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Abstract

Machine learning (ML)-based black-box optimization al-
gorithms have demonstrated significant improvements in
accelerator optimization speed, often by orders of magni-
tude. However, deploying these algorithms in real-time fa-
cility control remains challenging due to the specialized
expertise and infrastructure required. To bridge this gap,
we introduce the Xopt ecosystem, a versatile suite of tools
designed to make advanced ML-based optimization accessi-
ble to the broader accelerator community. This ecosystem
includes Xopt, a modular Python framework that facilitates
the integration of ML-based optimization algorithms with
arbitrary control problems, and Badger, a graphical user
interface built on top of Xopt, which enables seamless de-
ployment of ML algorithms in real-time control systems.
The Xopt ecosystem has been successfully applied towards
solving challenging real-time control problems at leading
international accelerator facilities, including SLAC, LBNL,
Argonne, Fermilab, BNL, DESY, and ESRF, demonstrat-
ing its effectiveness in real-world optimization tasks. In
this presentation, we provide an overview of Xopt’s capa-
bilities and illustrate its impact through case studies from
SLAC accelerator facilities including LCLS, LCLS-II, and
FACET-IL.

INTRODUCTION

The need to solve complex optimization problems is
widely prevalent in the field of accelerator physics. For ex-
ample, accelerator control parameters must be tuned during
accelerator operations to improve performance (so-called
“online” tuning) or accelerator design parameters must be op-
timized in simulation to implement novel operational modes
(“offline tuning”). These problems can be solved using a
wide variety of conventional optimization algorithms, in-
cluding Nelder-Mead Simplex [1] and Robust Conjugate
Direction Search [2]. In addition, evolutionary algorithms,
such as NSGA-II [3], can leverage the power of parallelized
computation to solve multi-objective optimization problems.
More recently, advanced machine learning based algorithms
have been used to solve both online and offline accelerator
optimization problems, most notably Bayesian Optimization
(BO) [4].

Despite their wide applicability, connecting these algo-
rithms to optimization problems can be challenging due to
the diverse algorithmic and measurement interfaces. Addi-
tionally, as novel algorithms are developed, a standard set
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of community-implemented algorithms should be used as
a benchmark to which algorithmic performance should be
compared to. Finally, as algorithms become more complex,
it becomes necessary to make these algorithms easily acces-
sible to non-experts such that they can be used in a wide
variety of applications. To facilitate the robust development,
implementation, and delivery of complex optimization algo-
rithms to accelerator operations teams, the machine learning
community has contributed to the Xopt Ecosystem, a collec-
tion of modular python packages that provide a framework
for developing and deploying advanced optimization algo-
rithms towards solving arbitrary problems.

These packages (shown in Fig. 1) include Xopt [S] which
provides a framework for connecting optimization algo-
rithms to arbitrary optimization problems. Xopt also pro-
vides a collection of community developed algorithms that
can be used off-the-shelf by non-experts or adapted to spe-
cific use cases by experts. These algorithms include those
historically used by accelerator physicists today for online op-
timization (Nelder-Mead Simplex, RCDS, Extremum Seek-
ing), algorithms used in massively parallelized contexts such
as simulations running on high performance computing clus-
ters (evolutionary algorithms including NSGA-II, CNSGA),
and a wide variety of Bayesian optimization based algo-
rithms. The other major package in the Xopt ecosystem is
Badger [6], which provides a convenient graphical user inter-
face for Xopt algorithms that can be used in facility control
rooms. By separating the implementation of optimization
algorithms and the user interface into separate packages, the
same optimization algorithms can be used in both online and
offline contexts. This modular design, coupled with a flexi-
ble framework for interacting with arbitrary problems has
contributed to widespread adoption of Xopt across domestic
(SLAC, LBNL, LANL, Fermilab, Argonne, BNL, Cornell)
and international (STFC Rutherford Appleton Laboratory,
ERSF, DESY, Pohang) accelerator facilities.

In this work, we provide an overview of the Xopt ecosys-
tem with an emphasis on usage inside accelerator control
rooms for solving online optimization challenges. We then
highlight recent use cases at SLAC and other facilities. Fi-
nally, we describe future development directions, namely
the integration of community developed algorithm specifica-
tion standards and the addition of advanced algorithms from
control theory and machine learning such as reinforcement
learning.
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Figure 1: Overview of the Xopt ecosystem highlighting the
different methods by which Xopt can be used to solve online
and offline optimization problems.

XOPT

Xopt is an open-source Python library that provides a flex-
ible framework for optimization, adaptive experimentation,
and online tuning of complex systems. Xopt consists of
four main components, the VOCs object, the Generator, the
Evaluator, and Xopt object itself. The VOCs object stores
the variables, objectives, constraints, and other parameters
that define the optimization problem. The generator object
implements the optimization algorithm, and when called,
produces suggested points in parameter space that should
be evaluated next. The evaluator object contains logic to
evaluate the objectives and constraints as specified by a
user-defined python function. The main Xopt object han-
dles orchestration, namely, controlling when the generator
is asked to generate points and controlling how those points
are passed to the evaluator. The Xopt object also stores a
dataframe of the variable, objective, and constraint values
that are collected during optimization. By taking a modular,
object-oriented approach Xopt simplifies implementation of
algorithms specification and objective function evaluation,
while also allowing the individual components to be used
independently of one another.

