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Abstract
Designing superconducting quantum circuits involves optimizing the layout to achieve certain
target parameters. This optimization process usually depends on iterative electromagnetic simu-
lations, which are computationally expensive and require manual intervention to adjust the lay-
out parameters. Here, we present a method to efficiently automate the optimization of super-
conducting circuits, which significantly reduces the need for manual intervention. The method’s
efficiency arises from approximate nonlinear model-driven (ANMod) parameter updates, which
are constructed from the user’s physical knowledge. Additionally, we provide a full implemen-
tation using the ANMod-method as an open-source Python package, QDesignOptimizer. The
package automates the design workflow by combining high-accuracy electromagnetic simula-
tions in ansys HFSS and energy participation ratio (pyEPR) analysis integrated with the design tool
quantum-metal (formerly known as Qiskit-Metal). Our implementation supports modular and
flexible subsystem-level analysis and is easily extensible to optimize for additional parameters. The
ANMod-method is not specific to superconducting circuits; as such, it can be applied to a range of
nonlinear optimization problems across science and technology.

1. Introduction

Nonlinear superconducting circuits, built around Josephson junctions, form the backbone of supercon-
ducting quantum processors [1–4] and parametric amplifiers [5]. The process of translating an initial
concept of a superconducting circuit (circuit-level design) into a finalized physical implementation (which
requires a layout-level design) is inherently complex, iterative, and time-consuming [2, 6, 7].

The circuit design process usually begins with a user-defined circuit Hamiltonian, which determines
all target physical quantities, such as mode frequencies, nonlinear couplings and decay rates, which lead
to the intended functionality. The target circuit is then mapped onto a physical layout composed of
lumped and distributed circuit elements. Common design platforms for this task include quantum-metal
(formerly known as Qiskit-Metal) [8], IQM’s KQCircuits [9], and gdsfactory [10].

For initial approximate circuit designs, lumped-element circuits are efficiently analyzed using sim-
plified circuit models and fast component-wise simulations [11–15]. However, accounting for the
distributed nature of components requires more sophisticated eigenmode, capacitance, or scattering
simulations, for example using open-source [16, 17] or commercial simulation software [18, 19]. These
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simulations are time-consuming and computationally intensive but provide high predictive power,
especially needed for distributed circuits. To converge on a final design, some update strategy must be
applied which iteratively brings the design closer to the target. The update strategy is often manual,
which slows down the design process.

To accelerate the design process, many research groups working on superconducting circuits have
established their internal workflows for layouts and simulations, often tailored to their device scale and
complexity. One notable effort towards open-source optimization of physical layouts has led to the
automation of superconducting coupler architecture designs [20]. Another, open-source contribution is
the SQuADDS database of superconducting quantum devices serving as a starting point for customized
devices [21]. However, these contributions are limited to specific circuit geometries, which have been
studied or pre-simulated making them difficult to extend to novel designs.

Here, we present a method which automates the manual update step through an efficient, physics-
guided, multi-parameter optimization framework. The user supplies their physical understanding of
the circuit as an approximate custom nonlinear model to guide design variables updates. The frame-
work automates the optimization for arbitrary device geometries, naturally incorporating parameter
inter-dependencies and supporting easy extension to new models and targets. Our method integrates
with quantum-metal-based designs [8] and high-accuracy electromagnetic simulations in ansys HFSS
[18], which are further analyzed with energy-participation ratio studies in pyEPR [22]. The underlying
method of solving an approximate nonlinear model for fast convergence can be applied to any compu-
tationally heavy, multidimensional optimization task, making it relevant for a vast range of engineering
problems. The optimization is feasible under two main conditions, the first one being that the user has
an approximate understanding of the dominant relations between design variables and target parame-
ters, and that simulations or measurements can be executed to obtain information of what parameters
the current design results in. We will refer to this approach as the Approximate Nonlinear Model-driven
(ANMod) optimization method.

We provide the full implementation of the optimizer as an open-source Python package
QDesignOptimizer [23], which offers a flexible and modular structure for efficient subsystem optimiza-
tions. Simulation routines and analytical models are dynamically compiled on the basis of user-defined
settings. To demonstrate the practical applicability of our package, we include several examples for single
and two-qubit chip design optimizations.

2. The ANMod-optimizationmethod

The workflow of our ANMod-optimization framework, depicted in figure 1, consists of the problem
formation step, the actual optimization step, and the validation step. In the problem formulation step,
the user defines (i) the target parameters, (ii) an initial guess for values of the design variables, and
(iii) the approximate physical relations as a multi-parameter nonlinear model between the parameters
and design variables. In the optimization step, the set of design variables is iteratively updated based on
the solution of the approximate nonlinear model. As such, ANMod-method has methodological simi-
larities with so called surrogate models as discussed in appendix G. In every iteration, the current set
of parameters is computed from simulations and further analysis. In the validation step, the result is
finally manually inspected for convergence and general feasibility. In the following subsections, we intro-
duce the general mathematical framework of the ANMod-method. In the next section we introduce the
QDesignOptimizer which is a concrete integration with quantum-metal, HFSS and energy participation
ratio (EPR)-analysis.

2.1. Problem formulation
The problem formulation begins with the definition of N design variables −→x = {x1, . . .,xN}, which are
varied to reach the targets of the N parameters −→y = {y1, . . .,yN}. Furthermore, the physical system is
described by

yi ∝ f exacti

(
−→y

excl.yi

,−→x

)
≈ fi

(
−→y

excl.yi

,−→x

)
(1)

specifying the exact proportionalities f exacti between each parameter and the design variables as well as
(other) parameters in the exact relation. From here on, we omit the subscript ‘excl. yi’ for brevity. The
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Figure 1. Design flow via the ANMod-optimization method consisting of problem formulation, optimization and validation. In
the problem formulation, the user specifies the system target parameters and initial values of the design variables as well as the
nonlinear relationship between them. The optimization starts by a numerical simulation using the current design variables−→x k

to study which parameter values−→y k they correspond to. The design variables are then updated by solving the nonlinear model
evaluated with the currently available information, resulting in the updated values xk+1. The numerical simulation runs again,
to predict yk+1 providing a point closer to the target at which the model can be evaluated. Finally, the user manually inspects the
convergence, mode shapes and resulting design to validate that it fulfills any additional constraint not explicitly formulated.

exact relations are generally unknown but can be approximated by the nonlinear models fi built from
the user’s knowledge about the physical system.

The framework enables the user to easily change both the physical relationships and the dimen-
sionality of the problem by selecting which parameters to optimize. The implementation requires each
design variable to be associated with one target parameter such that if the parameter is unselected, the
number of parameters and design variables remains equal. In complex systems, the model refinement
could potentially be guided by an empirical numerical study of the system’s behavior. Finally, as an
initial guess for the optimization, the user has to provide sensible values for the design variables −→x .
During optimization, constraints can be imposed on the design variables to prevent structures of dif-
ferent modes to geometrically overlap.

