot-Savart law can be used if the structure is small
compared to the wavelength. Analytical modeling is possible
but is not agnostic to the geometry of the resonant structure.
The inversion of the Biot-Savart law is challenging and can
be inaccurate in many cases [15]. In some cases, it is posed
as an optimization problem [16]. To the best of the authors
knowledge, there is no analytical solution to the inverse of the
Biot-Savart law for more complicated structures. Therefore,
one model does not fit all resonant structures and cannot be
reused for different structures.

The objective of this study is to exploit the full potential
of reconfigurable resonant structures. This includes the infer-
ence of capacitance configurations of these structures that
allow the realization of a target magnetic field distribution
at given points in space.

B. STATE-OF-THE-ART METHODS AND THEIR LIMITATIONS
Resonant structures, such as reconfigurable metasurfaces,
exhibit many degrees of freedom that allow the targeted
modification of the resulting magnetic field in MRI, and
therefore, the adaption to a specific imaging goal and
different loading conditions.

Simulations play a critical role in analyzing the interactions
between electromagnetic fields, objects, resonant structures,
and associated circuitry. The circuitry can significantly alter
the resonant behavior of electromagnetic structures, thereby
affecting the resulting electromagnetic fields. This interaction
requires detailed analysis, which is why commercial software
solutions, such as Dassault Systèmes CST Microwave

Studio (CST MWS), include comprehensive simulation
capabilities.

While (co-)simulators embedded in commercial software
offer robust tools for circuit analysis, they often lack cost-
efficient, standalone optimization of electrically tunable
parameters. This limitation has led to the development and
adoption of open-source solutions, particularly in MATLAB
and Python environments. These solutions enable cost-
effective, standalone calculations of electromagnetic fields
concerning circuit parameters, providing a more flexible
and accessible approach for researchers and engineers.
A comparison of available solutions can be found in Tab. 1
and in Tab. 2.

A MATLAB-based solution [17] can be used with
non-gradient-based optimization techniques, such as the
Self-Organizing Migrating Algorithm (SOMA) or the fmin-
search function. Similarly, an extensive Python-based cir-
cuit cosimulation framework was introduced [18]. This
framework supports both 1-port and 2-port networks and
leverages NumPy. However, a key limitation is the inability
to perform gradient-based optimization because of the lack
of automatic differentiation support in these packages. Other
optimization techniques for resonant structures have been
explored, as shown in [19]. Although this algorithm offers an
efficient way to control the current phases in the structure, it is
not applicable to certain structures. It also does not explicitly
focus on the optimization of the magnetic or electric fields.

In comparison with existing solutions, the presented
framework in this paper enables the exploitation of automatic
differentiation. This allows fast and efficient calculation
of gradients that directly point towards a lower error
solution and, therefore, exploits gradient information in the
optimization process. Opposed to algorithms normally used
as e.g. genetic algorithms or SOMA, gradient descent does
not require the evaluation of many candidate solutions in each
epoch, which consumes less resources.

C. NOVELTY
We propose a PyTorch-based framework that leverages
automatic differentiation (AD) to facilitate the use of
gradient-based optimization methods for tuning the cir-
cuit parameters within electromagnetic simulations. This
approach is particularly compelling because of its potential
for embedding within deep learning frameworks, thereby
enabling sophisticated optimization strategies. The power of
neural networks lies in their ability to learn from data during
backpropagation, in which the gradients of the loss function
are propagated backward through the network to update the
weights. By employing a framework that inherently supports
automatic differentiation, we can extend this powerful
learning mechanism to electromagnetic simulations.

The proposed framework enables efficient, vectorized
calculation of steady-state electric and magnetic fields in
all three Cartesian field components, enabling direct control
over the chosen fields while respecting the laws of physics.
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TABLE 1. Comparison of EM/circuit cosimulation tools for optimization of tunable parameters.

TABLE 2. Qualitative comparison between non-gradient-based traditional optimization methods and the proposed PyTorch-based approach.

The computational effort required is linearly dependent
on the number of data points and ports, which enhances
scalability and performance [21]. In order to conduct the
optimization, only a single full-wave simulation run is
required. Furthermore, the framework is agnostic to both
simulation software and geometry, eliminating the need
for analytical modeling. Integration with PyTorch allows
the use of PyTorch workflows and the incorporation of
standard MLOps packages (e.g., mlflow), thereby facilitating
streamlined and robust optimization processes. The user
workflow is described in Sec. III and Fig. 2.

