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Abstract

Recent advances in high-dimensional Bayesian Optimiza-
tion have opened the door to new tools for beam commis-
sioning. At the CERN Low Energy Ion Ring (LEIR), several
tuning challenges arise from the complex parameter space
governing beam transfer and accumulation dynamics. In
this paper we benchmark several state-of-the-art High Di-
mensional Bayesian Optimization methods to optimize the
transfer from Linac3 to LEIR and maximize the accumulated
beam inside the ring. We evaluate algorithms based on dif-
ferent strategies: trust region approaches (TuRBO), sparse
axis-aligned subspace priors (SAASBO), nested embeddings
for mixed spaces (Bounce), and length-scale-adapted priors
in regular Bayesian Optimization. Our results demonstrate
the relative strengths of each method in the context of par-
ticle accelerator optimization, where sample efficiency is
critical, the objective function exhibits sparsity in relevant
dimensions, and the parameter space contains both local
and global structures. The benchmarking provides practical
insights for selecting appropriate algorithms for beam com-
missioning tasks, considering factors such as convergence
speed, computational overhead, and robustness to noisy ob-
servations.

INTRODUCTION

Modern particle accelerators are complex systems with a
large number of tunable parameters that must be carefully
adjusted to achieve optimal beam performance. Beam com-
missioning often requires the simultaneous tuning of tens
of parameters spanning transfer lines, injection elements,
radio-frequency (RF) systems, and correction magnets, a
task traditionally performed manually by expert operators
through iterative adjustments. As facilities become increas-
ingly complex and demand ever-higher performance, there is
a growing need for automated tuning procedures that can re-
liably navigate these high-dimensional parameter spaces [1].

Among data-driven approaches, Bayesian Optimization
(BO) has demonstrated particular success in a wide range
of accelerator physics applications [2], including injection
efficiency tuning [3, 4], Free Electron Laser (FEL) perfor-
mance optimization [5], and trajectory correction [6]. BO
treats the objective as a black-box, handles noisy measure-
ments gracefully, and is sample-efficient, a critical feature
when each evaluation corresponds to a machine cycle [7].
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However, the performance of standard BO with Gaussian
Process (GP) surrogates is known to degrade rapidly as the
dimensionality of the search space grows: distances between
candidate points become increasingly similar, reducing the
ability of the GP kernel to distinguish nearby from distant
points [8,9].

Several high-dimensional Bayesian Optimization (HDBO)
algorithms have been developed to address this limitation,
each with a different inductive bias. Trust-region approaches
such as TuRBO [10] restrict the optimization to local hyper-
rectangular regions. Sparse-axis-aligned methods such as
SAASBO [11] impose a hierarchical sparsity prior on the ker-
nel lengthscales, assuming only a small subset of dimensions
is relevant. Nested embedding methods such as Bounce [12]
progressively build low-dimensional embeddings, originally
designed for combinatorial and mixed spaces but adapt-
able to continuous problems. Recent work [13] has also
shown that standard BO can be made competitive in high-
dimensional spaces by rescaling the lengthscale prior with
the dimensionality. For comparison, we include CMA-
ES [14], a derivative-free evolutionary optimizer widely
used as a baseline to probabilistic approaches [15].

The CERN Low Energy Ion Ring (LEIR) provides an
ideal testbed for benchmarking these algorithms. LEIR ac-
cumulates up to eight multi-turn injections of Pb>** ions
from Linac3 through phase-space painting combined with
electron cooling, before RF capture and extraction to the
Proton Synchrotron [16]. Its high repetition rate, low beam
energy, and the regular need for re-tuning due to Linac3
stripper foil aging [17] make it a practical platform for devel-
oping and validating data-driven tuning strategies. Previous
work at LEIR demonstrated that standard BO with Upper
Confidence Bound (UCB) and Log Noisy Expected Improve-
ment (LogNEI) acquisition functions can outperform oper-
ational tuning for both injection efficiency and RF capture
losses when the number of dimensions is moderate [4]. Ex-
tending this to full beam commissioning, however, requires
simultaneously tuning on the order of 40 parameters with-
out operational priors, pushing the problem firmly into the
high-dimensional regime.

In this paper, we benchmark a representative set of state
of the art HDBO algorithms on the task of commissioning
the Linac3-to-LEIR transfer and injection starting from an
unoptimized initial configuration and without prior knowl-
edge. We consider two operationally relevant beam types,
the NOMINAL cycle with 43 tunable parameters and the
EARLY cycle with 38, both optimized with respect to the ac-
cumulated beam intensity before RF capture, measured with
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the ring beam current transformer (BCT). All algorithms are
evaluated under matched initialization budgets and identical
objective functions to provide a fair comparison, offering
practical guidance for selecting HDBO methods in accelera-
tor commissioning.