2.2. Information collection—simulate design variables
To obtain the parameter values −→y k for the current set of design variables −→x k, the optimization frame-
work needs to run some detailed simulations and further analysis (or potentially measure physical
devices). In the QDesignOptimizer, detailed electro-magnetic eigenmode or capacitance simulations are
run in ansys HFSS, and followed by an EPR analysis. The parameters −→y k, in the kth iteration, are then
extracted from the simulation and analysis results.

2.3. Update design variables
Here, we present the core idea of the ANMod-optimization method. To reach the parameter targets
through the optimization, we aim to efficiently update the design variables from the ones used in the
simulation −→x k in iteration k to −→x k+1, such that −→y k+1 gets close to the target value −→y target. Given the
proportionality between yi and fi, the parameter corresponding to the updated design variable can be
estimated by

ỹk+1
i = yki

fi
(−→̃
y k+1,−→x k+1

)
fi
(−→y k,−→x k

) . (2)

Here, we distinguish the quantity
−→̃
y (with˜) estimated by the approximate model (equation (1)) and

the simulated quantity −→y , which typically is more accurate. Hence, the more accurate the nonlinear
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model set in equation (1), the smaller is the discrepancy ||−→y −
−→̃
y || and the faster the optimization con-

verges. To obtain the updated design variables −→x k+1, we minimize the cost function

C=
N∑

i=1

∣∣∣∣∣ ỹk+1
i

ytargeti

− 1

∣∣∣∣∣
2

, (3)

by finding the optimal −→x k+1. If the problem is correctly formulated, the minimization will reach

ỹk+1
i = ytargeti (4)

for all N targets in the optimization. (Note however that user constraints on the design variables
might result in a cost C> 0). Hence, the closed expression minimized by the ANMod-method in each
iteration is

C=
N∑

i=1

∣∣∣∣∣ yki
ytargeti

fi
(−→y target,−→x k+1

)
fi
(−→y k,−→x k

) − 1

∣∣∣∣∣
2

(5)

which only depends on the three inputs: (i) the values of the parameters in the previous step −→y k, (ii)
the target parameter values −→y target, and (iii) the design variables in the previous step −→x k. The optimizer
then finds the updated design variables −→x k+1 which minimize the cost C. Hence, the step size of the
design variables are dynamically evaluated by minimizing equation (5) in each iteration such that, if the
model is exact, the optimizer converges to the target in a single optimal step. However, in most cases, the
nonlinear model is only approximate and taking the full step ∆−→x as predicted by minimizing C might
lead to unstable optimization. Therefore, the QDesignOptimizer implementation supports low-pass fil-
tering of the step ∆−→x → ζ∆−→x with a factor ζ to reduce the risk of overshooting at the cost of slower
convergence.

Given this ansatz, parameters can be flexibly included or excluded from the optimization by assum-
ing that parameters without specified optimization targets remain unaffected by changes in the design
variables, i.e. ỹk+1

i = yki for i > N. This functionality is implemented in the QDesignOptimizer (see next
section) to alleviate the need to rewrite physical relations that depend on excluded parameters.

To further highlight the robustness of the method against model inaccuracies, we decompose the
model relation and clarify the role of approximation errors. Detailing the model relation in equation (1),
the exact proportionality can be expressed as

yi
ci
= f exacti

(−→y ,−→x )= f approxi

(−→y ,−→x ) f errori

(−→y ,−→x ) (6)

where ci is the proportionality factor and f approxi = fi denotes the approximate model and f errori ≈ 1 rep-
resents the associated error factor. Substituting yki in the update rule (equation (2)) with the decompo-
sition (equation (6)) and evaluating the rule at the target ỹk+1

i = ytargeti yields the following equation for
−→x k+1,

ytargeti

ci
= f approxi

(−→y target,−→x k+1
)
f errori

(−→y k,−→x k
)
. (7)

Thus, the update rule effectively incorporates the error factor, but evaluated at the current (instead of
the target) position. I.e. by this fixed-point-iteration construction, the update rule does not entirely
neglect the error factor as the approximate nonlinear relations in equation (1) do. This property enables
the ANMod-method to achieve rapid convergence even with coarse approximate models. Furthermore,
equation (7) constraints the types and magnitudes of model inaccuracies.

2.4. Design validation
The final step involves a manual inspection of the optimization results to ensure the feasibility of the
optimized design. This includes verifying the convergence of the information-collecting simulations as
well as the overall optimization towards the target parameters, inspecting the spatial mode shapes to
confirm correct localization, and evaluating the resulting design to ensure that it meets any requirements
that were not explicitly specified in the optimization targets. Note that the convergence of the optimizer
towards the target parameters is not guaranteed in general (see section 3.2).
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Figure 2. ANMod applied to a high-dimensional test system. (a) Illustration of a nonlinearly coupled cluster system with strong
local interactions (blue) within each cluster and weak global interactions (red) between clusters. (b) Convergence trajectory for
the 3000 parameters (in different colors) normalized to their targets. The test case consists of 1000 clusters with 3 parameters
each. The user-defined approximate model approximately retains the strong local interactions but completely neglects the weak
global interactions.

2.5. Scalability of the ANMod-method
The ANMod-method leverages on the ability to approximate the full nonlinear problem with smaller
independent problems that can be solved using conventional (e.g. gradient based or derivative-free)
methods. To illustrate the efficiency and scalability of the ANMod-method, we apply it to a high-
dimensional fictive system (not mimicking a qubit design) with 3000 nonlinearly coupled parameters
(see appendix F for details). The system (sketched in figure 2(a)) is characterized by strong local inter-
actions, which are approximately retained in the approximate model, and weaker global interactions,
which are neglected. The approximate model should be decomposed into sufficiently small, indepen-
dent subproblems, such that the solver in the ANMod update step does not itself become the computa-
tional bottleneck. Despite the large dimensionality, the ANMod-method converges rapidly in the setting
of this example as shown in figure 2(b). The model interactions were randomly re-sampled 100 times
(see appendix F); within 10 iterations, 25 realizations fully converged below a relative error of 10−3 and
15 diverged. Of the remaining cases, 50 reached the convergence criteria for at least 2990 parameters and
the final 10 cases have not yet reached the convergence criteria. Note that the rate and ability to con-
verge depends on the strength of the neglected weak-global interactions in addition to the inaccuracy
of the approximate model of the local interactions: if these are sufficiently small, the method remains
robust even for very high-dimensional systems.

