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Abstract— We demonstrate the recent designs of safe
extremum seeking (Safe ES) on the 1-km-long charged particle
accelerator at the Los Alamos Neutron Science Center (LAN-
SCE). Safe ES is a modification of extremum seeking (ES) which,
in addition to minimizing an analytically unknown cost, also
employs a safety filter based on an analytically unknown control
barrier function (CBF) safety metric. Tuning is necessitated by
accelerators being large complex systems, with many drifting
parameters due to thermal effects and degradation. At the same
time, safe operation (the maintenance of state constraints) is
crucial, as damage brings astronomical costs, both financially and
in operation downtime. Our measured (but analytically unknown)
safety metric is the beam current. We perform multivariable
Safe ES on three accelerator applications, in which we adapt 4,
6, and 3 magnet strength parameters, respectively. Two of
the three applications are for validated simulation models of
beamlines at LANSCE: the first for the proton radiography
(pRad) beamline of 800-MeV protons for spot size tuning; the
second on a high-performance code, HPSim, for tuning the
low-energy beam transport (LEBT) region that contains a beam
of 750-keV protons. The third is an experimental tuning of the
steering magnets in the LEBT at LANSCE.

Index Terms— Optimization, particle accelerators, particle
beam handling, robust control, safety, time-varying systems.

I. INTRODUCTION

AT LOS Alamos Neutron Science Center (LANSCE), the
800-MeV proton linear accelerator (linac) requires weeks

of tuning every year following an outage during a mainte-
nance period, as well as hundreds of hours of tuning during
operation, due to unknown drifting of components along the
approximately 1-km beamline. It is often not possible to
use a simulation tool or a model to tune the accelerator
offline, due to the complexity of the system and because
the system changes with time. Therefore, there is a need for
real-time optimization of parameters such as magnet strengths,
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radio frequency (RF) cavity phases, RF cavity amplitudes,
steering devices, and so on, to correct the beam toward optimal
performance. In this article, we consider beam loss to be our
measure of safety, as it arises often in scenarios relating to
machine safety. Furthermore, it can easily be measured in the
form of beam current. One may also consider other accelerator
applications with a different measure of safety (or unknown
constraint) like power draw or radiation level.

In this work, we use a novel modification of extremum
seeking (ES) called safe extremum seeking (Safe ES) to solve
the problem of safe optimization or constrained optimization.
The motivation for our use of Safe ES is the combination
of complexity and lack of diagnostics in challenging charged
particle beam tuning tasks in high-energy accelerators. The
need for a safe tuning algorithm is clearly demonstrated by
the beam power of the LANSCE accelerator, which reaches
800 kW, a factor of 80 greater than a typical welding torch.
Such a powerful charged particle beam, if not safely and
carefully controlled, can instantly burn a hole in the beam pipe
of a particle accelerator, destroying the high vacuum system
and irradiating nearby components.

In this work, we focus on two very important sections of
the LANSCE accelerator, low-energy beam transport (LEBT)
near the front end of the accelerator and the proton radiography
(pRad) facility experimental beamline at the very end of the
accelerator.

Almost all large particle accelerators have LEBT sections
in which the phase space (the collection of positions and
velocities of all charged particles) of a relatively low-energy
beam is first shaped and refined before it is accelerated to
high energies in subsequent acceleration sections. The LEBT
sections of accelerators are some of the most difficult to tune
and control because low-energy beam dynamics are dominated
by complex collective effects such as space charge forces,
which become much less relevant as the beams are accelerated
to highly relativistic energies.

Our in-hardware demonstration of the Safe ES approach
takes place in the LEBT section of the LANSCE accelerator
which is shown in Fig. 1. The LEBT is directly after the
accelerator’s beam source and transforms the 750-keV H−

ion beam from a continuous stream of particles into a roughly
600-µs long beam of individual bunches of ions that are
each separated by approximately 5 ns. The bunched beam
then enters the first resonant structures of the linac with the
∼5-ns bunch-to-bunch spacing matching the period of the
201.25-MHz resonant electromagnetic fields for subsequent
acceleration up to 800 MeV. Tuning of the LEBT region is
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crucial for LANSCE operations because it sets the initial
conditions of the beam that define the rest of the beam
transport. Tuning in the LEBT is also challenging because of a
lack of diagnostics and because the beam has very low kinetic
energy and is very space charge dominated, resulting in a halo
of particles around the beam which intercepts the beam pipes
and accelerator components. We demonstrate experimentally
that multivariable Safe ES, adapting three steering magnet
strengths, proved useful in recovering the safe operating con-
dition of the LEBT region.

We also demonstrate the Safe ES approach via a simulation
study of the pRAD experimental facility at LANSCE which is
used to characterize the behavior of high explosives, materials
under high strain rate, and probe the 3-D density of objects [1].
Under normal operation of pRAD, beam operators view CCD
cameras that are pointed at phosphor screens inside the beam
pipe. The screens, located at various points along the beamline,
illuminate when impacted by the beam, showing its spot size.
Daily, several magnet strengths must be manually tuned such
that the beam is appropriately sized at one or more of the
screens. We show how Safe ES can shape the beam quickly
and automatically while maintaining safe conditions as defined
by low beam loss.

