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ARTICLE INFO ABSTRACT
Recommended by T. Parisini Electromechanical switching devices such as relays, solenoid valves, and contactors offer several technical and
economic advantages that make them widely used in industry. However, uncontrolled operations result in
ﬁeﬁiﬁnm undesirable impact-related phenomena at the end of the stroke. As a solution, different soft-landing controls
Adaptive control have been proposed. Among them, feedforward control with iterative techniques that adapt its parameters
Iterative methods is a solution when real-time feedback is not available. However, these techniques typically require a large
Run-to-run control number of operations to converge or are computationally intensive, which limits a real implementation. In
Optimization algorithms this paper, we present a new algorithm for the iterative adaptation that is able to eventually adapt the search
Adaptive coordinate descent coordinate system and to reduce the search dimensional size in order to accelerate convergence. Moreover,

it automatically toggles between a derivative-free and a gradient-based method to balance exploration and
exploitation. To demonstrate the high potential of the proposal, each novel part of the algorithm is compared
with a state-of-the-art approach via simulation.

1. Introduction To address these limitations, various complementary strategies exist,
including conventional feedback controllers with observers (Schroedter
Today, solenoid valves (Angadi & Jackson, 2022) and electrome- et al., 2018), learning algorithms (Grotjahn & Heimann, 2002), and pa-

chanical relays (Gergi¢ & Hercog, 2019) are used in virtually all in- rameter adjustments based on measurable variables (Yeh & Hsu, 1999).
dustries, ranging from household appliances and automotive applica- Nevertheless, all the previously mentioned controllers are dependent on
tions to robotics and medical devices. In general, the basic operating feedback of the variable to be controlled. However, in some cases, these
principle of all electromechanical switching devices is similar: when variables cannot be measured or observed due to economic or technical
electrical energy is applied, a magnetic force accelerates a moving com- constraints.

ponent to the end of the stroke. This causes undesirable phenomena,
including bouncing and violent impacts, which result in premature
device wear and acoustic noise. In an effort to solve or reduce these
phenomena, several control strategies have been proposed, generally
with the same objective: to reach the final position with zero ve-
locity. Among these strategies are those based on backstepping con-
trol (Al Saaideh et al., 2022), sliding-mode control (Deschaux et al.,
2018), extremum-seeking adaptive control (Benosman & Ating, 2015),
or iterative learning control (Moya-Lasheras & Sagues, 2024).

Like other authors (Braun et al.,, 2018), some of our previous
works employ a feedforward controller for two main reasons. First, a
dynamic property of these systems, differential flatness, allows us to
easily design the controller by model inversion. Secondly, feedforward
control provides immediate responses to reference changes and is able
to compensate for known disturbances. Despite its advantages, it alone
is not robust to design errors, modeling errors, or system changes. reduced for a given problem, among other limitations.

Therefore, we explored an alternative (Moya-Lasheras et al., 2023)
based on run-to-run controllers. The main idea is to iteratively update
the feedforward controller parameters from measurable variables that,
even though they cannot be directly used to observe and control the
variable of interest, they provide a performance index for each iteration
(i.e., switching operation). In a first approach, the iterative adaptation
law was implemented using a Pattern Search (Lewis & Torczon, 2000)
algorithm. Although the method is computationally light and accurate,
it requires too many evaluations to converge. Specifically, it needs
2 g+ 1 evaluations (where ¢ is the search space dimension) to determine
whether to move to a new point. Our latest work Ramirez-Laboreo et al.
(2024) demonstrated that convergence speed can be improved through
sensitivity-based parameter reduction. However, it did not offer an
automated approach for determining the number of parameters to be
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In this line, Loshchilov et al. (2011) presents an Adaptive Coor-
dinate Descent algorithm. The strategy involves periodically updating
the coordinate system by a Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) and Adaptive Encoding to decompose the problem
into as many one-dimensional problems as dimensions in the general
problem. Although it is an interesting idea, as concluded by the authors
in Hansen and Ostermeier (2001), the function evaluations needed
are about 104, 30¢ for a real-world search problem, and 100 4> for
complete adaptation. Given that each evaluation involves a switch-
ing operation, the number of switching operations with unsatisfactory
performance would be excessively high.