3. The QDesignOptimizer—application in circuit quantum electrodynamics

The QDesignOptimizer package using the ANMod-method can be applied to a broad range of systems
in circuit quantum electrodynamics, such as superconducting qubits, resonators, couplers, and combina-
tions of those. In this section, we demonstrate its usefulness and limitations on two representative exam-
ples. We begin with the fundamental building block of superconducting quantum processors—a planar
qubit–resonator system—to introduce the central ideas of eigenmode-analysis-based optimization. We
then examine how nonlinear models and initial conditions can influence the optimization outcomes. To
illustrate the scalability of the method to larger design spaces, we apply the optimizer to a more com-
plex qubit–coupler–qubit device with five modes. Finally, we discuss how modular optimization and
capacitance–simulation-based optimization extend the applicability of the QDesignOptimizer. For a
detailed code-level tutorial, we refer the reader to the online documentation of our QDesignOptimizer
Python package [23].

3.1. Eigenmode-analysis-based optimization
For the optimization of the single qubit–resonator system, the problem formulations follows the
ANMod-method outlined in section 2.1. First, a sketch of the system is designed in quantum-metal.
Then, the optimizer takes the information summarized in table 1. In the given case, the five target
parameters are the resonator frequency, resonator decay rate, qubit frequency, qubit anharmonicity and
resonator–qubit dispersive shift. The same number of design variables are introduced, each with an ini-
tial value that can be varied to reach the target. Note that depending on the choice of design variables,
one design variable might affect several parameters, e.g. wqb is primarily used to set the anharmonicity,
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Table 1. Summary of the problem formulation for the single qubit–resonator system. The design variables are resonator length lres,
qubit Josephson junction inductance Lqb, qubit width wqb, resonator–qubit coupling width wres−qb and resonator to transmission line
coupling length lres−tl. To further detail the model of the dispersive shift, we directly input the parameters anharmonicity α and
difference frequency∆= fqb − fres.

Parameter Symbol Target Proportional to Design variable Initial value

Resonator frequency fres 6 GHz 1/lres lres 7500 µm

Qubit frequency fqb 4 GHz 1/
√

Lqb ·wqb Lqb 12.1 nH

Anharmonicity −α/2π 200 MHz 1/wqb wqb 400 µm

Dispersive shift −χqb−res/2π 1 MHz (wres−qb/wqb)
2 ·α/[∆(∆−α)] wres−qb 100 µ

Resonator decay rate κres 1 MHz l2res−tl lres−tl 400 µm

Figure 3. Eigenmode-analysis-based optimization of a qubit–resonator-waveguide system with the problem formulation
described in table 1. (a) Screen capture of the simulated structure in ansys HFSS. (b)–(f) Optimization results versus iterations
for the five target parameters. The dashed lines indicate the parameter targets. In each iteration, HFSS performed 8 mesh refine-
ment passes thereby yielding approximately equal compute time per iteration.

but it simultaneously affects the qubit frequency (see also appendix E). Finally, an approximate physi-
cal relation is provided for each parameter, describing its relationship to the design variables and other
system parameters. For instance, the resonator frequency is parameterized by its physical length.

The subsequent optimization follows the iterative approach of information collection and design
variable updates described in sections 2.2 and 2.3, respectively. First, the design is simulated using
ansys HFSS’s eigenmode solver, followed by EPR analysis through pyEPR, both accessed directly via
the quantum-metal integration. While the present example uses the integrated HFSS/pyEPR toolchain,
the QDesignOptimizer can be extended to other simulation backends to support diverse academic and
industrial workflows.

The results for the optimization of the whole subsystem described in table 1 and sketched in
figure 3(a) are shown in the figures 3(b)–(f) per iteration. All five target parameters converge within a
few iterations. The resonator decay rate, κ exhibits fluctuations even after several iterations (figure 3(c)).
We ascribe these to the inaccuracy of the κ estimate from the imaginary part of the resonator mode
analysis, which, in turn, increases the error in the design variable update (see appendix B). The observed
fluctuations of κ also indirectly affect the other targets, especially the resonator frequency.

3.2. Effect of nonlinear models and initial conditions
Following the eigenmode-analysis-based optimization example in the previous section, a natural question
arises: how accurate must the nonlinear model be to ensure efficient and rapid convergence? To address
this, we compare several optimization runs with identical initial conditions but different nonlinear mod-
els for the resonator–qubit dispersive shift χ.

Strikingly, both a very precise model and a variety of less accurate ones converge in a few itera-
tions, as shown in figures 4(a) and (b). As seen in figure 4(a), the most accurate expression used here
χ = (w/wqb)

2α/(∆(∆−α)) [24], accurately accounts for the simultaneous optimization of the mode
frequencies (affecting ∆ and therefore χ), leading to the fastest convergence. We use w≡ wres−qb for
brevity in this section. In contrast, none of the other models captures this phenomenon and therefore
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overshoots considerably after the first design variable update. After two updates, the other parameters
are close to their target, which allows simpler models to be effective from here on as well. Among these,
the model χ∝ w proves itself to be the most effective and rapidly converges to the targeted value. The
model χ∝ w2 assumes a too sensitive dependence on w and therefore suggests a too small update step,
leading to slower convergence. This effect is even stronger for the model χ∝ w3. As the counterpart,
the model χ∝

√
w assumes a too weak dependence on w. It therefore suggests a too large update step,

which overshoots to the extent that the optimization diverges. Nevertheless, combining the too inaccu-
rate model χ∝

√
w with low pass filtering via the adjustment rate γ of the optimization, convergence

can be restored. Furthermore, in figure 4(b), we study a progressively degraded model and show that
ANMod can tolerate substantial overshooting while still converging. Note that the users may implement
their own physical models to obtain even faster convergence, e.g. including the χ-model discussed in
[21]. Furthermore, by studying how convergence is reached, the user acquires a better understanding of
a more appropriate model. To summarize, in general, as long as the nonlinear model captures the cor-
rect qualitative trends and the step size is suitably chosen, the optimizer will converge.

Since compute time is dominated by the HFSS simulation, the total optimization time scales linearly
with the number of iterations for a fixed number of mesh refinement passes. For reference, the single-
qubit example requires approximately 280 min for 10 iterations on a single core of an Intel Core i7-
14 700 processor with 63.7 GB of usable RAM using ansys electronics desktop HFSS 2022 R2.3, using
8 mesh refinement passes per iteration with an initial fine mesh around the feedline-resonator segment.
The study in figure 4(b) was done with the target for κ and fine initial mesh disabled, and with 12
passes. In the end, the user needs to balance the manual effort between refining the nonlinear models
versus the waiting time of the simulations or investing in a more powerful workstation.