Safe ES, like classical ES, is 1) real-time; 2) easily imple-
mentable; and 3) computationally simple. Yet, it can handle
an unknown constraint which may be approximately main-
tained throughout tuning. It minimizes an unknown objective
function J (θ), over the parameters θ , while also ensuring that
some measure of safety h(θ) is kept positive. Therefore, our
algorithm approximately solves the following problem:

min
θ(t)

J (θ(t)), s.t. h(θ(t)) ≥ 0 for all t ∈ [0,∞) (1)

where h and J are directly measured signals or are constructed
from directly measured signals, but are analytically unknown.
We say that we solve the above problem “approximately”
because ES (and Safe ES) fundamentally relies on approximat-
ing the gradient of unknown functions. Violations of the safety
of the system may be made arbitrarily small (or zero in some
cases) by appropriately choosing design constants. The design
of h is then especially useful in this regard as one may design it
such that it provides a “soft” limit on the safe signal of interest.
For example, if some safe signal s(t) ∈ [0, 1] must never go
below 0.5, then one may conservatively design h = s(t)−0.6 if
one is sure that the chosen small perturbation signal and
transient of the ES scheme will not cause a deep excursion
of θ (a change in h more than 0.1) into unsafe territory.
To prevent catastrophic failure of a system in practice, one
would implement a higher-level controller to shut down the
system once h is sufficiently negative. At LANSCE, high-level
systems like this will kill all beams if radiation levels spike
or beam current is lost to a large degree.

We require the optimization to be done such that a trajectory
remains practically safe for all time, or during the entire
length of the tuning episode. Methods such as particle swarm
optimization and genetic algorithms cannot be applied to such
scenarios unless a modification is made to ensure that the
violation of the trajectory into an unsafe region does not occur.

Note that we can indeed describe particle accelerators as two
unknown, time-varying static maps J (θ(t), t) and h(θ(t), t).

We imagine that for given parameters θ at time t , we instantly
receive a reading of both J and h. This is true in many
cases when tuning accelerators, as we are not able to do any
feedback while the beam is traveling near the speed of light
through the beampipe. We assume that only after the beam
has completed its journey, will we have measurements of J
and h, after which time, we can perform the update to the
parameters θ . Additionally, oscillations introduced by the ES
scheme are, therefore, considerably slower compared to the
dynamics of the plant/accelerator and do not interfere with its
operation. The oscillations that we are introducing are chang-
ing the voltage or current set points of power supplies which
result in changes in the magnetic fields of electromagnets, they
are not mechanical oscillations and therefore do not wear out
any components.

II. LITERATURE OVERVIEW

A. Extremum Seeking

This work is based on [2] and more design changes and
analysis in [3]. The theory of this algorithm is predicated on a
classical form of ES [4], [5] and the underlying design of the
dynamics is based on the QP safety formulation [6]. We have
designed this algorithm such that we do not require the metric
of safety to be known, but only measured. The analysis of
the presented design is based on [7], preceded by notable
papers [8], [9] proving semi-global practical asymptotic (SPA)
stability.

Constrained ES has been proposed in similar settings
[10], [11]. In [12], ES is blended with “boundary tracing,”
using concepts from linear programming. ES-based algorithms
are presented in [13], which can handle both known equality
and inequality constraints, modeling dynamics in evolutionary
game theory. ES has been used not only in accelerator appli-
cations recently, but also more broadly in automotive [14],
games [15], medical applications [16], [17], and more.

ES algorithms are often classified as a form of “adaptive
control” in the field of control theory, as it is a way to
adapt a set of parameters to optimize an unknown, slowly
drifting objective function. The concept of a “barrier” [6] or
safe “boundary” used in the field of “safe control” is used
throughout this article and can be thought of as the boundary
of the “safe set” C = {θ ∈ Rn

: h(θ) ≥ 0}.

B. Accelerator Tuning and Optimization

The Nelder–Mead simplex method [18] and ML-based
methods have been used to tune accelerators [19]. ES has been
studied in simulation for accelerator applications [20] and was
first used experimentally in an accelerator tuning problem to
minimize an objective function [21]. Since then, a bounded
form of ES with guaranteed limits on parameter update
rates [22] has been used extensively in several accelerator
applications for free-electron laser energy maximization [23],
electron beam trajectory control [24], real-time multiobjective
optimization [25], and for beam loss minimization [26].

