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Abstract
For maintaining the designed optical performance of ma-

chines like the GSI heavy-ion synchrotron SIS18 or the FAIR
fragment separator SFRS, accurate knowledge of magnetic
field and element alignment is crucial. A Gaussian Process
model with a physics-informed kernel based on a stochastic
ensemble of lattices is proposed. Key advantages compared
to Linear Optics from Closed Orbits (LOCO) include (1.) fit-
ting of Gaussian probability distributions for parameters,
which inherently model uncertainty, (2.) incorporation of
measurement uncertainty from BPM noise, (3.) uncertainty-
enabled orbit prediction between BPMs, and (4.) an active-
learning strategy for greater sample efficiency than measur-
ing an orbit response matrix. Applied in a simulation of
SIS18, the method constructs an effective machine model
with minimal orbit uncertainty around the ring, enabling
orbit correction with uncertainty-quantified minimal devia-
tion at any location. The SFRS is identified as a compelling
target for future application, where sparse instrumentation
and complex optics make uncertainty-aware modeling par-
ticularly valuable. This physics-informed GP framework
provides uncertainty-enabled modeling for rings and beam-
lines, with potential applications extending to broader optics-
correction and beam-tuning tasks.

INTRODUCTION
Accurate knowledge of element alignment and magnetic

field errors is a prerequisite for maintaining the designed
optical performance of modern accelerator facilities. Con-
ventional methods such as Linear Optics from Closed Orbits
(LOCO) [1] reconstruct optics from orbit response matrix
(ORM) measurements but return a single best-fit solution
without any quantification of residual uncertainty. For facil-
ities operating at the edge of their dynamic range – such as
during slow extraction in SIS18, or when commissioning the
complex optics of the SFRS [2] – knowing not just the most
probable orbit but also the confidence in that prediction is
essential.

SIS18 is the heavy-ion synchrotron at GSI in Darmstadt,
Germany: a 216 m-circumference ring of 12 identical sec-
tions, each with two dipoles and three quadrupoles, equipped
with 12 BPMs [3]. The SFRS is the superconducting frag-
ment separator under construction at FAIR, designed to sep-
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arate exotic rare isotopes produced by projectile fragmenta-
tion or fission [4].

Building on the physics-informed Gaussian Process (GP)
framework introduced in [5], we present an extended frame-
work with adaptive steerer selection. The core idea is to
represent machine variability through a stochastic ensemble
of accelerator lattices (generated with MAD-X [6]; alterna-
tive simulation codes are equally applicable). The physical
correlations are encoded into the GP kernel empirically, fol-
lowing the approach of [7]. The resulting model provides
probabilistic orbit predictions at arbitrary positions along
the ring or beamline and supports parameter inference via
Bayesian optimization [8]. The active-learning component
is extended with a physics-informed steerer selection strat-
egy: a phase advance prefilter eliminates geometrically blind
steerers, and a submodular batch-selection criterion greedily
assembles complementary measurements to reduce posterior
uncertainty efficiently.

EXTENDED FRAMEWORK
Adaptive Steerer Selection

In [5], the active learning loop selected steerer settings
based on a scalar acquisition function applied to the full GP
posterior. A limitation of that approach is that it does not
account for the betatron phase advance between a steerer
and the quadrupole whose misalignment is to be inferred.
The phase advance prefilter is based on the closed-orbit
response of a steerer 𝑠 at quadrupole location 𝑝. For a ring,
the differential closed orbit at position 𝑝 due to a kick 𝜃 at
steerer 𝑠 is

Δ𝑥𝑠𝑝 =
√𝛽𝑠𝛽𝑝

2 sin(𝜋𝑞) cos(Δ𝜙𝑠𝑝 − 𝜋𝑞) ⋅ 𝜃, (1)

where 𝛽𝑠 and 𝛽𝑝 are the Courant–Snyder 𝛽-functions at the
steerer and quadrupole locations, respectively. Δ𝜙𝑠𝑝 is the
betatron phase advance from steerer to quadrupole, and 𝑞
is the fractional tune [9]. The sensitivity of this response to
the phase advance is entirely encoded in the cosine factor,
and a steerer is therefore discarded if

∣cos(Δ𝜙𝑠𝑝 − 𝜋𝑞)∣ < 𝜀. (2)

We choose 𝜀 = 0.1. This criterion is dimensionless and
lattice-independent: a steerer is retained only if its betatron
phase advance places it in a regime where it can produce
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at least 10 % of the maximum attainable orbit response at
the target quadrupole. Such phase-blind steerers convey no
information about the target quadrupole regardless of kick
amplitude and are therefore eliminated by this cheap analytic
prefilter before any simulation is invoked.