II. PROBLEM STATEMENT
The proposed framework allows for the efficient solution of
the forward problem C → B. As the equation B = µH
holds and a phantom with permeability µr = 1 is
used, the following results are obtained for the H-field.
Gradient-descent-based optimization offers the possibility of
efficiently tackling the inverse problem H → C.
The central research question that shall be tackled using

the presented framework can be formulated as follows: Is it
possible to infer the circuit parameters C ofmulti dimensional

resonant structures that cause a target magnetic field
distribution. The circuit parameter C is a discretely tunable
capacitance connected to the resonant structure. In this
example the investigation will be limited the optimization of a
target magnetic field distribution related to the configuration
of tunable capacitances. The target magnetic field strength at
each point in space is called |H| while the realized magnetic
field strength is ˆ|H|.
The optimization goal is defined as follows:

argmin
C∈�

MSE
(
f (C), H

)
(1)

f (C) is the forward model of the physical system, C is
the matrix of tunable parameters, and H is the target
response. The optimization objective is to find a parameter
configuration within a feasible domain � that minimizes
the mean-squared-error (MSE). The feasible domain in this
investigation is not bound.
The problem under investigation is an inverse one. Inverse

problems can be well- or ill-posed. Hadamard defined
a well-posed problem as a problem that has to fulfill
the following widely known criteria: 1) existing solution;
2) unique solution; and 3) continuous dependence on input
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data. A problem is ill-posed if one or more of the criteria are
violated.

III. METHODS
Full-wave electromagnetic (EM) multiport simulations accu-
rately model the behavior of complex electromagnetic
systems. The simulation process involves the individual
excitation of the system through multiple ports, each treated
as an impedance element — a current source with an
inner impedance capable of both exciting and absorbing
power [22]. During the simulation, the current source
becomes active, stimulating each port individually. S-matrix
and EM fields of the systems response are exported,
providing insight into the interaction of individual inputs with
respect to the outputs of the system.

The resulting data encompasses the multi-port S-parameter
matrix and three-dimensional (3D) electromagnetic fields,
representing the behavior of the system. The S-parameters
and EM fields can then be used for subsequent analysis,
leveraging the capabilities of tools such as CoSimPy [18] or
the framework presented in this study. The calculations in
this framework are based on the method proposed in [18]
and therefore follow similar definitions where appropriate.
In the following, the S-matrix extracted from the simulation
software that contains the scattering parameters of the
unconnected resonant structure shall be named S0 the
exported fields can be either B or H and D or E.

Modelling of the circuitry is also required. In this study,
RC circuits were used. Other types of circuits can also be
used. A simple RC-circuit can be modelled by

ZC = R − j
1

ωC
, (2)

which relates to the S-parameters S using

S =
ZC − Z0

ZC + Z0
, (3)

with S,ZC,C ∈ Cnbatch×nf ×n0 .
Z0 is the characteristic impedance of an individual port.

For simplicity, assume nf = nbatch = 1 and omit these
dimensions in the following discussion.

The circuitry must be connected to the modelled resonant
structure. Therefore a new tensor SC ∈ C(n0+n1)×(n0+n1) is
built that can be separated into four parts [18]. See Fig. 1.

• SC11 ∈ Cn0×n0 represents the reflection from the output
perspective of the networks that connect to the resonant
structure.

• SC22 ∈ Cn1×n1 represents the reflection from the input
perspective of the networks that connect to the resonant
structure.

• SC12 ∈ Cn0×n1 , SC21 ∈ Cn1×n0 represent the
transmission from input to output and vice-versa.

n0 is being assigned to the number of ports of the resonant
structure (S0) and n1 is being assigned to the number of
external ports (SC), respectively.
As a simplified example, for 1-port networks, only values

on the diagonal of SC11 are assigned as we connect the output

FIGURE 1. Visualization of the connection of the networks contained in
SC to the resonant structure S0.

side to the resonant structure. These can only reflect power to
a certain degree on this one port and do not transmit energy
to the input ports of SC.

To calculate the resulting fields, it is critical to consider the
incident voltage wave at each port.

The incident voltage wave at each port of the passive
resonant structure V+

res ∈ Cn0×n1 can be described as

V+
res = SC11V

−
res + SC12V

−
exc (4)

with V−
exc =

√
Z′
excP being the outgoing voltage wave

from the excitation. Z′
exc is the characteristic impedance at

excitation. P is often assumed to be 1W while Z′
exc is often

chosen to be 50� for each port. These assumptions will also
be made for the results generated in the following.

V+
res is the incident voltage wave in the resonant structure

and V−
res is the reflected voltage wave from the passive

structure. The relation

V−
res = S0V+

res (5)

holds. This results in

V+
res

V−
exc

= (I − SC11S0)
−1SC12 . (6)

with I being the identity matrix. This description is consistent
with [18].