Recently, various machine-learning (ML)-based methods
have been developed for control and optimization of particle
accelerator beams [27]. Bayesian optimization has become a
popular tool in tuning and, in some cases, has been used
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Fig. 1. Diagram of Line B of the LEBT containing many components including current monitors, bending magnets, steering magnets, focusing magnets,
bunchers, and more. Line B delivers H− beam to the first tank of the DTL. Line A, shown partially in the top quarter of the image, delivers H+. In Sections IV-B
and IV-C, we tune several components in this section of the accelerator.

to design safety-aware tuning algorithms [28], [29], [30].
Bayesian optimization (and methods based on it), unlike ES,
constructs a probabilistic estimate of the unknown functions,
in the form of a Gaussian process (GP), and determines a new
point to sample based on the fit function. Neural networks
(NNs) have been used as surrogate models for magnet con-
trol [31] and for simulation-based optimization studies [32].
NNs are also being used for uncertainty-aware anomaly detec-
tion to predict errant beam pulses [33], as virtual diagnostics
for 4-D tomographic phase space reconstructions [34], for
predicting the transverse emittance of space charge dominated
beams [35], and for high-resolution longitudinal phase space
virtual diagnostics [36]. NN-based deep reinforcement learn-
ing (RL) methods have been used for accelerator control [37],
and in a sample efficient manner, which trains a policy based
on data at two beamlines at CERN [38].

Although many ML-based tools have been developed, they
all suffer major limitations when it comes to time-varying
systems. If a system changes then NN, GP, and RL methods
all require new data for retraining of their models to be
applicable for accelerator control. This major limitation is
overcome by adaptive model-independent methods such as
ES. Adaptive ML frameworks combining ES with NNs have
been demonstrated to extend the use of ML for time-varying
systems. ES-based adaptive ML has been demonstrated for
automatically shaping the longitudinal phase space of short
intense electron beams in the LCLS FEL [39] and for cre-
ating virtual 6D diagnostics of time-varying charged particle
beams [40], [41].

In all the methods described above, including those using
ES, the approach to safety has been some expert-based com-
bination of setting hard bounds on allowed parameter values,
adding additional terms to the cost function, and algorithm
hyperparameter tuning. The Safe ES method we demonstrate
in this article reduces the amount of required hyperparameter
tuning and removes the manual design of a tradeoff between
safety and optimization which depends on the weights given to
safety-related cost function terms relative to objective-related
cost function terms. For example, in the real-time multiobjec-
tive ES optimization application in [25], while the objective
was beam spot size minimization, the safety-related term in the

cost function was the beam’s distance from a desired reference
trajectory, and there was a tradeoff between the two depending
on the weights. In the approach here, practical safety is always
enforced.

III. ALGORITHM

The goal of our Safe ES algorithm is to approximately solve
the problem in (1) where θ ∈ Rn and J, h : Rn

→ R. In this
section, we present the algorithm itself, a basic intuition behind
the design, and a summary of the theoretical guarantees.

A. Algorithm Dynamics

We will first introduce the set of differential equations
describing the multivariate Safe ES algorithm which is sum-
marized in Fig. 2. Given the static maps J : Rn

→ R and
h : Rn

→ R, we define the algorithm dynamics as

˙̂
θ = kω f

(
− G J + min{||Gh ||

−2, M+
}

max
{
GT

J Gh−cηh, 0
}
Gh

)
(2)

Ġ J = −ω f (G J − (J (θ̂(t) + S(t)) − ηJ )M(t)) (3)

η̇J = −ω f (ηJ − J (θ̂(t) + S(t))) (4)

Ġh = −ω f (Gh − (h(θ̂(t) + S(t)) − ηh)M(t)) (5)

η̇h = −ω f (ηh − h(θ̂(t) + S(t))) (6)

where the state variables θ̂ , G J , Gh ∈ Rn and ηJ , ηh ∈ R.
The overall dimension of the system is 3n + 2. The maps are
evaluated at θ is defined by

θ(t) = θ̂ (t) + S(t). (7)

The integer n denotes the number of parameters one wishes to
optimize over. The design coefficients are k, c, δ, ω f , M+

∈

R>0. The perturbation signal S and demodulation signal M
are given by

S(t) = a [sin(ω1t), . . . , sin(ωn t)]T (8)

M(t) =
2
a

[sin(ω1t), . . . , sin(ωn t)]T (9)

and contain additional design parameters ωi , a ∈ R>0 for all
i ∈ {1, . . . , n}.
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B. Design

The tuning parameter vector, θ , is imparted with gradient
descent dynamics acting on the objective function and gradient
ascent dynamics acting on the safety function

θ̇ =kω f (−G J︸ ︷︷ ︸
Gradient Descent of the Objective

+

Gradient Ascent of the Safety︷ ︸︸ ︷
AGh) + Ṡ(t)︸︷︷︸

Exploration Signal

. (10)

The quantity A is a nonnegative, state-dependent, scalar func-
tion defined as

A := min{||Gh ||
−2, M+

} max{GT
J Gh−cηh, 0} ≥ 0 (11)

≈
max{∇ J (θ)T

∇h(θ)−ch(θ), 0}

∇h(θ)2 . (12)

It turns “on/off” to determine whether to consider safety
and how much to consider it. Note that ηJ , ηh, G J , Gh are
estimator states which are meant to converge close to the true
quantities J, h, ∇ J, ∇h.

