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Abstract: Tuning controller parameters is crucial for optimizing performance in dynamical
systems. In this paper, we propose a two-step approach that combines a model-based method
with a data-driven strategy for controller tuning. First, H., synthesis is employed to design
a controller that ensures conservative and satisfactory performance across a wide range of
operating conditions. Then, safe Bayesian Optimization (safeBO) is used to fine-tune controller
parameters based on experimental data to enhance performance for a specific task that exceeds
the limitations of the H, design. The approach is validated through simulations and experiments
on a quadrotor, achieving a reduction of up to 60% in position tracking error, demonstrating
its effectiveness in safe, efficient, and automated performance optimization.
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1. INTRODUCTION

Tuning controller parameters is a key aspect of controller
design, as it directly affects the performance, stability,
and efficiency of dynamical systems. This tuning process
can be performed using either model-based or data-driven
methods, each with its advantages and limitations (Hou
and Wang, 2013).

Structured H,, control is a powerful model-based method
that has proven effective in various engineering appli-
cations, particularly in aerospace (Riccardi and Lovera,
2014). Tt provides a systematic framework for tuning con-
troller parameters while explicitly defining performance
requirements in the frequency domain. This allows de-
signers to impose constraints on sensitivity and control
effort, ensuring a well-balanced trade-off between perfor-
mance and control objectives, while maintaining reliable
system behavior across a broad range of operating condi-
tions. This approach relies on an accurate mathematical
model of the system, which can be obtained through first-
principle methods or system identification. Although well-
established techniques for system modeling and identifi-
cation exist (Pintelon and Schoukens, 2012), they often
rely on simplifying assumptions that may not fully capture
the complexity of real-world systems. Furthermore, H
control typically requires linearizing the system dynamics
around an equilibrium point. As a result, it performs well
close to this equilibrium, but may lead to overly conserva-
tive control actions when the system operates outside the
linearized region, resulting in performance degradation.
Consequently, manual fine-tuning is often necessary to
adjust controller parameters for specific tasks with re-
quirements that exceed the limitations of the H., design.
However, manual tuning is time-consuming, costly, and
may still result in suboptimal performance.

With the growing availability of data, there has been a
shift toward leveraging data-driven techniques to auto-
mate and improve the tuning process. These methods tune
controller parameters based on experimental data, without
needing an explicit model of the system. This makes them
particularly useful when prior knowledge of the plant is
limited or when developing an accurate model is challeng-
ing. Several data-driven approaches have been proposed,
including inversion-based control (Novara and Formentin,
2017), virtual reference feedback tuning (Campi et al.,
2002), and correlation-based tuning (Van Heusden et al.,
2011). Although effective, these techniques may struggle
to manage input/output constraints or select reference
models without prior knowledge. A promising data-driven
alternative is Bayesian Optimization (BO), a probabilis-
tic method for efficient black-box optimization (Shahriari
et al., 2015). It builds a probabilistic model of the objec-
tive function and selects promising evaluation points by
balancing exploration and exploitation. In controller tun-
ing, BO typically starts with an initial set of parameters
that ensure stability and iteratively selects new values to
optimize the objective based on experimental data (Marco
et al., 2016; Berkenkamp et al., 2016). A key challenge in
safety-critical applications is that BO may propose param-
eter values that deviate significantly from the initial ones,
potentially resulting in unsafe behavior. To address this,
safeBO incorporates safety constraints to keep the system
within safe limits during optimization (Sui et al., 2015).
For this approach to work, an initial set of parameters that
satisfy these constraints is required. This safe set can be
derived from prior knowledge, empirical tuning, or model-
based design techniques, such as H,, synthesis.

Building on this discussion, we propose a two-step con-
troller tuning approach. First, a baseline controller is de-
signed using H, synthesis, leveraging its strong theoreti-
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cal framework to ensure stability and provide conservative
but satisfactory performance across a wide range of operat-
ing conditions. Next, we automatically refine the controller
parameters using safeBO to optimize performance for a
specific task that goes beyond the limitations of the H,
design, ensuring safe, efficient, and automated tuning. We
validate our approach through simulations and real-world
experiments on a quadrotor, showing that BO effectively
fine-tunes controller parameters to meet task-specific re-
quirements while ensuring safety.