The resulting voltage-wave-ratio from Eq. 6 can then
be used to linearly superimpose the individual electric or
magnetic fields with respect to their amplitude and phase
to one common electric or magnetic field. For example, the
B-field can be described as follows:

Bcombined = B
V+
res

V−
exc

(7)

With the Field B ∈ Cnpoints×3×n0 and Bcombined being a
(npoints, 3, n1) tensor. This is comparable to the results of [18]
and [21].

Gradients of the magnetic field Bcombined with respect to
the tunable parameters C can be expressed as follows:

∂Bcombined

∂C
= B

(V+
res/V

−
exc)

∂C
= B

A−1SC12

∂C
(8)

191346 VOLUME 13, 2025



J. Müller et al.: Differentiable Cosimulator for Electrically Reconfigurable Structures

FIGURE 2. S-parameters S0 and field-data Hnp can be exported from a
full-wave simulation and fed into the differentiable cosimulation
framework. All input and output data are torch tensors that allow
gradient tracking and CUDA-enabled GPU processing. The user chooses
the full-wave simulation parameters, multiport network scattering
parameters SCconst

and the target magnetic or electric field distribution
E; H . Backpropagation enables gradient descent-based optimization and
allows for the efficient adjustment of optimization variables R, L (not
shown here), C or ω to minimize the loss function L. The framework
therefore facilitates finding lower-error solutions to an inverse problem.

withA = I−SC11S0. Considering the basic identity from [23]
with reference to [24], this results in

= B(−A−1 ∂A
∂C

A−1SC12 + A−1 ∂SC12

∂C
) (9)

and finally leads to

= BA−1(
∂SC11

∂C
S0A−1SC12 +

∂SC12

∂C
). (10)

Bcombined is related to the signal enhancement β by
normalization to a reference that does not relate to the
tunable parameters, as described in Sec. IV-B. The tunable
parameters C are related to the S-parameters by Eq. 3.

A. OPTIMIZATION PIPELINE
The general user workflow is a two-step process: i) full-
wave simulation; ii) differentiable cosimulation with
backpropagation.

The differentiable simulator requires s-parameter and field
data exported from a full-wave simulation. Data processed
by the pipeline can be pushed to the graphical processing
unit (GPU) beforehand. All required calculations can be
conducted on the GPU, facilitating application in deep
learning. Backpropagation then allows for efficient gradient-
based optimization. Fig. 2 visualizes and describes the
interfaces of the differentiable simulator used in this study.

The variable SC represents an intermediate multiport
network (comparable to [18]) that manages the connection

FIGURE 3. The fundamental pipeline calculates fields from given
variables SC and S0 as well as the fields that shall be combined Enp , Hnp .
The user can freely choose how to pass the individual elements of SC to
the fundamental pipeline. In this case it might be useful to map specific
circuit parameters to individual elements of SC. Therefore a preprocessing
procedure is written and used in combination with the fundamental
calculation pipeline.

from the resonant structure (S0) with its n0 ports to the output
ports of the structure connected to circuitry (n1). Therefore,
the scattering tensor SC links the resonant structure to the
networks.

The optimization pipeline allows for the optimization of
any arbitrary S-parameter within the SC tensor. Therefore, the
pipeline is designed to offer maximum flexibility in defining
custom preprocessing steps. The internal workflow of the
pipeline has been visualized in Fig. 3.

1) User-Defined Preprocessing: User-defined prepro-
cessing of data that results in S-parameters. The
user can build any preprocessing step that relates
to the individual elements of SCvar . The custom
preprocessing step must output a three-dimensional
tensor (nbatch, nf , nS−params). The user defines the
indices that map each element of this output tensor
to the corresponding positions in the SCvar tensor.
indices contains two tensors with indices for x and y
position assignment in SCvar . The first tensor contains
the indices for the rows (x), and the second contains the
indices for the columns (y). This ensures that the zero-
valued SCvar tensor is populated with relevant values,
as determined by the user-defined indices.

2) Constant S-parameter Definition: Users also define
an SCconst tensor containing constant S-parameters that
remain unchanged during the optimization. This allows
portions of themultiport network to remain fixed, while
other parts (defined by SCvar ) are optimized.

3) Combination of SCvar and SCconst : SC = SCvar +

SCconst is an element-wise linear superposition of
S-matrices describing constant and tunable subcircuits.

VOLUME 13, 2025 191347



J. Müller et al.: Differentiable Cosimulator for Electrically Reconfigurable Structures

This creates the complete SC tensor that defines the
behavior of the multiport network in the simulation.