To understand the design of A, consider the case when
the true quantities are known and there is no need for the
exploration/perturbation signal. So,

θ̇ (t) = u (13)

for θ and u in n-dimensions. If we consider the gradient
descent term u(θ) = −∇ J (θ) to be the nominal controller,
we can employ the formulation given by a QP [6], [42] to
find an additive safety term which, when combined with the
nominal, yields a provably safe controller (i.e., the safe set
{h(θ) ≥ 0} is said to be positively invariant). The safety aware
control law is us = −∇ J (θ) + ū, and ū is given by the QP

ū = arg min
v∈Rn

||v||
2 (14)

s.t. ch(θ) + ∇h(θ)T (−∇ J (θ) + v) ≥ 0 (15)

for some positive constant c. It was shown that there is an
explicit solution for ū

ū(θ) =
∇h(θ)

||∇h(θ)||2
max{∇h(θ)T

∇ J (θ)−ch(θ), 0}. (16)

It can now be seen that ū(θ) ≈ A∇h(θ) ≈ AGh .

C. Theory

For the convenience of the reader, in this brief section,
we include theoretical results guaranteed by the safe ES
controllers that we implement. These theoretical results are
imported from [3], a conference paper exploring the theory
shown here. Their presence in this article lends some clarity
and precision about what we aim to attain in our experimen-
tal and simulation tests, which is (theoretically semi-global)
“practical” safety and stability.

Safe ES has a number of desirable properties, the most
notable of which is practical safety. Another desirable property
is that the control law is smooth, and trajectories avoid
crashing into an unsafe region without first trying to skirt
around them while they are some distance away. Additionally,
the formulation of the QP in (14) and (15) guarantees that
the modification to the nominal control always yields the final

control law smaller than the nominal (us ≤ u), for h > 0. This
is a practical benefit for the control designer who must choose
the design parameters such that the adaptation dynamics, given
in the right-hand side of (2), must be made sufficiently small
for stability purposes. Yet another benefit is that when the
trajectory starts in the unsafe region (h < 0), the value of h is
guaranteed to monotonically increase in time (provided certain
assumptions like the gradient of h does not vanish), escaping
to more safe parts of the state space.

Suppose J has a unique constrained minimizer on the set
{θ : h(θ) ≥ 0} given by θ∗

c . We define

θ̃ := θ̂ − θ∗
c (17)

z :=
[
GT

J , ηJ , GT
h , ηh

]T
− µ

(
θ̃ , a

)
(18)

D
(
θ̃ + θ∗

c
)

:=
[
∇ J

(
θ̃ + θ∗

c
)T

, J
(
θ̃ + θ∗

c
)
,

∇h
(
θ̃ + θ∗

c
)T

, h
(
θ̃ + θ∗

c
)]T (19)

µ
(
θ̃ , a

)
:= D

(
θ̃ + θ∗

c
)
+ O(a). (20)

The following theorems state the general convergence and
safety properties of the Safe ES algorithm implemented in this
work. Under mild assumptions on the objective function J and
the safety/barrier function h, we have shown the following two
theorems in [3]. We give the assumptions below along with the
main theoretical guarantees.

First, we define

C = {θ ∈ Rn
: h(θ) ≥ 0} (21)

called the “safe set.” We also define the notation of a superlevel
set of h, parameterized by the parameter ρ ≤ 0 as

Cρ = {θ ∈ Rn
: h(θ) ≥ ρ, ρ ∈ Im(h) ∩ R≤0}. (22)

The sets of the form Cρ always contain C along with some
unsafe region given by ρ, a nonpositive value in the image
of h.

Assumption 1 (Objective Function Conditions): The objec-
tive function J : Rn

→ R is continuously differentiable with
locally Lipschitz Jacobian and satisfies:

1) θ∗
c ∈ C is the unique constrained minimizer of J on C

denoted as J ∗
= J (θ∗

c );
2) if there exists a θ such that ∇ J (θ) = 0 for θ ∈ C, then

θ = θ∗
c .

Assumption 2 (Barrier Function Conditions): The barrier
(or safety) function h : Rn

→ R is continuously differentiable
with locally Lipschitz Jacobian and satisfies:

1) the safe set C is nonempty;
2) for any Cρ , there exists an L ∈ (0, ∞) such that

∥∇h(θ)∥ > L for θ ∈ {h(θ) ≤ 0} ∩ Cρ .
Assumption 3 (Optimizer Condition): If ∇h(θ)T

∇ J (θ) =

||∇h(θ)||||∇ J (θ)|| (∇h(θ) and ∇ J (θ) are collinear) for θ ∈

bd(C), then θ = θ∗
c .

Assumption 4 (Angle Condition): For any ρ ∈ Im(h)∩R<0,
there exists a r∗ > 0 and f ∗

∈ [0, 1) such that

∇ J (θ)T
∇h(θ)

||∇ J (θ)||||∇h(θ)||
≤ f ∗ (23)

for θ ∈ {ρ ≤ h(θ) ≤ 0}, θ /∈ Br∗(θ∗
c ).
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Fig. 2. Safe ES schematic—the filter estimates of the gradient of J and h,
G J and Gh , are fed into the safety-modified gradient descent scheme.

