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Any sufficiently advanced technology
is indistinguishable from magic.

ARTHUR C. CLARKE’S THIRD LAW
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Summary
This dissertation is about the development of reinforcement learning (RL) methods and
differentiable simulations for autonomous particle accelerator tuning and control.

It focusses primarily on methods to solve the problem of training RL agents for complex
tasks, which is especially difficultwith accelerators, where beam time is scarce and safety is a
concern. As such, this dissertation introduces domain randomisation to the training process.
This technique opens the door to training RL policies on a simulation of the accelerator.
By randomising over model discrepancies, the trained policy can be deployed to the real
accelerator zero-shot, reducing the wall time required from years to less than one hour and
eliminating the need for beam time altogether. Extensive comparative studies of RL policies
are conducted on a transverse beam tuning task at the Accelerator Research Experiment at
SINBAD (ARES) linear accelerator facility at Deutsches Elektronen-Synchrotron (DESY).
They show that RL-trained policies outperform both expert human operators and the state
of the art in black-box optimisation methods used for accelerator tuning, namely Bayesian
optimisation (BO). Despite the success of the proposed additions to RL training, a main
difficulty is identified in the engineering challenge that continues to hinder the deployment
to day-to-day operations. This dissertation introduces and explores retraining using the
same training configuration, including algorithm, hyperparameters, policy architecture
and reward function, to transfer to novel similarly characterised transverse beam tuning
tasks using other lattice geometries at ARES. A method that goes one step further by
taking advantage of domain randomisation to train lattice-agnostic policies which can be
transferred zero-shot or with minimal fine-tuning is also proposed and found to reduce
the required amount of training and engineering.

As part of the effort to make RL training for accelerators more tractable, a high-speed
differentiable beam dynamics simulator with various speed optimisations, called Cheetah,
is developed based on the PyTorch machine learning library. Cheetah is found to be orders
of magnitude faster than existing conventional simulators, for example reducing simulated
training times on the transverse beam tuning task from weeks to under one hour. In
addition to supporting graphics processing unit (GPU) acceleration for further speed
gains, Cheetah natively supports automatic differentiation, unlocking the application of
novel methods, such as gradient-based accelerator tuning and system identification, as
well as differentiable physics-informed priors for BO, to particle accelerators. Cheetah also
integrates natively with the wider machine learning ecosystem, enabling AI/ML coupling
of programmatic physics models with data-driven modular neural network surrogates for
fast and fully differentiable modelling of complex dynamics.

The RL training setup is then applied to the more complex and high-impact task of
maximising the Free-Electron Laser (FEL) pulse intensity at the Linac Coherent Light
Source (LCLS) at SLAC National Accelerator Laboratory (SLAC), where trained policies
are shown to achieve near-optimal pulse intensities after just a few tuning steps. This
demonstrates the ability to scale RL training to complex tasks, but also highlights that
training times increase significantly with the complexity of the task. A novel gradient-based
RL training method based on Cheetah is proposed to address this challenge, reducing
the number of training samples required for FEL intensity tuning by nearly two orders of
magnitude through the use of the true gradient of the return over the policy parameters
rather than a noisy estimate of the policy gradient.
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Chapter 1

Introduction

Particle accelerators are some of the most sophisticated, complex and advancedmachines in
operation today. Their primary purpose is the acceleration of charged subatomic particles,
such as electrons or protons, to high speeds, typically close to the speed of light. The
accelerated particles are then used in a wide range of applications instrumental in facil-
itating scientific and technological progress, such as fundamental research in physics,
cancer therapy, the development of vaccines and drugs, as well as the development and
production of novel materials enabling, for example, carbon-neutral transportation.

However, the operation of particle accelerators is a complex and challenging task. State-
of-the-art applications place strict requirements on the properties of the beams delivered
by the accelerator. Attaining these conditions requires extensive tuning of the acceler-
ator’s subsystems, and maintaining them requires advanced control schemes. Because of
how complex accelerator tuning tasks often are, they typically continue to be performed
manually by experienced human operators. However, manual tuning is a time-consuming
process, with over 2000 hours a year spent on tuning at some facilities [62], and the quality
of the machine setup after tuning depending substantially on the operators’ experience,
limiting the reproducibility of results. Effective automation of accelerator tuning has the
potential to allow for faster and more reproducible tuning, while enabling working points
that are currently unattainable. Consequently, this would push the limits of accelerator
operability, enabling novel experiments and applications, increase the beam time available
for experiments, and improve the quality of the results obtained, ultimately facilitating
advances in all the fields served by particle accelerators.

Over the years, various methods have been developed to automate accelerator tuning
and control. Tuning methods range from simple grid search and random search to more
advanced methods from the field of numerical optimisation [79], such as Nelder-Mead
simplex optimisation [4, 79, 303], genetic algorithms [16, 21, 136, 229] and in most-recent
developments, Bayesian optimisation (BO) [271]. These methods have achieved prom-
ising results on a variety of accelerator tuning tasks, but they have limitations, including
a demand for large amounts of samples, their sensitivity to noise and an inability to
handle non-linear, non-convex objective functions. Most critically, even the most capable
algorithms like BO eventually fall victim to the so-called curse of dimensionality [19], where
their performance drops exponentially as the number of tuning dimensions increases and
the objective function becomes more complex. High-dimensional and non-linear object-
ive functions, however, are common with complex plants such as particle accelerators.
Similarly, conventional control schemes, such as proportional-integral-derivative (PID)
controllers, are widely deployed to accelerator systems and crucial to achieving the high
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2 Chapter 1. Introduction

levels of performance already attained by these machines today. However, conventional
controllers, too, have their limitations, such as difficulties in handling non-linear dynam-
ics, the requirement for a general understanding of the effects of different actuators on
the system and the need for manual tuning of the controller parameters, including com-
plex arrangements like gain scheduling to cover the many different operating conditions
encountered in accelerator operations.

Machine learning methods for function approximation and automation have emerged
in the past decade as promising solutions to numerous complex tasks across a wide range
of fields that were previously thought beyond the ability of computational methods. Rein-
forcement learning (RL) in particular has been shown to be capable of solving problems at
super-human performance levels [12, 305], and outperform classical control methods [59]
and numerical optimisation algorithms [51, 190, 191]. This suggests that RL could be a po-
tent method for solving complex accelerator tuning and control tasks, where the complexity
of the tasks exceeds the capabilities of classical methods.

However, at the start of this work in 2020, the application of RL to accelerators and
other complex real-world systems was very much in its infancy. RL had been shown to
be capable of solving complex tasks at super-human performance levels, but these results
mostly focussed on benchmark problems for the study of RL algorithms, such as Atari
games [223], the board gameGo [305], or video games likeDota 2 [240] and Starcraft II [339].
Some work had shown that RL could be applied to small yet complex real-world systems,
such as the control of a robotic hand [239], but other work at the time suggested that
the complexities of state-of-the-art RL continue to hinder its application to real-world
tasks [69, 145].

In the accelerator domain, RL had been shown to be capable of solving simple acceler-
ator tuning tasks [26, 45, 130, 243, 311], such as the optimisation of the beam trajectory in a
linear accelerator [153]. However, the explored tasks were comparatively simple-to-solve,
low-dimensional and linear in nature, serving primarily as a proof-of-principle. What is
more, studies were focussed on applications in simulation environments, with the deploy-
ment of RL to real-world accelerators still a mostly open challenge. Key difficulties with
deploying RL to complex real-world accelerator tuning tasks include the high demand
for training samples inherent to RL. The limited availability and high cost of beam time
at accelerator facilities make the collection of training samples for RL training prohibit-
ively expensive. Moreover, the safety-critical nature of accelerator operation makes the
exploration required for obtaining informative training samples dangerous and requires
that safety is incorporated into the training process.

As such, the central contributions of this dissertation focus on overcoming the challenges
of deploying RL to complex real-world accelerator tuning tasks, addressing the challenges,
such as high sample cost and safety requirements, inhibiting training on real accelerators.
To this end, the following contributions are made:

• A scheme for training RL policies zero-shot in simulation, without the need for beam
time and without the risk of violating the safety of the facility. The scheme includes
methods to overcome the sim-to-real gap through the use of domain randomisation
and an appropriate problem formulation.

• A high-speed differentiable beam dynamics simulation, both data-driven and physics-
based, to enable fast data collection for simulated RL training in feasible time, which
can also be used for gradient-based accelerator tuning and system identification as
well as to improve the performance of BO on accelerator tuning tasks, and enable the
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coupling of data-driven and physics-based models for improved model performance
and accuracy. In this context, the applicability of high-speed differentiable models
is studied not only in the context of RL but also their significant impact on other
machine learning efforts for accelerators and adjacent activities.

• An approach to training RL policies once, which can then be reused on a variety of
tasks, forgoing the need to train new policies for new tasks, ultimately reducing the
number of required training samples and engineering effort.

• A gradient-based RL policy optimisation method that leverages the developed differ-
entiable beam dynamics simulation to reduce the sample complexity of RL training.

• Trained RL-based accelerator tuning policies for optimising the transverse beam
parameters and maximising the Free-Electron Laser (FEL) pulse intensity.

• An extensive evaluation of RL-trained tuning policies against other state-of-the art
autonomous tuningmethods, among themBO, on a variety of accelerator tuning tasks,
including transverse beam parameter tuning and FEL pulse intensity maximisation.

• A proposal for and exploration of a novel large language model (LLM)-based ap-
proach for tuning accelerators and for numerical optimisation, removing the need
for training and algorithm definition entirely, requiring only a natural language
description of the task and goal at hand.

Ultimately, these contributions make training and deploying RL-trained policies to particle
accelerators and other complex real-world systems more feasible. This advancement un-
locks RL as a powerful tool to drive a paradigm shift in accelerator operation – from
actuator-driven control, where human operators adjust settings to achieve optimal meas-
urements, to specification-driven operation, where operators specify desired experimental
conditions, and autonomous agents ensure these conditions are met. As such, autonom-
ous particle accelerator tuning methods promise to not only improve the performance
of accelerators on existing applications but also open up new possibilities in scientific
research and industrial applications, marking a transformative advance in the field of
particle acceleration.

This dissertation is structured as follows: The background of the presented work is
introduced in Chapter 2, including relevant concepts and methods of machine learning,
RL and particle accelerators, as well as a review of related work. In Chapter 3, the de-
velopment of high-speed differentiable simulations of particle accelerators is presented
as a key prerequisite for the research into deploying RL. Chapter 4 then introduces the
central methods of this dissertation to overcome the challenges of deploying RL to particle
accelerators, including comprehensive studies of their performance, practical challenges
and comparisons to state-of-the-art optimisation methods like BO. In addition, this chapter
introduces methods to address the engineering and training complexities inherent to RL,
including lattice-agnostic policies and LLM-based optimisation. The studies in this chapter
are performed at the example of a transverse beam tuning task that is representative of a
wide range of common accelerator tuning tasks, while being complex enough to challenge
the capabilities of state-of-the-art optimisation methods and simple enough to allow for
a comprehensive study of the methods’ performance. The developed methods are then
extended to the more complex high-impact task of maximising the FEL pulse intensity in
Chapter 5. Here, it is additionally explored how the developed differentiable simulations
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can be employed to further reduce the effort required for RL training in the context of
accelerators by enabling the use of the true policy gradient by policy optimisation methods.
Finally, this dissertation concludes with a summary of the results, a discussion of their
implications and an outlook on future research in Chapter 6.



Chapter 2

Background

This chapter introduces the background of the research presented in this dissertation.
Machine learning with a focus on neural networks, automatic differentiation, supervised
learning, BO andmost importantly RL, are introduced in Section 2.1. A brief introduction to
particle accelerators is provided in Section 2.2, including specific facilities and tuning tasks
relevant to this work. Related work is reviewed in Section 2.3, covering general research on
differentiable simulations and RL, along with accelerator-specific work on autonomous
tuning, and the application of machine learning and RL to accelerators.

2.1 Machine Learning
Machine learning in the most general sense is a broad term describing a large collection of
statistical methods and algorithms that enable machines to learn from data to make predic-
tions or decisions without being explicitly programmed to do so. These methods usually
involve the use of a model with free parameters that are adjusted following some training
algorithm to optimise a loss or reward function measuring the model’s performance.

Three main categories of machine learning are commonly distinguished: supervised
learning, where models are trained on labelled data to make predictions or classifications;
unsupervised learning, where models identify patterns in unlabelled data; and reinforce-
ment learning, where models learn to make decisions by interacting with an environment
and receiving rewards or penalties based on their actions. In addition, the range of models
that can be used for machine learning is vast, including linear models, decision trees,
support vector machines, neural networks and many more.

This section introduces the machine learning concepts and methods that are relevant
to the work presented in this dissertation, introducing neural networks in Section 2.1.1,
automatic differentiation (an important prerequisite for many neural network training
algorithms) in Section 2.1.2, supervised learning in Section 2.1.3 and reinforcement learning
in Section 2.1.4. In addition, this section includes a brief introduction to BO, a data-driven
optimisation algorithm that is adjacent to machine learning and increasingly relevant for
state-of-the-art particle accelerator optimisation.

2.1.1 Neural Networks
Neural networks are a class of machine learning models inspired by the operation of
biological neurons in the brains of animals and humans [111]. First conceptualised in
1943 by McCulloch and Pitts [214], and first implemented by Rosenblatt in 1957 as the

5



6 Chapter 2. Background

Perceptron [262, 263], neural networks have become arguably the most significant class
of models in the field of machine learning since the success of AlexNet [181, 182] on the
ImageNet challenge in 2012. This success is in part due to the universal approximation
theorem, which states that neural networks can approximate any continuous function to ar-
bitrary precision given a sufficiently large number of neurons in a single hidden layer [137].
This ability to fit a large variety of functions in combination with their differentiability
allowing for ease of training with backpropagation [273] and stochastic gradient descent
(SGD) [259] have made neural networks the go-to model for many machine learning tasks
today, giving rise to a field of research known as deep learning.

The smallest unit of a neural network is the neuron. It is inspired by the biological
neuron. A neuron takes a vector of input values 𝒙, multiplies them with a vector of weights
𝒘 and takes the sum of the results. Then, a bias term 𝑏 𝑗 is added, and the result is passed
through a non-linear function 𝜑 called the activation function to produce an output 𝑦 𝑗 . For
a single neuron with index 𝑗 and number of inputs 𝑛, where 𝑥𝑖 is the 𝑖-th component of the
input vector 𝒙, 𝑤𝑖 𝑗 is the weight connecting the 𝑖-th input to the 𝑗-th neuron, 𝑏 𝑗 is the bias
of the 𝑗-th neuron and 𝑦 𝑗 is the output of the 𝑗-th neuron, this process can be written as

𝑦 𝑗 = 𝜑

(︄
𝑛∑︂
𝑖=1

𝑤𝑖 𝑗𝑥𝑖 + 𝑏 𝑗
)︄
. (2.1)

It is also illustrated in relation to a biological neuron in Fig. 2.1. Multiple neurons can
be combined into a layer, otherwise known as a perceptron. A perceptron can be neatly
expressed as a matrix-vector multiplication and addition

𝒚 = 𝜑 (𝑊 · 𝒙 + 𝒃) , (2.2)

where𝑊 is a matrix of weights connecting the inputs to the neurons, 𝒃 is a vector of biases
for each neuron and 𝒚 is the output vector of the layer. Note that it is only through the
inclusion of a non-linear activation function that a perceptron can approximate non-linear
functions. Commonly chosen activation functions include the sigmoid, hyperbolic tangent
(tanh), rectified linear unit (ReLU) [225] and Gaussian error linear unit (GELU) [125]
functions. They are plotted in Fig. 2.2. Stacking multiple layers of perceptrons sequentially
gives rise tomultilayer perceptrons (MLPs), the simplest form of neural network commonly
used in practice today. A full MLP contextualised in a flowchart of its inputs, outputs and
high-level training process is shown in Fig. 2.3.

Various extensions and modifications to the MLP have been proposed over the years.
Some of the most notable ones include convolutional neural networks (CNNs) [111, 187],
autoencoders [33, 111, 129, 186], recurrent neural networks (RNNs) [111, 273] and trans-
formers [333].

CNNs [111, 187] convolve the input data with a set of kernels to extract features from
the data. This makes them mostly invariant to translations of features in the input and
particularly well-suited for tasks like image recognition, as for example in AlexNet [181],
but they can also be employed on other types of data such as time series.

Autoencoders [33, 111, 129, 186] are a type of neural network architecture usually
trained in an unsupervised setting to learn a compressed representation of the input data.
They consist of an encoder that maps the input data to a lower-dimensional latent space
and a decoder that maps the latent space back to the input space. Autoencoders are used
for tasks like data denoising, dimensionality reduction and anomaly detection.
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Figure 2.1: (a) Flowchart of an artificial neuron as found in an artificial neural network
function approximator [155] according to Eq. (2.1). (b) Illustration of a biological neuron
for comparison [77].

RNNs [111, 273] are a type of neural network architecture that is particularly well-
suited for operating on sequence data, such as time series or natural language. They
have a recurrent connection, adding their output from the previous time step to their
input at the current time step, allowing them to maintain a memory of past inputs. The
most common variant of RNNs is the long short-term memory (LSTM) cell, which has a
more sophisticated gating mechanism that allows it to maintain a longer memory of past
inputs [134]. RNNs are particularly effective on tasks like time series forecasting, machine
translation, speech recognition and sentiment analysis.

A quite recent development in the field of neural network architectures are trans-
formers [333]. Like RNNs, transformers are especially suitable for operating on sequence
data. However, they do not have a recurrent connection, but instead rely on an attention
mechanism to learn the relationships between different parts of the input sequence. This
makes them more parallelisable and faster to train than RNNs, while also allowing them
to maintain a longer memory of past inputs than RNN architectures. Transformers have
allowed the field of natural language processing (NLP) to make significant progress in
recent years, enabling so-called large language models (LLMs) that can function as intelli-
gent conversational agents, summarisers, translators and coding assistants. Other variants
have also found applications to time series forecasting [194] and image recognition [67].
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Figure 2.2: Sigmoid, tanh, ReLU and GELU activation functions commonly used in neural
networks plotted over the result of adding the bias to the weighted sum of the inputs.

2.1.2 Automatic Differentiation and Backpropagation
An important prerequisite for training neural networks and for gradient-based optimisation
in general is the ability to compute the gradient of a function with respect to its input.
Two well-known methods for computing gradients are numerical differentiation, which
approximates the numerical value of the gradient by evaluating the function at multiple
points using the method of finite differences, and symbolic differentiation, which computes
an exact expression for the gradient by applying the rules of calculus. However, both
methods have their drawbacks: Both suffer fromhigh computational complexity. Numerical
differentiation further suffers from numerical errors, such as truncation and rounding
errors, while symbolic differentiation struggles with expression swell, where the derivative
expressions quickly grow intractably large, and requires closed-form expressions, which
are not always available for real-world functions.

Automatic differentiation largely overcomes these issues by taking advantage of the
chain rule, which states that the derivative of a composition of functions can be computed
as the product of the derivatives of the individual functions, e.g.

𝜕

𝜕𝑥
𝑓 (𝑔 (𝑥)) = 𝑓 ′

(︁
𝑔 (𝑥))︁ · 𝑔′ (𝑥) . (2.3)

This allows for the computation of the gradient of a complex function or program by
breaking it down into a sequence of elementary operations, for which the derivative
expressions are known. These can then be used to compute the numerical gradient of these
small expressions early, and combine them using the chain rule to obtain the numerical
value of the gradient of the entire complex function.

Two different kinds of automatic differentiation are generally distinguished: forward
mode and reverse mode.

In forward mode automatic differentiation, the derivative of a function is computed
starting from the input following the data flow of the function as it is evaluated. That is,
given the input’s derivative

𝜕𝑥
𝜕𝑥

= 1, (2.4)
the derivative of 𝑔 (𝑥) is computed as

𝜕𝑔
𝜕𝑥

= 𝑔′ (𝑥) · 1, (2.5)
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<latexit sha1_base64="YUMrYz9UvTF4K6cn7vqb8V4Y0iE=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkaq7ghuXFewD21IyadoGk8yQ3NGWYf7Crf6RH+B3uBMXpg+hjwshh3ty7j05fii4Adf9clIbm+mt7cxOdndv/+Awlz+qmyDSlNVoIALd9IlhgitWAw6CNUPNiPQFa/jPdxO+8cK04YF6hHHIOpIMFO9zSsC2ntoqkrFbuvWSbq7gltxp4XXgzUEBzavazTsX7V5AI8kUUEGMaXluCJ2YaOBUsCTbjgwLCX0mA9ayUBHJTCeeWk5w0XZ6uB9oexTgaXdREcMgtJcQZGlQrNhrOJIEhkm2iBcJIo0ZS99OnrBmnZ2K/tklb9C/6cRchREwRWfW+pHAEOBJYrjHNaMgxhYQqrn9HaZDogkFm+vKHl8u2zU8UhxGSdbG662GuQ7qlyWvXCo/XBUqZ/OgM+gEnaJz5KFrVEH3qIpqiCKF3tA7+nA+nW/nx/mdPU05c80xWqpU+g/6qrJw</latexit>0.91

<latexit sha1_base64="yWUspR0fhhE/K9TphZh1wD3iE9g=">AAACS3icZVDLSgMxFM3Ud321unQTrAVBKDMi1WXBjUsFW8V2KJk0rcEkMyR3tGWYv3Crf+QH+B3uxIWZdgSnvRDu4Z6cm5MTRIIbcN1Pp7S0vLK6tr5R3tza3tmtVPc6Jow1ZW0ailDfB8QwwRVrAwfB7iPNiAwEuwueLjP+7plpw0N1C5OI+ZKMFB9ySsCOHnoqlonbcN20X6llPSu8CLwc1FBe1/2qc9IbhDSWTAEVxJiu50bgJ0QDp4Kl5V5sWEToExmxroWKSGb8ZGo5xXU7GeBhqO1RgKfT/4oERpFtQpDCokSxl2gsCTym5Tr+TxBpzEQGdnPGmkV2KvpjC95geOEnXEUxMEVn1oaxwBDiLDE84JpREBMLCNXc/g7TR6IJBZvr3DuBLNo1PFYcxmnZxuvNh7kIOqcNr9lo3pzVWkd50OvoAB2iY+Shc9RCV+gatRFFCr2iN/TufDhfzrfzM7tacnLNPipUaeUX5+uyZg==</latexit>0.00
<latexit sha1_base64="+XCAdAoqg/beE9lt2OwO3l0WtZY=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkeqy4MZlBfvAtpRMmrahSWZI7mjLMH/hVv/ID/A73IkL04fQx4VwD/fk3JwcPxTcgOt+Oamt7fTObmYvu39weHScy5/UTRBpymo0EIFu+sQwwRWrAQfBmqFmRPqCNfzR/ZRvvDBteKCeYBKyjiQDxfucErCj57aKZOyWXC/p5gq2zwpvAm8BCmhR1W7euWr3AhpJpoAKYkzLc0PoxEQDp4Il2XZkWEjoiAxYy0JFJDOdeGY5wUU76eF+oO1RgGfTZUUMg9A2IcjKolix13AsCQyTbBEvE0QaM5G+3TxlzSY7E/2zK96gf9eJuQojYIrOrfUjgSHA08Rwj2tGQUwsIFRz+ztMh0QTCjbXtXd8uWrX8EhxGCdZG6+3HuYmqF+XvHKp/HhTqFwsgs6gM3SOLpGHblEFPaAqqiGKFHpD7+jD+XS+nR/nd3415Sw0p2ilUuk/6cqyZw==</latexit>0.01

<latexit sha1_base64="PHfPXfo671Kg/LeCInqM7jL+ev4=">AAACTHicZVDLSgMxFM3UVx1fVZduglUQxGFGRV0W3LhUsA9oh5JJMzWYZIbkjlqG+Qy3+kfu/Q93IpjWCn1cCDnck3PvyYlSwQ34/qdTWlhcWl4pr7pr6xubW5XtnYZJMk1ZnSYi0a2IGCa4YnXgIFgr1YzISLBm9Hg95JtPTBueqHsYpCyUpK94zCkB22p3VCbzE987uyq6larv+aPC8yAYgyoa12132znu9BKaSaaACmJMO/BTCHOigVPBCreTGZYS+kj6rG2hIpKZMB95LvCh7fRwnGh7FOBRd1KRQz+1lxBkalCu2HP6Igk8FO4hniSINGYgIzt5yJp5diT6Z6e8QXwV5lylGTBF/6zFmcCQ4GFkuMc1oyAGFhCquf0dpg9EEwo22Jk9kZy2a3imOLwUro03mA1zHjROveDCu7g7r9YOxkGX0R7aR0coQJeohm7QLaojihL0it7Qu/PhfDnfzs/f05Iz1uyiqSot/wJ48LKo</latexit>→0.38
<latexit sha1_base64="gbOxTrr8OM3CuZG4+XJRgemedpg=">AAACS3icZVDLSgMxFM1U62N8tbp0E6wFQSgzKtWl4MalgrViO5RMmrbBJDMkd7RlmL9wq3/kB/gd7sSF6VjBsRdCDvfk3HtywlhwA5737pQWFstLyyur7tr6xuZWpbp9a6JEU9aikYj0XUgME1yxFnAQ7C7WjMhQsHb4cDHl249MGx6pG5jELJBkqPiAUwK2dd9ViUyPG0cnWa9S8xpeXnge+DNQQ7O66lWdw24/oolkCqggxnR8L4YgJRo4FSxzu4lhMaEPZMg6FioimQnS3HKG67bTx4NI26MA592/ihSGsb2EIIVBqWJP8VgSGGVuHf8liDRmIkM7ecqaeTYX/bIFbzA4C1Ku4gSYoj/WBonAEOFpYrjPNaMgJhYQqrn9HaYjogkFm+u/PaEs2jU8URzGmWvj9f+HOQ9ujxp+s9G8Pqmd78+CXkG7aA8dIB+donN0ia5QC1Gk0DN6Qa/Om/PhfDpfP09LzkyzgwpVKn8D+M2ybw==</latexit>3.24

<latexit sha1_base64="7+aNNGwF0BqiF6CQ+T9w5Uo+qio=">AAACTHicZVDLSgMxFM1UrbW+Wl26CdaCIJYZkeqy4MZlBfuAtpRMmrahSWZI7mjLMJ/hVv/Ivf/hTgTTh9DHhZDDPTn3nhw/FNyA6345qa3tnfRuZi+7f3B4dJzLn9RNEGnKajQQgW76xDDBFasBB8GaoWZE+oI1/NHDlG+8MG14oJ5hErKOJAPF+5wSsK1WW0UyvnZLZTfp5gpuyZ0V3gTeAhTQoqrdvHPV7gU0kkwBFcSYlueG0ImJBk4FS7LtyLCQ0BEZsJaFikhmOvHMc4KLttPD/UDbowDPusuKGAahvYQgK4NixV7DsSQwTLJFvEwQacxE+nbylDWb7Ez0z654g/59J+YqjIApOrfWjwSGAE8jwz2uGQUxsYBQze3vMB0STSjYYNf2+HLVruGR4jBOsjZebz3MTVC/KXnlUvnptlC5WASdQWfoHF0iD92hCnpEVVRDFAXoDb2jD+fT+XZ+nN/505Sz0JyilUql/wBvmLKj</latexit>→0.60
<latexit sha1_base64="SJp28vz27/1T0HeGd5tSmtbXs1w=">AAACS3icZVDLSgMxFM1U66O+Wl26CdaCIAwzRdRlwY1LBVtFW0omzbShSWZI7mjLMH/hVv/ID/A73IkL03aE1l4IOdyTc+/JCWLBDXjep1NYWS2urW9slra2d3b3ypX9lokSTVmTRiLSDwExTHDFmsBBsIdYMyIDwe6D4dWEv39m2vBI3cE4Zh1J+oqHnBKwrce2SmTquWf1rFuueq43LbwM/BxUUV433Ypz2u5FNJFMARXEmCffi6GTEg2cCpaV2olhMaFD0mdPFioimemkU8sZrtlOD4eRtkcBnnbnFSn0Y3sJQRYGpYq9xCNJYJCVanieINKYsQzs5Alrltmp6I9d8AbhZSflKk6AKTqzFiYCQ4QnieEe14yCGFtAqOb2d5gOiCYUbK7/9gRy0a7hieIwyko2Xv9/mMugVXf9c/f89qzaOM6D3kCH6AidIB9doAa6RjeoiShS6BW9oXfnw/lyvp2f2dOCk2sO0EIVir/zKbJs</latexit>0.42

Input

<latexit sha1_base64="yWUspR0fhhE/K9TphZh1wD3iE9g=">AAACS3icZVDLSgMxFM3Ud321unQTrAVBKDMi1WXBjUsFW8V2KJk0rcEkMyR3tGWYv3Crf+QH+B3uxIWZdgSnvRDu4Z6cm5MTRIIbcN1Pp7S0vLK6tr5R3tza3tmtVPc6Jow1ZW0ailDfB8QwwRVrAwfB7iPNiAwEuwueLjP+7plpw0N1C5OI+ZKMFB9ySsCOHnoqlonbcN20X6llPSu8CLwc1FBe1/2qc9IbhDSWTAEVxJiu50bgJ0QDp4Kl5V5sWEToExmxroWKSGb8ZGo5xXU7GeBhqO1RgKfT/4oERpFtQpDCokSxl2gsCTym5Tr+TxBpzEQGdnPGmkV2KvpjC95geOEnXEUxMEVn1oaxwBDiLDE84JpREBMLCNXc/g7TR6IJBZvr3DuBLNo1PFYcxmnZxuvNh7kIOqcNr9lo3pzVWkd50OvoAB2iY+Shc9RCV+gatRFFCr2iN/TufDhfzrfzM7tacnLNPipUaeUX5+uyZg==</latexit>0.00
<latexit sha1_base64="yWUspR0fhhE/K9TphZh1wD3iE9g=">AAACS3icZVDLSgMxFM3Ud321unQTrAVBKDMi1WXBjUsFW8V2KJk0rcEkMyR3tGWYv3Crf+QH+B3uxIWZdgSnvRDu4Z6cm5MTRIIbcN1Pp7S0vLK6tr5R3tza3tmtVPc6Jow1ZW0ailDfB8QwwRVrAwfB7iPNiAwEuwueLjP+7plpw0N1C5OI+ZKMFB9ySsCOHnoqlonbcN20X6llPSu8CLwc1FBe1/2qc9IbhDSWTAEVxJiu50bgJ0QDp4Kl5V5sWEToExmxroWKSGb8ZGo5xXU7GeBhqO1RgKfT/4oERpFtQpDCokSxl2gsCTym5Tr+TxBpzEQGdnPGmkV2KvpjC95geOEnXEUxMEVn1oaxwBDiLDE84JpREBMLCNXc/g7TR6IJBZvr3DuBLNo1PFYcxmnZxuvNh7kIOqcNr9lo3pzVWkd50OvoAB2iY+Shc9RCV+gatRFFCr2iN/TufDhfzrfzM7tacnLNPipUaeUX5+uyZg==</latexit>0.00

<latexit sha1_base64="yWUspR0fhhE/K9TphZh1wD3iE9g=">AAACS3icZVDLSgMxFM3Ud321unQTrAVBKDMi1WXBjUsFW8V2KJk0rcEkMyR3tGWYv3Crf+QH+B3uxIWZdgSnvRDu4Z6cm5MTRIIbcN1Pp7S0vLK6tr5R3tza3tmtVPc6Jow1ZW0ailDfB8QwwRVrAwfB7iPNiAwEuwueLjP+7plpw0N1C5OI+ZKMFB9ySsCOHnoqlonbcN20X6llPSu8CLwc1FBe1/2qc9IbhDSWTAEVxJiu50bgJ0QDp4Kl5V5sWEToExmxroWKSGb8ZGo5xXU7GeBhqO1RgKfT/4oERpFtQpDCokSxl2gsCTym5Tr+TxBpzEQGdnPGmkV2KvpjC95geOEnXEUxMEVn1oaxwBDiLDE84JpREBMLCNXc/g7TR6IJBZvr3DuBLNo1PFYcxmnZxuvNh7kIOqcNr9lo3pzVWkd50OvoAB2iY+Shc9RCV+gatRFFCr2iN/TufDhfzrfzM7tacnLNPipUaeUX5+uyZg==</latexit>0.00
<latexit sha1_base64="DjzWwuQRW+BP3V8/HXcSd0Rh8YM=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZleqy4MZlBfvAtpRMmrbBJDMkd7RlmL9wq3/kB/gd7sSF6UPo40K4h3tybk6OHwpuwHW/nNTGZnprO7OT3d3bPzjM5Y/qJog0ZTUaiEA3fWKY4IrVgINgzVAzIn3BGv7z3YRvvDBteKAeYRyyjiQDxfucErCjp7aKZOyW3KukmyvYPi28Drw5KKB5Vbt556LdC2gkmQIqiDEtzw2hExMNnAqWZNuRYSGhz2TAWhYqIpnpxFPLCS7aSQ/3A22PAjydLipiGIS2CUGWFsWKvYYjSWCYZIt4kSDSmLH07eYJa9bZqeifXfIG/dtOzFUYAVN0Zq0fCQwBniSGe1wzCmJsAaGa299hOiSaULC5rrzjy2W7hkeKwyjJ2ni91TDXQf2y5JVL5YfrQuVsHnQGnaBTdI48dIMq6B5VUQ1RpNAbekcfzqfz7fw4v7OrKWeuOUZLlUr/Ae2Ismk=</latexit>0.03
<latexit sha1_base64="AY/4/ND/PDR6ThY7hWq8c1+x6d0=">AAACS3icZVDLTgIxFO2gKOILdOmmEUlMTMgMMeiSxI1LTOQRgZBOKdDQdibtHYVM5i/c6h/5AX6HO+PC8jARuElzT+7puT09fii4Adf9dFJb2+md3cxedv/g8Og4lz9pmCDSlNVpIALd8olhgitWBw6CtULNiPQFa/rjuxnffGba8EA9wjRkXUmGig84JWBHTx0VydgtueWklyvYPi+8CbwlKKBl1Xp556rTD2gkmQIqiDFtzw2hGxMNnAqWZDuRYSGhYzJkbQsVkcx047nlBBftpI8HgbZHAZ5P/ytiGIa2CUFWFsWKvYQTSWCUZIv4P0GkMVPp280z1myyc9Efu+INBrfdmKswAqbowtogEhgCPEsM97lmFMTUAkI1t7/DdEQ0oWBzXXvHl6t2DY8Uh0mStfF662Fugka55FVKlYfrQvViGXQGnaFzdIk8dIOq6B7VUB1RpNArekPvzofz5Xw7P4urKWepOUUrlUr/Auupsmg=</latexit>0.02

<latexit sha1_base64="+XCAdAoqg/beE9lt2OwO3l0WtZY=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkeqy4MZlBfvAtpRMmrahSWZI7mjLMH/hVv/ID/A73IkL04fQx4VwD/fk3JwcPxTcgOt+Oamt7fTObmYvu39weHScy5/UTRBpymo0EIFu+sQwwRWrAQfBmqFmRPqCNfzR/ZRvvDBteKCeYBKyjiQDxfucErCj57aKZOyWXC/p5gq2zwpvAm8BCmhR1W7euWr3AhpJpoAKYkzLc0PoxEQDp4Il2XZkWEjoiAxYy0JFJDOdeGY5wUU76eF+oO1RgGfTZUUMg9A2IcjKolix13AsCQyTbBEvE0QaM5G+3TxlzSY7E/2zK96gf9eJuQojYIrOrfUjgSHA08Rwj2tGQUwsIFRz+ztMh0QTCjbXtXd8uWrX8EhxGCdZG6+3HuYmqF+XvHKp/HhTqFwsgs6gM3SOLpGHblEFPaAqqiGKFHpD7+jD+XS+nR/nd3415Sw0p2ilUuk/6cqyZw==</latexit>0.01
<latexit sha1_base64="+XCAdAoqg/beE9lt2OwO3l0WtZY=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkeqy4MZlBfvAtpRMmrahSWZI7mjLMH/hVv/ID/A73IkL04fQx4VwD/fk3JwcPxTcgOt+Oamt7fTObmYvu39weHScy5/UTRBpymo0EIFu+sQwwRWrAQfBmqFmRPqCNfzR/ZRvvDBteKCeYBKyjiQDxfucErCj57aKZOyWXC/p5gq2zwpvAm8BCmhR1W7euWr3AhpJpoAKYkzLc0PoxEQDp4Il2XZkWEjoiAxYy0JFJDOdeGY5wUU76eF+oO1RgGfTZUUMg9A2IcjKolix13AsCQyTbBEvE0QaM5G+3TxlzSY7E/2zK96gf9eJuQojYIrOrfUjgSHA08Rwj2tGQUwsIFRz+ztMh0QTCjbXtXd8uWrX8EhxGCdZG6+3HuYmqF+XvHKp/HhTqFwsgs6gM3SOLpGHblEFPaAqqiGKFHpD7+jD+XS+nR/nd3415Sw0p2ilUuk/6cqyZw==</latexit>0.01
<latexit sha1_base64="+XCAdAoqg/beE9lt2OwO3l0WtZY=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkeqy4MZlBfvAtpRMmrahSWZI7mjLMH/hVv/ID/A73IkL04fQx4VwD/fk3JwcPxTcgOt+Oamt7fTObmYvu39weHScy5/UTRBpymo0EIFu+sQwwRWrAQfBmqFmRPqCNfzR/ZRvvDBteKCeYBKyjiQDxfucErCj57aKZOyWXC/p5gq2zwpvAm8BCmhR1W7euWr3AhpJpoAKYkzLc0PoxEQDp4Il2XZkWEjoiAxYy0JFJDOdeGY5wUU76eF+oO1RgGfTZUUMg9A2IcjKolix13AsCQyTbBEvE0QaM5G+3TxlzSY7E/2zK96gf9eJuQojYIrOrfUjgSHA08Rwj2tGQUwsIFRz+ztMh0QTCjbXtXd8uWrX8EhxGCdZG6+3HuYmqF+XvHKp/HhTqFwsgs6gM3SOLpGHblEFPaAqqiGKFHpD7+jD+XS+nR/nd3415Sw0p2ilUuk/6cqyZw==</latexit>0.01

<latexit sha1_base64="DjzWwuQRW+BP3V8/HXcSd0Rh8YM=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZleqy4MZlBfvAtpRMmrbBJDMkd7RlmL9wq3/kB/gd7sSF6UPo40K4h3tybk6OHwpuwHW/nNTGZnprO7OT3d3bPzjM5Y/qJog0ZTUaiEA3fWKY4IrVgINgzVAzIn3BGv7z3YRvvDBteKAeYRyyjiQDxfucErCjp7aKZOyW3KukmyvYPi28Drw5KKB5Vbt556LdC2gkmQIqiDEtzw2hExMNnAqWZNuRYSGhz2TAWhYqIpnpxFPLCS7aSQ/3A22PAjydLipiGIS2CUGWFsWKvYYjSWCYZIt4kSDSmLH07eYJa9bZqeifXfIG/dtOzFUYAVN0Zq0fCQwBniSGe1wzCmJsAaGa299hOiSaULC5rrzjy2W7hkeKwyjJ2ni91TDXQf2y5JVL5YfrQuVsHnQGnaBTdI48dIMq6B5VUQ1RpNAbekcfzqfz7fw4v7OrKWeuOUZLlUr/Ae2Ismk=</latexit>0.03
<latexit sha1_base64="t5OfezR17R3z0pjiWLYb4birP0g=">AAACS3icZVDLTgIxFO2gKOILdOmmEUlMTMiMMeCSxI1LTOQRgZBOKdDQdibtHYVM5i/c6h/5AX6HO+PC8jARuElzT+7puT09fii4Adf9dFJb2+md3cxedv/g8Og4lz9pmCDSlNVpIALd8olhgitWBw6CtULNiPQFa/rjuxnffGba8EA9wjRkXUmGig84JWBHTx0VydgtuZWklyvYPi+8CbwlKKBl1Xp556rTD2gkmQIqiDFtzw2hGxMNnAqWZDuRYSGhYzJkbQsVkcx047nlBBftpI8HgbZHAZ5P/ytiGIa2CUFWFsWKvYQTSWCUZIv4P0GkMVPp280z1myyc9Efu+INBrfdmKswAqbowtogEhgCPEsM97lmFMTUAkI1t7/DdEQ0oWBzXXvHl6t2DY8Uh0mStfF662FugsZ1ySuXyg83herFMugMOkPn6BJ5qIKq6B7VUB1RpNArekPvzofz5Xw7P4urKWepOUUrlUr/AvUEsm0=</latexit>0.07
<latexit sha1_base64="ao3B3dYEGQ+zupRVb3gO/TEWwD0=">AAACS3icZVDLSgMxFM1Uq7W+Wl26CdaCIJQZkaq7ghuXFewD21IyadoGk8yQ3NGWYf7Crf6RH+B3uBMXpg+hjwvhHu7JuTk5fii4Adf9clIbm+mt7cxOdndv/+Awlz+qmyDSlNVoIALd9IlhgitWAw6CNUPNiPQFa/jPdxO+8cK04YF6hHHIOpIMFO9zSsCOntoqkrFbcm+Tbq5g+7TwOvDmoIDmVe3mnYt2L6CRZAqoIMa0PDeETkw0cCpYkm1HhoWEPpMBa1moiGSmE08tJ7hoJz3cD7Q9CvB0uqiIYRDaJgRZWhQr9hqOJIFhki3iRYJIY8bSt5snrFlnp6J/dskb9G86MVdhBEzRmbV+JDAEeJIY7nHNKIixBYRqbn+H6ZBoQsHmuvKOL5ftGh4pDqMka+P1VsNcB/XLklculR+uCpWzedAZdIJO0Tny0DWqoHtURTVEkUJv6B19OJ/Ot/Pj/M6uppy55hgtVSr9B/jCsm8=</latexit>0.09

<latexit sha1_base64="Yg4uwgfvNZ2/Iilh2/2ooEvKu0Y=">AAACTHicZVDLSgMxFM3UV62vVpdugrUgiGVGpbosuHFZwT6gLSWTpm1okhmSO9oyzGe41T9y73+4E8H0IfRxIeRwT869J8cPBTfgul9OamNza3snvZvZ2z84PMrmjmsmiDRlVRqIQDd8YpjgilWBg2CNUDMifcHq/vBhwtdfmDY8UM8wDllbkr7iPU4J2FazpSIZX7nF0k3SyebdojstvA68OcijeVU6Oeey1Q1oJJkCKogxTc8NoR0TDZwKlmRakWEhoUPSZ00LFZHMtOOp5wQXbKeLe4G2RwGedhcVMfRDewlBlgbFir2GI0lgkGQKeJEg0pix9O3kCWvW2anon13yBr37dsxVGAFTdGatFwkMAZ5EhrtcMwpibAGhmtvfYTogmlCwwa7s8eWyXcMjxWGUZGy83mqY66B2XfRKxdLTbb58Pg86jU7RGbpAHrpDZfSIKqiKKArQG3pHH86n8+38OL+zpylnrjlBS5Xa/gN1NbKm</latexit>→0.63

<latexit sha1_base64="Yg4uwgfvNZ2/Iilh2/2ooEvKu0Y=">AAACTHicZVDLSgMxFM3UV62vVpdugrUgiGVGpbosuHFZwT6gLSWTpm1okhmSO9oyzGe41T9y73+4E8H0IfRxIeRwT869J8cPBTfgul9OamNza3snvZvZ2z84PMrmjmsmiDRlVRqIQDd8YpjgilWBg2CNUDMifcHq/vBhwtdfmDY8UM8wDllbkr7iPU4J2FazpSIZX7nF0k3SyebdojstvA68OcijeVU6Oeey1Q1oJJkCKogxTc8NoR0TDZwKlmRakWEhoUPSZ00LFZHMtOOp5wQXbKeLe4G2RwGedhcVMfRDewlBlgbFir2GI0lgkGQKeJEg0pix9O3kCWvW2anon13yBr37dsxVGAFTdGatFwkMAZ5EhrtcMwpibAGhmtvfYTogmlCwwa7s8eWyXcMjxWGUZGy83mqY66B2XfRKxdLTbb58Pg86jU7RGbpAHrpDZfSIKqiKKArQG3pHH86n8+38OL+zpylnrjlBS5Xa/gN1NbKm</latexit>→0.63
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Figure 2.3: Illustration of an MLP in a supervised learning context. The model takes input
data 𝒙 and produces an output 𝒚̂ by passing the input through multiple layers of neurons,
where neurons are drawn in red, and the connections between them are drawn as black
lines. The output is then compared to the target output 𝒚 using an error-computing loss
function. The backpropagation algorithm is used to compute the gradient of the loss
function with respect to the model parameters, i.e. the neural network’s weights and biases,
which are then updated in the direction that minimises the loss function using a variant of
SGD. This illustration is derived from [171].

followed by the derivative of 𝑓 (︁
𝑔 (𝑥))︁ as

𝜕 𝑓
𝜕𝑥

= 𝑓 ′
(︁
𝑔 (𝑥))︁ · 𝜕𝑔

𝜕𝑥
. (2.6)

In reverse mode (sometimes also called backward mode) automatic differentiation,
the derivative of a function is computed starting from its output after the function has
been evaluated. To this end, the function is first evaluated in the forward pass, storing
intermediate values and operations in a computational graph. Then, the derivative of
the function is computed in a backward pass by applying the chain rule in reverse order,
e.g. the derivative of 𝑓 (︁

𝑔 (𝑥))︁ is computed as

𝜕 𝑓
𝜕𝑥

= 𝑓 ′
(︁
𝑔 (𝑥))︁ · 𝜕𝑔

𝜕𝑥
, (2.7)

with the derivative of 𝑔 (𝑥) computed as

𝜕𝑔
𝜕𝑥

= 𝑔′ (𝑥) · 1. (2.8)

Forward mode differentiation generally requires less memory than reverse mode dif-
ferentiation, because it does not need to store intermediate values and operations, and
is more computationally efficient for functions where the number of inputs is smaller
than the number of outputs. Reverse mode differentiation, on the other hand, is more
memory-intensive, but more computationally efficient for functions where the number of
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outputs is significantly smaller than the number of inputs, as is often the case with machine
learning models [15].

A specific use case of reverse mode automatic differentiation is the backpropagation
algorithm, which is commonly used to train neural networks in modern machine learning.
Backpropagation computes the gradient of the loss function with respect to the model’s
free parameters, that is the weights𝑊 and biases 𝒃 of each layer in the case of MLPs, by
applying the chain rule in reverse order. Considering a two-layer MLP with a loss function
ℒ and parameters 𝜃 = {𝑊, 𝒃}, the gradient of the loss with respect to the weights and
biases can be computed as

𝜕ℒ
𝜕𝜃

=
𝜕ℒ
𝜕𝒚𝑛

𝜕𝒚𝑛
𝜕𝜃

=
𝜕𝒚𝑛
𝜕𝒚𝑛−1

𝜕𝒚𝑛−1
𝜕𝒚𝑛−2

. . .
𝜕𝒚1
𝜕𝜃

, (2.9)

where 𝒚𝑖 is the output of the 𝑖-th layer of the MLP, with 𝒚1 being the input to the first
layer, 𝒚𝑛 being the output of the last layer. Based on the computed gradients, the MLP’s
parameters are then updated in the direction that minimises the loss function, for example
using SGD or one of its variants, such as Adam [173].

2.1.3 Supervised Learning
Supervised learning is one of the most common machine learning paradigms. It assumes
the presence of a dataset of input-output pairs

𝒟 =
{︁
𝒙𝑖 , 𝒚𝑖

}︁𝑁
𝑖=1 , (2.10)

where 𝑁 is the number of samples in the dataset. The goal of supervised learning is to
train a model to accurately approximate the mapping from the input 𝒙 to the output 𝒚 by
minimising a loss function ℒ that measures the difference between the predicted output 𝒚̂
and the true output 𝒚. This means finding the model parameters 𝜃 that minimise the loss
function, i.e.

𝜃∗ = argmin𝜃

𝑁∑︂
𝑖=1
ℒ (︁

𝒚𝑖 , 𝒚̂𝑖
)︁ , (2.11)

where the predicted output 𝒚̂𝑖 is a function of the input 𝒙𝑖 and the model parameters 𝜃,
defined as

𝒚̂𝑖 = 𝑓 (𝒙𝑖 | 𝜃) . (2.12)
Many different models and loss functions have been developed and used over the years,

and the choice depends on the specific task at hand. Commonly, differentiable models and
loss functions, such as neural networks and the mean-squared error (MSE) loss function,
are used. This enables the efficient computation of the gradient of the loss function with
respect to the model parameters using automatic differentiation and backpropagation.
The gradient can then be used with SGD or a derivative algorithm to update the model
parameters in the direction that minimises the loss function.

The guiding principle of SGD [259, 310] is to compute the gradients of the loss function
with respect to the model parameters on a mini-batch ℬ, that is a randomly selected small
subset of the training data, average the computed gradients over themini-batch, and update
the model parameters in the direction that minimises the loss function. The stochasticity
in the selection of the mini-batch that gives SGD its name means that the parameters are
never adjusted exactly in the direction of the true gradient, but rather in the direction of
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an approximation of it. This helps to avoid local minima and saddle points in the loss
landscape, which can be problematic for optimisation algorithms. Following SGD, the
model parameters are updated as

𝜃𝑘+1 = 𝜃𝑘 − 𝛼
1
|ℬ|

|ℬ|∑︂
𝑖=1
∇𝜃ℒ

(︁
𝒚𝑖 , 𝒚̂𝑖

)︁ , (2.13)

where 𝛼 is the learning rate, a hyperparameter that controls the size of the step taken in
the direction of the gradient, |ℬ| is the number of samples in the mini-batch, 𝜃𝑘 denotes
the model parameters 𝜃 at training iteration 𝑘 and 𝒚̂𝑖 depends on the model parameters 𝜃
according to Eq. (2.12).

The supervised learning process over an MLP in a regression context is illustrated in
Fig. 2.3.

2.1.4 Reinforcement Learning
Reinforcement learning (RL) [319] is a machine learning paradigm, where instead of
learning from a dataset of input-output pairs, function approximations are learned by the
principle of trial and error. The goal of RL is to find an optimal policy function 𝜋∗ that
interacts with an environment by taking actions 𝒂𝑡 based on the state 𝒔𝑡 of the environment
or observations 𝒐𝑡 thereof, such that the sum of rewards 𝑟𝑡 , i.e. the (discounted) cumulative
reward

𝑅(𝝉) =
𝑇∑︂
𝑡=0

𝛾𝑡𝑟𝑡 (2.14)

of a trajectory of states and actions

𝝉 = {𝒔0, 𝒂0, 𝒔1, 𝒂1, . . . , 𝒔𝑇} (2.15)

is maximised, where 𝑡 denotes a discrete time step, and 𝑇 denotes a finite time horizon,
i.e. the length of the trajectory. The goal is formalised as

𝜋∗ = argmax
𝜋

E𝝉∼𝜋 [𝑅(𝝉)] . (2.16)

Here, the policy 𝜋 is a set of rules or a function that maps states or observations to actions,
the agent is the entity that interacts with the environment and learns the policy, and the
environment is the system that the agent interacts with, i.e. the task that the agent is
expected to solve. States 𝒔𝑡 capture the entire information about the environment at a
given time step, while observations 𝒐𝑡 are (partial) information about the environment
that the agent receives. Actions 𝒂𝑡 are the decisions that the agent can take to influence the
environment, and rewards 𝑟𝑡 are scalar values that the environment emits in response to
the agent’s actions, indicating how well the agent is performing. The interaction loop of an
RL agent with its environment is illustrated in Fig. 2.4.

In RL, the environment is typically formalised as a Markov decision process (MDP)

ℳ =
(︁𝒮 ,𝒜,ℛ, 𝑃, 𝜌0)︁ , (2.17)

where 𝒮 is the set of valid states,𝒜 is the set of valid actions, ℛ is the reward function

𝑟𝑡 = ℛ (𝒔𝑡 , 𝒂𝑡 , 𝒔𝑡+1) . (2.18)
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Figure 2.4: Flowchart of the RL loop [158]. Based on the observation 𝒐𝑡 of the environment,
the agent chooses an action 𝒂𝑡 . As a result of the action, the environment transitions to a
new internal state 𝒔𝑡+1, and emits the next observation 𝒐𝑡+1 and reward 𝑟𝑡+1.

𝑃 is the state transition probability function

𝑃 (𝒔𝑡+1 | 𝒔𝑡 , 𝒂𝑡) , (2.19)

giving the probability of transitioning to state 𝒔𝑡+1 given that action 𝒂𝑡 is taken in state
𝒔𝑡 , and 𝜌0 is the initial state distribution. The MDP formalism resembles an automaton
modelled as a directed graph, where the states are the nodes and the actions are the
edges. The task starts in some initial state 𝒔0 sampled from the initial state distribution
𝜌0. The agent then takes an action 𝒂0, which transitions the environment to a new state.
If the MDP is deterministic, the environment transitions to a single state 𝒔1, while if the
MDP is stochastic, the environment can transition to multiple states with some probability.
The environment then emits a reward 𝑟0 and the agent receives an observation 𝒐0 of the
new state. This process is then repeated. In an episodic MDP, which is what is assumed
throughout this dissertation, a terminal state is eventually reached, after which the task is
reset and the agent starts a new episode. A simple MDP is illustrated in Fig. 2.5.