4) Field Combination and Simulation: After construct-
ing the SC tensor, the pipeline proceeds with the field
calculations, ultimately combining the electromagnetic
fields as part of the final simulation output.

B. NUMERICAL SETUP
The structure can be modelled using a full-wave electromag-
netic solver toolkit, such as Sim4Life [25] or CST MWS.
In the following example, three different resonant struc-

tures were constructed and simulated in a multiport sim-
ulation utilizing the Frequency Domain solver in CST
MWS 2024. All structures were based on coupled split-ring
geometries with different unit cell sizes or different numbers
of cells. To demonstrate the versatility of the framework,
they were excited in two different ways: an untuned 1-port
excitation coil and a tuned 2-port birdcage coil. The chosen
simulation frequency is the Larmor frequency of proton
MRI at 2.9 Tesla, which corresponds to approximately
123.5 MHz. All the resonant cells have a wire width of
1mm on the FR-4 substrate. The cells rest on a phantom
(ε = 70; σ = 0.7 S/m) that introduces loading. Themagnetic
field component extracted is always the component normal
to the surface of the resonant structure. The chosen boundary
conditions for all shown simulations are ‘‘open (add space)’’.

The first resonant structure consists of a single loop copper
wire with an inner radius of 30mm that is split by one port.
A second port is connected to a perfect-electric-conductor
(PEC) loop coil with an outer radius of 45mm and a wire
diameter of 1mm that shall drive the resonant structure during
cosimulation with 1W. The first port is connected to a tunable
RC-series network. The setup is illustrated in Fig. 4.
The second resonant structure contains a 8 × 1 line of

coupled unit cells with an outer diameter of 28mm and
a center-to-center distance of 30mm. It is exposed to a
circularly polarized magnetic field generated by a tuned
2-port birdcage coil connected to two discrete ports. The two
discrete ports were powered with 1W and a phase shift of 90◦

to one another. The setup is illustrated in Fig. 5.
For the third structure, the 1d-line is extended to 8 × 8

allowing more degrees of freedom in shaping the field in
space. While the second structure is excited by a tuned
birdcage coil, the 8 × 8 structure is excited by an excitation
coil with a diameter of 300mm located at a distance of
150mm above the substrate. The complete setup is shown in
Fig. 6.

C. OPTIMIZATION CONFIGURATION
For the first resonant structure, the magnetic field is measured
at a distance of z = −30mm. For the other resonant
structures, the points of interest are located precisely at the
center of each unit cell, offset by 0.8 times the cell diameter
within the phantom. The points of interest are also called
collocation points when discussing the optimization problem.

FIGURE 4. 0D single-cell resonant structure with one tuning network is
shown in a) and b). The structure rests on a phantom. Port 1 is connected
to a tunable RC network. The PEC excitation loop coil was driven by
port 2. The coil excited the resonant structure during the cosimulation.
The origin of the coordinate system is at P1 in b). The point of
observation is at P2 in b).

During the gradient descent-based optimization, the
Adaptive Moment Estimation (ADAM) optimizer is utilized
with a maximum of 2000 epochs and a learning rate of
1 × 10−13. Since typical capacitance values are on the order
of 1 × 10−12, the learning rate is chosen to be at least one
order of magnitude smaller to ensure that updates remain
comparable to realistic changes in the capacitance configura-
tion during learning. The Adam optimizer, a standard method
commonly used in deep learning, offers features such as an
adaptive learning rate and momentum [26]. The performance
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FIGURE 5. a) 1D resonant structure exposed to a circularly polarized
magnetic field of a birdcage coil i). Ports 1-2 (v)-iv)) are connected to the
birdcage coil and driven with a 90◦ phase shift to one another. The
remaining eight ports of resonant structure iii) are connected to 1-port
RC-Networks. The resonant structure was loaded ii). The radio frequency
shielding (RF-shielding) is hidden to allow the reader to obtain a
complete view of the setup. Point P1 represents the origin of the
coordinate system. b) shows a cutting plane view of the 8 × 1 array. The
observation points have distance 1d from the center of each unit cell.
The points of observation also apply to an 8 × 8. Point P2 indicates the
center of one of the cells. Point P3 is an exemplary observation point.

was evaluated using the mean squared error (MSE). The
optimization was conducted using a central-processing-unit
(CPU)-only to ensure exact reproducibility. The CPU used
for the optimization was an Intel Core i7 13700KFwith 64GB
RAM. GPU-based acceleration may also be used.

IV. RESULTS
A. RECONFIGURABLE 0D UNIT-CELL OPTIMIZATION
The system model of a simple capacitively loaded Ring
(CLR) without excitation can be described as follows:

Z = R+ jωL − j
1

ωC
(11)

In resonance, Im{Z } = 0 holds. The inductance L and poten-
tial mutual couplingM can be extracted from the simulation.