A second question concerns the robustness of the optimization with respect to different initial con-
ditions, since convergence is generally not guaranteed for nonlinear systems. To investigate this, we per-
form multiple optimizations of the same resonator–qubit system defined in table 1, but with varying
initial values of the design variables. The choice of initial conditions was random, but constrained to
the geometric limitations allowed by the design, i.e. the box of the split-transmon and the separation
between the launchpads, see appendix B.1. Figures 4(c) and (d) show the convergence trajectories for
two parameters of our example design under ten different choices of initial design variables. The same
set of initial conditions are encoded with the same shade of blue in the two sub-figures. In eight out of
ten tested cases, the optimizer quickly reaches the target parameter values despite the wide range of ini-
tial conditions, demonstrating strong robustness against variations in the initial conditions. However,
in two out of ten at random tested cases, the optimization did not converge over ten iterations or got
aborted by the optimizer.

To avoid the most common failure modes of the optimization, some scenarios should be avoided.
First, geometric overlaps during the automatic routing of structures must be prevented; this can be
enforced by specifying design variable bounds to avoid physically infeasible layouts. Second, identical
frequency ordering of the M modes specified in the optimizer setup and obtained in the HFSS simu-
lation should be maintained throughout the optimization to avoid incorrect parameter update due to
misassigned modes. This problem can be identified from the field distribution in HFSS. Third, if the
underlying physical relationships in the nonlinear model are fundamentally incorrect, convergence can-
not be expected, as the optimizer’s predictions will consistently point away from or overshoot beyond
the true optimum. In the case of non-monotonic nonlinear models or of counter-acting design variables,
the optimization might get stuck in a local minimum.

3.3. Optimization of a Two-qubit device
To demonstrate the effectiveness of the QDesignOptimizer in tackling larger, multi-mode systems, we
apply it to a two-qubit quantum processor as in [25]. The system comprised of two X-mon qubits with
nonlinear coupler and attached readout resonators includes five modes and 12 target parameters. The
detailed problem formulation is described in appendix C. Given this setup, the optimization quickly con-
verges for all parameters as shown in the convergence trajectories versus iterations in figure 5. Notably,
the simultaneous 12 parameter nonlinear optimization converges within 5 simulations, i.e. effectively
less than 1 simulation per parameter, manifesting a significant reduction in number of simulations (and
therefore compute time) compared to a typical manual tune up. As another tool tip, once a suitable
problem formulation has been found, it is often possible to re-run the optimization with new param-
eter targets without further adjustments, given that the mode order in frequency is preserved. This
significantly reduces the effort required to change the target parameters. Note that it took one of our
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Figure 4. Effect of different nonlinear models and different initial conditions on optimization results obtained from an
eigenmode-analysis-based optimization of a resonator–qubit system coupled to a feedline as in figure 3. (a) Optimization result
for the resonator–qubit χ for five different nonlinear models. All models lead to convergence except χ∝

√
w, which diverges

since this model heavily underestimates the sensitivity on w, here denoting wres−qb. However, reducing the adjustment rate to
50%, i.e. low-pass filtering the updates, restores convergence even for this model. For each iteration, 8 simulation passes were
used. (b) Optimization result for the resonator–qubit model χ = ((w/wqb)

2α/[∆(∆−α)])x with progressively deviating expo-
nents x= [1.0, 0.8, 0.6, 0.4, 0.35, 0.3]. (c)–(d) Optimization results for (c) the qubit frequency and (d) resonator–qubit disper-
sive shift χ for ten different initial conditions using the χ expression from table 1 as input to the nonlinear model. Each set of
initial conditions is encoded with the same shade of blue for the eight successful optimization runs. The two failed optimizations
we label in gray. The dashed lines indicate the parameter target. In each iteration, HFSS performed 4 mesh refinement passes.

Figure 5. Eigenmode-analysis-based optimization of a system composed of two qubits coupled via a tunable coupler and two
readout resonators, as studied in [25]. The problem formulation is described in appendix C consisting of simultaneous optimiza-
tion of 12 parameters for 5 modes.

8
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QDesignOptimizer developers less than two work days to create the design, setup the problem formula-
tion and reach acceptable convergence. Hence, we believe that the QDesignOptimizer package will prove
itself effective when tuning up qubit circuits such as in [26–30]. An improvement to the example shown
here could be the addition of a direct capacitive coupling between the two qubits to cancel their cross
ZZ interaction as yet another target parameter [31].

3.4. Modular optimization
Simulating larger processor designs with multiple qubits and couplers quickly becomes infeasible on a
desktop computer. To address this issue, the QDesignOptimizer workflow supports a modular optimiza-
tion strategy: first, the chip design can be partitioned into subsystems by selecting relevant quantum-
metal components, ports, and modes. Then, the subsystems are iteratively optimized for overlapping sets
of coupled modes. Since circuit layouts vary widely, there is no general recipe for the decomposition
into subsystems for arbitrary design configurations. As an example in appendix D, we partition the two-
qubit design in figure 5 into RES1-QB1-CPLR, RES2-QB2-CPLR and QB1-CPLR-QB2. Partitioning the
circuit is one way to use high performance computing workflows, where all partitions are simulated in
parallel, and the results are merged in the ANMod step in each iteration. In practice, strongly interact-
ing subsystems are optimized in isolation under the assumption that the influence of excluded structures
is negligible. If computationally feasible, the resulting design can be validated through a single, more
expensive simulation of the larger system. For instance, instead of simulating a complete multi-qubit
device with couplers and readout resonators, one may first optimize smaller building blocks—such as the
qubit–resonator system in figure 3(a)—before addressing larger subsystems like the qubit–coupler–qubit
configuration in figure 5(a). For even larger scale systems, it might be effective to use pre-simulated
libraries [21] to obtain initial design variables close to the target design and then apply the ANMod-
method to compensate for the small nonlinear corrections.

3.5. Capacitance-simulations-based optimization
In addition to eigenmode-analysis-based optimization, which supports targets for mode frequencies,
inter- and intra-mode nonlinearities, and mode decay rates, the QDesignOptimizer supports optimiza-
tion workflows based on capacitance simulations. This feature enables the direct targets of capacitances
between islands, and derived targets, such as the resonator-feedline coupling rate κ or the T1 limit due
to energy decay from a transmon qubit into a charge line. We present an example for the capacitance-
simulation-based optimization in appendix A. Already at present, users may define their own custom
targets, leveraging results from both eigenmode and capacitance simulations in the same optimization
cycle. For example, a more reliable estimate of the decay rate of readout resonators into the transmission
line may be obtained through a capacitance study which accounts for the capacitive load of the coupled
qubit. In future developments, we plan to extend the framework to support scattering-parameter simula-
tions to efficiently simulate the resonator-to-transmission line coupling.

