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Abstract

In this work, we consider the optimization of non-invariant systems with both safety and
control constraints. We present a new approach based on Bayesian optimization for the
dynamic, safe and controlled optimization of such systems. Although there are other
possible use cases, we focus on the application to the electron cyclotron resonance ion
source VENUS. From experimental data, we have observed that VENUS behaves to first
order as a non-invariant dynamic system with moving areas of instability. Our novel
approach aims at providing a tool that can maintain system optimization in a safe way.
This is accomplished by making sure the objective function, the beam current in the case
of VENUS, does not fall under an operational minimum, while simultaneously requiring
the optimization to avoid areas where VENUS is unstable. We compare the result of our
approach on synthetic data modeled to mimic the behavior of VENUS with two methods
from the literature, a standard Bayesian optimizer and a safe Bayesian optimizer, both
adapted to deal with dynamic systems. A cross Student T-test is conducted to show the
significance of the improvement given by the new method we introduce here, regarding the
two preexisting methods we compared to. The results of the tests conducted on synthetic
data show that the proposed method succeeds at maintaining the system optimized and
obeys the predefined constraints better than the literature methods explored.

Keywords: Bayesian optimization; dynamic systems; non-invariant; multiple constraints;
ECR ion source

MSC: 49N99

1. Introduction

Electron cyclotron resonance (ECR) ion sources are often used at large accelerator
facilities to produce high-current, highly-charged ion beams [1]. Part of the popularity of
these sources is owed to the fact that ion beams can be produced from any material that
can be injected into the source plasma without destroying the plasma. Ion beams are easily
produced from materials injected as gases, and from metals and other room temperature
solids by heating those materials to temperatures where they can outgas into the plasma.

An ECR ion source has at its heart a magnetically confined plasma. Confinement along
the beam extraction axis is typically provided by solenoids at each end of the plasma, while
a magnetic multipole (usually sextupole) is used for radial confinement. The resulting
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field has a minimum at the source center, and it increases in magnitude in all directions
away from that center. Injected microwaves are used to raise the energy of confined plasma
electrons through resonant heating on closed surfaces of constant magnetic field magnitude
surrounding the plasma center.

The fully-superconducting ECR ion source VENUS at Lawrence Berkeley National
Laboratory (LBNL) is one of the world’s most advanced and highest-performing ECR
sources [2]. The magnetic fields used to confine VENUS’ plasmas are as high as 4 T axially
and 2.1 T radially, and injected microwaves of 28 and 18 GHz are used to energize plasma
electrons. VENUS's success at producing high current beams (e.g., 20 mA He™t, 4.7 mA O°*,
395 pA U, etc.) made it the prototype ion source for the United States’ Facility for Rare
Ion Beams (FRIB), where a near-copy is in service and two others are being constructed.

The VENUS ion source is the primary injector for LBNL'’s 88-Inch Cyclotron, and ECR
ion sources are in service for many ion accelerators around the world. It is typically required
that these sources not only deliver a requested quantity of ion beam to an accelerator to meet
experimental or programmatic needs, but that the beam delivered is stable. The quality
factor for stability is often standard deviation, and accelerators typically require relative
stability in the low single-digit percent range.

Optimization of extracted beam current and the maintenance of stability of an ion
source like VENUS requires the manipulation of approximately 10-15 control parameters,
including magnets, injected microwave power and electrodes. The physics governing the
plasma and its relation to the control parameters is complicated and constructing a reliable
analytical or numerical model, able to make precise predictions, has not been achieved to
our knowledge. With no means of modeling its behavior, the source is considered to be a
black box for further discussion. Analysis of logged data over the past few years revealed
that the system is not only non-linear, but also non-invariant, e.g., the optimal settings
for production of a given beam species varies over time. This non-invariant behavior
can be explained by many factors that perturb the system and are not easily observable.
For example, material from previous ion source runs can be adsorbed on the plasma
chamber walls and later desorbed into the plasma at some decaying rate. Additionally,
small temperature changes can affect desorption and flow rates for gas valves.

This paper provides the community with a Bayesian optimizer that can be used
on a non-invariant dynamic system with control constraints. We will see that although
constrained Bayesian optimization has been well studied, non-invariant systems create an
objective function that is modified through time in an unpredictable manner. The control
constraint is also unpredictable and evolves through time. The new method that we present
is specifically designed to track the evolution of these functions and maintain system
optimization through time.