The structure of the paper is as follows: Section 2 provides
an overview of Gaussian Processes (GP) and safe BO.
Section 3 outlines the proposed two-step controller tuning
approach. Section 4 applies this method to tune the posi-
tion controller of a quadrotor, providing both simulation
and experimental results. Finally, Section 5 concludes the

paper.
2. PRELIMINARIES

In this section, we provide an overview GPs and safe BO.

2.1 Gaussian Processes

A GP is a probabilistic, non-parametric model used to
approximate unknown functions. It defines a distribution
over functions, characterized by a mean function u(0)
and a kernel function k(6,6’), which captures correlation
between different inputs. The function being modeled is
denoted as J(f) : © — R, where © C R represents
the space of admissible input parameters, and d is the
dimensionality of the input space. The GP framework
makes predictions about an unknown function from a finite
set of noisy observations J(6;) = J(6;) + v, i = 1,...,n,
where v ~ N(0,02) is a Gaussian noise. Given a dataset
of n observations, D,, = {6;, J(6;)}?_,, the posterior mean
and variance at a new input * are given by:

Un(g*) = kn(o*)T(Kn + USI7L)71jn (1)
T (0) = k(67,0"") — kn(0%) T (Kp + 0010) " ka(67), (2)

where k,(0*) = [k(0*,01),...,k(0*,0,)]" is a vector of
covariances between the new input 6* and all previously
observed data points. J, = [J(6:),...,J(6,)]" is the
vector of observed function values, K, € R"*" is the
kernel matrix with entries [K,]; ;) = k(0;,0;), i,j €
{1,...,n}, and I,, € R™*" is an identity matrix.

This probabilistic framework provides both predictions
and explicit uncertainty estimates via the posterior vari-
ance o2 (), which captures epistemic uncertainty. This is
crucial in safety-critical settings, enabling cautious deci-

sions that account for uncertainties.
2.2 Safe Bayesian Optimization

BO is a powerful framework for optimizing an unknown
function J(6) given noisy observations, particularly when
function evaluations are expensive, such as those requir-
ing real-world experiments or high-fidelity simulations
(Shahriari et al., 2015). Safe BO (Sui et al., 2015) is
a variant of BO that aims to maximize J(0) over the

parameter space O, while ensuring that safety constraints
gi(0) > 0, where g; : © — R, for i = 1,...,m, are satisfied.
The constrained optimization problem is expressed as:

max J(6)

j i > i =1,...,m.
ma subject to  ¢;() >0 Vi=1,...,m. (3)

Assuming an initial safe set of parameters Sy C © that
satisfies the constraints is available, safe BO explores
the parameter space while maintaining safety. To address
this problem, we employ the SAFEOPT-MC algorithm from
Berkenkamp et al. (2023), an extension of SAFEOPT by Sui
et al. (2015), specifically designed to handle multiple safety
constraints. The full procedure is outlined in Algorithm 1.

Algorithm 1 SAFEOPT-MC algorithm (Berkenkamp et al.,
2023).

1: Inputs: Input space ©, GP prior k((6,1), (¢',7)), ini-
tial safe set Sy.

2: forn=1,..., Nyg, do

3 S, {Su{beO|Viel, (0 >0}}

4 My, <~ {0eS, | ul(0) >maxy IJ(0)}

5 G, {0€S8,]|en(0) >0}

6: B < argmaxyeg, g, MaXier (u%(@) — lfL(G))

7

8

9:

Measurements: J(0),§;(f) Vi=0,...,m
:  Update GP with new data
end for=0

To model both the performance function J and the safety
constraints g; as a GP, SAFEOPT-MC accounts for multiple
correlated functions using a surrogate model:

N JJ(0)
ho, ) = {gi(e)

which returns either the performance function or an indi-
vidual safety constraint depending on the auxiliary input
i € Z = {0,...,m}, where Z, = {1,...,m} C T are
the indices for the constraints. This surrogate function
is modeled as a GP over the extended parameter space
© x I, where p,(0,7) and o0,(0,i) are used to denote
the predictions of the GP over the extended space. For
instance, a joint kernel that captures correlations between
the performance function and a single safety constraint is
defined as:

ifi=0
if i € 7,

(4)

ifi=0

8iik(0,0") + kyg(0,0') )
ifi=1,

k((0,1),(0',9)) = {&jkg(g, 0') + kyq(0,0")

where §;; is the Kronecker delta, k; and k, are indepen-
dent kernels for J(6) and ¢(f), and kj, is a covariance
function that captures shared components.