4. Conclusion

We have presented QDesignOptimizer, a physics-guided, multi-parameter optimization framework for
automated design of superconducting quantum devices, demonstrated on qubit optimization in cir-
cuit QED. It integrates high-accuracy electromagnetic simulations with user-defined nonlinear models,
achieving stable, fast convergence via the introduced ANMod-method. The implementation is tightly
coupled to the quantum-metal/pyEPR toolchain but also provides stand-alone, general-purpose ANMod
functionality. In addition, it significantly improves research efficiency by enabling unattended optimiza-
tion runs, making late-stage design modifications more feasible and reducing the effort required for
(re-)optimizing complex superconducting quantum devices. The ANMod-method might also be use-
ful when adjusting for nonlinear corrections when starting from pre-simulated structures in large scale
systems.

The ANMod method represents a paradigm shift in optimization: instead of constructing a full
self-consistent surrogate model, it directly estimates a suitable update direction and step size for the
design variables. The strategy uses physics-informed approximate relations to set the updates so that
the predicted relative changes match the required ratios ytargeti /ycurrenti . As such, the update rule effectively
includes an approximation of the unmodeled error. The ANMod-method’s simplicity makes it feasible
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to integrate into established simulation tools used for device design. Consequently, ANMod offers a gen-
eral and versatile methodology for optimizing complex nonlinear systems across physics and engineering.
As a final remark, we foresee a new pathway in which generative AI extracts physical insight from the
literature and contributes meaningfully to nonlinear optimization by implementing ANMod models.
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Appendix A. Capacitance–simulations–based optimization

The QDesignOptimizer also supports capacitance targets or targets derived thereof. Capacitance opti-
mizations can be run separately or jointly with the eigenmode simulations. Two already built-in derived
target parameters are the T1 limit due to energy decay from a transmon qubit into a charge line, and
the resonator-feedline coupling rate κ. In future work additional derived targets, including Purcell-
limited decay and dephasing due to thermal photons in the readout resonator could be added. Already at
present, users may define their own custom targets, leveraging results from both eigenmode and capaci-
tance simulations.

Figure S1(a) shows an example setup consisting of a coplanar waveguide (CPW) resonator capaci-
tively coupled to a finite-length CPW transmission line. The optimization goal is to achieve a specified
target capacitance between the two structures. As the physical model, we assume an inverse square-root
dependence of the capacitance on the coupling distance, which serves as the design variable in this case.
Note that the relation C∼

√
d is an empirical approximation for the coplanar coupling geometry. The

resulting optimization, shown in figure S1(c), reaches the target value in approximately five iterations for
the given initial conditions.
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In a second example, we consider a split-transmon qubit with a nearby charge line, as illustrated
in figure S1(b). Here, the objective is to optimize the T1 limit set by energy decay into the charge line,
using the position of the charge-line tip as the design variable. The nonlinear model assumes a cubic
dependence of the target parameter, the T1 limit, on the relative position of the charge line. Notably,
defining design variables in terms of relative coordinates or distances, rather than absolute positions,
often improves optimization robustness, as it reduces sensitivity to global coordinate shifts or layout
changes and greatly reduces the complexity of the physical relationship. We obtain the T1 limit from the
evaluation of a classical model for a single mode decay into a single decay channel taking the capaci-
tance matrix, the mode frequency and the line impedance as input [32]. The optimization result, shown
in figure S1(d), converges to the target within roughly five iterations, demonstrating the efficiency of
capacitance-based optimization workflows for both direct and derived target quantities.

Figure S1. Capacitance-simulation-based optimizations. (a), (c) Screen capture and optimization result for the coupling capaci-
tance between a coplanar waveguide resonator to a finite-length feedline. (b), (d) Screen capture and optimization result for the
T1 limit of the split-transmon decaying into the neighboring charge line at the top in the presence of other coupling ports to the
left and right side. The T1 limit is derived from the full capacitance matrix of the circuit. Per iteration 10 simulation passes were
used.

Appendix B. Effects of simulation setup on optimization

To understand the effect of the accuracy of the parameter data obtained from the simulations on the
convergence of the optimization, we perform independent optimizations with 3 to 10 mesh refinement
passes in HFSS and compare the final design variables obtained after ten iterations. The resulting dif-
ference between design variables is shown in figure S2(a). While the resonator length and the qubit’s
Josephson inductance remain relatively stable across different pass numbers, the qubit pad length and
the resonator–qubit coupling segment length exhibit variations of approximately 3%. In contrast, the
resonator-feedline coupling segment length exhibits variations of up to 10% relative to the most accu-
rately simulated values obtained with the largest number of passes for this set of initial conditions. From
this graph, it becomes apparent that all design variables require eight or more passes to obtain accurate
optimization results in this particular simulation setup. Note that the exact number of required passes
depends on the feature sizes, the initial mesh, and the mesh refinement rate. Thus, there is a trade-off: a
higher number of passes improves accuracy, but also increases overall optimization time. Especially the
resonator-feedline coupling segment length (lightblue) shows a non-monotonic trend with increasing
number of passes, which is primarily due to the inherent limitations in extracting κ from HFSS eigen-
mode simulations via the imaginary part of the resonator eigenmode. HFSS’s adaptive meshing per sim-
ulation pass prioritizes regions of high electric field rather than areas requiring accuracy for coupling
parameter extraction, such as the coupling segment geometry. Hence, a high mesh refinement yielding
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Figure S2. Eigenmode-analysis-based optimization of a resonator–qubit system coupled to a feedline for different numbers of
passes. (a) Relative difference of the five design variables obtained after ten iterations of optimization with different numbers of
passes normalized to the results obtained from the largest number of passes. The colors of the design variables match the colors
of the optimization targets in figure 3. (b) Optimization results versus iterations for the resonator κ for different numbers of
passes used during the simulation. Each number of passes between 4 and 10 is encoded in a different shade of lightblue.

an accurate κ estimate is only reached at a high number of passes. As a result of this meshing problem,
κ exhibits the largest fluctuations, especially for a few number of passes, compared to all other param-
eters, directly affecting the stability of its corresponding design variable during optimization. The fluc-
tuations of κ are visible in figure S2(b), which shows the κ estimates throughout the optimizations for
different number of passes encoded in different shades of lightblue. To partially mitigate the problem
of insufficient mesh refinement in the resonator-feedline coupling region, we manually specify a finer,
initial meshing map locally around the coupling segment in addition to the coarse default initial mesh
assigned by HFSS in all simulations shown in this paper. With this additional fine initial mesh, a ten-
iteration optimization with eight mesh refinement passes each requires approximately 280 min on one
of our office workstations equipped with an Intel Core i7-14 700 processor and 63.7 GB of usable RAM
using ansys electronics desktop HFSS 2022 R2.3.