The MDP formalism assumes that the environment is fully observable. This means that
the agent has access to the full state, such that the observation is a sufficient statistic of the
history of states and actions, and the probability of transitioning to a new state only depends
on the current observation and action. This condition is known as the Markov property.
In practice, the Markov property is often violated, and the environment is only partially
observable. The corresponding formalism is the partially observable Markov decision
process (POMDP), which extends the MDP formalism by including a set of observations𝒪
and an observation functionΩ (𝒔𝑡 , 𝒂𝑡) that gives the probability of observing an observation
𝒐𝑡+1 given that the environment is in state 𝒔𝑡 and action 𝒂𝑡 is taken. When solving RL
problems it is generally desirable that the Markov property holds. Techniques, such as
temporal integration, i.e. providing a history of observations and actions to the agent, can
be used to make the environment at least approximately Markovian.

Various algorithms exist to solve RL problems. These can be broadly categorised
according to different taxonomies. A common taxonomy distinguishes between model-
based and model-free methods. The RL methods mostly used in this dissertation are
model-free methods, which learn a policy or value function directly from the environment
without learning a model of the environment. Model-based methods, on the other hand,
use either a handcrafted or a learned model of the environment, i.e. the state transition
probability function 𝑃, and then employ the learned model for planning.

Another common taxonomy distinguishes between policy-based methods and value-
based methods. Policy-based methods directly learn the policy 𝜋 that maps states to
actions. That is, in a simple tabular setting with discrete states and actions, one would
perform a table lookup to find the best action for a given state. The entries in the table
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𝐿

Figure 2.5: Illustration of a simple discreteMDPwith𝒮 = {𝐴, 𝐵, 𝐶}, denoted as red squares,
and𝒜 = {𝑑, 𝑒}, denoted as green circles. Connections from a state to an action indicate
that the action can be taken when being in the state. Connections from actions to states
indicate state transitions if the action is taken in the state that points into the action. These
transitions are stochastic and labelled with their respective probabilities. Yellow arrows
pointing away from a state transition indicate rewards that are received when the transition
is taken and are labelled with the reward value. Figure adapted from [341].

are then updated based on the rewards collected by performing Monte Carlo rollouts,
i.e. performing each action in each state and observing the rewards received to determine
the best action for each state. On the other end of the spectrum, there are value-based
methods like Q-learning. These methods learn the value function

𝑉𝜋(𝒔𝑡) = E𝝉∼𝜋 [𝑅(𝝉) | 𝒔𝑡] , (2.20)
which gives the expected cumulative reward when following a policy 𝜋 from a given state,
or the action-value function

𝑄𝜋(𝒔𝑡 , 𝒂𝑡) = E𝝉∼𝜋 [𝑅(𝝉) | 𝒔𝑡 , 𝒂𝑡] , (2.21)
which gives the expected cumulative reward when taking action 𝒂𝑡 in state 𝒔𝑡 and then
following the policy 𝜋. In the case of Q-learning in a discrete tabular setting, the Q-values
are updated based on the rewards received when performing Monte Carlo rollouts. The
policy is then derived from the Q-values by selecting the action with the highest Q-value
in each state.

RL algorithms can also be categorised as on-policy or off-policy. The key difference here
is that on-policy methods learn the policy that is used in the rollouts for data collection,
while off-policy methods learn a policy that is different from the one used in the rollouts.
This is achieved by off-policy methods assuming a fixed policy in the updates of the policy
or value function, e.g. the fixed policy of always selecting the action with the highest
Q-value in Q-learning. Off-policy algorithms are generally more sample-efficient than
on-policy algorithms, because they can reuse and learn from data collected at an earlier
stage of training or outside the training process altogether. However, off-policy methods
also tend to be less stable than on-policy methods as a result of the mismatch between the
policy used for data collection and the policy used for learning.
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In practice, the lines between these categories are often blurred, and many algorithms
combine elements of policy-based and value-based methods, as well as model-based and
model-free methods, and on-policy and off-policy methods. What is more, Monte Carlo
rollouts can be impractical for many real-world problems, because they require the agent
to interact with the environment for a large number of samples to determine the best policy
or value function. Instead, temporal difference learning, which updates the policy or value
function based on the rewards received at each time step, is often used. Tabular methods
are also not practical for many real-world problems, because the state and action spaces
are too large to be stored in a table, especially when state and action spaces are continuous,
where the number of possible states and actions is infinite. Modern RL therefore often
relies on function approximation, where the policy and value functions are approximated
by function approximators, such as neural networks. The class of RL algorithms employing
neural networks is sometimes referred to as deep reinforcement learning.

In the following, different deep reinforcement learning algorithms relevant to the work
presented in this dissertation are introduced.

Proximal Policy Optimisation
Proximal Policy Optimisation (PPO) [292] is a policy gradient method and a descendant of
the original policy gradient algorithm, also known as REINFORCE [319]. Policy gradient
methods are a class of RL algorithms that aim to find the optimal parameters 𝜃∗ of a
parameterised stochastic policy 𝜋𝜃 (𝒂𝑡 | 𝒔𝑡) that maximise the expected cumulative reward

max
𝜃

𝐽 (𝜃) = E [𝑅 (𝝉)] . (2.22)

To this end, they compute an estimate of the policy gradient, which can then be used to
adjust the policy parameters through gradient ascend in the direction that makes actions
leading to higher returns more likely. The most commonly used policy gradient estimator
is

∇𝜃𝐽 (𝜃) = Ê𝑡
[︁∇𝜃 log𝜋𝜃 (𝒂𝑡 | 𝒔𝑡) · 𝐴̂𝑡

]︁
, (2.23)

where Ê𝑡 denotes the empirical average over a batch of trajectories and 𝐴̂𝑡 is an estimate
of the advantage 𝐴𝑡 . The advantage 𝐴𝑡 is a measure of how much better an action is than
was expected, given the state and the policy. It is used here instead of the return 𝑅 (𝝉)
and defined as the difference between the observed return and an estimate of the value
function 𝑉̂𝜋𝜃 (𝒔𝑡). That is

𝐴𝑡 ≈ 𝐴̂𝑡 = 𝑅 (𝝉) − 𝑉̂𝜋𝜃 (𝒔𝑡) . (2.24)
The advantage estimate is attained through the use of a function approximator, such as a
neural network. The use of the advantage instead of the return is motivated by the fact
that the advantage function reduces the variance of the policy gradient estimator, which
often leads to faster and more stable learning.

To compute the policy gradient estimate with automatic differentiation, PPO like other
policy gradient methods, defines a surrogate loss function to be differentiated. Note that,
unlike in supervised learning, the loss operates not as a measure of policy performance, but
merely as a function that has a gradient approximating the policy gradient. A commonly
used policy gradient loss function is

ℒPG (𝜃) = Ê𝑡
[︁
log𝜋𝜃 (𝒂𝑡 | 𝒔𝑡) 𝐴̂𝑡

]︁
. (2.25)
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However, the large variance of the value estimate 𝑉̂𝑡 and the resulting variance of the
advantage estimate 𝐴̂𝑡 can lead to unreasonably large policy updates in potentially wrong
directions when multiple gradient steps are taken on this loss function. This causes highly
unstable learning, and it is the problem that algorithms like Trust Region Policy Optim-
isation (TRPO) [291] and PPO [292] aim to solve by constraining the magnitude of the
policy updates.

Firstly, PPO employs a modified conservative policy iteration (CPI) policy gradient
loss function [166], by defining a shorthand

𝜂𝑡 (𝜃) = 𝜋𝜃 (𝒂𝑡 | 𝒔𝑡)
𝜋𝜃old (𝒂𝑡 | 𝒔𝑡)

(2.26)

for the ratio of how much more likely the action is under the new policy than under the
old policy. This is also known as the TRPO ratio for its original use in the TRPO algorithm.
Note that Schulman et al. denote the TRPO ratio as 𝑟𝑡 (𝜃), but to avoid confusion with the
reward, it is denoted as 𝜂𝑡 (𝜃) here. The log-likelihood in the original policy gradient loss
function is replaced by the TRPO ratio 𝜂𝑡 (𝜃) to obtain the CPI loss function

ℒCPI
𝑡 (𝜃) = Ê𝑡

[︃
𝜋𝜃 (𝒂𝑡 | 𝒔𝑡)
𝜋𝜃old (𝒂𝑡 | 𝒔𝑡)

𝐴̂𝑡

]︃
= Ê𝑡

[︁
𝜂𝑡(𝜃)𝐴̂𝑡

]︁
. (2.27)

Updates to the policy parameters are then constrained in the final PPO policy gradient loss
function

ℒCLIP
𝑡 (𝜃) = Ê𝑡

[︂
min

(︂
𝜂𝑡(𝜃)𝐴̂𝑡 , clip

(︁
𝜂𝑡(𝜃), 1 − 𝜖, 1 + 𝜖

)︁
𝐴̂𝑡

)︂]︂
(2.28)

by clipping the probability ratio 𝜂𝑡(𝜃) to lie within a narrow interval around 1. This
constrains the policy updates to be small, which stabilises learning and prevents the policy
from diverging. Note that this is actually the policy gradient loss function for the most
commonly used variant of PPO, called PPO-Clip. The original authors also propose an
alternative policy gradient loss function using a penalty term on the Kullback-Leibler
(KL) divergence between the old and new policy, called PPO-KL, but find that PPO-Clip
generally performs better in practice [292].

The final PPO loss function also includes terms for the loss of the value function
estimator 𝑉̂𝜋𝜃(𝒔𝑡), defined as

ℒVF
𝑡 (𝜃) = Ê𝑡

[︃(︂
𝑉̂𝜋𝜃(𝒔𝑡) − 𝑅 (𝝉)

)︂2]︃
(2.29)

to minimise the error between the estimated values 𝑉̂𝜋𝜃(𝒔𝑡) and the observed returns 𝑅 (𝝉)
for trajectories starting in state 𝒔𝑡 , as well as an entropy term 𝑆 [𝜋𝜃] to encourage exploration.
The resulting PPO loss function with hyperparameters 𝑐1 and 𝑐2 for weighting the value
function loss and the entropy term is then defined as

ℒCLIP+VF+S
𝑡 (𝜃) = Ê𝑡

[︁ℒCLIP
𝑡 (𝜃) − 𝑐1ℒVF

𝑡 (𝜃) + 𝑐2𝑆 [𝜋𝜃] (𝒔𝑡)
]︁
. (2.30)

The PPO algorithm alternates between collecting new trajectories from 𝑁 parallel
environments, and updating the policy and value function parameters to minimise the loss
function, as is defined in Algorithm 1.
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Algorithm 1 Actor-critic style PPO algorithm [292].
for iteration = 1, 2, . . . do

for actor = 1, 2, . . . , 𝑁 do
Run policy 𝜋𝜃old in environment for 𝑇 time steps
Compute advantage estimates 𝐴̂1, . . . , 𝐴̂𝑇

end for
Optimise surrogate ℒ w.r.t. 𝜃, with 𝐾 epochs and mini-batch size 𝑀 ≤ 𝑁𝑇
𝜃old← 𝜃

end for

Deep Deterministic Policy Gradients
Deep deterministic policy gradients (DDPG) [2, 197] is an actor-critic-style off-policy
value-based method, which learns a deterministic policy 𝜋𝜃 (𝒔𝑡) that maps states to actions.
To learn this policy, DDPG has two components: a Q-learning component and a policy
learning component.

The Q-learning component in DDPG is closely related to the deep Q-network (DQN)
algorithm [223]. It relies on the idea that, if the optimal action-value function 𝑄∗ (𝒔𝑡 , 𝒂𝑡)
is known, the optimal policy can be obtained by selecting the action that maximises the
action-value function, i.e.

𝜋∗ (𝒔𝑡) = argmax
𝒂𝑡

𝑄∗ (𝒔𝑡 , 𝒂𝑡) . (2.31)

The Q-learning component in DDPG approximates the optimal action-value function
𝑄∗ (𝒔𝑡 , 𝒂𝑡) using a neural network function approximator 𝑄𝜙 (𝒔𝑡 , 𝒂𝑡). To learn the paramet-
ers 𝜙 of the Q-network, DDPG relies on the Bellman equation for the optimal action-value
function

𝑄∗ (𝒔𝑡 , 𝒂𝑡) = E𝒔𝑡+1∼𝑃
[︃
ℛ (𝒔𝑡 , 𝒂𝑡) + 𝛾max

𝒂𝑡+1
𝑄∗ (𝒔𝑡+1, 𝒂𝑡+1)

]︃
. (2.32)

Given a mini-batch ℬ of transitions (𝒔𝑡 , 𝒂𝑡 , 𝑟𝑡 , 𝒔𝑡+1, 𝑑), where 𝑑 = 1 if the next state is
terminal and 𝑑 = 0 otherwise, the Q-learning component in DDPG minimises a mean-
squared Bellman error (MSBE) loss

ℒ (︁
𝜙,𝒟)︁

= E(𝒔𝑡 ,𝒂𝑡 ,𝑟𝑡 ,𝒔𝑡+1 ,𝑑)∼𝒟

[︄(︃
𝑄𝜙 (𝒔𝑡 , 𝒂𝑡) −

(︃
𝑟𝑡 + 𝛾 (1 − 𝑑)max

𝒂𝑡+1
𝑄𝜙 (𝒔𝑡+1, 𝒂𝑡+1)

)︃)︃2]︄
,

(2.33)
which measures how well 𝑄𝜙 satisfies the Bellman equation.

Prior to the introduction of DQN, using neural networks to approximate the Q-function
was found to be unstable. This is solved by two main techniques introduced in the original
DQN paper: experience replay and target networks [223].

Experience replay is a technique that stores transitions (𝒔𝑡 , 𝒂𝑡 , 𝑟𝑡 , 𝒔𝑡+1, 𝑑) in a replay
buffer𝒟 and samplesmini-batchesℬ of transitions from the buffer to update theQ-network.
This is found to stabilise learning by breaking the temporal correlations between consecutive
transitions and reducing the variance of the updates. Note that the replay buffer must be
large enough to store a diverse set of transitions, and it is specifically intended that this
experience was collected by policies at different stages of learning. Unlike with on-policy
methods, like PPO, this is allowed as a result of the Q-learning component assuming a
fixed policy that acts greedily, making DDPG an off-policy method.
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Target networks are a technique that uses two copies of the Q-network, the target
network 𝑄𝜙− and the online network 𝑄𝜙. The problem is that the second term in the loss
function, the target

𝑟𝑡 + 𝛾 (1 − 𝑑)max
𝒂𝑡+1

𝑄𝜙 (𝒔𝑡+1, 𝒂𝑡+1) (2.34)

estimated by the Q-network, depends on the parameters 𝜙 of the Q-network itself and
changes as the Q-network is updated. This makes the loss minimisation unstable. The
solution is to use a target network 𝑄𝜙− , which is a delayed copy of the online network 𝑄𝜙,
in the loss function. Note that the same is done for the policy network, with the policy
being replaced by the target policy in the MSBE loss. The revised loss is given as

ℒ (︁
𝜙,𝒟)︁

= E(𝒔𝑡 ,𝒂𝑡 ,𝑟𝑡 ,𝒔𝑡+1 ,𝑑)∼𝒟
[︂ (︁
𝑄𝜙 (𝒔𝑡 , 𝒂𝑡) −

(︁
𝑟𝑡 + 𝛾 (1 − 𝑑)𝑄𝜙− (𝒔𝑡+1,𝜋𝜃− (𝒔𝑡+1))

)︁ )︁2]︂ .
(2.35)

In the DQN algorithm that DDPG is derived from, the target networks are updated
periodically by copying the parameters of the online networks every constant number of
steps [223]. The DDPG algorithm, however, uses soft so-called Polyak updates to update
the target networks’ parameters in every step following the rules

𝜙−← 𝜏𝑝𝜙 + (1 − 𝜏𝑝)𝜙− and 𝜃−← 𝜏𝑝𝜃 + (1 − 𝜏𝑝)𝜃−, (2.36)

where 𝜏𝑝 is the Polyak update rate, which is typically set to a small value and controls the
rate at which the target networks are updated.

The policy learning component in DDPG solves a limitation of the original DQN al-
gorithm, where the policy in DQN is defined as greedily choosing the action that maximises
the Q-value. This is fine in discrete action spaces, where the number of possible actions
is finite and can easily be maximised through a brute force search over all actions. With
continuous action spaces, where the number of possible actions is infinite, however, finding
the action that is guaranteed to maximise the Q-value is impossible, and performing an
optimisation over the action space every time an action is selected is computationally
intractable.

Instead, DDPG learns the parameters 𝜃 of a deterministic policy network 𝜋𝜃 (𝒔𝑡), such
that the latter approximates the action that maximises the Q-value. Because the Q-value is
itself approximated by a neural network, this is relatively straightforward by performing
gradient ascent with respect to the policy parameters to solve the optimisation problem

max
𝜃

E𝒔𝑡∼𝒟
[︁
𝑄𝜙 (𝒔𝑡 ,𝜋𝜃 (𝒔𝑡))

]︁
. (2.37)

Because the policy in DDPG is deterministic, exploration during rollouts for data collec-
tion is achieved by adding noise in the form of a temporally correlated Ornstein-Uhlenbeck
process to the action selected by the policy. In some more recent implementations, this
is sometimes replaced by uncorrelated zero-mean Gaussian noise, which is simpler to
implement and has been found to perform similarly well in practice.

The complete DDPG algorithm is shown in Algorithm 2. In every iteration, the agent
collects experience by interacting with the environment and stores the transitions in the
replay buffer. Every 𝑁 steps, the agent performs a number of updates. For each update,
the agent samples a mini-batch of transitions from the replay buffer, and updates the
Q-network and the policy network using the loss functions defined above. At the end of
each update, the target networks are updated using the Polyak update rule.
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Algorithm 2 DDPG algorithm [2, 197].
Require: Initial policy parameters 𝜃, Q-network parameters 𝜙, empty replay buffer𝒟

Set target parameters equal to the online parameters 𝜃−← 𝜃, 𝜙−← 𝜙
repeat

Observe state 𝒔𝑡 and select action 𝒂𝑡 = clip (︁
𝜋𝜃 (𝒔𝑡) + 𝜖, 𝒂low, 𝒂high

)︁ , where 𝜖 ∼ 𝒩
Execute action 𝒂𝑡 in the environment
Observe next state 𝒔𝑡+1, reward 𝑟𝑡+1 and done signal 𝑑𝑡+1
Store (𝒔𝑡 , 𝒂𝑡 , 𝑟𝑡+1, 𝒔𝑡+1, 𝑑𝑡+1) in replay buffer𝒟
if 𝒔𝑡+1 is terminal then

Reset environment state
end if
if it is time to update then

for number of updates do
Randomly sample mini-batch of transitions ℬ = {(𝒔𝑡 , 𝒂𝑡 , 𝑟𝑡 , 𝒔𝑡+1, 𝑑)} from𝒟
Compute targets

𝑦𝑖 = 𝑟𝑡 , 𝑖 + 𝛾 (1 − 𝑑𝑖)𝑄𝜙− (𝒔𝑡+1,𝑖 ,𝜋𝜃− (𝒔𝑡+1,𝑖))
Update Q-network by one step of gradient descent using

∇𝜙 1
|ℬ|

∑︂
𝑖

(︁
𝑄𝜙 (𝒔𝑡 ,𝑖 , 𝒂𝑡 ,𝑖) − 𝑦𝑖

)︁2
Update policy by one step of gradient ascent using

∇𝜃 1
|ℬ|

∑︂
𝑖

𝑄𝜙 (𝒔𝑡 ,𝑖 ,𝜋𝜃 (𝒔𝑡 ,𝑖))

Update target networks using Polyak update rule

𝜙−← 𝜏𝑝𝜙 +
(︁1 − 𝜏𝑝

)︁
𝜙−

𝜃−← 𝜏𝑝𝜃 +
(︁1 − 𝜏𝑝

)︁
𝜃−

end for
end if

until convergence
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Twin Delayed Deep Deterministic Policy Gradients
Twin delayed deep deterministic policy gradients (TD3) [2, 100] is an extension of the
DDPG algorithm that aims to improve the stability and performance of the original al-
gorithm. The key issue with DDPG is that the Q-learning component can overestimate the
Q-values, which can lead to policies that exploit these overestimations rather than the true
Q-values. To address this issue, TD3 introduces three main improvements to the DDPG
algorithm.

Firstly, TD3 performs target policy smoothing, which adds noise to the target policy during
the Q-value estimation for the purpose of regularisation. That is, the inference of the target
policy 𝜋𝜃− (𝒔𝑡+1) in the MSBE loss is replaced by a clipped and noisy version of the action
selected by the target policy

𝒂𝑡+1 = clip (︁
𝜋𝜃− (𝒔𝑡+1) + clip (𝜖,−𝑐, 𝑐) , 𝒂low, 𝒂high

)︁ , (2.38)

where 𝜖 ∼ 𝒩 (0, 𝜎) is a noise term sampled from a Gaussian distribution with mean 0 and
standard deviation 𝜎, 𝑐 is a hyperparameter that controls the magnitude of the noise, and
𝒂low and 𝒂high are the lower and upper bounds of the legal action space. Smoothing the
action selected by the target policy in this way prevents the policy from learning to exploit
sharp peaks incorrectly estimated by the Q-network.

Secondly, TD3 introduces clipped double-Q learning, i.e. a pair of Q-networks, 𝑄𝜙1 and
𝑄𝜙2 , to estimate the Q-values. In the target term of the MSBE loss, the prediction from the
single Q-network in DDPG is replaced by the minimum of the two Q-values

𝑦 (𝑟𝑡 , 𝒔𝑡+1, 𝑑) = 𝑟𝑡 + 𝛾 (1 − 𝑑)min
𝑖=1,2

𝑄𝜙−𝑖 (𝒔𝑡+1, 𝒂𝑡+1) . (2.39)

The result is a revised loss formulation

ℒ (︁
𝜙𝑖 ,𝒟

)︁
= E(𝒔𝑡 ,𝒂𝑡 ,𝑟𝑡 ,𝒔𝑡+1 ,𝑑)∼𝒟

[︂ (︁
𝑄𝜙𝑖 (𝒔𝑡 , 𝒂𝑡) − 𝑦 (𝑟𝑡 , 𝒔𝑡+1, 𝑑)

)︁2]︂ (2.40)

for the Q-networks, which prevents the overestimation of the Q-values by always selecting
the lower of the two estimates.

Thirdly, TD3 introduces delayed policy updates, which update the policy and the target
networks less frequently than the Q-networks. This is intended to reduce the variance of
the policy updates that results from the effect a changing policy has on the target term in
the MSBE loss.

Aside from these three main improvements, TD3 typically only uses uncorrelated zero-
mean Gaussian noise for exploration, as opposed to the temporally correlated Ornstein-
Uhlenbeck process sometimes used in DDPG.

2.1.5 Bayesian Optimisation
Bayesian optimisation (BO) [105] is a model-based optimisation technique that is used
to find the global minimum of expensive-to-evaluate black-box functions. Due to its data-
driven nature, BO is sometimes considered as a technique that lies in the intersection of
traditional optimisation methods and machine learning.

Inspired by Bayesian statistics, BO maintains a probabilistic model of the objective
function, which in modern implementations is typically expressed as a Gaussian process
(GP). BO starts with a prior distribution over the objective function, which represents
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prior beliefs about the function. This prior can be an informed prior, but is often set to be
uninformative, such as a zero mean and a large variance. The prior is then updated as new
data points are collected, which in BO are the evaluations of the objective function. The
updated distribution is called the posterior distribution. Based on the posterior distribution,
BO computes an acquisition function, which is a utility function that quantifies how useful
it would be to evaluate the objective function at a given point. New points are then selected
by finding the maximum of the acquisition function, which is typically designed to balance
exploration and exploitation.

This general framework leaves open a number of design choices. Informed priors, for
example in the form of expert knowledge or previous evaluations of the objective function,
can be used to speed up the optimisation process. The choice of the GP kernel and the
hyperparameters of the GP can also have a significant impact on the performance of BO.
The acquisition function is another design choice that impacts the exploration-exploitation
trade-off and can be tailored to the specific properties of the objective function.

A simple pseudocode implementation of BO is provided in Algorithm 3.

Algorithm 3 BO algorithm.
Require: Objective function, prior mean function, initial set of data points, acquisition

function
repeat

Fit model to the set of data points with the prior mean function
Compute the acquisition function based on the model
Select new point by maximising acquisition function
Evaluate the objective function at the new point
Add new data point to the set of data points

until convergence

2.2 Particle Accelerators
Particle accelerators are machines that accelerate charged particles to high speeds and ener-
gies [350]. They are used in a wide range of scientific and industrial applications, including
fundamental research in particle physics, medical applications and industrial processes.
Accelerators are typically composed of five main components: a particle source, an acceler-
ation system, a beam transport system, a beam diagnostics system and an experimental
area or target that uses the accelerated particles. In the following these components, their
basic principles as well as some common applications of accelerators and some facilities
are introduced. A simplified overview of an accelerator and its components is shown in
Fig. 2.6. Photos of some relevant accelerator components are shown in Fig. 2.7. Note that
the following is by no means an exhaustive overview of particle accelerators, but rather a
brief introduction to the topic, focussing on the aspects most relevant to the work presented
in this dissertation.

2.2.1 Overview
The particle source is responsible for producing the particles that are to be accelerated.
This can be done in a number of ways, depending on the type of particles. In electron
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Figure 2.6: Simplified example of a particle accelerator with its main subsystems and
components at the example of a linear accelerator used as an FEL. The gun with the
photocathode and cathode laser are shown on the left, followed by the acceleration section
with radio frequency (RF) cavities, a beam transport system consisting of two quadrupoles
arranged as a commonly used FODO cell and two dipoles for steering, a beam diagnostics
section with a beam position monitor (BPM) and a screen station, followed finally by an
undulator producing the FEL radiation, which is in this example used to image a SARS-
CoV-2 spike glycoprotein (PDB ID: 6VXX) [342, 343].

accelerators, like the ones mainly considered in this dissertation, the particles are produced
by a so-called laser cathode that emits electrons when illuminated by a laser. This laser is
pulsed, such that the electrons are emitted in short bursts, resulting in electron clouds,
often referred to as bunches. The cathode is made from materials with a low work function,
such as copper or caesium telluride, which allows the electrons to be emitted with a low
energy input.

Once produced, the particles are then accelerated by an acceleration system. This
system typically consists of a series of RF cavities that are used to accelerate the particles by
applying an oscillating electric field driven by a high-frequency RF source. The frequency
of the RF field is tuned to match the resonant frequency of the cavities, which allows the
particles to gain energy as they pass through each cavity. The energy gain is determined
by the phase and amplitude of the RF field. An image of an RF cavity is shown in Fig. 2.7.

The accelerated particles are then transported through the beam transport system,
which is responsible for guiding the particles to the experimental area and ensuring that
the particle beam has the desired properties when it arrives. The beam transport system
is composed of various magnets that are used to steer and focus the beam of particles
with the help of magnetic fields affecting the charged particles as a result of the Lorentz
force. Dipole magnets are used to steer the beam in either the horizontal or vertical plane,
ensuring that the particles remain on the desired trajectory. Some of these dipole magnets
are placed along bends in the beamline to ensure that the beam follows the same path as
the beamline, while others are used to correct for small deviations in the beam’s trajectory.
The former are often referred to as bending magnets, while the latter are called steering
magnets. The strength of the magnetic field in the dipole magnets determines the amount
of deflection the beam experiences. This is often measured in either the current applied
to the magnet, the strength of the magnetic field the particles experience or the angle of
deflection exerted on the beam. Quadrupole magnets act on the beam in a way comparable
to the effect an optical lens has on light. Unlike an optical lens, a quadrupole magnet
always focuses the beam in one plane and defocuses it in the other. Arranging multiple
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(a) (b)

(c) (d)

Figure 2.7: Photos of some relevant accelerator components: (a) Niobium accelerating
cavities of the type used in superconducting linear accelerators like Free-Electron Laser in
Hamburg (FLASH) and European X-Ray Free-Electron Laser (European XFEL) [60]. (b)
A horizontal dipole steering magnet and a quadrupole magnet at the Accelerator Research
Experiment at SINBAD (ARES) linac. (c) A diagnostic screen station at the ARES linac
with the beam pipe oriented from right to left in the bottom third, the blue vertical stage
that is used to move the screen in and out of the beamline, and the black optics box with
the camera in it to its right. (d) A section of an undulator beamline at European XFEL,
looking in upstream direction.

quadrupole magnets along the beamline allows for the beam to be focussed in both planes.
Both a dipole steering magnet and a quadrupole magnet are pictured in Fig. 2.7. Other
magnets are sometimes used in accelerators to correct for higher-order effects in the beam.
Sextupole magnets, for example, are used to correct the effects of higher-order aberrations,
which can cause the beam to become unstable and lose focus. However, these are not
relevant for the work presented in this dissertation.

In order to act on the beam and ensure that it fulfils the experimental requirements,
various beam diagnostic systems are used. The most common ones include beam position
monitors (BPMs), beam loss monitors (BLMs) and diagnostic screens. BPMs use four
electrodes inserted into the beam pipe to measure the electromagnetic fields generated
by a passing charged particle beam. This measurement can be used to determine the
transverse position of the beam as well as its current, and is an important feedback signal
of the beam’s trajectory. BLMs are typically placed around the beam pipe and used to
measure the radiation generated by the beam. This radiation can be used to detect beam
losses, that is particles that have significantly deviated from the desired trajectory and are
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hitting the walls of the beam pipe. Beam loss information is important for troubleshooting
when the beam is not behaving as expected, but also constitutes an important part of the
safety system of an accelerator, as large beam losses can cause damage to the accelerator
components and pose a radiation hazard. Diagnostic screens are used to visualise the
beam in the transverse plane, allowing operators to understand its position, size and
shape. Unlike BPMs and BLMs, diagnostic screens are typically not used for real-time
feedback, because they are a destructive measurement that blocks the beam from reaching
the experiment or another diagnostic downstream. Diagnostic screens, often referred to
as just screens, are typically used for commissioning and tuning the accelerator, as well
as for diagnosing beam issues that are not easily detected by other diagnostic systems.
They work by inserting a small sheet of scintillating material into the beam pipe, which
emits light when hit by a charged particle. A camera is then used to capture an image
of the lit-up screen, which can be shown to the operators or analysed computationally to
determine the beam’s properties. A key advantage of diagnostic screens is that they also
provide information about the beam’s substructure, such as the presence of beam halos
or tails, which can be important for understanding the beam’s behaviour. A photo of a
diagnostic screen station can be seen in Fig. 2.7. Occasionally, more complex diagnostics
are designed based on these simpler diagnostics. A common one is used to measure
the longitudinal phase space (LPS) of the beam, which provides information about the
longitudinal distribution of the particles in space and their energy spread. In a single,
so-called transverse deflecting cavity, the phase of the RF field is configured such that the
bunch is rotated 90◦ around the transverse horizontal axis. This allows the bunch to be
imaged longitudinally on downstream diagnostic screens.

Finally, the accelerated particles are used in the experiment. What the experiment
looks like can vary greatly and depends on the intended purpose of the accelerator. In
fundamental physics research, for example, accelerators are often used as colliders, where
two beams of particles are collided head-on to study the properties of the particles and the
fundamental forces that govern their interactions. Colliders can either be straight, where
two linear accelerators are used to accelerate the particles in opposite directions, or circular,
where the particles are accelerated in a ring and then collided at specific interaction points
along the ring. Examples of colliders include the Large Hadron Collider (LHC) at Conseil
Européen pour la Recherche Nucléaire (CERN), the Relativistic Heavy Ion Collider (RHIC)
at Brookhaven National Laboratory (BNL) and Hadron-Elektron-Ringanlage (HERA)
at Deutsches Elektronen-Synchrotron (DESY). Another type of accelerator are so-called
light sources, which produce intense beams of light that are used for a wide range of
applications, including materials science, biology and chemistry. Light sources exist in
two main types: synchrotron radiation sources, which are typically circular accelerators
that produce spreads of light in the form of synchrotron radiation by bending the beam of
particles around a ring, and FELs, which are typically linear accelerators that produce light
by passing the beam of particles through a series of alternating permanent magnets, known
as undulators. Themagnets in an undulator deflect the particle beam onto a sinusoidal path,
causing it to emit a narrow beam of light in the form of synchrotron radiation. Examples of
synchrotron radiation sources include the European Synchrotron Radiation Facility (ESRF)
and the Positron-Elektron-Tandem-Ringanlage (PETRA) III at DESY. FELs in operation
around the world include FLASH and European XFEL at DESY, the Linac Coherent Light
Source (LCLS) at SLAC National Accelerator Laboratory (SLAC) and the Swiss Free
Electron Laser (SwissFEL) at Paul Scherrer Institute (PSI). Some accelerators also do not
have an experiment as such, but rather supply beams of particles to other facilities. Circular
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accelerators, for example, require a smaller often linear pre-accelerator that is used to inject
particles into the ring. These are typically combined into elaborate accelerator complexes,
where particles are accelerated through multiple stages before being used in experiments.
One such example was the HERA accelerator at DESY, which was supplied by a sequence
of accelerators including the original PETRA andDESY rings, and a linear accelerator called
LINAC. Similarly, the LHC at CERN is supplied by a sequence of accelerators including the
Super Proton Synchrotron (SPS), Proton Synchrotron (PS) and another linear accelerator
called LINAC. Most of the aforementioned facilities are user facilities, meaning that they
are open to researchers from around the world to conduct experiments, and have relatively
fixed and elaborate experimental setups. Some (usually smaller) accelerators like ARES,
however, are used for accelerator research and development, typically providing a number
of often-reconfigured experimental areas for testing new accelerator components and
concepts.

In the following, three particle accelerator facilities relevant to the work presented in this
dissertation are introduced. For two of these accelerators, ARES and LCLS, tuning tasks
are introduced that are used as case studies for developing autonomous tuning algorithms
with RL in this dissertation.

2.2.2 ARES
The Accelerator Research Experiment at SINBAD (ARES) particle accelerator [47, 246],
located at DESY in Hamburg, Germany, is an S-band radio frequency linac with a photoin-
jector and two independently driven travelling wave accelerating structures operating at
energies up to 155MeV. It started operations in 2021 and is about 45m long. The primary
research focus of ARES is to produce and study sub-femtosecond electron bunches at
relativistic energies. The ability to generate such short bunches is of great interest for
applications such as radiation generation by FELs. ARES is also used for accelerator com-
ponent research and development, such as the development of dielectric structures for
beam acceleration and manipulation in the Accelerator-on-a-Chip (ACHIP) program, as
well as medical applications, such as very-high-energy-electron treatment of tumours and
electron computer tomography. An overview of ARES and the sections of it considered in
this work is shown in Fig. 2.8. The location of ARES on the DESY campus in Hamburg is
shown in Fig. 2.9. Photos from inside the ARES tunnel are shown in Fig. 2.10.

Transverse Beam Tuning
In Chapter 4 of this dissertation, a recurring transverse beam tuning task at ARES is
considered as a case study for developing autonomous tuning algorithms. It was originally
considered in [78, 158, 161, 164]. This kind of task is ubiquitous across linear particle
accelerators, frequently performed during start-up and operation mode changes, and time-
consuming to perform manually. What is more, it is a well-defined and well-understood
task in the accelerator community, such that discovered solutions can be easily understood,
evaluated and validated. At the same time, the task is complex and non-linear enough to
challenge the capabilities of optimisation algorithms and provide a meaningful benchmark
for the performance of autonomous tuning algorithms. Solving it would provide a valuable
streamlining of accelerator operations because similar transverse tuning tasks can be found
atmost accelerator facilities and have to be regularly performed during everyday operations.

Specifically, there are four sections at the ARES particle accelerator where the transverse
beam tuning task is commonly performed: the Experimental Area (EA), BunchCompressor
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<latexit sha1_base64="4ku6PsgQ8rMyhRXjiCrr/DgRMnI=">AAACU3icZVDLSgMxFM2M7/pqdekmWATdlBkRH7uCG5cK1hZsKZn0tgaTzJjc0ZZhfsWt/pALv8WN6VjBsRdCDvfkHE5OlEhhMQg+PX9hcWl5ZXWtsr6xubVdre3c2Tg1HFo8lrHpRMyCFBpaKFBCJzHAVCShHT1eTvn2MxgrYn2LkwR6io20GArO0K361Z3uE06yk8ZFnnUVIJi80q/Wg0ZQDJ0H4QzUyWyu+zXvqDuIeapAI5fM2vswSLCXMYOCS8gr3dRCwvgjG8G9g5opsL2sCJ/TA7cZ0GFs3NFIi+1fRYajxF1SspJRpuElGSuGD3nlgP4lmLJ2oiLnPGXtPFuIftlSNhye9zKhkxRB859ow1RSjOm0OzoQBjjKiQOMG+F+R/kDM4y73kpOWaTKYa1ItcBxUW74v8p5cHfcCE8bpzcn9Sad1bxK9sg+OSQhOSNNckWuSYtwMiav5I28ex/el+/7iz9PfW+m2SWl8Te/AXlgs/o=</latexit> 4.9m

<latexit sha1_base64="NLCFxrxvspzmOLdpq4eUH3e6MFo="></latexit> → 45m

<latexit sha1_base64="Wkx0cC74t1mPoRtP7tbvCqMitq8=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CWJG5cQ5ZHAhHRKgYZOZ9LeUchkPsGt/pA/4S+4M25dWGBMGLlJ05Nzem5OjxcKrsG2P6yNza3tnd3cXn7/4PDouFA8aekgUpQ1aSAC1fGIZoJL1gQOgnVCxYjvCdb2Jndzvf3ElOaBfIRZyFyfjCQfckrAUA+NvtMvlOyKvRi8DpwUlFA69X7RuuwNAhr5TAIVROuuY4fgxkQBp4Il+V6kWUjohIxY10BJfKbdeJE1wWXDDPAwUOZIwAt21RHDKDSXECSzKJbsOZz6BMZJvoxXBeJrPfM9s3mu6nV1YfpTM9lgeOvGXIYRMEmX0YaRwBDgeVV4wBWjIGYGEKq4+R2mY6IIBVNoJpznZ8NqHkkO0yRvynX+V7kOWlcVp1qpNq5LNZzWnENn6BxdIAfdoBq6R3XURBSN0At6RW/Wu/VpfVnfy6cbVuo5RZmxfn4B11awSQ==</latexit>

𝐿1

<latexit sha1_base64="0/2JnnJ2eeQTtXRalSBEx/phSxA=">AAACQHicZVDLSgMxFM34rPXV6tJNsBR0U2ZEqsuCG5eKtgo6SCa9bUMzmSG5o5ZhvsCt/pB/4R+4E7euTNsROvZCyOGcnMvJCWIpDLruh7OwuLS8slpaK69vbG5tV6o7HRMlmkObRzLStwEzIIWCNgqUcBtrYGEg4SYYno31m0fQRkTqGkcx+CHrK9ETnKGlLq8eKjW34U6GzgMvBzWSz8VD1Tm870Y8CUEhl8yYO8+N0U+ZRsElZOX7xEDM+JD14c5CxUIwfjpJmtG6Zbq0F2l7FNIJO+tIsR/bS0pWWJQqeIqfQ4aDrFynswILjRmFgd08Vs28OjH9qYVs2Dv1U6HiBEHxabReIilGdFwU7QoNHOXIAsa1sL+jfMA042jrLIQLwmJYIxIl8Dkr23K9/1XOg85Rw2s2mpfHtRbNay6RPbJPDohHTkiLnJML0iacAHkhr+TNeXc+nS/ne/p0wck9u6Qwzs8vg8Svpw==</latexit>

𝐿
<latexit sha1_base64="UTQGOvi9wjzzbgcr6g6ZD4nV660=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CUJG5cY5ZEAIZ3SGRo6nUl7RyETPsGt/pA/4S+4M25dWAZMGLlJ05Nzem5OjxsJrsG2P6yNza3tnd3cXn7/4PDouFA8aekwVpQ1aShC1XGJZoJL1gQOgnUixUjgCtZ2x/W53n5iSvNQPsI0Yv2A+JJ7nBIw1EN9MBoUSnbFTgevA2cJSmg5jUHRuuwNQxoHTAIVROuuY0fQT4gCTgWb5XuxZhGhY+KzroGSBEz3kzTrDJcNM8ReqMyRgFN21ZGAH5lLCJJZlEj2HE0CAqNZvoxXBRJoPQ1cs3mu6nU1Nf2pmWzg3fYTLqMYmKSLaF4sMIR4XhUecsUoiKkBhCpufofpiChCwRSaCecG2bCax5LDZJY35Tr/q1wHrauKU61U769LNbysOYfO0Dm6QA66QTV0hxqoiSjy0Qt6RW/Wu/VpfVnfi6cb1tJzijJj/fwCI4Wwcg==</latexit>

𝐿𝑀
<latexit sha1_base64="y6MN0keeUQ3dzYtkKZ+Cem16Tlw=">AAACQnicZVDLTgIxFO3gC/EFunTTSEh0Q2aMQZckbFxilEcCE9IpBRo6nUl7ByGT+QS3+kP+hL/gzrh1YXmYMHKTpifn9NycHi8UXINtf1iZre2d3b3sfu7g8Oj4JF84beogUpQ1aCAC1faIZoJL1gAOgrVDxYjvCdbyxrW53powpXkgn2AWMtcnQ8kHnBIw1GOtN+nli3bZXgzeBM4KFNFq6r2CddXtBzTymQQqiNYdxw7BjYkCTgVLct1Is5DQMRmyjoGS+Ey78SJrgkuG6eNBoMyRgBfsuiOGYWguIUhqUSzZczj1CYySXAmvC8TXeuZ7ZvNc1ZvqwvSnprLB4M6NuQwjYJIuow0igSHA86pwnytGQcwMIFRx8ztMR0QRCqbQVDjPT4fVPJIcpknOlOv8r3ITNK/LTqVcebgpVvGq5iw6RxfoEjnoFlXRPaqjBqJoiF7QK3qz3q1P68v6Xj7NWCvPGUqN9fMLPY2wgA==</latexit>

𝐿𝑀
<latexit sha1_base64="oblpDdEK0v1yhrqPvgxEQE0SOfM=">AAACQnicZVDLTgIxFO3gC8cX6NJNIyHRDZlRgy5J3LiEKI8EJqRTCjR0OpP2jkImfIJb/SF/wl9wZ9y6sDxMGLlJ05Nzem5Ojx8JrsFxPqzMxubW9k52197bPzg8yuWPGzqMFWV1GopQtXyimeCS1YGDYK1IMRL4gjX90d1Mbz4xpXkoH2ESMS8gA8n7nBIw1EOte9XNFZySMx+8DtwlKKDlVLt566LTC2kcMAlUEK3brhOBlxAFnAo2tTuxZhGhIzJgbQMlCZj2knnWKS4apof7oTJHAp6zq44EBpG5hCCpRYlkz9E4IDCc2kW8KpBA60ngm80zVa+rc9OfmsoG/Vsv4TKKgUm6iNaPBYYQz6rCPa4YBTExgFDFze8wHRJFKJhCU+H8IB1W81hyGE9tU677v8p10LgsueVSuXZdqOBlzVl0is7QOXLRDaqge1RFdUTRAL2gV/RmvVuf1pf1vXiasZaeE5Qa6+cX2w6wSw==</latexit>

𝐿3<latexit sha1_base64="az0R7+mWlU3niuhtDXyZ2yrWMO0=">AAACQnicZVDLTgIxFO3gC8cX6NJNIyHRDZkhBl2SuHEJUR4JTEinFGjodCbtHYVM+AS3+kP+hL/gzrh1YXmYMHKTpifn9NycHj8SXIPjfFiZre2d3b3svn1weHR8ksufNnUYK8oaNBShavtEM8ElawAHwdqRYiTwBWv547u53npiSvNQPsI0Yl5AhpIPOCVgqId6r9zLFZySsxi8CdwVKKDV1Hp566rbD2kcMAlUEK07rhOBlxAFnAo2s7uxZhGhYzJkHQMlCZj2kkXWGS4apo8HoTJHAl6w644EhpG5hCCpRYlkz9EkIDCa2UW8LpBA62ngm81zVW+qC9OfmsoGg1sv4TKKgUm6jDaIBYYQz6vCfa4YBTE1gFDFze8wHRFFKJhCU+H8IB1W81hymMxsU677v8pN0CyX3EqpUr8uVPGq5iw6RxfoErnoBlXRPaqhBqJoiF7QK3qz3q1P68v6Xj7NWCvPGUqN9fML2TKwSg==</latexit>

𝐿2

<latexit sha1_base64="n1LAHL1TngTehwLQd4o8R1tRG1A=">AAACQHicZVDLSgMxFE181vrWpZtgEXRTZkSqS8GN7irYB7RDyaS3NZjJDMkdtQz9Arf6Q/6Ff+BO3LoyHSs49kLI4Zycy8kJEyUtet4bnZtfWFxaLq2UV9fWNza3tneaNk6NgIaIVWzaIbegpIYGSlTQTgzwKFTQCu8uJnrrHoyVsb7BUQJBxIdaDqTg6Kjrq95Wxat6+bBZ4E9BhUyn3tumR91+LNIINArFre34XoJBxg1KoWBc7qYWEi7u+BA6DmoegQ2yPOmYHTimzwaxcUcjy9m/jgyHibuU4oVFmYaH5DHieDsuH7C/Ao+sHUWh2zxR7ayam37VQjYcnAWZ1EmKoMVPtEGqGMZsUhTrSwMC1cgBLox0v2Pilhsu0NVZCBdGxbBWplri47jsyvX/VzkLmsdVv1atXZ9Uztm05hLZI/vkkPjklJyTS1InDSIIkCfyTF7oK32nH/Tz5+kcnXp2SWHo1zdxLK+d</latexit>

𝐿

EA

<latexit sha1_base64="Wkx0cC74t1mPoRtP7tbvCqMitq8=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CWJG5cQ5ZHAhHRKgYZOZ9LeUchkPsGt/pA/4S+4M25dWGBMGLlJ05Nzem5OjxcKrsG2P6yNza3tnd3cXn7/4PDouFA8aekgUpQ1aSAC1fGIZoJL1gQOgnVCxYjvCdb2Jndzvf3ElOaBfIRZyFyfjCQfckrAUA+NvtMvlOyKvRi8DpwUlFA69X7RuuwNAhr5TAIVROuuY4fgxkQBp4Il+V6kWUjohIxY10BJfKbdeJE1wWXDDPAwUOZIwAt21RHDKDSXECSzKJbsOZz6BMZJvoxXBeJrPfM9s3mu6nV1YfpTM9lgeOvGXIYRMEmX0YaRwBDgeVV4wBWjIGYGEKq4+R2mY6IIBVNoJpznZ8NqHkkO0yRvynX+V7kOWlcVp1qpNq5LNZzWnENn6BxdIAfdoBq6R3XURBSN0At6RW/Wu/VpfVnfy6cbVuo5RZmxfn4B11awSQ==</latexit>

𝐿1

<latexit sha1_base64="0/2JnnJ2eeQTtXRalSBEx/phSxA=">AAACQHicZVDLSgMxFM34rPXV6tJNsBR0U2ZEqsuCG5eKtgo6SCa9bUMzmSG5o5ZhvsCt/pB/4R+4E7euTNsROvZCyOGcnMvJCWIpDLruh7OwuLS8slpaK69vbG5tV6o7HRMlmkObRzLStwEzIIWCNgqUcBtrYGEg4SYYno31m0fQRkTqGkcx+CHrK9ETnKGlLq8eKjW34U6GzgMvBzWSz8VD1Tm870Y8CUEhl8yYO8+N0U+ZRsElZOX7xEDM+JD14c5CxUIwfjpJmtG6Zbq0F2l7FNIJO+tIsR/bS0pWWJQqeIqfQ4aDrFynswILjRmFgd08Vs28OjH9qYVs2Dv1U6HiBEHxabReIilGdFwU7QoNHOXIAsa1sL+jfMA042jrLIQLwmJYIxIl8Dkr23K9/1XOg85Rw2s2mpfHtRbNay6RPbJPDohHTkiLnJML0iacAHkhr+TNeXc+nS/ne/p0wck9u6Qwzs8vg8Svpw==</latexit>

𝐿<latexit sha1_base64="UTQGOvi9wjzzbgcr6g6ZD4nV660=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CUJG5cY5ZEAIZ3SGRo6nUl7RyETPsGt/pA/4S+4M25dWAZMGLlJ05Nzem5OjxsJrsG2P6yNza3tnd3cXn7/4PDouFA8aekwVpQ1aShC1XGJZoJL1gQOgnUixUjgCtZ2x/W53n5iSvNQPsI0Yv2A+JJ7nBIw1EN9MBoUSnbFTgevA2cJSmg5jUHRuuwNQxoHTAIVROuuY0fQT4gCTgWb5XuxZhGhY+KzroGSBEz3kzTrDJcNM8ReqMyRgFN21ZGAH5lLCJJZlEj2HE0CAqNZvoxXBRJoPQ1cs3mu6nU1Nf2pmWzg3fYTLqMYmKSLaF4sMIR4XhUecsUoiKkBhCpufofpiChCwRSaCecG2bCax5LDZJY35Tr/q1wHrauKU61U769LNbysOYfO0Dm6QA66QTV0hxqoiSjy0Qt6RW/Wu/VpfVnfi6cb1tJzijJj/fwCI4Wwcg==</latexit>

𝐿𝑀
<latexit sha1_base64="y6MN0keeUQ3dzYtkKZ+Cem16Tlw=">AAACQnicZVDLTgIxFO3gC/EFunTTSEh0Q2aMQZckbFxilEcCE9IpBRo6nUl7ByGT+QS3+kP+hL/gzrh1YXmYMHKTpifn9NycHi8UXINtf1iZre2d3b3sfu7g8Oj4JF84beogUpQ1aCAC1faIZoJL1gAOgrVDxYjvCdbyxrW53powpXkgn2AWMtcnQ8kHnBIw1GOtN+nli3bZXgzeBM4KFNFq6r2CddXtBzTymQQqiNYdxw7BjYkCTgVLct1Is5DQMRmyjoGS+Ey78SJrgkuG6eNBoMyRgBfsuiOGYWguIUhqUSzZczj1CYySXAmvC8TXeuZ7ZvNc1ZvqwvSnprLB4M6NuQwjYJIuow0igSHA86pwnytGQcwMIFRx8ztMR0QRCqbQVDjPT4fVPJIcpknOlOv8r3ITNK/LTqVcebgpVvGq5iw6RxfoEjnoFlXRPaqjBqJoiF7QK3qz3q1P68v6Xj7NWCvPGUqN9fMLPY2wgA==</latexit>

𝐿𝑀
<latexit sha1_base64="oblpDdEK0v1yhrqPvgxEQE0SOfM=">AAACQnicZVDLTgIxFO3gC8cX6NJNIyHRDZlRgy5J3LiEKI8EJqRTCjR0OpP2jkImfIJb/SF/wl9wZ9y6sDxMGLlJ05Nzem5Ojx8JrsFxPqzMxubW9k52197bPzg8yuWPGzqMFWV1GopQtXyimeCS1YGDYK1IMRL4gjX90d1Mbz4xpXkoH2ESMS8gA8n7nBIw1EOte9XNFZySMx+8DtwlKKDlVLt566LTC2kcMAlUEK3brhOBlxAFnAo2tTuxZhGhIzJgbQMlCZj2knnWKS4apof7oTJHAp6zq44EBpG5hCCpRYlkz9E4IDCc2kW8KpBA60ngm80zVa+rc9OfmsoG/Vsv4TKKgUm6iNaPBYYQz6rCPa4YBTExgFDFze8wHRJFKJhCU+H8IB1W81hyGE9tU677v8p10LgsueVSuXZdqOBlzVl0is7QOXLRDaqge1RFdUTRAL2gV/RmvVuf1pf1vXiasZaeE5Qa6+cX2w6wSw==</latexit>

𝐿3
<latexit sha1_base64="az0R7+mWlU3niuhtDXyZ2yrWMO0=">AAACQnicZVDLTgIxFO3gC8cX6NJNIyHRDZkhBl2SuHEJUR4JTEinFGjodCbtHYVM+AS3+kP+hL/gzrh1YXmYMHKTpifn9NycHj8SXIPjfFiZre2d3b3svn1weHR8ksufNnUYK8oaNBShavtEM8ElawAHwdqRYiTwBWv547u53npiSvNQPsI0Yl5AhpIPOCVgqId6r9zLFZySsxi8CdwVKKDV1Hp566rbD2kcMAlUEK07rhOBlxAFnAo2s7uxZhGhYzJkHQMlCZj2kkXWGS4apo8HoTJHAl6w644EhpG5hCCpRYlkz9EkIDCa2UW8LpBA62ngm81zVW+qC9OfmsoGg1sv4TKKgUm6jDaIBYYQz6vCfa4YBTE1gFDFze8wHRFFKJhCU+H8IB1W81hymMxsU677v8pN0CyX3EqpUr8uVPGq5iw6RxfoErnoBlXRPaqhBqJoiF7QK3qz3q1P68v6Xj7NWCvPGUqN9fML2TKwSg==</latexit>

𝐿2

<latexit sha1_base64="n1LAHL1TngTehwLQd4o8R1tRG1A=">AAACQHicZVDLSgMxFE181vrWpZtgEXRTZkSqS8GN7irYB7RDyaS3NZjJDMkdtQz9Arf6Q/6Ff+BO3LoyHSs49kLI4Zycy8kJEyUtet4bnZtfWFxaLq2UV9fWNza3tneaNk6NgIaIVWzaIbegpIYGSlTQTgzwKFTQCu8uJnrrHoyVsb7BUQJBxIdaDqTg6Kjrq95Wxat6+bBZ4E9BhUyn3tumR91+LNIINArFre34XoJBxg1KoWBc7qYWEi7u+BA6DmoegQ2yPOmYHTimzwaxcUcjy9m/jgyHibuU4oVFmYaH5DHieDsuH7C/Ao+sHUWh2zxR7ayam37VQjYcnAWZ1EmKoMVPtEGqGMZsUhTrSwMC1cgBLox0v2Pilhsu0NVZCBdGxbBWplri47jsyvX/VzkLmsdVv1atXZ9Uztm05hLZI/vkkPjklJyTS1InDSIIkCfyTF7oK32nH/Tz5+kcnXp2SWHo1zdxLK+d</latexit>

𝐿

BC

<latexit sha1_base64="Wkx0cC74t1mPoRtP7tbvCqMitq8=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CWJG5cQ5ZHAhHRKgYZOZ9LeUchkPsGt/pA/4S+4M25dWGBMGLlJ05Nzem5OjxcKrsG2P6yNza3tnd3cXn7/4PDouFA8aekgUpQ1aSAC1fGIZoJL1gQOgnVCxYjvCdb2Jndzvf3ElOaBfIRZyFyfjCQfckrAUA+NvtMvlOyKvRi8DpwUlFA69X7RuuwNAhr5TAIVROuuY4fgxkQBp4Il+V6kWUjohIxY10BJfKbdeJE1wWXDDPAwUOZIwAt21RHDKDSXECSzKJbsOZz6BMZJvoxXBeJrPfM9s3mu6nV1YfpTM9lgeOvGXIYRMEmX0YaRwBDgeVV4wBWjIGYGEKq4+R2mY6IIBVNoJpznZ8NqHkkO0yRvynX+V7kOWlcVp1qpNq5LNZzWnENn6BxdIAfdoBq6R3XURBSN0At6RW/Wu/VpfVnfy6cbVuo5RZmxfn4B11awSQ==</latexit>

𝐿1
<latexit sha1_base64="0/2JnnJ2eeQTtXRalSBEx/phSxA=">AAACQHicZVDLSgMxFM34rPXV6tJNsBR0U2ZEqsuCG5eKtgo6SCa9bUMzmSG5o5ZhvsCt/pB/4R+4E7euTNsROvZCyOGcnMvJCWIpDLruh7OwuLS8slpaK69vbG5tV6o7HRMlmkObRzLStwEzIIWCNgqUcBtrYGEg4SYYno31m0fQRkTqGkcx+CHrK9ETnKGlLq8eKjW34U6GzgMvBzWSz8VD1Tm870Y8CUEhl8yYO8+N0U+ZRsElZOX7xEDM+JD14c5CxUIwfjpJmtG6Zbq0F2l7FNIJO+tIsR/bS0pWWJQqeIqfQ4aDrFynswILjRmFgd08Vs28OjH9qYVs2Dv1U6HiBEHxabReIilGdFwU7QoNHOXIAsa1sL+jfMA042jrLIQLwmJYIxIl8Dkr23K9/1XOg85Rw2s2mpfHtRbNay6RPbJPDohHTkiLnJML0iacAHkhr+TNeXc+nS/ne/p0wck9u6Qwzs8vg8Svpw==</latexit>

𝐿<latexit sha1_base64="UTQGOvi9wjzzbgcr6g6ZD4nV660=">AAACQnicZVDLTgIxFO34RHyBLt00EhLdkBlj0CUJG5cY5ZEAIZ3SGRo6nUl7RyETPsGt/pA/4S+4M25dWAZMGLlJ05Nzem5OjxsJrsG2P6yNza3tnd3cXn7/4PDouFA8aekwVpQ1aShC1XGJZoJL1gQOgnUixUjgCtZ2x/W53n5iSvNQPsI0Yv2A+JJ7nBIw1EN9MBoUSnbFTgevA2cJSmg5jUHRuuwNQxoHTAIVROuuY0fQT4gCTgWb5XuxZhGhY+KzroGSBEz3kzTrDJcNM8ReqMyRgFN21ZGAH5lLCJJZlEj2HE0CAqNZvoxXBRJoPQ1cs3mu6nU1Nf2pmWzg3fYTLqMYmKSLaF4sMIR4XhUecsUoiKkBhCpufofpiChCwRSaCecG2bCax5LDZJY35Tr/q1wHrauKU61U769LNbysOYfO0Dm6QA66QTV0hxqoiSjy0Qt6RW/Wu/VpfVnfi6cb1tJzijJj/fwCI4Wwcg==</latexit>

𝐿𝑀
<latexit sha1_base64="y6MN0keeUQ3dzYtkKZ+Cem16Tlw=">AAACQnicZVDLTgIxFO3gC/EFunTTSEh0Q2aMQZckbFxilEcCE9IpBRo6nUl7ByGT+QS3+kP+hL/gzrh1YXmYMHKTpifn9NycHi8UXINtf1iZre2d3b3sfu7g8Oj4JF84beogUpQ1aCAC1faIZoJL1gAOgrVDxYjvCdbyxrW53powpXkgn2AWMtcnQ8kHnBIw1GOtN+nli3bZXgzeBM4KFNFq6r2CddXtBzTymQQqiNYdxw7BjYkCTgVLct1Is5DQMRmyjoGS+Ey78SJrgkuG6eNBoMyRgBfsuiOGYWguIUhqUSzZczj1CYySXAmvC8TXeuZ7ZvNc1ZvqwvSnprLB4M6NuQwjYJIuow0igSHA86pwnytGQcwMIFRx8ztMR0QRCqbQVDjPT4fVPJIcpknOlOv8r3ITNK/LTqVcebgpVvGq5iw6RxfoEjnoFlXRPaqjBqJoiF7QK3qz3q1P68v6Xj7NWCvPGUqN9fMLPY2wgA==</latexit>
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Figure 2.8: CAD-based to-scale overview of theARES particle accelerator. The Experimental
Area (EA), Bunch Compressor (BC), Diagnostic Line (DL) and Spectrometer High Energy
(SH) sections considered for the transverse beam tuning tasks are marked, and conceptual
not-to-scale overviews of the important components of their lattices are shown. In the latter,
quadrupole magnets marked 𝑄 are indicated in red, vertical steering magnets marked 𝐶𝑣
are indicated in blue, horizontal steering magnets marked 𝐶ℎ are indicated in turquoise,
dipole bending magnets are indicated in white, and diagnostic screens are marked 𝑆. Other
important parts of the ARES accelerator are annotated, and a car is shown for scale. CAD
drawing courtesy of Frank Mayet.
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Figure 2.9: Areal view of the ARES and European XFEL facilities in Hamburg, Germany.
ARES is highlighted in orange inside the former DORIS tunnel on the DESY campus in the
south-easterly corner of the pictured area. The different sections, the injector (turquoise),
linac (green), undulator lines (red) and experiment hall (yellow) of European XFEL are
highlighted and annotated as well. Orthoimagery from [99].