Instead of global optimization, SAFEOPT-MC restricts the
search to the safe set S = {# € © | g;(6) > 0, Vi =
0,...,m}, which is not known initially, but is estimated
through function evaluations. To ensure safe exploration,
the algorithm constructs high-probability confidence inter-
vals for J and g;:

Qn (97 Z) L= [:unfl(av ’L) + 6711/207171(9, Z)], (6)

where 8, determines the desired confidence interval. The
lower and upper bounds of this set are defined as I!,(0) =
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min Q,(0,i) and ui(0,i) = maxQ,(0,i), respectively.
Thus, the safe set is defined as:

S, =8 u{feO|Viel, I} (0)>0}. (7)

At each iteration, the algorithm selects the next sample
0, by maximizing an acquisition function, which balances
exploration (safe set expansion) and exploitation (per-
formance maximization). The acquisition function iden-
tifies the most informative points to evaluate next by
leveraging the mean and uncertainty predictions provided
by the GP model in (1) and (2). To achieve this, the
algorithm identifies two subsets: the potential maximizers
M,,, which may contain the optimal parameters, defined
as M, = {0 € S, | ul(9) > maxges, I](0)}, and the
potential expanders G,,, which can safely expand the safe
set, defined as G, = {0 € S,, | e,(8) > 0}, where e,,(6)
is an optimistic indicator function for expansion. Finally,
the next evaluation point is selected from G,, U M,, based
on the highest uncertainty:

0, = argmax max (ul,(6) — I%(0)) . (8)
0€G,UM,, €T

The optimization process continues until the maximum
number of iterations N,,,, is reached or a predefined
convergence criterion is met. Starting from the initial safe
set Sp, this process identifies the optimum of (3) within
the ”reachable” region, which corresponds to the portion
of the parameter space that can be safely explored from S
without violating the safety constraints (Sui et al., 2015).

3. TWO-STEP CONTROLLER TUNING APPROACH

This section presents our two-step approach for tuning
a controller for a generic nonlinear system, expressed as
z(t) = f(x(t),u(t)), where z is the state of the system and
u is the control input. The procedure has two phases:

(1) First, Ho synthesis is employed to design a baseline
controller that delivers conservative yet satisfactory
performance, establishing an initial safe set of con-
troller parameters.

(2) Next, the safeBO procedure is initialized with these
safe parameters, which are then refined to improve
performance for a specific task.

8.1 Step 1: Hy, synthesis for baseline controller tuning

The first step in structured H., synthesis involves lineariz-
ing the nonlinear system at an equilibrium point:

i(t) = AZ(t) + Ba(t), 9)

where the matrices A and B are typically obtained through
system identification techniques. Next, a structured con-
troller K () parameterized by 6 € © is defined. Given the
linearized model and controller, the control design problem
is formulated to minimize the H., norm of the closed-loop
transfer function while ensuring stability and performance
specifications:

min | T2 (P, K(6)) ] oo, (10)

where P(s) is the plant transfer matrix, combining process

and filter functions to define performance and robustness
requirements, and T, ,(K) represents the closed-loop
transfer function from disturbances w to performance out-
puts z. This non-convex, non-smooth optimization prob-
lem can be addressed with methods like non-smooth op-
timization (Apkarian and Noll, 2006) or randomized ap-
proaches (Tempo et al., 2013).

The H,, synthesis process determines locally optimal
controller parameters subject to frequency-domain per-
formance specifications. These specifications are imposed
through weighting functions on the sensitivity Ws(s) and
control sensitivity Wg(s), which shape the system to
achieve satisfactory performance while limiting control
effort. The inverses of these functions define upper bounds
on the corresponding frequency response magnitudes, en-
forcing constraints on low-frequency gain (DC gain), high-
frequency attenuation (HF gain), and bandwidth (cross-
over frequency weross)-

At this point, we have determined a baseline set of con-
troller parameters, 6y, that ensures stable and safe sys-
tem operation, while providing conservative yet satisfac-
tory performance.

3.2 Step 2: Safe BO for task-specific controller refinement

The second step of our proposed two-step tuning procedure
aims to fine-tune the baseline controller parameters, g7,
to better suit task-specific requirements that may go
beyond the limitations of the initial H., design. In such
cases, the H,, controller can result in overly conservative
actions, leading to suboptimal performance.