Assumption 5 (Radial Unboundedness): The function
V (θ) = max{−h(θ), 0} + max{J (θ) − J ∗, 0} is positive
definite and ||θ − θ∗

c || → ∞ H⇒ V → ∞.
Assumption 6 (Bounded Levels of h): All sets Cρ are

compact.
Assumption 7 (ES Constants): The design constants are

chosen as ω f , ωi , δ, a, k, c > 0, where ωi/ω j are rational with
frequencies ωi chosen such that ωi ̸= ω j and ωi + ω j ̸= ωk
for distinct i, j, and k.

Theorem 1 (Semi-Global Practical Stability): Let Assump-
tions 1–3 and 7 hold. Also, let either 4 and 5 hold or 6 holds.
Then, there exists βθ , βξ ∈ KL such that, for any positive
pair (1, ν), there exist M+, ω∗

f , a∗ > 0, such that for any
ω f ∈ (0, ω∗

f ), a ∈ (0, a∗), there exists k∗(a) > 0 such that
for any k ∈ (0, k∗(a)), the solutions to (17) and (18) satisfy

||θ̃ (t)|| ≤ βθ

(
||θ̃ (t0)||, k · ω f · (t − t0)

)
+ ν (24)

||z(t)|| ≤ βξ

(
||z(t0)||, ω f · (t − t0)

)
+ ν (25)

for all ||[θ̃ (t0)T , z(t0)T
]
T
|| ≤ 1, and all t ≥ t0 ≥ 0.

Theorem 2 (Semi-Global Practical Safety): Let Assump-
tions 1–3 and 7 hold. Also, let either 4 and 5 hold or 6
holds. For any 1 > 0, there exists δ∗ > 0 such that for any
δ ∈ (0, δ∗), there exists M+, a∗∗, ω∗∗

f > 0 such that for any
a ∈ (0, a∗∗), ω f ∈ (0, ω∗∗

f ), there exists k∗∗(a) > 0 such that
for any k ∈ (0, k∗∗(a))

h(θ(t)) ≥ h(θ(t0))e−ckω f (t−t0) + O(δ) (26)

for all ||[θ̃ (t0)T , z(t0)T
]
T
|| ≤ 1 and for all t ∈ [t0, ∞].

This tells us that trajectories that start safe remain arbi-
trarily safe and trajectories that start unsafe will improve
to an arbitrarily safe region. We cannot expect that with a
gradient-based estimate scheme like ES, we will remain or
escape to a perfectly safe region, but we can guarantee that
with a proper choice of h and k, ω f , a we can achieve practical
safety. As mentioned earlier, this result also implies that for
some problems (for a specific J, h) designing h with some
margin can indeed guarantee perfect safety. The result in
Theorem 2 is also elegantly analogous to Theorem 1 and is,
therefore, referred to as “practical safety” in the spirit of the
term “practical stability” coined in [8].

D. Implementation of (2)–(9) and Design Parameter Choices

To implement the ES algorithm, we integrate the differential
equations (2)–(6) numerically. Expressing the equations using

xT
= [θT , GT

J , ηJ , GT
h , ηh], we have ẋ = f (x). With some

initial condition x(0) = x0, we compute xn = xn−1 + f (x)dt
and the parameters θ can be set with new values iteratively.
The value dt is chosen such that the period of oscillation T =

2π/ωi ≫ dt . For all implementations of Safe ES shown in
this article, we specify M+

= 104.
Note that unlike the version of ES in [43], we rely on the

explicit estimation of gradients. Therefore, in all the results
and plots given, we “warm-up” the algorithm first by settings
k = 0 for the first 1–3 periods of the perturbations S(t),
before turning on the algorithm and simulating with a nonzero
value of k. This allows the estimated quantities to converge
more closely to their true values before the adaptation of
the parameter of θ begins. This technique can be thought of
as a trick to more accurately initialize the estimator states
G J , ηJ , Gh, and ηh .

We choose a value of a that causes the oscillatory response
in the measurements of J (θ(t)), h(θ(t)) corresponding to the
frequencies ωi . We set ω f roughly the same order of magni-
tude as ωi , a smaller ω f can be chosen if one wishes to add
more smoothing to the estimator states. Finally, we gradually
increase k from zero until sufficient performance is observed
J (θ(t)), h(θ(t)). Choosing k too large may cause instability.

IV. ACCELERATOR APPLICATIONS

A. Simulated pRad Tuning

For experimental studies on the tuning of Line C, which
is the section of the accelerator responsible for delivering
the beam to pRad, we use the particle beam dynamics code
TRANSPORT, which has been validated with measurement
data and is shown to give accurate predictions of the LANSCE
beam profile [44]. The code contains relevant quadrupole
magnet strengths, which, in practice, are manually tuned by
hand to achieve a spot size required for optimal delivery of
the beam to the experiment.