In terms of one-dimensional search, the authors of Loshchilov et al.
(2011) suggest derivative-free methods or the use of gradients. Gradient
methods are a powerful tool, especially if the objective function is
known. A similar alternative are subgradient methods, since they can
work with approximations based on the value of the function to be
optimized across the search space. Another option are the sign gradient
descent methods, first introduced in the RProp (Resilient Propagation)
algorithm (Moulay et al., 2019). Despite being technically a gradient-
based method, the RProp algorithm has a low computational load, as
it only needs to calculate the sign of the gradient, not the gradient
itself. Nevertheless, adjusting the hyperparameters of these algorithms
can be a challenging task. In contrast, some gradient descent methods
implement an adaptive step size without the need for hyperparameters.

This paper presents a new Run-to-Run controller based on an Adap-
tive Coordinates algorithm (R2R-AC) in order to automate the im-
provement process described in Ramirez-Laboreo et al. (2024) and to
enhance the performance of the iterative adaptation law. This new
algorithm leverages the controller sensitivity with respect to its param-
eters to calculate an alternative search basis that decomposes the initial
g-dimensional problem into ¢ one-dimensional problems to optimize
on the descending coordinate with the highest improvement potential.
We analyze and compare three versions of the algorithm that differ in
how the step size is computed: one based on derivative-free methods,
another based on gradient-based algorithms, and a hybrid one that
toggles between the other two to enhance the exploration—exploitation
tradeoff.

The paper is organized as follows. Section 2 provides a concise
overview of the dynamic and control model that has prompted the
development of the proposed algorithm. Section 3 develops the iter-
ative adaptation law of the R2R-AC strategy and discusses the different
versions previously mentioned. Section 4 contains simulation results
that demonstrate the functionality of our proposals and the comparison
with a state-of-the-art feedforward run-to-run controller. Finally, the
conclusions are discussed in Section 5.

2. Background of the control system

In this section, we briefly describe the system dynamics and control
where the need for the proposed new algorithm has arisen. For a more
detailed explanation, readers are referred to our works (Moya-Lasheras
et al., 2023; Ramirez-Laboreo et al., 2024).

2.1. System dynamics

The system is modeled as a single-coil reluctance actuator, subject
to two types of forces: passive elastic forces—typically modeled as
ideal springs—and a magnetic force. The magnetic force is generated
when current flows through the coil, causing an inner fixed core to
become magnetized and attract the movable core. The typical method
of supplying the actuator with power is by providing a voltage. We
describe the dynamics of the system using a state-space model, where
the voltage u is the input to our system, and the position z, velocity v
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and magnetic flux linkage A are the state variables. The state equations
are defined as

zZ=v, 1
1 (_ _zy_LpdR

u_m( k (2-2) - 3 az), )
A=—RAR(z, A +u, 3

where m, kg, z,, R, and R are the moving mass, the spring stiff-
ness, the spring resting position, the coil resistance, and an auxiliary
function based on the magnetic reluctance concept, respectively. This
auxiliary function considers the magnetic saturation and flux fringing
phenomena,
K'l K'4 Z

+ K3+ ,
1—1Al/x, 3 1 + k5 z log(kg/2)
where x|, k,, k3, k4, k5, and kg are positive constants. Overall, the
system dynamics depends on ¢ = 9 uncertain parameters, which can
be grouped in the parameter vector p.

R(z, ) = 4

p=[ks z, m k| Ky K3 Ky Ks KG]T. 5)

Note that the resistance R is treated independently as a parameter
without uncertainty, as it can be easily measured.

2.2. Control

The control structure used in this study is schematized in Fig. 1.
This is an iterative control design for a real-world scenario with two
particularities:

 The variable to be controlled, the position z, cannot be fed back
for several reasons. Firstly, a position sensor is more expensive
than the switching devices. Secondly, a protective housing im-
pedes access to the component whose position needs to be known.
In addition, a real-time estimate is also unavailable.

« Errors in the model parameters are not negligible. These de-
vices are produced at a low cost, with relaxed manufacturing
tolerances, causing variability in the value of the parameters.