At this stage, the user specifies the task the system must
perform, along with a performance objective and any rel-
evant constraints tailored to that task. Unlike Ho, syn-
thesis, which relies on an explicit linear system model, BO
treats the system as a black box (potentially nonlinear). It
leverages input-output data from real-world experiments
or simulations to iteratively guide the optimization. The
task-specific controller refinement is therefore formulated
as the following constrained optimization problem:

(11)
(12)

max J(x(0,7),u(d,T))
st gi(z(0,7),u(d,7)) >0 V i=1,...

7m7

where 7 represents the task specification (e.g., a desired
reference trajectory). The cost function J(x(6, ), u(0, 7))
depends on system states x and control inputs u, both
of which are functions of the controller parameters 6§ and
the task specification 7. This function quantifies system
performance during task execution, such as tracking er-
ror, energy consumption, or other relevant metrics. The
constraints g¢;(z(0,7),u(0,7)) enforce safety limits, such
as bounds on states or control inputs.

This optimization problem is solved using the SAFEOPT-MC
procedure outlined in Algorithm 1. The controller pa-
rameters of the H., synthesis define the initial safe set,
So = 0pL, ensuring that constraints are satisfied at the
beginning of optimization. By iteratively refining the con-
troller parameters, task-specific performance is improved
while maintaining safety. The process continues until con-
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vergence or until a given evaluation budget is reached.
Since BO is employed to optimize costly-to-evaluate func-
tions, the process is usually constrained by an optimization
budget, which limits the number of function evaluations.

After optimization, the new controller parameters, 050,
can be analyzed to assess their impact on system stability.
Given that the system model used for the H,, design
is available, the new gain margin and phase margin can
be computed. Alternatively, if explicit stability conditions
are known, they can be added as constraints in the opti-
mization; otherwise, stability can be encouraged through
penalty terms in the cost function.

4. SIMULATION AND EXPERIMENTAL RESULTS

In this section, we evaluate the effectiveness of the pro-
posed two-step approach for tuning the position controller
of an ANT-X! fixed-pitch quadrotor.

4.1 Quadrotor control scheme

The dynamics of the quadrotor are characterized by 12
states: positions in the North-East-Down (NED) inertial
frame (z,y,z), velocities (vg,vy,v,), ZYX Euler angles
(1,0, ¢), and angular velocities in the body frame (p, ¢, 7).

PID controllers are commonly employed for quadrotor
position control because of their simplicity and ease of
implementation. To simplify the analysis, we focus on
tuning the controller for the x- and y- directions, assuming
the controllers for the z-direction and yaw are predefined
and fixed. Due to the symmetric nature of the platform,
the controller for the y-direction is identical to the one
used for the x-direction, and both controllers consist of
two main components: the position-velocity controller and
the attitude-rate controller, as shown in Figure 1. The
position-velocity controller is a cascaded loop, where the
position control loop employs a proportional controller,
Cp(s) = K, and the velocity control loop uses a PID
controller, Cy(s) = K, + K;,/s + Kagvs. The velocity
controller then provides the reference for the attitude-rate
controller.

Position-velocity controller

X
Vs 9 Attitude-anglular |y Plant 3
CP(S) o CV(S) + rate controller 7 dynamics SX
’ - ]

Fig. 1. Controller structure.

In this work, we focus on tuning the parameters of the
position and velocity controllers along the x- and y- axes,
denoted as Cp(s) and C,(s), respectively, while assuming
that the attitude and rate control loops are fixed. These
controllers are parameterized by 6 = {K,, K., Ky, Ka }-

4.2 Two-step controller tuning for quadrotor

1st step: H,, synthesis. An accurate system model is es-
sential for H., synthesis. To achieve this, we first linearize

1 https://antx.it/

the model of the quadrotor around a reference steady-
flight condition. Next, we identify a grey-box model for
the longitudinal dynamics using the output-error method.
With the linearized model and the controller structure
from Section 4.1, the locally optimal controller parameters
0pr are determined to achieve two objectives:

e Performance: Defined by a weighting function on
the position sensitivity, Wg(s), which represents the
transfer function from the desired x-axis position zq4
to the position error e, := x — xg4.

e Control moderation: Defined by a weighting function
on the control sensitivity, Wg(s), representing the
transfer function from x4 to the control input M,.