This paper is organized as follows: in Section 2, we contextualize the study by explor-
ing related work, in Section 3, we provide an overview of Bayesian optimization, the use
of Gaussian processes and acquisition functions. In Section 4, we present how Bayesian
optimization can be adapted to deal with moving maxima in a dynamic system and we
develop a novel approach to deal with both functioning and control constraints in these
cases. In Section 5, we present a comparative study evaluating the performance of the
method with other methods adapted from the literature. Section 6 will discuss the results
and the first steps to apply the method to ECR ion source control.

2. Related Work

In the general case of a system optimization, one usually wants to find the input
parameters that optimize a certain variable that can be described by a function called the
objective function. In the case of the VENUS ECR ion source, the objective function is

https://doi.org/10.3390/axioms15020104


https://doi.org/10.3390/axioms15020104

Axioms 2026, 15, 104

30f16

the output beam current of the species of interest, which we aim to maximize, while the
control function is a measure of stability derived from the beam statistics that must be
maintained under a certain threshold. When the derivative of the objective function is
analytically known throughout the operation space, the extrema can be found where this
derivative is zero. However, when there is no analytic knowledge of the derivative of the
function, the search for the optimum relies on evaluating the function in several places and
attempting to move toward the optimum. Even when there is no analytical solution, if the
problem is convex, there is only one optimum and a gradient descent method [3] performs
well as it locally approximates the derivative of the function and moves toward the unique
optimum where the gradient becomes null. When the system is not convex, there can be
several solutions where the gradient becomes null. In this case, optimization aims at finding
the global optimum and cannot be satisfied by simply finding a null gradient. Common
solutions involve methods using several initiations of optimizers that will each find an
optimum [4], and then select the optimum. Markov chains are another family of solutions
that are guaranteed to find the global optimum asymptotically [5]. These different methods,
when applied to a non-convex problem, need to evaluate the objective function many times
before finding the optimum, and this can be an issue when the evaluation of the function is
costly with respect to time, system availability, and/or actual cost.

Bayesian optimization is a powerful approach whose tools are used in many different
fields, including pharmaceutical development, deep-learning model development and
aerospace engineering [6—10]. In these cases, Bayesian optimization is a good option as
it can find a global optimum with a relatively low number of function evaluations. This
optimization process leads to the parameters that will optimize the function, but sometimes
the optimized function itself can unpredictably evolve with time and the optimum solution
can change, as in the case of the aerodynamics of rotary wings [11]. This would be the
case of a non-invariant system and would require it to be frequently re-optimized. This is
similarly the case for the operation of the VENUS ion source. In the case of a non-invariant
system, analytical solutions for linear and convex systems have been demonstrated [12,13].
In the case of the search for the time-varying global optimum of a non-convex system, it
has been shown that it is possible to use a Bayesian optimizer to track the optimum as it
moves with time [14].

In this work, with the application case of the VENUS ECR ion source in mind, we use a
Bayesian optimization technique for dynamic systems, but we add functioning and control
constraints. The functioning constraint is based on the fact that the system would no longer
be functional (the ion beam not usable by the accelerator) if minimum beam currents are
not met for too long. In this case, when navigating the operation space to maximize output,
settings that produce currents under the prescribed threshold should be avoided. In a static
context, methods have been developed based on an optimal lower confidence bound to
safely find the optimum of a function with a threshold constraint [15-17]. This type of
method has been applied in other areas, including robotics [18] and brain simulations [19].
In [20], the authors develop a method using two different Gaussian processes for both
the objective function and the constraint from which they derive an expected constrained
improvement as the acquisition function. However, the extension of this work to a dynamic
system problem is not straightforward. In our case, we are interested in a dynamic system,
so we developed a new method to track a moving optimum of a time-variant system,
maximizing its efficiency while also adding a control constraint to the system. For the ion
source, not only must the output beam current be kept above some minimum, but that
current needs to remain stable. Practically, the stability of the ion beam is measured by
the relative standard deviation of the measured beam once the system is in a settled state.
Avoiding regions of instability is necessary for both the beam user and for the safety of
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the ion source, since instabilities can lead to kilowatts of injected microwave power being
absorbed by sensitive parts. This control variable is statistically independent from the
objective function we try to optimize but is necessary for the system to function properly.
We use a variation of the lower confidence bound to determine the safe area, using the
combination of two Gaussian processes to determine this space, and then maximize the
acquisition function in the restricted safe area.