The TRANSPORT model is a beam envelope model that
models the bulk behavior of the beam which is represented as
an ellipse in six dimensions (three spatial lengths and three
spatial velocities). Even though it can model space charge
effects, it cannot simulate particle loss. Therefore, we intro-
duce a model of loss which is applied after TRANSPORT
computes the beam dynamics solutions. This model is not
based on data but gives us sufficient complexity to demonstrate
our algorithm. We model the percentage of beam remain-
ing b [%] as a function of the integrated beam size of the
TRANSPORT solution

b = 1 − k1

∫ send

0
(X (s) + Y (s))ds

− k2

∫ send

0

[((
X (s) − rp

)+
)2

+

((
Y (s) − rp

)+
)2

]
ds

(27)

where X+
:= max{X, 0} and rp is the radius of the beampipe.

We choose k1 ≪ k2 and the equation describes: 1) a small
linear loss on the size of the beam that always applies at
any point s and 2) a large quadratic loss applying only
when the ellipse contacts the beam pipe. The small linear
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loss models the persistent loss which always occurs due to
beam halo, and the large quadratic loss describes the sharp
and sudden loss which only occurs when the central mass
of the bunch comes close to the beam pipe. This model
provides sufficient complexity that captures the dynamics of
loss realistically, although it has not been thoroughly validated
with data, as the TRANSPORT code itself has, which only
describes the dynamics of the beam ellipse. We also provide
the LANSCE magnet names used in this study: “AQM1,”
“AQM2,” “XQM3,” and “XQM4.”

The strength of these four magnets corresponds to the
components of θ ∈ R4. Given a parameter θ , the function
b = b(θ(t)) because only changes in magnet strengths give
rise to changes in the simulation.

The goal for this simulation study relates exactly to a tuning
problem which must usually be performed in the control room.
We desire to track a specific spot size of the beam as a point in
the beamline, directly preceding the pRad experimental dome.
Operators usually are tasked with this job, but we will show
Safe ES is capable of performing the task safely. We will track
the size at the end of the simulation σx , σy [m] and define the
objective as

J (θ(t)) = (σx (θ(t)) − 0.025)2
+ (σy(θ(t)) − 0.025)2 (28)

and so the desired spot size is a 2.5 cm circle. We use values
of k1 = 0.02 and k2 = 100. We make the simple choice of

h((θ(t)) = b(θ(t)) − 0.80 (29)

with no scaling to either h and J , which was done earlier
in the HPSim study to achieve the same order of magnitude
of J and h.

To understand the design of h some additional information
about the accelerator system in question is needed. Due to
the underlying engineering physics of accelerators (of a kind
at LANSCE), the task of guaranteeing that near 100% of
the beam survives is impossible. From experience, accelerator
operators understand that if roughly 80% of the beam survives,
then this is as close to “safe” as one can hope for. This
limitation is due to a combination of beam loss in the form of
beam halo intercepting collimators and the limited acceptance
of the resonant accelerating structures. Therefore, in our case,
we place the boundary of “marginal” safety at 80% of the
beam remaining.

We randomly initialize the magnet settings at up to 20%
of their default settings, keeping points that have at least 20%
beam remaining. This is so that we do not assume we start the
simulation in an unrealistic initial condition (catastrophic beam
loss) which may crash the simulation. Then, we run both clas-
sical ES and Safe ES (with coefficients above) for 2500 steps
and compute the objective error and beam remaining values
at the end of the episodes. We do this for 100 different initial
conditions and show the initial condition and final condition
of both the Safe ES and classical ES trajectories in Fig. 3.
The Safe ES parameters used are dt = 0.012, a = 0.005,
k = 0.04, ω f = 10, ω1 = 5, ω2 = 7, ω3 = 11, ω4 = 13, and
c = 1.

To construct the classical ES algorithm, we simply use the
dynamics of (2)–(4) without the safety term in the dynamics

Fig. 3. For 100 episodes, we plot both the initial and final error and beam
remaining values for safe and unsafe ES.

Fig. 4. Percentage of beam remaining and error for safe and unsafe ES, for
one given trajectory.

of (2)
˙̂
θ = −kω f G J (30)

Ġ J = −ω f (G J − (J (θ̂(t) + S(t)) − ηJ )M(t)) (31)

η̇J = −ω f (ηJ − J (θ̂(t) + S(t))). (32)

We choose the parameters of the classical ES scheme to be
the same as those used in the Safe ES scheme, apart from the
irrelevant value c which does not appear in (30)–(32).

Fig. 3 depicts the effectiveness of the algorithm with respect
to various initial conditions. We show for 100 randomly chosen
initial conditions, which have small and large values of both
performance and safety, all trajectories of Safe ES eventually
achieve approximately 20% or better beam remaining, albeit
with various levels of performance. Classical ES shows better
performance, in general (more red arrows are grouped on the
left-hand side of the plot), but various levels of safety.

In Figs. 4 and 5, we choose one trajectory of the
100 episodes and plot the magnet trajectories as well as the
beam remaining signal and error signal along the trajectory.
As expected, the classical ES trajectory in Fig. 4 finds itself
traveling into an unsafe region in favor of better performance,
while the Safe ES trajectory still achieves good performance
but does so while keeping the system safe. Simulating longer
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Fig. 5. Change in magnet strength trajectories, θ̂ − θ̂0, of Safe ES compared
with classical ES.

than 2500 steps may also indeed show that Safe ES in this case
may ultimately achieve near-perfect performance by taking a
longer path through parameter space.