The parameters used to construct these weighting transfer
functions, with poles and zeros following a Butterworth
pattern, are summarized in table 1. In this case, we
applied a non-smooth optimization approach to solve the
H, control design problem. The chosen control synthesis
tool is the hinfstruct function from the Matlab Robust
Control Toolbox. The resulting controller gain are: gy, =
{0.902,0.153,0.215,0.0109}.

Table 1. Parameters for the structured H.,
synthesis weighting functions.

‘ DC gain ‘ HF gain ‘ Weross [rad/s| ‘ order
1073 2.5 1 1
10-5 3 3 3

Ws
Wq

2nd step: Safe Bayesian Optimization. The quadrotor
is tasked with executing a circular trajectory defined by
the reference position pg(t) = [Rsin(2t), Rcos(Qt), —1]T
m, where R = 1 m is the radius and Q = 2 rad/s is the
angular velocity. This maneuver represents an aggressive
flight path, involving high angular velocities and signifi-
cant attitude changes that exceed the limitations of the
initial H., design.

The parameter space is defined as © = [0,2] x [0,0.3] x
[0,0.3] x [0,0.012]. To explore this space, we generate
25 uniformly distributed samples per interval, resulting
in a total of 390’625 possible parameter combinations.
The controller parameters obtained from H,, synthesis
are used to start the optimization procedure, specifically
So = 0pr, = {0.902,0.153,0.215,0.0109}.

For this position-tracking task, we define a cost function
that penalizes deviations from the reference trajectory:

N
w
J(H) = _Fp ((xl - xdi)Q + (y’L - ydi)Q) ) (13)
i=1
where w, = 500. To ensure the safety of the quadro-

tor during performance evaluation, we enforce a con-
straint on its angular velocity. Specifically, we limit the
maximum angular velocity around the x- and y-axes to
Wmaz = 10.5 rad/s, reflecting the actual physical limits
of the ANT-X quadrotor used in this study. This safety
requirement is enforced through the constraint g(6) =
Wmaz — Max(max; |p;|, max; |¢;|). At each iteration of the
SAFEOPT-MC algorithm, the cost function and safety con-
straint are evaluated by running Simulink simulations of
the quadrotor, providing the input-output data needed to
guide the optimization process.
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Safe BO models both the cost function J and the safety
constraint g as a GP. Without loss of generality, we assume
zero-mean priors, i.e., uy(0) = 0 and py(d) = 0. The
kernel functions k;(6,6") and k,(6,6") are problem-specific
and encode prior knowledge about the objective and con-
straints. We selected the Matérn kernel with v = 3/2,
which has proven effective for noisy, differentiable func-
tions, combined with automatic relevance determination
to assign individual length scales to each input dimension.

k(0,0') = o (1 + \/§r(e,9/)) exp (—\/ér(e,e’)) (14)

r(0,0') = (0 -0 M2 0. (15)
This kernel is parameterized by three hyperparameters:
measurement noise o2, process variation O'J% , and length-

scales, [ € ]lel, which form the diagonal elements of the
matrix M. To improve the accuracy of the GP model,
these hyperparameters are optimized by maximizing the
marginal likelihood. In practice, an initial dataset Dy of
35 samples, obtained via Latin Hypercube Sampling, is
used to estimate these hyperparameters.

The SAFEOPT-MC algorithm is then applied iteratively to
refine the controller parameters. With an optimization
budget of Nyqa: = 30 experiments, the final gains after
30 iterations are: 80 = {1.833,0.288,0.013,0.005}.

4.3 Results

Controller performance evaluation. We assess the
effectiveness of the proposed two-step approach on circular
trajectories with varying angular velocities in both simula-
tions and real-word experiments. The controller tracking
performance is measured using the position Root Mean
Square Error (RMSE) as an evaluation metric:

M
1
RMSE = | 7= > ok = pa |1 (16)
k=1

where pr = (zk, yx) is the actual position, pg, = (4, , Yd,)
is the desired position, and M is the size of dataset
collected during flights.

