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Summary. Bayesian optimization (BO) with Gaussian process (GP) models form a power-
ful tool for the optimization of black-box functions. For this reason, a bi-stage multi-fidelity
Bayesian framework is introduced for the optimization of a planar quasi-patch antenna for ISM
band applications. The first stage of performance-oriented tuning involves exploration of the
search space using a set of independent trust region (TR) based optimization runs executed on
separate GP models. The evaluation of data-points in this step is performed using a numerically
cheap low-fidelity model. In the second stage, the best identified regions are exploited using a
multi-fidelity method that blends the information from the low- and high-fidelity simulations
of the antenna into another GP. Data-fusion facilitates identification of high-quality design so-
lutions using only a handful of expensive model simulations. Finally, the proposed method is
benchmarked against a conventional BO where only high-fidelity data are used.

1 INTRODUCTION

The adoption of Internet of Things (IoT) devices has shown a continuous growth over the last
few decades and it is expected to keep following this trend for the foreseeable future [1]. It is used
daily in numerous devices such as smartphones, identification tags, or sensor networks and it has
become indispensable for economic growth [2], [3]. Increased utilization of IoT devices is associ-
ated with a demand for more efficient and more robust wireless components that can be efficiently
integrated within the IoT architecture. The development of such hardware is a tedious effort
due to complex requirements and a large numbers of design variables. Circuit design constitutes
only one step of the whole hardware development flowchart, but it is of significant importance
regarding the efficiency of final product [4]. In this step, computer-aided-design (CAD) software
is used to implement the device. With the help of these tools, numerical optimization techniques
are adopted to further optimize the design and to ensure that the final device complies with all
the necessary requirements. However, with the increasing complexity of wireless devices, CAD
tools such as full-wave electromagnetic (EM) simulators suffer from high computational costs
and lengthy simulation times [5], [6]. This challenge drives the search for faster optimization
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algorithms capable of handling more parameters used for representation of contemporary struc-
tures, and hence, a more complex search space, since conventional population-based methods
such as evolutionary algorithms or particle swarm optimization require numerous simulation
iterations [7].

One research path that has gained significant attention of the community over the last years
is optimization via machine learning (ML). Within this topic, several different strategies can
be adopted in combination with various ML models. Examples include, but are not restricted
to, design generation, dimensionality reduction, and surrogate modeling [6], [8]-[11]. The first
considered concept involves application of generative ML models such as generative adversarial
networks or diffusion models. These are trained on existing optimal device topologies and
are subsequently used to generate more designs with, hopefully, similar or better performance
characteristics [9], [12]. ML can also be used for dimensionality reduction through transformation
of the design parameters into a low-dimensional latent space. Following this, any optimization
algorithm can be deployed within the reduced space, thereby limiting overall computational
cost [13]. Finally, surrogate modeling refers to building a cheap-to-evaluate representation of
the structure at hand that tries to mimic the objective function. The surrogate model is then
used to perform optimization in order to replace the costly, yet accurate, simulations [14], [15].

Within the domain of surrogate-based optimization, Gaussian processes (GPs) have become
highly popular due to their analytic description of uncertainty [16], [17]. Owing to this capabil-
ity, GPs are well-suited for use within a Bayesian optimization (BO) framework, which is known
for its data efficiency in black-box optimization [18], [19]. Given the usefulness of BO, we employ
this tool in our work. Specifically, we introduce a bi-stage Bayesian method for the multi-fidelity
optimization of a planar quasi-patch antenna, depicted in Figure 1. This antenna comprises six
geometrical parameters, highlighted by red boxes in Figure 1b, which can be adjusted to mini-
mize the antenna’s reflection. The motivation for exploring variations of conventional BO arises
from the challenge that optimizing over six features is already considered high-dimensional [20].
By implementing our bi-stage Bayesian approach, we aim to enhance the optimization process
for such high-dimensional spaces.

The subsequent part of this article is organized as follows: Section 2 introduces the proposed
method in the BO framework and explains the choices that were made during the development
of the method. Section 3 covers the results and compares them with standard BO methods.
Finally, Section 4 concludes the article.