FIGURE 6. 2D resonant structure consisting of an array of 8 × 8 unit-cells.
The structure rests on iii) a phantom. The phantom and resonant
structures were exposed to the magnetic field of i) an excitation coil.
Port 1 was connected to the excitation coil. The remaining 64 ports are
connected to 1-port RC-Networks. The placement of the observation
points are comparable to Fig. 5 b) with a distance of z=-22.4 mm from the
isocenter of each cell in the phantom.

For n-dimensional cases, the following relationship holds:

L +M = −
1

ω
∑ncell

i=0 ℑ(Yi)
. (12)

Therefore, one can solve for Cr as

Cr =
1

ω2(L +M )
. (13)

For this specific single-cell case, M can be neglected. Using
Eq. 13 a capacitance of 8.39pF is extracted. To use plausible
values for |Hz|, the fields for capacitances of 0.1 pF and 30 pF
were extracted. This results in a magnetic field strength of
approximately 0.2A/m up to 2.3A/m.

The resulting error is 8.03 × 10−18 for epoch=931.
In tendency, a longer optimization time results in better
convergence. Owing to the nature of the Adam optimizer, the
end result is still subject to fluctuation.

B. RECONFIGURABLE 1D MTS OPTIMIZATION
In the following, |Hy|MTS (simulation with resonant structure)
is optimized relative to |Hy|ref (simulation without a resonant
structure). Therefore, optimization was conducted directly on
the magnetic field enhancement factor to demonstrate the
broader applicability of the algorithm at different scales. The
enhancement factor shall be defined as β = |Hy|MTS/|Hy|ref
A capacitance configuration shall be found to demonstrate

the following cases: 1) peak; 2) trough; 3) Hadamard patterns;
4) homogenization; and 5) arbitrary field shaping.
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A total of 1000 exemplary samples of arbitrary patterns and
32 systematic patterns were generated. The mapping C 7→ β

is of the form (f : R8
7→ R8). The target β ranged from 1 to

the mean of the magnetic field enhancements of all cells at
resonance (=2.18).

The successful realization of a representative selection of
1032 target field enhancements β is demonstrated in Fig. 7.

For all β, the algorithm identified an appropriate capac-
itance configuration that resulted in a low error between the
target β and the realized β̂ (s. Fig. 7 a-d)+ f)). All realizations
were achieved with a low error of ≤ 4.4 × 10−5. The error
distribution is illustrated in Fig. 7 f) The convergence plot in
Fig. 9 a) exhibits convergence to lower errors.

As shown in Fig. 8, across all samples, a tendency towards
higher errors can be observed when aiming for a higher β̂ or
highly spatially alternating (high-frequency) patterns.

C. RECONFIGURABLE 2D MTS OPTIMIZATION
To prove the general usability of this approach, the field
distribution |Hz| of an 8 × 8 array of resonant unit cells
is optimized in the following. The mapping C 7→ |Hz|

is of the form f : R64
7→ R64. As shown in Eq. 12

and Eq. 13 the initial parameters for the optimization can
be extracted analytically. The maximum |Hz| at resonance
cannot be realized consistently over the entire field distri-
bution. To guarantee the realizability of the magnetic field
distribution, only approximately half of the maximum of a
single resonant cell was taken as the upper boundary. The
other boundaries were calculated analogously to the 8 ×

1 case.
Four different systematic patterns were tested for the

8 × 8 prototype: 1) capital letters [A-Z]; 2) digits [0-9];
3) homogenization; and 4) Hadamard matrix of order eight.
This resulted in 45 individual samples.

The optimization converges to an error of 8.37 ×

10−8 in epoch 1996. Overall, the optimization procedure took
53 seconds wall-clock time.

Fig. 10 illustrates the electromagnetic field realizations
corresponding to the letters ‘‘M-E-V-I-S’’. The combined
field magnitudes |Ĥz|, as shown in Fig. 10 a), have been
computed and verified using CST MWS 2024. The intended
letter shapes were successfully generated at their respective
spatial coordinates.

Although the minimum and maximum field intensities at
the target locations are consistently achieved, some regions
between the specific collocation points exhibit field strengths
that deviate from the minimum and maximum values given
during the optimization process, as they are not explicitly
considered.