(a) (b)

Figure 2.10: Photos from inside the ARES tunnel (former DORIS tunnel). (a) View of
ARES looking in downstream direction from the gun. Eight blue solenoid magnets can be
seen placed around the accelerating travelling wave structures, with three RF wave guides
coupled into the gun and the two travelling wave structures. The black laser table of the
Experimental Area 1 is visible in the background. (b) View of the EA section, starting from
the red quadrupole magnet in the bottom right, and ending at the vertical black optics box
and blue mover stage of the diagnostic screen station in the upper left next to the laser
table.
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(BC), Diagnostic Line (DL) and Spectrometer High Energy (SH). In each of these sections,
there is a sequence of quadrupole magnets 𝑄, which are used to focus the beam, and
vertical and horizontal dipole steering magnets 𝐶𝑣 and 𝐶ℎ , which are used to bend the
beam in the horizontal and vertical direction, followed by a diagnostic screen station 𝑆
capturing a transverse image of the electron beam. The lattices of the relevant elements
in these sections are in downstream order excluding elements that are not quadrupoles,
dipoles or diagnostic screen stations:

EA : (𝑄1, 𝑄2, 𝐶𝑣 , 𝑄3, 𝐶ℎ , 𝑆) ,
BC : (𝑄1, 𝑄2, 𝐶𝑣 , 𝐶ℎ , 𝑄3, 𝑆) ,
DL : (𝐶𝑣 , 𝐶ℎ , 𝑄1, 𝑄2, 𝑆) ,
SH : (𝐶𝑣 , 𝑄1, 𝐶ℎ , 𝑄2, 𝑆) ,

(2.41)

and illustrated in Fig. 2.8. A photo of the EA section is shown in Fig. 2.10.
In this work, quadrupole magnets are controlled through their focussing strength 𝑘 in

m−2 and dipole magnets through the steering angle 𝛼 in mrad by which the particles are
deflected. The power supplies of all magnets can be switched in polarity. The quadrupole
magnets can be actuated up to a focussing strength of 72m−2. The limit of the steering
magnets is 6.2mrad. Note that turning up the strength of a quadrupole magnet will focus
the beam in the horizontal plane and defocus it in the vertical plane, while turning down
the strength will have the opposite effect. Increasing the steering angle of the vertical
steering magnet will steer the beam upwards, while decreasing the angle will steer the
beam downwards. The horizontal steering magnet works similarly, steering the beam to
the right when the angle is increased and to the left when the angle is decreased. What
is more, if the beam is off-centre as it passes through the quadrupole magnet, the beam
will additionally experience an angular deflection as it would with a dipole magnet. Any
tuning task involving quadrupoles is therefore complex. The transverse beam parameters
of beam position (︁

𝜇𝑥 , 𝜇𝑦
)︁ and beam size (︁

𝜎𝑥 , 𝜎𝑦
)︁ are computed from the screen images by

fitting a 2-dimensional Gaussian distribution. The camera observes an area of about 8mm
by 5mm at a resolution of 2448 by 2040 pixels. The effective resolution of the scintillating
screen is ca. 20 µm.

The goal of the transverse tuning task is to adjust the quadrupole magnets’ focussing
strengths 𝑘 and steering magnets’ steering angles 𝛼 to minimise the difference between
the measured transverse beam parameters 𝒃 and the target transverse beam parameters 𝒃′
chosen by a human operator. The actuators, i.e. the magnet settings to be changed during
tuning, are denoted as 𝒖, where for example in the EA section 𝒖 =

(︁
𝑘𝑄1 , 𝑘𝑄2 , 𝛼𝐶𝑣 , 𝑘𝑄3 , 𝛼𝐶ℎ

)︁ .
The tuning optimisation problem can be formalised as minimising the objective

min
𝒖
𝑂 (𝒖 | ℬin ,𝒎) , (2.42)

where
𝑂 (𝒖 | ℬin ,𝒎) = 𝒟 (𝒃, 𝒃′) , (2.43)

with𝒟 a distance metric between the target beam parameters 𝒃′ and the observed beam
parameters 𝒃. The observed beam parameters 𝒃 are a result of the beam dynamics, which
in turn depend on the actuators 𝒖, and environmental factors, such as the misalignments
𝒎 of the quadrupole magnets and the diagnostic screen, as well as the incoming beam ℬin
to the accelerator section. Together with the target beam parameters 𝒃′, these define the
state of the environment. To this end, it is assumed that there exists a function

𝒃 = 𝑓𝒃 (𝒖 | ℬin ,𝒎) (2.44)
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that maps the actuator values 𝒖 currently set on the magnets to beam parameters 𝒃 meas-
ured on the diagnostic screen. This function is stochastically affected by random noise
and other unknown variables. Two unknown variables are considered in the modelling of
𝑓𝒃: the incoming beam ℬin, and the misalignments 𝒎 of the quadrupole magnets and the
diagnostic screen. In the real world, neither the incoming beam ℬin nor the misalignments
𝒎 are known. Other disturbances affecting 𝑓𝒃 are present in the real world, but neither
known nor modelled. As a result 𝑓𝒃 is considered a stochastic black-box function. With
most real-world tuning tasks, the state is only partially observable. In the case of the bench-
mark task, the magnet misalignments and the incoming beam cannot be easily measured
or controlled, and are therefore part of the environment’s hidden state.

As a measure of difference between the observed beam parameters 𝒃 and the target
beam parameters 𝒃′, the mean absolute error (MAE) is used and defined as

𝒟mae (𝒃, 𝒃′) = 1
4

4∑︂
𝑖=1

|︁|︁𝒃𝑖 − 𝒃′𝑖
|︁|︁ , (2.45)

i.e. the mean of the absolute value of the beam parameter differences over all four beam
parameters, where 𝒃𝑖 denotes the 𝑖-th component of 𝒃.

2.2.3 European XFEL
The EuropeanX-Ray Free-Electron Laser (EuropeanXFEL) [58] is an FEL located atDESY in
Hamburg, Germany. Originally conceptualised as part of the never-built Tera-Electronvolt
Energy Superconducting Linear Accelerator (TESLA) facility, the European XFEL began
operation in 2017, becoming the world’s brightest X-ray light source at the time. The tunnel
of European XFEL has a total length of 3.4 km, starting at the DESY campus in Hamburg
and extending to the town of Schenefeld in Schleswig-Holstein. European XFEL is based
on a superconducting linear accelerator operating at 1.3GHz and at temperatures of 2K,
accelerating electrons to energies of up to 17.5GeV before they are sent through a pair of
two undulator lines, 175m and 105m in length, which produce X-ray pulses at wavelengths
from 4.7 nm to below 0.05 nm and a repetition rate as fast as 27 kHz to several experimental
stations. An areal view of the European XFEL facility is shown in Fig. 2.9 and views from
inside the tunnel are shown in Fig. 2.11. European XFEL is subject of work on start-to-end
neural network surrogate modelling for virtual diagnostics in Chapter 3 of this dissertation.
An overview of the components relevant for this work is shown in Fig. 3.1.

2.2.4 LCLS and LCLS-II
The Linac Coherent Light Source (LCLS) [83] is an FEL located at the SLAC National
Accelerator Laboratory in Menlo Park, California, USA. Operating since 2009, LCLS used
a new high-brightness electron injector and the final kilometre of the original 3 km-long
SLAC copper linac from 1966 to accelerate electrons to energies between 3.5GeV and
15GeV, before sending them via a 350m-long transfer line to a 132m-long undulator line
delivering X-ray pulses at wavelengths of 2.2 nm to 0.12 nm and a repetition rate of 120Hz
to several experimental stations.

In 2023, first lasing was achieved at an upgrade of the facility, called LCLS-II [34,
102]. The upgrade retains the LCLS copper linac and transfer line, while adding a 4GeV
superconducting linac in the first 700m of the SLAC linac tunnel, using slightly modified
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(a) (b)

(c)

Figure 2.11: Inside the European XFEL tunnel. (a) The yellow cryomodules can be seen
suspended from the ceiling [61]. They contain the superconducting RF cavities used to
accelerate the electrons at a temperature of 2K. A klystron for amplifying the 1.3GHz
RF signal is seen in blue underneath the cryomodules. (b) View of a bunch compressor
made up of four large blue dipole magnets. Some quadrupole magnets in red and dipole
magnets in blue can be seen upstream of the bunch compressor. (c) Undulator gallery of a
self-amplified spontaneous emission (SASE) undulator beamline. The yellow undulator
frames can be seen in the windows of the protective wall on the right.

versions of the cryomodules and 1.3GHz niobium cavities used at European XFEL. In
addition, the original LCLS undulators were replaced with two new undulator lines. A soft
X-ray line of 21 conventionally designed undulators is connected to the superconducting
linac via a bypass line past the Facility for Advanced Accelerator Experimental Tests
(FACET) and LCLS copper linacs. The original LCLS undulator connected to the copper
linac is replaced with a hard X-ray line of 32 horizontal gap vertical polarisation undulators
(HGVPUs). A crossover line allows the superconducting linac to also feed the hard X-ray
line. These upgrades allow the facility to produce X-ray pulses with a repetition rate of
1MHz, while serving two X-ray stations simultaneously, effectively doubling the number
of experiments that can be conducted. An overview of the parts of the LCLS-II facility
relevant for the work in Chapter 5 is shown in Fig. 2.12, with an areal view of the full
LCLS-II facility shown in Fig. 2.13.
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Figure 2.12: Overview of the LCLS(-II) facility focussing on the parts relevant to the
FEL tuning task. The original warm LCLS copper linac starting from the LCLS RF gun
and connected to the hard X-ray undulator line is shown in turquoise. This is where the
FEL tuning task is performed, with the actuated quadrupole magnets being annotated as
such. The gas detector providing measurements of the pulse intensity is also shown and
annotated. The beam coming from the approximately 700m long LCLS-II superconducting
linac via a more than 2 km long bypass line is shown in green. The beam from LCLS-II
can be transported to either the soft X-ray undulator line or the hard X-ray undulator line
via a crossover line, while the beam from the copper linac can only be transported to the
hard X-ray undulator line. Note that this schematic is not to scale and only shows the
components relevant to the presented work.
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Figure 2.13: Areal view of the LCLS facility at SLAC in Menlo Park, California, USA.
Orthoimagery from [331].
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FEL Tuning
A key metric for the performance of any FEL is the pulse intensity, which is a measure
of the number of photons in the generated light pulse. The pulse intensity is influenced
by the electron beam properties, such as the beam charge, energy, and transverse beam
properties, as well as the undulator settings, such as the undulator gap and phase. To
facilitate the various different experiments conducted at LCLS, the facility has to switch
between different energies and phase space shapes of the electron beam frequently. Every
time the working point of the FEL is changed, the pulse intensity has to be optimised for the
new working point. Autonomous online tuning of the pulse intensity can facilitate faster
fine-tuning and switching of working points, ultimately increasing available experiment
time and improving repeatability.

The FEL pulse intensity depends on a number of factors, including the Twiss parameters
of the electron beam at the undulator entrance

𝒕 =
(︁
𝛽𝑥 , 𝛼𝑥 , 𝛽𝑦 , 𝛼𝑦

)︁ , (2.46)

as well as constant properties of the undulators, such as its length, and variable properties,
such as the undulator gap. The Twiss parameters describe the beam’s transverse size as 𝛽
and divergence as 𝛼 in both the horizontal and vertical direction. For this work, the pulse
intensity is considered to be a function of the Twiss parameters 𝒕 at the undulator entrance

𝐼 = 𝑓𝐼 (𝒕 | 𝒗und) (2.47)

that also depends on the undulators’ variable settings 𝒗und. The undulators’ fixed properties
are known and constant, and therefore omitted from this formulation. As part of this
dissertation, the FEL tuning task is considered along the LCLS-I beamline of the LCLS
copper linac and the hard X-ray undulator line. Here, the Twiss parameters at the undulator
entrance 𝒕 are considered a function of the focussing strengths 𝒖 =

(︁
𝑘𝑄1 , . . . , 𝑘𝑄14

)︁ of 14
quadrupole magnets in m−2, which are the control parameters of the tuning task, the
settings of other actuators along the linac 𝒗linac, and the Twiss parameters 𝒕0 upstream of
the first quadrupole magnet. It results

𝒕 = 𝑓𝒕 (𝒖 | 𝒕0, 𝒗linac) . (2.48)

Note that, while there are known design values for 𝒕0, the actual values present in the real
beamline are unknown and may deviate. The remaining settings of the machine, i.e. 𝒗linac
and 𝒗und should be at or near their design values during operations and can be considered
constant as well as known. The goal of the tuning task is

max
𝒖

𝐼 (𝒖) (2.49)

to find the actuator settings 𝒖 that maximise the pulse intensity 𝐼 at the end of the undulator
line measured by a gas detector (also known as GDET), where

𝐼 = 𝑓𝐼
(︁
𝑓𝒕 (𝒖 | 𝒕0, 𝒗linac) | 𝒗und

)︁ . (2.50)

An overview of the relevant lattice elements and the beamline considered for the FEL
tuning task at LCLS is shown in Fig. 2.12. Photos of the LCLS I linac and the undulator
hall with the hard X-ray undulator line are shown in Fig. 2.14.
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(a) (b)

Figure 2.14: Photos from inside the LCLS tunnel. (a) Original LCLS warm copper
linac [308]. (b) Undulator hall with the new undulators installed as part of the LCLS-II
upgrade, the soft X-ray undulator line on the left and the hard X-ray undulator line on the
right [309].

Note that there are additional quadrupole magnets installed along the beamline, which
are not considered here. The 14 quadrupole magnets considered in this dissertation are
chosen as a balance of complexity and tunability, while representing a starting point that
can eventually be extended to 30 or more quadrupole magnets as well as to the lattices of
other FEL facilities, such as European XFEL and FLASH, where pulse intensity tuning is
performed in a similar manner. Autonomous solutions for tuning the pulse intensity of the
LCLS FEL with RL are investigated in Chapter 5.

2.3 Related Work
This section reviews the state of the art in machine learning for particle accelerators, focus-
sing on their autonomous optimisation and the use of RL for accelerator tuning tasks. The
section is structured as follows: First, the use of machine learning in the context of particle
accelerators in general is discussed in Section 2.3.1. Then, work on differentiable modelling
and programming in general, and for particle accelerators in particular, is reviewed in
Section 2.3.2. Next, existing work on autonomous accelerator tuning with methods other
than RL is reviewed in Section 2.3.3, before an overview of RL work covering algorithmic
developments on toy applications as well as real-world use cases in Section 2.3.4, followed
by a detailed review of the use of RL for accelerator tuning and control in Section 2.3.5.

2.3.1 Machine Learning for Particle Accelerators
Some of the earliest work applying machine learning techniques to particle accelerators
was done in the late 1980s, where linear regression was used to build surrogate models
for orbit correction [127]. Neural networks started to be used in the context of particle
accelerators in the early 1990s. Some of the earliest work in 1990 focussed on developing
neural network-based surrogate models for ion source waveform characteristics and FEL
wigglers [138], which was later used in an iterative optimisation process resembling
Q-learning and BO [216, 217]. Other early work from 1991 presents an approach similar
to gradient-based RL, where a neural network surrogate is trained to predict the trajectory
of the beam from past measurements and magnet settings, with a second neural network
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being trained to control the beam’s trajectory by back-propagating errors through the
surrogate model [230]. While most of the machine learning work pertaining to accelerators
in the 1990s and early 2000s focussed on inverted surrogate modelling for tuning tasks,
often at the example of orbit correction [35, 36, 92, 172, 285], neural networks were also
applied to accelerator fault detection and identification as early as 1992 [171]. The success
of these early studies was often mixed, with some studies showing promising results, while
others found that the neural networks were outperformed by other methods [172], in part
due to the limited computational resources available at the time.

In the early 2010s, the success of AlexNet [181] in image recognition renewed interest in
machine learning and neural networks in particular. The following period is sometimes
referred to as the AI spring, and characterised by a broadened acceptance of deep learning
methods as valid scientific contributions [182]. This newfound interest reached the accel-
erator community by the late 2010s and early 2020s. In 2018, Edelen et al. outlined how
machine learning can help advance the field of accelerator physics and solve the challenges
that will be encountered with future facilities [75]. Since then, the amount of machine
learning research in the field of particle accelerators has been growing rapidly, with novel
methods being developed for surrogate modelling, virtual diagnostics, tuning, control,
anomaly detection and various other applications. This section reviews some of the most
relevant works in this area, focussing on surrogate modelling, virtual diagnostics, anomaly
detection and NLP. Machine learning-based methods for accelerator tuning and control
are reviewed in Sections 2.3.3 and 2.3.5.

Surrogate models are machine learning models designed to approximate the behaviour
of complex systems. Their potential applications are manifold. In accelerator physics,
they are for example often used to provide non-invasive virtual diagnostics of measure-
ments that could otherwise only be obtained by destructive methods and time-consuming
measurement campaigns.

An extensively researched application of surrogate models is a virtual diagnostic of the
LPS, which would otherwise require intractable start-to-end simulations. Neural networks
have been used to learn both so-called scalar [80, 81, 370] and spectral [124, 369] virtual
diagnostics for 1-dimensional and 2-dimensional LPS reconstruction, using scalar inputs,
such as RF settings, or spectral inputs, such as THz radiation spectra, to infer the LPS. This
work was later extended to a combined scalar and spectral virtual diagnostic with adapt-
ive resolution [160], with the goal of controlling the undulator linear taper at European
XFEL [326]. The neural network-based surrogate model developed in [160, 326] is intro-
duced as part of this dissertation in Section 3.1. A generative diffusion-based approach
conditioned with chirp scalar data and BPM readings was most recently demonstrated
in early results for the same task, additionally enabling the inference of megapixel phase
space images and physical interpolation between different LPSs by traversing the learned
latent space [279].

In general, the use of neural networks as fast surrogates for otherwise expensive-to-
simulate beam dynamics, where physical models also are not always very precise, has been
explored in various contexts. A neural network surrogate model has been demonstrated
for the inference of the space charge field in a vacuum chamber cross-section using a
physics-informed loss function including a partial differential equation with the Lorentz
factor, elliptical bi-Gaussian charge density and boundary condition [101]. The transverse
emittance of low energy beams, which are strongly affected by space charge effects, has also
been predicted using neural networks at ARES [213]. A start-to-end surrogate model of
the low-energy section of the Ferninfrarot Linac- und Test-Experiment (FLUTE) accelerator
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is trained by Xu et al., predicting bunch properties, like bunch length and relative energy
spread, from inputs, such as charge, gun phase and gradient, and solenoid settings [355].
Li et al. train a neural network surrogate model to predict the wavefront phase and energy
spectrum of the photon beam at X-ray free-electron lasers (XFELs) from properties of the
electron beam and the undulators [192].

In preparation to ultimately use the surrogate model as a basis for anomaly detection,
Wielgosz et al. train an LSTM model to predict future values of the resistive voltage in
superconducting magnets at LHC from past measurements [349]. What is more, there
has been work by Fol on using autoencoder neural networks to predict turn-by-turn phase
advance measurements as well as reconstruct readings from BPMs, which were previously
identified as faulty and not providing usable data [95].

Neural network surrogate models have further been explored by Veglia et al. as an
alternative to an existing look-up table-based approach of predicting closed orbit distor-
tions from insertion device gaps as input to a singular value decomposition (SVD)-based
approach for calculating the orbit response matrix at PETRA III [334, 336]. The proposed
approach has the advantage that it can be continuously and parasitically fitted to changing
machine conditions without the requirement for dedicated measurements.

Advanced methods for designing and training surrogate models have been demon-
strated by Gupta et al. at the example of the LCLS II injector [118]. Their surrogate model is
capable of predicting the output distribution of the injector, includingmeasured diagnostics
in the form of the laser distribution in addition to scalar settings in the input. They further
demonstrate a transfer learning approach, enabling the bulk of the training to be done on a
simulation while delivering good performance on the real machine.

Models other than neural networks have also been applied to surrogate modelling
in accelerator physics. Random forests regression is used to predict quadrupolar integ-
rated field errors, longitudinal misalignments of quadrupoles and sextupole transverse
misalignments from phase advance deviations, horizontal and vertical 𝛽 at the main inter-
action points, and the deviation of the normalised horizontal dispersion. The prediction
can then be used for optics corrections in circular accelerators such as the LHC [95]. An
interpretable random forest surrogate model is trained by Fol et al. for the purpose of
speeding up optimisations of the design of the final cooling system for a future muon
collider [97]. The authors further demonstrate the utility of an inverted variant of their
surrogate model, which proposes promising initial input parameters, thereby reducing the
number of samples required by the optimisation.

In general, surrogate models have been widely explored to assist optimisation tasks in
accelerator physics. Inverted surrogate models have been used to infer the steerer inputs
required for desired orbits [35, 36, 92, 172, 285]. The use of a U-Net inverted surrogate
model has further been demonstrated in early results in place of the Gerchberg-Saxton (GS)
algorithm to predict the inputs to a spatial light modulator (SLM) from a desired transverse
laser profile [354]. In an effort to improve the speed of classical optimisers on particle
accelerators, other works explore the use of machine learning to aid the optimisation by
fitting surrogate models to data from the real accelerator and performing optimisation on
the latter [76, 146].

Anomaly detection and predictive maintenance are important tasks in the operation of
particle accelerators that have seen the application ofmachine learning techniques. Isolation
Forests have successfully been used to improve the detection of faulty BPM readings and
in doing so improve the quality of the optics measurements at LHC [95, 96].

Further, random forest classification is used to identify tripping superconducting RF
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cavities and the type of fault causing the trip [321]. In a continuation of this work, CNNs
and LSTM-based neural networks are explored on the same task in an effort to forgomanual
feature extraction and speed up the classification process to the point where corrective
action can be taken before the fault occurs [338]. In parallel work, a two-stage quench
detection method has been developed, employing an analytical model of cavity dynamics
for residual-based fault detection, followed by the 𝑘-medoids clustering algorithm to
classify faults in order to distinguish quenches from other types of trips [32]. The authors
demonstrate the ability of their approach to outperform the currently deployed system at
European XFEL.

Martino et al. and Grünhagen et al. develop and compare the performance of various
semi-supervised anomaly detectionmethods, such as 𝑘-means clustering, Gaussianmixture
models (GMMs), Isolation Forests and support vector machines (SVMs), on the low-level
radio frequency (LLRF) system at European XFELwith artificially injected faults [114, 209].
A similar study was performed as follow-up work on the laser-based synchronisation
system at European XFEL [115]. Here, the authors compare a large number of feature
extraction methods in conjunction with machine learning algorithms for the purpose of
detecting and classifying faults from the output signal of a proportional-integral (PI)
controller acting on the laser oscillator cavity length to lock the laser oscillator repetition
rate. They focus in particular on classical machine learning algorithms, such as clustering
methods, 𝑘-nearest neighbours (KNN), random forests and SVMs, but also highlight the
advantages of using an autoencoder neural network for feature extraction to improve
performance.

LLMs have found a lot of attention across various fields with the release of models,
such as GPT 4 [242], the Llama series [327] and theMistral/Mixtral series [150, 151]. Con-
sequently, there are also efforts to take advantage of the NLP abilities of LLMs for various
purposes in the field of particle accelerator research. Sulc et al. demonstrate the fine-tuning
of an open-source LLM to be a particle accelerator domain expert using open access sci-
entific literature as training data, augmented by another LLM to generate question-answer
pairs from research papers. The fine-tuned model, called PACuna, is shown to be more
proficient than off-the-shelf LLMs in answering questions related to particle accelerat-
ors. Mayet demonstrates how off-the-shelf LLMs can be used as a general AI assistant
for intelligent accelerator operations (GAIA), employing the ReAct prompting scheme to
enable the LLM to intelligently trigger accelerator operation routines, automatically contact
experts when needed, research questions in the facility’s logbook, provide the correct
control system addresses for actuators and sensors of the accelerator, and write weekly
shift reports. Following work that demonstrated the ability of LLMs to perform prompt
optimisation [361], optimisation of complex algorithms [260], linear regression [361] and
game playing tasks [244], LLMs have also successfully been applied to solve complex non-
linear numerical optimisation tasks at the example of transverse beam parameter tuning at
ARES, demonstrating first steps towards enabling autonomous particle accelerator tuning
through natural language [165]. As part of this dissertation, the latter work is introduced
in Section 4.5.

An inter-institutional effort is also underway to improve the findability, accessibility,
interoperability and reusability (FAIR)-ness of data contained within particle accelerator
facility logbooks, which contain a wealth of useful and complex information in difficult-
to-search unstructured formats, by using LLMs in combination with retrieval augmented
generation (RAG) such that rich and comprehensive information can be extracted easily and
efficiently, simply by asking questions in natural language [318]. Parallel efforts are aimed
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at improving the accessibility of multi-modal data contained within logbooks by using
optical character recognition (OCR) to extract textual information from commonly found
images of plots and control system panels, as well as topical classification and clustering of
logbook entries to enable easy search and retrieval of suitable information [203]. In a similar
effort, CERN is developing a service, calledAccGPT, for hosting fine-tuned and off-the-shelf
LLMs for fast and intuitive information retrieval from their vast array of knowledge bases,
such as wiki pages and document servers, with future goals of integrating logbooks and
expanding the service to additional features like coding assistance [256].

2.3.2 Differentiable Simulations
Programmatic beam dynamics modelling is a mature field with various well-established
simulation codes having been developed over the years, includingASTRA [94], Bmad [275],
Elegant [30], MAD-X [49], Ocelot [3] and Xsuite [143]. These codes, however, were de-
veloped with the primary goal of accurately modelling a large number of physical effects in
particle accelerators. Differentiability was not a meaningful concern in their development,
and these codes are not designed to support automatic differentiation.

Neural networks are well known for their differentiability, which is a key feature that
enables the training of neural networks with gradient-based optimisation algorithms.
While neural networks have been widely used to build surrogate models for accelerator
systems [80, 97, 118, 160, 192, 213, 355], as is discussed in detail in Section 2.3.1, these
surrogate models are typically used for their speed rather than their differentiability. A
few works exist, that use neural networks to model accelerator systems in a differentiable
manner, such as to train a neural network to output steerer settings for trajectory correc-
tion [230], to train a neural network policy in a gradient-based RL setup to optimise the
beam parameters at an FEL’s undulator entrance [71, 73, 74] and for identifying optimal
detector parameters at LHC [5, 109].

However, the frameworks used to implement neural networks, such as TensorFlow [1],
PyTorch [248] and JAX [37], allow also for the convenient implementation of models other
than neural networkswith support for automatic differentiation. Because of this, the field of
scientific computing has recently seen a downright explosion of simulators implemented in
these frameworks with the goals of faster computations and differentiability. JAX in partic-
ular has been used to implement benchmark RL environments for research, however mostly
with an emphasis on speed for scalable RL training rather than on differentiability of the
simulation itself with tools like gymnax [184], Jumanji [29], Pgx [178] and JaxMARL [274].
A JAX-powered implementation of theMinigrid [54] RL research environment with explicit
support for automatic differentiation is provided by the NAVIX project [249]. A differenti-
able physics engine for robotics, human perception andmaterials science is implemented in
Brax [98]. Other research fields have also seen the development of differentiable simulators,
such as TORAX for Tokamak transport simulation [56], dynamiqs for quantum systems
simulation [117], jax-cosmo for cosmology [185], JAX, M.D. for molecular dynamics [288],
𝜕PV for photovoltaic simulation [206], ExoJAX for spectrum modelling of exoplanets and
brown dwarfs [170], j-Wave for acoustics simulations [312] as well as JAX-CFD [68, 177]
and JAX-Fluids [22, 23] for computational fluid dynamics.

The accelerator community has also started to build specialised programmatic physics-
based differentiable models on a per-application basis. An overview of opportunities for
differentiable programming in particle physics instruments is given by Dorigo et al. [66].
A handcrafted differentiable physics model is used as the discriminator in a generative
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adversarial network (GAN) setup to train a neural network to reconstruct time-domain
measurements of X-ray pulses without labelled data by Ratner et al. [255]. Roussel et al.
fit the hysteron density function of a Preisach model to accurately model hysteresis from
experimental data [265, 268]. A differentiable beam dynamics simulation of a tomographic
beamline has also been used to reconstruct phase space distributions from experimental
screen images in a generative machine learning setup [265, 270]. Simultaneous calibration
of all detector parameters of a liquid argon time projection chamber using a differentiable
simulation of the latter is performed by Gasiorowski et al. [106]. In work by Qiang, a
differentiable self-consistent space charge simulation model based on truncated power
series algebra (TPSA) is developed to speed up the simulated optimisation of accelerator
design parameters under consideration of space charge induced effects [253].

Three efforts have been made to develop general-purpose differentiable beam dynamics
simulation codes for particle accelerators. Gonzalez-Aguilera et al. introduce Bmad-X [110],
a library-agnostic differentiable particle tracking code written in Python based on Bmad.
They demonstrate the application of Bmad-X on examples of beamline optimisation, model
calibration and phase-space reconstruction. A similar effort is made with Cheetah [162,
163, 314], a differentiable beam dynamics simulation code primarily based on a PyTorch
backend and with a stronger focus on fast computations, bridging the gap between fast
hand-crafted and data-driven particle accelerator models, and support for a larger number
of lattice elements and conversions from other simulation codes. Cheetah is part of the work
presented in this dissertation and introduced in detail in Section 3.2. At the time of writing,
Bmad-X is being merged into Cheetah to combine the advantages of both codes. A third
code, JuTrack [344], is currently in early development, offering forward mode automatic
differentiation for symplectic 6-dimensional particle tracking in the Julia programming
language.

2.3.3 Autonomous Accelerator Optimisation and Tuning
In order to reduce the time required for the tuning of particle accelerators, to improve the
reliability of the tuning process and to extend the operational limits of these machines,
autonomous accelerator tuning solutions using various algorithms have been developed.
Grid search and random search are still commonly used in accelerator design as well as
day-to-day operations, delivering reliable and reproducible results, but due to the so-called
curse of dimensionality [19] they require a large number of samples, which can quickly
become impractical as the number of tunable parameters increases and when the cost per
sample is prohibitively high. In response, dedicated andmore sample-efficient optimisation
algorithms have been developed, and applied to accelerator optimisation and tuning tasks.

Nelder-Mead simplex optimisation [227] has found wide-spread use in accelerator
tuning, such as for injection tune-up, coupling minimisation, automatic phasing [79],
optimising the dynamic aperture of storage ring designs [303], FEL pulse energy optimisa-
tion [4] and transverse beam parameter tuning [161, 164]. The latter is part of the work
presented in this dissertation and elaborated on in Section 4.2.3. A modified variant of the
Nelder-Mead simplex algorithm, called RSimplex, has been designed for robustness against
measurement noise encountered in accelerator tuning, and was validated on kicker bump
matching and coupling minimisation [139]. However, the Nelder-Mead simplex algorithm
is known to be sensitive to noise and the choice of initial simplex, making it best suited for
low-dimensional and mostly convex optimisation tasks.

Other work has focussed on robust conjugate direction search (RCDS) [140] for better
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robustness against noise, which was explored on storage ring tuning applications, such as
minimisation of the vertical emittance, optimisation of injection kicker bump matching,
optimisation of injection beam steering [140], and improving the acceptance and beam
lifetime [236]. A variant of RCDS, called safe robust conjugate direction search (RCDS-S),
has been developed to ensure that the machine performance remains within a designated
safety envelope during tuning and drift compensation [365].

As a potentially more sample-efficient alternative, the bound optimisation by quadratic
approximation (BOBYQA) algorithm [251] has also been applied to accelerator tuning,
such as for the optimisation of the beam emittance in a photoinjector [228], and beam loss
minimisation and focussing [8].

Genetic algorithms have found application in accelerator optimisation as well. While
sample-inefficient, they can easily be parallelised and are well-suited for high-dimensional
and non-convex optimisation tasks like accelerator design optimisation. The strength Pareto
evolutionary algorithm 2 (SPEA2) [371] and nondominated sorting genetic algorithm
II (NSGA-II) [57] were applied to multi-objective optimisation of the design of a high
brightness DC gun photoinjector [16]. The SPEA2 algorithm was also explored to optimise
various aspects of accelerator design, demonstrating significant improvements in the dy-
namic aperture, working point selection and beam optics decoupling for the Continuous
Electron Beam Accelerator Facility (CEBAF) and the proposed Medium-energy Electron-
Ion Collider at Jefferson Lab [136]. A scalable simulation-based multi-objective optimisa-
tion framework incorporating the NSGA-II algorithm to address complex optimisation
problems in the domain of electron beam dynamics is demonstrated through application to
the Argonne Wakefield Accelerator photoinjector in [229]. The use of dimension-reduction
techniques is demonstrated to speed up the convergence of genetic algorithms on high-
dimensional accelerator tuning tasks at the example of tuning the vertical emittance as
well as minimising beam size and orbit errors [21].

Extremum seeking (ES), which is especially appropriate for high-dimensional mostly
convex dynamic optimisation tasks, has been applied to both feedback and tuning problems
in accelerators, such as tuning quadrupole magnets and RF buncher cavities under constant
drift [280]. Multi-objective optimisation of the beam emittance and trajectory has been
demonstrated using ES [282]. A bounded variant of ES was explored for beam loss and
neutron flux optimisation [283]. The same bounded ES algorithm was further applied
to Touschek lifetime optimisation and vertical emittance minimisation at the ESRF-EBS
storage ring [335].

Data-driven models have also been combined with classical control algorithms for
particle accelerator tuning and control. In this line of work, PI controllers have been coupled
with neural network predictors to achieve control over a wider range of conditions [219],
neural network models have been integrated as the system model with model predictive
control (MPC) [72] and the performance of ES was improved on high-dimensional control
tasks through the use of a neural network predictor providing an initial guess close to
the real optimum from where ES can efficiently perform the rest of the tuning [281]. In
addition to their random forest-based forward surrogate model, Fol et al. demonstrate
the utility of an inverted variant of their surrogate model for the purpose of proposing
promising initial input parameters, thereby reducing the number of samples required by
other optimisation algorithms [97].

Inverted surrogate models, have further been used to tune and control accelerators by
predicting required actuator settings from desired measurements. Such models have been
used for orbit correction, mapping from desired BPM readings and orbit distortions to the
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steerer settings required to achieve them [35, 92, 172, 285]. The use of aU-Net [261] inverted
surrogate model has been demonstrated in early results in place of the GS algorithm to
predict the inputs to an SLM from a desired transverse laser profile [354].

A data-driven optimisation algorithm that has seen wide-spread use in accelerator tun-
ing is BO [271, 301]. With BO, the number of samples required for a successful optimisation
is reduced by learning a probabilistic surrogate model of the objective function at the time
of optimisation and using this surrogate model to determine where to sample the objective
function next. BO has been applied to FEL tuning [215]. The use of a physics-informed
kernel in BO has been demonstrated at the example of vertical emittance minimisation in a
storage ring [123], FEL pulse intensity tuning [70] and injection into a storage ring [357].
Laser-plasma accelerators are also tuned using BO, for example tuning laser and plasma
parameters to optimise the electron beam charge [302], and to flatten the longitudinal
phase space of an ionisation-injected electron bunch via optimal beam loading [149]. The
use of multi-task BO is demonstrated to yield significant speed-ups in a multi-fidelity
setting, where data from a fast low-fidelity model is used to reduce the number of samples
required from the expensive function under optimisation in laser-plasma accelerators [90].
Various works have also investigated the incorporation of safety constraints into the BO
optimisation process at particle accelerators [174, 175, 176], such as for tuning PI controllers
in a laser-based synchronisation system [200]. A safe multi-task BO approach deriving
from earlier work on safe BO [200] and multi-task BO [90] has also been demonstrated
for controller optimisation in the same laser-based synchronisation system [201]. What
is more, multi-objective BO has successfully been applied finding the full Pareto front in
online accelerator tuning [267]. The use of a non-zero neural network prior mean with
BO has been demonstrated to improve the sample efficiency of the optimisation process
at examples of tuning the beam coming from an electron photoinjector and transmission
through a heavy-ion beamline [28]. Other variants of BO, such as Bayesian Algorithm
Execution (BAX) [226] and trust region Bayesian optimisation (TurBO) [84], have been
developed and deployed to particle accelerators with the goal of further improving the
sample efficiency of these methods. An extensive review of BO and its application to
particle accelerators is provided by Roussel et al. [271].

Machine learning methods for accelerator tuning not directly driven by data related to
accelerators have also been explored. In light of recent developments in NLP, LLMs have
been shown to be capable of tuning particle accelerators when prompted correctly through
natural language at the example of transverse beam parameter tuning using quadrupole
and dipole magnets at ARES [165]. This work is part of this dissertation and details are
presented in Section 4.5.

A number of software frameworks have been developed to facilitate and streamline
the application of different optimisation algorithms to particle accelerators in regular
operations. sddsoptimize [79] integrated general purpose optimisation into the SDDS EPICS
toolkit. Ocelot Optimizer [4, 324] is a Python-based optimisation framework providing a
graphical user interface (GUI) interface to quickly setup accelerator tuning configurations
using different optimisation algorithms. Derived from Ocelot Optimizer, Badger [364]
was developed as a more modular framework and GUI application for configuring tuning
runs in the control room. It interfaces directly with Xopt [269], a Python package that
allows for straightforward connection of optimisation algorithms to accelerator tuning
tasks, providing implementations of various optimisation algorithms, such as BO and ES.
A framework, called Optimas [91, 141], has been developed for highly scalable parallel
optimisation at accelerator laboratories.
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2.3.4 Deep Reinforcement Learning in General
Reinforcement learning has been successfully applied to a wide range of problems. Early
work focussed on demonstrating the ability of RL to solve difficult problems and improving
RL algorithms at the example of games. As early as 1995, it was shown that a Q-learning
approach using anMLP to approximate the value function can be used to train TD-Gammon,
a backgammon-playing agent that outperforms human players [322].

Interest in RL increased significantly with the introduction of the DQN algorithm in
2015 [223], early results of which were presented as early as 2013 [222]. DQN was able
to learn to play 49 different Atari 2600 games directly from raw pixel data using a CNN
as a Q-function approximator, enabling RL to solve problems with high-dimensional in-
put spaces, where human-engineered feature extraction is infeasible. Most impressively,
DQN was able to match or exceed the performance of professional human game testers
on all games using the same algorithm, neural network architecture and hyperparamet-
ers, demonstrating the generality of the approach and negating the need for expensive
hyperparameter tuning for each new task.

This work was closely followed by AlphaGo [305], which was able to defeat the world
champion in the game of Go 5 games to 0, an achievement previously thought to be beyond
the reach of artificial intelligence (AI) approaches because of its much larger state space
compared to games like chess. AlphaGo used a model-based RL approach combining
Monte Carlo simulation with value and policy neural networks, having learned through
supervised learning from human expert games and RL from self-play. This approach was
then improved upon with AlphaGo Zero, which managed to defeat AlphaGo 100 games to
0, while training entirely through RL from self-play without any human expert data [306].
The same approach was then extended further to generalise to the board games of chess,
shogi and Go entirely from self-play while using (mostly) the same hyperparameters
and neural network architecture for all three without game-specific tuning, resulting
in AlphaZero [307]. AlphaZero achieved superhuman performance, outperforming the
then best chess engine Stockfish, the then best shogi engine Elmo and its own predecessor
AlphaGo Zero. The final form of this model-based line of research is MuZero [289], which
is able to match the performance of AlphaZero on the games of chess, shogi and Go, while
also achieving then state-of-the-art performance on the Arcade Learning Environment
(ALE) benchmark of 57 Atari 2600 games [18], where it beat human-level performance on
51 out of 57 games. Unlike its predecessors, MuZero does not have access to a hard-coded
model of the environment and its rules for planning, but learns this model instead.

Parallel efforts focussed on model-free RL to play Atari games from the ALE bench-
mark [18] and the DMLab-30 benchmark [17], the latter of which provides 30 navigation
and puzzle-solving tasks in a 3D environment that share the same observation and action
spaces. Using a distributed RL architecture to gather experience from many independ-
ent actors, and RNN architectures, various advancements were made in playing these
games by methods like IMPALA [85] and R2D2 [168]. This line of research culminated
in Agent57 [12], which first beat human-level performance on all 57 games in the ALE
benchmark with a single set of hyperparameters by introducing solutions to the long-term
credit assignment problem and the exploration-exploitation dilemma.

RL has also been applied to more complex games that provide only imperfect in-
formation, while requiring planning over long time horizons and having complex high-
dimensional state and action spaces. In MineRL [119], RL agents can be trained to play
the game of Minecraft, with the goal of obtaining a diamond, which requires agents to
achieve a number of prerequisite goals, making it effectively impossible to find the dia-
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mond resource through random exploration. At the example of the game of Dota 2, a
system called OpenAI Five [240] was trained through distributed self-play RL to ultimately
defeat the world champion. Similarly, AlphaStar [339] was trained to play the game of
StarCraft II, where it was able to rank above 99.8% of ranked human players. Both of
these systems also demonstrated the scalability of RL approaches. Concurrent work has
explored multi-agent co-adaptation at the example of two games, where multiple agents
are trained together in the same environment, both through self-play and cooperative
play. Work on the first-person multiplayer game Quake III Arena, developing a system
called For The Win, demonstrated that agents can learn to play the game of Capture the
Flag in a population-based training (PBT) setup only from pixels and a sparse reward
signal indicating whether the game was won at its very end [148], with agents using a
two-timescale RNN architecture and outperforming human players. Similarly, using the
same system used in concurrent work by the same authors [240, 241], multiple agents based
on a transformer architecture with attention over objects instead of time were trained in
co-adaptation and self-play to play the game of hide-and-seek, where the agents learned to
use tools and exploit the environment to win the game all the while discovering unexpected
emergent behaviours [13].

The application of RL to complex real-world tasks has however proven challenging [69,
145] because of their overall complexity and the high cost of obtaining samples. Never-
theless, practical applications of RL have been demonstrated successfully in a number of
domains, such as robotics, nuclear fusion and algorithmic discovery.

RL has been applied to train domain-specific optimisation algorithms by allowing the
policy to select the next input delta for the objective function, enabling it to learn an optimal
strategy for balancing exploration and exploitation [51, 190, 191]. This work falls into a
broader research field known as optimiser learning [7], and can be particularly useful when
objective functions encountered in the future are known to have some similar topological
properties to the ones encountered during training.

Robotics are a natural application domain for RL. Levine et al. demonstrated that RL can
be used to train a robotic system without hand-engineered feature extraction directly from
raw pixel observations using a CNN-based policy to perform complex manipulation tasks
with a PR2 robot, such as inserting a block into a shape sorting cube, screwing a cap onto a
bottle, fitting the claw of a toy hammer under a nail and placing a coat hanger on a rack [189].
RL in combination with domain randomisation and vision state estimators based on the
training setup from OpenAI Five is used to train a robotic hand on dexterous manipulation
tasks, demonstrating for the first time that RL can be used to train a robotic system to
perform complex tasks in the real world, if the right randomisations, sensing modalities
that can be modelled in simulation, and large-scale distributed training are employed [241].
This work is extended through the use of automatic domain randomisation (ADR) and
memory-augmented models to train a robotic hand to solve a Rubik’s cube, where ADR is
found to require less manual tuning while achieving better performance than the manual
domain randomisation baseline, and the models trained on an ADR-generated distribution
of environments exhibit signs of emergent meta-learning at test time [239]. First-person
view (FPV) drone racing using an RL-trained policy called Swift has been demonstrated by
Kaufmann et al. [169]. Here, the policy consists of a visual-inertial perception systemmade
from a Kalman filter and a CNN that estimates the drone’s position and orientation from
the onboard camera feed and data from the onboard inertial measurement unit (IMU), as
well as an MLP controller that maps the estimated state to motor commands. The policy is
trained on a simulator augmented with noise models built from real-world data using GP



42 Chapter 2. Background

models and 𝑘-nearest neighbour regression, ultimately achieving a level of performance
that matches human champions, who themselves have had one week to practice the track,
while Swift put down the fastest lap time over all. In work by Haarnoja et al., a two stage
setup is used to successfully train policies for cheap off-the-shelf Robotis OP3 humanoid
robots to play the game of football in a 1-v-1 setting [120]. Here, the training is split
into two phases, first training the policy to get up and score a goal against an untrained
opponent, before moving to the full 1-v-1 football task. What is more, training is performed
in simulation, using domain randomisation, small shaped rewards and light pushes to
ensure a safe zero-shot transfer to the real robots.

Chemical reactions have also been optimised using RL, where a policy is trained to select
the optimal reaction conditions, such as temperature, solvent composition, pH, catalyst and
time, to optimise the outcome of the reaction [367]. The presented approach is shown to
outperform the existing state-of-the-art black-box optimisation algorithms by 71%, leading
to a better understanding of the factors that control microdroplet reactions.

RL has further been applied to the control of heating, ventilation and air conditioning
(HVAC) systems in buildings. For example, multi-zone HVAC control can be performed
using model-based RL with an ensemble of environment-conditioned neural network
models and a Model Predictive Path Integral (MPPI) control method to optimise the
thermal comfort of occupants while minimising energy consumption [65]. The use of and
challenges involved with using RL to control grid-interactive buildings, which intelligently
manage their energy consumption based on factors like the current electricity demand in
order to provide the grid with improved stability and flexibility, are explored by Nweye
et al. [233].

A number of works have demonstrated the use of RL to improve the performance of
telescopes. Piston misalignments in terrestrial telescopes using segmented mirrors can be
corrected using RL-trained policies to maximise the Strehl ratio and reduce phase shift
errors between the mirror segments only by taking diffraction images as input [116]. In
work by Nousiainen et al., a model- and gradient-based RL approach is used to train
convolutional policies for significantly improved adaptive optics correction by learning a
differentiable model of the environment and reward function, ultimately improving the
coronoagraphic contrast by factors of 3 to 5 [231]. The developed approach is expected to
help efforts towards direct imaging of potentially habitable exoplanets [352, 353, 362].