For a single-pass beamline such as the SFRS, Eq. (1) does
not apply. The orbit response at position 𝑝 due to an upstream
kick at 𝑠 is instead given by the transfer matrix element

Δ𝑥𝑠𝑝 = √𝛽𝑠𝛽𝑝 sin(Δ𝜙𝑠𝑝) ⋅ 𝜃, (3)

where Δ𝜙𝑠𝑝 > 0 requires the steerer to be located upstream
of the target quadrupole [9]; downstream steerers produce
no response and are excluded trivially. The corresponding
prefilter condition becomes

∣sin(Δ𝜙𝑠𝑝)∣ < 𝜀. (4)

Among the remaining candidates, a batch of 𝑘 comple-
mentary steerers is assembled greedily by maximizing the
mutual information criterion between the new observations
and the unknown misalignment vector [10, 11]. The full
adaptive loop proceeds as follows:

1. Observe the orbit under the current 𝜃-matrix (one row
per (𝑠, 𝜃) pair).

2. Fit GP: Nelder–Mead maximizes the log marginal like-
lihood to obtain posterior estimates {𝜇𝑗, 𝜎𝑗}.

3. Rank quads by uncertainty 𝜎𝑗.

4. Phase prefilter: drop steerers with | cos(Δ𝜙 − 𝜋𝑞)| <
𝜀 using posterior-mean Twiss parameters.

5. Submodular batch: greedily pick steerers maximizing
mutual information.

6. Theta selection: GP surrogate finds kick amplitude
minimizing 𝜎rms

orbit.

We apply the framework, extended with adaptive steerer
selection, to the full horizontal closed orbit of SIS18.

SIS18 Application
We apply the extended framework to the full horizontal

closed orbit of SIS18, modeled via an ensemble of MAD-
X lattices with Gaussian-distributed horizontal misalign-
ments in six selected quadrupoles. The framework con-
structs a physics-informed GP machine model with uncer-
tainty quantification: given a limited number of steerer–
kick observations, the model infers the posterior distribution
over quadrupole misalignments and provides uncertainty-
quantified orbit predictions at any longitudinal position 𝑠, in-
cluding locations without BPMs. Two operational objectives
are considered: (a) minimizing the epistemic uncertainty of
the orbit prediction at the extraction septum and (b) mini-
mizing the integrated orbit uncertainty across the full ring.
The evolution of the predicted orbit uncertainty 𝜎orbit at the
extraction septum over iterations is shown in Fig. 1. Starting
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Figure 1: Evolution of the closed-orbit uncertainty 𝜎orbit
at the extraction septum. At each iteration, a new batch of
steerer–kick observations is added to the training set. A total
reduction of 93.9 % is achieved within 32 iterations.

from an initial value, the active learning loop reduces the
septum prediction uncertainty by 93.9 % within 32 iterations.
Each iteration adds a batch of three steerer–kick pairs; the
algorithm initially draws exclusively from three specific kick-
ers and introduces an additional one from iteration 9 onward
as the phase-informed selection adapts to the evolving pos-
terior. The inferred misalignment estimates are compared
against ground truth (GT) values in Fig. 2. The posterior
means converge toward the GT values and the ±1𝜎 uncer-
tainty bands narrow progressively across all six quadrupoles,
confirming that the Bayesian Optimization loop successfully
identifies the machine state within the modeled parameter
space. The resulting uncertainty-quantified machine model
enables confident orbit prediction at the extraction septum,
without requiring a full orbit response matrix measurement.
Switching to objective (b), minimizing the integrated orbit
uncertainty across the full ring, requires only a modification
of the acquisition objective in the adaptive steerer selection
step: instead of evaluating the predicted variance at the sep-
tum location, the objective is replaced by the ring-averaged
posterior variance. No other changes to the framework are
necessary. With this substitution, the active learning loop
yields analogous convergence behavior, achieving a compa-
rable reduction in orbit uncertainty and a similar progressive
narrowing of the misalignment posterior bands across all six
quadrupoles, demonstrating the flexibility and modularity
of the proposed approach.