However, within the region of interest (−105mm to
105mm), the letters are clearly distinguishable. The opti-
mizer converges straight towards a good solution, as exem-
plarily demonstrated for the letter ‘‘S’’ in Fig. 11 for the
magnetic field distribution controlled by the capacitance
configurations shown in Fig. 12. The shape of the letter is
already visible after a few epochs. The convergence plot

FIGURE 7. Distribution plot of the magnetic field enhancement for the
8 × 1 case. Individual samples with the lowest a), first quartile b),
median c), third quartile d), and highest error e) are shown. The target
magnetic field enhancement β is compared and quantified to the realized
magnetic field enhancement β̂ using the MSE at the collocation points.
In f) a distribution plot shows the error distribution for all 1032 samples
in the range from zero to the third quartile. There is at least one outlier
with an error of 4.4 × 10−5.

shown in Fig. 9 b) exhibits stable convergence towards
lower errors. These results underscore the capability of the
optimization procedure in finding low-error solutions for the
formation of target magnetic field patterns.

The fields realized in CST MWS 2024 agreed with
the target magnitude at the specified collocation points
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FIGURE 8. Demonstration of different systematic target and optimized magnetic field enhancement patterns β̂ with a low error of less than 4.4 × 10−5

to β. In a), a shifting peak moving from the leftmost center of the cell to the rightmost center of the cell is shown. In b) the β is inverted. A shifting trough
is shown in the figure. In c) Hadamard patterns are realized. In d) different strengths of homogenization are shown.

FIGURE 9. Log-scaled convergence plot of the gradient descent approach
optimizing the tunable parameter on an a) 8 × 1 array with 1032 samples
and b) an 8 × 8 array with 45 samples. Both plots exhibit convergence
towards lower errors.

(s. Fig. 10). Furthermore, the testing procedures verify and
crosscheck the output of the differentiable simulator with the
output of another non-differentiable cosimulator [18], thus
guaranteeing agreement.

FIGURE 10. Demonstration of individual letters ‘‘M-E-V-I-S’’ realized on
the 8 × 8 array. a) shows |Ĥz | as realized and verified in CST MWS relative
to the target |Hz |. A field-of-view of 300 × 300 mm is shown. The
8 × 8 array has an extent of 220 × 220 mm and is centered in the field of
view. The plane was 0.8 times the diameter of the unit cell, which
corresponds to 20 mm. Therefore, in this view, the edges of the array are
clearly visible. b) shows |Hz | as target by the user in the collocation
points.

V. DISCUSSION
The convergence of gradient descent depends on the choice
of the initial parameters. In addition, given the inverse nature
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FIGURE 11. Exemplary evolution of magnetic field distribution |Hz | of
8 × 8 array over iterations of gradient descent-based optimization
procedure for letter ‘‘S’’.

FIGURE 12. Exemplary evolution of the capacitance configuration of an
8 × 8 array over iterations of gradient descent-based optimization
procedure for letter ‘‘S’’.

of the problem, one or more Hadamard conditions may be
breached. Both are addressed in the following sections.

A. RECONFIGURABLE UNIT-CELL
To assess whether Cr is an effective starting point for the
unit cell optimization, a parametric sweep is conducted
on 100 individual initial parameters equidistantly sampled
between 0.1 pF 30 pF. These individual initial parameters
were then used to find solutions to 100 target |Hz| between
0.2 and 2.3A/m. The resulting loss plot is shown in Fig. 13.
The loss plot in Fig. 13 exhibits discontinuities and can

be separated into three different parts. Cr = 8.39 pF and
Cr = 12.13 pF are distinctive points within the plot, marking
the falling or rising edge of the loss. The initial parameter with
the lowest overall MSE (=1.26 × 10−29 ) is approximately
10.96 pF. This represents significantly better convergence
compared to, for example, an initial parameter of 12.42 pF,
which produced an MSE of 1.39, despite the proximity of the
two values. A visualization of the error over different target
magnetic-field strengths is shown in Fig. 14.
While Cr is in the range of parameters that lead to low

overall errors, it does not lead to the lowest overall error
within the given number of epochs.

Considering Fig. 15 helps in understanding how many
solutions exist (if any) and what solutions can be reached
from what starting point. At a glance, it is visible that when
seeking any |Hz| below the global minimum and above the
global maximum, the first Hadamard condition is violated

as no solution exists within the given capacitance range.
Within the global minimum and maximum of the loss plot
in Fig. 13 multiple solutions potentially exist. Therefore,
the second Hadamard condition is violated for some target
field strengths. Consequently, the solution found depends on
the initial parameters. The initial parameters can be varied
systematically. If there are more than one low error solutions,
then the second hadamard condition is infringed.

The solutions leading to the overall lowest error are in
region II of the absolute and phase plot of Hz in Fig. 15.