Due to the first point, the control strategy is focused on a feedforward
controller. It is designed by model inversion, taking advantage of a
structural property shared by such devices: differential flatness (Lévine,
2011). Considering that the objective is soft-landing control, as in our
previous works, z(?) is the desired trajectory, designed as a 5th-degree
polynomial from z;, the initial mechanical limit of motion of the
moving component to be controlled, to z;, the final limit. The trajectory
is defined over the time interval [#,, #¢], subject to boundary conditions
of zero initial and final velocities and accelerations. In short, the
feedforward control term, u,, is defined as a function of z(r), its
derivatives, and the parameter vector p. Although this applies to a
specific case, it can be generalized as u,, = u,, (¢,0) for parametric
controllers where 6§ represents any vector of control parameters. In our
case 0 is a normalized version of p.

Due to the second point, including a feedback loop to adapt the
control parameters 6 is essential. Some previous works propose asso-
ciating a measurement related to the control objective to a cost value
J. In a real-world application, due to measurement difficulties, J may
be computed based on indirect measurements associated with the im-
pacts (Moya-Lasheras et al., 2023; Winkel et al., 2023). In simulation,
however, the impact velocity v, could be directly used as feedback,

J=1ug. Q)

At this point, it is reasonable to assume that the process which relates
0 to J is unknown or difficult to work with analytically. In response
to this, the proposal is to use a black-box optimizer as the iterative
adaptation law to minimize J along switchings. Since we are focusing
on a real-world application, the optimizer must be not only accurate,
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Fig. 1. General control diagram. The subscript k denotes the variables of the kth
evaluation of the run-to-run adaptation law. The feedforward block computes u,, from
the parameter vector 6 and the desired reference signal r. The adaptation law updates
the feedforward parameters 6 using the cost J, which is derived from the measurable
output y.

but also computationally light and able to quickly discard poorly per-
forming evaluations to minimize unsatisfactory switching operations.
Therefore, to speed up convergence, a state-of-the-art feedforward run-
to-run controller based on a Pattern Search algorithm (Ramirez-Laboreo
et al., 2024) shows a strategy to reduce the number of search dimen-
sion, without relying on further cost function evaluations. Assuming
that larger changes in the control action translate into larger changes
in the cost value, this strategy is based on a local sensitivity analysis of
smooth (differentiable) controllers. The Fisher matrix, F(6), which can
be computed from the sensitivity of the controller with respect to 6,

o= (MY (5]

is evaluated at a nominal point §"™. Since F(6"°™) is symmetric and
positive semidefinite, the eigendecomposition and the singular value
decomposition coincide. That is, the Fisher matrix can be expressed as
F(O™™) =V AVT, where V € R%4 is the orthonormal matrix with the
eigenvectors (or singular vectors) of 7(6"°™) as columns and A € R%%4
is the diagonal matrix of the corresponding eigenvalues (or singular
values).

Finally, a transformation of the known vector 6 to a new vector
X € RY is defined in terms of the basis change matrix V' as

0=0"" + V(X — X"") <= X =X"" 4+ V106", (8)

where X"™ is the nominal value of X, which can be chosen arbitrarily.

Thanks to this procedure, the controller is parametrized in such a
way that the correlation between the sensitivities with respect to the
new parameters in vector X is low. In addition, A provides information
about these sensitivities, enabling the exclusion of coordinates with
negligible sensitivity from the optimization process.

3. New algorithm

This section is divided into two parts. The first one, following
the idea presented in Loshchilov et al. (2011), introduces a new al-
gorithm which solves the open questions posed in Ramirez-Laboreo
et al. (2024), i.e., what is the appropriate number of dimensions to
optimize in each situation and, since the analysis is local, how often the
alternative coordinate system should be recalculated. The second part
presents a classical derivative-free method, a gradient-based method,
and a hybrid methodology that enables toggling between the two
options to calculate the step size of the previous algorithm.

3.1. Iterative adaptation law of the R2R-AC

The behavior of the algorithm is presented in Algorithm 1. The new
algorithm must fulfill two requirements: it must eventually upgrade
the alternative coordinate system and it must select automatically the
number of search dimensions. We propose to convert the complete
optimization of the #-problem into successive X -optimization problems.
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Each X-optimization problem optimizes X in a new canonical basis
initialized at X"°™ = 0,. This decision simplifies the transformation of
X into 6 as

6=0""4+VX, ©)]

with the only eventual needs to update ™™ as the best evaluated 6
(Algorithm 1, line 18) and update the transformation matrix V (line
2) as shown in the previous section (according to Ramirez-Laboreo
et al. (2024)). From now on, for clarity, since we work mainly in the
X-optimization space, with a slight abuse of notation, we denote the
cost — obtained for a value 6 that depends on X, (9) — as a direct
function of X: J(X)=J.