3. Bayesian Optimization

When optimizing an unknown objective function f(x) with x € RP (assuming a
D-dimensional parameter space), we are looking for a solution to:

x* = argmax(f(x)) 1)

x€RP

Bayesian optimization is a class of methods that builds a surrogate model for an
unknown f(-) based on previous data and a prior on the function auto-correlation. Using
such a surrogate model allows us to conduct our optimization despite the limited access
or cost to directly evaluate the objective function f(-). In essence, the Bayesian optimizer
describes the function at any coordinate by a probabilistic distribution built on known
data. The surrogate model is most often made by a Gaussian process [21]. The Gaussian
process describes the value of the objective function f(-) at any coordinates by a Gaussian
distribution. Hence, at each iteration j the value of the objective function at every coordinate

—

x; is entirely described by the mean of the distribution estimator f (xf) and its standard
deviation o

fe)

In order to provide the statistics of f (x{) Vi, j, the Gaussian process uses a function to
define the auto-correlation between every pair of coordinates. This function, also called a
kernel function, determines how precisely the Gaussian process can predict f(-) at specific
coordinates given the values already known.

The most used kernel functions are stationary and isotropic, meaning that the corre-
lation between two values of f (x}) and f(x}) only depends on the distance between x]
and x]2. This distance is often called the radius, and this class of kernels is known as radius
basis functions, noted k(7). As a correlation function, 0 < k(r) < 1Vr and k(0) = 1. We
also need a function that describes the increasing uncertainty as the distance grows from
the coordinates where f(-) has actually been evaluated. Common functions used are the
squared exponential and the Matérn kernel.

Even if these two functions (squared exponential and Matérn) have similar behavior,
the Matérn kernel parametrization allows to separate tuning of the smoothness of the
function and the maximum distance over which values remain highly correlated near a
known point, thanks to the additional parameter v. The Matérn kernel has the flexibility to
reduce the predictability close to previous evaluations, hence reducing the confidence in the
information yield by the measure locally, while at the same time conserving a comparable
correlation as a square exponential function at a greater distance.

Once the Gaussian process provides an initial statistical model of the objective func-
tion f(-), the Bayesian optimizer uses an acquisition function a(x) to identify the most
beneficial point for the next evaluation. The parameters of this acquisition function are
entirely determined by the current model. Because for VENUS both the Gaussian pro-
cess and the acquisition function are computationally simple to evaluate compared to
the evaluation of f(-), users can afford to choose robust optimizers that require a high
number of acquisition function evaluations to ensure the best possible next step is taken.
The acquisition function balances the need to evaluate the function near the expected
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maximum (exploitation) against the need to explore the parameter space in less-covered
areas (exploration). The common acquisition functions (a(x)) used in literature are the
expected improvement (EI), the probability of improvement (PI) and the lower confidence
bound (LB) [22,23]. These are defined below.

El: 0f(y)(u®(u) +P(u)) ()

with u = W and v is the exploration bias and o, the standard deviation of
the Gaussian distribution given by the Gaussian process regressor for f(.) at x.

Pl:cp(T_f/@> 3)
Tf(x)

where T is the target beyond which we wish to improve the current optimum

—

LB: f(x) — kog(y) 4)
where « is a tuning parameter determining the lower confidence bound.

®(-) is the cumulative density function and ¢(-) is the probability density function of
a variable ~ N (0,1). The expected improvement is particularly interesting because of the v
parameter that allows the user to adjust the balance between exploration and exploitation.

At every iteration of the optimization process, the Gaussian process provides statistics
about the objective function given the previous evaluations and the chosen kernel. The ac-
quisition function is then optimized and the objective function evaluated. The Gaussian
process is updated and the optimizer iterates. Bayesian optimization allows the user to
find the optimum of the objective function in fewer iterations/evaluations than other
optimization techniques [21].

4. Non-Invariant Dynamic Systems with Constraints

ECR ion sources are examples of non-invariant dynamic systems, which may need to
be re-optimized continuously. They also need to operate under certain constraints. The first
constraint considered, which we call the functioning constraint, is a lower boundary
threshold for the objective function. In the case of VENUS, the output beam current.
The second constraint, which we call the control constraint, is a constraint of stability.
For VENUS, this is taken as the relative standard deviation of the objective function
(beam current). In this work, we will consider the control constraint as independent of
the objective function, as the empirical evidence from observations on the source itself
does not show mutual information between the beam current and its standard deviation.
Bayesian optimization has been used to track the optimum of a time-varying objective
function [14] and the consideration of a functioning constraint in a static context has been
well studied in the literature and optimization methods respecting such a constraint have
been developed [15,16]. The specificity of our particular problem requires a method that
can both track the optimum of a time-varying function while taking into account the
functioning constraint, but also to take into account the additional independent control
constraint to keep the optimization safe.