B.1. Design variable constraints for initial conditions used in single qubit example
The ten different sets of initial conditions used for figures 4(c) and (d) were uniformly and indepen-
dently sampled within the boundaries listed in table 2. These limits were set to ensure geometric validity,
e.g. such that the qubit island does not extend beyond the box dimensions.

Table 2. Design variable constraints used to sample the initial conditions
seeding the optimizations shown in figures 4(c) and (d).

Design Variable Min Max

Qubit pad eidth 100 µm 1100 µm

Qubit Josephson inductance 5 nH 25 nH

Resonator length 4000 µm 12 000 µm

Qubit–Resonator coupling length 100 µm 1100 µm

Resonator- Feedline coupling length 100 µm 1400 µm

Appendix C. Optimization setup used in the two-qubit example

The problem formulation for the two-qubit-coupler example discussed in section 3.3 is summarized in
table 3. The setup is notably similar to the problem formulation of the single-qubit–resonator example.
The target parameter values were derived from [25]. For the final optimization, one optimization itera-
tion took less than 30 min on an Intel Core i7-10 700 consuming less than 30 GB of RAM-memory.
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Table 3. Summary of the problem formulation for the two qubit quantum processor studied in [25]. The qubit-coupler couplings target
values are translated from [25] assuming the relation χ = g2/∆. The parameters for the qubit–resonator systems are the same as in
table 1 with subscripts i = 1,2, apart from that wres−qb,i is here the length of the horizontal claw segment constrained to< 80µm.
Additionally, we have introduced the design variables coupler inductance Lc, coupler finger length wc, and diagonal distance of the
coupler-qubit metal strip separation wc−qb,i.

Parameter Symbol Target Proportional to Design variable Initial value

Resonator frequency fres,1 7.12 GHz 1/lres,1 lres,1 4200 µm

Resonator frequency fres,2 7.07 GHz 1/lres,2 lres,2 4200 µm

Qubit frequency fqb,1 4.16 GHz 1/
√

Lqb,1 ·wqb,1 Lqb 10 nH

Qubit frequency fqb,2 4.00 GHz 1/
√

Lqb,2 ·wqb,2 Lqb,2 12 nH

Coupler frequency fc 4.00 GHz 1/
√
Lc ·wc Lc 2.0 nH

Anharmonicity −α1/2π 220 MHz 1/wqb,1 wqb,1 170 µm

Anharmonicity −α2/2π 210 MHz 1/wqb,2 wqb,2 170 µm

Anharmonicity −αc/2π 90 MHz 1/wc wc 250 µm

Dispersive shift −χ1/2π 0.17 MHz (wres−qb,1/wqb,1)
2 ·α1/[∆1(∆1 −α1)] wres−qb,1 30 µm

Dispersive shift −χ2/2π 0.14 MHz (wres−qb,2/wqb,2)
2 ·α2/[∆2(∆2 −α2)] wres−qb,2 30 µm

Coupler-qubit coupling −χc1/2π 4.1 MHz 1/[wc−qb,1( fc − fqb,1)] wc−qb,1 13 µm

Coupler-qubit coupling −χc2/2π 3.5 MHz 1/[wc−qb,2( fc − fqb,2)] wc−qb,2 15 µm

Appendix D. Partitioned two-qubit example

Here we show how the two-qubit design in figure 5 can be partitioned into RES1-QB1-CPLR, RES2-
QB2-CPLR and QB1-CPLR-QB2 which are simulated independently and the results are merged in the
approximate nonlinear model-driven (ANMod) update step, as presented in figure S3. The setup for
the partitions in figure S3 is identical to the setup used in appendix C for the full system. Partition 1
updates fres,1, fqb,1,α1 and χ1, partition 2 updates fres,2, fqb,2,α2 and χ2 and partition 3 updates fc,αc,
χc1 and χc2. Note that partitioning the system may bias the information collection step, as the parti-
tions only approximate the full system. However, the convergence of the full (figure 5) and partitioned
(figure S3) systems are very similar but the partitioning usually takes longer time since it simulates
3+3+3 modes in comparison to a single simulation of 5 modes for the full system.

Figure S3. Partitioned simulation of a multi-component chip. The setup is identical to 5 but instead of simulating all five modes
simultaneously, the simulation is split up into three independently simulated partitions containing the structures indicated by the
dashed, dotted and solid sections.

Even smaller partitioning can be useful to stabilize the optimization further by first tuning up single
mode properties such as frequencies and then gradually increasing cross-mode couplings, which often
are comparably weak in the dispersive regime. Partitioning the full circuit is useful when the full circuit
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is too resource demanding to be simulated as a whole, usually due to RAM-memory constraints. For
very large repetitive circuits, it can be beneficial to use pre-simulated knowledge for example using [21]
and then finetune the system with a few ANMod iterations.

Appendix E. Recommendations for efficient optimizations

For the setup of efficient optimizations through our framework, we present in the following a few
recommendations.

E.1. Make design variables independent
The optimization problem will be much more stable and easier to describe mathematically if the inter-
dependence of design variables and parameters are reduced to the level that they can be neglected. Strive
to ensure that each design variable has a significant effect on only one target parameter. Note that one
design variable can control multiple physical dimensions in a design, which might help in making the
design variables independent. For example, a length-type variable could in principle simultaneously
determine the width and length of a capacitance pad.

E.2. Factorize the update step for independent design variables
The nonlinear minimization step is simplified by noting that the parameters fres and Ec only depend on
lres and wqb, respectively. Hence, we can reduce the dimension of the minimization problem by running
equation (5) first for the one-dimensional problems ( fres, lres), (κres, lres−tl) and ( fqb,wqb) to obtain lk+1

res

and wk+1
qb and then minimize the remaining (two-dimensional) problem for ( fqb,χ,Lqb,wres−qb). In this

way we have run the smaller problem of dimensions 1, 1, 1, and 2 instead of running the full 5 dimen-
sional problem, which generally would take longer to solve. As an example, if we define the lres−tl cou-
pling length such that it does not affect the total length of the resonator, we (approximately) decouple
the optimization of fres and κres.

E.3. Make effects of design variables predictable
Depending on how a design variable affects a design, it might have a simpler or more complicated (even
non-monotonic) relationship to its parameter. It is generally advisable to keep the relations between
design variables and parameters as simple as possible, and to ensure that the chosen design variables
are the layout properties that affect each parameter the most when changed. For example, the coupling
capacitance between a qubit and a resonator scales linearly with the width of its coupling pad only when
the pad is much wider than the resonator’s center conductor.