RL is playing an increasingly important role enabling nuclear fusion research on its
path towards sustainable energy production. Seo et al. trained an RL agent on an LSTM
surrogate model based on experimental data to control the discharge scenario in order
to achieve target values for the normalised beta 𝛽𝑁 , which behaves directly proportional
to the fusion gain [299]. The trained agent is then successfully validated at the Korea
Superconducting Tokamak Advanced Research (KSTAR) tokamak, where it is able to
achieve the target 𝛽𝑁 values with a high success rate. This is built upon in later work,
where the RL agent is trained to achieve given targets for multiple parameters, including
the poloidal beta, the safety factor at the 95% flux surface and the internal inductance
in an effort to constrain the plasma state in terms of stability or magnetic structure and
reduce magneto-hydrodynamics (MHD) instabilities [300]. Parallel work by Degrave et al.
demonstrated the use of RL to train control policies at the Tokamak à Configuration Variable
(TCV) for real-time magnetic coil control to form diverse set of plasma configurations [59],
demonstrating zero-shot transfer through domain randomisation of policies trained on
a simulator to the real-world system, while constraining the policy to be able to run in
real-time and overcoming the computational inefficiency of the simulator through the
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use of the Maximum a Posteriori Policy Optimisation (MPO) algorithm, which supports
a large number of parallel environments for experience acquisition and is known to be
sample-efficient.

RL has also found successful application accelerating the process of algorithmic dis-
covery. The MuZero algorithm has been used to train rate control policies for encoding
videos to the VP9 codec by selecting quantisation parameters in the open-source libvpx to
maximise the quality of the encoded video while satisfying a target bitrate constraint [204].
The trained policy is found to achieve a 6.28% reduction in file size compared to libvpx’s
two-pass VBR rate control algorithm, while maintaining the same quality. This marks
a significant improvement in a field that has seen large investments in hand-crafted al-
gorithms and is widely considered to have reached the limits of potential improvements.
AlphaTensor, a derivative of AlphaZero, was able to discover faster matrix multiplication
algorithms by phrasing the task as a game, where the objective is to find tensor decom-
positions within a finite factor space, having the agent select how to combine different
entries of the matrices [89]. The discovered algorithms are found to outperform the best
known algorithms, including Strassen’s two-level algorithm [315], which stood as the
fastest known algorithm for over 50 years. An RL system called AlphaDev has further
been used to automatically discover faster sorting algorithms [205]. Using an extension of
AlphaZero [307], the authors phrase the design of sorting algorithms as a game, where
the RL agent selects consecutive assembly instructions based on representations of the
preceding instructions and the memory state as encoded by a transformer neural network
and an MLP, respectively. The discovered algorithms are found to yield a speed increase
of 1.7% to 70% over the best known sorting algorithms, and have been integrated into the
LLVM C++ sort library, which is used by many software projects and estimated to be called
over a trillion times a day.

An assistant for football tactics called TacticAI was trained using a combination of RL
and geometric deep learning [39] from raw corner kick data recorded from Premier League
matches between 2020 and 2023 [346]. TacticAI is able to predict the first receiver of a
corner kick and the probability of a shot on goal as a direct result of the corner kick. In
addition, it suggests tactical variations that meaningfully affect the outcome of the corner
kick. The proposed tactics have been shown to be favoured by experts over real tactics 90%
of the time.

With the emergence of LLMs, RL has found wide-spread application in their training
as well. Specifically, reinforcement learning from human feedback (RLHF) [55], a method
for learning a reward model from human-annotated examples when an explicit reward
function is not available, has been used as a fine-tuning step in the training of various
LLMs [242, 327].

Work has also been done to simplify the processes of developing RL algorithms and
solutions. TheOpenAI Gym [38] Python package and its successor Gymnasium [88] provide
a number of benchmark environments as well as a standardised interface for developing
new environments. Gymnasium was developed by The Farama Foundation after OpenAI
stopped actively developing new features for Gym. Gym and Gymnasium have become the
de facto standard for developing RL environments across fields. Benchmark environments
and a standardised environment interface are also provided by the DeepMind Control
Suite [320, 329], which is specifically aimed at continuous control tasks.

Various libraries have been developed to provide well-tested implementations of RL
algorithms and clear interfaces to use them. Popular ones are Stable Baselines3 [254] and
Ray RLlib [196], which provide benchmarked and well-documented implementations of
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various RL algorithms. The former was developed as a successor to Stable Baselines [128],
which itself was developed from OpenAI Baselines [64]. Other libraries used include Keras-
RL [250], which is no longer in development, and OpenAI Spinning Up, which provides
clean easy-to-understand implementations of algorithms that are not meant for performant
production use, but rather for educational purposes. The Acme library [135] provides
implementations of a variety of state-of-the-art algorithms developed and used by Google
DeepMind, but comes with only minimal documentation.

2.3.5 Reinforcement Learning for Particle Accelerators
RL is actively investigated for accelerators since the late 2010s. Earlier work in the 1990s
resembles RL, for example a Q-learning-like iterative optimisation process using neural
networks as surrogate models for ion source waveform characteristics and taking the
maximum of the fitted model in each step to select the input for the next sample [138,
216, 217]. Another early work from 1991 [230] presents an approach similar to gradient-
based RL, where a neural network surrogate is trained to predict the trajectory of the
beam from past measurements and magnet settings, with a second neural network being
trained to control the beam’s trajectory by back-propagating errors through the surrogate
model. While these works somewhat resemble RL but do not refer to it as such, the
authors of other work from 1994 [35] refer to their method as reinforced learning but actually
employ supervised-learning, using a widespread misnomer from the 1990s [319], before
the deep learning terminology solidified in the 2000s. Since then, the primary way RL has
been applied to particle accelerators is as a method to train optimisers or controllers for
accelerator tuning and control tasks.

The first publication on applying RL to particle accelerators appeared in 2012 [220],
where an actor-critic method was explored in simulation to perform orbit correction on a
storage ring of three steering magnets and three BPMs. However, the authors approach
can only be applied to problems with the same number of observations and actions, and
the authors do not yet use the term reinforcement learning.

More extensive studies on applying RL [73, 74] appeared in 2017, with both publications
describing the same work. In their work, the authors train a neural network policy to
optimise the beam properties at the entrance of the undulators in a simulation of a compact
THz FEL at the example of the lattice of the Twente/Eindhoven University FEL (TEU-FEL).
They demonstrate that by using a differentiable neural network surrogate model trained on
simulated data that allows for direct access to the policy gradient, they can train a policy
that can suggest quadrupole settings, RF power and phase, and solenoid strength to achieve
beam parameters within 10% of the target with just one inference of the policy, where
conventional numerical optimisers required hundreds of steps to perform the same task.
This work was later finalised in 2020 and reported in more detail as part of the doctoral
dissertation of Edelen [71].

While not directly particle accelerator control, a non-deep, i.e. not using neural networks,
RL approachwas proposed in 2019 for optimising network traffic in the control systemof the
RHIC [103] particle accelerator. Evaluating on a simulation of the RHIC control system, the
authors aim to reroute network traffic to optimise the network’s performance and prevent
servers from crashing when they reach their maximum capacity. They employ a regret-
based learning procedure and find that adding memory to the algorithm improves the
performance significantly. They further look into more efficient server resource utilisation
when loads are low, and explore how the objectives can be augmented to include, for
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example, real-world time constraints.
Another scheme to use RL for particle accelerator control was proposed in 2019 [27].

Here, the goal is to train a feedback controller for controlling the micro-bunching instability
at the Karlsruhe Research Accelerator (KARA), ultimately increasing the intensity of
and stabilising the coherent synchrotron radiation (CSR) power signal. The authors
postulate that their scheme is not restricted to the micro-bunching instability but might
also be used for different longitudinal instabilities at storage rings. In 2021, a follow-up
publication [345] continues this work and demonstrates the feasibility of the approach in
simulation, assuming amore conventional RL setupwith the typical challenge of RL that the
environment is not differentiable, necessitating either the estimation of the policy gradients
or use of a Q-learning method. In addition, this work explores the implementation of
the RL controller and the training on a field-programmable gate array (FPGA) board.
The doctoral dissertation of Boltz [26] reports further on this work, with multiple state-
of-the art model-free RL algorithms being studied for controlling the micro-bunching
instability. Because of the tasks throughput and latency constraints, this line of work had so
far only been a proof-of-concept demonstration in simulation. Hence, it was continued by
Scomparin et al. in 2022 with the development of KINGFISHER, a framework built around
the AMD-Xilinx Versal family of heterogeneous computing devices, which combine an
ARM central processing unit (CPU)with an FPGA andwith AI engines designed for neural
network inference [295]. In their preliminary results, the authors demonstrate that their
framework is capable of running the policy inference pipeline in real-time, i.e. on a tens of µs
timescale. In later preliminary work from 2023 [296], they provide a proof-of-principle for
the feasibility of training and running an RL controller using their platform by controlling
the induced transversal oscillations of the electron beam in a turn-by-turn feedback at
KARA. Most recently, in 2024 the authors presented preliminary results of employing
the KINGFISHER platform for controlling the micro-bunching instability at KARA on
the real machine with only online training prior to deployment [297]. More extensive
results on the use of KINGFISHER to train neural network policies with RL to dampen
betatron oscillations at KARA were presented in [298]. The authors demonstrate their
implementation of a real-time experience accumulator, training-time reward definition and
real-time policy inference, showing that their system can outperform the state-of-the-art
commercial controller and provides a feasible method of training RL policies for real-time
control of accelerators. Moreover, they show that, when an accelerator control problem
runs at such high repetition rates, online acquisition of the large number of training samples
required for RL becomes feasible.

Another project on FEL optimisation [43, 44] was also first reported with early results in
2019. Using a Q-learning method with linear function approximation, the authors achieve
autonomous optimisation of the seed laser alignment to the electron beam at the Free
Electron Laser for Multidisciplinary Investigations (FERMI) at Elettra Sincrotrone. This
work also marks the first time the feasibility of using RL for accelerators was demonstrated
on a real machine. A later peer-reviewed publication [45] in 2020 extends on this work,
where RL is used more directly as an optimisation algorithm and in situ to achieve per-
formance recovery of the seed-laser alignment after drifts. Policy gradient methods have
also been used to directly optimise FERMI on three separate tasks [243]. These include
maximisation of the amount of THz radiation produced using two steering magnets and
three quadrupole magnets, maintenance of a single stage High-Gain Harmonic Generation
(HGHG) FEL through recovery of the seed laser alignment, and maximisation of the
HGHG FEL signal through adjustment of the dispersive strength and seed laser delay.
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In a follow-up comparative study [130], early results from a first application of model-
based RL to training tuning policies for accelerators on the same tuning task are reported.
In particular, DYNA-style algorithms with uncertainty-aware models were successfully
shown to work on the laser alignment problem and compared to a model-free Q-learning
approach using neural networks as function approximators. The authors find that their
model-based approach has better representational power and sample-efficiency during
training, while the model-free approach has better asymptotic performance. All these
studies are concluded in the doctoral dissertation of Bruchon [42] in 2021.

In 2020, interest in RL within the accelerator community started to increase rapidly.
Under involvement from industry in the technology sector in the form of Apple Inc., a policy
is trained to optimise transmission through a simulation of the Los AlamosNeutron Science
Center Drift Tube Linac (LANSCE DTL) [245] by tuning 3- and 5-dimensional continuous
action spaces of cavity field amplitudes and phases, achieving better-than-human level
performance of 85% transmission in the 3-dimensional case and 21% in the 5-dimensional
case after up to 700 steps in simulation.

At CERN, alternating steerers and BPMs in both the Advanced Proton Driven Plasma
Wakefield Acceleration Experiment (AWAKE) and Linear accelerator 4 (Linac4) were
used for trajectory correction in 1 to 2 steps [153] by 2020. This work by Kain et al. aimed
specifically to show that using sample-efficient model-free RL algorithms, it is possible to
train directly on the real machine in feasible time. Furthermore, the authors demonstrated
that, at least in the case of their considered problem, a successful sim-to-real transfer,
i.e. training on a simulation and then deploying the trained policy to the real machine,
is possible. Expanding on these findings, the authors also demonstrated that a trained
policy can be reused months after its original training without requiring retraining, i.e. the
policy generalises well enough to still perform well even after drifts. However, most of
these results stem from the problem’s relative simplicity, meaning very few samples are
generally needed to learn a functional policy, and the authors present no investigation on
the strength of long-term drift effects at the considered facility, meaning that instead of the
policy being robust, drifts may simply be negligible instead. This work was extended in
2021 [154] with preliminary results from a test of a model-based DYNA-style RL algorithm
on the AWAKE trajectory steering problem, showing that the number of required training
samples can be reduced significantly. In this work, the model used by the DYNA-style
algorithm is kept simple and not uncertainty-aware. Both these works were also reported
on as part of the doctoral dissertation of Bruchon [42]. Subsequent results on the AWAKE
beamline were presented in 2023 by Velotti et al. [337]. Here, an RL policy was trained
on the real accelerator to optimise a matching triplet and solenoid magnets in an effort
to maximise the beam brightness on a monitoring screen at the entrance of the plasma
cell. In efforts to improve the sample-efficiency and make online training feasible, early
results on using GP-based MPC [131] and meta-RL [132] for accelerator tuning at AWAKE
were presented by Hirlaender et al. in 2023 and 2024, respectively. An advanced approach
using a hybrid quantum actor-critic algorithm based on DDPG, where the critic is replaced
by a clamped quantum Boltzmann machine (QBM) and trained with free energy-based
reinforcement learning (FERL) was developed on the AWAKE electron steering task by
Schenk et al. in 2024 [284]. The authors find that using QBMs with FERL can improve
the sample efficiency of training RL policies for accelerator control tasks, however with
varying results in terms of the magnitude of the improvement.

In 2021, a very different use case of RL for accelerators is studied [147]. Instead of using
the RL policy for control, a simulation study is conducted, where the policy is used to
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account for model uncertainties like magnet misalignments when using physics-informed
neural network surrogate models for offline optimisation of the beam transmission in the
control room.

A neural network policy is trained to regulate the gradient magnet power supply
(GMPS) at the Fermilab Booster by St. John et al. in 2021 [311]. The authors propose a first
approach of using a neural network surrogate model trained from real data, specifically
an LSTM model, to train the policy. A DQN approach is used in combination with dis-
cretisation of the continuous 1-dimensional action space to train the policy, but then only
evaluated on the surrogate model, where the authors demonstrate that the trained policy
performs better than an existing PID controller. In addition, the authors demonstrate how
such an RL-trained neural network controller can be compiled to execute on FPGAs.

The doctoral dissertation of Grech [112] in 2021 includes an explorative study applying
RL to the tune and orbit feedbacks of the Beam-based Feedback System (BBFS) at the LHC
in simulation. Multiple state-of-the-art RL algorithms are trained on the tune feedback
and their performance in corner cases, such as environment noise, actuator failure and
incorrect tune estimation, is compared to that of the PI controller deployed as part of the
renovated BBFS. Multiple policies are also trained for the orbit feedback, demonstrating
that applying RL to the latter is significantly harder and requires many more samples for
training. An article was later published concluding the tune feedback work in 2022 [113].

An approach for focussing and centring the beam on a diagnostic screen using a series of
quadrupole and steeringmagnets at the ARES accelerator at DESYwas first proposed along
with results from initial studies in simulation as well as on the real machine in 2021 [78].
By 2022, the proposed RL setup was then extended to be capable of transverse beam
parameter tuning to any beam parameters chosen online by the operators and extensively
evaluated [158]. Here, the authors demonstrate for the first time that a sim-to-real transfer
with a large domain gap between simulations and the real world, as is usually the case with
accelerator-related applications, can be achieved using domain randomisation and differential
actions. They show that despite using a simplified simulation optimised for computational
speed, a zero-shot transfer to the real accelerator is possible. Building on these results,
work from 2023 [360] presents an initial study showing that the domain randomisation
approach can be extended to train a lattice-agnostic policy capable of transverse beam
parameter optimisation for any set of the same magnets, regardless of the lattice geometry.
This reduces the engineering effort of deploying RL agents to multiple subsections of the
same accelerator, or even different accelerators. The method was evaluated on ARES as
well as on the FLUTE accelerator at Karlsruhe Institute of Technology (KIT). The same
authors later conducted an extensive comparative study of RL and BO for accelerator
tuning [161, 164]. They find that, while BO requires less engineering effort to deploy, when
a tuning method is reused often, the effort to develop an RL tuning solution pays off, as
RL is capable of converging faster to a better result. Furthermore, they demonstrate the
added capability of RL to deal with actuator failures and upstream changes of the beam.
Details of this line of work are the main contribution of this dissertation and presented in
Chapter 4.

In 2022, preliminary studies were presented on using RL to adjust various e-cooler
and Linac3 parameters to maximise the intensity at the end of the injection plateau [202].
A variational autoencoder (VAE) is used to provide latent representations of Schottky
spectra as input to the policy, for the first time in the accelerator field making use of latent
observations encoded by the autoencoder as well as a surrogate model for training.

In work first published in 2022 [218], the authors use RL to train a policy to focus
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and centre the beam on a viewscreen downstream of a superconducting RF photoelec-
troninjector in one step by controlling solenoid angles and positions. Similar to prior
work [71, 73, 74], the policy is trained and evaluated on a differentiable neural network
surrogate model trained on simulated data. To bridge the sim-to-real gap, the authors
propose an offset finding method that finds the offset of the real machine to the simulation
in 200 000 iterations, and they evaluate it using random offsets added to the simulated data.
Furthermore, the authors conduct a small explainability study on their trained policy to
determine changes in which observation component lead to changes in each of the action
components.

Another method of achieving zero-shot sim-to-real transfer is explored by Chen et al.
in 2023 [52]. Here, an orbit correction task at the China Accelerator Facility for Superheavy
Elements (CAFe II) similar to [153] is considered, where, however, unobserved quad-
rupoles are present in between steerers and BPMs. The authors propose to incorporate
trends, i.e. the changes of BPM readings, into the observation and the reward to obtain a
mapping from observations to actions that is invariant to potential real-world errors. They
demonstrate the successful zero-shot sim-to-real transfer but do not further investigate
the original size of the domain gap. The authors also develop a column-based CNN ar-
chitecture for their policy model, but in their experiments this appears to perform worse
than a conventional MLP. In a later publication [53], the same authors present preliminary
results on exploring a trend-based version of a different algorithm on two different beam
tuning tasks, using the CNN architecture from their previous work. Firstly, they train an
RL agent to perform orbit correction in three cavity modules of CAFe II separately. In
contrast to their previous work, they integrate errors of the real world into the simulation.
Furthermore, they appear to use domain randomisation on the transverse misalignments
of the solenoids, though not naming it as such. Secondly, the authors apply the same
algorithm for transmission efficiency optimisation using solenoid magnets at the light
particle injector (LPI). Here, a neural network surrogate model fitted to simulated data
is used for training. With both applications, a successful zero-shot sim-to-real transfer is
demonstrated.

A number of preliminary, non-peer-reviewed studies on RL applications for accelerators
have been presented at various workshops and conferences. These works primarily involve
the application of standard RLmethods, with limited novel additions, to various accelerator
tuning and control tasks. For instance, DQN has been used to optimise RF cavity lengths
when designing a new beamline [304], while other studies include a simple 2-dimensional
steering task [122], and the control of RF settings to adjust bunch distance and longitudinal
emittance in the CERN PS [351]. At the ADIGE beamline of Acceleratore Lineare Per Ioni
(ALPI), high-voltage multipole set points have been optimised for beam emittance, using
a CNN to observe the 𝑥, 𝑥′ beam emittance graph image [207]. Similarly, RL has been
tested for maximising transmission at the Argonne Tandem Linear Accelerator System
(ATLAS) by adjusting electrostatic quadrupole magnets and steerers [208], and at the
Shanghai Soft X-Ray Free Electron Laser (SXFEL) for maximising FEL power using steerers
along the undulators [48]. Further studies include the maximisation of the transmission
efficiency with solenoid magnets at the Light Particle Injection Platform of the Institute
of Modern Physics [316], optimisation of the beam injection at the Cooler Synchrotron
(COSY) by aligning transverse beam parameters with the injection acceptance via control
of quadrupole magnets and steerers [9, 10, 11], tuning the configuration of a non-linear
kicker at BESSY II to enhance injection efficiency [290], and compensation for drifts in
kicker settings to manage batch spacing during injection into the SPS [258].
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There have also been some still preliminary works first applying novel RL methods to
accelerator tuning, specifically using a neuralised PID policy to control the spill and thereby
the proton beam intensity at theMuon-to-Electron Conversion Experiment (Mu2e) at Ferm-
ilab [359], using inverse reinforcement learning (IRL) to learn a reward function to train a
policy for re-merging bunches before extraction from the Brookhaven Alternating Gradient
Synchrotron (AGS) and injection into RHIC by controlling the RF parameters [104], as
well as the development of a human-in-the-loop multi-agent RL system for data quality
monitoring (DQM) to inspect data collected from physics experiments, such as those
conducted at LHC, and detect anomalies [247].

Efforts to align the work of the accelerator community and foster collaboration between
researchers applying RL have beenmade in the form of the Collaboration for Reinforcement
Learning for Autonomous Accelerators (RL4AA), hosting annual workshops, providing
a platform for sharing knowledge and experiences, and contributing tutorials to other
accelerator venues [277].

A tabular overview of the most notable lines of research in RL for accelerators, the tasks
they address, facilities they are applied to and the algorithms used is given in Table 2.1.
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Chapter 3

High-Speed Differentiable Beam
Dynamics Simulations

Beam dynamics simulations are a crucial part of the design and operation of particle ac-
celerators. They also play an important role in the development of autonomous tuning
methods. RL training in particular requires a large amount of data in the form of envir-
onment interactions in order to yield a well-performing policy. For example, 6 million
samples are needed to successfully train a policy on a transverse beam parameter tuning
task in Chapter 4, and 50 million samples are needed to train a policy on the FEL intensity
tuning task in Chapter 5. Outside of accelerator tuning, some complex tasks have even
been found to require orders of magnitude larger numbers of training samples [59, 339].

The general scarcity of beam time makes collecting experimental data for machine
learning methods such as RL a significant bottleneck. Gathering at least partial datasets in
simulation can alleviate this problem to some degree, but existing accelerator simulation
codes have mostly been developed with a focus on the design phase of accelerators, where
high-fidelity and physical correctness are critical, while the number of required simulations
has traditionally been limited. As a result, existing simulation codes, such as ASTRA [94],
Bmad [275], Elegant [30], MAD-X [49] and Ocelot [3], can often take in the order of
minutes to several hours to complete a single simulation, making data collection with
existing simulation codes an impractical proposition to fulfil the growing demand for large
datasets needed to train machine learning models. As such the development of high-speed
beam dynamics simulations to enable the fast collection of large datasets is an indispensable
prerequisite for the development of autonomous tuning methods for particle accelerators.

Moreover, a key challenge when designing the observations passed to RL policies is
the availability of diagnostics that can provide the necessary information about the state
of the accelerator. The most useful diagnostics are often not available, would require
time-consuming setup and measurements, or they are invasive, making them unsuitable
for use during beam delivery to experiments. Fast-computing beam dynamics models
can provide a solution to this problem by enabling the development of real-time virtual
diagnostics delivering otherwise unattainable insights into the accelerator’s state at any
time. The information provided by virtual diagnostics can also give useful data about
experiments, help operators tune the accelerator as well as jump-start the development of
intelligent controllers for autonomous tuning [158, 357].

Additionally, differentiability is a highly desired feature for beam dynamics models. At
the moment, numerical optimisation is an important tool for accelerator design, tuning
and model calibration [325, 364]. Advanced numerical optimisation methods like BO
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have been used to achieve impressive results [271], but demands to solve optimisation
problems of increasing dimensionality are growing, and BO may struggle to efficiently
optimise objective functions with more than a few dozen degrees of freedom [271]. In
the field of machine learning, gradient-based optimisation techniques have been used to
effectively train large neural networks with billions of parameters [107, 327]. Coupled
with automatic differentiation, which is key to enabling tractable computation of gradients
for complex models, differentiable models therefore make optimisations over the large
parameter spaces of accelerator facilities more feasible. They can be used to great effect
for a wide range of applications, including gradient-based accelerator tuning, gradient-
based system identification to infer hidden parameters for virtual diagnostics, as prior
mean models in BO, and as differentiable RL environments for gradient-based RL training
through the true policy gradient.

In the following, two high-speed differentiable beam dynamics modelling methods are
introduced, the first using a start-to-end trained neural network, and the second using a
handcrafted differentiable simulation code based on PyTorch and optimised for speed. The
latter plays a key role in the training of RL policies in Chapters 4 and 5. For example, in
Sections 4.1 and 4.4, the use of the fast-executing simulation code introduced in Section 3.2
is shown to reduce the training time of an RL policy from over 12 days to roughly 1 hour.
The application of these models outside the use case of RL is demonstrated on multiple
examples in this chapter, including gradient-based tuning, gradient- and inference-based
system identification for virtual diagnostics, and physics-based BO priors. Moreover, in
Section 3.3, the integration of the handcrafted high-speed differentiable simulation code
with modular neural network surrogates is demonstrated, showing how both approaches
can be combined to take advantage of each of their respective strengths. This chapter is
then summarised in Section 3.4.

3.1 Start-to-End Neural Network Surrogates
An effective approach for constructing a computationally efficient and differentiable model
is to leverage the power of neural networks. As general-purpose function approximators,
neural networks can in theory approximate any function to a high degree of accuracy and
have, in recent years, been shown to be capable of achieving incredible results in numerous
domains [46, 59, 195, 333]. Neural networks are also differentiable, and neural network
inference is highly parallelisable, which means that it can be accelerated using dedicated
hardware such as graphics processing units (GPUs). As a result, the particle accelerator
community has also started to adopt neural networks in a number of different capacities,
including surrogate modelling [160, 355].

To create a differentiable model using neural networks, one must first collect a large
dataset of input-output pairs that represent the function to be approximated. In the case of
modelling particle accelerators, such a dataset can be collected in either one of two ways:
by running many simulations with a high-fidelity simulation code, or by collecting data
from real-world accelerator operations.

The advantage of training a neural network surrogate is that the resulting model can be
highly accurate, while still being fast to execute, with very little regard to the computational
complexity of the underlying function. Neural network surrogates are especially useful
when collective effects are involved and the underlying physics are complex and expensive
to evaluate. What is more, the engineering effort required tomake such amodel operational
can be relatively low, as the software ecosystem for neural network training is very mature,
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and data may already be available from prior simulations or data acquisition (DAQ)
systems.

The disadvantage of training neural network surrogate models is that neural network
training typically requires comparatively large and varied datasets. While DAQs can
provide a large amount of data, normal accelerator operations are characterised by a high
degree of repetition and long periods of constant settings, which means that parasitically
collected data may not be varied enough for training a neural network model and that
dedicated measurement campaigns may be required. Neural networks are also a mostly
black-box model, which means that they may not be as interpretable as physics-based
models, and that they may not generalise well to inputs that are outside the range of the
training data, though some methods such as physics-based neural networks have been
developed to try and address this [146]. Moreover, the start-to-end nature of these models
means that their application is limited to the very specific task a model was trained on, and
that it may not be easily adapted to other tasks, requiring a new model to be trained from
scratch for each new task.

In this section, the training and application of a start-to-end neural network model is
shown at the example application of virtual diagnostics for longitudinal phase space (LPS)
reconstruction at the European XFEL. The described approach was originally presented
in [160] and [326].

3.1.1 Longitudinal Phase Space Diagnostics at European XFEL
Knowledge and control of the shot-to-shot LPS of an electron beam is critical to meet the
performance requirements of modern particle accelerators. For example, the resonance
properties of the FEL amplification process are controlled by the linear taper of the un-
dulators, which in turn is determined by the wakefield energy losses in the undulators’
vacuum chamber. Estimating wakefield energy losses requires knowledge of the electron
beam’s current profile, which can be obtained from the LPS [326].

A direct measurement of the LPS can be achieved using transverse deflecting structures
(TDSs). These structures facilitate the mapping of the longitudinal bunch distribution
onto a transverse plane, enabling the observation of the LPS on a diagnostic screen [82].
However, conventional methods, like using a TDS to measure the LPS, are invasive and
constrained by the limitations of the diagnostic screen, such as its resolution and saturation
limits. These measurements are also time-consuming, often requiring extensive setup
and calibration before accurate data can be taken. As a result, measurements of the LPS
cannot be undertaken during beam delivery to experiments, limiting their usefulness to
online accelerator operation. Similarly, taking LPS measurements during the setup of
the accelerator significantly increases the time required for accelerator tuning, thereby
reducing the time available for useful beam operations. In practice, all of this means that
the LPS is often not measured, and phase space information is not taken advantage of,
leading to suboptimal beam quality and time-consuming guesswork during accelerator
tuning and working point switching.

Methods have been developed to reconstruct the LPS from other non-invasive meas-
urements. At the European XFEL, a Fourier-based method employing spectroscopy of the
coherent radiation emitted by the electron bunch [199] is deployed. This method takes
advantage of the fact that the coherent radiation spectrum and the current profile of the
electron bunch are linked via the Fourier transform [183]. Coherent diffraction radiation
(CDR) is generated by the electron bunch passing through an aperture inside an aluminium
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Figure 3.1: Simplified layout schematic of the European XFEL facility with the inputs to
the neural network surrogate model highlighted.

screen just upstream of the kicker-septum distribution system. While the electron bunches
proceed undisturbed to the SASE beamlines, the THz and infrared spectrum of the CDR is
detected by a multistage grating spectrometer called CRISP [348], the location of which
is highlighted in Fig. 3.1. CRISP at the European XFEL is operated at the MHz electron
bunch repetition rates and is used as a noninvasive current profile diagnostic [198]. While
this Fourier-based reconstruction method has been shown to have good accuracy in oper-
ation [198], the spectroscopic measurements lack phase information, which is required
for a direct identification of the current profile. Instead, the phase function is obtained
through a combination of analytical and iterative phase retrieval methods as described
in [287]. This can lead to various faults in the reconstructed current profile. For example,
the head and tail of the beam cannot be distinguished [286], which can cause flips in the
longitudinal dimension. While this limitation does not pose a problem for operation or
compression setups, it can impede the accurate estimation of wake losses in the lasing
beam core if its position within the bunch is not known, especially when dealing with an
asymmetrical current profile. Furthermore, this method is expensive to compute. With
up to 2700 bunches per train and 10Hz operation, this makes real-time bunch-by-bunch
reconstruction of the entire bunch train infeasible. Unlike other methods mentioned in the
following, this method also cannot reconstruct the full 2-dimensional LPS image, but only
the 1-dimensional current profile.

The use of start-to-end neural network models for building virtual diagnostics of the
LPS has been explored at other facilities as so-called spectral virtual diagnostics [124, 369]
using the THz spectrum of the CDR as input to the neural network, and as scalar virtual
diagnostics [80, 81, 370] using RF settings as input to the neural network. Both neural scalar
and spectral virtual diagnostics improve on the Fourier-based method in that they are
more efficient to compute, especially on hardware accelerators like GPUs that significantly
speed up the inference of neural networks. Furthermore, they allow for the reconstruction
of the full 2-dimensional phase space image instead of just the 1-dimensional current
profile. Neural scalar and spectral virtual diagnostics, however, each have disadvantages.
Spectral virtual diagnostics, just like the Fourier-based reconstruction, do not have access
to phase information. Instead, the neural network must learn statistics over the training
dataset to estimate the phase information. As a result, neural network-based spectral
virtual diagnostics are likely to fail for bunches with uncommon phase space distributions.
Scalar virtual diagnostics, on the other hand, have access to phase information. They are
however susceptible to machine drifts and model calibration errors like false RF setting
readbacks [80, 81, 124], leading to significant errors in the reconstructed LPSs.
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3.1.2 Combined Scalar- and Spectral Virtual Diagnostics
By combining scalar and spectral inputs, it is possible to create a virtual LPS diagnostic
that has access to phase information, while taking advantage of the THz spectrum in order
to be robust against model calibration and RF readback errors. To this end, a start-to-end
neural network model is proposed. This model receives two inputs: a 5-dimensional vector
of RF settings

𝒙RF =
(︁
𝛼, 𝜌,𝜓, 𝛼L1, 𝛼L2

)︁ (3.1)
and a 240-dimensional THz form factor 𝒙THz sampled from 0.7 THz to 58THz. These are
then concatenated and passed through an MLP. Two variants of the model are trained,
one outputting the full 300 by 300 pixel LPS image 𝒚LPS and the other outputting the 300
ordered samples of bunch’s longitudinal current profile 𝒚I. The neural network is trained in
a supervised setup to minimise the difference between the inferred LPS or current profile,
and their respective ground truth values generated from start-to-end simulations.

3.1.3 Achieving High Resolution at Any Scale
When predicting either the LPS or the current profile, one has to choose the sample posi-
tions in each dimension for which the model is expected to predict the LPS and current
magnitudes. However, bunch dimensions can vary greatly, with both bunch length and en-
ergy spread potentially varying by roughly an order of magnitude, as can be seen in Fig. 3.3.
In previous work on neural network surrogate model-based virtual LPS diagnostics, this
produced an inevitable trade-off between the resolution of the model output, the range
of permissible bunch dimensions and the computational requirements of the model. In
order to cover a bunch of large dimensions, the samples must be spread out over a wide
range, while a very large number of samples have to be predicted within that wide range to
adequately resolve small bunches. Not only does this needlessly increase the complexity of
the neural network model, it also means that a lot of the time, most of the neural network’s
outputs are not predicting any useful information. This can lead to the model weights
getting stuck in a local optimum, where the model always infers 0.0 on these outputs,
because most bunches do not cover the entire predicted range and samples at the edge of
the range are therefore 0.0 throughout most of the training data.

This work proposes to eliminate the trade-off by adding a second output to the final layer
of the neural network that is either the length 𝑦𝑠 = 𝑠 of the bunch along the longitudinal
dimensionwhen only reconstructing the current profile, or the 2-dimensional range 𝒚range =
(𝑠, 𝛿𝐸) of the bunch in both dimensions of the LPS. A fixed number of samples, in this
case 300, are then equidistantly arranged over the predicted bunch dimensions. This way,
the resolution of the prediction automatically adapts to the dimensions of each bunch,
always resolving all relevant features, while ensuring that the entire bunch is captured.
The resulting neural network model has the same inputs and outputs as described in
Section 3.1.2, but adds the predicted range outputs 𝑦̂𝑠 in the 1-dimensional case and 𝒚̂range
in the 2-dimensional case. Considering the 2-dimensional LPS prediction, the modelℳ is
given as (︁

𝒚̂LPS , 𝒚̂range
)︁
=ℳ(𝒙RF , 𝒙THz) . (3.2)

In between the input and the output layer, there are between 2 and 6 hidden layers, as is
illustrated in Fig. 3.2. Each hidden layer is optionally followed by batch normalisation [144]
before the activation. The outputs use a different activation from the hidden layers. Namely,
softplus is chosen as the output activation function. The latter ensures that all outputs
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Figure 3.2: Flowchart of the start-to-end neural network architecture at the example of the
2-dimensional LPS prediction [160]. The RF settings and THz spectrum are input to the
neural network on the left. The information then flows through multiple hidden layers of
the MLP. The bunch dimension and LPS outputs are shown on the right.
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Figure 3.3: Example predictions of the LPS in the first row and the current profile in the
second row for three different samples from the test dataset [160]. The ground truth LPSs
are shown in the second row. The ground truth current profiles are shown along with
the predictions in the third row. Note that the shown current profile predictions are not
computed from the LPS predictions, but inferred by a separate neural network trained to
output the 1-dimensional current profiles.
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Table 3.1: Hyperparameters used during training of the reconstruction models

Hyperparameter Current profile LPS
Number of hidden layers 3 4
Hidden layer width 267 681
Hidden activation ReLU ReLU
Batch normalisation Yes Yes
Number of training epochs 76 95
Learning rate 0.003 0.0008
Batch size 66 70

are strictly positive, as they physically should be, while also ensuring that there remains
some gradient when the output should be zero according to the ground truth. If a ReLU
activation function were used on the output layer, the gradients would be lost when the
model predicts 0.0, resulting in fully trained models with some “dead” output neurons
that always predict 0.0. An MSE loss function over all output samples

𝐿
(︁
𝒚, 𝒚̂

)︁
= MSE (︁

𝒚range, 𝒚̂range
)︁ +MSE (︁

𝒚LPS , 𝒚̂LPS
)︁ (3.3)

with
MSE (︁

𝒚, 𝒚̂
)︁
=

1
𝑛

𝑛∑︂
𝑖=1

(︁
𝒚𝑖 − 𝒚̂𝑖

)︁2 , (3.4)

here shown for the 2-dimensional LPS prediction, is used with both outputs 𝒚range and
𝒚LPS weighted equally.

To train the model, the Adam optimiser [173] is used with 𝛽1 = 0.9 and 𝛽2 = 0.999.
Hyperparameters, such as the number and width of hidden layers, or the learning rate,
were tuned using BO to minimise the loss over the validation dataset. The final used
hyperparameters for both 1-dimensional current profile reconstruction and 2-dimensional
LPS reconstruction are listed in Table 3.1. The dataset used for this example contains 32 000
samples and was randomly split into training, validation and test sets according to the
ratios (80%, 10%, 10%). The RF settings and THz formfactors are normalised over the
training dataset to follow a standard normal distribution. Current profiles, bunch lengths,
LPS images and LPS image dimensions are normalised to a range of [0, 1].

3.1.4 Results
As can be seen in Fig. 3.3, the outputs of the start-to-end neural network virtual diagnostic
models match the ground truth closely on unseen samples for both the 1-dimensional and 2-
dimensional cases. Moreover, especially in the 2-dimensional case, no discernible artefacts
are present in the reconstructions, setting this method apart from previous neural network-
based LPS reconstruction methods. This advantage can be attributed to the adaptive
resolution of the model, which ensures that all of the model’s outputs play a meaningful
role in the prediction of every training sample, reducing the amount of randomness they
encounter during the training and stabilising their outputs in the process.

The results listed in Table 3.2 confirm the high accuracy of both models in terms of
four metrics. Here, the sample error is the MAE between the predicted and ground truth
current profile or LPS samples normalised to the peak value of the respective ground truth
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Table 3.2: Results achieved by the reconstruction models

Metric Current profile LPS
Median Mean Median Mean

Loss 0.000 087 0.000 88 ± 0.0039 0.0012 0.0016 ± 0.0015
Sample error (%) 2.1 4.4 ± 6.9 0.03 0.9 ± 4.3
Length error (%) 2.9 4.0 ± 4.0 3.3 3.9 ± 3.2
Current error (%) 3.3 4.5 ± 4.7 16.5 18.1 ± 11.6

current profile or LPS image. The length error is the absolute error between the predicted
and ground truth bunch lengths normalised to the ground truth bunch length. Both of
these errors are computed on values directly inferred by the models. To test the models’
ability to predict physically accurate current profiles and LPS images, the current error is
computed as the absolute error between the bunch current of the predicted and ground
truth current profiles and LPS images, respectively, and normalised to the bunch current of
the ground truth current profile or LPS image. All errors are on the order of a few percent
and therefore very low. Only the current error of the LPS model is notably higher, but at
less than 20% still reasonably accurate. This higher error is likely caused by the increased
difficulty of predicting a 2-dimensional image compared to a 1-dimensional current profile.

Figure 3.4 shows how the performance changes for different bunches with different
lengths and currents. The model performance is found to be consistent across the range of
bunch lengths and currents in the test dataset. A small increase in the spread of the errors
is observed for long bunches and bunches with low currents. This is likely due to the fact
that in these cases most samples within the current profile and LPS image have relatively
small values, amplifying the relative scale of errors.

Models trained as part of this work have been integrated into a GUI application that
has been deployed and tested in the control room at European XFEL. Integrated into the
control system in this way, the presented model can inform the tuning process and help
human operators set up the accelerator more efficiently and effectively, achieving better
beam quality and reducing the time required to get there.

This demonstrates an advanced method of training a start-to-end neural network model
as a feed-forward virtual diagnostic. Currently providing diagnostic information to human
operators, the output of this model may also be used as input to advanced autonomous
tuning methods, potentially allowing them to outperform methods that only have access
to less informative diagnostics. Moreover, being a neural network, inference of the model
is fast and could be used to build an RL environment to train a policy that tunes the LPS
through the RF settings. With neural networks being differentiable, the same tuning task
could also be achieved using a gradient-based optimisationmethod on the surrogate model.

While the presented trained model can only be used for applications involving the LPS
at European XFEL, the method is general and can be employed to train surrogates of other
diagnostics and facilities through little more than training on the appropriate dataset.

3.2 Physics-based High-Speed Differentiable Simulations
Start-to-end neural network surrogate models as presented in Section 3.1 have three main
disadvantages: they require retraining and possibly redesign in order to model different
parts of an accelerator facility; they require a large amount of data to train; and their
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Figure 3.4: Loss, bunch length error and bunch current error between all ground truth
samples from the test set and the predictions of the current profile (red) and LPS image
(green) reconstruction models plotted over the bunch length and current of the ground
truth samples. Bunch length and current errors are normalised to the ground truth values
to account for the fact that bunch lengths and currents in the dataset vary by multiple
orders of magnitude.
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behaviour is not well-defined, with models potentially deviating significantly from the
truth, especially in regions of the input space where the model has not seen a lot of data
during training. These disadvantages can be addressed by using handcrafted physics-based
models. By implementing such models with the help of frameworks like PyTorch [248]
or JAX [37] it is possible to take advantage of their automatic differentiation capabilities
to calculate the partial derivatives up to arbitrary orders for all the parameters using the
chain rule. Moreover, these frameworks are highly optimised for tensorised computation
and can be accelerated using dedicated hardware, such as GPUs. Thanks to the very active
development efforts by the machine learning community, any model implemented using
these frameworks can also easily take advantage of the mature software ecosystem of
optimisation algorithm implementations and other utilities surrounding them. This makes
PyTorch and JAX ideal candidates for implementing handcrafted high-speed physics-based
differentiable models that can be used in a wide range of applications.

In this section, a novel high-speed differentiable simulation code called Cheetah is
introduced. Cheetah is a Python package implemented in PyTorch that accelerates beam
dynamics simulations by multiple orders of magnitude through tensorised computation
and several speed optimisation methods, while providing built-in support for automatic
differentiation to efficiently compute gradients of beam dynamics. Cheetah was first
introduced as a fast beam dynamics simulation code to accelerate data acquisition for
machine learning applications in [314], and was later extended with many new features,
most notably differentiability, in [162], which is the work that is presented here.

The implementation of Cheetah is introduced in Section 3.2.1, including its overall
design, speed optimisations and a benchmark of its speed against other codes. Afterwards,
three different example applications of Cheetah are demonstrated in Section 3.2.2, show-
casing the use of its automatic differentiation capabilities for gradient-based transverse
beam tuning, gradient-based system identification and as a prior for BO. Furthermore, the
use of Cheetah for coupling physics-based simulations with neural network surrogates
is demonstrated in Section 3.3. In the context of this dissertation, Cheetah serves as an
important building block for the training of RL policies for tuning particle accelerators in
Chapters 4 and 5. Moreover, Cheetah is used to explore gradient-based RL to train neural
network policies for accelerator tuning in Section 5.3.

3.2.1 Fast Differentiable Tracking in Python
The overarching goal in implementing Cheetah is to provide a differentiable beamdynamics
code with improved speed over existing simulation codes to be used for machine learning
applications. Here, the conscious decision is made to trade accuracy to achieve these
speed improvements. This means that Cheetah, while faster than existing codes, may
be lower fidelity than they are. With machine learning applications this is a worthwhile
trade-off. Methods like domain randomisation [323] enable neural networks trained on
inaccurate simulated data to effectively generalise to the real-world domain. Moreover,
initial training of a machine learning model on cheap low-fidelity data followed by fine-
tuning on high-fidelity data is a widely used method to speed up the training of machine
learning models. At the same time, Cheetah is designed to integrate seamlessly with
popular machine learning tools. Cheetah is intended to be used both as a tool in machine
learning applications, e.g. to support the training of neural networks, and as an application
of machine learning itself, e.g. through the integration of neural network models in its
simulation pipeline. Last but not least, another objective is to make Cheetah easy to use,
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easily extensible and to follow best practices in its implementation with high-quality code.
To this end, Cheetah is implemented in the Python programming language, which

hosts an extensive machine learning ecosystem and is widely used in scientific computing.
Cheetah employs the PyTorch [248] framework. While the primary purpose of PyTorch is
the implementation of machine learning algorithms, its fast tensor compute capabilities,
strong GPU support and automatic differentiation features make it an ideal fit for fast
parallel scientific computation.

To validate that Cheetah models the physics of beam dynamics accurately and to ensure
high code quality, Cheetah makes use of various continuous integration (CI) pipelines.
Almost 500 tests are implemented to verify not only that Cheetah runs without errors, but
also that its outcomes are physically plausible andmatch those computed byOcelot [3, 325],
ASTRA [94] and Bmad [275]. Automatic code formatting and linting are also used to
enforce a high standard of readability and maintainability, while ensuring that implementa-
tions follow the best programming practices of PEP8 [332] and minimising the incidence of
elusive future errors. The official GitHub repository [157] is set up with clear contribution
guidelines and well maintained in an effort to foster future collaboration. To lower the
barrier of entry and ease installation, stable versions of Cheetah are regularly deployed to
PyPI. Reference documentation and some use case examples for Cheetah are made available
via Read the Docs [159].

Beam Tracking in Cheetah
At its core, Cheetah is made up of two main object classes, Beam and Element, which
provide implementations of charged particle beams and accelerator elements, such as
magnets and drift sections, respectively. Both of these inherit from PyTorch’s nn.Module,
allowing their parameters to be optimised with the tools provided by PyTorch when set to
an nn.Parameter instead of a Tensor.

Cheetah provides twoways to represent the beam, a ParticleBeamwith the coordinates
of each macroparticle and a ParameterBeamwith only statistical values representing the
particle distribution. Both inherit from a Beam base class. In ParticleBeam, each particle is
represented by a 7-dimensional vector

𝒑 =
(︁
𝑥, 𝑥′, 𝑦, 𝑦′, 𝜏, 𝛿, 1)︁ , (3.5)

where 𝑥 and 𝑦 are the horizontal and vertical positions, 𝑥′ and 𝑦′ are the slopes in trace
space, 𝜏 is the longitudinal displacement, and 𝛿 is the momentum offset with respect to
the nominal energy. The 6-dimensional vector usually used in beam dynamics is expan-
ded at the end, analogous to an affine space, allowing effects like thin-lens magnets and
misalignments to be coherently represented as transfer map multiplications and enabling
some of the speed optimisations discussed later in this section. A full ParticleBeam is then
represented as a tuple

ℬparticle =
(︁
𝑃, 𝒒 , 𝐸

)︁ (3.6)
of a matrix of particles 𝑃 ∈ R𝑛×7, where 𝑛 is the number of macroparticles, a vector of
particle charges 𝒒 ∈ R𝑛 , and a reference beam energy 𝐸.

For applications that require faster computations and do not require modelling of the
bunch substructures, Cheetah provides a second representation, the ParameterBeam. It
assumes the particle distribution to be Gaussian and represents it using a 7-dimensional
vector 𝜇 for the position of the reference particle in phase space according to Eq. (3.5) and
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a covariance matrix Σ. Consequently, a ParameterBeam is represented as a tuple

ℬparameter =
(︁
𝜇,Σ, 𝑞, 𝐸

)︁ , (3.7)

where 𝑞 is the total charge of all macroparticles in the beam.
Furthermore, the Beam subclasses implemented inCheetah offer convenient computation

of various of their properties. Both beam representations support generating Gaussian
beams, and importing beams from files saved by other particle tracking codes, a feature
which is further discussed later in this section. In addition, ParticleBeam instances can be
generated with regularly spaced macroparticles.

The Element class represents accelerator beamline elements, such as magnets, drift
sections or diagnostic instruments. Each subclass must implement a trackmethod that
transforms an incoming beam entering the element to an outgoing beam that was affected
by the element and is exiting it. To add a new element to Cheetah, one simply subclasses the
Element base class and implements the trackmethod. The trackmethod can implement
arbitrary computations from simple matrix multiplications for first-order tracking to more
complex behaviours like higher-order transfer maps for non-linear elements, beam image
computations for diagnostics screens or neural network inference. By default, the track
method in Cheetah computes linear beam dynamics using a linear transfer map 𝑅Cheetah ∈
R7×7 that is already provided as

𝑅Cheetah =

(︄
𝑅0 ...

0 · · · 0 1

)︄
, (3.8)

with 𝑅0 ∈ R6×6 being the standard transfer matrix based on [40]. Some elements already
present in Cheetah also implement more complex behaviours. For example, the transverse
motion in accelerating cavities is modelled according to [264]. In the remainder of this
dissertation, all transfer maps 𝑅 are assumed to be of the form 𝑅Cheetah. Transfer maps for
some relevant elements used in this dissertation are listed in Appendix A.

To track a beam through an elementwith a transfermatrix 𝑅, the default implementation
either computes the particle matrix 𝑃out of the outgoing ParticleBeam as

𝑃out = 𝑃in𝑅⊺ (3.9)

from the particle matrix 𝑃in of an incoming ParticleBeam, or

𝜇out = 𝑅𝜇in
Σout = 𝑅Σin𝑅⊺ (3.10)

for a ParameterBeamwith the characteristic parameters 𝜇in and Σin.
When adding elements to Cheetah that follow linear beam dynamics, it is therefore

sufficient to implement a transfer_mapmethod that returns the first order transfer matrix
𝑅 of the elements. In this case, the trackmethod does not need to be implemented, and
Cheetah will automatically compute the outgoing beam using the transfer matrix returned
by the transfer_mapmethod.

At the time of writing, Cheetah has support for drift sections, dipole magnets with
adjustable face angles (e.g. SBends and RBends), thin-lens corrector magnets, quadrupole
magnets, cavities, TDSs, BPMs, markers, diagnostic screen stations, apertures, solenoid
magnets, elements with custom transfer maps, and even a first-of-its kind experimental dif-
ferentiable implementation of a space charge kick. In addition, Cheetah provides a special
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Listing 1 Example Python code for tracking an ASTRA beam through a FODO cell using
Cheetah.
# Load initial beam distribution from ASTRA tracking
incoming_beam = ParticleBeam.from_astra("beam_in.ini")

# Create a FODO lattice
fodo_cell = Segment(

[
Drift(length=torch.tensor(0.2)),
Quadrupole(length=torch.tensor(0.2), name="Q1"),
Drift(length=torch.tensor(0.4)),
Quadrupole(length=torch.tensor(0.2), name="Q2"),
Drift(length=torch.tensor(0.2)),

]
)

# Change the magnet strengths
fodo_cell.Q1.k1 = torch.tensor(10.0)
fodo_cell.Q2.k1 = torch.tensor(-9.0)

# Tracking through the FODO cell
outgoing_beam = fodo_cell.track(incoming_beam)

Segment subclass of Element. It represents a sequential lattice of accelerator components
and supports nesting of other smaller Segment elements.

An example Python code for tracking a beam distribution loaded from ASTRA results
through a FODO cell using Cheetah is shown in Listing 1.

Speed Optimisations

Cheetah achieves its speed through several automatic and opt-in optimisations. First of
these is the use of PyTorch, which is itself implemented in C++ and Compute Unified
Device Architecture (CUDA), and is well-optimised thanks to widespread community
support. PyTorch holds a key speed advantage over established packages like NumPy in its
built-in ability to run on GPUs supporting CUDA or Metal Performance Shaders (MPSs),
which can provide significant speed improvements for massively parallel computations
such as multi-particle tracking.