4.1. Non-Invariant Dynamic Bayesian Optimization

In the dynamic case, because we need to find the optimum at each time sample t = £,
the problem becomes:
(x|t = te)* = argmax(f(x,t|t = t)) (5)

xeRP-1
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The problem is set in a space containing all D — 1 dimensions of x and one additional
dimension for time, but at every step, the goal is to optimize only the current time slice at
t = t. where t. is the current time.

In their work, Ref. [14], a Gaussian process with a time dimension and a dedicated
kernel function for time is used. The idea is to consider the time when the previous
evaluations have been made and transform this time into a distance which, with the
attenuation of the kernel, will weigh more heavily recent evaluations to give more accurate
information about the present distribution. At every step of the way, the Bayesian optimizer
tries to determine the optimum for the next sample. The optimization process is restricted
to the next sample, hence the present t = t.. For causality reasons, it is impossible to
evaluate f(x,t) for t # t. and only the previously evaluated values are accessible.

4.2. Lower Confidence Bounds and Constraints

Existing safe (safety in this context refers to limiting evaluations of the objective
function that do not meet the constraint requirements) optimization methods [15,16] are
considering a functioning constraint and build a set of previously allowed evaluations and
then determine a permissible space based on the lower confidence bound and the Lipschitz-
continuity principle to gradually extend the allowed exploration space. The optimized
lower-bound acquisition function is:

Xy = argmax (fn_l (x) + ﬁi/zafn,l(x)) (6)

XESy
where the subset Sy, is the allowed area determined by the ensemble of coordinates that are
sufficiently close to a known evaluation point that is above the threshold . [S}/ 2, as shown
in [16], is an optimized «x calculated taking the functioning risk (of evaluating the system

under the threshold) into account. In [16], B, is defined as:
Bn = 2B +300y,log>(n/6) 7)

where ¢ is the allowed risk to fall under the functioning threshold, B is a bound on the
Reproducing Kernel Hilbert Space norm of the objective function [24] and 7, is the degree
of freedom associated with the kernel function [16].

The subset S, is defined mathematically as:

Sn= | {¥€D|li(x)—Ld(x,x") > h} (8)

XES,_1

where [,,(x) is the confidence bound at x, L is the Lipschitz constant and d(-) is a dis-
tance function.

This approach gives very good results in a static system, but in a dynamic system,
f(x,t;) # f(x,t;) and a coordinate x evaluated at an instant #; may not be above the
functioning threshold anymore at a later time ¢;.

4.3. Proposed Method for Dynamic Optimization with Constraints

The alternative that we propose is to determine the safe area where the time interval
between iterations becomes important due to the time-varying behavior of the objective
function, based on the statistics given by two dynamic Gaussian processes at the current
time ¢, one for the functioning and one for the control constraint, by using the time kernel.
Both the objective function and the constraint function are considered black boxes We use
the expected improvement in this new subspace at every iteration to determine the next
sample. We can determine /, the threshold under which the objective function is considered
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undesirable in terms of the functioning constraint. In this case, we can write the associated
probability as:

2
[t 1 1 y—f(xt)
P(f(x,tc) > h) = /y:a \/Z?Uf(x,tc) exp | —5 (‘Tf(x,tc) dy, )

where f(x, t;) and Of(xt) are the statistics given by the Gaussian process associated with
f(.) at the coordinates x and time ¢ = t..
We can proceed analogously with the control constraint, in our case the stability measure:

—\ 2
Y A 1 1 y—g(x te)
P(g(x tc) <ac) = /y o VErogn exp | —5 <U dy, (10)

g(xte)
with g(-) being the independent control function that does not need to be optimized but is
required to stay below a certain threshold, ..

Having both P(f(x,t) > h) and P(g(x,t) < a.), we define 7 and . as the associated
maximum acceptable risks of sampling in an undesirable or unsafe area.

With these probabilities defined, the safe-mode acquisition function a(x) becomes:

Asafe(X) = a(x) X Lp(p(xysh)>(1-7) X Lp(g(x)<ac)>(1-7c)r (11)

which with the expected improvement acquisition function a(x) gives:

Asafe(X) = Op(x) (P (1) + P(1)) X Lp(f(x)5a)>(1-7) X Lp(g(x)<ac)> (1) (12)

This new approach is what we call the Non-Invariant Dynamic Systems Optimizer
(NIDSO) from here forward. A pseudo-code of NIDSO is available Appendix A. If the
acceptable risks are too restrictive, there will be more cases where no solutions are found
and where the method switches back to a standard Bayesian optimizer and optimizes a
instead of ag,, for the current iteration. The search for the maximum of the acquisition
function, in addition to avoiding local minima, has to deal with the discontinuities and null
areas introduced by the indicator. Because the acquisition function is light to compute, this
can be addressed by a large number of initializations. The system itself (VENUS) transitions
very slowly in comparison to the computation time required for the acquisition function.