METHODOLOGY
Optimization objective

LEIR beam intensity is maximized by adjusting the beam
position with respect to the injection septa, matching the
injected energy distribution with the electron cooler pa-
rameters in the longitudinal plane, and tuning the work-
ing point and chromaticity to mitigate space-charge driven
losses. We define the objective as the injection efficiency

Linjected

i ﬁ where fjpjecieq i the LEIR
ring intensity at the peak of the injection plateau (1700 ms
after cycle start for NOMINAL, 600 ms for EARLY) and i; is
the intensity of the j-th Linac3 pulse measured at the end of
the Linac3-to-LEIR transfer line. Normalizing by the total
delivered charge isolates the contribution of the controlled
parameters from upstream fluctuations originating in the
ECRIS source [18] and along the linac. This is operationally
critical: ion source afterglow intensity, transport jitter, and
pulse-to-pulse energy spread can vary by up to five percent
on the timescale of a single optimization run. The same
normalization was used in our previous BO studies [4]. The
benchmark covers the two operational cycles: 43 param-
eters for NOMINAL (eight stacked injections) and 38 for
EARLY (single injection). The action space spans the low-
level RF parameters at the linac exit (ramping cavity phase,
debunching cavity start and end phases) [19], transfer line
correctors, the four orbit bump settings around the electron
cooler, the injection bump settings, the electron gun voltage
program defining the electron energy, and the LEIR tune
and chromaticities at flat bottom.

Linjected

O(iinjecled’ iL3) =

Bayesian Optimization framework

All BO-based methods considered in this work share the
same skeleton [2,7]. A GP prior is placed on the objective
f:% cRP = R, f(x) ~ €P(m(x),k(x,x')), with
a constant mean function m(x) and a Matérn-5/2 kernel
function k(x,x’) with automatic relevance determination
(ARD) lengthscales {/;}2,. Given n observations &, =
{(x;,y;)} with y; = f(x;) + &, where ¢ ~ (0, 02) denotes
the zero-mean Gaussian observation noise with variance
o5, the posterior p(f | %,,) is closed-form Gaussian. The
next query point is selected by maximizing an acquisition
function. Throughout this work we use LogNEI [20] unless
stated otherwise, for its numerically stable gradients in noisy
regimes. Initialization is common to all GP-based methods:
half of the budget is drawn from a Sobol low discrepancy
sequence [21] and the remaining half from a pure exploration
acquisition apg(x) = o(x), following [4].
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High-Dimensional Bayesian Algorithms

Standard BO performance degrades in high-dimensional
parameter spaces because pairwise distances concentrate and
ARD lengthscales become poorly identified from limited
data [22]. The four HDBO algorithms benchmarked here
address this with distinct inductive biases. We also include
CMA-ES as a non-BO baseline.

Lengthscale-rescaled standard BO [13] attributes the
failure of standard BO in high dimensions to a misspeci-
fied lengthscale prior. Placing a dimensionality-aware log-
normal prior on each ARD lengthscale,

I ~ ggm(uo + —logD, ao), (1)

where £./" denotes the log-normal distribution. This

makes the prior-expected lengthscale grow with VD, counter-
acting the shrinkage of fitted lengthscales as dimensionality

increases. We use pg = \/5 and o = \/3 as recommended.
The method retains a single global GP and standard acquisi-
tion optimization.

TuRBO (Trust Region Bayesian Optimization) [10] per-
forms optimization within hyper-rectangular trust regions
centered on the current best observation. A local GP is fit
within each region and Thompson sampling selects candi-
dates. The side length L is contracted after T¢,; consecutive
failures to improve and expanded after 7. successes, with
restarts triggered when L < L ;.. We use the default hyper-
parameters of the reference implementation.

SAASBO (Sparse Axis-Aligned Subspace BO) [11]
keeps a single global GP but imposes a hierarchical spar-
sity prior on the per-dimension inverse squared lengthscales
pi = 72, with T ~ %%+ (a), p; | T ~ € (1), where
966 is the half-Cauchy distribution and 7 a global shrink-
age parameter. This horseshoe-style prior concentrates pos-
terior mass on configurations in which only a few dimensions
are active. Posterior inference uses the No-U-Turn Sampler
(NUTS), making SAASBO substantially slower per cycle
than the other methods.

Bounce [12] optimizes in a low-dimensional latent space
R4 with d, « D, mapped into the original space through a
structured random projection. The embedding dimensional-
ity is increased in stages: when optimization stalls at a given
d,, the embedding is enlarged and the GP refit. Originally
designed for combinatorial and mixed spaces, we apply it
here to the purely continuous case with initial d, = 25 based
on preliminary scans.