B. Simulated LEBT Tuning

HPSim [45] is a GPU accelerator particle tracking code
that simulates all of the RF and magnetic devices used at
LANSCE and accurately describes the physics of beams,
including challenging collective effects like “space charge.”
It has been used to demonstrate tuning algorithms [21] and
is currently being developed as an online digital twin of the
LANSCE linac [46].

The LEBT section delivers the 750-keV beam from the
source to the drift tube linac (DTL) accelerating the structures
of the linac. In the example presented here, we apply Safe
ES to automatically tune six of the quadrupole magnets in
LEBT which are responsible for confining the beam to the
pipe as it is transported. We have specified that we want the
smallest possible beam entering the DTL, yet we must attain
approximately greater than 80% of the beam while doing so.
Although this is not precisely the goal of tuning the LEBT
beamline, it gives us a realistic scenario showing the benefits
of Safe ES when we are not sure if the gradient descent of
the objective function leads the parameters in a safe direction
or not.

In this simulation study, we compare Safe ES with classical
ES with a cost function modified with a small weight on the
safety of the system, as this is often a trick used to incorporate
safety considerations in the classical ES scheme. We will also
demonstrate the qualitative behavior of the c parameter in the
Safe ES design and show that Safe ES in general leads to
a configuration of the accelerator which leads to less contact
with the beam and sensitive structures in the beampipe.

Given the goals and safety concerns we have described,
we choose the following cost function to minimize:

J (θ(t)) = wJ (σx (θ(t))2
+ σy(θ(t))2) (33)

and we also choose the function h as

h(θ(t)) = wh(b(θ(t)) − 0.80) (34)

where b, σx , σy are signals measured in time and wJ , wh
are chosen such that J, h are approximately on the order of
10. Using HPSim, we determine six quadrupoles along the
beamline to use for tuning which are roughly equally spaced
in s, the variable used to describe the longitudinal positive
along the beamline. We provide the LANSCE magnet channel
names used in this study: “TBQL005V01,” “TBQL005V02,”
“TBQL005V03,” “TBQL005V04,” “TBQL006V03,” and
“TBQL006V04” with corresponding magnet strengths θ ∈ R6.
The physical locations of the components can be shown in
Fig. 1 as “TBQL05-1,” “TBQL05-2,” . . . , “TBQL06-4.”

It is a common strategy to handle the safety problem in
classical ES with a modified cost

J (θ(t)) = wJ (σx (θ(t))2
+ σy(θ(t))2)−wb(t) (35)

where w is chosen sufficiently large to (with some luck) yield
a safe trajectory. We compare our algorithm with this strategy
and show that in this case, it is not possible to know exactly
how to specify w without achieving some loss in performance
or loss of safety. While for any choice of our hyperparameter c
(which is the most analogous hyperparameter to w and in
some sense governs the safety-versus-performance tradeoff),
we achieve approximate safety in all cases. This is because
c does not change whether or not we maintain approximate
safety, but simply how fast the trajectory is allowed to
approach the unsafe region.

The Safe ES parameters used are dt = 0.005, a = 0.1,
k = 0.05, ω f = 10, ω1 = 5, ω2 = 7, ω3 = 11, ω4 = 13,
ω5 = 17, and ω6 = 19. We choose wJ = 50 and wh = 100 so
that the functions h and J are roughly of the same order.

The classical ES algorithm uses the same parameters (apart
from c) and is implemented in the same way as in the pRad
tuning example using (30)–(32).

In Fig. 6, we show that for various values of c, approximate
safety is enforced. The smaller values of c dictate a slower rate
of approach of the trajectory toward the barrier. Fig. 7 shows
that classical ES with a modified cost function, in (35), does
not always remain safe and the weight w cannot be known
ahead of time to guarantee best performance and safety. It turns
out that choosing w ≈ 0.07 in the classical ES scheme would
deliver performance and safety comparable to that of the Safe
ES controllers, but this choice would require excessive effort,
or extra system knowledge, on the part of the control designer.

In Fig. 8, we compare the beam “envelope” which was
found with Safe ES versus classical ES. The coordinate s
runs longitudinally along the beam path, and Fig. 8 plots the
transverse size of the beam, which is the actual height (σy)
and width (σx ) of the beam if one were to look down the beam
pipe. The algorithm does not know this information, only the
measurement of J and h. The figure also provides information
about at which point beam loss occurs as the sharp change in
the size of the beam marks where the start of the first DTL
modules lies. The classical ES trajectory used was for that
of w = 0 which yielded approximately a final loss value of
about 30%. It was compared to the envelope found using Safe
ES with c = 1. Fig. 8 demonstrates that the transverse size
of the beam along the beam pipe was smaller in the case of
Safe ES. This is physically what we expect given that large
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Fig. 6. Percentage of beam loss and error for Safe ES with different values
of c.

beam losses are expected to occur when the beam contacts the
beampipe.