4.4. Adaptation of the Optimized Lower Confidence Bound to a Dynamic System

In order to be able to compare NIDSO to the Lower confidence bound method pre-
sented in [15], we adapted it so it would only consider the added time dimension that is
not included in the original version. S, is then modified as follows:

Sn(te) = U {x" € D|l,(x)— Ld(x,x") > h} (13)

XESy 1m-T-1

where previous safe samples are removed from the set after a period T.

5. Application to Synthetic Data

In this section we will compare the performances for three methods: first, a standard
Bayesian optimizer operating on a dynamic system [14] (Std-BO), second, the adaptation of
the Lower-Bound method to dynamic systems with an additional control constraint [15]
(LB-BO), and, third, the method we developed based on the modification of the acquisition
function by two indicator functions determining where queries are safe, NIDSO. In order
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to compare the methods, four criteria are considered: the efficiency, the global failure rate,
the optimization failure rate, and the control failure rate. The efficiency is determined by
comparing the actual yield to the yield along the optimum path Y, Eff(t) = ¥, %
where x} are the coordinates of the stable optimum at time ¢. The global failure rate is the
percentage of evaluations of the function that either are under the functioning threshold
(f(x,t) < h) or, at which the control function is over the stability threshold (g(x,t) > ),
or both. The global failure rate is divided into the optimization failure rate and the control
failure rate. When f(x,t) < a or g(x,t) > a., weset Eff(t) = 0.

The simulated data is generated to mimic the behavior that we observe based on the
data collected from the VENUS ion source. With a moving optimum and the possibility
of local maxima and very low values of the beam current (objective function), f(x,t) is
defined as a series of randomly generated positive and negative 2D Gaussians. Regions of
instability, ¢(x, t), are also modeled and generated by a series of positive 2D Gaussians.

5.1. Example of the Methods Behavior

In the following, one example case is taken to demonstrate the behavior of the three
models under consideration. In this scenario, each method tries to find the x that maximizes
f(x,t) for every value of t while only having access to the previous evaluations of the
function. The results are shown in Figure 1. The surface shows the location of the maxima
as well as the areas that are forbidden either because the objective function values are under
the functioning threshold, or control function values which exceed the control threshold.

10+

e Std-BO

x LB-BO

+» NIDSO

e Best-Path

+ unstable
Too-Low

fix, t)

Figure 1. Optimizations of a single parameter, x, of the objective function f(x,t). The objective
function is represented by surface contours that vary with time ¢, while unstable areas are indicated
in black and regions below the functioning threshold are yellow (labeled too low). The bottom right
corner shows a 3D representation of f(x, t) as a visual aid of the exploration space.
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In Figure 1, the three methods begin their optimizations at t = 0 and for each of
the 1000 time steps all three optimizers work to stay as close as possible to the maxi-
mum (thick black markers labeled Best Path) by optimizing following x at every given t
x* =argmax(f(x,t = t;)). At every time, the optimizers only know their own past evalua-

tions (loxirer values of t). At time t = 0, all the methods initialize close to a local optimum
for x, but the function value drops at this location as time advances, the methods start
exploring to find a new optimum. Around ¢ = 200 there is an area where the high values
of x (~7) correspond to f(x,t) under the functioning threshold, but all three methods
manage to limit evaluations in that area. The area where the control function exceeds the
control threshold around ¢t = 300 and x = 3 is also avoided quite well. While the standard
Bayesian optimizer takes time to recover and find the new optimum around ¢ = 600, LB-BO
and NIDSO find it as soon as it is no longer in the out-of-control area. When the second
out-of-control area appears between f = 800 and t = 900, both the standard Bayesian
optimized and the LB-BO have trouble avoiding it. Indeed, the mitigation of the control
function in the case of LB-BO is outweighed by the high value of the objective function.
There is some exploration to find other solutions at the beginning of this region when
the objective function is not as high, but LB-BO rapidly provides solutions that are in the
out-of-control area. While it is possible to give more weight to the control function in the
penalization of LB-BO, which would result in a better avoidance of out-of-control areas, this
would ultimately make it harder for it to find an optimum that is close to an unstable region.
NIDSO, on the other hand, despite a few queries in the out-of-control area, maintains its
solution almost exclusively on the edge of the acceptable area.