EARLY cycle optimization (38 parameters)

Figure 1 shows the traces for the 38-dimensional perfor-
mance optimization of the EARLY cycle. CMA-ES con-
verges most rapidly in the first ~25 cycles (in part by skip-
ping the initial exploration budget), reaching an injection
efficiency of approximately 0.28, but stagnates thereafter
and is overtaken by all GP-based methods after cycle 100.
This behavior is consistent with the expected strengths of the
algorithm: a derivative-free evolutionary search makes fast
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initial progress on smooth landscapes but lacks the global
probabilistic model needed to escape local optima. TuURBO
and Bounce reach the highest final efficiencies (=0.42), with
TuRBO crossing the operational target of 2 x 10! charges
in under 100 cycles. Lengthscale-rescaled standard BO is
competitive but converges to a slightly lower plateau (=0.40),
suggesting that for this dimensionality the additional induc-
tive bias of trust regions or learned embeddings provides a
measurable advantage over a global GP, even with a properly
scaled prior. SAASBO is the slowest to make progress, only
beginning to improve after ~150 cycles and not reaching the
performance of the other BO variants within the 250 cycle
budget. The sparse-axis-aligned prior assumes the objective
depends on a small subset of dimensions, an assumption that
appears to be poorly matched to the EARLY cycle where
transverse, longitudinal, and cooler-bump parameters all
contribute meaningfully to the objective.
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Figure 1: Highest observed injection efficiency (dashed,

right axis) and ring intensity (solid, left axis) vs. cycle num-

ber for the five algorithms on the EARLY cycle (38 param-

eters). All runs were recorded under similar experimental

conditions.

NOMINAL cycle optimization (43 parameters)

The 43-dimensional optimization problem on the NOM-
INAL cycle is the more challenging benchmark, both be-
cause of the higher dimensionality and because injection
efficiency depends on the stacking of eight successive pulses
rather than one. The added dimensions correspond mainly
to per-pulse trims of the ETL.BHN 10 transfer line corrector
magnet, applied independently to each of the eight injec-
tions, which extends the number of “sparse’ directions in
the sense described above: each per-pulse trim can indepen-
dently steer that pulse out of the LEIR acceptance, producing
a flat zero contribution to the objective over a substantial frac-
tion of its range. Figure 2 shows the corresponding traces.
TuRBO clearly outperforms all other algorithms, reaching
the operational target of 12 x 10'° charges (or 0.27 injection
efficiency) in under 200 cycles and saturating near ~0.30 (or
14 x 1010 charges) thereafter. Lengthscale-rescaled standard
BO is the second best method, plateauing around 0.25 after
~250 cycles. Bounce, which performed competitively on
the EARLY cycle, struggles in this setting and saturates near
0.15. We attribute this to the additional sparse directions
introduced by the per-pulse ETL.BHN10 trims: Bounce op-
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timizes within a low-dimensional embedding constructed
from random axis combinations, and a single mismatched
mixing of a sparse direction with non-sparse directions can
effectively block exploration of the relevant subspace. As the
number of sparse directions grows, the probability that the
embedding aligns favorably with all of them drops sharply,
making Bounce increasingly fragile in higher dimensions.
CMA-ES again converges quickly in the early cycles but
stagnates at a sub-optimal point (=0.14), confirming that
without a probabilistic surrogate the method cannot effec-
tively navigate the partitioned landscape of the NOMINAL
cycle. SAASBO eventually reaches =0.22 by cycle 400, but
does so substantially more slowly than TuRBO or standard
BO.

A practical caveat applies to SAASBO. Because posterior
inference uses NUTS at every acquisition step, SAASBO
incurs a substantially higher computational cost than the
other methods, on the order of minutes per step on our hard-
ware. Machine cycles continue to elapse during inference,
so SAASBO effectively operates at a lower duty cycle in
wall-clock time. The cycle counts in Fig. 2 therefore un-
derestimate its real-time disadvantage; the wall-clock gap
to TuRBO is even larger. This matters operationally, since
beam commissioning has a fixed time budget and per-cycle
optimizer cost is a first-class concern.
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Figure 2: Highest observed injection efficiency (dashed,

right axis) and ring intensity (solid, left axis) vs. cycle num-

ber for the five algorithms on the NOMINAL cycle (43 pa-

rameters). All runs were recorded under similar experimen-

tal conditions.

CONCLUSION

Across both benchmarks, TuURBO offers the best combi-
nation of asymptotic performance, sample efficiency, and
computational overhead, and is retained for LEIR beam
commissioning. Its trust region structure suits the injec-
tion landscape: fitting local GPs only within a contracting
hyper-rectangle avoids the global identifiability problems
caused by sparse directions while still exploiting the ob-
jective’s smoothness in the high-reward basin. Combined
with Sobol and pure exploration initialization, TURBO con-
sistently brings the machine from cold start to operational
injection efficiency in under 200 cycles for both beam types.
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