Once the strategy for updating the alternative coordinate system
has been selected, the remaining tasks are to determine the timing of
the update event and the search problem dimensions. The proposed
solution is to first perform an exploration process to find the coordinate
with the greatest descent and then to exploit this coordinate. For the
exploration process, V' should be ordered such that the associated
eigenvalues are arranged from largest to smallest, i.e.,

Aan 2 Ao 2 - 2 Ay 10

where the subscripts in parentheses represent the position in the matrix.
This step permits the ordering of the coordinates from the highest to
the lowest sensitivity of the control action to the parameters X. The
proposal for selecting the coordinate of greatest descent is based on pat-
tern search methods: the origin of the coordinate system (line 13) and
two points along each coordinate (line 7), Xt and X~, symmetrically
located at a distance é from the origin coordinate, are evaluated,

Xt < XP+6-¢y, an
X «XP—65-¢, 12)

where X® is the point associated with the lowest cost value, whose
value is 0, at the start of each X-optimization problem, € R is the
step size, and e¢; € R? is the unit vector that defines the direction
of the d € [l,q] coordinate of the canonical basis. This pattern is
evaluated sequentially coordinate by coordinate (lines 4-10) until a
cost-improving coordinate has been found. At this moment the explo-
ration process ends and the exploitation process begins by a line-search
(lines 11-16). The algorithm continues to look for lower cost points
along the corresponding direction and orientation by a method that
embraces the philosophy of sign gradient descent algorithms,

X next <—Xb+sgn (X(bd)> 5-ey, 13)

where X" is the next point to be evaluated, sgn(-) is the sign operator,
and X (bd) is the d-th component of X’. Note that (13) only applies after
a better point has been found, so in this case, X (bd) +0.

When the evaluation of X™*! does not improve the cost, the present
X-optimization problem ends, "™ and V are updated and the X-
optimization problem is reset (line 18). Thus, it is not necessary to
complete the pattern to shift it, and the number of dimensions of
the problem is automatically reduced to the minimum allowed to
obtain improvements. An exception applies to this sequence, when
the algorithm has moved on the first coordinate (line 17), 0 is not
updated, so neither is V, and the evaluation of the second coordinate
continues around the best point found on the first coordinate. The main
reason is not to transform the algorithm into a single gradient search
method in which the descending coordinate is calculated through the
coordinate that further modifies u,, because the convergence speed
may decrease due to limited information and reduced opportunities to
directly identify a new best point.

To complete the algorithm, it only remains to define how to upgrade
the step size (lines 9 and 15). This is discussed in the following
subsection.
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Algorithm 1 Iterative adaptation law of the R2R-AC

Initialize: 5, 0™", d <0, X°«<0, JX") <o
1: while true do
> Alternative coordinate system
2: V « sorted eigenvectors of F(6"™)
> Best descent coordinate exploration
3 Evaluate J(X?)
4 while J(X") > J(X) do
5 d < (dmod q) + 1 > Next d
6: Xt «XP+6-ey; X"« XP—6-¢,
7 Evaluate J(X*) and J(X )
8 X" argminy e y+, x-) J(X)
9 Update 6
10: end while
> Descent coordinate exploitation: Line-search
11:  while J(X™) < J(X) do

> Algorithm 2

12: X« xnext

13: XPext . xb 4 sopn (XFd)) 5 ey,

14: Evaluate J(X"t)

15: Update 6 > Algorithm 2

16: end while

> Reset the X optimization problem
17: if d # 1 then
18: grom  grom 4 7 xb .
19: end if
20: end while

d<0; X°<0,

3.2. Step-size update: hybrid method

The new algorithm enables the g-dimensional problem to be re-
duced to the behavior of a one-dimensional problem. For the sake
of simplicity, this subsection assumes that a descending shift always
occurs. For clarity, we work with ¢é,, the unit vector of the desired
direction and orientation.

The fact that there is no analytical information on the relationship
between the cost value J and the parameters to optimize X, together
with the need of a computationally light and fast convergence process,
has led us to the use of direct search methods based on updating a
step size 5. We explore two approaches: derivative-free methods and
adaptive methods based on the objective function.