Moreover, Cheetah takes advantage of the fact that the transfer matrices of adjacent
elements can be combined, if they follow linear beam dynamics and perform no other
operations when a beam is tracked through them. Combining the transfer matrices lets
Cheetah perform only one computation like those in Eqs. (3.9) and (3.10), rather than
having to perform them for each of the combined elements separately. Cheetah automat-
ically identifies sequences of elements that can have their transfer matrices combined.
This optimisation is named dynamic transfer map reduction. For example, let us consider
a Segment is made up of an alternating sequence of dipole magnets and drift sections,
which follow linear beam dynamics, followed by an active diagnostic screen station, which
records the beam in addition to performing linear beam dynamics, and another sequence
of alternating dipole magnets and drift sections. Cheetah will automatically recognise
that the transfer matrices (𝑅𝑀1 , 𝑅𝐷1 , 𝑅𝑀2 , 𝑅𝐷2 . . . ) of the elements upstream of the screen
station can be combined into a single transfer matrix 𝑅𝐴1, and that the same can be done for
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Figure 3.5: Visualisation of a simple example for transfer map reduction. The tracking
function of the diagnostic screen is denoted by 𝑓𝑆. It cannot be reduced along with other
transfer maps. The transfer maps of drift sections and magnets upstream of the screen
(𝑅𝐷1, 𝑅𝑀1, 𝑅𝐷2) and downstream of the screen (𝑅𝐷3, 𝑅𝑀2, 𝑅𝐷4) can be reduced to two
transfer maps 𝑅𝐴1 and 𝑅𝐴2, one up- and the other downstream of the screen. A schematic
illustration of the example lattice is shown at the top, with the magnets shown in red
and blue, the screen station in green, and the drift sections as unoccupied sections on the
dashed line.

the sequence of elements downstream of the screen station. A simple example following
this description is illustrated in Fig. 3.5. This optimisation can be influenced by the user
to some extent. Some elements, such as diagnostic screen stations and BPMs, support
being activated or deactivated, based on whether the user intends to use their irreducible
functionalities. Cheetah makes transfer map reduction decisions based on the activation
status of these elements. Some other elements automatically determine whether they can
be optimised through transfer map reduction. Cavities, for example, are effectively drift
sections when they are inactive and therefore produce a drift transfer matrix, which is
automatically combined with other transfer maps. When they are active, on the other
hand, they have more complex effects on the beam and do not take part in transfer map
reduction. Because transfer map reduction does not always need to be performed every
time a beam is tracked through a Segment, Cheetah provides an opt-in variant of the same
optimisation, where the user can tell Cheetah which elements may be changed in the future.
All other elements are then frozen, allowing Cheetah to perform static transfer map reduction.
This optimisation can be very effective when only a few parameters are changed between
consecutive simulations on large lattices.

In a similar vein, Cheetah can be commanded to find all inactive elements that are
effectively drift sections, and replace them with actual drift sections, which are generally
faster to compute. In addition, drift sections in Cheetah are pure linear beam dynamics
elements, meaning they can be merged with adjacent linear beam dynamics elements,
either dynamically and on-the-fly, or statically before tracking.

Especially when combining these optimisations, they can significantly speed up com-
putations in Cheetah. Critically, all the implemented optimisations maintain the differenti-
ability and correct gradients of the implemented models.

Currently in an experimental stage of development and part of future work is another
speed optimisation in Cheetah, where multiple simulations can be vectorised and run in
parallel for different parametrisations of the same lattice and beam configuration to take
advantage of the parallelism of modern hardware. Early benchmarks indicate that this
optimisation delivers at least another order of magnitude speed improvement over the
results reported in this dissertation, even on less parallel hardware like CPUs.
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Integration with Other Codes
To facilitate the quick adoption of Cheetah, the ability to load beams and lattices, especially
from other particle tracking codes, is crucial. Cheetah’s default lattice exchange format is an
adapted variant of the interoperable lattice exchange format LatticeJSON [6]. Based on the
standard JSON format, this makes reading and writing of lattice files which are compatible
with Cheetah straightforward in any programming language. Cheetah’s modular and
simple architecture further simplifies the implementation of converters from other lattice
and beam exchange formats. Cheetah currently supports loading beams from ASTRA,
lattices from Bmad and Elegant, and both beams and lattices from Ocelot. Support for
MAD-X [49] lattices and openPMD [142] beams is planned for future releases.

Speed Benchmarks
In this section, the execution speed of Cheetah is benchmarked and compared to other
simulation codes on the same tracking task. The EA section at ARES, which is introduced
in Section 2.2.2, is used as the benchmark lattice. The benchmarks were run on two different
computing platforms to account for the potential advantages of different hardware: a laptop
with anAppleM1 Pro chipwith 10 CPUCores and 32GB of random accessmemory (RAM);
and a high-performance computing (HPC) cluster node with two AMD EPYC 7643 having
a combined 192 cores, 1 TB of RAM and 4 Nvidia A100 GPUs, each with 80GB of VRAM.
Cheetah was run on both the CPU and the GPU on the cluster node. Note that at the
time of writing, Cheetah can only take advantage of a single GPU at any time. Simulation
times were averaged over multiple runs using Python’s timeit package. Cheetah was run
in multiple different configurations: tracking a ParameterBeam, tracking a ParticleBeam
on CPU, and tracking a ParticleBeam on GPU. For each configuration, the benchmarks
were run with and without the opt-in lattice optimisations. Ocelot and ASTRA were each
benchmarked with and without space charge effects. Parallel ASTRA was run using 8
performance cores on M1 Pro and 48 cores on EPYC 7643, which were found to be the
fastest configurations for this particular benchmark. Bmad-X with a NumPy backend and
Xsuite are also included in the benchmarks. The results of the speed benchmark are listed
in Table 3.3. For Cheetah with ParticleBeam and other simulation codes, a beam with
100 000 macroparticles is used. The benchmarks were run with a pre-release version of
Cheetah v0.6.2.

It is found that Cheetah can compute the benchmarked simulation setup up to eight
orders of magnitude faster than the other simulation codes. In particular, Cheetah is
about 5500 times faster than the fastest ASTRA setup without space charge on the ARM
laptop. What is more, Cheetah is over 9000 times faster than Ocelot on the same device.
Cheetah also achieves computational speeds around 1900 times faster than the already
very fast Bmad-X. Xsuite achieves speeds comparable to Cheetah without Cheetah’s opt-in
optimisations, but Cheetah is up to two orders of magnitude faster than Xsuite when opt-in
optimisations are used. It is important to keep in mind that these speed advantages of
Cheetah are by design achieved at the cost of fidelity, as higher-order, collective and similar
effects present in other simulation codes are excluded by default to attain the reported
speeds. Comparing different configurations of Cheetah, ParameterBeam tracking appears
to be 2 to 40 times faster than ParticleBeam tracking. GPU acceleration is a sensible choice
only with ParticleBeam, though it is not guaranteed to improve compute times. With
lattice-optimisations turned on, Cheetah is found to be 8 times faster on GPU than on CPU.
However, without using lattice-optimisations, the simulations running on GPU slowed
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Table 3.3: Step computation times of simulation codes in milliseconds [162]

Code Comment Laptop HPC node
ASTRA space charge 264 000.00 3 605 000.00

no space charge 109 000.00 183 000.00
Parallel ASTRA space charge 39 000.00 17 300.00

no space charge 16 900.00 12 600.00
Ocelot space charge 22 100.00 21 700.00

no space charge 182.00 119.00
Bmad-X 40.50 74.30
Xsuite CPU, no space charge 0.81 2.82

GPU, no space charge - 0.57
Cheetah ParticleBeam 1.60 2.95

ParticleBeam + optimisation 0.79 0.72
ParticleBeam + GPU - 4.63
ParticleBeam + optimisation + GPU - 0.09
ParameterBeam 0.76 1.29
ParameterBeam + optimisation 0.02 0.04

down due to the overhead of data transfers between CPU and GPU. This is the result of the
benchmark beam tracking 100 000 particles. In this case, the overhead induced by sending
instructions and data to the GPU outweighs the performance benefits of highly-parallel
computation. On the other hand, when the number of tracked particles is increased to
10 million, tracking with optimisations turned on takes 37.5ms on CPU and 998µs on
GPU. With optimisations turned off, Cheetah tracks the same beam in 37.5ms on CPU
and 5.36ms on GPU. This is a significant improvement, demonstrating the advantages
of Cheetah’s built-in GPU acceleration. Moreover, opt-in optimisations yielded up to 38
times faster execution on CPU and up to 51 times faster execution on GPU. Note that the
opt-in optimisations benchmarked here represent the most extreme case, taking maximum
advantage of the optimisations to demonstrate Cheetah at its fastest and at its slowest.
In real-world use of opt-in optimisations, the results are expected to be slightly worse
than the extreme cases showcased here, as some user-defined exceptions might reduce the
effectiveness of Cheetah’s optimisations.

For the sub-pC bunch charge at ARES, which is a typical operation mode at this facility
and was considered during the real-world studies in Chapter 4, the relative error of the
Cheetah simulation result compared to the ASTRA result is below 1%, demonstrating the
reliability of the results obtained with Cheetah. An example of how the lack of higher-order
effects in Cheetah affects the results for a higher bunch charge or more complex beam
shapes is shown in Fig. 3.6. Here, an artificial initial distribution with 5 pC bunch charge is
chosen and the transverse phases in the (𝑥, 𝑥′) plane are shown using different tracking
methods. The Cheetah result agrees with the ASTRA result neglecting the space charge
effect. When including the space charge effect, the beam distribution starts to diffuse and
the sharp edges are no longer visible, resulting in relative errors of 3% and 7% in 𝜎𝑥 and
𝜎𝑥′, respectively. This error will increase for higher bunch charges or at lower energies.
In that case, one could consider training a neural network to compensate for the error as
described in Section 3.3.
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Figure 3.6: Transverse phase spaces of a 5 pC beam in the (𝑥, 𝑥′) plane before and after
tracking through the EA section [162]. (a) Incoming distribution of the beam at the EA
section entrance with an arbitrary non-Gaussian shape. (b) Outgoing distribution using
Cheetah tracking. (c) Outgoing distribution using ASTRA tracking without space charge
effects. (d) Output distribution using ASTRA tracking with space charge effects.

3.2.2 Use Case Examples
In Chapters 4 and 5, Cheetah is used to enable fast RL in simulation to train policies that
transfer well to the real world for tuning the transverse beam parameters as well as the
FEL intensity in particle accelerators. Furthermore, Cheetah’s automatic differentiation
features are used for gradient-based RL on the FEL tuning task such that the true policy
gradient can be leveraged to train potentially better policies using fewer samples. Beyond
the main topic of this work, Cheetah also enables a variety of other applications, three of
which are explored in the following, where Cheetah’s automatic differentiation features
are used to perform gradient-based accelerator tuning and system identification, and
Cheetah’s utility as a physics-based prior in the context of BO is demonstrated. Finally, the
suitability of Cheetah for interleaving physics-based models with modular neural network
surrogate models, and how this can be used to combine the advantages of physics-based
modelling with those of neural network surrogates similar to those presented in Section 3.1,
is shown in Section 3.3. An overview of where Cheetah fits into the proposed applications
is illustrated in Fig. 3.7. Note that this is not an exhaustive list of applications for Cheetah,
but rather a selection of examples that demonstrate its versatility in different use cases.
More applications are expected to be developed in the future as Cheetah is further evolved
and adopted by the community.

Gradient-Based Beam Tuning and Lattice Optimisation
In the field of particle accelerators, there are various optimisation tasks, ranging from
lattice optimisation in the design phase of a facility to tuning actuators at run time. In some
cases, these tasks have too many degrees of freedom to be feasibly solvable by black-box
optimisation algorithms, such as BO and reinforcement learning-trained optimisation
(RLO). However, the model underlying an accelerator optimisation task may be known.
In such cases, gradient-based optimisation may be used. The latter has well-understood
convergence properties and extensive tooling for it has been developed in the field of
machine learning. Using gradient-based tuning on a model of an accelerator can help find
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Figure 3.7: Overview of the different roles Cheetah plays in some of the applications
considered in this work, with the Cheetah logo marking the use of a model implemented
in Cheetah [162]. (a) Cheetah is used as a physical prior for BO as demonstrated in
Section 3.2.2. (b) Cheetah provides a differentiable beam dynamics model which can be
used for accelerator tuning and system identification as is illustrated in Section 3.2.2. (c)
Cheetah enables the implementation of fast beam dynamics environments for training
RL agents as is leveraged in Chapters 4 and 5. (d) Cheetah provides the infrastructure
to seamlessly integrate modular neural network surrogate models with physical beam
dynamics simulations as proposed in Section 3.3.

good setups without the need for beam time. Even in cases where there exists a model
mismatch, this offline optimisation approach can provide good starting points close to
the optimum, which can then be further optimised online. What is more, gradient-based
optimisation methods can also be used to reduce model mismatches through gradient-
based system identification as presented in the next section before using the model for
gradient-based tuning or lattice optimisation.

In this example, the transverse beam tuning task in the ARES EA section from Sec-
tion 2.2.2 is considered. It is assumed that unobserved properties, such as the incoming
beam and the beamline components’ misalignments, are known. This may be the case in
simulations during the design stage of an accelerator, if an accelerator is known to deviate
very little from its design parameters or if system identification (like the one described in
the next section) was performed ahead of time.

The lattice of ARES is loaded as a Cheetah Segment. Because Cheetah defines segments
as PyTorch nn.Module, all that is needed for PyTorch to automatically compute the gradient
of the EA with respect to the five magnet settings, is to define the latter as instances
of PyTorch’s nn.Parameter. A fixed incoming beam is tracked through the EA Cheetah
Segment. The resulting beam parameters can then be read from the diagnostic screen
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Figure 3.8: Example of gradient-based transverse beam parameter tuning in the EA using
Cheetah [162]. (a) and (b) Quadrupole and dipole magnet settings over gradient update
iterations. (c) Beam parameters on the diagnostics screen over gradient update iterations.
(d) The loss development over gradient update iterations.

station at its end, and an MSE loss, defined as

ℒmse
(︂
𝒃̂, 𝒃′

)︂
=

1
4

4∑︂
𝑖=1

(︂
𝒃̂𝑖 − 𝒃′𝑖

)︂2
, (3.11)

with 𝒃′ being the target beam parameters, 𝒃̂ the beam parameters currently estimated by
the model at the screen station and 𝒃𝑖 denoting the 𝑖-th element of 𝒃. Provided the beam
tracking function

𝒃̂ = 𝑓EA (𝒖 | ℬin ,𝒎) (3.12)
implemented in Cheetah, the gradient of the loss function with respect to the magnet
settings

∇𝒖ℒmse
(︁
𝑓EA (𝒖 | ℬin ,𝒎) , 𝒃′

)︁ (3.13)
can be computed using PyTorch’s automatic differentiation features. Adam [173], a variant
of SGD, is then used to compute the updates to the magnet settings based on the computed
gradient with a learning rate of 0.1.

However, as is, this simple setup results in unstable convergence. This is because the
magnet settings are on very different scales, with the maximum quadrupole setting at
72m−2 and a maximum dipole magnet setting of 6.2 · 10−3 rad. To address this, the magnet
settings are normalised, i.e. scaled to normally fall into the range [−1, 1]. With Cheetah, this
is easily achieved by wrapping the EA Segment in an outer nn.Modulewith the normalised
magnet settings as an nn.Parameter. On every call to the module’s forwardmethod, the
segment’s magnet settings 𝒖 are set to

𝒖 = 𝒖normed ⊙ 𝝀, (3.14)

i.e. the element-wise product of the normalised actuator parameters 𝒖normed and the
scaling factors for each respective actuator component 𝝀. For the presented case study,
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𝝀 =
(︁5m−2, 5m−2, 6.2mrad, 5m−2, 6.2mrad)︁ is used. Note that for the quadrupole mag-

nets, the scaling factors are chosen to be smaller than the physical limits of the real magnets,
so that they represent the commonly used operational ranges of thesemagnets in day-to-day
operations more accurately.

The resulting convergence of the magnet settings can be seen in Fig. 3.8. In the shown ex-
ample, the target beam parameters are 𝒃′ = (0.0µm, 0.0µm, 0.0µm, 0.0µm). It is observed
that the final magnet settings result in the desired centred and focussed beam. The abso-
lute deviation of the observed transverse beam parameters to the target transverse beam
parameters is

|︁|︁Δ𝜇𝑥 |︁|︁ = 0.33µm, |Δ𝜎𝑥| = 6.66µm,
|︁|︁Δ𝜇𝑦 |︁|︁ = 0.07 µm, and

|︁|︁Δ𝜎𝑦 |︁|︁ = 0.85µm,
resulting in an MAE of 1.98µm. Convergence is generally smooth, with all five magnets
converging on their final settings after about 90 gradient steps. Note that because this
example is meant as a proof-of-concept, the learning rate and gradient descent algorithm
were not tuned for optimal performance. Better results may be possible.

Gradient-Based System Identification and Virtual Diagnostics
A common challengewith accelerators is that some properties of the beam or the accelerator
hardware itself are not observable. Finding these properties usually requires multiple
samples at different system states, ideally collected in a structured manner such as a grid
scan for best results. Using these samples to reconstruct the hidden properties constitutes an
inverse problem. Inverse problems are notoriously difficult to solve. Performing structured
measurements to identify hidden properties of an accelerator necessitates an interruption
of the beam delivery, making it a costly measurement that is only performed when strictly
needed.

Here, a system identification task in the EA is considered. There are two unknowns:
the incoming beam and the misalignments of the quadrupoles. The aim is to identify the
latter. Knowing the misalignments can be beneficial, either to calibrate the model used in
the previous section, or by using the identified values as a guide to better align the physical
quadrupole magnets and thereby reduce the dipole effect they have on the beam when
used for focussing.

The gradients are computed with respect to the quadrupole misalignments 𝒎, which
are defined as an nn.Parameter in the Cheetah model for this task. Similar to the tuning
example, the misalignments are normalised by wrapping the EA Segment in a PyTorch
Module that holds the normalised quadrupole misalignment 𝒎normed as an nn.Parameter
such that

𝒃̂ = 𝑓EA (𝒎normed | ℬin , 𝒖) . (3.15)
A loss function is defined as a measure of the difference between the beam positions
predicted by the model 𝜇̂𝑥 = 𝒃̂1 and 𝜇̂𝑦 = 𝒃̂3 under the estimated misalignments 𝒎, and
the actual observed beam positions (︁

𝜇𝑥 , 𝜇𝑦
)︁ as

ℒsi (𝒎) =
(︁
𝜇𝑥 − 𝜇̂𝑥

)︁ + (︁
𝜇𝑦 − 𝜇̂𝑦

)︁ . (3.16)

Using the gradient ∇𝒎ℒsi (𝒎) of the loss function with respect to the misalignments com-
puted through backwardmode automatic differentiation, an estimate for themisalignments
is found, such that, when this estimate is assumed in the model, the beam positions com-
puted with the latter best match the experimental measurements. In principle, this method
can be used online, acquiring new data points and updating the misalignments based on
the new measurements, or offline, using a dataset of parasitically acquired measurements
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Figure 3.9: Two examples of gradient-based quadrupole misalignment identification [162].
For the first example, using parasitically collected simulated data, it is shown (a) the loss
ℒsi, (c) the horizontal quadrupole misalignments 𝒎𝑥 and (e) the vertical quadrupole
misalignments 𝒎𝑦 over epochs. Dashed lines signify the ground truth misalignments,
which are known in simulation. For the example based on parasitically collected data
from the real world, it is shown (b) the loss, (d) the horizontal misalignments and (f) the
vertical misalignments.

to identify the misalignments. In this specific demonstration, parasitically acquired meas-
urements collected during evaluations of the RLO policies in Chapter 4 with 151 simulated
and 51 real-world samples are used. This means that the presented example is effectively
zero-shot.

The method is first validated against simulated data, where the ground truth misalign-
ments are known. This allows for verification that the gradient-based optimisation arrives
at correct misalignments. Moreover, when using simulated data, the correct incoming
beam is also known and may be assumed in the Cheetah model. As can be seen in Fig. 3.9,
the fitted misalignments successfully and quickly converge to the misalignments that were
used to generate the simulated data.

Now trusting the misalignment reconstruction, the latter may be tried on data collected
from a real-world experiment. With real-world data, however, the incoming beam is often
unknown. Therefore, a sensible assumption on the incoming beam must be made. In the
EA, the goal is to reduce the misalignments of the quadrupole magnets with respect to the
design orbit, which is at the centre of the beam pipe in most cases. It is therefore assumed
that the incoming beam position and momentum are at zero, i.e. the observed orbit is
assumed to be the design orbit. Doing so effectively sets the origin of the Cheetah model
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to the observed orbit in the data, resulting in misalignments being measured as deviations
from that orbit. Other properties such as the beam size and energy only marginally affect
this particular system identification setup and are therefore not considered. As can be seen
in Fig. 3.9, the reconstruction appears to also perform well and smoothly arrive at sensible
misalignment estimates under these conditions. However, the results cannot be checked
against the ground truth this time, because the ground truth is inherently unknown.

Physics-Based Prior Mean for Bayesian Optimisation
Thanks to its speed, Cheetah can provide fast predictions of the beam parameters and guide
optimisation algorithms during online tuning tasks, ultimately boosting their performance.
One particular use case is BO, which utilises a GP model to build a surrogate of the
observed data and efficiently optimise the objective function. However, when dealing with
high-dimensional tasks, BO tends to over-explore the parameter space to find the global
optimum, inevitably increasing the required number of samples [301]. This behaviour is
actually observed in the experiments in Section 4.2.3. It limits the tasks which are solvable
with classical BO algorithms to those that have less than a fewdozen input parameters [271].
Recent studies have shown that the convergence speed of BO can be significantly improved
by incorporating prior knowledge of the accelerator system into the GP model, for example
by including the correlation of quadrupole magnets into the GP covariance [70] or using a
neural network surrogate model as the prior mean function for the GP [356]. In the case
of a neural network surrogate, it is important that the model is accurate, because a too
large mismatch between the prior mean and the true function will actually worsen the
performance of BO. However, training an accurate neural network model requires a large
dataset of samples from either simulations or real measurements, which is not always
readily available. Cheetah becomes a promising alternative to implement the prior mean
function for BO thanks to its fast inference time. In addition, Cheetah’s built-in automatic
differentiation enables efficient acquisition function optimisation using gradient descent
methods in modern BO packages like BoTorch [14].

Here the use of Cheetah as a prior mean for BO is demonstrated on a beam-focussing
task considering a FODO cell consisting of two quadrupole magnets 𝑄1 and 𝑄2 with drift
spaces in between and a diagnostic screen at the end. The objective is to minimise the mean
beam size measured at the screen

𝑂
(︁
𝑘𝑄1 , 𝑘𝑄2

)︁
=

1
2

(︁
𝜎𝑥 + 𝜎𝑦

)︁ (3.17)

by changing the quadrupole strengths 𝑘𝑄1 and 𝑘𝑄2 , where 𝜎𝑥 and 𝜎𝑦 denote the horizontal
and vertical beam sizes as a function of the quadrupole strengths, respectively.

The performance of BO with a Cheetah model as a prior mean function is evaluated
with a matched prior, where the distances between the magnets exactly match the prior
mean, and a mismatched prior, where the distances are mismatched. The results are
further compared to BO with a constant prior mean and Nelder-Mead simplex as baselines.
All algorithms are implemented using the Xopt package [269]. Both BO variants use a
Matérn-5/2 kernel and upper confidence bound (UCB) acquisition function with 𝛽 = 2.0,
which is a standard choice of hyperparameters for BO applications. Each algorithm was
run 10 times starting from the same detuned setting. The results are shown in Fig. 3.10. In
the case of the matched Cheetah prior mean, BO was able to immediately find the global
minimum without exploring much of the parameter space. In the case of the mismatched
Cheetah prior mean, BO first sampled around the minimum predicted by the prior mean.
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Figure 3.10: Optimisation results from the beam focussing task on a FODO cell [162] using
Nelder-Mead simplex (blue), BO with a constant mean function (orange), and BO with
a Cheetah model as the prior mean before matching the prior model to the lattice under
tuning (dark red) and after matching (magenta). The results are averaged over 10 runs for
each algorithm with shaded regions showing one standard deviation around the mean. A
dashed line indicates value of the true objective at the magnet settings that minimise the
mismatched prior. The true minimum was found through grid scans and is marked by the
top of the grey area at the bottom of the plot.

Since there was a difference between the predicted and observed beam sizes, it continued
exploring the parameter space and subsequently converged to the minimum.

In both cases, BOwith an informed Cheetah prior mean converged to the true minimum
within 15 steps and was more sample-efficient than BO with a constant prior mean and the
Nelder-Mead simplex algorithm, even on this low-dimensional task. As the dimensionality
and complexity of the task increase, the impact of using a physics-based prior mean such
as one provided by Cheetah is expected to grow. Furthermore, when BO with a Cheetah
prior mean is applied to real-world tasks, one can use system identification to determine
the mismatch between the simulated and the real accelerator using the obtained data
parasitically, as is shown in the previous section. This further reduces the mismatch
between the physics-based prior mean and the real-world system, ultimately improving
the performance of BO.

3.3 Coupling Physics-based Models and Modular Neural
Network Surrogates

While high-speed physics-based models such as those implemented with Cheetah in
Section 3.2 are well-behaved, versatile and can easily be used to model novel accelerator
setups, some beam dynamics such as collective effects are inherently expensive and slow to
compute. Neural networks can be used to create fast-executing surrogate models like those
presented in Section 3.1 of otherwise computationally expensive effects, but to date, single
neural network surrogates are usually used to build start-to-end models of, for example,
specific instruments or lattice setups [73, 160, 255]. As a result, these models have limited
versatility and reusability, and novel applications require the design and training of new
models, which necessitates further beam time or computation to acquire new training
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datasets.
Modular surrogate models, which are trained to model single generic and reusable ele-

ments of an accelerator on the entire domain of the element’s input parameters, can be
used to address this issue. Coupled with physics-based models, they allow for high-
speed differentiable modelling of accelerators with the versatility of physics-based models
and the ability of neural network surrogates to accurately model complex effects at high
speed [162, 163, 276]. Because PyTorch is one of the most popular frameworks for imple-
menting neural networks, modular neural network surrogates can seamlessly be wrapped
as Cheetah elements and combined with the physics-based elements that Cheetah already
provides as well as with other neural network surrogates. Crucially, with both Cheetah
models and neural networks being differentiable and implemented in PyTorch, the com-
binedmodel preserves gradient information and can be used in gradient-based applications
such as those presented in Section 3.2.2.

3.3.1 Microsecond Space Charge Delta Modelling
Here, an example of modular neural network surrogate coupling with physics-based
models is demonstrated, where a Cheetah quadrupole is augmented with space charge
effects modelled using a neural network [162, 163]. The straightforward implementation of
a neural network-based modular surrogate model would see the trackmethod in Cheetah
implemented as a forward pass of a neural network

ℬout = 𝑓SC
(︁ℬin | 𝑙𝑄 , 𝑘𝑄

)︁ , (3.18)

mapping the incoming beam ℬin and quadrupole parameters (︁
𝑙𝑄 , 𝑘𝑄

)︁ to an outgoing
beam ℬout. Fortunately, the effects of space charge in a quadrupole are secondary to
the linear beam dynamics, and linear beam dynamics can be modelled easily. To reduce
the complexity of the function modelled by the neural network and reduce the time and
data required to train it, the tracking function through the quadrupole element is instead
reformulated as

ℬout = 𝑓linear
(︁ℬin | 𝑙𝑄 , 𝑘𝑄

)︁ + 𝑓ΔSC
(︁ℬin | 𝑙𝑄 , 𝑘𝑄

)︁ , (3.19)
where 𝑓linear

(︁ℬin | 𝑙𝑄 , 𝑘𝑄
)︁ is the handcrafted computation of the linear beam dynamics

through a quadrupole magnet already implemented by Cheetah and 𝑓ΔSC
(︁ℬin | 𝑙𝑄 , 𝑘𝑄

)︁ is
the change induced to the outgoing beam by space charge effects. The neural network
model is used to approximate 𝑓ΔSC

(︁ℬin | 𝑙𝑄 , 𝑘𝑄
)︁ . An illustration of this process is provided

in Fig. 3.11. Note that the presented example considers the tracking of a ParameterBeam,
but the same principle can be applied to a ParticleBeam.

Data for training the modular neural network surrogate model is generated using
Ocelot [3] with space charge effects and second-order tracking through a single quadrupole
element. Space charge effects are calculated with a mesh size of 633 and applied at a unit
step size of 2 cm. A total of 100 000 samples are collected from uniform distributions over
length 𝑙𝑄 and strength 𝑘𝑄 of the quadrupole, as well as log-uniform distributions over a
subset of the incoming beam parameters

𝒙 =
(︁
𝜎𝑥 , 𝜎𝑥′ , 𝜎𝑦 , 𝜎𝑦′ , 𝜎𝜏 , 𝜎𝛿 , 𝐸, 𝑞

)︁ , (3.20)

where 𝜎𝑥 , 𝜎𝑥′, 𝜎𝑦 , 𝜎𝑦′, 𝜎𝜏, 𝜎𝛿 are the standard deviations of the particle distribution in the
respective phase space coordinates, i.e. the square root of the diagonal elements of the
covariance matrix Σ, and 𝐸 and 𝑞 are the beam energy and total charge, respectively. The
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Figure 3.11: Illustration of the operation of the neural network-enhanced space charge
quadrupole [162]. The incoming ParameterBeam’s reference particle vector and covariance
matrix (︁

𝜇,Σ
)︁ ∈ ℬin aremultipliedwith themagnet’s transfer matrix 𝑅𝑄 as in classical linear

beam dynamics. The neural network model predicts 𝑓ΔSC as a vector of changes to some
beamparameters describing how the covarianceΣlinear resulting from linear beamdynamics
needs to be changed to account for space charge effects, such thatΣout = Σlinear+ 𝐼𝒚2, where
𝐼 is the identity matrix. This change is then added to the linear beam dynamics result,
giving the outgoing beam ℬout.

Table 3.4: Input parameter ranges for dataset generation

Input parameter Range
𝜎𝑥 [10µm, 1mm]
𝜎𝑥′ [10µrad, 1mrad]
𝜎𝑦 [10µm, 1mm]
𝜎𝑦′ [10µrad, 1mrad]
𝜎𝜏 [300 nm, 300µm]
𝜎𝛿

[︁
10−5, 10−3

]︁
𝐸 [1MeV, 1GeV]
𝑞

[︁
1 pC, 5 nC

]︁

ranges over which these are sampled for data generation are provided in Table 3.4. A
log-uniform distribution was chosen for the beam input parameters because space charge
effects depend mainly on their order of magnitude.

The neural network model takes 𝒙 as input, and outputs

𝒚 =
(︁
Δ𝜎𝑥 ,Δ𝜎𝑥′ ,Δ𝜎𝑦 ,Δ𝜎𝑦′ ,Δ𝜎𝜏 ,Δ𝜎𝛿 , 0

)︁ , (3.21)

the changes to the beam parameters resulting from space charge effects when compared to
linear beam dynamics, such that

𝑓ΔSC
(︁ℬin | 𝑙𝑄 , 𝑘𝑄

)︁ ≈ 𝒚 = 𝑓NN (𝒙) . (3.22)

Note that in Eq. (3.21), the 7-th dimension of the output is not actually inferred by the neural
network, but set to a constant 0. AnMLP architecture is chosen for the neural networkmodel
and the Adam [173] gradient descent algorithm is used for training. Early stopping with a
patience (number of steps with no improvement before the training is terminated) of 10 was
used. The dataset is split 60/20/20 into training, validation and test sets. The logarithm is
taken of all beam parameter inputs before they are input into the neural network. All inputs
and outputs are scaled to fit a unit-normal distribution with scaling on the beam parameter
inputs performed after taking the logarithm. Hyperparameters were tuned over a total of
303 trainings using BO, with PyTorch Lightning [87] used to implement the training and
Weights & Biases [24] for experiment tracking. The best-observed hyperparameters used
for the final model are listed in Table 3.5.
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Table 3.5: Neural network training hyperparameters

Hyperparameter Value
Batch size 32
Hidden activation Sigmoid
Hidden layer width 256
Learning rate 2 · 10−5
Number of epochs 959 (max. 10 000)
Number of hidden layers 4
Gradient descent algorithm Adam

Table 3.6: Mean errors and their standard deviations of the neural network-augmented
quadrupole and linear Cheetah model compared to Ocelot’s space charge simulation

Beam parameter Linear Cheetah Neural-network augmented
𝜎𝑥 (mm) 2.4 ± 3.7 0.3 ± 0.2
𝜎𝑥′ (mrad) 24 ± 36 2 ± 2
𝜎𝑦 (mm) 1.3 ± 2.1 0.3 ± 0.3
𝜎𝑦′ (mrad) 14 ± 22 1 ± 2
𝜎𝜏 (mm) 0.8 ± 2.0 0.1 ± 0.2
𝜎𝛿 (%) 14 ± 5 1 ± 1

3.3.2 Results
The results of the neural network-augmented quadrupole implemented in Cheetah are
compared to Ocelot’s space charge simulation. To this end, beams with different energies
are tracked through both models and the parameters, such as beam sizes, beam divergence,
bunch length and energy spread over the bunch, of the outgoing beams are compared,
while all other parameters of the incoming beam and the quadrupole parameters are fixed.
The results shown in Table 3.6 demonstrate that the neural network-augmented quadrupole
model closely matches the results of Ocelot’s space charge simulation, reducing the mean
error between the Cheetah model and Ocelot’s space charge computations by 77% to 93%
when compared to the purely linear Cheetah model.

Figure 3.12 shows the same beam parameters over different beam energies as computed
by the neural network-augmented quadrupole implemented in Cheetah, and compares
them to Cheetah’s default linear beam dynamics tracking and Ocelot’s space charge sim-
ulation. It is observed that the neural network-augmented quadrupole implementation
correctly infers larger effects of space charge at low energies when compared to a simple lin-
ear beam dynamics model. Congruently, the beam parameters computed using the neural
network-augmented quadrupole in Cheetah closely match those computed using Ocelot
with space charge tracking, indicating that the neural network-augmented quadrupole
model accurately captures space charge effects.

For benchmarking the computational speed gains of the neural network-augmented
quadrupole model, the same setup is used with an energy of 6.2MeV, and compared
to Ocelot’s space charge simulation. Ocelot is configured with the same space charge
simulation setup as was used to generate the training data. Speed benchmarks are run
using Python’s timeit, with mean values and standard deviations measured for the linear
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Figure 3.12: Outgoing beam parameters for the same incoming beam over different energies
trackedwith the default linear quadrupole in Cheetah (black), the neural network-augment
space charge quadrupole (red), Ocelot without space charge calculations (blue), andOcelot
with space charge calculations (green) [162].

Table 3.7: Benchmarked mean compute times required by different quadrupole simulations
with and without space charge

Linear Cheetah Neural-network augmented Ocelot with space charge
166µs ± 383 ns 426µs ± 13.3µs 4.12 s ± 323ms

Cheetah quadrupole, the neural network-augmented quadrupole and anOcelot quadrupole
with space charge tracking. The results are listed in Table 3.7. It is found that Ocelot takes
an average of 4.12 s to perform space charge tracking through a single quadrupole, while
modelling the same effect with the neural network-augmented Cheetah element takes an
average of 426µs – a reduction in compute time of almost four orders of magnitude or
more than 99.98%. These benchmarks were run on the same CPU of the Apple M1 Pro
system on a chip (SoC) considered in the Cheetah speed benchmarks. Unlike Ocelot’s
space charge implementation, Cheetah can take advantage of hardware acceleration on
GPU, which is expected to result in a further reduction of compute times.

Moreover, because a neural network is used for the modular surrogate modelling, the
computation remains fully differentiable, in effect providing differentiable space charge
simulations that can seamlessly be integrated with other beam dynamics simulations.

This example serves as a proof of concept for the power of integrating modular neural
network surrogates with physics-basedmodels as well as Cheetah’s suitability as a platform
for such integrations. Along with parallel work presented in [276], this work is among the
first instances of a modular neural network surrogate model being coupled to a physics-
based model for particle accelerator simulations, and the first instance where both are fully
differentiable. It demonstrates that the integration of modular neural network surrogates
in Cheetah enables the building of data-driven, high-speed, high-fidelity models of beam
dynamics that would otherwise require computationally expensive models.



78 Chapter 3. High-Speed Differentiable Beam Dynamics Simulations

3.4 Summary
This section introduced three methods for high-speed differentiable beam dynamics mod-
elling, start-to-end neural network surrogates, physics-based high-speed simulations and
a coupling of the two. For physics-based modelling in particular, a new Python package
called Cheetah was introduced, which provides high-speed differentiable beam dynamics
simulations for machine learning applications. These methods have various applications
beyond the scope of this dissertation, enabling future research into gradient-basedmethods
for accelerator lattice optimisation, beamline tuning and system identification. In particular,
the application of high-speed differentiable modelling to gradient-based tuning, gradient-
based system identification and as a physics-based prior for BO was demonstrated, and it
was shown how these methods can be used to provide human operators with useful insight
into the state of the accelerator. Most importantly, however, the presented methods lay the
groundwork for training neural network policies for accelerator tuning in Chapters 4 and 5,
which would be infeasible without very fast-executing beam dynamics models, while
gradient-based RL leveraging the differentiability of the presented modelling approaches
promises to significantly reduce the amount of samples required to train a capable policy,
and virtual diagnostics may help serve policies with more informative observations.



Chapter 4

Transverse Beam Parameter Tuning

The tuning of transverse beam parameters is a crucial task in the operation of particle
accelerators and commonly performed in the vast majority of accelerator facilities.

In this chapter, a specific transverse beam parameter tuning task is considered, that is
the tuning of the horizontal and vertical beam positions and sizes on a diagnostic screen
using a set of quadrupole and dipole magnets upstream of the screen. This tuning task is
regularly performed in the operation of the ARES linear accelerator at DESY in Hamburg,
where multiple lattice sections exist that can be tuned like this. These are introduced in
Section 2.2.2. Similar sections also exist at many other accelerators. This tuning task is well
suited for studying the application of RL to accelerator tuning, as it is complex to solve with
no trivial solution in existence and even expert human operators finding it difficult to intuit
about, yet still simple enough to analyse and understand the solution strategies found by
the RL agents. At the same time, this task takes up a significant amount of accelerator
tuning time, and automating it at potentially improved performance over that achieved by
expert human operators would have a meaningful impact on the time spent on accelerator
tuning as well as on the quality of the resulting beam.

In the following, the development of an RL agent for tuning the transverse beam
positions and sizes on a diagnostic screen at the example of theARESEA section is described
in Section 4.1, with a focus on how to overcome the fact that training complex RL agents
on real accelerators is often infeasible due to the limited availability of beam time and the
potential danger of training agents on real machines. In Section 4.2, the performance of the
developed RL agent is evaluated and compared to that of other optimisation algorithms,
including BO, which is considered the state of the art in accelerator tuning and very
commonly used throughout the accelerator community. The comparison is extended in
Section 4.3 to investigate the ability of RLO trained on a static tuning task to run as a
feedback system for drift and fault compensation. As part of this comparison, the feedback
performance of RLO is compared to that of BO as well. In Section 4.4, three approaches to
efficiently transfer the developed solution to novel lattices are explored. The first is akin
to [223], demonstrating the generality of the training setup by showing that the RLO agent
can be transferred to a novel lattice configuration by retraining while keeping the algorithm,
policy model and hyperparameters fixed. A more efficient approach is further explored in
the use of domain randomisation as a means of making policies lattice-agnostic to enable
fast transfer to novel lattices without the need for retraining from scratch. This section
further introduces improvements to the problem formulation and reward function aimed
at improving the robustness and speed of the devised training setup. This is followed in
Section 4.5 by an exploration of an approach going beyond RL using natural language to
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drive particle accelerator tuning at the example of the transverse tuning task in the EA,
before this chapter is summarised in Section 4.6.

4.1 Zero-Shot Reinforcement Learning-Trained Optimisa-
tion

In recent work, it has been shown that RL is capable of solving a variety of problems at
sometimes super-human performance levels [12, 305]. But despite continued advances in
the field, applying RL to complex real-world control and optimisation problems such as
particle accelerator tuning and control has proven difficult [69, 145]. This is due to multiple
reasons. The increased complexity of real-world tasks when compared to benchmark
problems means that RL agents are generally more difficult to train and require more
samples to converge to a well-performing policy. Where the action spaces of benchmark
tasks are usually discrete and low-dimensional, the action spaces of real-world problems
are typically continuous and high-dimensional. Moreover, the real world is often only
partially observable, meaning that the agent cannot directly observe the full state of the
environment, which makes solving the task more difficult. Observing as much of the
environment as possible commonly involves high-dimensional observations that can be
more complex than just a vector of numbers, such as images and other sensor data. Noise
is also omnipresent in real-world observations, which means that policies trained on real-
world tasks must be robust to it, whereas noise is rarely present in benchmark problems.
Finally, not only does training successful policies on complex real-world tasks usually
require more samples, the acquisition of these samples is also more difficult, expensive and
time-consuming than with benchmark RL tasks, which can rely on simple fast-to-evaluate
and parallelisable simulators. Particle accelerators especially are usually one-of-a-kind,
meaning that concurrent sample collection is impossible. Moreover, beam time is a scarce
resource with some accelerators having waiting times of several months to years for beam
time. This problem is amplified by the fact that performing actions on real-world systems
like accelerators can at times be slow. For example, changing the quadrupole setting and
taking a beam measurement in the EA takes 10 s to 20 s, which would result in years of
beam time required to train a successful policy on the task. Safety is also a concern, as RL
training inevitably involves the agent trying out suboptimal policies, which can lead to
beam losses and potentially damage to the accelerator.

This section introduces a method to train RL agents for particle accelerator tuning that
overcomes these challenges by training the agents on a simulation of the accelerator in such
a way that the trained policy can be transferred to the real accelerator without requiring any
additional training on the latter. The effective result is zero-shot reinforcement learning-
trained optimisation (RLO) for particle accelerator tuning, meaning that no beam time is
required and the safety of the accelerator is never compromised. This section presents a
method and results that were initially introduced in [158].

4.1.1 Problem Formulation
In order to develop an RLO solution to tuning the EA, the tuning optimisation problem
introduced in Section 2.2.2 is reformulated as an RL task. Four key components are required
for the RL formulation: action, observation, reward and environment.

The action defines how the agent interacts with the environment. For the optimisation
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task in the EA, the actionmay intuitively be defined as themagnet settings 𝒂𝑡 = 𝒖𝑡 . However,
experiments have shown that, while this action definition works well in simulation, it stops
working when transferring simulation-trained agents to the real world. This is because
in the real world there are effects that make the true setting of a magnet deviate from
the requested setting, and cause the effect of the magnet on the beam to be different at
different times, even when the requested setting is the same. Magnet hysteresis, where the
ferromagnetic core of an electromagnet retains some magnetisation when the current in its
coils is changed, is one such effect. It causes the magnetic field strength of the magnet to
depend not only on the current through the coils at the present time, but also on its history.
Accelerator control systems typically have some hysteresis compensation for settings of
the magnets’ high-level control parameters, such as focussing strength and steering angle,
but due to the complex and non-linear nature of hysteresis, this compensation is not very
accurate. In addition, high-level control parameters rely on accurate calibration to the
magnet hardware and the beam. Consequently, unlike in simulation, both low-level current
settings and high-level control parameters cannot be relied upon to map perfectly from
the requested settings to the expected effect on the beam in the real world, which would
inhibit a successful sim-to-real transfer. Instead, the action is defined as a continuous delta

𝒂𝑡 = Δ𝒖𝑡 =
(︁
Δ𝑘𝑄1 ,Δ𝑘𝑄2 ,Δ𝛼𝐶𝑣 ,Δ𝑘𝑄3 ,Δ𝛼𝐶ℎ

)︁ , (4.1)

i.e. the amounts by which to change the actuator values 𝒖𝑡 at time step 𝑡. At time step 𝑡 + 1,
this results in actuator values

𝒖𝑡+1 = 𝒖𝑡 + 𝒂𝑡 . (4.2)
This action definition allows the agent to dynamically compensate for unexplained de-
viations from the requested magnet settings and therefore the expected beam. It is also
intuitive to how expert human operators change magnet settings during manual tuning.
Experiments have shown that the latter definition enables a successful sim-to-real transfer.
To ease transferability between the simulation and the real world, these action deltas are
defined in terms of the high-level focusing strength and steering angle control parameters.

The observation is based on the internal state 𝒔𝑡 of the environment. In an ideal case,
the state of the transverse tuning task can be fully described by the magnet settings 𝒖𝑡 ,
the target beam parameters set by the operator 𝒃′, the incoming beam ℬin entering the
section from upstream, as well as the misalignments 𝒎 of the quadrupole magnets and
the diagnostic screen. Based on these, all other relevant quantities, that is the observed
beam parameters on the diagnostic screen 𝒃𝑡 – and with that their deviation from the
target beam parameters 𝒃′ – can, in theory be computed following Eqs. (2.44) and (2.45).
While this assumption holds in simulation, the real 𝑓𝒃 is not known exactly and depends on
various additional sources of noise and uncertainty. For example, as mentioned above, the
effect of the requested magnet settings on the beam is disturbed by calibration errors and
hysteresis. As a result, the true state 𝒔𝑡 of the transverse tuning task is vastly more complex.
Most of this state is not observable with the diagnostics available at the real facility. Most
significantly, the incoming beam ℬin and the misalignments 𝒎 are neither measurable nor
constant. Hence, the transverse tuning task is partially observable, that is the observation
𝒐𝑡 is not the same as the state 𝒔𝑡 . Making use of the diagnostics that are available, the
readbacks of the currently applied magnet settings 𝒖𝑡 can be read from the control system.
The transverse beam parameters 𝒃𝑡 on the diagnostic screen can be inferred by reading
the pixel intensities of an image taken by a camera pointed at the screen. An estimate of
the beam parameters is derived from the parameters of a 2-dimensional Gaussian fitted to
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the pixel intensities. The target beam parameters 𝒃′ are provided directly by the operator.
With these, a partial observation of the state is defined as

𝒐𝑡 = (𝒃𝑡 , 𝒖𝑡 , 𝒃′) . (4.3)

The most important component of any RL problem definition is the reward. The choice
of reward is crucial for an RL algorithm’s ability to learn. For the transverse tuning task
in the EA, the reward function ℛ is defined in terms of the objective function 𝑂. This
is convenient as it allows staying close to the original optimisation problem definition.
Specifically, it is defined as the difference – intuitively the improvement – of the objective
function 𝑂 from time step 𝑡 to time step 𝑡 + 1. While this definition is intuitive and ensures
that the RL agent learns to minimise the objective, learning can be slow, and it is possible
for agents to traverse potentially dangerous states of high objective in between two states
of low objective during the optimisation. Both these issues are caused by the fact that
agents can recover most of the reward lost when traversing states of high objective value
in between two states of approximately equal value. Rather than defining constraints to
solve this issue, which has to be redone for each problem and may be difficult, the reward
is slightly redefined such that the agent is discouraged from worsening the objective at
any time unless the expected cumulative reward following such an action is very large.
Whenever the objective difference is negative, i.e. the new actuators 𝒖𝑡+1 result in a higher
objective 𝑂 than the previous actuators 𝒖𝑡 , the reward is multiplied by a factor of 2, making
reward recovery more difficult. It was found that this improves the training speed. The
final reward function is defined in terms of an objective function 𝑂 (𝒖𝑡) as

𝑟𝑡+1 = ℛ (𝒔𝑡 , 𝒂𝑡 , 𝒔𝑡+1) =
{︄
Δ𝑂 if Δ𝑂 > 0
2 · Δ𝑂 otherwise, (4.4)

with
Δ𝑂 = 𝑂 (𝒖𝑡) − 𝑂 (𝒖𝑡+1) . (4.5)

While the objective function is often already defined for optimisation problems, it was
found that issues can arise from using objectives well suited to classical optimisation as
a basis for a reward function. This is because typically used objective functions such as
MSE and even an MAE result in vanishing rewards near the optimum. As an optimiser
improves on these objective functions, the difference between two results in terms of such
an objective function becomes orders ofmagnitude smaller, and hence the improvement in a
differential reward, such as the one defined in Eqs. (4.4) and (4.5), as well as the difference
between cumulative rewards, when a reward based on the negative objective is used,
becomes vanishingly small. As a result, the reward signal in later stages of optimisations
is barely strong enough to facilitate learning in an RL context. This issue is illustrated
in Fig. 4.1. Resulting trained policies tend to optimise toward the optimum but stop
prematurely. At the example of the transverse tuning task this can be observed with
policies that perform well, optimising fast and even under difficult conditions, getting
close to the target beam when compared to the beam before tuning, but stop short of
getting within the measurement accuracy away from the target beam. This problem can be
addressed by taking the logarithm of the objective function previously chosen for classical
optimisation, causing small improvements near the optimum to result in exponentially
improved rewards. In the case of the EA optimisation task, the original objective is a
weighted sum over the absolute differences between observed transverse beam parameters
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Figure 4.1: 1-dimensional example of a typically used MSE objective compared to the
logarithm of an MAE objective [158]. The MSE differential objective shrinks as the input
variable converges toward the optimum, i.e. the reward vanishes. This effect is turned
around with the logarithmic objective, where the reward magnitude increases as the input
variable converges toward the optimum.

and the target beam parameters on the diagnostic screen 𝑆. Taking the logarithm of the
objective results in the logarithmic and weighted difference between the observed and
target beams

𝑂 (𝒖𝑡) = ln 1
4

4∑︂
𝑖=1

𝒘𝑖
|︁|︁𝒃𝑖 − 𝒃′𝑖

|︁|︁ . (4.6)

The environment defines the dynamics of the transverse tuning task as a POMDP, with
the next observation computed through an observation function Ω in terms of the next
state 𝒔𝑡+1, which is itself a function of the transition probability 𝑃, the current state 𝒔𝑡 and
the action 𝒂𝑡 , where 𝑃 is defined in terms of the EA’s beam dynamics 𝑓𝒃, resulting in

𝒐𝑡+1 = Ω (𝒔𝑡+1) =
(︁
𝑓𝒃 (𝒖𝑡 | ℬin ,𝒎) , 𝒖𝑡+1, 𝒃′

)︁ . (4.7)

An overview of the corresponding RL loop specific to the task in the EA is shown in
Fig. 4.2. Note that for a real-world setting, 𝑓𝒃 is not known, but an approximation of its
output can be observed through sensor readings. In simulation, an approximation of 𝑓𝒃
similar to that defined in Eq. (3.12) can be used.

4.1.2 Training
Training in the real world is difficult and dangerous for a variety of reasons. Firstly, training
using the real machine can be expensive as a result of limited availability. Beam time
on particle accelerators, for example, is a sought-after resource due to how few of these
machines exist. This issue is further amplified by the large number of samples required for
training an RL policy and the time it takes to acquire these samples. The policies in this
workwere trained for 6million samples, where each sample involves sending new set points
to the magnet power supplies, waiting for the power supplies to finish ramping to their
set points, and taking multiple images of the diagnostic screen with the beam turned on
and with the beam turned off. Altogether this process takes ca. 10 s to 20 s. Consequently,
training on the real ARES accelerator would take about 3 years of continuous beam time.
Research accelerators are also usually one of a kind, prohibiting the advantages of policy
gradient RL algorithms like PPO [292] that can make use of parallelised data collection.
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Figure 4.2: Flowchart of the RL loop as used for the transverse beam tuning task in the
ARES EA. The policy receives as observation from the environment the current beam
parameters 𝒃 computed from the diagnostic screen image, the current actuator settings 𝒖
and the target beam parameters 𝒃′ set by the operator. Based on the observation, the policy
outputs an action of the change to the magnet settings Δ𝒖.

While the optimisation task on the EA is a particularly strong example for these constraints,
they are nonetheless commonplace in the real world. Secondly, it is inherent to RL training
that the agent explores unexplored and sometimes extreme regions of the optimisation
space. Doing this on a real machine has the potential to result in unsafe conditions, which
can cause beam and thereby training interruptions by the machine protection system in
the best case, and damage to the machine in the worst.

To address the issues of availability, speed and safety, training is done in simulation,
and the trained policies are transferred to the real machine zero-shot, i.e. without any
additional training on the real machine. The training setup used here is developed to
facilitate this by splitting the logic of the problem environment in two parts: frontend and
backend. The frontend provides the general definition of the RL environment, including
the definition of the observation, action and reward. The backend is interchangeable and
handles the underlying beam dynamics, either by modelling them in simulation or by
interfacing with the control system of the real machine. By placing both the simulation and
the control system interface inside the same environment, their differences are abstracted
away from the RL agent, allowing for seamless switching between simulation and real
machine. Figure 4.3 shows an overview of this technical setup. Leveraging the high-speed
simulation capabilities of Cheetah, the training of each policy could be sped up to about
14 hours, and with the revised setup in Section 4.4.1 even below 1 hour. This represents a
speed-up of about five orders of magnitude by training on a specially developed high-speed
simulation instead of the real machine, while training with a conventional simulator like
Ocelot would have taken around 14 days, meaning that training with Cheetah is up to two
orders of magnitude faster. Most importantly, the use of Cheetah moves the training time
from being infeasible to being feasible. An added benefit of training in simulation is that
it is impossible for policies to overfit to a specific drift state of the real machine, because
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the simulation does not include the effects that cause drift. Though as much as this is an
advantage, it may also cause difficulties.