SFRS: Future Work
The SFRS at FAIR presents a qualitatively different operat-

ing environment compared to SIS18. As a large-acceptance
fragment separator, it comprises multiple independently pow-
ered dipole and quadrupole sections with relatively sparse
BPM coverage and a demanding requirement on optical re-
producibility across different fragment settings. The combi-
nation of sparse instrumentation and complex, significantly
varying optics makes conventional ORM-based methods dif-
ficult to apply reliably. The physics-informed GP framework
is well suited to address these challenges. The ensemble-
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Figure 2: Inferred misalignment mean 𝜇𝑗 and ±1𝜎𝑗 band per quadrupole over 32 active learning iterations. Dashed
horizontal lines indicate the ground truth (GT) values.

based kernel construction accommodates arbitrary lattice
topologies, including beamlines without periodicity, pro-
vided that a sufficiently diverse ensemble of simulated lattice
realizations can be generated. The uncertainty-enabled pre-
diction between BPMs is especially valuable where detector
placement is constrained by hardware or radiation consider-
ations, and the active learning strategy reduces the number
of required beam pulses – an important advantage during
commissioning when beam time is scarce.

As future work, we will construct a GP model for a rep-
resentative section of the SFRS using the same MAD-X
ensemble approach applied to SIS18. Key open questions
include the appropriate choice of free parameters (e.g. dipole
field errors and quadrupole misalignments), the scaling of
the submodular batch selection to larger numbers of beam-
line elements, and the impact of beam optics that vary sig-
nificantly with the magnetic rigidity setting. A detailed
simulation study with quantitative uncertainty estimates is
planned for the near term, building directly on the validated
methodology presented here.

DISCUSSION AND CONCLUSION
The active learning loop reduces the orbit prediction un-

certainty at the extraction septum from an initial value of
approximately 3.1 mm to 0.19 mm within 32 iterations, cor-
responding to a total reduction of 93.9 %, as seen in Fig. 1.
The convergence is not monotonic: a secondary rise in un-
certainty around iterations 12–14 reflects the algorithm se-
lecting steerer-kick pairs that reduce ring-wide posterior
uncertainty but are less constraining at the septum specifi-
cally, consistent with the scalar acquisition target being the
septum uncertainty rather than a global objective. The subse-
quent drop after iteration 14 coincides with the introduction
of an additional kicker from iteration 9 onward, whose phase
advance provides stronger sensitivity at the septum location.
The misalignment inference converges to the ground truth
with qualitatively different rates across the six quadrupoles.
Quadrupoles 0 and 3 reach tight agreement early, while
quadrupoles 1 and 2 exhibit slower convergence and retain

wider residual 𝜎 bands at iteration 32. Quadrupoles 4 and 5
converge to posterior means that remain slightly offset from
the ground truth, which may reflect a partial degeneracy in
the orbit response between quadrupoles at similar betatron
phase positions; distinguishing such contributions might be
possible with more diverse steerer angles. The phase prefilter
(Eqs. (2) and (4)) is dimensionless and lattice-independent
by construction. This makes it directly portable to other
machines without machine-specific tuning. The submodu-
lar batch selection adds negligible computational overhead
relative to the GP fitting step, so runtime is dominated by
the MAD-X ensemble evaluations. The SFRS is a natural
next application: its single-pass topology is directly handled
by the beamline prefilter, and the uncertainty-enabled orbit
prediction between BPMs addresses a concrete operational
need given its sparse instrumentation. A dedicated simula-
tion study using the same MAD-X ensemble methodology
is planned as the immediate next step, with open questions
including the appropriate free-parameter set and the scal-
ing of the batch selection to a larger number of beamline
elements. Physics-informed Gaussian Processes provide a
statistical framework to align accelerator models with real
machine behavior. Uncertainty quantification thereby en-
ables systematic identification of free model parameters with
full probabilistic confidence estimates. It opens a path to-
ward a digital twin of the SFRS: a model that continuously
updates as new measurements arrive, bridging simulation
and reality.
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