In the basic derivative method, the step size decreases as the number
of evaluations increases; however, other methods allow for expanding
the step size if certain conditions are met. The latter methods are used
in algorithms as Pattern Search and RProp, among others. When it
appears the process is progressing in the right direction, i.e., the cost
improves, the step size should be increased (expansion) to reach the
possibly distant optimum point more quickly. Conversely, when the
process has reached a minimum, i.e., the cost does not improve, the
step size should be decreased (contraction) to allow for an approach to
the minimum cost and reduce fluctuations. In short, the next point to
evaluate X" can be calculated as

Xrext = x4 6PF g, 14

where X" is the point considered best, sPF is the derivative-free step
size, which is eventually updated as

DF ¢DF
SO o { max(@,, 6P, 628)

min(aey, 5, 608 )

if J(X"eXt) > J(Xb)
, (15)
if J(X"eX) < J(XP)

where a,, and a,, are the contraction and expansion constants such
DF DF ini

that 0 < &g, < 1 < &, and 60 and 6 are the minimum and

maximum allowed step sizes, respectively. Unfortunately, the tuning

of a values suffers from a trade-off between faster convergence and the
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J(X)
————— linear approx. of J(X) at X®
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Fig. 2. Geometric interpretation of the first-order method adopted.

likelihood of reaching a local minima, which tends to be higher as the
dimensionality of the problem increases.

In contrast, adaptive methods based on the objective function are
able to dynamically fit the step size, often utilizing gradient information
in first-order methods. A typical geometric interpretation of these
methods is illustrated in Fig. 2 for an ideal situation with a convex
objective function. The aim is to reach a point X* with a lower cost
J* from a known point X®, for our algorithm, the best evaluated point.
To this end, the step size is approximated as the ratio of the cost
difference J(X®) — J* to the gradient g at X°. To determine J*, common
approaches include treating it as a constant equal to J°", the cost
of the optimal point X°P!, i.e., the minimum value of the objective
function. Even if the real value is unknown, J* = 0 is adequate on many
situations, but it is usually a strong assumption. Alternatively, J* can
vary by iteration (Algorithm 2, line 5), which is often more practical,
as large step sizes can be more detrimental than an advantage, leading
to divergence. As shown in Fig. 2, larger step sizes introduce greater
approximation errors, potentially affecting convergence.

For our problem, our non-static search coordinate system compli-
cates the collection of information on g, as a reminder, the gradient
with respect to X. Thus, we propose a reinterpretation of this method
by working with g, an average slope of the trajectory followed by
the algorithm that represents the average improvement capacity. In
addiction, given the possible non-smoothed decreasing cost, we work
with J, an average value of the cost. These are computed as

J < BJ+1=pIXp), 1e)

i i J(X)) - J(Xk_.)>2
- 241 -p | =) 17
g \/ﬂg +( ﬂ)< X=X, a7

where f < 1 is a positive constant that acts as a decay factor, and the
subscript k refers to the evaluation number. With these adjustments,
the next point to be evaluated and the value of the gradient-based step
size 6O are calculated, respectively, as

X" = xP 4698 .8, (18)
508 _ J—J%
g

Analyzing the equation, an additional advantage of slope filtering
is that it mitigates the problem of excessively oscillating step sizes.

19

Algorithm 2 Process to update the step size §

g qio . T o~ DF DF DF k
Initialize: J, g, f, 6%, @uons Texps 0o 5 Spass

1: for k « 1 to num. evaluations do

2 Update J and g > Eq. (16) and Eq. (17)
3: if 6 must be updated then
4: Update 6PF and 568 > Eq. (15) and Eq. (19)
5: Update J*
sPF ifJ < J*
& 8N OB if s
7: end if
8: end for
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Table 1
Nominal parameter values.
k, 55N/m Ks 1320m™"!
zg 0.015m K 9.73-103 m
m 1.6 - 10 kg R 50Q
K 1.35H! e 103 m
K 0.0229 Wb 2 0
K5 3.88H! N 0
Ky 7.67-10*H"/m I 35107
Table 2
Initial hyperparameters of the control strategies.
Control §PF Lt soF Qon Texp p
R2R-PS+ 0.2 2-10710 2 0.5 -
R2R-AC 0.2 2.10°10 2 0.7 1.1 0.8

This concept is also used in several stochastic gradient descent algo-
rithms, including RMSProp (Ma et al., 2022). Despite the adaptability
of gradient-based methods, they are highly susceptible to the geometry
of the objective function and the initial evaluations.