Ideally, the simulation would perfectly represent the real world. Unfortunately, some
aspects of the real accelerator, such as the incoming beam ℬin and the misalignments 𝒎
are not known and can therefore not be modelled accurately in simulation. What is more,
the incoming beam differs between working points and must be expected to change from
one tuning run to the next. For a successful sim-to-real transfer, it is therefore important to
train agents to generalise over these sources of uncertainty. This can be achieved through
an approach called domain randomisation [239, 323]. To include domain randomisation in
the training of the RL agents for transverse beam tuning in the EA, the incoming beam ℬin
and the misalignments 𝒎 are modelled as uniformly distributed random variables over
reasonable ranges derived from domain knowledge. At the start of each rollout episode,
parameters of the incoming beam are sampled as

𝐸 ∼ 𝒰 (80MeV, 160MeV)
𝜇𝑥 , 𝜇𝑦 ∼ 𝒰 (−1mm, 1mm)

𝜇𝑥′ , 𝜇𝑦′ ∼ 𝒰 (−100µrad, 100µrad)
𝜎𝑥 , 𝜎𝑦 ∼ 𝒰 (10µm, 500µm)
𝜎𝑥′ , 𝜎𝑦′ ∼ 𝒰 (1µrad, 50µrad)

𝜎𝜏 ∼ 𝒰 (1µm, 50µm)
𝜎𝛿 ∼ 𝒰 (0.1‰, 1‰)

(4.8)

and the misalignments are sampled as
𝒎𝑖 ∼ 𝒰 (−500µm, 500µm) , (4.9)

such that the agents are trained to generalise to be capable of tuning the beam under a
wide range of conditions.

Additionally, the aim is to train an agent that can achieve any reasonable target beam
requested by the operator. To this end, the target beam parameters 𝒃′ are also sampled from
uniform distributions over reasonable ranges derived from domain knowledge before each
training episode. The target beams were randomly sampled from uniform distributions

𝜇′𝑥 , 𝜇′𝑦 ∼ 𝒰 (−2mm, 2mm)
𝜎′𝑥 , 𝜎′𝑦 ∼ 𝒰 (0mm, 2mm) . (4.10)

These distributions were chosen to cover a wide range of measurable target beam paramet-
ers, which are constrained by the dimensions of the diagnostic screen.

In order to accelerate the convergence of the RL training and the optimisation performed
by the trained agents, it is important to include domain knowledge where possible. From
accelerator theory, it is known that a good beam focus will follow a focus-defocus-focus
(FDF) pattern over the quadrupole magnets. This knowledge is leveraged in training and
subsequent optimisations by initialising the actuators as

𝒖0 =
(︂
10m−2,−10m−2, 0mrad, 10m−2, 0mrad

)︂
(4.11)

at the start of each episode.
An MLP of two hidden layers is used as a policy model. The layers have widths of

64 and 32 neurons, and use a ReLU activation. The policy takes as input the normalised
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Table 4.1: Hyperparameters used to train the RLO policies

Parameter Value
Action noise standard deviation 0.1
Replay buffer length |𝒟| 600 000
Discount factor 𝛾 0.55
Learning rate (actor & critic) 0.001
Polyak update rate 𝜏𝑝 0.005
Warm-up steps 2000
Layer widths (64, 32)
Training steps 6 000 000
Maximum episode steps 50
Beam parameter weights 𝒘 (1, 2, 1, 2)

observed beam parameters 𝒃, the currently set quadrupole strengths and deflection angles
of the magnets 𝒖, and the target beam parameters 𝒃′. Its output is defined as normalised
changes to the magnet settings 𝒂𝑡 = Δ𝒖 and limited to ±10% of the physical limits of the
magnets imposed by their power supplies. The rewards and observations are normalised
using a running average during the training. The actions are normalised to the action
spaces, which is [−3, 3]m−2 for quadrupole strengths, [−0.6, 0.6]mrad for vertical steering
magnet, and [−0.3, 0.3]mrad for horizontal steering magnet. The different action ranges
of vertical and horizontal magnets are chosen because of their different distances to the
diagnostic screen, such that they have approximately the same effect on the beam position.

Three policies were trained with the same hyperparameters and different random seeds
on the transverse beam tuning task in the EA. To train policies, the TD3 [100] algorithm is
used for its relative training sample efficiency amongmodel-free RL algorithms. Specifically,
the implementation provided by the Stable Baselines3 [254] Python package is employed.
Each policy was trained for 6 million steps on the simulated Cheetah model of the EA.
The Python package Gymnasium [328] (the successor to the previously popular OpenAI
Gym [38]) is used to define the environments around the simulation and control system
backends. Hyperparameters for the TD3 algorithm, the neural networks as well as the
environment were selected via a hyperparameter exploration in simulation usingWeights
& Biases [24] for experiment tracking. The best observed hyperparameters were used to
train the models for the final benchmarks. The final hyperparameters are listed in Table 4.1.
Training was run on a high-performance cluster node with an Intel Xeon Gold 5115 CPU,
two Nvidia V100 GPUs and 376GB of RAM.

4.2 Evaluation
In the following, the RLO approach presented in Section 4.1 is evaluated in simulation and
in the real world against simple baselines and state-of-the-art methods, most importantly
BO. To this end, the considered implementations of other state-of-the-art methods are
introduced in Section 4.2.1. In Section 4.2.2 it is then established whether trained RLO
policies are capable of transverse beam parameter tuning in the EA by establishing their
performance and comparing it to a trivial baseline in simulation, before verifying that these
policies as trained in simulation transfer successfully to the real machine. Finally, RLO
is compared to the state-of-the-art BO as well as other black-box optimisation methods
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commonly used for accelerator tuning in Section 4.2.3. Large parts of this evaluation are
based on the work presented in [161, 164].

4.2.1 Alternative Algorithms
In the following, four implementations of alternative optimisation algorithms on the trans-
verse beam tuning task in the EA, specifically random search, Nelder-Mead simplex, ES
and BO, are introduced. They are used to compare the performance of the RLO approach
in Section 4.2.3.

Random Search
For the random search baseline, the next magnet settings are sampled uniformly at random
from the constrained space of magnet settings. Constraint in this case means that the space
is limited to a range of values that are commonly used during operations, instead of the full
physical limits of the magnets. At ARES, the latter would be almost an order of magnitude
larger than anything ever used in operation and unlikely to result in a beam that is useful
for experiments. At the end of the optimisation, after 150 steps, the best magnet settings
resulting in the lowest MAE between the observed and the target beam are returned.

Nelder-Mead Simplex
The Nelder-Mead simplex optimisation [227] was realised using the implementation
provided by the SciPy [340] Python package. The initial simplex was tuned in a ran-
dom search of 405 samples to the one that performed best across the set of 300 trials.
Nelder-Mead is allowed to run for a maximum of 150 steps. In the implementation used
here, the objective function optimised by Nelder-Mead is the MAE of the measured beam
parameters to the target beam parameters

𝑂 (𝒖𝑡) = 1
4

4∑︂
𝑖=1

|︁|︁𝒃𝑖 − 𝒃′𝑖
|︁|︁ . (4.12)

Note the lack of a logarithm when compared to the objective function considered for RLO
in Section 4.1. It was found through experiments that without the logarithm Nelder-Mead
performs better on the transverse tuning task.

Extremum Seeking
The Xopt [269] implementation of the ES algorithm based on the description from [283] is
used for this study. The update rule for each next value of the 𝑖-th actuator component
𝒖𝑡+1,𝑖 is defined as

𝒖𝑡+1,𝑖 = 𝒖𝑡 ,𝑖 + 𝜆𝑡Δ𝜏
√
𝛼𝑖𝜔𝑖 cos

(︂
𝜔𝑖𝑡Δ𝜏 + 𝑘𝑂 (𝒖𝑡) − 𝜋

2 (𝑖 (mod 2))
)︂
, (4.13)

where 𝛼𝑖 and 𝜔𝑖 are the amplitude and frequency of the oscillation for the 𝑖-th actuator
component, respectively, 𝑘 is the feedback gain and Δ𝜏 is the length of the time interval
between two actuations.
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Following to the original paper, the actuators 𝒖 are normalised to [−1, 1], the dithering
amplitudes 𝜔 are linearly spanned in the range [1.0, 1.75] and

Δ𝜏 =
2𝜋

10max (𝜔𝑖) . (4.14)

The amplitude of the oscillation 𝛼𝑖 is defined as

𝛼𝑖 = 𝜔𝑖𝑠2, (4.15)

where 𝑠 is the oscillation size.
Extensive hyperparameter tuning was performed across the full set of trials to minimise

the MAE at the end of 150 steps. The hyperparameters used for the final evaluation of
the ES algorithm are a feedback gain of 𝑘 = 3.7, an oscillation size of 𝑠 = 0.11 and a decay
rate of 𝜆 = 0.987, where the default settings are 𝑘 = 2.0, 𝑠 = 0.1 and 𝜆 = 1.0. Note that
adding a decay rate to the oscillation amplitude is a small deviation from the original
implementation, which helps convergence to the target beam parameters in an optimisation
setting, where the original implementation from [283] without decay is better suited for
stable long-term control. Tuning the oscillation amplitude without the usage of a decay
rate 𝜆 leads either to local optimisation or large oscillation at the final steps, resulting in a
worse final beam error.

Bayesian Optimisation
The BO variant used for this study was implemented using the BoTorch [14] package. A
special BO objective

𝑂BO (𝒖) = − ln
(︄
1
4

4∑︂
𝑖=1

|︁|︁𝒃𝑖 − 𝒃′𝑖
|︁|︁
)︄
+ 𝑤visible, (4.16)

which reflects the fact that BO is used for maximisation rather than minimisation is defined.
Here, the logarithm is used to properly weigh the fine improvement when BO approaches
the target beam. A constant 𝑤visible is added to the objective in order to reward when
the beam is on the screen with 𝑤visible = 10 and penalise when it is off the screen with
𝑤visible = −10. Note that this could alternatively be achieved by incorporating a safety
constraint. The goal of the BO optimisation is to find the input, i.e. actuators 𝒖, that
maximise the objective function 𝑂BO as

max
𝒖
(𝑂BO (𝒖)) . (4.17)

To increase the numerical stability of the GP regression, the previous input settings 𝒖
are min-max normalised to [−1, 1] and objective values are standardised. The covariance
function of the GP models used in this study is the sum of a Matérn-5/2 kernel [210] and
a white noise function. The GP hyperparameters, like the length scales and signal noise,
are determined dynamically by log-likelihood fits in each step. In each trial, BO is started
from the same fixed FDF setting employed by the RLO approach presented in Section 4.1.
In the beginning, 5 random samples are taken to initialise the GP model. Based on the
posterior prediction of the GP model, an expected improvement (EI) [152] acquisition
function automatically balances exploration and exploitation of the objective. The next
sample is chosen by maximising the acquisition function. The maximum allowed step sizes
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are constrained to 10% of the magnet range assumed in Section 4.1. In practice, to avoid
the time-consuming polarity changes of the quadrupole magnets’ power supplies, the
quadrupole magnets are clipped to stay in the same polarity, i.e. in the FDF setting. This
does not hamper the final performance in simulation studies, as the target beam parameters
can still be achieved with this constraint. BO is allowed to run for 150 steps in simulation
and 75 steps on the real machine, after which the best magnet settings are returned. Other
hyperparameter configurations, such as using UCB as an acquisition function, were tested
and found to give comparable performance.

Other capable BO implementations exist, where in the accelerator community, the
Xopt package [269] is particularly popular. To ensure that the evaluated implementation
matches the state-of-the-art that has evolved for the particle accelerator community, it is
compared to two BO variants from Xopt, one using a hard step-size constraint and the other
using proximal-biasing [266] as a soft step-size constraint. Both use UCB acquisition with
𝛽 = 2 and perform the default pre-processing steps, i.e. normalising the input to [0, 1] and
standardising the objective values. The hard step-size variant uses the same step-size limit
of 0.1 as RLO and the evaluated custom BO implementations. The proximal weight was set
to be 0.5, which means the acquisition drops to 1

𝑒 over 10% of the action space. This setting
was obtained from a hyperparameter search, optimising for the lowest MAE after 150 steps.
It was found that in the transverse beam tuning task, smaller proximal weights would
mostly lead to premature convergence, due to many local optima as shown in Fig. 4.11.
The results of comparing all three BO implementations are shown in Fig. 4.4. While the
custom BO implementation performs worse than both Xopt implementations in terms of
the final MAE achieved in simulation, the root mean squared error (RMSE) measured in
simulation suggests that it converges notably faster than the proximal-biasing variant and
about as fast as the hard step-size constraint variant. More importantly, however, on the
real ARES accelerator, the custom BO implementation consistently outperforms both Xopt
implementations in terms of both the final beam error and RMSE, meaning better magnet
settings are found faster. Hence, it is concluded that the custom BO implementation is
representative of the state of the art in BO for particle accelerator tuning.

4.2.2 Performance of Reinforcement Learning-trained Optimisation
In this section, the performance of the RLO policies trained according to the setup in
Section 4.1 is evaluated. To this end, multiple performance metrics are first introduced,
then the results of the evaluation in simulation are presented, followed by the results of
the evaluation on the real ARES accelerator. Finally, the performance of the RLO policies is
compared to that of expert human operators, before an extensive comparison of RLO to
alternative optimisation algorithms is conducted in Section 4.2.3.

Metrics
The trained policies are evaluated in terms of the quality of the final result they achieve
and how quickly they converge to this result. To this end, three metrics are considered.

The final error measures how far the beam parameters observed after tuning are from
the target beam parameters in terms of the MAE defined in Eq. (2.45). The final error is
computed as

Final error = 𝒟mae (𝒃𝑁 , 𝒃′) , (4.18)
where 𝒃𝑁 are the observed beam parameters in the 𝑁-th and last step of the optimisation.
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Figure 4.4: Performance of the custom BO implementation used for the comparisons to two
other state-of-the-art implementations provided by Xopt [164]. The two plots on the left
show the final MAE achieved during the optimisation procedure, while the plots on the
right show RMSE over the full optimisation run and serve as an indication of convergence
speed. The top row shows results obtained from evaluations in simulation. Results obtained
on the real ARES accelerator are shown in the bottom row. Themetrics used for comparison
are introduced in Section 4.2.2.

In addition, the RMSE over all steps of an optimisation run is considered as a combined
measure of how quickly the optimisation converges and how close it gets to the target beam
parameters. It is computed as

RMSE =

⌜⃓⎷
1
𝑁

𝑁∑︂
𝑡=1

(︄
1
4

4∑︂
𝑖=1

(︂
𝒃𝑡 ,𝑖 − 𝒃′𝑖

)︂2)︄
, (4.19)

where 𝒃𝑡 ,𝑖 is the 𝑖-th component of the observed beam parameters at step 𝑡 of the optimisa-
tion.

Another metric is introduced to put the final error in relation to the starting conditions.
The normalised beam error improvement is defined as the improvement of the MAE from
the initial beam parameters to the final beam parameters, normalised to the initial MAE. It
is computed as

Improvement = 𝒟mae (𝒃0, 𝒃′) − 𝒟mae (𝒃𝑁 , 𝒃′)
𝒟mae (𝒃0, 𝒃′) . (4.20)

Note that thismeans that a positive value indicates an improvement in the beamparameters,
while a negative value indicates a deterioration.

As an intuitivemeasure of optimisation speed, the number of steps until the optimisation
goal is reached is considered. Based on the measurement accuracy of the diagnostic screen
of 20 µm, this metric is computed as the number of steps until the first time that the MAE
between the observed beam parameters and the target beam parameters is below 40µm.
In the following this metric is referred to as the steps to target. Note that the choice of 40 µm
is very strict and presents a high bar for tuning algorithms. Any stricter threshold would
be physically unachievable due to hardware constraints. Because experiments have very
different demands on the beam parameters, it is likely that a more relaxed threshold would
be sufficient for most applications. Thus, this metric measures the speed of the optimisation
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algorithm in aworst-case (i.e. most demanding) scenario. None of the algorithms evaluated
are always able to meet this threshold. Hence, the proportion of trials where the threshold
is met is also reported and the number of steps is only reported for the trials where the
threshold was met. Note that while very intuitive, the steps to target on their own do not
provide a complete picture of the optimisation speed. Occasionally, the median steps to
target can decrease when fewer trials meet the threshold.

To better understand the relationship between the convergence speed and the quality
of the result found by the optimisation algorithms, it is helpful to consider the MAE of the
final beam in relation to number of steps it took to converge. The latter is expressed as the
steps to convergence. This metric is defined as the earliest time step 𝑡′, where the difference
between the largest error between observed and target beam at a step 𝑡 ≥ 𝑡′ and the lowest
error at a step 𝑡 ≥ 𝑡′ is less than 40µm.

Note that some optimisation algorithms like RLO, Nelder-Mead simplex and ES keep
exploration to a minimum and operate more like a feedback. As a result, one can stop these
algorithms at any time and expect to be close to the discovered optimum. Others, such as
random search operate almost entirely opposite to this, exploring the parameter space at
every point during the optimisation. When stopping random search, one would typically
take the best result encountered during the search and return to it. BO is a mix of both, with
a balance between exploration and exploitation depending on its configuration. To account
for this, in the following, a second variant of themetrics is sometimes considered. Whenever
appropriate, and unless otherwise mentioned, the final error, RMSE, improvement, steps
to target and steps to convergence are computed with respect to the beam parameters that
were actually observed at each step of the optimisation. This is referred to as the conventional
variant of the metrics. When algorithms like random search and BO are involved, these
metrics are in addition computed with respect to the best magnet settings that one would
return to if the optimisation was stopped at that point. These would be those settings that
produced the beam with the smallest error to the target beam parameters observed at any
point before the current time step. This variant of the metrics is henceforth referred to as
the minimum variant. The difference between the two variants at the example of the MAE
over an optimisation with RLO and BO is illustrated in Fig. 4.5. Note that the steps to target
are identical in both metric variants because it considers the first encounter of a beam with
small-enough error, which happens at the same time in both cases.

When evaluating the performance of a policy or an optimisation algorithm, thesemetrics
are computed for each optimisation run, and aggregated statistics, such as the median,
mean and standard deviation, are reported over all runs.

Simulation
First, the trained policies are evaluated in simulation using the same Cheetah model as
used for training. This allows for verification that the trained policies work as expected
in a controlled and safe environment, while also making the collection of a large number
of benchmark runs feasible. A fixed set of 300 randomly generated trials is used for the
evaluation. Each trial is a tuple

(𝒃′,𝒎 ,ℬin , 𝒖0) (4.21)
of the target beam parameters 𝒃′, the misalignments 𝒎 of the quadrupole magnets and the
diagnostic screen, the incoming beam ℬin, as well as the initial magnet settings 𝒖0. The
target beams, incoming beam and misalignments were randomly sampled from uniform
distributions representing the actual operating ranges of the real-world accelerator as given
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Figure 4.5: Illustration of the difference between the conventional and minimum variants
of the metrics used in this work at the example of the error between observed and target
beam over time taken from a tuning run performed with RLO and another performed with
BO.

in Eqs. (4.8) to (4.10). For reference, the simulation results of the three RLO policies are
compared to the trivial baseline of doing nothing, i.e. leaving the magnets at their initial
settings 𝒖 = 𝒖0. A detailed comparison of the performance of RLO to other optimisation
algorithms is made in Section 4.2.3. In the evaluation in simulation, the policies are given a
maximum of 150 steps to reach the target beam parameters.

The results of the evaluation of the three RLO policies as well as the baseline are given in
Table 4.2. They clearly demonstrate that all three RLOpolicies are able to reduce theMAE by
almost three orders of magnitude compared to no tuning. While there are slight differences
in performance between the three policies, they all manage to achieve a median final error
of less than 10µm, which is well below the measurement accuracy of the diagnostic screen
of 20µm. In fact, all policies are found to reduce the MAE by 99%. The RMSE of the
policies is also found to be low, with 117 µm to 124µm. This suggests that the policies are
able to converge quickly to the target beam parameters. In fact, the policies converge to
an MAE lower than 40µm on over 90% of the trials and within a median of 6 to 7 steps.
Figure 4.6 confirms this assessment, showing that the distribution of minimum final beam
errors is centred well below the measurement accuracy and 10 steps. The different policies
show only slightly different performance, with none of them being outright better than the
others in all metrics, and differences generally being within the standard deviation of the
results.

Real World
To verify the approach of training accelerator tuning policies in simulation and transferring
them zero-shot without any additional training to the real accelerator, the three trained
policies were also evaluated on the real ARES accelerator. The evaluation was done by
exchanging the backend of the environment from the simulation model to the interface
with the control system of the real accelerator. Because of limited availability of the facility,
the evaluation was limited to the first 200 trials. In addition, the misalignments cannot be
reasonably changed in the real world, so they were kept constant on the true misalignments
of the quadrupoles and the diagnostic screen at ARES at the evaluation beam time. The
incoming beam, too, cannot be controlled or measured directly. Instead, the incoming
beam depends on the working point and drift of the accelerator present at the time of the
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Figure 4.6: Distributions of the final MAEs achieved by the RLO policies during optim-
isations plotted over the steps to convergence. Kernel density estimations (KDEs) are
used to visualise the distributions. Ideally, distributions should be concentrated in the
lower left, indicating that policies converge quickly to good solutions. Distributions in the
upper left converge quickly but to bad solutions, while distributions in the lower right
converge slowly to good solutions. Note the logarithmic scaling of the axes. Because doing
nothing always converges in zero steps, a small amount of noise between 0 to 0.3 steps was
added to the steps to convergence for doing nothing to enable the visualisation with a KDE.
The steps to convergence are measured on the minimum beam to guarantee that all runs
converge and are included in the distribution. An equivalent figure with the minimum
MAE is available in Appendix B.

evaluation, this was set to an arbitrary normal machine state, usually by leaving it as it was
left from previous experiments. This should give a good spread over reasonable working
points and drift states.

The results from the real accelerator, listed in Table 4.2, show that the sim-to-real transfer
is successful and that the RLO policies perform well in the real world, too, achieving a
median final error of 28 µm, 29µm and 51µm. This is worse than in simulation, but notably
only slightly larger than the measurement accuracy of the diagnostic screen and mostly
within the 40 µm threshold. An example of the tuning process of one of the policies on the
real accelerator is shown in Fig. 4.7. The RMSE is found to increase less than the final error
when transferring to the real accelerator, with values of 323 µm to 357 µm, suggesting that
the policies converge onto the target beam about as fast as in simulation. A median of 9 to
14 steps are needed to reach an MAE lower than 40µm. In accordance with these results,
the normalised beam error improvement is found to be 93% to 96%, i.e. almost all of the
error is removed by the policies. Fewer trials meet the 40µm threshold in the real world
than in simulation, though the reader is reminded of the strictness of the target condition
in relationship to the measurement accuracy that likely contributes significantly to this
observation. Nevertheless, the slight decrease in performance from simulation to the real
accelerator suggests that the policies have slightly overfitted to the simulation, where the
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Figure 4.7: A neural network policy trained with RL tuning the transverse beam
parameters in the ARES EA, where the target transverse beam parameters of
𝒃′ = (−0.61mm, 0.26mm, 1.03mm, 0.35mm) are reached after about 6 steps [162]. (a)
and (b) quadrupole and dipole magnet settings over parameter update steps. (c) Beam
parameters on the diagnostics screen over parameter update steps. (d) The MAE between
observed and target beam over parameter update steps.

real world differs from the assumed Cheetah model. In fact, consulting Fig. 4.6, one can see
that the distribution is shifted slightly up and spread out more than in simulation. Though
observable, the shift is so small and so narrowly above the measurement accuracy that it is
not considered an issue. Note that unlike in simulation, where no policy performed better
than the others in terms of all metrics, such a ranking can be made out in the real-world
results. This suggests that some policies generalise better while others overfitted more to
the simulation. These differences, however, are marginal and within the standard deviation
of the results.

Notwithstanding, the results show that RLO training on a high-speed simulation with
domain randomisation can be successfully transferred to the real accelerator if the most
important sources of uncertainty are included in the domain randomisation.

Comparison to Expert Human Operators
Furthermore, the three policies trained with different random seeds for the RLO imple-
mentation have been compared to two expert human operators on a single trial, with
tuning runs being conducted consecutively in order to establish the policies’ performance
in relation to human-level. Note that RLO can only interact with the accelerator every
10 s to 20 s because it has to wait for magnets to reach their set points and a new beam
measurement to be taken before predicting the next action. The human operators are not
limited by this and can already take the next action while the magnets are settling and a
trend can be identified, thus being able to interact with the accelerator with as much as
1Hz. Because of this, this particular comparison is made in wall time instead of steps.

The results indicate that, while achieving a similar final error as expert human operators,
RLO can do so more quickly and consistently, even though it is constrained by a control
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Figure 4.8: Comparison of three RLO policies to two expert human operators, showing
distance from the observed beam to the target beam over time [164]. The mean beam
distance as the MAE is shown by the solid line. The envelope shows the 95% confidence
interval of the beam distance.

frequency that is 10 to 20 times slower. A plot of the MAE developing over the tuning by
RLO compared to the human operators is shown in Fig. 4.8. By the end of their optimisation,
the human operators achieved a median MAE of 39µm compared to 60µm achieved by
the RLO policies. While the final MAE achieved by the operators is slightly lower, the
difference is only marginally larger than the measurement accuracy. In addition, it took
the human operators on average 18min to converge on their solution. This is significantly
longer than the 1.1min taken by the RLO policies. Note that the key reason for this is
fine adjustments toward the end of the operators’ optimisations. Over the first 5min the
operators MAE runs only slightly higher than that of the RLO policies. While the three
policies converged consistently, there was a significant variance in MAE over the first few
minutes between the human operators. The observed variance can largely be attributed
to different tuning strategies used by the operators. Unlike RLO, which adjust all five
actuators at the same time in a direct path toward the optimum, the human operators split
the task into multiple sub-tasks. The operators, for example, start by fixing either position
or focus of the beam first. It was also observed that the human operators adjusted magnets
one after the other. In contrast to the RLO policies, the human operators also limited
themselves to only using two of the three quadrupoles in the final solution, presumably to
simplify the task. Both final solution patterns are considered physics textbook strategies,
though in the EA, avoiding the use of the third quadrupole can be advantageous because
the vertical steerer is placed upstream of the third quadrupole. The latter almost always
introduces a strong dipole moment as a result of the beam trajectory beingmoved off-centre
by the steerer. This dipole moment can be avoided by not using the third quadrupole,
while the task remains solvable with the remaining two quadrupoles. Note that on the real
accelerator, RLO policies spent most of their time waiting for the function evaluation to
finish as the magnets in this accelerator section are controlled by relatively slow power
supplies. When faster power supplies are available, the RLO policies can achieve a much
more substantial speed advantage over human operators.

Overall, it can be concluded that the RLO policies are able to match expert human
operators in the quality of the tuning results and outperform them in terms of the speed of
the tuning process, while being more consistent in their performance.
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4.2.3 Comparing to Alternative Algorithms
In the following, the performance of the RLO policies is compared to the performance of
the BO implementation introduced in Section 4.2.1 as well as to the performance of the
baseline algorithms, random search, Nelder-Mead simplex and ES. The comparison is done
on the same set of 300 trials as used for the evaluation of the RLO policies. The results are
listed in Tables 4.3 and 4.4 and illustrated in Fig. 4.9. In addition, aspects like the time it
takes each tuning algorithm to infer the next magnet settings, their robustness to real-world
disturbances and edge cases are discussed.

Simulation Study
Comparing RLO to the other algorithms in simulation, it is observed that RLO clearly
outperforms all of them in terms of all conventional metrics listed in Table 4.3. In fact, it
presents an almost two order of magnitude improvement in final error over the next-best
algorithm, ES. BO is found to achieve a final error that is about 4 times larger than the one
achieved by ES and two orders of magnitude larger than the one achieved by RLO, with
BO improving the beam error by only 16% compared to the 99% improvement achieved by
RLO. The final error achieved by random search and Nelder-Mead simplex is found to be
worse than the error at the beginning of the optimisation, with random search performing
significantly worse. Similarly, RLO reaches the target at about 6 times faster than BO and
7 times faster than ES, while successfully reaching the target more than twice as often as
BO and 5 times more often than ES. Random search on the other hand never finds magnet
settings that result in a beam error within the target range, while Nelder-Mead simplex
only achieves this in 1% of the trials.

As alluded to earlier, the conventional metrics do not necessarily accurately measure the
performance of random search, and to some extent BO, because they do not perfectly reflect
the way these algorithms are typically used in tuning setups. Considering instead the
minimummetrics in Table 4.4, confirms this. Here, random search achieves an improvement
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Figure 4.10: Distributions of the minimum MAEs achieved by the different algorithms
during optimisations plotted over the steps to convergence. KDEs are used to visualise
the distributions. Ideally, distributions should be concentrated in the lower left, indicating
that policies converge quickly to good solutions. Distributions in the upper left converge
quickly but to bad solutions, while distributions in the lower right converge slowly to
good solutions. Note the logarithmic scaling of the axes. The steps to convergence are
measured on the minimum beam to guarantee that all runs converge and are included in
the distribution. An equivalent figure with the final MAE is available in Appendix B.

of 22% from the initial beam to the best one encountered during the search. What is more,
in terms of the minimum metrics, BO clearly outperforms ES, but is still outperformed
itself by RLO. While both BO and RLO achieve over 90% improvement of the beam error,
RLO achieves a final error about an order of magnitude smaller than the one achieved by
BO. Nevertheless, the minimum final error achieved by BO is only a little larger than the
target threshold of 40µm and the one achieved by RLO is well below the measurement
accuracy, meaning that this difference, while noteworthy, is less relevant in practice.

Figures 4.9 and 4.10 illustrate these results further. Figure 4.9 clearly shows the pro-
gressively faster convergence to better beams in terms of the minimum beam error, where
random search performs the worst, followed by Nelder-Mead simplex, ES and BO, with
RLO performing the best. Similarly, Fig. 4.10 shows that, while algorithms like random
search can find their best solution quickly, this solution is reliably worse than those found
by RLO, BO and even ES. The demonstrated better performance of RLO compared to BO is
clearly visible, though a larger spread in the results of RLO can be observed. It is a clue that
the RLO policies might have overfitted to some conditions of the task and perform better
on trials that resemble them more closely. BO on the other hand is robust to this kind of
overfitting, as it learns directly on the conditions of the present task, which is, however,
also why it is slower to converge than RLO.

An important observation from these results is the difference in performance between
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the conventional metrics in Table 4.3 and the minimum metrics in Table 4.4. It highlights
how, while BO is mostly on par with RLO in a tuning setting, where one can stop at any time
and recover the best solution if needed, RLO and even ES are a more suitable choice when
this is not possible, such as in a feedback setting, or when strong temporal dependencies
like hysteresis inhibit the recovery of a previously found solution.

This is primarily the result of how and when RLO and BO explore. RLO has explored
many objective functions of the relevant kind during training, allowing a trained policy
to exploit this knowledge to find the optimum quickly and with minimal exploration.
From this learned experience, policies appear to even be able to discern that a (local)
optimum has been found, and no further exploration is needed. BO on the other hand,
is designed to explore the objective space more thoroughly, which it must, given that
it has no prior knowledge of the objective function. Even when one local optimum is
discovered, depending on the acquisition function used, BO might continue to explore the
objective space and find other potentially better optima. This effect can in fact be observed
in both Figs. 4.5 and 4.12, where the error to the target beam increases again after a solution
with small error was encountered. In fact, the more extensive exploration of the objective
space by BO can be seen in Fig. 4.11. Note that the two figures show different slices of
the objective function, as they are shown with respect to the final sample found by each
algorithm. BO can be seen to explore a larger region of the objective space while finding
an optimum near the one found by RLO. The relatively direct line of samples traversed by
RLO on the way to the optimum supports the assumption that RLO can take advantage
of experience from training encoded in the policy to know in which direction to find the
optimum. It is possible to suppress BO’s exploration after encountering a local optimum
by using an acquisition function that favours exploitation, but experiments have shown
that such acquisition functions are more susceptible to objective functions with multiple
prominent local optima.

Real-World Study

In order to evaluate the methods’ ability to transfer to the real world and to verify the
results obtained in simulation, RLO and BO were benchmarked on the real ARES particle
accelerator. This part of the study is crucial, as even with accurate simulations, the gap
between simulation and the real world is often wide enough that algorithms performing
well in simulation cannot be transferred to the real world [69]. This gap between simulation
and experiment was already observed in the early stages of training the RL policy, where
trained policies performed well in simulation but failed altogether in the real world. Simil-
arly, when implementing BO for the tuning task, implementations tuned for exploitation
showed faster and better optimisation in simulation but failed during the experiments
under real-world conditions.

Given the limited availability of the real accelerator, 22 trials of the 300 used for the
simulation studywere considered for the real-world evaluation. To ensure a fair comparison
in benchmarking real-world performances, the algorithms are run back-to-back for each
trial. As a result, the conditions experienced by different algorithms are as close as possible.
Before every measurement shift, an automated alignment was performed in order to bring
the incoming beam close to the centres of the quadrupole magnets and reduce dipole
moments induced when the beam passes through a quadrupole magnet off-centre, which
can steer the beam too far off the screen in the initial state. This adjustment is needed
for BO to find an objective signal in a reasonable time. The effects this alignment (or the
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Figure 4.11: Samples taken by RLO and BO on the objective function of a single trial [164].
Black dots mark samples taken before the threshold 𝜖 was reached. Each heat map shows
a 2-dimensional slice of the objective space anchored in the final sample, denoted by
the red star. Magnet settings are normalised to their permissible ranges, with the final
normalised magnet setting for at RLO at 𝒖 = (0.14,−0.13, 0.11, 0.07,−0.39) and for BO at
𝒖 = (0.05,−0.12, 0.09, 0.28,−0.27). The colour maps are scaled individually for each slice,
and shown logarithmically for easier illustration. Lighter shades indicate lower values.
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lack thereof) has on the results of this comparison are investigated further below. The
experiments comparing the performance of RLO and BO on the real accelerator were
conducted on 9 different days over the course of 82 days, running at charges between
2.6 pC and 29.9 pC, and an energy of 154MeV. Results from the real-world measurements
are listed in Tables 4.3 and 4.4. Two example optimisations by RLO and BO on the real
accelerator are shown in Fig. 4.12.

On the real particle accelerator, just like in the simulation study, both RLO and BO are
found to perform well. Both methods were able to discover minimum beams that were
close to the target beam parameters, as can be seen in the beam images in Fig. 4.12, though
the final beams that BO stopped at are about 5 times worse in terms of beam parameter
error than those of RLO. Just as in simulation, RLO clearly outperforms BO when the final
error is considered as in Table 4.3, though the discovered beams are more evenly matched
when considering the minimum beam encountered during the optimisation as in Table 4.4.
However, even then, RLO is found to find magnet settings that are better than the target
threshold almost 4 times faster and 20% more often. In addition, it can be observed that
RLO converges more smoothly than BO. While this has little effect in simulation, in the
real world, smooth convergence has various advantages which are discussed further below.
Moreover, RLO outperforms BO in 13 out of 22 trials in terms of the best discovered beam,
which is a lower proportion than in the simulation study. In fact, RLO performs consistently
worse on the real accelerator than in simulation. Some of this can be attributed to limited
measurement accuracy, where the minimum beam errors encountered by RLO at a median
of 24 µm are onlymarginally larger than themeasurement accuracy of the diagnostic screen.
Part of this effect may however also be the result of policies overfitting to the simulation
environment. In contrast, BO even performs better on the real accelerator than in simulation
by some metrics, though the difference is usually within the standard deviation. This is
confirmed by the distributions shown in Fig. 4.10, where the RLO distribution is clearly
shifted upward toward a larger minimum error compared to the simulation study, while
the BO distribution is almost unchanged.

Inference Speed

The time it takes to infer the next set of actuator settings depends critically on the chosen
algorithm and can have a significant impact on the overall tuning time and whether an
algorithm is suitable for a given task. For the transverse tuning task at ARES, the inference
time is not a limiting factor, as the magnet power supplies are orders of magnitude slower
than inference and there are no real-time requirements brought on by the dynamics of the
physical system. With other tuning tasks, where the physical process takes less time, the
time taken for tuning may be dominated by the inference time of the tuning algorithm and
there might even be real-time requirements [345].

Inference times for RLO and BO can vary greatly depending on the choice of model and
other design parameters. Nevertheless, inference time measurements were performed for
the specific implementations of RLO and BO presented here. Their average inference times
over the 45 000 inferences of the simulation study were measured using a MacBook Pro
with an M1 Pro chip running Python 3.9.15. It is observed that BO takes an average of 0.7 s
to infer the next actuator settings, while RLO is more than three orders of magnitude faster
at 0.0002 s. This reflects the generally expected trend that RLO is capable of faster inference
because RLO requires only a forward pass of the neural network policy with a constant
𝑂 (1) complexity with respect to the number of steps taken. In contrast, each BO inference
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Figure 4.12: Example optimisations on the real particle accelerator [164]. (a), (c), (e) and
(g) show the history of an optimisation with RLO. (b), (d), (f) and (h) show the history of
an optimisation with BO. (a) and (b) show the steering magnet settings, (c) and (d) show
the quadrupole magnet settings, (e) and (f) show the beam positions, and (g) and (h)
show the beam sizes. (i) and (j) show the beam images before and after the optimisation
respectively. The target beam size and position are indicated with dashed lines. Note that
at the end of the shown BO optimisation, the actuators are returned to the best discovered
settings. Hence, the “After” screen image shows the beam after attempting to recover the
best settings.
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step requires a full optimisation of the acquisition function. This involves inferences of the
GPmodel with inference times scaling𝑂 (︁

𝑛3
)︁ with the number of steps taken 𝑛. Evenwhen

choosing a different faster model, BO requires an optimisation of the acquisition function
in each step, meaning it is generally expected to have slower inference than RLO. Note that
the RLO inference can also be sped up significantly by using specialised hardware [295].

Practical Challenges
Beyond the general performance of the algorithms, there are a number of practical chal-
lenges that need to be considered when choosing an algorithm for a given tuning task.
These are discussed in the following.

Sim-to-real transfer The transfer of amethod that workswell in a simulation environment
to the real world is a large part of developing tuning algorithms for facilities such as particle
accelerators. The challenges posed by this so-called sim-to-real transfer impact the choice
of tuning algorithm.

Successfully transferring a policy trained for RLO to the real ARES accelerator involved
a number of engineering decisions [158] detailed in Section 4.1. While some of the design
choices, such as inferring changes to the actuator settings instead of the actuator settings
directly, can be applied to other tuning tasks with relative ease, others, such as domain
randomisation [239, 323], require specialised engineering for each considered tuning
task. Furthermore, all of these require time-consuming fine-tuning to actually achieve
a successful zero-shot sim-to-real transfer of a policy trained only in simulation. This
is illustrated by the fact that many of the policies trained before the final ones studied
here performed well in simulation while sometimes not working at all on the real ARES
accelerator.

On the other hand, the evaluated BO implementation transfers to the real world with
relatively little effort. Once a method for dealing with faulty measurements was found, the
BO implementation performed about as well on the real accelerator as it did in simulation.
The method is further discussed in the next section. Only some more specialised design
decisions that appear sensible in simulation, such as tuning the acquisition function strongly
towards exploitation, do not transfer well, because BO may overfit to falsely positive noisy
samples of the objective function. These potential pitfalls need to be considered when first
designing a BO solution in simulation. The easier sim-to-real transfer of BO is likely owing
to the fact that GP model is learned entirely on the real observations and therefore will not
overfit to a different objective function that deviates from the one under optimisation.

One issue that may arise when transferring BO from simulation to the real-world task
is over-exploration. RLO naturally converges toward an optimum and then stays there,
meaning that, if the optimisation is ended at any time, the environment’s state is at or
close enough to the best-seen position as predicted by the policy. Depending on the
choice of acquisition function, BO is likely to explore further even after finding the global
optimum if the parameter space is large enough to encourage exploration. In practice,
therefore, it is often necessary to return to the best-seen input when the optimisation is
terminated. While this strategy will recover the same objective value in simulation, it
is often not ideal for real-world objective functions, which are noisy, not stationary for
instance due to slow thermal drifts, or path-dependent. When performing transverse
tuning, for example, one encounters magnet hysteresis, where the ferromagnetic core of
an electromagnet retains some magnetisation when the current in its coils is turned off.
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This causes a path dependence of the beam parameters and consequently the objective
function. When returning to a set of electric currents in the coils of the electromagnets that
were already seen before, the actual strengths of the magnetic fields may differ, and the
objective value may shift.

The transverse tuning task in the EA experiences magnet hysteresis and noisy meas-
urements. It was found that for the studied BO trials, the difference between the beam
error when first discovering the best magnets and when recovering them after the tuning
deviated by a median of 11 µm and a maximum of 42µm. This means that the deviation is
usually smaller than the screen’s estimated accuracy and the noise present in the beam
parameter measurements. For the benchmark task, the effects of hysteresis and noise
are therefore non-negligible, but also not detrimental to the performance of the tuning
algorithms.

Path-dependent effects like magnet hysteresis are amplified by more back-and-forth
actions such as those performed by BO in the exploration phase. As already shown in
Fig. 4.12, RLO performed much smoother actions in general, which could reduce wear on
the actuators and avoid possible additional noise and shifts in the objective function. This
further stabilises the tuning process and improves reproducibility. Additionally, it was
found that in the case of the hardware installed in the EA, erratic actions sometimes lead to
glitches with the electronics of the power supplies driving the magnets. Similar challenges
are encountered in most real-world systems, which are always subject to imperfections.
Tuning algorithms that produce smoother actions are therefore generally preferred in
practice. Both RLO and BO can be designed to produce smoother actions. The smoothness
of the actions taken by RLO can be enforced by adding additional terms to the reward
function during training. In theory, BO can be made to produce smoother actions through
proximal biasing, which has been shown to produce smooth actions respecting the hardware
limits of the accelerator [266, 358]. However, as is shown in Fig. 4.4, proximal biasing was
found to not improve the performance of BO on the transverse tuning task evaluated here.

Robustness in the presence of sensor blind spots In any real system, it is possible
to encounter states where the available diagnostics deliver false or inaccurate readings,
resulting in erroneous objective values and observations. Transitions to these states can be
caused by external factors as well as the tuning algorithm itself. A good tuning algorithm
should therefore be robust in the presence of these states and able to recover from them.
In the transverse beam tuning task, an erroneous measurement occurs when the electron
beam is not visible on the diagnostic screen within the camera’s field of view. In this case,
the beam parameters computed from the diagnostic screen image are false, also resulting
in a faulty objective value.

It was found that, when the beam is not properly observed, RLO can usually recover
it in just a few steps. Presumably, the policy can leverage its experience from training to
make an educated guess on the beam’s position based on the magnet settings even though
faulty beam measurements were not part of its training, where RLO always had access to
the correct beam parameters.

In contrast, BO struggles to recover the beam when it is off-screen at the beginning
of a tuning run, as the GP model is learned completely at application time. The faulty
observations lead to wrong predictions of the objective and acquisition functions. When
defining the task’s objective function as only a difference measure from the current to the
target beam, falsely good objective values are predicted in the blind spot region of the
actuator space and BO converges towards their locations. The studied BO implementation



108 Chapter 4. Transverse Beam Parameter Tuning

alleviates this issue by introducing a constant punishment to the objective function when
no beam is detected in the camera’s field of view. Nevertheless, the lack of information
about the objective function’s topology results in BO taking many arbitrary steps before
the beam is again detected on the screen and the optimisation starts progressing towards
the target beam. While more comprehensive diagnostics can help solve this problem, these
are often not available. Although not considered in this study, the sensor blindness issue
can be alternatively mitigated by initialising the GP model with a prior mean function
learned from simulation or history data, which by design favours settings that result in the
beam hitting the diagnostic screen within the camera’s field of view. However, this limits
the transferability of BO to new problem settings, analogous to an RLO with a pre-trained
policy. In addition, this is not feasible for every tuning task. For example, the considered
transverse tuning task is only partially observable due to the unknown incoming beam
and magnet misalignments. This makes creating an informed prior difficult and in some
cases even impossible.

Because of BO’s insufficient ability to recover from a system state in which there is
no informative objective signal, the presented measurements on the real accelerator were
taken with the beam aligned to the quadrupole magnets. As a result, the additional dipole
moments induced by the quadrupole magnets when increasing the magnitude of their
focussing strength are kept minimal, reducing the chance that the beam leaves the camera’s
field of view during the initial step of the optimisation. As this alignment would not be
performed during nominal operation but may change the observed performance of both
algorithms, a study was performed in simulation in order to understand how to interpret
the reported results given that the beam was aligned to the centres of the quadrupole
magnets before the optimisation. Both algorithms are evaluated on the same 300 trials used
in the rest of this comparative study. Unlike in the original simulation study, erroneous
beam parameter measurements are modelled when the beam position is detected outside
the camera’s field of view. RLO and BO are tested once with the original incoming beam
and once with an incoming beam that was previously aligned to the quadrupole magnets.
The results are reported in Tables 4.3 and 4.4. Considering the minimum metrics, it is
found that the reported results on the real particle accelerator would be expected to worsen
by about 0% to 16% for RLO and by 3% to 65% for BO if the electron beam had not been
aligned to the centres of the quadrupole magnets at the beginning of measurement shifts.
This does not change the relative performance of the two algorithms.

Edge cases and limitations Naturally, both tuning algorithms have limitations that could
cause them to fail. With the goal of autonomous accelerator operation, it is important to
understand these limitations and how they can be mitigated.

In the previously presented experiments, neither RLO nor BO ever produced a final
beam that was worse than the beam before the optimisation. Nevertheless, measured
metrics vary by more than an order of magnitude between trials for both algorithms.
Furthermore, there are a few outlier trials, in which the algorithms perform significantly
worse. Note that these are not the same trials for both algorithms and that no clear cause
of the worse performance could be identified. These outliers are likely caused by the
stochastic components of both algorithms.

In order to better understand under which conditions either algorithm performs worse,
grid scans over the target beam space were performed in simulation. Their results are
visualised in Figs. 4.13 to 4.15. The target beams were scanned with 20 samples for each of
the four beam parameters, resulting in 160 000 different target beams. Misalignments and
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incoming beams were kept constant for these scans. The grid scans confirm the presence
of stochastic outliers with bad performance for both RLO and BO. They further show that
both learning-based algorithms perform worse for large target beams, though this effect is
subtle compared to the outliers. Random search does not show the same effect, though
any effect may be masked by the inherent randomness of the results. Comparing the grid
scans for the three different RLO policies trained with different random seeds in Figs. 4.13
and 4.14 shows that the behaviour is consistent across different policies.

An additional limitation can be the algorithms’ reliance on correct accelerator calibration.
For example, the investigated RLO policy is trained to set the strengths of the quadrupole
magnets 𝑘 and the angle of the steering magnets 𝛼. This setup is natural to accelerator
physics and straightforward to integrate with beam dynamics simulations. In the real
world, the accelerator control system maps quadrupole strengths and steering angles to
the correct current set points for the magnets’ power supplies. This requires calibration to
the beam energy. If that calibration is far off the correct beam energy, RLO may degrade
in performance or even fail. For BO, accelerator calibration is mostly a non-issue, because
in the case of a zero-mean prior as used in this study, BO makes no prior assumptions
on the relationships of actuators to the target function. A false calibration to the beam
energy would therefore be transparent to BO. In the case of beam energy calibration on
magnets, this calibration is usually knownwell enough ahead of time for recurring working
points, or the beam energy needs to be measured for other reasons anyway. However, in
some other cases, where there is a need for regular recalibration, this might influence the
selection of the tuning algorithm.

4.3 Zero-Shot Feedback for Drift and Fault Compensation
A key advantage of using RLO over other advanced optimisation methods is that RL is
also well-suited to training feedback controllers that not only tune the accelerator to a
desired state, but can also ensure that this state is maintained over time. This is particularly
important for particle accelerators, which are often subject to drifts over time and can
sometimes experience component failures. In both of these cases, it is desirable to have a
feedback controller that can compensate for these changes and keep the accelerator running
optimally.

In the following, it is demonstrated that the RLOpolicy trained in Section 4.1 is capable of
running as a feedback controller under both drifts and fault conditions. Most impressively,
the RLO policy is capable of doing this without any additional training or fine-tuning, even
though such events were not part of its training procedure. Note that, while interesting as
a proof of principle for the capabilities of RL-trained policies, the transverse beam tuning
task at ARES is not one where a feedback controller would be deployed in practice, but
rather a task performed during the initial setup of the accelerator. The results follow those
originally presented in [161].

4.3.1 Running as a Feedback
Real-world plants may be subject to drifts over time caused by unmodelled external factors.
Moreover, control can be regarded as the continuous optimisation of a dynamic objective
function. Consequently, a tuning algorithm that can run as feedback on a dynamic objective
function can be used for drift compensation and control in addition to tuning. Thus, a tuning
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Figure 4.13: Grid scans over target beams using 𝜋1 and 𝜋2 [164]. The scans were performed
over 160 000 different target beams with fixed incoming beam and misalignments. Beam
positions in 𝑥 and 𝑦 are visualised within each box, with the diagnostic screen’s centre in
their centre and the beam position increasing linearly outwards. Beam sizes are visualised
across boxes, startingwith beam size 20 µm in the bottom left and increasing logarithmically
to the top right. The colour map is scaled logarithmically.
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Figure 4.14: Grid scans over target beams using𝜋3 and BO [164]. The scanswere performed
over 160 000 different target beams with fixed incoming beam and misalignments. Beam
positions in 𝑥 and 𝑦 are visualised within each box, with the diagnostic screen’s centre in
their centre and the beam position increasing linearly outwards. Beam sizes are visualised
across boxes, startingwith beam size 20 µm in the bottom left and increasing logarithmically
to the top right. The colour map is scaled logarithmically. For BO, the error is taken after
recovering the minimum beam, representing a typical tuning scenario.
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Figure 4.15: Grid scan over target beams using random search [164]. The scan was per-
formed over 160 000 different target beams with fixed incoming beam and misalignments.
Beam positions in 𝑥 and 𝑦 are visualised within each box, with the diagnostic screen’s
centre in their centre and the beam position increasing linearly outwards. Beam sizes are
visualised across boxes, starting with beam size 20µm in the bottom left and increasing
logarithmically to the top right. The colour map is scaled logarithmically. Note that the
error is taken after recovering the minimum beam, representing the typical use of random
search in a typical tuning scenario.

method’s ability to operate as a feedback is an interesting subject of further investigation
and could impact algorithm selection.

While BO assumes a static objective function, the benchmarked RLO policy does not
rely on memorising previously seen objective values or could alternatively learn to adapt
to dynamic objective functions during training. It should therefore be possible to use the
policy from RLO as an RL-based feedback controller for a dynamic system. To test this,
both algorithms were run for 80 steps. After 40 steps, the incoming beam is suddenly
changed to a different beam from one step to the next. As a result, a different set of actuator
settings is required to achieve the target beam on the diagnostic screen. It is then observed
how the RL policy and the BO implementation react to the new incoming beam. If the
method manages to recover the machine state, it can be considered capable of running
as feedback. As can be seen in Table 4.5 and Fig. 4.16, the RL-based controller can in fact
recover the target beam in about the same time it took to perform the original optimisation,
with the final beam difference being comparable to the one achieved in optimisation with a
static incoming beam. The beam achieved by BO when the beam instantly changes during
the optimisation is, as expected, significantly worse than it is with a constant beam. After
the incoming beam changed, the GP model based on the previous 40 samples is no longer
correct, effectively breaking BO.

However, the system changes that feedbacks need to react to are not always fast. Often,
they occur slowly over time, such that the controller must track the change in order to
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Table 4.5: Results of feedback and actuator failure studies [161]

Optimiser Normal Feedback Magnet failure
Instant Continuously Before During

RLO 16 18 80 40 16
BO 73 350 250 45 50

The values reported are mean final beam differences as MAEs from the ob-
served beam parameters to the target beam parameters in µm. All optim-
isations reported in this table were terminated at 80 steps. For comparison
results from normal tuning runs (without upstream beam changes or magnet
failures) terminated after 80 steps are also reported.

hold the system near the desired state after attaining it. Both algorithms are therefore also
evaluated on a setup where the incoming beam changes linearly over the course of 80 steps.
The results are listed in Table 4.5. As can be seen in Fig. 4.16, the RL policy is capable of
tracking the target beam parameters after attaining them. The reasonably small increase in
final MAE is attributed to the fact that the policy requires a few steps to converge on the
desired beam parameters, but in the final step only a single step has passed since the last
change to the incoming beam, therefore giving the policy only very little time to correct for
the change. As with the instant incoming beam change, BO is not capable of tracking the
desired beam parameters. Because the incoming beam cannot be included in the GPmodel,
the learned surrogate is ill-defined, tracking a dynamically changing objective function
with a static model. Consequently, BO optimises an objective function that diverges from
the true objective function of the system.

It needs to be mentioned that the slow drifts of the underlying objective function, like
the temperature drift of the magnets, can be tackled by adaptive BO with a spatio-temporal
GP model [234] or contextual BO [180]. This would require, however, problem-specific
implementation and additional engineering effort.

4.3.2 Robustness to Actuator Failure
In real-world plants, one also has to deal with the potential failure of components such as
the actuators used for tuning. It would therefore be beneficial if a tuning algorithm could
handle such an actuator failure and recover the previous state.

In the following, the RLO policy and the BO implementation are evaluated on their
ability to handle two different types of actuator failures. First, the algorithms are tested on
their ability to recover from a permanent actuator failure, where the actuator has failed
some time before the tuning algorithm was started. Second, the algorithms are tested on
their ability to recover from a delayed actuator failure, where the actuator is operational
when the tuning starts but fails at a later time during the tuning. Specifically, the third
quadrupole magnet is assumed to fail as a result of a defect of its power supply during
transverse beam tuning in the EA. As a result of the failure, the quadrupole strength of the
third quadrupole magnet is stuck at 0m−2 after the initial failure. It is assumed that the
failed actuator provides a correct readback to the optimisation algorithm because readbacks
are commonly provided by separate sensors.