2 METHODOLOGY

The main challenge associated with design of antenna structures represented using EM sim-
ulation models is high computational cost as well as a large number of design parameters which
hinders construction of accurate models (due to the curse of dimensionality). To try and mitigate
these factors, different adaptations to the conventional BO method employing a GP surrogate
model are proposed. In what follows, a brief description of GPs and BO will be given, followed
by the new techniques that are adopted in this work.

2.1 Gaussian Processes

A Gaussian process can be seen as a distribution of functions, where the mean of that
distribution represents the prediction of the model and the variance represents the uncertainty.



Yens Lindemans, Adrian Bekasiewicz, Ivo Couckuyt and Tom Dhaene

Figure 1: A planar quasi-patch antenna for ISM band applications. (a) 3D schematic of the antenna.
(b) top view of the antenna, with optimizable parameters indicated by red squares. The ISM band is an
internationally reserved frequency-band for industrial, scientific, and medical applications. [7]

The initial distribution, i.e., the one provided before training data has been introduced, is called
the prior and is defined as a multivariate normal with mean vector g and covariance matrix 3.
The model is trained by making use of Bayes’ rule

likelihood x prior

(1)

posterior = — ,
normalization constant
which defines the posterior distribution, given a prior and likelihood. The likelihood repre-
sents the probability of obtaining the observed data, given the parameters of the model. Since
Gaussian distributions are closed under marginalization and conditioning, updating them using
Bayes’ rule also yields a Gaussian distribution. This analytical tractability is very useful when
determining the posterior distribution.

When employing a GP, the prior mean and covariance matrix can be seen as the hyperpa-
rameters of the model. For simplicity, the mean is set to zero. This approach is justified because
the data can always be normalized to have a zero mean and then rescaled back to its original
distribution after inference. The covariance matrix on the other hand has to be determined more
carefully. It is derived from a covariance function or kernel k(x, x’) that ultimately defines the
properties of the regression model. For example, if x; and x; are elements of the training set
X, then the ij™ element of the covariance matrix is given by

Xl = k@i, 2;). (2)

If the kernel is a smooth function, the functions sampled from the GP will be smooth. If it is
periodic, the functions sampled from the GP will be periodic. In essence, the kernel comprises
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Figure 2: A flowchart showing the different steps in BO.

the properties of the GP model. A popular choice is the Matérn kernel

v

D (g — )2 D (g — )2
k(m,w'):i(y) 2uz(d12d) K, 2uz(dlﬂ) : (3)

d=1 d d=1 d

where D is the dimensionality of the data, v is a hyperparameter defining the smoothness, I" and
K, are the Gamma and Bessel function respectively, and [; are length scales defined separately
for each dimension. This kernel is used since the smoothness can be specified manually, making
it more likely to coincide with the properties of the objective function. The value of this order
parameter is chosen as v = 5/2. The length scales are part of the hyperparameters of the GP
model and trained by maximizing the marginal log-likelihood of the posterior distribution. After
training the length scales, the mean and covariance function of the posterior are then calculated
through conditioning the GP. Specifically, if X represents the training set with labels ¥ and
X* represents a test set, the mean and covariance matrix evaluated on the test set given the
training set are

fxx = SxexEyxy Y and (4)
Sxsx = Zx+x+ — Zx+x Sy Txxe (5)

respectively In these equations, the covariance matrices are built using Eq. (2).

2.2 Bayesian optimization

When working with surrogate models capable of expressing uncertainty and performing
Bayesian inference, we can speak of BO when we use them in an optimization algorithm [18].
The general workflow of BO is illustrated in Figure 2: After obtaining some initial samples, a
GP model is built and a stop condition is evaluated. If the stop condition is not met, an ac-
quisition function (AF) has to be optimized in order to obtain new sampling points and restart
the loop. The AF can be seen as an evaluation metric that gives a score to each point in the
search space. The score is given based on how likely these points are to yield the optimum of the
objective function. Different types of AFs exist, but the most common ones are probability of
improvement, expected improvement, and upper confidence bound [21]. The manner in which
these AFs differ is how much value they give to uncertainty or to expected optima. Essentially,
choosing an AF is choosing how much the balance between exploration and exploitation.
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Figure 3: Different steps of BO for maximizing a 1D example function. The blue line indicates the
mean of the GP and hence the prediction of the model. The yellow region indicates the uncertainty. (a)
Initial GP model built on initial samples (red dots). (b) Regions of interest (red zones) evaluated by the
acquisition function. (c) GP updated with new sampling point.