Our hybrid version for calculating § tries to take advantage of the
good performances of both strategies and avoid their drawbacks by
toggling between (15) and (19) based on whether J is less than or
greater than J*, respectively (line 6). In this form the first resource
of the algorithm is (15), but, when convergence slows significantly or
the evaluated point is far from the optimal point, the strategy toggles
to (19). The update of the step size § is summarized in Algorithm 2.

4. Simulated results

In this section, to illustrate the benefits of the new algorithm, we
analyze the improvements achieved over our previous work (Ramirez-
Laboreo et al., 2024). To assess the improvements introduced by
R2R-AC and the hybrid step size, the following control strategies are
evaluated:

« R2R-PS+: the best solution in Ramirez-Laboreo et al. (2024); it
uses for the iterative adaptation law a Pattern Search algorithm,
with a single initial basis change (9) and four dimensions.

+ R2R-AC (DF): proposed R2R-AC in which § « 6PF.

+ R2R-AC (GB): proposed R2R-AC in which 6 « §9B.

R2R-AC (Hy): proposed R2R-AC in which § is computed using the

Algorithm 2, the complete proposal.

These strategies have been tested through simulation on the prob-
lem presented in Section 2. Recall that the detailed methodology un-
derlying the design of the feedforward controller, as well as the for-
mulation of the desired trajectory, can be found in Ramirez-Laboreo
et al. (2024). It is assumed that the model acting in the role of the real
system and the feedforward controller are based on exactly the same
equations. However, it is reasonable to expect discrepancies between
the model parameters identification and the nominal (initial) feedfor-
ward controller parameters (see Table 1). To emulate these errors, two
Monte Carlo analyses of 10000 trials, and 300 switching operations in
each trial are performed for each run-to-run strategy. For each Monte
Carlo analysis, a test set with a different p-vector, (5), for each trial
is generated. The first test set is associated with a situation where the
errors are small, and the second with a situation where the errors are
larger. To ensure fair comparisons, these test sets are common for all
algorithms. The initial hyperparameters required of each algorithm (see
Table 2) have been adjusted to optimize the results of the test where
the errors are small. The same hyperparameters have been applied to
the other test.
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4.1. Small errors in the initial parameters

For this situation, each component of each p-vector of the real
system model is randomly and independently perturbed up to 5%,
i.e., the parameters of the real device under consideration vary with a
uniform probability distribution between 95% and 105% of the values
in Table 1.

Fig. 3 shows the results of the first analysis. The graphs represent the
evolution of the cost, J, with respect to each evaluation or switching
operation. Due to the large number of simulations required to capture
the variability of the parameters across devices, the results are pre-
sented by the median (Ps,) and the 10th and 90th percentiles (P, and
Py, respectively) of the distribution of values obtained for the 10000
simulated experiments. For reference, the cost of a switching operation
without control, namely with a 30 V constant activation, is also plotted.
To demonstrate the improvement introduced by R2R-AC, Fig. 3(a) (the
best solution in Ramirez-Laboreo et al. (2024)) and 3(b) must be com-
pared, as they differ only in the search strategy; both methods compute
the step size using the same derivative-free approach. As can be seen,
while the results at the end are quite similar, the new R2R-AC (DF)
strategy shows a notable improvement in the convergence speed. While
our previous feedforward run-to-run controller requires 300 switching
operations for 90% of the trials to converge, R2R-AC (DF) requires only
approximately 70. The same applies to 50% and 10% of the trials,
for which the required number of switching operations is reduced by
approximately half.