Table 4.5 lists the results of this experiment. It is observed that RLO handles actuator
failure well, despite never being trained to do so. With the magnet already failed at the
start of the optimisation, RLO finds a set of actuator settings, excluding the failed magnet,
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Figure 4.16: Beam parameters over time of RLO and BO running as feedbacks in simula-
tion [161]. (a), (b), (c) and (d) show both algorithms reacting to an instant change of the
incoming beam at step 40, denoted by the vertical dotted lines. (e), (f), (g) and (h) show
the optimisers tracking the optimum with respect to a continuously changing incoming
beam. The horizontal dashed lines denote the target beam parameters.

that is almost as good as the one it would have found without the magnet failure. Note
that this shows RLO solving a task that is slightly different from the one it was trained
on. With this task being outside the training distribution, it is not surprising that the
performance is slightly worse than in the nominal case. However, it is also conceivable that
the performance is simply worse because the failed magnet would have been needed to
achieve better beam parameters. When the failure occurs during the optimisation, RLO
is able to react quickly and recovers the beam parameters in a few steps. An example of
RLO reacting to a sudden failure of 𝑄3 during the optimisation is shown in Fig. 4.17. The
performance of BO improves under actuator failure, when compared to the nominal case.
This is because the failed magnet reduces the dimensions of the search space. Despite this,
BO performs worse than RLO in the presence of actuator failure.

4.4 Transfer to Novel Lattices
With transverse tuning tasks being a common task at particle accelerators, it is important
to understand how well RLO can be transferred to other lattices, where the basic task is the
same, but the underlying lattice is different. Being able to transfer a training setup or trained
policy to a new lattice can help the adoption of RLO in practice and enable larger intelligent
autonomous accelerator setup schemes. For example, at ARES, there are threemore sections
similar to the EA, where similar transverse tuning tasks are performed. These sections are
the BC, the DL and the SH, as introduced in Section 2.2.2. With trained policies available
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Figure 4.17: RLO reacting to a simulated actuator failure during the optimisation [161].
The third quadrupole magnet fails in step 40, denoted by the vertical dotted lines. In (a),
the normalised quadrupole settings are shown, where, when𝑄3 fails, the policies increases
the strength of 𝑄1 to compensate. In (b), the normalised steerer settings are shown, where
the horizontal steering magnet is used to counter the increased change in beam position
as a result of the changing dipole moments induced by the quadrupole magnets. (c) and
(d) show the beam positions and sizes, respectively. When 𝑄3 fails, all beam parameters
deviate suddenly from the target values, denoted by the dashed lines, but are quickly
recovered by the policy.

for each of these sections, one could imagine implementing a sequential beam threading
scheme, where the beam is threaded through the entire beamline by tuning the transverse
beam parameters in each section one after the other along the beamline. More advanced
tuning schemes are also imaginable, where federated reinforcement learning [121] is
employed to train a supervisor policy that coordinates experts policies in each of the
sections by deciding when to call them and which target beam parameters to tune towards.

In the following, two different schemes for transferring training setups or trained policies
to new lattices are introduced. First, a revised version of the training setup from Section 4.1
developed for the EA is presented. It is shown how a single generalisable training setup
can be used to train policies on multiple different tasks without additional engineering at
the example of other sections at ARES, akin to the approach introduced in [223]. Second,
it is demonstrated how domain randomisation can be used to train a lattice-agnostic policy
once which can then be applied zero-shot to a distribution of lattices in Section 4.4.2.

4.4.1 Retraining from Scratch
The most straightforward approach to transferring a training setup to a new lattice is
to take the developed training setup, which is known to work for the given task on one
lattice, and apply it to the new lattice, where the same or a very similar task is to be solved.
This takes advantage of all the development work that has gone into solving the task on
the original lattice, defining observations, actions, rewards, and finding well-performing
hyperparameters, and only requires that the lattice considered in the environment is
changed, and the policy is retrained anew from scratch. The latter, however, is also the most
major disadvantage of this approach. While the development effort is mostly eliminated,
training RL policies is a notoriously time-consuming process, and retraining a policy from
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scratch for each new lattice can be a significant time investment. Nevertheless, this approach
demonstrates the generality of a well-designed training setup, and saving the engineering
effort is a notable advantage in practice.

Experience-based Improvements to Algorithm and Reward

Before investigating the transfer to novel lattices through retraining, some improvements to
the training setup developed in Section 4.1 are introduced. These are aimed at improving
the stability of the training process, and take advantage of the insights gained from the
training process of the original policies.

Firstly, the TD3 algorithm is replaced with the PPO algorithm. TD3 was originally
chosen for its sample efficiency, to potentially enable training on the real accelerator, and
because in initial studies the much slower simulation code Ocelot [3] was used. For the
final setup as presented in Section 4.1, however, a training purely in simulation with a
zero-shot transfer to the real accelerator was chosen. What is more, training in simulation
was done with the specially developed high-speed simulation code Cheetah, introduced in
Section 3.2. The significantly reduced cost of collecting samples, opens up the possibility
of using the PPO algorithm, which is less sample-efficient, but has been shown to be more
stable and robust in practice. In addition, the PPO itself is less computationally expensive
than TD3, and allows for more parallelisation of the experience rollouts. Consequently,
while PPO might require more samples of the environment to converge to a good policy,
the required wall-clock time to train a policy is expected to be lower. In fact, training the
PPO policy on the EA lattice took only 58min on a laptop compared to 14 h on a HPC
cluster node for the TD3 policy from Section 4.1.

Secondly, the reward function is modified. The original reward function from Section 4.1
has four potential disadvantages. For one, while the doubling of negative rewards in
Eq. (4.4) encourages the policy move as directly as possible towards the target beam,
ultimately helping the training process by discouraging the policy to move away from the
target beam and recover later, it also makes it more likely that the policy gets stuck in local
optima. In addition, while the doubling of negative rewards encourages always moving
towards the target beam rather than away from it at any point in time, no component of
the reward encourages the policy to move quickly towards the target beam. This is also a
potential reason why unusually small discount factors were found to be required in the
training process of the TD3 policy, as they are the only way to encourage the policy to move
quickly towards the target beam with the differential reward defined in Eq. (4.5). Lastly,
the logarithmic scaling of the objective in Eq. (4.6) is a potential source of issues in the
training process and another reason why small discount factors were found to be necessary.
The logarithmic scaling significantly increases the reward for small improvements of the
beam parameters close to the target beam. While this can help ensure that the policy keeps
converging further towards the target beam, when the differences to the target beam can
span several orders of magnitude during an episode, it can also cause the policy to improve
a beam parameter that is already close to the target beam at the expense of another beam
parameter that is further away. This effect is further amplified by the fact that rewards
are not limited to a certain range. The reward for one beam parameter can therefore be
significantly larger than the reward for another beam parameter, making the reward for
the beam parameter that is further away from the target nearly irrelevant in comparison.
A last issue with the original reward function can be seen in the example run in Fig. 4.7,
where the policy continues to change the magnet settings even after the beam parameters
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have converged. While it has seemingly learned to do so while still keeping the beam
parameters at the requested values, this behaviour is not desired in practice. The original
reward does not penalise such behaviour.

To address these issues, a new reward function is developed based on the principle of
transforms and combiners introduced in [59]. The new reward function is based on three
objectives: the deviation of the measured beam parameters to the target beam parameters,
the change in the magnet settings and whether the beam is visible on the diagnostic screen
within the camera’s field of view. The beam reward is now defined in terms of a negative
objective (difference of the measured beam to the target beam) rather than a differential
reward. A clipped linear transform

𝑟𝒃𝑖 =

⎧⎪⎪⎨
⎪⎪⎩
0 if |𝒃𝑖−𝒃

′
𝑖|

4mm ≥ 1
1 − |𝒃𝑖−𝒃

′
𝑖|

4mm otherwise
(4.22)

is applied to each of the beam parameter differences to scale them from a range [0,∞] to
[1, 0], mapping a worst-case error of 4mm imposed by the field of view dimensions to
a reward of 0 and a perfect beam to a reward of 1. This transform is also illustrated in
Fig. 4.18. The rewards for each of the beam parameters are then combined into a single
beam reward 𝑟𝒃 by taking a uniformly weighted mean

𝑟𝒃 =
1
4

4∑︂
𝑖=1

𝑟𝒃𝑖 . (4.23)

The magnet change reward 𝑟𝒂 is defined in terms of a sigmoid transform of each action
component

𝑟𝒂𝑖 =
1

1 + exp (−𝒂̃𝑡 ,𝑖) , (4.24)

where 𝒂̃𝑡 ,𝑖 is the normalised action component scaled to a range [− ln (19) , ln (19)] by

𝒂̃𝑡 ,𝑖 = − ln (19) −
(︃
1 − |𝒂𝑖|

𝒂̂𝑖

)︃
(−2 ln (19)) (4.25)

with 𝒂̂𝑖 being the maximum action, which is assumed to be 30m−2 for the quadrupole
magnets and 6.1782mrad for the steering magnets. An illustration of this transform is also
shown in Fig. 4.18. This transform scales the magnet change reward components into a
range [0, 1]. They are then combined through a uniformly weighted mean

𝑟𝒂 =
1
|𝒂𝑡|

|𝒂𝑡 |∑︂
𝑖=1

𝑟𝒂𝑖 , (4.26)

where |𝒂𝑡| is the number of elements in the action, i.e. the number of magnets controlled
by the policy. The visibility reward 𝑟𝑣 is defined as

𝑟𝑣 =

{︄
1 if the beam is visible on the diagnostic screen
0 otherwise. (4.27)
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Figure 4.18: Illustration of the transforms applied to the different reward components.
(a) shows the clipped linear transform applied to the difference of the measured beam
parameters to the target beam parameters in order to map the error to a reward in the
range [0, 1]. (b) shows the sigmoid transform applied to the change in the setting of a
quadrupole magnet in order to map the change to a reward in the range [0, 1]. Note that
the settings mapped for a steerer are different. (c) shows the visibility reward over the
2-dimensional beam position. The black dashed line outlines the visible area of the screen.
Green areas and green dashed lines in all subplots indicate a good result that should map
to a reward near 1, while red areas and red dashed lines indicate a bad result that should
map to a reward near 0.

In the Cheetah model, the beam is considered to be visible as long as the beam position(︁
𝜇𝑥 , 𝜇𝑦

)︁ is within the field of view of the camera. Figure 4.18 shows a visualisation of this
reward component. The final reward is then computed as the weighted mean

𝑟𝑡 =
𝑤𝒃𝑟𝒃 + 𝑤𝒂𝑟𝒂 + 𝑤𝑣𝑟𝑣

𝑤𝒃 + 𝑤𝒂 + 𝑤𝑣 , (4.28)

where 𝑤𝒃 = 3, 𝑤𝒂 = 0.5 and 𝑤𝑣 = 0.5 are the weights for the different reward components.
These reward transforms and combiners were chosen based on experiments from a set of
possible transforms and combiners devised in [59] and found to perform well. Similarly,
the reward weights were chosen based on experiments.

The FDFmagnet initialisation is mapped to novel lattices by applying focus and defocus
in turns to the quadrupole magnets. That is, the initial magnet settings for the EA remain

𝒖0 =
(︂
10m−2,−10m−2, 0mrad, 10m−2, 0mrad

)︂
, (4.29)

while the initial magnet settings for the SH, for example, are

𝒖0 =
(︂
0mrad, 10m−2, 0mrad,−10m−2

)︂
. (4.30)

Evaluation
The revised training setup is evaluated on the EA lattice using the same setup introduced
in Section 4.2.2. In addition, policies trained on the BC, DL and SH sections are evaluated
and compared to the EA policy. Their shared hyperparameters are listed in Table 4.6. For
comparison, the policy trained on the EA lattice in Section 4.1 is evaluated on all four
lattices. The results are listed in Table 4.7. In order to better understand how fast and to
how good of a solution the policies converge, the mean beam error over time of the policies
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Table 4.6: Hyperparameters used to train the PPO agents

Parameter Value
Batch size |ℬ| 128
Learning rate (actor & critic) Linearly decaying from 0.0003
Discount factor 𝛾 0.99
Number of concurrent environments 40
Number of rollout steps 128
Entropy coefficient 𝑐2 0.01
Value function coefficient 𝑐1 0.5
Number of training epochs 10
Clip range 𝜖 0.2
Layer widths (64, 64)
Training steps 5 000 000
Maximum steps per episode 50
Initial log standard deviation −2.3
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Figure 4.19: MAE between observed and target beam over time for different policies on
different lattices. TheMAEs of the beam parameters to the target beam are averaged over all
trials. The envelopes show the 95% confidence intervals of the beam differences averaged
over all trials. Note the logarithmic scaling of the y-axis.
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Figure 4.20: Distributions of the final MAEs achieved by specialist and lattice-agnostic
policies on different lattices during optimisations plotted over the steps to convergence.
KDEs are used to visualise the distributions. Ideally, distributions should be concentrated
in the lower left, indicating that policies converge quickly to good solutions. Distributions
in the upper left converge quickly but to bad solutions, while distributions in the lower
right converge slowly to good solutions. Note the logarithmic scaling of the axes. In the
first row, 𝜋1 from Section 4.1 trained on the EA is applied to the different lattices. The
bottom row pertains to simplified less-out-of-sample variants of the BC and SH lattices,
where apertures and the bends are removed. The steps to convergence are measured on the
minimum beam to guarantee that all runs converge and are included in the distribution.
An equivalent figure with the final MAE is available in Appendix B.
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trained on the different lattices is shown in Fig. 4.19. What is more, Fig. 4.20 explores the
relation between the speed of the optimisation and the final result.

As expected, the policy from Section 4.1 does not perform well on most other lattices.
Interestingly, however, it still performs reasonably well on the DL lattice. The latter differs
from the EA lattice in the order of the magnets and in that it has only two quadrupole mag-
nets rather than three. To interface with the policy from Section 4.1, the third quadrupole
magnet was always observed to be at 0m−2 and the policies outputs for it were ignored.
It was already found in Section 4.3.2 that the policy is capable of handling the failure of
a quadrupole magnet during the optimisation, and it appears that it can also handle its
absence for the entire optimisation. Moreover, the policy seems to be somewhat robust to
changes in the magnet positions and order, with only a limited degradation in performance,
despite this not being part of its training. The BC and SH lattices differ more significantly
from the EA lattice, despite the BC having the same number of quadrupole magnets and
the most similar magnet order. In both cases there are dipole magnets and apertures in
the beam pipe that affect the beam in ways that the policy from Section 4.1 would have
not experienced during training. In the BC the distance between the first two quadrupole
magnets is also exceedingly long, which increases the leverage of the first quadrupole and
could potentially lead to the policy overusing it.

The policies trained from scratch directly on each of the respective lattices perform, as
is to be expected, significantly better. Despite the training setup being originally tailored to
the EA lattice, the BC policy trained from scratch even outperforms the policy trained with
the same revised setup on the EA lattice. The policies trained from scratch on the DL and
SH lattices also perform well, though notably worse than the EA and BC policies. While
this could be due to parts of the training setup being less well-suited to these lattices and
therefore not generalising well, it is more likely that this indicates that the task is more
difficult to solve on these lattices. Note that the component of the training setup most
likely to be ill-suited to a novel lattice are the factors used to normalise the observations
and actions, specifically those pertaining to the magnet settings. The effect of a magnet
depends significantly on the distance of that magnet from the diagnostic screen station as
that distance gives it leverage. Hence, the normalisation of the magnet settings should be
based on the distance of the magnet from the diagnostic screen station. Despite this, the
BC policy trained from scratch with the normalisation tuned to the EA lattice performs
well on the BC lattice, which is arguably the most different of the four. This indicates that
the training setup generalises well to the other lattices. A key difference between the EA
and the BC lattices, where the specialised policies perform their best, and the DL and
SH lattices, where the policies perform notably worse, is the placement of at least two
quadrupole magnets upstream of any steerers. Having a steerer upstream of a quadrupole
magnet means that the dipole moment induced by traversing the quadrupole off-centre
must be accounted for every time the quadrupole or steerer are changed. In addition,
focussing is theoretically possible with only two quadrupole magnets, such that, if a third
one is placed downstream of a steerer, one can simplify the task by not using the third
quadrupole magnet. This behaviour can in fact be observed with both RLO policies and
real human operators. However, when less than two quadrupole magnets are positioned
upstream of all steerers, one cannot take advantage of this simplification, and the task
becomes more difficult. This is the case for the DL and SH lattices, where the policies
perform worse, demonstrating that the cause of the worse performance is likely the tasks’
increased difficulty rather than the training setup not generalising well.

Compared to the training setup from Section 4.1, the revised training setup performs
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Figure 4.21: Training curves of the return from the training of policies on each ARES section.
Solid lines show the mean return over 100 evaluation episodes, and the shaded curves
show the actual return of each evaluation episode.

comparably in terms of all but one metric. The final error is found to be about an order of
magnitude worse, though still in a range that would be considered good for the task. This is
likely the result of the revised reward function beingmore conservative in its reward assign-
ment. Where the logarithmic definition in Section 4.1 would have encouraged decreasing
the error to the target beam ever further, for example by entering a different objective
valley, improvements of ever smaller errors eventually become numerically irrelevant in
the revised reward function. On the other hand, the revised reward function is found to
be profoundly more stable, being much more robust to changes in hyperparameters, and
solving among others the issue of forced small discount factors to compensate for explod-
ing rewards and the lack of temporal encouragement. Hence, while the revised reward
definition is overall an improvement over the one from Section 4.1, the latter retains the
advantage of encouraging better final beams. Outside of policy performance, the revised
training setup is found to allow for much faster training in terms of wall-clock time by
taking advantage of concurrent rollouts enabled by the PPO algorithm. The training time
is reduced from 14 h to under 1 h. Furthermore, thanks to the revised reward function, the
meaning of the return is interpretable. For example, because training episodes are 50 steps
long, the optimal return is 50, and how close to the optimum the policy is can be assessed
by how close to 50 the return gets, with all policies achieving evaluation returns between
46 to 48. The returns averaged over 100 evaluation episodes throughout the training are
plotted in Fig. 4.21.

4.4.2 Domain Randomisation for Lattice-Agnostic Policies
Even though the classic retraining approach is straightforward and can be successful, it is
also time-consuming and requires a lot of computational resources. It would be muchmore
desirable to train a policy once, which can then be applied to solve the transverse tuning
task on a variety of different lattices. In Section 4.1, domain randomisation [239, 323] was
used to train a policy that could generalise to different states of the parameters of the real
lattice that are not exactly known during training, such as the incoming beam, and the
misalignments of magnets and diagnostic screens. In [360], this approach is extended to
train policies that generalise to different lattices, as long as the basic task of tuning the
transverse beam parameters is the same, and follows the same definitions of observations
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and actions, effectively making the policies lattice-agnostic. Here, two variants of the lattice-
agnostic training setup are introduced and explored for their ability to generalise to the
BC, DL, SH and EA sections at ARES.

Method
The approach is based on the method introduced in Section 4.1, using the exact training
setup, including reward definition and hyperparameters from Section 4.4.1. Unlike in the
original approach, the policies are trained on a lattice where the magnets and diagnostic
screen are arranged as

(𝑄1, 𝑄2, 𝑄3, 𝐶𝑣 , 𝐶ℎ , 𝑆) . (4.31)
This is a more common arrangement than the one found in the EA and is a reasonable
middle ground from which to generalise to other lattices. Consequently, the actuator and
action vectors become

𝒖𝑡 =
(︁
𝑘𝑄1 , 𝑘𝑄2 , 𝑘𝑄3 , 𝛼𝐶𝑣 , 𝛼𝐶ℎ

)︁ (4.32)
and

𝒂𝑡 =
(︁
Δ𝑘𝑄1 ,Δ𝑘𝑄2 ,Δ𝑘𝑄3 ,Δ𝛼𝐶𝑣 ,Δ𝛼𝐶ℎ

)︁ , (4.33)
respectively.

To make the policies lattice-agnostic, domain randomisation is applied to the lattice
in addition to the incoming beam, misalignments and target beam parameters. At the
beginning of each training episode, a new lattice configuration is randomly sampled. This
forces the algorithm to learn a policy that is robust to variations in the lattice, effectively
making it lattice-agnostic. Specifically, two lattice randomisation schemes are explored:
geometry randomisation and order randomisation.

In the geometry randomisation scheme, the lengths of the drift sections in the lattice
are randomly sampled from a uniform distribution. That is, the lattice is considered as

(𝐷1, 𝑄1, 𝐷2, 𝑄2, 𝐷3, 𝑄3, 𝐷4, 𝐶𝑣 , 𝐷5, 𝐶ℎ , 𝐷6, 𝑆) , (4.34)

with 𝐷𝑖 being a drift section. The length of each drift section 𝑙𝐷𝑖 is randomly sampled from
a uniform distribution over the interval [0.1m, 0.5m].

In the order randomisation scheme, the geometry randomisation is extended by ran-
domly permuting the order of magnets in the lattice. This captures, for example, the EA
section, which does not follow the lattice order of the geometry randomisation scheme.
With respect to the latter, the EA is out-of-distribution, as the first steerer is placed between
𝑄2 and 𝑄3. Note that the order of the magnets is only permuted in the lattice, not in the
actuator and action vectors. These remain defined according to Eqs. (4.32) and (4.33),
regardless of the order of the magnets in the lattice.

Results
The performance of the lattice-agnostic policies trained following the two domain random-
isation schemes is evaluated on the BC, DL, SH and EA sections at ARES, as well as a
synthetic lattice sample taken from the geometry-randomised training distribution with

(𝑙𝐷1 , 𝑙𝐷2 , 𝑙𝐷3 , 𝑙𝐷4 , 𝑙𝐷5 , 𝑙𝐷6) = (0.2m, 0.4m, 0.4m, 0.2m, 0.2m, 0.4m) . (4.35)

Note that the DL and SH sections only have two rather than three quadrupole magnets. For
these sections, the third quadrupole magnet is set to a fixed value of 0m−2 in the actuator
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Figure 4.22: Beam errors in MAE over time and averaged over all trials for lattice-agnostic
policies on different lattices. The envelopes show the 95% confidence intervals. Results
from the geometry and order-randomised policies are shown in shades of green and blue,
respectively. Results from the order-randomised policy are shown in shades of blue. For
reference, directly trained expert policies are shown in red, the EA policy from Section 4.1 is
shown in black, and results from an in-distribution synthetic lattice sample are shown with
dashed lines in each subplot for both the geometry-randomised and order-randomised
policies in the lightest shade of the respective colour. Note the logarithmic scaling of the
beam error axes.

vector. The results of the evaluation are listed in Table 4.7. MAE convergence over time is
shown in Fig. 4.22. The relation between the speed of the optimisation and the final result
is explored in Fig. 4.20.

It can be seen that the lattice-agnostic policies perform well on lattices that are in-
distribution with respect to the training. Performance on the synthetic lattice sample from
the training distribution in the geometry randomisation case, and on both the synthetic
lattice samples and the EA in the order-randomised case is comparable to the performance
of the policies trained directly on fixed lattices. Crucially, graduating from geometry to
order randomisation does not appear to have a negative impact on the performance beyond
the standard deviation, indicating that the policy model has the capacity to learn more
complex tasks from larger domain randomisation distributions.

More interestingly, the lattice-agnostic policies also perform well on lattice configur-
ations that are out-of-distribution with respect to the training distribution. The EA, for
example is out-of-distribution for the geometry-randomised policies, as the first steerer is
placed between the second and third quadrupole magnets. Nevertheless, the geometry-
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randomised policy achieves similar, even slightly better, performance on the EA than on the
in-distribution synthetic lattice sample, suggesting that the policy is to some extent robust
to changes in the lattice order despite not having been trained on such changes, aligning
with the findings from Section 4.4.1. Similarly, the performance of the order-randomised
policy on the DL section is comparable to its performance on the in-distribution synthetic
lattice sample and the EA section. The DL is out-of-distribution in two respects: the dis-
tance between the steerers 𝐶𝑣 and 𝐶ℎ is at 0.69m longer than the maximum distance of
0.5m in the training distribution, and there are only two quadrupole magnets instead of
three. This suggests robustness to the distances between lattice elements and to missing
elements in the lattice. In fact, the robustness to a missing quadrupole is in line with the
results from Section 4.3.2, where it was found that the policy can still perform well even
when an actuator fails during operation, despite not having been trained on such failures.
Remarkably, the performance of the order-randomised policy on the DL section is more
than a standard deviation better than the performance of the specialised policy trained
from scratch. It can be concluded that the domain randomisation over the lattice order has
made the policy generally more capable at solving tasks with different lattice arrangements.

However, there are also limitations to the ability of the lattice-agnostic policies to
generalise to out-of-distribution lattices. The geometry-randomised policy is found to
not perform well on the BC, DL and SH lattices. While the performance on the out-of-
distribution EA lattice, which violates the training distribution in terms of lattice order, is
good, the other three lattices presumably lie too far outside the training distribution. They
additionally violate the latter in terms of maximum element distance and, in the case of
the DL and SH sections, the number of quadrupole magnets, as well as the presence of
additional elements like bends and apertures in the beam path. Including some of these
variations in the domain randomisation during training is found to significantly improve
the performance on these sections. This can be seen in the presented experiments at the
example of adding order randomisation, which improves the performance on the BC, DL
and SH sections. Because only one of these aspects is addressed in the order-randomised
policy, it is not surprising that, while much improved, the performance on the BC and
SH lattices is still notably worse than on the synthetic sample and the now in-distribution
EA section. In particular, it can be seen that the presence of the apertures and bending
magnets in the BC and SH sections has a significant impact on the performance of the
lattice-agnostic policies. While the performance on the BC section example is generally bad
and not much of a difference can be seen between the full lattice, and simplified version
without bends and apertures, in the case of the SH section, the performance difference
is very pronounced, going from the ability to improve the beam on the simplified lattice
to a significant degradation of the beam on the full lattice. This points to the importance
of including the relevant lattice elements in the domain randomisation during training,
especially when their settings are either unknown or expected to change during operation.

In order to better understand how robust the lattice-agnostic policies are to out-of-
distribution lattices, one may look at the correlation between the performance of the
policies on different lattices and metrics of how out-of-distribution the lattices are. In
Fig. 4.23, three such correlations are shown.

The first metric is defined as the number of factors with respect to which the training
distribution is violated. Up to four such factors occur with the sections at ARES: the lengths
between elements may be outside the training interval; the order of the magnets may be
permuted; the number of quadrupole magnets may be different; and other elements may
be present on the drift sections. Note that a permutation of the order is only considered a
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violation with the geometry-randomised policy, while it is in-distribution with the order-
randomised policy. An overall trend of increasing RMSE with the number of violations
can be observed, confirming that the more out-of-distribution a lattice is, the worse the
performance of the lattice-agnostic policies.

Similarly, a metric can be defined to measure the out-of-distribution-ness of a lattice in
terms of only the distances between the elements in the lattice, giving an indication of how
well policies generalise to different lattice geometries. The geometry distance is defined as
the sum of the absolute differences between the distances in the lattice and the training
distribution

𝒟geometry =
𝑛∑︂
𝑖=1

min
(︂|︁|︁|︁𝑙𝐷𝑖 − 𝑙min

𝐷𝑖

|︁|︁|︁ , |︁|︁|︁𝑙𝐷𝑖 − 𝑙max
𝐷𝑖

|︁|︁|︁)︂ , (4.36)

where 𝑙min
𝐷𝑖

= 0.1m and 𝑙max
𝐷𝑖

= 0.5m are the minimum and maximum drift lengths in
the training distribution. Figure 4.23 shows that the median RMSE increases with the
geometry distance, meaning that the lattice distances have a significant impact on the out-of-
distribution performance of the lattice-agnostic policies. What is more, the gradient of this
relationship is larger for the geometry-randomised policy than for the order-randomised
policy, suggesting that training on domain-randomised lattice orders has made the latter
more robust to changes in the lattice geometry as well.

Finally, the out-of-distribution-ness of a lattice can also be measured as a difference
between the element order in the test lattice and the training distribution. For the order-
randomisedpolicy this is always zero, as all lattice orders are part of the training distribution.
For the geometry-randomised policy, a metric to measure the distance between to lattice
orders can be defined in terms of the number of edits required to transform the test
lattice sequence into the training sequence as the Levenshtein distance [188] between two
sequences 𝑎 and 𝑏

𝒟Levenshtein (𝑎, 𝑏) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

|𝑎| if |𝑏| = 0
|𝑏| if |𝑎| = 0
𝒟Levenshtein (tail (𝑎) , tail (𝑏)) if head (𝑎) = head (𝑏)

1 +min
⎧⎪⎪⎪⎨
⎪⎪⎪⎩
𝒟Levenshtein (tail (𝑎) , 𝑏)
𝒟Levenshtein (𝑎, tail (𝑏))
𝒟Levenshtein (tail (𝑎) , tail (𝑏))

otherwise,

(4.37)
where head (𝑎) is the first element of the sequence 𝑎, tail (𝑎) is the sequence 𝑎 without its
first element and |𝑎| is the length of the sequence 𝑎. The correlation of the median RMSE
with the Levenshtein distance in Fig. 4.23 is not as strong as with the number of violations
or the geometry distance, but can still be observed, especially between the same lattices,
which increase in Levenshtein distance when going from an order-randomised policy to a
geometry-randomised policy. The outlier of BC is likely the result of the BC section being
so far out-of-distribution in terms of lattice geometry.

The above results successfully demonstrate that the domain randomisation approach
can be extended to train lattice-agnostic policies that generalise to different lattices while
maintaining overall performance, reducing the need for time-consuming and computation-
ally expensive retraining of policies for each new lattice configuration. Most interestingly,
these results show that such policies can, to some extent, generalise beyond the training
distribution. What is more, the lattice-agnostic policies, can be used as a starting point for
further fine-tuning on a specific lattice with very little additional training overhead, as was
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Figure 4.23: Median RMSEs achieved by the two different lattice-agnostic policies on differ-
ent lattices over different measures of out-of-distribution-ness: the number of distribution
violations, the distance of the lattice geometry to the training drift length intervals and the
Levenshtein distance as a measure of magnet order difference. Different colours represent
different lattices, circles represent the geometry-randomised policy and diamonds repres-
ent the order-randomised policy, with triangles and squares representing the same policies
applied to simplified lattices without bends and apertures.

demonstrated in [360] using only 2% of the original training samples. Such lattice-agnostic
training followed by lattice-specific fine-tuning closely resembles meta reinforcement
learning, which is explored in [133], where the Model-Agnostic Meta-Learning (MAML)
algorithm [93, 293] is used to train policies that can quickly adapt to novel working points
of the AWAKE facility at CERN.

4.5 Natural Language-Driven Particle Accelerator Tuning
While it has been demonstrated in the previous sections that RLO is a very capable solution
for particle accelerator tuning, a disadvantage of this method is the effort in engineering
and training as well as the RL expertise required to implement it. Numerical optimisation
methods like BO are somewhat easier to implement, but this often comes at the cost of
performance. What is more, their implementation does not entirely eliminate the need to
make informed choices on objective formulation, algorithm selection and hyperparameters.
As a result they too require a certain degree of engineering and that practitioners be experts
in two separate domains – accelerator physics and optimisation. These challenges have
so far slowed the adoption of advanced autonomous tuning algorithms to day-to-day
accelerator operations.

In recent developments, LLMs, such as GPT 4 [242] and Llama 2 [327], have been
demonstrated to be capable of solving complex tasks when prompted through natural
language [41, 242, 244]. Applications have also been found for LLMs to assist accelerator
operations has helpful assistants that can answer questions specific to the field particle
accelerators, extract information from a facility’s logbook and converse with experts to
assess whether a machine is operating normally [211, 212, 317, 318]. The question arises
whether LLMs can directly perform particle accelerator tuning, when prompted by an
accelerator expert describing the tuning goal. If capable, this would provide a more natural
way of controlling autonomous tuning solutions through natural language, potentially
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Figure 4.24: Flowchart of the optimisation scheme for tuning particle accelerators using
LLMs. The prompt is made up for three components: task description, list of previous input
and output samples, and instructions what to output and how to format the output. The
prompt is then sent to the LLM, which generates a response. The response is parsed into
values that can be input into the tuning or optimisation task. A measurement or objective
value from the task is then inserted into the previous samples along with its corresponding
input, and the loop is repeated.

enabling a more straightforward deployment of autonomous particle accelerator tuning
solutions, and removing the requirement for optimisation algorithm-specific expertise.
Moreover, the ability of LLMs to explain their reasoning [347] could provide valuable
insights into the complex dynamics of particle accelerators, potentially aiding human
operators in understanding the tuning process. Lastly, the successful application of LLMs
to particle accelerator tuning would also demonstrate the ability of LLMs to solve (multi-
objective) numerical optimisation problems, possibly opening up new avenues for the
application of LLMs to optimisation tasks beyond particle accelerators.

In this section, a novel alternative approach first introduced in [165] is presented, where
LLMs are used to perform autonomous particle accelerator tuning, being prompted only
through natural language instructions. This section aims to answer whether current state-
of-the-art LLMs are in fact capable of solving particle accelerator tuning tasks and if so,
how their performance compares to the state of the art in accelerator tuning using RLO and
BO. To this end, the optimisation scheme and prompt design for an LLM-based accelerator
tuning approach for the EA are introduced in Section 4.5.1, followed by an evaluation of
the developed solution comparing 14 state-of-the-art LLMs and 4 different prompts against
each other and against state-of-the-art accelerator tuning solutions, such as RLO and BO,
in Section 4.5.2.

4.5.1 Optimisation Scheme and Prompt Design
For LLM-based tuning the same iterative optimisation scheme is used as for RLO and BO
in the previous sections, where the state of the accelerator is observed, and then the tuning
algorithm chooses new actuator settings based on the current and potentially past states
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from the tuning run. This process is repeated either for a fixed number of steps or until
some termination criterion is met. In the presented approach, a chatbot LLM, that is an
LLM fine-tuned on question-answering tasks, is asked to provide the next set of actuator
settings. To this end, a suitable prompt must be designed. This optimisation scheme using
LLMs extends on the approach for linear regression presented in [361] and is illustrated
in Fig. 4.24. In the prompt, the user provides a description of the optimisation task that
the LLM should solve. This is followed by a list of input and output pairs from previous
optimisation steps. After this list, the user asks for the next set of input parameters that
help optimise the objective function and gives the LLM instructions on how these should
be formatted such that the user can parse the output from text to numerical values. This
prompt is then sent to the LLM, which responds with the next set of input parameters that
should be used to optimise the objective function, and potentially also an explanation of
why these parameters were chosen. The response should look similar to the one below:

```json
{

"Q1": -14.30,
"Q2": -9.70,
"CV": -2.55,
"Q3": -8.10,
"CH": -5.21

}
```
I suggest decreasing Q1 slightly to bring down the horizontal beam position,
while keeping the other quadrupole magnets at their previous values to
maintain the vertical beam position and focusing. I also kept the steering
magnet settings close to their last values for smoothness.

The response is then parsed, and the objective function is evaluated on the proposed
input parameters. The output of this evaluation is added to the list along with its corres-
ponding input parameters, and the process is repeated.

Prompt engineering is a crucial part of using LLMs and can significantly impact the
quality of the responses. Because of the variability in the performance of different prompts
and the difficulty of finding the best prompt, the ability of LLMs to solve the accelerator
tuning task is evaluated on four different prompts: Tuning Prompt, Explained Prompt,Chain-of-
Thought Prompt and Optimisation Prompt. All prompts follow the general template outlined
above. They differ mainly in how the task is described and what output of the objective
function is provided from previous optimisation steps.

Tuning Prompt
The Tuning Prompt is the most straightforward and intuitive prompt used here. It describes
the task of tuning the transverse beam parameters in the EA section and the goal of
achieving some target beam parameters on the diagnostic screen, such that the LLM is
aware of the fact it is tuning a particle accelerator. The input-output pairs are the magnet
settings and the corresponding measured beam parameters. This prompt assumes that
the LLM has some knowledge of particle accelerators and understands, for example, what
a quadrupole magnet is and how it affects the beam. Below is an example of the Tuning
Prompt, where the task description is highlighted in orange, the input-output pairs in blue,
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and the request for the next input parameters and output instructions in green:

Human: Now you will help me optimise the horizontal and vertical position and
size of an electron beam on a diagnostic screen in a particle accelerator.

You are able to control five magnets in the beam line. The magnets are called
Q1, Q2, CV, Q3 and CH.

Q1, Q2 and Q3 are quadrupole magnets. You are controlling their k1 strength
in mˆ-2. Their range is -30.0 to 30.0 mˆ-2.

CV is vertical steering magnet. You control its steering angle in mrad. Its
range is -6.0 to 6.0 mrad.

CH is horizontal steering magnet. You control its steering angle in mrad. Its
range is -6.0 to 6.0 mrad.

You are optimising four beam parameters: mu_x, sigma_x, mu_y, sigma_y. The
beam parameters are measured in millimetres (mm). The target beam parameters
are:

Target beam parameters:
```json
{

"mu_x": 1.20,
"sigma_x": 0.11,
"mu_y": 1.25,
"sigma_y": 0.06

}
```

Below are previously measured pairs of magnet settings and the corresponding
observed beam parameters.

Magnet settings:
```json
{

"Q1": 25.12,
"Q2": 12.48,
"CV": 0.84,
"Q3": -8.25,
"CH": 3.94

}
```

Beam parameters:
```json
{

"mu_x": -1038.63,
"sigma_x": 1893.75,
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"mu_y": -2353.77,
"sigma_y": 2226.94

}
```

Give me new magnet settings that are different from all pairs above. The
magnet settings you should propose should lead to beam parameters closer the
target or, if you do not have enough information yet, maximise information
gain for finding new beam parameters. Do not set any magnet setting to zero.
Smooth changes relative to the last magnet settings are preferred.

The output should be a markdown code snippet formatted in the following
schema, including the leading and trailing "```json" and "```":

```
{

"Q1": float // k1 strength of the first quadrupole magnet
"Q2": float // k1 strength of the second quadrupole magnet
"CV": float // Deflection angle of the vertical steering magnet
"Q3": float // k1 strength of the third quadrupole magnet
"CH": float // Deflection angle of the horizontal steering magnet

}
```

Do not add comments to the output JSON.

Note that the choice was made to provide previously observed magnet settings and
beam parameters formatted as a JSON code block in Markdown syntax. It was found that,
if these are provided as a simple textual list of property names and their values, the LLMs
would often output the next magnet settings in the same simple textual format instead of
the requested JSON code block. By providing the examples in the same format as is desired
for the output, the reliability of the LLM responding in the correct format is increased
substantially.

Explained Prompt

The Explained Prompt is mostly the same as the Tuning Prompt, but includes additional
explanations of how each of the magnets affects the beam. This is done because accelerator
physics is a complex and niche field, which is unlikely to have been widely covered in the
training data of most general-purpose LLMs. The explanations are generally kept on a
high level, similar to how one might explain the task to a new accelerator operator in order
to give them an intuition for the effects the magnets have on the beam image seen on the
diagnostic screen. Below is an example of the Explained Prompt with the explanations
added over the Tuning Prompt highlighted in violet:

Human: Now you will help me optimise the horizontal and vertical position
and size of an electron beam on a diagnostic screen in a particle
accelerator.
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You are able to control five magnets in the beam line. The magnets are
called Q1, Q2, CV, Q3 and CH.

Q1, Q2 and Q3 are quadrupole magnets. When their k1 strength is increased,
the beam becomes more focused in the horizontal plane and more defocused in
the vertical plane. When their k1 strength is decreased, the beam becomes
more focused in the vertical plane and more defocused in the horizontal plane.
When their k1 strength is zero, the beam is not focused in either plane.
Quadrupole magnets might also steer the beam in the horizontal or vertical
plane depending on their k0 strength, when the beam does not travel through
the centre of the magnet. The range of the k1 strength is -30.0 to 30.0 mˆ-2.

CV is vertical steering magnet. When its deflection angle is increased, the
beam is steered upwards. When its deflection angle is decreased, the beam is
steered downwards. The range of the deflection angle is -6.0 to 6.0 mrad.

CH is horizontal steering magnet. When its deflection angle is increased,
the beam is steered to the right. When its deflection angle is decreased, the
beam is steered to the left. The range of the deflection angle is -6.0 to 6.0
mrad.

You are optimising four beam parameters: mu_x, sigma_x, mu_y, sigma_y. The
beam parameters are measured in millimetres (mm). The target beam parameters
are:

Target beam parameters:
```json
{

"mu_x": 1.20,
"sigma_x": 0.11,
"mu_y": 1.25,
"sigma_y": 0.06

}
```

Below are previously measured pairs of magnet settings and the corresponding
observed beam parameters.

Magnet settings:
```json
{

"Q1": 25.12,
"Q2": 12.48,
"CV": 0.84,
"Q3": -8.25,
"CH": 3.94

}
```
Beam parameters:
```json
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{
"mu_x": -1038.63,
"sigma_x": 1893.75,
"mu_y": -2353.77,
"sigma_y": 2226.94

}
```

Give me new magnet settings that are different from all pairs above. The
magnet settings you should propose should lead to beam parameters closer the
target or, if you do not have enough information yet, maximise information
gain for finding new beam parameters. Do not set any magnet setting to zero.
Smooth changes relative to the last magnet settings are preferred.

The output should be a markdown code snippet formatted in the following
schema, including the leading and trailing "```json" and "```":

```json
{

"Q1": float // k1 strength of the first quadrupole magnet
"Q2": float // k1 strength of the second quadrupole magnet
"CV": float // Deflection angle of the vertical steering magnet
"Q3": float // k1 strength of the third quadrupole magnet
"CH": float // Deflection angle of the horizontal steering magnet

}
```

Do not add comments to the output JSON.

Chain-of-Thought Prompt

Chain-of-thought (CoT) prompting [347] is a technique where the user asks the LLM to
explain its reasoning before it gives its answer. This was found to generally improve the
quality of the answers given by LLMs, especially in the case of logical reasoning tasks. Note
that it is important to have the explanation before the answer, as otherwise the LLM will
phrase the explanation in support of the already given and potentially incorrect answer,
thereby negating the benefit of chain-of-thought prompting. In the Chain-of-Thought Prompt,
a request is added to the prompt whereby the user asks the LLM to explain its reasoning
before it gives the next set of input parameters. Otherwise, the Chain-of-Thought Prompt is
the same as the Explained Prompt. Below is an example of the Chain-of-Thought Prompt,
where the request for chain-of-thought reasoning is highlighted in violet:

Human: Now you will help me optimise the horizontal and vertical position
and size of an electron beam on a diagnostic screen in a particle
accelerator.

You are able to control five magnets in the beam line. The magnets are
called Q1, Q2, CV, Q3 and CH.



4.5. Natural Language-Driven Particle Accelerator Tuning 135

Q1, Q2 and Q3 are quadrupole magnets. When their k1 strength is increased,
the beam becomes more focused in the horizontal plane and more defocused in
the vertical plane. When their k1 strength is decreased, the beam becomes
more focused in the vertical plane and more defocused in the horizontal plane.
When their k1 strength is zero, the beam is not focused in either plane.
Quadrupole magnets might also steer the beam in the horizontal or vertical
plane depending on their k0 strength, when the beam does not travel through
the centre of the magnet. The range of the k1 strength is -30.0 to 30.0
mˆ-2.

CV is vertical steering magnet. When its deflection angle is increased, the
beam is steered upwards. When its deflection angle is decreased, the beam is
steered downwards. The range of the deflection angle is -6.0 to 6.0 mrad.

CH is horizontal steering magnet. When its deflection angle is increased,
the beam is steered to the right. When its deflection angle is decreased,
the beam is steered to the left. The range of the deflection angle is -6.0
to 6.0 mrad.

You are optimising four beam parameters: mu_x, sigma_x, mu_y, sigma_y. The
beam parameters are measured in millimetres (mm). The target beam parameters
are:

Target beam parameters:
```json
{

"mu_x": 1.20,
"sigma_x": 0.11,
"mu_y": 1.25,
"sigma_y": 0.06

}
```

Below are previously measured pairs of magnet settings and the corresponding
observed beam parameters.

Magnet settings:
```json
{

"Q1": 25.12,
"Q2": 12.48,
"CV": 0.84,
"Q3": -8.25,
"CH": 3.94

}
```
Beam parameters:
```json
{

"mu_x": -1038.63,
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"sigma_x": 1893.75,
"mu_y": -2353.77,
"sigma_y": 2226.94

}
```

Give me new magnet settings that are different from all pairs above. The
magnet settings you should propose should lead to beam parameters closer the
target or, if you do not have enough information yet, maximise information
gain for finding new beam parameters. Do not set any magnet setting to zero.
Smooth changes relative to the last magnet settings are preferred.

First, reason about how and why you would change the magnet settings in a
certain direction. Then give me the proposed magnet settings afterwards.

The output should be a markdown code snippet formatted in the following
schema, including the leading and trailing "```json" and "```":

```json
{

"Q1": float // k1 strength of the first quadrupole magnet
"Q2": float // k1 strength of the second quadrupole magnet
"CV": float // Deflection angle of the vertical steering magnet
"Q3": float // k1 strength of the third quadrupole magnet
"CH": float // Deflection angle of the horizontal steering magnet

}
```

Do not add comments to the output JSON.

Optimisation Prompt
The Optimisation Prompt phrases the task as a numerical optimisation problem instead of a
particle accelerator tuning task. This means that the LLM is completely unaware that it is
tuning a particle accelerator. Numerical optimisation tasks are more generic than particle
accelerator tuning tasks and therefore expected to be more present in the training data
of off-the-shelf LLMs, meaning that LLMs are likely to be more familiar with such tasks.
However, this also means that the LLM is given no information about the topology of the
objective function, which makes the optimisation problem harder to solve. The objective
function is therefore a black box to the LLM. The input-output pairs are the magnet settings
and a corresponding single scalar objective value computed from the beam parameters
according to Eq. (2.45). Below is an example of the Optimisation Prompt, where the task
description is highlighted in orange, the input-output pairs in blue, and the request for the
next input parameters and output instructions in green:

Human: Now you will help me minimise a function with five input variables Q1,
Q2, CV, Q3 and CH. I have some (Q1, Q2, CV, Q3, CH) pairs and the
corresponding function values at those points. The samples are arranged in
descending order based on their function values, where lower values are
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better.

Inputs:
```json
{

"Q1": -13.50,
"Q2": -9.00,
"CV": -3.00,
"Q3": -9.00,
"CH": -6.00

}
```
Objective value = 2.37

Inputs:
```json
{

"Q1": -13.25,
"Q2": -8.85,
"CV": -2.80,
"Q3": -8.90,
"CH": -5.70

}
```
Objective value = 2.28

Give me a new sample (Q1, Q2, CV, Q3, CH) that is different from all pairs
above, and has a function value lower than any of the above.

The output should be a markdown code snippet formatted in the following
schema, including the leading and trailing "```json" and "```":

```json
{

"Q1": float // First input
"Q2": float // Second input
"CV": float // Third input
"Q3": float // Fourth input
"CH": float // Fifth input

}
```

4.5.2 Evaluation
In the following, 14 different LLMs are tested with the presented 4 different prompts to
see if they are capable of solving the transverse beam parameter tuning task in the EA
section of ARES. Further, combinations of LLMs and prompts are compared against each
other to determine the effect that LLM and prompt choices have on the ability to perform
accelerator tuning. Their performance is also compared against state-of-the-art algorithms
like RLO and BO, as well as against baselines like random search and doing nothing. At
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last, the resource demands of LLM-based accelerator tuning are discussed with respect to
computation time, monetary costs and environmental impact.

Method

Each combination of an LLM and a prompt is evaluated on 3 different trials of the transverse
beam parameter tuning task. For each trial, the tuning run is repeated 3 times with
different random seeds to account for the stochasticity of the LLMs and some of the baseline
algorithms. Performance is evaluated after 50 steps in terms of the metrics introduced in
Section 4.2.2, namely the final beam error, the RMSE and the normalised improvement.
Furthermore, the number of consecutive steps for which LLMs are able to generate a
parsable JSON output is considered, which tests their reliability in generating a valid
output. LLMs are given a second chance in each sample, if they fail to generate a parsable
JSON output on the first attempt.

Themain goal of this work is not to determine whether LLMs are capable of outperform-
ing the current state of the art in accelerator tuning algorithms. In fact, it is expected that
the current state of the art in accelerator tuning algorithms, such as RLO and BO, should
clearly outperform LLMs. Instead, the question of interest for this section is whether LLMs
are capable of solving accelerator tuning (and by extension other complex numerical op-
timisation tasks) at all, and to what extent they can do so. Therefore, a measure of success
is needed in addition to the performance metrics introduced in Section 4.2.2. Specifically, a
single tuning run is considered successful if the final beam error is at least 40 µm improved
over the initial beam error before any tuning has taken place, with 40µm being twice the
real-world measurement accuracy for beam parameters on the diagnostic screen. This
means that runs are only considered successful, if a clearly measurable improvement of
the beam parameters has been achieved. Over the full 9 experiments run for each LLM
and prompt combination, three degrees of success are defined: A tuning algorithm is
considered outright successful, if it is able to achieve the success criteria in all 9 evaluation
runs. An algorithm is considered to be partially successful if it is able to achieve the success
criterion in at least 6 of the 9 evaluation runs. Partial success suggests that, while not
perfectly reliable, successful runs are probably not coincidental. It is further known that
some trials can be harder to solve than others. As a third and weakest success criterion,
tuning algorithms are therefore considered single trial successful if they are able to achieve
the success criterion in on all three runs of a single trial, suggesting that, while some trials
may have been too difficult to solve, the LLM was able to reliably solve this one trial when
provided with a given prompt.

The following LLMs are evaluated in this work: Gemma 2B andGemma 7B [108] (version
1.0); GPT 3.5 Turbo (checkpoint 0125) [237], GPT 4 [242] (checkpoint 0613) and GPT 4
Turbo (preview checkpoint 0125) [238]; Llama 2 7B, Llama 2 13B and Llama 2 70B [327], as
well as the fine-tuned variants of Llama 2: Orca 2 7B and Orca 2 13B [221, 224], and Vicuna
7B 16K [366]; Mistral 7B (version 0.2) [150] and Mixtral 8x7B [151]; and Starling-LM 7B
(beta) [368]. For cost reasons and because the Explained Prompt and Chain-of-Thought
Prompt are variations on the Tuning Prompt, the Explained Prompt and Optimisation
Prompt are evaluated with all models, while the Tuning Prompt and Chain-of-Thought
Prompt are evaluated only with Gemma 2B, GPT 4 Turbo and Mixtral 8x7B. This should
provide a sense for how the additions of chain-of-thought and a task explanation affect
performance with the representative LLMs, while comprehensively comparing different
LLMs and two fundamentally different prompts.
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Prompt generation and response parsing are implemented using the LangChain [50]
Python package, which provides a straightforward set of tools for constructing prompts,
calling LLMs and parsing their responses. The open-weights LLMs used in this work are
run using Ollama [235], while the OpenAI models are run through the OpenAI API. All
LLMs are run using their default temperature settings, with 𝑇 = 0.7 for the OpenAI models
and 𝑇 = 0.8 for all other LLMs. Orca 2 7B and Orca 2 13B are run with their default system
prompt:

You are Orca, an AI language model created by Microsoft. You are a cautious
assistant. You carefully follow instructions. You are helpful and harmless
and you follow ethical guidelines and promote positive behavior.

The default system prompt is also used for Vicuna 7B 16K:

A chat between a curious user and an artificial intelligence assistant. The
assistant gives helpful, detailed, and polite answers to the user’s
questions.

All other LLMs are run without any system prompts as per their default configuration. The
evaluation is conducted on the Cheetah-based Gymnasium environment from Section 4.4.1.
The RLO reference is taken from Section 4.1. All other reference algorithms are taken from
Section 4.2.3.

The results of the evaluation in terms of the performance metrics are shown in Table 4.8.
The number of successful runs and wholly successful trials for each LLM and prompt are
shown in Fig. 4.25. Two example tuning runs by awell-performing and a poorly-performing
LLM and prompt combination are shown in Fig. 4.26.