Figure 2 shows the values taken by the objective function as a function of time com-
pared to the optimal path. We can observe that LB-BO and NIDSO follow a path closer
to the optimum than the standard Bayesian optimizer. LB-BO and Std-BO show very few
values between t = 600 and t = 800 because they are tracking too closely the optimum of
the objective function, despite the fact that this region is an out-of-control area. NIDSO,
on the other hand, does a good job avoiding this area and staying as close as possible to the

best solution.

Optimization without unstable evaluations

5td-BO
1.75{ x LB-BO .
« NIDSO i
1.501 —— Best path ,:
— 1.25 i
::. i" *
X 1.00] I
= o
S 'J
é 0.75 y
x 0.751
S 4
0.501
i * LR
0.25 1 ; . b AR
s S . "-r;;g‘
t** e “tt
0.001 "
0 200 400 600 800 1000

Figure 2. Evaluations of the objective function of the different methods along time on the problem

presented in Figure 1.
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Figure 3 shows how the different methods managed to stay out of the areas considered
as unstable. In the first area from ¢ = 150 to t = 350, both LB-BO and NIDSO sample in the
unstable region, while the Std-BO is so far from the optimal area that it is not impacted.
This first unstable area is difficult to avoid because the values of the objective function in
stable regions are quite low. The second unstable area between t = 600 and ¢ = 800 is right
where the optimum of the objective function is, and it makes it almost impossible to avoid
for 5td-BO and LB-BO methods, while NIDSO finds acceptable solutions at the edge of the
unstable area almost the entire time.

Stability measure

1.0 ) < Std-BO X

x  LB-BO x
* x  NIDSO
————— Stability threshold &

150

100

ul
o

N of violations

0 200 400 600 800 1000
t

Figure 3. Evaluations of the control function of the different methods along time on the problem
presented in Figure 1.

5.2. Quantitative Tests

Expanding on Section 5.1 we are interested in global statistics evaluating the perfor-
mances of the different methods. Their tuning is optimized to give similar control failure
rates and then tested on a different series of random scenarios similar to the one presented
in Section 5.1. The NIDSO kernel parameters for these tests are (length = 0.1, smoothness =
1.5), and the exploration exploitation trade-off is v = 0.5. For LB-BO, the kernel parameters
are the same and S, is adjusted in each case to have a similar control failure rate as NIDSO.

Figures 4 and 5 show the results in terms of efficiency and failure rates of the three
methods on 100 random generations of scenarios per point, where each scenario contains
1000 time samples. In the scenarios summarized in Figure 4, we generated 5 positive Gaus-
sians with random locations and random widths to set the maxima and a varying number
of negative Gaussian distributions with random location and width which depresses the
objective function under the functioning threshold. The control function in these cases is
set by 3 Gaussians with random locations and widths that determine the area considered
as unstable.
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Both LB-BO and NIDSO presented here improve on the results provided by a standard
Bayesian optimizer that does not take into account the functioning threshold and control
function. The results of LB-BO and NIDSO show higher efficiency with lower failure
rates.The results presented in Figure 4 are summarized in Table 1. LB-BO and NIDSO
are tuned to have similar (less than 1.5% difference) control failure rates (bottom plot in
Figure 4). This is confirmed by the Student test results presented in Table 2 where the mean
of LB-BO and NIDSO control failure are almost identical. From these results, it is evident
that the efficiency of NIDSO is always higher, while the optimization failure rate increases
more slowly with the increase in the number of negative Gaussians in the objective function.
This shows a more robust performance relative to the number of low-value areas in the
objective function.

Table 1. Efficiency and failure rates of the compared methods with a various number of optimization
wells and three areas out-of-control. In each case, the best performances are in bold text and the worst
are in shaded cells.