Experimental setup. Flight tests are conducted within
the Flying Arena for Rotorcraft Technologies (FlyART)
facility at Politecnico di Milano, equipped with a Motion
Capture (Mo-Cap) system. The drone is a fixed-pitch
quadrotor designed by ANT-X 2. Data is collected by the
Mo-Cap system, which consists of 12 cameras tracking
markers attached to the drone. These measurements are
transmitted to a ground station, which then sends them
to the drone at a rate of 100Hz, along with the trajectory
instructions defined by specific waypoints at 50Hz.

Simulation and experimental results. Figure 2 shows
the tracking performance of the baseline H., controller
in a real-world experiment, where the quadrotor follows
a circular trajectory with R = 1 m and Q = 1 rad/s.
In this scenario, the quadrotor operates within the linear
dynamics assumed in H,, synthesis. As a result, the

2 https://antx.it/educational-products-antx/dronelab-antx/

reference position (2 = 1rad/s)

— — —-tracked position (H)

-0.5+

Fig. 2. Tracking performance of the H., controller for a
circular trajectory with R =1 m and Q = 1 rad/s in
a real-word experiment.

Table 2. RMSE for circular trajectories at
varying angular velocities.

Simulation Experiment
Q RMSE % 1 RMSE % |
[rad/s] [m] [m]
Hoo BO Heo BO
0.073 - = 0.100 - =
0.205 | 0.073 | 61.3% | 0.376 | 0.148 | 60.7%
2.5 0.259 | 0.124 | 52.4% | 0.475 | 0.217 | 54.3%

controller demonstrates satisfactory tracking performance.

For the BO-optimized controller, we evaluate performance
on two circular trajectories with the same radius (R =1
m) but higher angular velocities: Q = 2 rad/s and Q = 2.5
rad/s. The Q = 2 rad/s trajectory, shown in Figure 3a, was
used for training in simulations, while the 2 = 2.5 rad/s
trajectory tests the ability of the controller to generalize
beyond its training conditions while remaining in a similar
regime. During these trajectories, the quadrotor exceeds
the linear dynamics assumed in H.,, resulting in higher
angular velocities and significant attitude changes. Con-
sequently, the H,, controller struggles to accurately track
the high-speed trajectories. In contrast, the BO-optimized
controller achieves significantly lower position tracking er-
rors, as shown in Figure 3b. The RMSE values in table 2
further highlight this improvement, showing error reduc-
tions of up to 60% in both simulations and experiments.
Notably, the BO-optimized controller maintains superior
tracking performance not only on the training trajectory
(€ = 2 rad/s) but also on a different trajectory beyond its
training conditions (Q = 2.5 rad/s), while remaining in a
similar operational regime.

Table 3. Gain and phase margins of the open-
loop systems.

Controller ‘ Gain margin [dB] ‘ Phase margin [deg]
Hoo 22.5 57.2
BO 16.2 61.6
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reference position (2 = 2rad/s)
151 — — —tracked position (Hy)
e tracked position (BO)

Time [s]
(b) Position tracking error norm.
Fig. 3. Tracking performance (a) and error (b) for the
H,, controller and the BO controller on a circular

trajectory with R = 1 m and Q = 2 rad/s in real-
word experiments.

50

2 e
5 Lo,
: Sl

o N
B f

5 I

r e
= ;

ey
-150 ‘
1 i

) R

i ~

& 180 - \

i >

: N

E i -, ‘ ~

Jw o N E..},.,,s

0 | ‘ o,
1 _ 102 10*

Frequency (rad/s)

Fig. 4. Bode plot of the open-loop systems.

Figure 4 shows the Bode plots of the open-loop system
for both controllers, with gain and phase margin values
summarized in table 3. Despite a slight reduction in gain
margin, the BO-optimized controller maintains stability
within acceptable limits.

5. CONCLUSIONS

In this paper, we proposed a two-step controller tuning
approach combining structured H,, synthesis with safe
Bayesian Optimization. The H, synthesis guarantees sta-
bility and reliable performance across a wide range of oper-
ating conditions, while safe Bayesian Optimization refines
controller parameters to improve task-specific performance
with safety guarantees at each iteration. Simulations and
experiments on a quadrotor demonstrate the effectiveness

of the method in achieving safe, efficient, and automated
performance optimization, reducing position tracking error
by up to 60%. Future work will focus on improving gen-
eralization via multi-task BO and overcoming scalability
challenges by leveraging high-dimensional BO techniques
capable of tuning controllers with larger parameter sets.
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