• with respect to the phase plot one can observe that the
best initial parameter can be found where the change of
phase is the largest

• with respect to the absolute plot one can observe that the
best initial parameter can be found where the range of
capacitances can reach all |Hz|.

Therefore, only within the range 8.39 ≤ C ≤ 12.13 pF,
a solution for all realizable |Hz| can be found. The reason for
this lies in the behavior of gradient descent: vanilla gradient
descent tries to decrease the error steadily and therefore
converges towards a high error because, for example, for
region III in Fig. 15 and Fig. 13 the error must increase before
it decreases again. gradient descent is generally not able to go
in the direction of higher errors for a larger number of epochs.
Therefore, it cannot overcome areas of increasing errors and
will settle for a local minimum.

The Adam optimizer can continue moving in a direction
of increasing error for a limited time due to its momentum-
like behavior. Therefore, overcoming shallow local minima
is possible. This effect decayed if the uphill trend persisted.
It may therefore not be possible to overcome steep local
minima for prolonged number of epochs as it may be the
case for regions I and III in Fig. 13. A combination of a local
optimizer and a global optimizer may alleviate the constraints
imposed by suboptimal initial parameters.

B. HIGHER DIMENSIONAL MTS
A notable observation in the error distribution is the presence
of a long-tailed distribution (see Fig. 7 f)), which could
result from unsuitable parameter initialization or from the
unphysical violation of the first Hadamard condition by the
enhancement parameter β in specific cases. Specifically, if β

breaches this condition, it will likely result in an increased
error.

For systematic patterns, as shown in Fig. 8, at a high β,
the gradient descent may attempt to converge towards a non-
existent solution, leading to increased errors. Moreover, the
observation point of each individual cell was positioned at
0.8 times their diameter. This allows nearby cells to influence
the neighboring observation points. Maintaining a lower field
enhancement in only one place, while concurrently sustaining
a higher target field strength in many other places, could be
harder to realize because of the influence of the other cells
on the observation point. This may also apply for highly
frequent spatially varying patterns. While this may seem
like an adverse effect at first, this may allow constructive or
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FIGURE 13. The initial capacitance configuration of the one unit cell
setup is swept from 0.1 pF up to 30 pF and then used for optimization.
The losses in the last epoch (epoch=2000) are visualized. The loss plot
can be divided into three regions (I, II, and III). The capacitances in
region II lead to the overall lowest error while capacitances in region III
lead to the highest overall error.

FIGURE 14. Difference in final error (epoch=2000) per sample between
the initial capacitance set to 12.13 pF in a) which results in the highest
overall error and initial capacitance set to 12.42 pF in b) which results in
one of the lowest overall errors. For the majority of samples there is a
more than 1 × 10−27 difference in scale with respect to the errors.

destructive building of more continuous patterns in deeper
layers.

The selection of the initial parameters critically affects
the algorithm’s convergent behavior towards an optimal

FIGURE 15. Variation of the capacitance and the effect on the a) absolute
and b) phase of the magnetic field |Hz | for a single-cell setup. The plot
illustrates the nonlinear relationship observed, highlighting the key
points where significant changes in the magnetic field occur with respect
to the capacitance. Only the capacitances in region II can realize all
possible target magnetic field strengths. This correlates with low overall
errors in Fig. 13.

solution. The initial parameter set chosen for a given field
enhancement β may not be suitable when applied to different
configurations, thus hindering the effective optimization.
Unfortunately, the discussion of initial parameters is not
trivial in more dimensional cases, as the number of potential
initial parameters scales exponentially with nCsncell , where
nCs denotes the number of all possible capacitance states.
Samples with greater spatial variation exhibited a higher

error than those with less spatial variation. This supports the
presumption that solutions that realize patterns with more
spatial variation are harder or impossible to find, as they
might not even exist.

Another issue becomes apparent when using the 8 × 8
structure: Any real number is allowed to be a possible
solution. This allows parameter sets to contain unrealistically
high or low capacitance values as a solution.

In the 8 × 1 configuration, the final capacitance values
are closer to its initial parameters (spanning from 25.4 pF to
26.4 pF) with its lowest and highest value after optimization
of 24.7 pF to 35.1 pF. Conversely, in the 8 × 8 case,
gradient descent optimization trended towards much higher
capacitance values, with a lowest value of 26.1 pF and a
highest value of 61.2 pF. The initial parameters for the 8 × 8
configuration ranged from 27.8 pF to 32.9 pF. In this case,
the increase in the mean and range of the initial configuration
is noticeable. Therefore, the increased coupling leads to
an inherent change in the behavior of the overall resonant
structure. Letting the algorithm run 20000 epochs will lead
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to an even further decrease of the total error but also to
an increase in some capacitance configurations (maximum
C ≈ 450 pF). If optimization is performed with an existing
structure in mind, a penalty function should be configured
accordingly.