Efficiency StdBO LB-BO NIDSO GlobalFail StdBO LB-BO NIDSO

1 Opt Well 0.43 0.57 0.66 0.15 0.12 0.11
3 Opt Well 0.44 0.57 0.63 0.19 0.16 0.12
5 Opt Well 0.43 0.55 0.65 0.22 0.18 0.13
7 Opt Well 0.43 0.55 0.59 0.24 0.19 0.14
9 Opt Well 0.43 0.53 0.63 0.27 0.22 0.15
Optim Fail StdBO LB-BO NIDSO Control Fail StdBO LB-BO NIDSO
1 Opt Well 0.01 0.009 0.001 0.14 0.12 0.11
3 Opt Well 0.04 0.04 0.008 0.15 0.13 0.11
5 Opt Well 0.07 0.05 0.01 0.16 0.14 0.12
7 Opt Well 0.10 0.07 0.02 0.15 0.13 0.12
9 Opt Well 0.14 0.10 0.03 0.16 0.13 0.12

In the scenarios considered for Figure 5, the number of negative Gaussians in the
objective function is fixed to 9, while the number of positive Gaussians in the objective
function is still 5. The difference in performance between the methods increases with the
number of negative Gaussians. In these scenarios, the number of Gaussians of the control
function is varied. As before, the LB-BO and NIDSO methods outperform the Std-BO.
We can observe that the optimization failure is approximately constant this time as the
number of negative Gaussians to avoid is always the same, but the optimization failure rate
of NIDSO is around 3%, where LB-BO has an optimization failure rate of approximately
9%-this difference explains the gap in performance on the global failure rate. The efficiency
of NIDSO is also approximately 10% better than what LB-BO achieves. It is important
to note that LB-BO improves on the Std-BO even though it was not meant to solve this
type of problem and that we had to adapt it with Equation (13) to face the new challenges
of a dynamic system and an external constraint. The results presented in Figure 5 are
summarized in Table 3.

Student T-tests on the significance of the Table 1 results are presented in Table 2.

Student T-tests on the significance of the Table 3 results are presented in Table 4.
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Table 2. p value of student T-test on sample used to calculate the Efficiency and failure rates of the
compared methods with a various number of optimization wells and three areas out-of-control.

Efficiency  StdBO =NIDSO LB-BO=StdBO NIDSO = LB-BO (;’:L‘:}’ StdBO = NIDSO  LB-BO =StdBO NIDSO = LB-BO
1 Opt Well 1x10718 1x 10712 2x107° 4x107* 0.01 0.1

3 Opt Well 3x10713 2 x 10712 2x1073 4x10°8 5x 104 7x 1075

5 Opt Well 3x1071° 1x10713 3x10°¢ 3x 1071 9x107° 2x1077

7 Opt Well 3 %1077 3 x 10712 5x 1073 4x10°1 1x107° 9 x107°

9 Opt Well 1x107Y 2 x 10712 2 x 1077 6 x 1072 4x1077 2 x 1077
OptimFail StdBO =NIDSO LB-BO=StdBO NIDSO = LB-BO (li‘;‘lt StdBO =NIDSO LB-BO =StdBO NIDSO = LB-BO
1 Opt Well 7 %1078 0.5 2x 1074 2x1073 0.01 0.37

3 Opt Well 7 x 1072 0.3 2x1078 7 x107* 0.01 0.17

5 Opt Well 4x107% 0.01 3x10°1 1x 1075 4x1073 0.04

7 Opt Well 3x107% 9x10°° 4x10718 1x1073 1x1073 0.64

9 Opt Well 2x 1074 4x107° 4x107% 1x1074 1x1074 0.58

Table 3. Efficiency and failure rates of the compared methods with a various number of out-of-control
areas and nine optimization wells. In each case, the best performances are in bold text and the worst
are in shaded cells.

Efficiency StdBO LB-BO NIDSO GlobalFail StdBO LB-BO NIDSO

10C 0.48 0.59 0.68 0.19 0.13 0.06
20C 0.45 0.55 0.62 0.24 0.18 0.11
30C 0.43 0.52 0.63 0.28 0.22 0.15
4 0C 0.41 0.51 0.57 0.31 0.25 0.17
50C 0.39 0.47 0.56 0.35 0.29 0.22
Optim Fail StdBO LB-BO NIDSO Control Fail StdBO LB-BO NIDSO
10C 0.14 0.1 0.03 0.06 0.04 0.04
20C 0.14 0.1 0.03 0.11 0.09 0.09
30C 0.14 0.1 0.03 0.16 0.13 0.12
40C 0.14 0.1 0.03 0.21 0.17 0.15
50C 0.14 0.1 0.04 0.25 0.21 0.19

Table 4. p value of Student T-test on sample used to calculate the Efficiency and failure rates of the
compared methods with nine optimization wells. Bold values mark where the T-test fails.