An illustration of BO using the expected improvement AF is shown in Figure 3. Note that
the regions of interest can either be interesting because the model predicts an optimum value at
the given point, or because the model is very uncertain at that point.

As mentioned in the introduction, BO comes with some limitations. In particular, if the
objective function consist of many local optima, the optimization scheme can take a long time to
explore and find a global optimum. This problem is exacerbated by the curse of dimensionality,
which refers to the phenomenon where points in a higher-dimensional space are relatively farther
apart from each other than points in a lower-dimensional space. Since GPs work by measuring
distances between points, as shown in Eq. (3), this effect can cause the model to perform poorly
in high dimensions. It should be noted that six dimensions is not too high for GPs to handle
properly, but as mentioned in [20], it can already cause some problems in BO.

To address these issues, two strategies are employed: trust region BO and multi-fidelity BO.
The two methods are beneficial on different aspects of the optimization problem and hence can
be used in conjunction with each other.

2.3 Trust-region Bayesian optimization

In trust region BO, different independent local GP models are trained on several trusted
regions (TRs) spread throughout the search space to guide the process quicker towards a global
optimum instead of a local one. A popular algorithm is the TuRBO algorithm, which stands for
trust region Bayesian optimization and is developed in [22]. In TuRBO, a predefined number
of equal-sized TRs are initialized randomly using Latin hypercube sampling and uses Thomp-
son sampling to find promising points within these regions. Subsequently, the TRs are shifted
towards the best solution found so-far within each region and the algorithm continues. Ad-
ditionally, if the optimizer keeps finding better objective values, the TR will expand. On the
other hand, if it fails to find a better optimum after a specified number of iterations, the TR
will shrink. These expansions or shrinkages are proportional to the kernel’s characteristic length
scale of that particular dimension.

2.4 Multi-fidelity Bayesian optimization

As the EM simulations are performed using the CST Microwave Studio software package, a
multi-fidelity BO (MFBO) strategy can be deployed by specifying different models to speed up
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the optimization process. At the end of the process, it is important that the optimizer identifies
a global solution using simulation data that closely resembles the real-world situation. However,
it would be beneficial if part of the process can be done using low-fidelity simulations that are
less accurate, but faster to generate. One way of doing this, is utilizing the method described
in [23]. Here, multi-fidelity data can be used to train GPs at different fidelity levels and allows
for all types of correlation between these different levels, wether they are linear, non-linear, or
even non-existent.

The method is implemented by stacking multiple posteriors. Specifically, if X represents
the input data and Y; represents output data of fidelity level i € {1,..., N}, then the first
step involves training a GP on the lowest fidelity level (X, Y7). After training, the obtained
posterior is used to predict output values Y;* = GP(X) for X, which are then collocated to
X and given as new input to the GP representing the next level of fidelity. In other words,
given two levels of fidelity, the input of the second fidelity GP is represented by [X,Y}"] with
output Y5. It is important to mention that a posterior is used to produce the prediction values
such that this method is not confused with a deep GP, i.e., a stacking of GPs that are trained
simultaneously [24]. To make sure that the GP models are able to differentiate between the
search space input X and the posterior predictions Y;*, the kernel functions are adapted as well.
If a conventional kernel, such as Eq. (3), is given by k(z, 2’), then the kernel for the i*" fidelity
level is defined as

ki = ko, @by (Y0, Y2y + k(. @) (6)

Here, three kernels all have independent length scales that are trained by maximizing the
marginal log-likelihood. This particular combination of three kernels allows for identification
of non-linear correlations between different fidelity levels [23].