E.4. Advanced design variable parameterization
The current implementation of ANMod requires an equal number of design variables and parameters,
ensuring a properly constrained single-objective problem. However, it is often useful to make a design
variable affect several aspects of the design. A representative example is resonator linewidth, which can
be tuned through both coupling length and distance to the transmission line. Only optimizing the cou-
pling length while the distance remains too large may prevent the target from being reached. A useful
strategy is to connect the design variable x to affect both the distance d= d0/x and the length l= xl0
(where d0 and l0 are the initial values). Doing so, the coupling increases with increasing x by both bring-
ing the coupling closer and making it longer and a wider range of targets can be reached. It can also
be useful, for example, to in a similar manner adjust the relative positions of components when scaling
their sizes.

E.5. Investigate unknown physical relationships
In the case where it is difficult to construct a predictable design, the QDesignOptimizer can also be used
to investigate the physical relationship between design variables and parameters, which is useful when
the relationship is unknown or needs to be verified. To do this, the optimization is run without targets
and the design variable of interest is given explicit values in each iteration, see the documentation [23]
for details. The obtained trajectory can then be fitted to a simple model, such as a power law, to obtain
an approximate physical relation. An example for such a parameter sweep is shown in figure S4.

E.6. Faster convergence
To reduce the total simulation time, the convergence criteria (for example the number of passes in the
HFSS simulation) can be successively increased for each iteration, such that a more detailed simulation
only is run when the design variables and parameters are close to target.
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Figure S4. Extracting the physical relationship between the qubit–resonator coupling length wres−qb and the dispersive shift
χqb−res. The coupling length was swept from 1 to 600 µm using 10 optimizer iterations and 12 HFSS mesh refinement passes per
iteration. For very short coupling lengths, the coupling is dominated by the arm to the coupling pad, i.e. in this regime wres−qb

is not a suitable design variable. The coupling then increases approximately linearly with wres−qb, consistent with a power-law
dependence χ ∼ a ·wres−qb (dashed line). Note, that a does not enter in the proportionality relation fed into ANMod. At the
longest lengths, the coupling pad becomes as wide as the split-transmon.

E.7. Tracking of design variable updates
To aid the debugging and help understanding parameter updates within the large design space, the evo-
lution of the design variables through the optimization can also be tracked, as shown in figures S5(a)
and (b) for the case of the qubit Josephson inductance and the resonator length for two different sets
of initial conditions. The final design variable values correspond to the parameters close to the desired
parameter targets. Similarly, the tracking of a system parameter versus the corresponding design vari-
able exhibits the dynamics of the optimization. A corresponding example of tracking the dispersive shift
χqb−res versus the coupling length between qubit and resonator wres−qb is shown in figure S5(c). The
evolution through the parameters space differs for different nonlinear models (those used in figure 4(a)).
The optimization trajectory is most direct and monotonic for the most accurate nonlinear model, here
represented by the blue line.

Figure S5. Tracking design variables. (a) Qubit Josephson inductance and (b) resonator length versus iteration for two differ-
ent sets of initial conditions matching the same colored sets used in figure 3(b)–(c). (c) Tracking of the dispersive shift χqb−res

versus the design variable coupling length wres−qb between qubit and resonator for different nonlinear models as presented with
matching colors in figure 4(a).

Appendix F. ANMod-optimization scalability

In this section, we illustrate that the ANMod-optimization method can exhibit excellent scaling capabil-
ities by solving a coupled nonlinear system with 3000 parameters and corresponding design variables.
The code is available in [23]. The example emphasizes that, as long as the strong nonlinear couplings
can be approximated and solved in local smaller problems (by conventional e.g. gradient-based meth-
ods), the perturbative approach of the ANMod-method can handle both errors in the strong local model
as well as weaker global couplings neglected by the approximate model.
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In this example, we construct clusters of parameters such that within each cluster there are strong
nonlinear interactions between all parameters and design variables. In addition, there are weak couplings
between parameters from different clusters. The system then takes the form

yi,j = gi,j
(−→x i,

−→y i

)
hi,j
(−→y ,−→x ) (F1)

where there is a strong nonlinear relation gi,j for all parameters −→y i and design variables −→x i within clus-
ter i, but only weak nonlinear interaction hi,j to parameters and variables in other clusters. As a concrete
example, assume that we have n= 1000 clusters each with m= 3 strongly interacting parameters, result-
ing in a nonlinearly coupled system with 3000 parameters and 3000 design variables in total. We will
first construct an exact system (which will be used in the information collection stage) and then describe
the approximate model used by the ANMod-method. To construct the exact system, let us assume some
explicit relations

gi,j
(−→x i,

−→y i

)
=

(
m∏

k=1

x
αi,j←k

i,k

) m∏
k=1,k ̸=i

y
βi,j←k

i,k

 , (F2)

which is inspired by that many physical systems have power law relations. For example, most relations in
table 3 are of this form. The coefficients αi,j←k are sampled uniformly from

Uαi,j←k =

{
[2.0,2.5] , if j = k,

[−1.0,−0.1] , if j ̸= k,
(F3)

i.e. yi,j depends more strongly on xi,j than the other design variables in the cluster such that the prob-
lem is well conditioned (note that this is not a strict requirement). This reflects the fact that the user is
able to define suitable design variables which have a strong impact on the corresponding parameter. The
coefficients βi,j←k are sampled uniformly from

Uβi,j←k = [−0.5,−0.1]∪ [0.1,0.5] , (F4)

where we explicitly exclude exponents close to 0 to keep high connectivity within the clusters, since in
practice an exponent close to 0 would eliminate the dependency between the parameters. The subscript
j← k describes how parameter j depends on parameter k within cluster i. Furthermore, we assume the
weaker global relations

ha
(−→y ,−→x )= 1+ ϵy

γba
ba

y
γca
ca y

γda
da

(F5)

where the small parameter ϵ= 0.05 manifests the isolation between separate clusters. Here, each param-
eter with composite index a= (i, j) has a weak coupling to the product of three other parameters from
random places in the total system to enhance the nonlinear order of the problem. These interactions are
indicated with the chained composite indices ba with exponents γba , which is sampled from

Uγi,j←k = [−1.5,−0.1]∪ [0.1,1.5] . (F6)

The composite indices fulfill a ̸= b ̸= c ̸= d, and b, c,d are not from the same cluster i as a. Note that we
could let yi,j also depend weakly on other design variables but that is omitted here for brevity.