Efficiency StdBO=NIDSO LB-BO=StdBO NIDSO =LB-BO %‘:}’ StdBO =NIDSO LB-BO=StdBO NIDSO = LB-BO
10C 6x10715 2x 10715 1x10°* 3x 10731 6x1077 1x10"1
20C 3x 10713 1x 104 1x10°3 4x10°2% 1x10°8 2x1077
30C 1x10°1 2x10°12 2x1077 6 x 10~ 4x1077 2x107?
40C 5x 1013 1x10°11 1x1073 1x10°2 4x10°8 2x10°8
50C 2x10°15 9x 101 1x1075 2x10°20 2x10°8 2x1077

Optim Fail StdBO =NIDSO LB-BO=StdBO NIDSO = LB-BO i‘;‘lt StdBO =NIDSO LB-BO =StdBO NIDSO = LB-BO
10C 8 x 1074 1x1077 1x 102 1x1073 0.01 0.30
20C 1x10~4 9x 1077 4x10724 2x1073 7 x107° 0.98
30C 2x 1074 5x107° 4x10720 2x10% 1x10°4 0.58
40C 4 %1038 9x 1077 2 x1071° 2x10°° 1x10°° 0.17
50C 9x107% 1x1077 2 x10718 4x10°° 2x107° 0.26
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Tables 2 and 4 show that the samples used on the comparatives test in this study have
significantly different mean values under a Student t-test with a risk of 5%. Some exceptions
can be noted in Table 2: The global fail rate of NIDSO and LB-BO are not differentiable with
1 optimization well. This is due to the fact that the Optim fail rate is very low compared to
the control fail rate in this case, and the control fail rate of both methods has been calibrated
to match in mean value. Another exception is for 1 or 3 optimization, where it is impossible
to differentiate the performances of LB-BO and StdBO in terms of optimization failure, and
this is consistent with the results observed in Figure 4. In both tests, control rates of NIDSO
and LB-BO are not differentiable because the two methods have been tuned to have similar
control failure rates, allowing an easier comparison of the base of efficiency results.

6. Summary and Conclusions

Non-invariant systems with control constraints can be challenging to optimize while
achieving optimal performance and maintaining good control at the same time. In this
paper, we presented a novel method based on Bayesian optimization for dynamic systems
under control constraints. For this class of problems, which include the operation of ECR
ion sources, we have proposed the Non-Invariant Dynamic System Optimizer (NIDSO)
which determines the acceptable solution space as a priority and shows the best results
in terms of low failure rate both for control and optimization, but also in terms of high
efficiency overall. The conducted performance and significance tests show that NIDSO
significantly outperforms the preexisting methods it is compared to. NIDSO is also easy to
tune, since aside from the meta parameters of the Bayesian optimizer, one only has to set
up the thresholds and the acceptable risk limits. NIDSO has been used for the optimization
of VENUS and showed improvement both in the speed to reach the maximum of the beam
and in avoiding instabilities. The tests so far have been conducted on a time period of a
few hours, which is too short to observe the drift due to the non-invariance of the source.
Future tests will be able to quantify the improvement of the system maintained stable and
optimized over a few days. These tools should provide new possibilities of automated
control of non-invariant black box systems such as ECR ion sources, but can also provide
interesting solutions in other automated control applications for fields like robotics.
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Abbreviations

The following abbreviations are used in this manuscript:

ECR Electron Cyclotron Resonance

Std-BO  Standard Bayesian Optimizer

LB-BO  optimized Lower-Bound Bayesian Optimizer
NIDSO Non-Invariant Dynamic Systems Optimizer
LBNL  Lawrence Berkeley National Laboratory
FRIB Facility for Rare Ion Beams
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EI Expected Improvement
PI Probability of Improvement
LB Lower Confidence Bound

Appendix A. NIDSO Pseudo-Code

Algorithm A1 NIDSO Pseudo-code

T Xg — U[%;l[

: Output: xg
: Input: fo < f(xo, i’o)
: Input: go < g(XO, to)
n=20
: Klen = 0.1 Kernel Length
s = 1.5 Kernel smoothness
v = 0.5 Exploration exploitation trade off
: while System runs do
GPO < Gaussian Process Regressor of f over x and ¢
GPC < Gaussian Process Regressor of g over x and ¢
Optimize ag,7, On x at £, current time
if argmax(ag s, (x)) is Defined then
x,t=tc

14: Xpi1 < argmax(asgg.(x))
x,t=tc

O N Ul A W N =

e N e
@ NP2

15: else

16: Xpt1 < argmax(a(x))
x,t=tc

17: end if

18: Output: x4 1

19: thy1 < fc

20: Input: f, 11 < f(xp41,tns1)

21: Input: g,,11 < g(xn+1r tni1)

22: n<n+1

23: end while
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