The other two strategies require the definition of J*. For R2R-AC
(GB), since gradient-based methods are sensitive to excessively large
step sizes, J* is variable and is calculated as the minimum evaluated
cost, J™" multiplied by a positive constant y < 1. With this strategy,
the convergence speed also increases, but the final results are worse
in this case. For R2R-AC (Hy), the expression of J* (see Fig. 3(d))
is derived from a smoothed Py, behavior of R2R-AC (DF) under the
constraint that the initial value matches the cost obtained from an eval-
uation without control. In this way, processes below the 90th percentile
should remain unchanged, as can be seen when Figs. 3(b) and 3(d) are
compared, while those above the 90th percentile should improve their
performance when the hybrid method is applied to calculate the step
size. For this reason, the 97.5th percentil (Py; 5) is also represented in
these figures. Comparing this index, with R2R-AC (Hy) the target value
is almost reached at the end of the trials, while with R2R-AC (DF) the
convergence continues but progresses at a slow pace. Figs. 4(a) and
4(b) illustrate the effect of the hybrid strategy on the J evolution of
two individual processes, one with slow convergence and another that
converges to an unacceptable cost, respectively.

4.2. Larger errors in the initial parameters

Analogous to the previous subsection, the p test set has been gener-
ated with perturbations up to 25% instead of 5%.

Fig. 5 shows the results of the second analysis. As in the previ-
ous case, Py, Ps, and Py, of the distribution of values obtained for
the 10000 simulated experiments are shown. Each control strategy,
i.e., R2R-PS+, R2R-AC (DF), R2R-AC (GB), and R2R-AC (Hy), uses the
same hyperparameters as those employed in the previous subsection.
This includes the definition of J* across evaluations: for R2R-AC (GB),
J* « Jmin .y and for R2R-AC (Hy), J* is the smoothed behavior of Py,
with the set of nominal parameters perturbed up to 5%.

As can be seen, the improvement of R2R-AC, compared to Ramirez-
Laboreo et al. (2024) is considerable. In contrast to cases with initial
low p error, R2R-AC (GB) is able to offer better performance than
R2R-AC (DF). However, our complete proposal, R2R-AC (Hy), achieves
the best results regardless of the error level. As a summary, Table 3
compares Py, of J of the 10000 simulated experiments at the 300th
switching operation in both situations.
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Fig. 3. Cost values with respect to the number of switching operations when parameter
perturbations set to 5%. Each graph shows the median (Py,) and the 10th and
90th percentiles (P, and Py, respectively) of the distribution of values obtained for
the 10000 simulated experiments. The cost without control is also represented. The
97.5th percentile (Py;5) is also represented in (b) and (d) to show the hybrid method
improvement.
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Fig. 4. Effect of the hybrid strategy versus derivative-free strategy. Evolution of J in
two specific processes selected as representative. (a) Process with slow convergence.
(b) Process with convergence to an unacceptable cost.

5. Conclusions

In this work, we have presented R2R-AC (Hy), a run-to-run control
scheme with a new algorithm for iteratively adapting the parameters
of a feedforward controller from indirect measurements. However, as
outlined, the new algorithm could be used for other differentiably
parametrized controllers. The improvement over the previous approach
has been achieved both for small initial parameter errors and for larger
errors, where the previous technique is not effective. The improvements
have been obtained by integrating three concepts into the algorithm:
a scheduled basis change based on the sensitivity of the feedforward
law, a continuous process of exploration and exploitation, and a hybrid
method that toggles between a derivative-free and a gradient-based
strategy to calculate the step size. Likewise, this new algorithm auto-
mates two aspects of our previous work: the update of the coordinate
system and the number of search dimensions to reduce, as the new
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Fig. 5. Cost values with respect to the number of switching operations when parameter
perturbations set to 25%. Each graph shows the median (Py,) and the 10th and 90th
percentiles (P, and Py, respectively) of the distribution of values obtained for the
10000 simulated experiments. The cost without control is also represented.

Table 3

Comparison of Py, of J (m/s) in the 300th switching operation.
Perturbation R2R-PS+ R2R-AC (DF) R2R-AC (GB) R2R-AC (Hy)
5% 0.2268 0.1777 0.3178 0.1772
25% 1.2381 0.5541 0.3750 0.2645

algorithm selects the minimum number of dimensions to improve its
feedforward controller behavior.

As future work, we would like to address the possibility of an
estimation technique for the objective function J* or to analyze and
improve the gradient-based step-size calculation in other scenarios,
such as stochastic processes or noisy measurements, by considering
alternative approaches from the literature. In addition, we also intend
to perform real laboratory tests on different systems to verify that the
experimental results agree with those observed in simulation and the
generality of the method.
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