C. Experimental LEBT Tuning

For the in-hardware LEBT demonstration, the ES objective
function, J , was a measure of beam remaining Ib (negatively
proportional to beam loss), while the safety constraint, h, was
a measure of how much beam is being lost at a collimator in
the LEBT, Ic. The amount of beam that hits the collimator
is proportional to the transverse beam size in this section
of the accelerator and it is crucial to keep that beam size
small enough to reduce how much beam is intercepted. At the
same time, pinching the beam down to too small of a size
at the collimator creates a very large divergence of the beam,
as particles become highly repellent to each other, and would
cause downstream beam loss. The Safe ES method was set up
to dynamically balance the tradeoff between beam size at the
collimator and overall beam loss.

The safety of the system is a function of the measured
current Ic at the collimator and the performance of the system
is a function of a measured current Ib farther downstream.
The signals Ic and Ib are the raw readings from sensors. Both
signals in their raw form are negative as the H− ion beam
has a negative current. If the magnitude of Ic becomes too
large, or too negative, then a larger fraction of the beam is
contacting the collimator leading to a lack of safety. On the
other hand, if Ib becomes large (more negative), then we have

Fig. 7. Percentage of beam loss and error for classical ES with various
weights w, plotted against one trajectory of Safe ES. Note that the error
values shown in the bottom plot are wJ (σx (t)2

+ σy(t)2), for each of the
four trajectories given.

a large fraction of the beam surviving at the end of the line,
and, therefore, we desire that Ib be minimized as much as
possible. Note that in this tuning problem, it is not possible
to tune Ic identically to zero. Ic should merely be constrained
approximately within some small range, which is why Safe
ES is an ideal choice of algorithm in this scenario.

The safety goal was to keep the measured current inter-
cepted at the LEBT collimator, Ic, at a value greater than
approximately −0.5 mA. The reading of Ic(t) lies in the range
[−2.5, 0], and we define the safety function defined as

h(θ(t)) = wh(0.5 + Ic(θ(t)) (36)

with wh = 10 so that h ≥ 0 corresponds to the region of
safety where −0.5 ≤ Ic ≤ 0. We implement a ten-point
average of the raw data to smooth the measurements of J
and h (see the smoothed measurements in Fig. 9). The beam
loss was minimized by simply defining J (θ(t)) = Ib(θ(t)).
Minimizing loss in this case is the same as minimizing
the beam current because Ib is always negative. The tuning
parameters used are the three LEBT steering magnet strengths,
given by the channels “TBSM402P01,” “TBSM502P01,” and
“TBSM602P01” with the corresponding strengths θ ∈ R3. The
physical locations of the components can be shown in Fig. 1 as
“TBSM04,” “TBSM05,” and “TBSM06.” Ib and Ic have chan-
nel labels “TDCM001102” and “TDBA001101,” respectively.
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Fig. 8. Beam envelope along s, depicting the transverse size of the beam
throughout the LEBT region and through the first four DTL modules in
classical ES with w = 0 and Safe ES with c = 1.

Fig. 9. Barrier function and objective function over the first 100 steps using
a ten-point average of the noisy measurements of Ib and Ic .

The Safe ES parameters used are dt = 0.359, a = 0.1,
k = 0.03, ω f = 1, ω1 = 1, ω2 = 1.375, ω3 = 1.75, and
c = 1.

The results of tuning in the first 100 steps are shown in
Figs. 9 and 10. In Fig. 11, we show that initially the steering
magnets are manually tuned to achieve a desirable operating
condition. We then detune the magnets and run the algorithm
around minute 4. The algorithm demonstrates it can recover
the original operating condition, minimizing Ib to −1.8 mA
and driving Ic to near −0.5 mA. The data from Figs. 9–10
is generated using a ten-point average of the data during the
times shown between the dotted lines in Fig. 11.

This is an example of multivariable Safe ES where the
parameters of the algorithm converge to the barrier of h,

Fig. 10. Parameter trajectories over the first 100 steps using a ten-point
average of the noisy measurements of Ib and Ic .

Fig. 11. Raw plot of Ib and Ic taken from the LANSCE control room
monitor for process variables. The first dotted vertical line marks the start
of the algorithm and the second dotted line marks where recordings are in
Figs. 9 and 10 finish.

achieving practical safety, while also minimizing the objective.
Additionally, we have demonstrated that this algorithm can
save an accelerator system operating unsafely and drive the
system toward a safe operating condition.

V. CONCLUSION

In this article, we demonstrate that Safe ES has several
uses in tuning various accelerator systems and subsystems.
We have shown that in two validated simulations of beamlines
at LANSCE, we can use Safe ES to perform tuning. Addi-
tionally, we present an in-hardware demonstration of tuning
the LEBT section of the accelerator. The advantage of this
method is that we require no knowledge or prior gathering of
data of the underlying accelerator system and can guarantee
practically safe operation. Furthermore, compared to other
methods commonly used in particle accelerator systems, Safe
ES is very simple to implement.
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