Users connect Xopt to their specific optimization prob-
lems by creating a python function that accepts a dictionary
of variable values and returns a dictionary that contains ob-
jective and constraint values that correspond to a problems’
VOCs object. By using this basic, dictionary-based interface,
algorithms in Xopt can easily be applied to arbitrary opti-
mization problems. For example, python functions can be
used to set the values of power supplies and then measure as-
pects of the beam distribution on a diagnostic screen. On the
other hand, a similar python wrapper such as LUME [7] can
be used to evaluate a beam dynamics simulation with a given
set of design parameters on a high performance computing
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cluster. Additionally, by using a dictionary format as inputs
and outputs to this python function, users can easily provide
or return metadata associated with each measurement such
that it is stored in the main Xopt dataframe. In applications
at SLAC this metadata can include for example, the mea-
surement time to cross reference with the SLAC archive
utility, the location of dump files that contain diagnostic
images collected during the course of a emittance measure-
ment, or external beamline parameters not involved in the
optimization process for future ML-based model training,

BADGER

Badger is a graphical user interface (GUI) designed to
provide a user-friendly front end for optimization workflows,
particularly in experimental settings such as accelerator tun-
ing. While Xopt provides the underlying optimization en-
gine—defining problems, executing algorithms, and man-
aging results—Badger makes these capabilities accessible
through an interactive, visual interface. Together, they form
a complementary pair: Xopt as the flexible backend library
and Badger as the GUI layer that lowers the barrier to entry
for non-expert users.

The Badger interface allows experimenters and operators
in the control room to configure optimization runs without
writing code directly. Users can define variables, objectives,
and constraints through simple forms and panels rather than
Python scripts. Once configured, Badger communicates with
Xopt to launch the optimization process, monitor progress
in real time, and visualize results as they are collected. This
includes the ability to display optimization histories, trade-
off curves in multi-objective problems, and convergence
behavior across iterations.

Users of badger create their own python classes to con-
nect badger communication with their respective control
systems. Badger requires the definition of an “Environment”
class, which implements separate methods to get the current
value of variables, to set variable values, and to conduct
measurements, all of which can be used as objectives and/or
constraints. Additionally, lower level “Interface” classes can
be defined for common control system protocols, such as
EPICS, DOOCS, or Tango, and can be reused in multiple
badger environments. By using this common framework for
communication between badger and the facility, the GUI
can be easily adapted to arbitrary control systems.

EXAMPLE USE CASES

Xopt and Badger have been applied to solving a wide
range of optimization problems in both experimental and
simulated contexts. Here we provide a few case studies at
SLAC that demonstrate their effectiveness.

At SLAC Xopt and Badger have been extensively used
to tune the LCLS and LCLS-II beamlines to decrease the
beam emittance and increase the free electron laser pulse
intensity. Recently, Badger was used in the control room to
adjust up to 8 injector parameters (on both the LCLS and
LCLS-II beamlines) in order to reduce the beam emittance
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while keeping the beam matched to design twiss values at a
downstream diagnostic screen. In this case an autonomous
emittance measurement scheme, implemented using Xopt,
was used to continuously adapt the quadrupole scan sam-
ple points such that measurements of the beam size were
within a region of interest while still ensuring that the trans-
verse phase advance was sufficient to properly measure the
emittance. For both the LCLS and LCLS-II photoinjectors,
badger was able to reduce the transverse emittance of both
planes by a factor of 2 within the span of 20-30 minutes.
For tuning FEL pulse intensity, the SLAC Badger envi-
ronment grabs beam synchronous data from the gas detector
diagnostics at LCLS and LCLS-II. The gas detector signal
is acquired over a period of time as defined by an operator
through the badger GUI and the 80th percentile of the mea-
sured distribution is computed. This signal is then optimized
using Badger with respect to some or all of the matching
quadrupoles in the beamline (up to ~ 20 parameters), while
constraining the optimization on a maximum level of beam
losses. To assist in configuring the optimization routine,
Badger can automatically compute percentage deviations
from current machine settings such that optimization occurs
using small perturbations to machine settings. Using Badger,
we have routinely improved the FEL pulse intensity from
a cold start (near zero intensity) and from operator tuned
setpoints during normal operations as shown in Fig. 2.

Figure 2: Badger graphical user interface display after con-
ducting optimization of the LCLS-II FEL pulse intensity.

From these developments, Badger-based tuning of accel-
erator parameters was integrated into the restart of both the
LCLS and LCLS-II beamlines after the summer downtime
this year. The optimization configurations developed during
this time were saved using Badger’s templates feature such
that they can be easily re-run during future restart operations.

FUTURE DEVELOPMENTS

Xopt and Badger will continue to be developed with addi-
tional capabilities, improvements to user interfaces / APIs,
and enhancements of algorithmic implementations. Slated
for early 2026, Xopt v3.0 will be released, with enhance-
ments to the specification of VOCs (discrete parameters, vir-
tual objectives, etc.) and Generators such that they adhere
to standards set forth by the Scidac CAMPA Consourtium in
order to facilitate interchange of algorithms between Xopt,
libensemble [8], and optimus [9] optimization packages.
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Additionally, the Badger GUI will be further developed to in-
troduce new capabilities, such as loading previous data into
the optimization algorithm or making it easier and faster to
customize algorithms for specific use cases. Finally, we aim
to continue working with the community to add additional
algorithms to Xopt including constrained Extremum Seek-
ing [10] and reinforcement learning. These developments
are informed by recommendations from the Xopt Steering
Committee, an international group of scientists and facility
operators interested in ML-based control of accelerators.

CONCLUSION

In this work, we summarized the Python packages that
form the Xopt Ecosystem for online and offline optimiza-
tion of accelerator physics problems. These packages have
achieved a level of maturity such that they are used to solve
a wide range of problems in accelerator physics and have
been included in routine operations at SLAC and elsewhere.
While the development of these packages has been motivated
by problems in accelerator physics, they can be used off-the-
shelf for arbitrary scientific facilities such as telescopes or
photon science beamlines.
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