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Abstract
Particle accelerators require continuous adjustment

to maintain beam quality. At the Advanced Photon
Source (APS) this is accomplished using a mix of operator-
controlled and automated tools. To improve the latter, we
explored the use of machine learning (ML) at the APS in-
jector complex. The core approach we chose was Bayesian
optimization (BO), which is well suited for sparse data tasks.
To enable long-term online use, we modified BO into adap-
tive Bayesian optimization (ABO) though auxiliary mod-
els of device drift, physics-informed quality and constraint
weights, time-biased data subsampling, digital twin retrain-
ing, and other approaches. ABO allowed for compensation
of changes in inputs and objectives without discarding previ-
ous data. Benchmarks showed better ABO performance in
several simulated and experimental cases. To integrate ABO
into the operational workflow, we developed a Python com-
mand line utility, pysddsoptimize, that is compatible with ex-
isting Tcl/Tk tools and the SDDS data format. This allowed
for fast implementation, debugging, and benchmarking. Our
results are an encouraging step for the wider adoption of ML
at APS.

INTRODUCTION
Modern particle accelerators face increasing performance

demands, resulting in tighter tolerances on accuracy and
stability [1]. Due to cost, physical limits, and external fac-
tors, some amount of continuous parameter adjustment is
constantly required. Historically, this tuning required expert
guidance and intuition, with software tools only allowing
for a partial automation. With the explosion of machine
learning methods in the last decade, there is immense in-
terest in making use of the newly available algorithms to
improve reliability, reduce expert workload, and provide
higher performance to the users.

A key application of ML for accelerators is in parameter
optimization, whereby one or multiple objectives are tuned
through an intelligent search of the parameter space. A num-
ber of conventional optimization methods are already in use,
including simplex[2, 3], RCDS [4], genetic algorithms [5],
extremum seeking [6], and several others. New ML meth-
ods include Bayesian optimization (BO) [7], reinforcement
learning [8], and others. BO is of special interest since it
allows efficient black-box function optimization with few
samples, taking advantage of any prior physics model knowl-
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edge provided to the algorithm. This paper first reviews the
basic BO process, and then discusses our contributions - a
set of improvements that permits for continuous, robust, and
adaptive BO use for optimizing time-varying systems.

ADAPTIVE BAYESIAN OPTIMIZATION
In standard BO process, system output is described by

y = 𝑓 (x) + 𝜀 (1)

where 𝑓 (x) is the black-box function of interest and 𝜀 ∼
𝒩(0, 𝜎2

𝜀) the added noise. Vector x has dimension of 𝑛 x 𝑑
where 𝑑 is the parameter space size and 𝑛 the number of
measurements. Using Gaussian Process (GP) a surrogate
model for 𝑓 can be parameterized as a multivariate normal
distribution with a mean 𝑚(x) and covariance kernel 𝑘(x, x′)
as

𝑓 (x) ∼ 𝒢𝒫(𝑚(x), 𝑘(x, x′)) (2)

The kernel is used to evaluate the similarity between values
of 𝑓 at x and x′, and its’ appropriate choice is critical for good
GP convergence. Existing knowledge about the system can
be encoded through prior distributions on kernel and mean,
with the distribution parameters called hyper-parameters.
During model fitting hyper-parameters are updated using
Bayes’ rule (conditioned on observed data) and posterior
probability distribution p(f ∣ y, x) can then be sampled to get
model predictions [9]. BO evaluates a special ‘acquisition’
function over a fitted GP model so as to predict the best next
location(s) to sample. A variety of analytic and Monte-Carlo
acquisition functions exist, with one of simplest being the
upper confidence bound (UCB)

UCB(x) = 𝜇(x) + √𝛽 ∗ 𝜎(x) (3)

where mean 𝜇 and variance 𝜎 are provided by the GP
model. The parameter 𝛽 allows for trade-off between explo-
ration (risk for high reward) and exploitation (use known
good configuration).

Time-varying GP Models
The above discussion grouped all input parameters into

vector x, representing for example several magnet currents.
A simple BO process would proceed by using standard
isotropic kernels, such as Matérn and radial basis func-
tion [9], and only fit freshly collected data. To improve
convergence speed, previous work has successfully used
historic data to train covariance distributions [10]. Such
pre-training works well when conditions are reproducible.
However, some accelerators also have undesired and poorly
modelled time-dependent drifts. ML methods dealing with
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