Learning rate scheduling may improve convergence speed
depending on how far the initial solution is from a potential
low error solution. If the initial solution is close to a potential
low-error solution, a higher initial learning rate may result
in worse intermediate results. Worse intermediate solutions
may be worse than the initial solution and may make it
impossible to find a good candidate solution. No gradient
clipping was used as no numerical instability has been
observed.

Bounded projection functions, such as the tanh projection,
can limit the capacitance range during optimization. How-
ever, if the allowed range is too narrow, some realizable field
distributions may become unattainable because the required
capacitance values fall outside the bounds. The appropriate
capacitance tuning range depends on the specific physical
components selected by the user.

If the optimizer encounters boundary limits on one side of
the range, it raises the question of whether better solutions
may exist on the other side of the spectrum. This is analogous
to moving from Region III to Region I in Fig. 13 and
Fig. 15. It may be sufficient to set a large tuning range and
simply clip values that exceed the physical limits, rather
than strictly constraining the design space with a bounded
projection.

In addition, optimization was conducted only on selected
collocation points. Therefore, the patterns realized in Fig. 10
appear not to be smooth. Adding more collocation points
may allow finer tuning for smoother patterns. Unfortunately,
this also requires better knowledge of how to set additional
collocation points, as they constrain one another. No low-
error solution can be found if unrealistic field patterns are
realized.

Although satisfactory solutions have been found for many
of the scenarios considered, it must be emphasized that
gradient descent techniques do not guarantee convergence to
a global minimum. Instead, the algorithm may settle at local
minima.

To avoid the pitfalls of local minima, particularly in
high-dimensional parameter spaces for the initial parameters,
more sophisticated optimization techniques, such as Bayesian
optimization, as illustrated in [27], could be considered.
Embedding the simulator in a deep learning pipeline is an
additional option. The framework developed in this study can
be seamlessly integrated with advanced techniques, allowing
for the efficient embedding of the forward problem within a
broader optimization landscape.

Given a suitable initial parameter, gradient descent can
find the parameter configuration of a linear electromagnetic
structure with exactly one tunable parameter that allows
the realization of a target magnetic field strength |Hz|. The
solution depends on the initial parameters.

Despite these advancements, physical limitations remain,
such as the potential deviation of simulations from real-
world scenarios. One could establish a calibration routine that
incorporates knowledge from real-world setups and accounts
for differences to simulation.

The proposed approach supports the use of other
gradient-based optimization methods and facilitates the
embedding of the forward problem into other optimization
procedures. For instance, the framework can serve as a foun-
dation for further deep learning research, potentially being
integrated into physics-informed deep learning pipelines that
guide a neural network during training.

A resonant structure with 64 inductively coupled unit
cells, each with one individually tunable parameter, can
be optimized to achieve the target magnetic field strengths
|Hz| at designated points. Specific letters [A-Z], digits [0-9],
homogenization, and one Hadamard pattern can be realized.

It was successfully demonstrated that a resonant structure
with eight inductively coupled unit cells, each with indi-
vidually tunable parameters, can be optimized to achieve
target magnetic field enhancements β at designated points.
The structure could realize arbitrary enhancement patterns,
Hadamard patterns, homogenization, as well as peaks and
troughs at one-cell length, within a reasonable range.
These simple examples are intended to demonstrate the
newly gained possibility of using gradient descent in the
optimization of reconfigurable electromagnetic structures.

VI. CONCLUSION
ACUDA-enabled PyTorch-based framework for the accurate
and efficient calculation of electric and magnetic field
distribution with respect to tunable electrical parameters has
been presented and made publicly available on github.com.
Leveraging automatic differentiation, deliberate and direct
control of the magnetic field’s magnitude (specifically
the component orthogonal to the resonant structure) was
demonstrated.

It is found that . . .
• it is possible to precisely control the magnitude of the
magnetic field normal to the center of each individual
unit cell.

• the successful realization of target homogenized field
strengths and specific field distributions (such as peaks)
at designated spatial points with low error is feasible
when considering discussed constraints.

It is therefore possible to infer capacitance configurations
that realize a target magnetic field distribution at given
points in space. Examples indicating the fulfillment of the
study’s objective are shown. These findings imply that a
suitable configuration for a reconfigurable MTS in MRI can
be determined in order to optimize for a specific imaging
goal.

The suggested approach paves the way for advanced
electromagnetic control strategies and provides an extendable
platform for further exploration and innovation in this
field.
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