In this work, only two fidelity levels are used. They are distinguished by the fact that the
low-fidelity data is generated using a coarser grid and excludes the feeding tube that goes into
the antenna. The difference in simulation time is generally a factor 2: 60 s for a low-fidelity
simulation and 120 s for a high-fidelity simulation.

3 RESULTS

The goal of this work is to optimize the planar quasi-patch antenna shown in Figure 1.
Optimizing in this context is defined as minimizing the reflection in frequency range [5, 6] GHz.
Practically, this can be achieved by tuning the aforementioned six geometrical parameters and
running a CST simulation. The simulator then outputs the S-parameters of the antenna, from
which the reflection coefficient is taken and post-processed into the objective function

fovi(@) = _min {20108(|R(f; 2)))} (7)
The proposed MFBO method is initiated by employing the TuRBO algorithm with low-fidelity
data. The results of this step are shown in Figure 4a. Here, the algorithm uses five TR instances
and a maximum number of 300 iterations. The reason for using TuRBO to gather low-fidelity
data, instead of alternative techniques such as uniform or Latin hypercube sampling, is to
concentrate training data in the more interesting regions of the search space. The approach is
based on the assumption that regions of interest in low-fidelity data generally align with those
in high-fidelity data. The algorithm clearly converges to a minimum, but as this is low-fidelity
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Figure 4: Convergence plot for (a) TuRBO algorithm and (b) the MFBO scheme proposed in this work.
The blue dots represent the objective value found in each iteration and the red line shows the best solution
found so far.

data, no conclusions can be drawn on the quality of the antenna at this point. In the next step,
the multi-fidelity technique is employed and the high-fidelity data are generated along with the
low-fidelity model predictions. Since TuRBO trains several local GPs, a global low-fidelity GP
model is built with the data gathered in the first step. The results are depicted in Figure 4b for
200 iterations and show a rapid convergence towards optimal solutions characterized by objective
values below —10 dB.
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Figure 5: Convergence plot for the conventional BO on high-fidelity data only.

To compare the proposed technique with standard BO, several optimization runs are per-
formed using a GP model with a Matérn kernel and trained using the high-fidelity input only.
An example of a single run is shown in Figure 5, to ensure there is a fair comparison, ten opti-
mization runs are performed using both techniques and their results are summarized in Figure 6.
Note that the stop condition for the standard BO technique is set to 500 iterations, aligning
with the MFBO method’s total of 500 iterations (300 low-fidelity and 200 high-fidelity). How-
ever, due to a significant runtime difference between both methods, a fair comparison based on
equal runtime requires setting the stop condition for standard BO at an average of 350 iter-
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Figure 6: Mean convergence plot for (a) the MFBO algorithm and (b) a standard BO scheme. The red
line represents the mean of the different runs and the red colored region shows the standard deviation.

ations. Notably, the standard BO technique performs equally well in finding an optimum for
the considered optimization problem. Nevertheless, there is a significant difference in how both
methods explore the search space. Figure 4b shows a more targeted search with little samples
taken far from an optimum, whilst the samples in Figure 5 are more scattered with only a few
being located close to an optimum.

4 CONCLUSION

In this work, we introduced a bi-stage Bayesian framework for multi-fidelity optimization of
a quasi-patch antenna for ISM band applications. The method is designed to address challenges
such as the high computational costs of gathering simulation data and the presence of a multi-
modal objective function. It is based on the principles of TuRBO and non-linear multi-fidelity
modeling and is compared with conventional BO, which utilizes high-fidelity data only. The
results show that both methods perform equally well in terms of finding a qualitative opti-
mum. However, the proposed method demonstrates a more targeted exploitative search, with
less exploration, whereas the conventional method focuses more on exploration.

Future work will focus on adaptation of the proposed methodology in a higher-dimensional
setting. For instance, extending to 20 dimensions would push the boundaries of standard BO,
potentially highlighting performance distinctions between the proposed method and the standard
method [20]. Additionally, further improvements can be made by carefully tuning the number of
TRs used by the TuRBO algorithm and by examining the performance when varying the ratio
of low-fidelity samples to high-fidelity samples.
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