As for the approximate model, we assume it approximately captures the strong coupling exponents
within each cluster but misses the additional nonlinear dependencies on the parameters from other clus-
ters such that

ỹi,j ∝ f approx
i,j

(−→y i,
−→x i

)
= gapproxi,j

(−→y i,
−→x i

)
(F7)

=

(
m∏

k=1

x
R(αi,j←k)
i,k

) m∏
k=1,k ̸=i

y
R(βi,j←k)
i,k

 (F8)

where

R(ξ) = round(Nξ)/N, N= 4. (F9)

The higher the integer N, the more accurate the approximate model is to the actual system relations.
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Figure S6. Convergence of the 3000-parameter example and indication of the accuracy of the approximate model. (a)
Convergence of parameters towards their absolute target values. (b) Convergence of design variables towards their absolute
values. (c) Convergence of parameters towards their values relative to target. (d) Convergence of design variables relative to
their converged values. (e) Relative error between the approximate model and the strong local couplings at the last iteration.
(f) Global-interaction error factor at the last iteration. (g) Error between approximate and full model evaluated at the last itera-
tion. I.e. combining the local error from (e) with the global error in (f). (h) Convergence of the relative error. The dashed line is a

guide to the eye of the exponential decay (max(|ferror,k=10
i,j − 1)|)k ≈ 0.44k from (g).

Finally, we assume both target parameters ytargeti,j and initial design variables x0i,j to be uniformly sam-
pled from

Ui = [0.5,1.0] (F10)

reflecting that the design variables and parameters have suitable normalization.
Subsequently, we run the information collection step and then update the design variables using the

ANMod-method. To execute the information collection, i.e. which yi,j we get for
−→x , we iteratively evalu-

ate the forward problem

yk+1
ij = gi,j

(−→x i,
−→y k

i

)
hi,j
(−→y k,−→x

)
(F11)

starting from y0i,j which is given by solving the local strongly nonlinear problem y0i,j = gi,j(
−→x i,
−→y 0

i )
for each cluster independently. Since hi ≈ 1, the information collection step given by equation (F11)
will converge. That is, we have constructed a nonlinear system which we can solve numerically via
equation (F11), and used this to mimic the information collected we would usually have obtained from
lengthy simulations or measurements of a nonlinear system we only know approximately.

For the update of xi,j, we use the ANMod-method with the approximate model described above. The
ANMod-optimizer solves each cluster’s approximate nonlinear model independently with a traditional
gradient-based solver. Although we have a coupled nonlinear system of dimension 3000, the ANMod-
method converges within a few iterations, as seen in figure 2. Note that it is very difficult to give any
conditions for when the ANMod-method will fail, since it depends strongly on the nonlinearities, target
values, initial conditions as well as how crude the approximate model is. Figure S6 presents key metrics
for the convergence of the 3000-parameter example. Figures S6(a)–(d) shows the convergence for the
absolute and scaled parameter as well as design variable values. Figure S6(e) Describes the ratio between
the exact model’s local factor g and the approximate model, whereas figure S6(f) describes the global
correction factor which is unmodeled in the approximate model. That is, these distributions describe
how much of the error in the approximate model comes from local and global corrections. Figure S6(g)
shows the error factor

f error,ki,j =
gi,j
(−→y k

i ,
−→x k

i

)
hi,j
(−→y k

i ,
−→x k

i

)
gapproxi,j

(−→y k
i ,
−→x k

i

) (F12)

of the approximate model, which is on the order of up to 40% at the last iteration. These error factors
are often strongly correlated with how slowly the relative errors converge, as seen in figure S6(h). The
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Figure S7. Convergence robustness of the 3000-parameter optimization across 100 unique chosen seeds. Each marker indicates
the number of converged parameters Np for a single seed. Successful runs (Np ⩾ 2990, green circles) and partial runs (0< Np <
2990, orange triangles) are shown in the main panel. Seeds that diverged or became stuck during optimization are shown in the
lower strip.

model interactions were randomly re-sampled 100 times (see full implementation in [23]); within 10
iterations, 25 realizations fully converged below a relative error of 10−3 and 15 diverged. Of the remain-
ing cases, 50 reached the convergence criteria for at least 2990 parameters and the final 10 cases have not
yet reached the convergence criteria, as visualized in figure S7. This fictive example takes approximately 5
min per seed with ten iterations on a single CPU core. Hence, even at these strong interaction strengths
and high dimensionality, the ANMod-method can be able to optimize the design.

Appendix G. Methodology comparison between the ANMod-method and surrogate
models

The types of optimization problems addressed in this article are generally characterized by an accurate
or fine model y= f fine(x) which is expensive to compute. Consequently, it is infeasible to directly apply
a conventional gradient-based or gradient-free optimizer to the problem since each parameter evaluation
of the fine model is time-consuming. To mitigate expensive computation times and reduce the number
of required parameter evaluation steps, a common approach is to develop a cheap-to-compute approxi-
mate or crude model often called a surrogate model [33], which guides the parameter updates. Surrogate
models can span from fully data-driven [34] (model-less) such as Gaussian process regression, to fit-
ting simple polynomials or artificial neural networks, and more model-full approaches. In microwave
engineering, a popular (usually) model-full approach is the so-called space mapping technique which
assumes that a simple physical model ycrude = f crude(xcrude) can be formulated, which approximates the
fine system. Generally, f crude can implicitly depend on ycrude. By sampling the fine model, linear (or
weakly nonlinear) maps are fitted to map the input and output spaces of the fine and crude models
xcrude =Min(x) and y=Mout(ycrude). In addition, the crude model may have auxiliary variables which
can be optimized such that the crude model approximates the fine model more accurately. Space-
mapping techniques can typically handle weak nonlinear behavior not modeled in the crude model
(similar to the global interactions in the example in section 2.5). The reason is that these weak non-
linearities perturb the system slightly, which locally is well approximated as small skews, scalings and
biases. These are absorbed into the maps of the space-mapping technique. After convergence, the fine
model and space-mapped surrogate model f surrogate(x) =Mout( f

crude(Min(x))) locally produces the same
optimization minima. Similarly, most model-full approaches aim to develop a data informed surrogate
model y= f surrogate(x) (which at least locally) behaves approximately as the fine model. The design vari-
able updates are then obtained by iteratively updating and optimizing the surrogate model.

The ANMod-optimization is a model-full approach, but in contrast to surrogate models ANMod
relaxes the requirement of producing a self-consistent map y= f surrogate(x). Such a mapping is not nec-
essary to locate the optimum of the fine model. However, required is an update rule of design vari-
ables that suggests a suitable direction and step size, based on the relative change needed from the cur-
rent position. Hence, the ANMod-method does not yield a self-consistent surrogate model, but instead
employs the approximation y∝≈ f ANMod(x,y). The design-variable updates are not obtained by min-
imizing a surrogate function, but by optimizing the relative change predicted when evaluating the
approximate model at the current and target position, as described in equation (5).
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