Performance
It is found that the state-of-the-art tuning algorithms RLO and BO, as well as ES, all achieve
the strictest success criterion of outright success in all 9 evaluation runs. Of the LLM-
prompt combinations evaluated, GPT 3.5 Turbo, GPT 4 and GPT 4 Turbo in combination
with the Optimisation Prompt also achieve outright success in all 9 evaluation runs, with
GPT 4 Turbo with the Optimisation Prompt being the overall best-performing LLM-prompt
combination in all evaluated metrics. In addition, a further 10 LLM-prompt combinations
achieve partial success, with Llama 2 13B, Llama 2 70B and Orca 2 7B doing so with the
Optimisation Prompt; Gemma 7B, Mixtral 8x7B and Starling LM 7B achieving partial
success with the Explained Prompt; Gemma 2B and Mixtral 8x7B achieving partial success
with the Tuning Prompt; and Gemma 2B and GPT 4 Turbo achieving partial success with
the Chain-of-Thought Prompt. Mixtral 8x7B and Starling LM 7B are the best-performing
LLMs with the Explained Prompt, with Mixtral 8x7B achieving a better normalised beam
improvement, while Starling LM 7B achieves a lower final error and RMSE.With the Tuning
Prompt, Mixtral 8x7B performs best of the three evaluated LLMs, while Gemma 2B is the
best-performing model with the Chain-of-Thought Prompt. All LLMs that achieve partial
success also achieve single trial success in at least one trial, demonstrating that they are
able to solve some trials reliably. A further 6 LLM-prompt combinations achieve single
trial success: Gemma 2B and GPT 4 with the Explained Prompt, Mixtral 8x7B with the
Optimisation Prompt, and Mixtral 8x7B with the Chain-of-Thought Prompt. In total, of
the 34 LLM-prompt combinations tried, 18 achieve at least one success criterion. Out of 14
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Figure 4.25: Number of successful runs for each LLM and prompt (a) and the number
wholly successful trials, i.e. trials where all three runs were successful (b), where a run
is considered successful if the mean of the differences from measured to target beam
parameters improved by at least 40 µm when compared to the initial magnet settings [165].

LLMs evaluated, 10 achieve at least one success criterion with at least one prompt. This
demonstrates that LLMs can be used to solve accelerator tuning and numerical optimisation
tasks.

However, these results also show that LLMs are not yet competitive with state-of-the-art
accelerator tuning algorithms. The best-performing LLM-prompt combination, GPT 4
Turbo with the Optimisation Prompt, achieves an average normalised beam improvement
of 50%. This is a good result, but it is also a significantly worse result than the 97% and
84% achieved by RLO and BO, respectively. A similar trend can be observed in how fast
algorithms are able to find a good set ofmagnet settings. GPT 4 Turbowith theOptimisation
Prompt achieves an average RMSE of 1791µm, which is an order of magnitude worse than
the 214µm achieved by RLO. However, it is only about two times worse than BO and ES.

Choice of Prompt
The evaluation results show that the performance of LLMs is highly dependent on the
specific LLM and prompt used. While 18 of the 34 LLM-prompt combinations tried achieve
at least one success criterion, the remaining 16 do not achieve any. Similarly, 4 of the
evaluated LLMs do not achieve any success criterion with any of the prompts they were
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Figure 4.26: Magnet setting and beam parameter traces for a good and a bad tuning run
by LLMs [165]. Both runs consider the same trial, where the target beam parameters
𝒃′ = (0mm, 0mm, 0mm, 0mm).

tested on. It is observed that in general, the Optimisation Prompt performed best. Outright
success was only achieved with the Optimisation Prompt, and at least one success criterion
was achieved by 7 LLMs when using the Optimisation Prompt, while only 5 LLMs achieved
at least one success criterion with the Explained Prompt. The Optimisation Prompt is also
used in the best-performing LLM-prompt combination with GPT 4 Turbo. That, however,
does not mean, that the Optimisation Prompt is always the better choice. Some LLMs
perform better with one of the other prompts. Gemma 7B, Mixtral 8x7B and Starling LM
7B, for example, all achieve partial success with the Explained Prompt, but only Single Trial
Success or no success criterion at all with the Optimisation Prompt. Similarly, Gemma 2B
andMixtral 8x7B achieve their best results with the Tuning Prompt. It can be concluded that
the choice of prompt must be made on a model-by-model basis. This observed sensitivity
to the chosen prompt is in line with what other more general prompt sensitivity studies
have found [294].

It is also worth noting that adding explanations to the prompts about how the magnets
work, or adding a chain-of-thought to the prompts, does not always lead to the expected
improvements. Of the three LLMs evaluated with all four prompts, only GPT 4 Turbo
improves with the addition of explanations. However, this is with GPT 4 Turbo generally
performing worse with all three variants of the Tuning Prompt than it does with the
Optimisation Prompt. Gemma 2B andMixtral 8x7B, on the other hand, performworsewhen
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explanations are added. A possible explanation for this observation is that, rather than
helping the LLM understand the tuning task, the length of the explanations makes it harder
for the LLM to retrieve relevant information, such as specific past samples or the target
beam parameters, from the prompt. This problem is known as Needle in a Haystack and a
general challenge with LLMs. Chain-of-thought prompting seems to improve performance
over the Explained Prompt with Gemma 2B and GPT 4 Turbo, but has an adverse effect on
the performance of Mixtral 8x7B. These results also suggest that intuitive improvements
of the prompt are not always beneficial, and reinforces the conclusion that the choice of
prompt must be made on a model-by-model basis.

In designing the presented LLM tuning solution, it was found that, aside from the
tuning task itself, another difficulty is to get them to output the magnet settings in correct
and parsable JSON. This is why, on each optimisation step, LLMs are prompted a second
time with the same prompt, if the parsing of their response fails on the first attempt.
Nevertheless, some LLMs fail on the second attempt as well, at which point the tuning run
is terminated. Consequently, the number of performed steps (excluding second attempts)
serves as an indicator of an LLM’s ability to produce a valid JSON output. Note that
excluding second attempts, this is the number of interactions with the accelerator, not
the number of times the LLM was prompted. The observed number of steps for the nine
evaluation runs of each LLM and prompt are given in Table 4.8. It is observed that many
LLMs, often those achieving good tuning results, have a high number of successful steps,
with LLMs like those by OpenAI and Llama 70B always achieving the maximum of 50
successful steps, irrespective of the prompt that is used. Other LLMs, such as both Orca 2
and the smallest variant of Llama 2, consistently struggle to produce a valid JSON output,
with the number of successful steps being very low for either prompt. While in most cases,
it appears that the ability to generate valid JSON responses depends mostly on the LLM, it
is also observed that the choice of prompt has an impact in a few cases, with the difference
being especially pronounced for the Gemma models, which achieve a higher number of
successful steps with the Optimisation Prompt than with the Explained Prompt. It does
not appear as though one prompt is generally better than the other in terms of the number
of successful steps. Furthermore, the nature of different invalid responses varies greatly.
In some cases, the mistakes are so minor that human experts might fail to spot them, for
example when a trailing comma is added to the last JSON property like in the following
response from Llama 2 7B with the Explained Prompt:

```json { "Q1": -10.5, "Q2": -8.25, "CV": -3.26, "Q3": -8.75, "CH":
-4.5, } ```

This is invalid JSON syntax and causes the parser to fail. Another failure case is related
to chain-of-thought. For example, Orca 2 – an LLM specifically trained to respond with
chain-of-thought – often outputs an explanation of a strategy to solve the optimisation
problem rather than the next magnet settings requested in the prompt. An example of this
is provided in the following response from Orca 2 13B with the Explained Prompt:

To help you optimise the beam parameters, I will use a genetic algorithm that
iteratively mutates and crosses the existing magnet settings to produce new
ones. The fitness function of the algorithm is based on the difference
between the target and the observed beam parameters, weighted by their
standard deviations. The goal is to minimise this difference while
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satisfying the constraint that no magnet setting can be zero. Here are the
steps I will follow:

1. Initialize a population of 20 random magnet settings, each represented as
a JSON object. 2. Evaluate the fitness of each magnet setting by
calculating the sum of the squared differences between the target and the
observed beam parameters, multiplied by their standard deviations. Normalize
this sum to have a mean of zero and a standard deviation of one. This is
called the information gain. 3. Select the top 10% of the population based
on their information gain as the parents for the next generation. Randomly
select two of them as the donors for crossbreeding. 4. For each donor,
generate a random magnet setting that differs from it by one unit in either
direction (either positive or negative) with a probability of 0.5. This is
called the child A. 5. For the other two donors, generate a random magnet
setting that differs from them by two units in either direction (either
positive or negative) with a probability of 0.25. This is called the child B.
If there are less than four donors left, only one child B will be generated.
6. Append the child A and child B to the population, replacing the
corresponding donor if there is no overlap. This way, each donor can
contribute at most two children to the next generation. 7. Repeat steps 2
to 6 until the population size reaches 50 or the information gain does not
improve by more than 0.01 for three consecutive generations. If either
condition is met, output the best 20 magnet settings as the final answer.
Otherwise, output a message indicating that the algorithm has not converged
and needs more iterations.

Here is an example of how the algorithm works on the first generation:

Population: ["Q1": -5.83, "Q2": 7.67, "CV": -4.09, "Q3": -7.53, "CH":
-4.17, ...]

Fitness (information gain): [-0.04, 0.03, 0.05, 0.08, 0.07]

Select top 10%: ["Q1": -5.83, "Q2": 7.67, "CV": -4.09, "Q3": -7.53,
"CH": -4.17, ...]

Donors for crossbreeding: ["Q1": -5.83, "Q2": 7.67, "CV": -4.09, "Q3":
-7.53, "CH": -4.17, ...]

Child A: "Q1": -6.83, "Q2": 8.67, "CV": -3.09, "Q3": -8.53, "CH": -3.17

Child B: "Q1": -4.83, "Q2": 9.67, "CV": -1.09, "Q3": -9.53, "CH": -1.17

Population: ["Q1": -5.83, "Q2": 7.67, "CV": -4.09, "Q3": -7.53, "CH":
-4.17, "Q1": -6.83, "Q2": 8.67, "CV": -3.09, "Q3": -8.53, "CH": -3.17,
"Q1": -4.83, "Q2": 9.67, "CV": -1.09, "Q3": -9.53, "CH": -1.17]

Fitness (information gain): [-0.04, 0.04, 0.04, 0.08, 0.06]

### Final answer: The algorithm has not converged and needs more iterations.
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Last, but certainly not least, some LLMs fail to output a coherent response altogether. The
response below from Gemma 2B with the Explained Prompt for example, starts with an
invalid continuation of a JSON object and then continues with multiple valid JSON objects
even though only a single one was requested. In this case, both the invalid JSON object
and the ambiguity about which JSON object should be parsed, make the response invalid.

sigma_y": 320.27 } ``` Magnet settings: ```json { "Q1": -14.33, "Q2":
-1.63, "CV": 0.02, "Q3": 15.98, "CH": 2.95 } ``` Beam parameters: ```json
{ "mu_x": 1232.76, "sigma_x": 138.02, "mu_y": 1013.97, "sigma_y": 1370.42
} ``` Magnet settings: ```json { "Q1": 0.00, "Q2": 0.00, "CV": 1.26, "Q3":
0.00, "CH": 0.00 } ``` Beam parameters: ```json { "mu_x": -183.38,
"sigma_x": 46.87, "mu_y": 2400.06, "sigma_y": 648.22 } ```

Choice of Large Language Model
It is well known that some LLMs generally perform better than others. Often, an LLM’s
capabilities are correlated with the number of trainable parameters it has [167]. There
are also a number of benchmarks that aim to measure the performance of LLMs. These
include the LMSYS Chatbot Arena ELO rating [366], theMT-bench score [366], theMassive
Multitask Language Understanding (MMLU) score [126] and the HellaSwag score [363].
When plotting the number of successful episodes, normalised error improvement and
RMSE over number of model parameters and benchmark scores in Fig. 4.27, it is found that
there typically is at least a weak correlation, in particular when considering results using the
Optimisation Prompt, where Pearson correlation coefficients as high as 0.55 are measured
between the number of successful episodes and the HellaSwag benchmark results. The
Pearson correlation coefficients are listed in Fig. 4.27. This finding suggests that the size
and benchmark performance of an LLM can to some extent serve as an indicator for its
performance on particle accelerator tuning and general numerical optimisation tasks. These
metrics can therefore be taken into account when choosing an LLM for these purposes.
This observation further implies that, as increasingly well-performing general purpose
LLMs are released, their performance on accelerator tuning and numerical optimisation
tasks is expected to improve.

Resource Usage
Apart from the ability of LLMs to solve a given task, it is also important to consider the fact
that LLM inference has very high resource demands. The open-weights LLMs used in this
work are run on four Nvidia A100 GPUs with 80GB of memory each. The OpenAI models
are run through the OpenAI API, where the exact hardware used is not known, but likely
also using many Nvidia A100 or H100 GPUs. In contrast, the state-of-the-art accelerator
tuning algorithms RLO and BO can comfortably run on a laptop CPU, specifically an
Apple M1 Pro SoC for the results presented in this section. An average inference takes less
than 200µs for RLO and around 700ms for BO. In contrast, the fastest open-weights LLM
was Gemma 2B with the Tuning Prompt at an average inference time of 700ms, while the
slowest was Orca 2 13B with the Explained Prompt at 30 s. Orca 2 inference is particularly
slow because its chain-of-thought responses are long. At 28 s, similarly long inference times
are seen when prompting GPT 4 Turbo with the Chain-of-Thought Prompt. Otherwise,
the OpenAI models achieved between 1 s for GPT 3.5 Turbo with the Optimisation Prompt
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Figure 4.27: Number of successful tuning runs, average normalisedMAE improvement and
average RMSE for each LLM plotted with respect to its size, LMSYS Chatbot Arena ELO
rating, MMLU score, MT-bench score and HellaSwag score [165]. Results for the Explained
Prompt are shown in black and results for the Optimisation Prompt are shown in green.
Linear fits are shown for the presented data. Pearson correlation coefficients 𝑟 are provided
for the shown samples in the respective subplots. The number of successful episodes and
the improvement are expected to increase, and the RMSE is expected to decrease, if LLM
size or good benchmark scores are indicative of the improved ability of LLMs to solve the
investigated particle accelerator tuning task.

and 4 s for GPT 4 with the Explained Prompt. A large open-weights LLM like Llama 2 70B,
achieved an average inference time of 7 s on the Optimisation Prompt.

Such large computational demands usually induce high monetary costs. While the
actual cost of running LLMs on locally hosted GPUs is difficult to estimate, the cost of
running OpenAI models through the OpenAI API as of 10 April 2024 is around $ 5.35
for one tuning run with GPT 4 and the Explained Prompt, and $ 2.98 for GPT 4 with the
Optimisation Prompt. GPT 4 Turbo costs less at around $ 1.81 for a tuning run using
the Explained Prompt and $ 0.74 for the Optimisation Prompt. GPT 3.5 Turbo was the
cheapest, with API costs of around $ 0.09 and $ 0.05 for the Explained and Optimisation
Prompt, respectively. When using prompts that are likely to trigger responses with more
than a magnet setting JSON, such as the Chain-of-thought Prompt, the cost of running an
optimisation with GPT 4 Turbo increases to $ 2.63.

Considering the large amount of compute resources LLMs require, one must also
consider their energy consumption and associated environmental impact. In [193], the
authors find that GPT 3 consumes 500mL of water per 10 to 50 responses. For the 50
responses in one evaluated tuning run, this comes out to 0.5L to 2.5L of water. While
the authors do not mention the number of tokens assumed for a response, it is safe to
assume that these numbers represent a lower bound for the much more resource intensive
GPT 4 and GPT 4 Turbo models. To estimate the CO2 emissions associated with using
LLMs for particle accelerator tuning, one can consider Mixtral 8x7B as a representative
LLM of somewhat average size. Taking the average inference time of 6 s per step with the
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Optimisation Prompt, this LLM uses a total of 300 s of GPU time on 4 A100 GPUs. The
energy consumption of a single A100 GPU is quoted as 250W [232], i.e. 1 kW for all 4
GPUs, giving a total energy consumption of 83Wh for one tuning run. This is about the
same amount of energy it takes to run a modern fridge for 11 h [31] or drive a modern
electric vehicle for 0.5 km [25], and results in CO2 emissions of about 36 g [330]. These
numbers are only rough estimates, but they give an idea of the environmental impact of
using LLMs for particle accelerator tuning. Generally, the true numbers should be lower for
the smaller open-weights LLMs and higher for larger LLMs like GPT 4 and GPT 4 Turbo.
Note that none of the given numbers consider the environmental impact of training these
LLMs, which is substantial. However, as the LLMs are already trained for other purposes
and available, the cost and impact of training them is not taken into account here.

To put these resource requirements into context, it is worth considering the amount
of tuning that is typically required during accelerator operations. At the European XFEL,
2248 h were spent on accelerator tuning in 2022 [62], and 1920 h in 2023 [86]. Under the
assumption that LLM-based tuning takes the same amount of time as the tuning procedures
currently in place, with half of that time spent on LLM inference, an average inference
time per step of 4 s, and 1.66Wh of energy consumed on each inference step, this would
amount to around 1.6MWh of energy consumption and 700 kg of CO2 emissions per
year. For comparison, the total annual energy consumption of the ARES and European
XFEL facilities is around 0.3GWh and 62GWh, respectively [63]. That means that the
energy consumption of LLM-based tuning would amount to around 0.003% to 0.5% of
the total energy consumption of such facilities. What is more, this is about half the energy
consumption of the average German household per year [313], and the CO2 emissions are
about 30% of the annual CO2 emissions of a mid-sized car [179].

4.6 Summary
This chapter explored the application of RL to the partially observable, highly non-linear
transverse beam parameter tuning task at the ARES linac. The presented RLO approach
introduces a solution to the sample-efficiency and training-safety challenges by proposing
to train on a specially designed high-speed simulation of the accelerator. To overcome the
sim-to-real gap, domain randomisation is proposed such that the trained policy generalises
to variations of the simulated tuning task, where the real-world task is one such variation.
Differential actions and an observation formulation are further proposed as part of the sim-
to-real transfer, and multiple reward formulations are devised to overcome task-specific
challenges.

Despite having been trained using a comparatively simple simulation and deployed to
the real world zero-shot without fine-tuning, policies trained using the presented RLO for
accelerator tuning approach successfully tuned the transverse beam parameters on the real
accelerator, finding magnet settings that achieve beam parameters closer to the target than
those found by other state-of-the-art black-box optimisation algorithms. Moreover, the
trained policies converge on these magnet settings in just a few samples, tuning the beam
in less wall time than human operators while achieving comparable results. The trained
policies are also found to be able to compensate for sudden and slow drifts, as well as to be
robust to failures of accelerator components, even though they were not trained on such
scenarios. It is concluded that the introduced methods enable RL to be used on complex
accelerator tuning tasks, while not requiring beam time to train them. However, it is also
found that the engineering cost of deploying RL to accelerator tuning tasks is high, and
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that with still acceptable performance, BO can be a better choice for one-off tasks, where
the real-time abilities of neural network policy inference are not required.

Approaches were then explored to overcome the engineering cost of RLO. It is found
that reusing training setups as well as domain randomisation for generalising policies to be
lattice-agnostic can ease the deployment of RL-trained policies to new accelerator tuning
tasks.

At last, an emergent approach was proposed to use LLMs for the transverse beam
parameter tuning task, reducing the engineering required for deploying to new tuning
tasks to typing a natural language prompt. It is found that, impressively, if the prompt and
LLMs are chosen correctly, LLMs can solve the transverse beam parameter tuning task,
and in extension accelerator tuning and general optimisation. However, it is also found
that the performance of this method lags significantly behind existing methods, especially
RLO, and that in light of its resource demands, the results do not justify its use.



Chapter 5
FEL Tuning

Taking the lessons learned from developing and evaluating RLO for transverse beam tuning
in Chapter 4, the same methodology is applied to the more complex task of maximising
the FEL pulse intensity at LCLS in this chapter. The fundamental setup up of this task is
introduced in Section 2.2.4. In contrast to the transverse beam tuning task, the FEL tuning
task is characterised by a higher-dimensional action space and significantly more complex
relationship between the actuators and their effect on the objective, i.e. the pulse intensity.
This affects not only the overall difficulty of the task, but also the complexity of modelling its
dynamics. Remember that a fast yet accurate-enough model for training in simulation was
a crucial prerequisite for the successful results in the transverse beam tuning task. What is
more, an ideal solution should be robust enough that at least the training setup, possibly
even trained policies, can be transferred to other similar facilities, such as the European
XFEL or FLASH in future work, without having to repeat much of the development process.
Note also that the results of FEL intensity tuning have a much more immediate impact
on the experimental performance and scientific output of the facility than they did with
the transverse beam tuning task. Where the latter represents an intermediate step in the
process of setting up the machine, the FEL intensity is a direct factor in the quality of the
conducted experiments, and one of the main performance indicators of the facility.

In the following, challenges and solutions associated with the more complex modelling
of the FEL processes are discussed in Section 5.1, followed by the development and eval-
uation of an RLO agent in Section 5.2. In Section 5.3, the challenge of high demands for
training samples due to the increased complexity is addressed using gradient-based RL
on same task, which is made possible by the automatic differentiation capabilities of the
Cheetah simulation code introduced in Section 3.2. Finally, the results of both approaches
are evaluated and discussed in Section 5.4.

5.1 Modelling FEL at LCLS
In order to train a policy in simulation and then transfer it to the real machine, an accurate-
enough model of the FEL process is required. For the concrete case of the LCLS FEL, this
model is made up of two parts.

The first is the beam dynamics model,
𝑓𝒕 (𝒖 | 𝒕0) ≈ 𝑓𝒕 (𝒖 | 𝒕0, 𝒗linac) , (5.1)

which approximates 𝑓𝒕 describing the evolution of the electron beam’s Twiss parameters
just upstream of the first quadrupole magnet to the undulator entrance. This model makes
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two simplifying assumptions: Firstly, all actuators other than the 14 quadrupole magnets
actuated as part of this tuning task, denoted 𝒗linac are assumed to be constant at their design
values. Secondly, for computational efficiency, the model assumes linear beam dynamics.
The true function 𝑓𝒕 is affected also by collective effects, such as space charge, coherent
synchrotron radiation and wakefields, which are not included in the model. At SLAC, a
Bmad [275] model is available. However, interfacing between Bmad and a Gymnasium
environment in Python is relatively slow when compared to the speed required to make
RL feasible. Therefore, a Cheetah model is generated from the Bmad model, which can
be used to simulate the beam dynamics at much higher speeds. To this end, Cheetah was
extended to support the conversion of a Bmad lattice file to a Cheetah model.

The second part of the model is the FEL process 𝑓𝐼 (𝒕 | 𝒗und) itself. Capable codes, such
as GENESIS [257], are available to accurately simulate the FEL process. However, these
codes take notoriously long to run, sometimes requiring hours for a single simulation. To
make RL training on the model feasible, the FEL process is instead modelled through the
scaled probability density function of a multivariate Gaussian distribution centred around
the design Twiss parameters at the entrance of the undulator, with the undulator settings
𝒗und assumed constant at their design values. Considering the probability density function
of a multivariate Gaussian distribution

𝑓𝒩
(︁
𝒙 | 𝝁,Σ)︁

=
exp (︁−1

2(𝒙 − 𝝁)TΣ−1(𝒙 − 𝝁)
)︁

√︁
(2𝜋)𝑘 |Σ|

, (5.2)

where 𝝁 is the mean vector, Σ is the covariance matrix, 𝑘 is the dimensionality of the
distribution and |Σ| is the determinant of the covariance matrix, an 𝑓𝑁 with appropriate
mean and covariance is chosen to match the expected behaviour of the FEL process. That
is, the pulse intensity is given by

𝐼 = 𝑓𝐼 (𝒕 | 𝒗und) ≈ 𝑓𝐼 (𝒕) = 𝑓𝒩
(︁
𝒕 | 𝒕 ,Σ)︁ 𝐼∗

𝑓𝒩
(︁
𝒕 | 𝒕 ,Σ)︁ , (5.3)

with Σ estimated from experience as

Σ =
⎛⎜⎜⎜
⎝

25m2 0 0 0
0 0.16 0 0
0 0 625m2 0
0 0 0 0.16

⎞⎟⎟⎟
⎠

(5.4)

and 𝐼∗ = 5mJ the estimated maximum pulse intensity as measured on the GDET. In
Eq. (5.3), the factor

𝐼∗

𝑓𝒩
(︁
𝒕 | 𝒕 ,Σ)︁ (5.5)

ensures that at the design Twiss parameters 𝒕 , the pulse intensity is equal to the optimal
pulse intensity 𝐼∗. The combinedmodelmapping actuator settings to the FEL pulse intensity
considered in the following sections is consequently given by

𝑓lcls (𝒖 | 𝒕0) = 𝑓𝐼
(︂
𝑓𝒕 (𝒖 | 𝒕0)

)︂
. (5.6)
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5.2 Gradient-free Reinforcement Learning
As in Section 4.1, solving the FEL tuning task first requires appropriate definitions of the
action, observation and reward function that make up the RL problem formulation.

The action definition for FEL tuning follows the principles outlined for the transverse
beam tuning task in Section 4.1. The policy is intended to control the 14 quadrupole
magnets commonly used for tuning the FEL process at LCLS as introduced in Section 2.2.4.
That is, the actuators are

𝒖 =
(︁
𝑘𝑄1 , . . . , 𝑘𝑄14

)︁ , (5.7)
with 𝑘𝑄𝑖 the focusing strength of the 𝑖-th quadrupole magnet in m−2. From theory, design
values 𝒖̂ for the quadrupole magnet strengths are known. If the real machine were exactly
identical to the simulation and in the design state, the optimal actuators would be 𝒖∗ = 𝒖̂,
i.e. identical to the design actuators. However, various factors such as manufacturing
tolerances, environmental effects and deviations from the design state for specialised
working points mean that the optimal actuators 𝒖∗ deviate from the design values. It is
reasonable to assume that the optimal actuators are within a range

[𝒖̂ − 𝝐𝒖 , 𝒖̂ + 𝝐𝒖] (5.8)

around the design values, where for the RL training, 𝝐𝒖 is chosen as

𝝐𝒖 = (0.13, 0.26, 0.52, 0.26, 0.26, 0.26, 0.26, 0.26, 0.26, 0.26, 0.07, 0.07, 0.07, 0.13)m−2.
(5.9)

These ranges are chosen such that changing the design settings by a Δ𝒖, where Δ𝒖𝑖 = 𝜖𝒖 ,𝑖
and Δ𝒖𝑗 = 0 for all 𝑗 ≠ 𝑖, for any quadrupole magnet 𝑄𝑖 results in a pulse intensity 𝐼 ≈ 0mJ.
Following the scheme introduced in Section 4.1, the actions 𝒂𝑡 are defined to be continuous
as the change in strength for each quadrupole magnet settings, i.e.

𝒂𝑡 = Δ𝒖, (5.10)

such that
𝒖𝑡+1 = 𝒖𝑡 + 𝒂𝑡 . (5.11)

For the FEL tuning task, the actions are normalised to 10% of the range around the design
values, i.e. 𝒂𝑡 ∈ [−0.1𝝐𝒖 , 0.1𝝐𝒖].

The observations 𝒐𝑡 are defined to include the focussing strengths of the quadrupole
magnets 𝒖𝑡 and the measured pulse intensity 𝐼𝑡 at the end of the undulator line. As the
goal is always to maximise the pulse intensity, unlike in the transverse beam tuning task,
no target pulse intensity is included in the observation. What is more, while the Twiss
parameters at the undulator entrance as well as upstream of the first quadrupole magnet
would be useful for tuning, they cannot feasibly be measured on the real machine and are
therefore not included in the observation. This gives a final observation definition of

𝒐𝑡 = (𝐼𝑡 , 𝒖𝑡) , (5.12)

which is normalised to by rescaling to a range [−1, 1] assuming the unscaled observation’s
range is [0, 𝐼∗] for the pulse intensity and [𝒖̂ − 𝝐𝒖 , 𝒖̂ + 𝝐𝒖] for the quadrupole magnet
strengths.

The reward function largely follows the scheme introduced in [59] and Section 4.4.1. The
latter allows for the straightforward combination of multiple objectives into a single scalar
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reward value between 0 and 1. Measured objective values are transformed into quality
measures between 0 and 1 using a non-linear function, such as a softplus or sigmoid. The
individual quality measures are then combined into a single scalar reward value using a
combiner, such as a weighted smooth max or geometric mean, which allows for weighting
the individual components.

Three objectives are considered for the FEL tuning task. The main objective is to
maximise the pulse intensity. It is transformed from its range [0, 𝐼∗] through a clipped
linear function

𝑟𝐼 =

{︄
1 if 𝐼

𝐼∗ ≥ 1
𝐼
𝐼∗ otherwise (5.13)

to a quality measure between 0 and 1. This resembles the beam reward in Section 4.4.1, but
differs in the input range and the direction of the slope. Note that intensities larger than
𝐼∗ = 5mJ should only occur as a result of noise from real sensor readings.

Two secondary objectives are defined to ensure that themagnet settings are only changed
if necessary and that they remain reasonably close to the design values. The magnet change
reward 𝑟𝒂 is defined the same as it is in Section 4.4.1, but with the action components
normalised to a different maximum action of 0.1𝝐𝒖 . It results

𝒂̃𝑡 ,𝑖 = − ln (19) −
(︃
1 − |𝒂𝑖|

0.1𝝐𝒖 ,𝑖

)︃
(−2 ln (19)) (5.14)

such that, when transformed through a sigmoid function

𝑟𝒂𝑖 =
1

1 + exp (−𝒂̃𝑡 ,𝑖) , (5.15)

a bad action component of 0.1𝝐𝒖 ,𝑖 is mapped to a partial reward of 0.05 and a good norm-
alised action of 0 is mapped to a partial reward of 0.95. The transformed partial rewards
are then combined by taking a uniformly weighted mean

𝑟𝒂 =
1
14

14∑︂
𝑖=1

𝑟𝒂𝑖 . (5.16)

Similarly, the absolute value of the normalised magnet settings |𝒖normed|, i.e. the magnet
settings shifted onto the design magnet settings 𝒖 − 𝒖̂ and scaled from [−𝝐𝒖 , 𝝐𝒖] to [−1, 1],
are transformed through a softplus function

𝑟𝒖𝑖 = 2 · 1
1 + exp (𝒖̃𝑖) , (5.17)

where
𝒖̃𝑖 = − ln (19) 𝒖𝑖 − 0.1𝜖𝒖 ,𝑖−0.1𝜖𝒖 ,𝑖 ln (19) , (5.18)

to a quality measure between 0 and 1, such that the design setting results in a reward of
1 and the maximum deviation results in a reward of 0.1. The individual magnet setting
reward components are combined by taking a uniformly weighted mean

𝑟𝒖 =
1
14

14∑︂
𝑖=1

𝑟𝒖𝑖 . (5.19)
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Figure 5.1: Illustration of the transforms applied to the different reward components. (a)
shows the clipped linear transform applied to FEL pulse intensity in order to map the error
to a reward in the range [0, 1]. Note that intensities larger than 5mJ should only occur as a
result of noise from real sensor readings. (b) shows the sigmoid transform applied to the
change in the setting of a quadrupole magnet in order to map the change to a reward in the
range [0, 1]. (c) shows the softplus transform applied to the quadrupole magnet setting
based on the design value in order to map the deviation to a reward in the range [0, 1].
Green dashed lines in all subplots indicate a good result that should map to a reward near
1, while red areas and red dashed lines indicate a bad result that should map to a reward
near 0.

The final reward function is then given by a weighted mean of the three reward com-
ponents pertaining to the three respective quality measures

𝑟𝑡 =
𝑤𝐼𝑟𝐼 + 𝑤𝒂𝑟𝒂 + 𝑤𝒖𝑟𝒖
𝑤𝐼 + 𝑤𝒂 + 𝑤𝒖

. (5.20)

These reward transforms and combiners were chosen based on experiments from a set
of possible transforms and combiners devised in [59] and found to perform well. The
significantly lower weights of the secondary objectives compared to the main objective
ensure that the policy is primarily optimised to maximise the pulse intensity, and prevents
the policy from keeping the quadrupole strengths constant at the design values if this
would result in a lower pulse intensity. Visualisations of the transforms applied to the
individual reward components 𝑟𝐼 , 𝑟𝒂𝑖 and 𝑟𝒖𝑖 are shown in Fig. 5.1. The resulting FEL
tuning RL loop is illustrated in Fig. 5.2.

Aswith the transverse beam tuning task in Section 4.1, domain randomisation [239, 323]
is used to enable a zero-shot transfer of the policy to the real machine. This becomes
especially important for the FEL tuning task, because the strong simplification of the FEL
model means that the sim-to-real gap is likely to be larger than for the transverse beam
tuning task. The most significant deviation is expected in the incoming beam’s Twiss
parameters 𝒕0, which are unlikely to match the design values exactly, cannot be easily
observed and may change over time. Based on the design values

𝒕0 =
(︁
𝛽𝑥 , 𝛼𝑥 , 𝛽𝑦 , 𝛼𝑦

)︁
= (61.5m,−1.21, 35.4m, 0.67) , (5.21)

it is found through experiments on the model developed in Section 5.1 that respective
changes in either direction of

𝜖𝒕0 =
(︁
Δ𝛽𝑥 ,Δ𝛼𝑥 ,Δ𝛽𝑦 ,Δ𝛼𝑦

)︁
= (67.1m, 1.05, 67.1m, 2.1) (5.22)
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Figure 5.2: RL loop for the FEL intensity tuning task at LCLS. The policy provides an
action in the form of quadrupole strength changes to the environment. The environment
during training is modelled by a Cheetah simulation of the beam dynamics with a Gaussian
approximation of the FEL process, but can also be replacedwith a neural network surrogate,
a Bmad simulation or connect to the real machine through the EPICS control system. The
observation of FEL intensity and quadrupole strengths, as well as the intensity-based
reward are returned to the agent.

at the design quadrupole magnet settings 𝒖̂ result in a pulse intensity of approximately
0mJ. Considering that 𝛽𝑥 and 𝛽𝑦 must physically be positive, the domain randomisation
ranges for the incoming Twiss parameters are chosen as[︁

𝒕min , 𝒕0 + 𝝐𝒕0
]︁
, (5.23)

where
𝒕min = max

(︂
𝒕0 − 𝝐𝒕 ,

(︂
10−20m, 𝒕0,2 − 𝝐𝒕0 ,2, 10−20m, 𝒕0,4 − 𝝐𝒕0 ,4

)︂)︂
. (5.24)

The resulting ranges are
𝛽𝑥 ∈

[︁
10−20m, 128.6m

]︁
,

𝛼𝑥 ∈ [−2.26, 0.16] ,
𝛽𝑦 ∈

[︁
10−20m, 102.5m

]︁
,

𝛼𝑦 ∈ [−1.43, 2.77] .

(5.25)

The relatively high dimensionality of the tuning task makes it exponentially harder
to solve than the transverse beam tuning task. This is further amplified by the high non-
linearity of the FEL process and its narrow range of Twiss parameters at the undulator
entrance that result in lasing. Because of this, the set of actuator settings that lead to
meaningful rewards from the pulse intensity objective is very narrow, resulting in sparse
rewards. Gathering enough samples to learn a policy that is capable of maximising the
pulse intensity consequently requires a very large number of environment interactions. In
addition, the domain randomisation range for the incoming Twiss parameters is entirely
derived from the simplified model of the FEL process. It is unclear how much the Twiss
parameters upstream of the first quadrupole magnet actually deviate in day-to-day oper-
ations. A dedicated study to determine the actual range of Twiss parameters would be
costly, and the required data cannot be acquired parasitically during regular operation.

To address the issue of uncertain incoming Twiss ranges, and to improve sample effi-
ciency and reduce training times, a simple variant of automatic domain randomisation
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(ADR) [239] is employed. With the FEL tuning task, actual lasing in the undulator, and
with that a non-zero pulse intensity, is only achieved for a very narrow range around the
correct magnet settings. As a result, when the agent starts training with the full range of
domain-randomised incoming Twiss parameters, it is very unlikely to encounter meaning-
ful rewards. By starting the training without domain randomisation at the design incoming
Twiss parameters and at the design magnet settings, where the FEL is already maximised,
and then gradually growing the domain randomisation ranges, the agent is guaranteed to
encounter meaningful rewards and can gradually learn to maximise the pulse intensity
from increasingly suboptimal starting conditions. This approach resembles curriculum
learning [20], where the difficulty of the task is incrementally increased on a static schedule
to make learning easier. The scheduling of a curriculum, however, is non-trivial and usually
requires a lot of tuning to make sure that the curriculum does not increase in difficulty too
quickly or too slowly. What is more, how fast agents learn can differ between trainings
with different random seeds, making it hard to find one curriculum that generalises well.
ADR address these issues by increasing the domain randomisation range adaptively based
on the performance of the agent. A difficulty factor 𝑑 is introduced that scales the domain
randomisation range for the incoming Twiss parameters, such that the actual domain
randomisation range adapted from Eqs. (5.23) and (5.24) is given by[︁

𝒕min , 𝒕0 + 𝑑𝝐𝒕0
]︁
, (5.26)

with
𝒕min = max

(︂
𝒕0 − 𝑑𝝐𝒕0 ,

(︂
10−20m, 𝒕0,2 − 𝑑𝝐𝒕0 ,2, 10−20m, 𝒕0,4 − 𝑑𝝐𝒕0 ,4

)︂)︂
. (5.27)

Starting from an initial difficulty factor 𝑑0, the difficulty is increased by a step size Δ𝑑
every time the mean return of the last 100 episodes exceeds a threshold 𝑅threshold, until a
maximum difficulty 𝑑max = 1 is reached.

Note that the policy evaluated in the following was not trained using ADR directly.
Instead, it was trained with a fixed difficulty factor of 𝑑 = 0.08. The latter was determined
through previous trainings with ADR, where 𝑑 = 0.08 was found to be the largest that
policies could reliably solve. For these prior trainings, the curriculum step size was set to
Δ𝑑 = 0.01 and the cumulative reward threshold to 𝑅threshold = 8. Experts at LCLS were
consulted and confirmed that the resulting domain randomisation range is reasonable,
though this cannot be backed up by data. Most intriguingly, this approach forgoes the
need to manually determine domain randomisation ranges that closely match the real
conditions. Instead, the ranges are chosen based on the RL algorithm’s abilities. Ideally, the
ranges found through ADR are wider than the true ranges, and one never has to determine
the latter. However, it is possible that the ranges found through ADR are narrower than
the true ranges. In this case, the policy will not be able to generalise to the real machine,
and one must develop a more capable RL algorithm.

The PPO [292] algorithm is used to train the policy, using the implementation provided
by Stable Baselines3 [254]. The policy is trained for 50 million samples on the simulated
model of the FEL at LCLS,whichwas implemented in aGymnasium [328] environment. Like
in Chapter 4, a swappable simulation backend is used to enable the training in simulation
and transfer to the real machine. Hyperparameters for the PPO algorithm, the neural
networks as well as the environment were selected via a hyperparameter exploration in
simulation using Weights & Biases [24] for experiment tracking. The final hyperparameters
are listed in Table 5.1. Training was run on a high-performance cluster node with a 128-core
AMD EPYC 75F3 CPU and 512GB of RAM, resulting in a total training time of 1 d 16 h.
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Table 5.1: Hyperparameters used to train the FEL tuning policies

Parameter Value
Batch size |ℬ| 128
Learning rate (actor & critic) Linearly decaying from 0.0003
Discount factor 𝛾 0.99
Number of concurrent environments 40
Number of rollout steps 128
Entropy coefficient 𝑐2 0.01
Value function coefficient 𝑐1 0.5
Number of training epochs 10
Clip range 𝜖 0.2
Layer widths (64, 64)
Training steps 50 000 000
Maximum steps per episode 10
Initial log standard deviation −2.3
Reward weights (𝑤𝐼 , 𝑤𝒂 , 𝑤𝒖) (3, 0.5, 0.5)

Table 5.2: Performance of FEL tuning policies at LCLS

Metric Gradient-free Gradient-based
Final pulse intensity 4.90mJ 4.85mJ
RMSE to target intensity 0.77mJ 0.81mJ
Normalised pulse intensity recovered 93.7% 90.0%
Steps to target 3 7
Proportion of successful trials 98.3% 65.0%

Evaluation

The trained policy was then evaluated on 300 trials defined by randomly sampled incoming
Twiss parameters 𝒕0 from the domain randomisation range defined in Eq. (5.26). The
results of this evaluation are listed in Table 5.2, reporting the medians over the trials in
terms of the metrics from Section 4.2.2 adapted to the FEL tuning task. The relationship
between the speed of the policy and the results achieved is visualised in Fig. 5.3. Instead of
the final error, the final pulse intensity is reported. The RMSE is computed with respect
to the maximum pulse intensity of 5mJ. The normalised improvement is computed as
the proportion of the pulse intensity recovered from the detuned state to the optimal
pulse intensity. For the steps to target and the corresponding success rate, a threshold
pulse intensity of 4.9mJ is assumed, with the target considered achieved if a higher pulse
intensity is reached. Note that the minimummetrics from Chapter 4 may be referred to as
maximummetrics in this chapter, as the goal of the task considered here is maximisation.

The results show that the trained policy is capable of tuning the FEL to a median pulse
intensity of 4.9mJ, which is only 2% below the optimal pulse intensity of 5mJ. Starting
from the initial detuned state, the policy is able to improve the pulse intensity by a median
of 1.48mJ, which corresponds recovering 93.7% of pulse intensity lost by the detuning
of the incoming beam. These results are achieved reliably, with the policy achieving a
threshold intensity of 4.9mJ in 98.3% of the trials, and quickly, with a median of only 3



5.3. Gradient-based Reinforcement Learning 157

0 2 4 6 8 10
Steps to convergence

0

1

2

3

4

5

Pu
lse

in
ten

sit
y(

m
J)

Gradient-free

0 2 4 6 8 10
Steps to convergence

Gradient-based

Figure 5.3: Distributions of the final FEL pulse intensity achieved by the gradient-free and
gradient-based policies plotted over the steps to convergence. KDEs are used to visualise
the distributions. Ideally, distributions should be concentrated in the upper left, indicating
that policies converge quickly to good solutions. Distributions in the lower left converge
quickly but to bad solutions, while distributions in the upper right converge slowly to good
solutions. The steps to convergence are measured on the maximum intensity to guarantee
that all runs converge and are included in the distribution. An equivalent figure with the
maximum intensity is available in Appendix B.

steps to reach the threshold intensity. An example of a tuning run by a trained policy is
shown in Fig. 5.4.

5.3 Gradient-based Reinforcement Learning
Most of the commonly used RL algorithms are based on the policy gradient theorem, which
states that the policy gradient can be estimated as the empirical average over the gradients
of the log-likelihood of the policy multiplied by the cumulative reward or advantage,
along the lines of Eq. (2.23). However, this formulation suffers from high variance and
relies on large sample sizes to give a stable and accurate estimate of the policy gradient.
Nevertheless, such an approach is necessary when the environment is a black box and the
exact gradient cannot feasibly be computed.

Fortunately, the model for the FEL process introduced in Section 5.1 is not a black
box. What is more, it is constructed using Cheetah, which natively supports automatic
differentiation. This means that the exact policy gradient is straightforward to compute as
the gradient of the cumulative reward with respect to the policy parameters

∇𝜃𝑅 = ∇𝜃
𝑇∑︂
𝑡=0
ℛ (𝒔𝑡 ,𝜋𝜃 (𝒔𝑡)) , (5.28)

because the environment and therefore the reward function in addition to the policy
are fully differentiable as well as implemented in frameworks that support automatic
differentiation. This allows for the use of the true policy gradient, which should make
training significantly more sample efficient. The principle of taking the true policy gradient
through both the policy and the accelerator model is illustrated in Fig. 5.5.

To train a policy on the FEL tuning task using gradient-based RL, the combined policy-
accelerator model and the training are implemented using PyTorch Lightning [87]. In this
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Figure 5.4: Example FEL tuning runs by two trained policies, one trained using a gradient-
free approach following Section 5.2 and the other following a gradient-based approach
according to Section 5.3. Dashed lines for 𝛽 and 𝛼 indicate their respective design values,
which in the model from Section 5.1 result in maximum pulse intensity. Both examples
assume the same trial sampled from the evaluated set of 300 trials.
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Figure 5.5: Gradient-based RL rollout graph. The computation graph is rolled out over one
episode of 𝑛 steps, with the policy being used to compute an action from an observation in
each step. The gradient of the cumulative reward 𝑅 with respect to the policy parameters
𝜃 is then calculated using backpropagation through the policy and the FEL model, with
the final gradient being the sum of all step-wise gradients.

case, the reward function is simplified to

𝑟𝑡 =
𝑤𝐼 𝐼𝐼∗ + 𝑤𝒖

√︃∑︁14
𝑖=1

(︂
𝒖𝑖−𝒖̂𝑖
𝝐𝒖 ,𝑖

)︂2
𝑤𝐼 + 𝑤𝒖

, (5.29)

with the reward component weights 𝑤𝐼 and 𝑤𝒖 chosen as 3 and 0.5, respectively, and 𝝐𝒖 ,𝑖
the half width of the actuator space around the design actuator values 𝒖̂. The loss function
for the policy is defined as the negative cumulative reward. The resulting policy gradient
algorithm is provided in Algorithm 4.

Algorithm 4 Gradient-based policy optimisation algorithm.
for iteration = 1, 2, . . . do

Compute cumulative reward 𝑅 =
∑︁𝑇
𝑡=0ℛ (𝒔𝑡 ,𝜋𝜃 (𝒔𝑡))

Compute the policy gradient ∇𝜃 of 𝑅 w.r.t. 𝜃 through automatic differentiation
Update 𝜃 following Adam update rule with ∇𝜃 and the learning rate 𝛼

end for

Evaluation
The policy is trained on 35 510 samples, reaching the same reward threshold in 45 times
fewer samples than the gradient-free approach using the PPO algorithm, as can be seen in
the return over training curves in Fig. 5.6. The hyperparameters used for the gradient-based
RL training are listed in Table 5.3.

The policy trained using the gradient-based approach is evaluated on the same 300
trials as the gradient-free policy from Section 5.2. The results are provided in Table 5.2.
While requiring significantly fewer samples and wall-clock time to train, and being trained
through a simple policy gradient method, the gradient-based policy is found to achieve
comparable performance to the gradient-free policy. The median final pulse intensity is
4.85mJ, which is very nearly the same as the gradient-free policy. The most significant
difference between the two policies is the proportion of trials on which the policies achieve
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Figure 5.6: Mean return learning curves of gradient-free vs. gradient-based training.
Smoothed curves are shown in the respective darker shades of the same colour, while the
raw curves are shown in the lighter shades. Note that as a result of the reward formulation
and the choice of 10 steps per episode, it is known that the optimal return is 10.

Table 5.3: Hyperparameters used for gradient-based training

Parameter Value
Batch size |ℬ| 16
Hidden activation function Leaky ReLU
Layer widths (48, 48, 48)
Learning rate 𝛼 0.000 15
Maximum episode steps 10
Number of training epochs 10 000

the threshold pulse intensity of 4.9mJ, which reduces from 98.3% for the gradient-free
policy to 65.0% for the gradient-based policy. However, this difference shrinks when
considering a threshold pulse intensity of 4.8mJ, which is achieved in 100% of the trials
by the gradient-free policy and in 93.3% of the trials by the gradient-based policy. An
example of a tuning run by the gradient-based policy is shown in Fig. 5.4.

5.4 Summary
In this chapter, two different approaches to training a policy for tuning the FEL at LCLSwere
presented, one using a gradient-free RL setup based on the one introduced in Chapter 4 and
another using a novel gradient-based approach enabled by a physics-based differentiable
model of the FEL tuning RL environment with a Cheetah implementation of the latter
that supports automatic differentiation. It is shown that both approaches are capable of
training a policy that can tune the FEL to a near-optimal pulse intensity in just a few steps,
demonstrating that the RL framework developed in Chapter 4 scales well to significantly
more complex tasks, like the highly-relevant FEL tuning task.

What is more, the gradient-based approach is shown to reduce the number of required
training samples and consequently the wall-clock time to train the policy by a factor of
45 compared to the gradient-free approach. This is especially relevant in the context of
more complex accelerator tuning tasks such as this one, where the time required to train
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policies in a gradient-free setting can grow to multiple days and up. More so, the gradient-
based approach was able to achieve this improvement using a very simple policy gradient
approach over the gradient of the episodic return with respect to the policy parameters,
meaning that algorithmic improvements could further reduce the training time required
to train a policy for the FEL tuning task.
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Chapter 6

Conclusion

This chapter concludes the dissertation by summarising the main contributions, results
and achievements from the presented work in Section 6.1, discussing the implications of
these results in the broader context of accelerator tuning and control in Section 6.2 and
providing an outlook on future work and remaining challenges in Section 6.3.

6.1 Summary
The goal of the work presented in this dissertation was to overcome the difficulties of ap-
plying RL to particle accelerator tuning and control. These difficulties include in particular
the challenges of training RL policies on accelerators, both in terms of the cost of beam time
and the safety risks associated with training on real accelerators. This work further set out
to investigate the suitability of RL in the context of more complex accelerator-related tasks,
and compare it to state-of-the-art optimisers like BO.

As such, a simulation-based training setup was developed, which allows training RL
policies for accelerator tuning and control on a high-speed simulator, called Cheetah,
without the need for real-world training. This setup reduces training times from years
of real-world beam time to just hours or minutes of computation time. The setup is
augmented with domain randomisation over potentially mismatched parameters of the
model, which enables a zero-shot transfer of the trained policies to the real accelerator,
completely eliminating the need for beam time to perform RL training.

At the example of a transverse beam tuning task at the ARES accelerator at DESY, it is
shown that this setup performs excellently. This validates not only the sim-to-real transfer
of the proposed training setup, but also demonstrates that RL is indeed capable of solving
more involved accelerator tuning tasks. Most notably, it is demonstrated in studies on
the real accelerator that the trained policies find actuator settings that are comparable in
quality to those found by expert human operators. Impressively, the RLO policies find these
settings about four times faster than the human operators, despite hardware limitations that
limit their interaction rate to about an order of magnitude slower than that of the human
operators. Moreover, the variance between policies trained on different random seeds
is found to be much lower than the variance between different expert human operators,
indicating that the use of autonomous tuning methods based on RLO will lead to better
reproducibility of experimental results for accelerator users.

An extensive comparative study is conducted, comparing the performance of the RLO
setup to state-of-the-art optimisers like BO, as well as more conventional optimisers like
ES and Nelder-Mead simplex. The RLO setup is found to outperform all other optimisers
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in terms of final tuning results, convergence speed and robustness. Additional tests also
showed that, unlike dedicated optimisers, the trained policies are capable of compensating
for different timescale drifts and defects of accelerator components, which is not trivially
achievable with other optimisers. Most impressively, this is achieved despite the fact that
drift compensation and defect correction are not explicitly part of the training and hence
out-of-distribution tasks.

Nevertheless, the large requirement for upfront engineering and the limited transferab-
ility of the trained policies to different tasks or accelerators are identified as key remaining
drawbacks of RLO. To address this issue, multiple avenues of transferability are explored.
Akin to work performed on Atari games [223] as well as the games of Go, Chess and
Shogi [306], the performance of retraining policies for transverse beam tuning on different
lattices is investigated. To this end, policies are trained on three other sections of the ARES
accelerator. It is found that the performance of the trained policies remains comparable,
all the while keeping the training algorithm, hyperparameters, policy architecture and
reward function unchanged. This indicates that, if the target task is somewhat similar in
nature, well-designed training setups can generalise, such that one can forgo much of the
manual engineering and limit development efforts to only the actual training, which is
equates primarily to only computational costs. Moreover, it is shown that the method of
domain randomisation can be extended to the lattice geometry. Policies trained in this
way are found to be lattice-agnostic, generalising well to different lattices without the need
for additional training, even when the lattices are to a limited extent out-of-distribution
with respect to the training distribution. However, limitations of this approach are also
identified. Most critically, similar tuning tasks on accelerators can differ in many ways, and
not all of them can easily be accounted for through domain randomisation. In such cases,
the performance of the trained policies may degrade and the training of separate policies
may be required.

A further avenue of research is explored, investigating whether LLMs can be used for
accelerator tuning. Doing so would potentially reduce the engineering effort required to
deploy autonomous accelerator tuning solutions to new tasks to only the formulation of a
natural language prompt, i.e. less than is even required for some of the simplest black-box
optimisation algorithms, especially in terms of operator expertise about the optimisation
algorithm itself. It is shown that, provided the right choice of model and prompt, LLMs
can successfully be used for accelerator tuning. This is an intriguing result, as it suggests
that LLMs possess the general intelligence required to perform numerical optimisation on
multivariate black-box objective functions, only from training for text completion. However,
while LLMs are found to be capable of solving the transverse beam tuning task, their
performance lags behind that of the best state-of-the-art tuning algorithms like RLO and
BO. Moreover, LLMs are found to incur high computational costs, leading to long inference
times, high monetary costs and significant environmental impact. Not a viable alternative
to state-of-the-art accelerator tuning algorithms yet, it is however found that the accelerator
tuning performance of LLMs improves with an LLM’s overall performance in terms of
LLM benchmarks, suggesting that the fast-paced progress in the field of LLMs will make
them a viable alternative in the future.

Based on the findings in the context of the transverse beam tuning task, the RLO setup is
transferred to the task of maximising the FEL pulse intensity at LCLS. This is a significantly
more complex task and a much more high-impact application of RL to accelerators, as
the FEL pulse intensity is a key performance indicator for FELs and directly impacts the
scientific output of these facilities. It is found that trained policies are capable of achieving
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near-optimal FEL pulse intensity in just a few steps, despite the significantly increased
complexity of the task. This demonstrates that the RLO setup is capable of transferring
well to more complex tasks, even when the tasks are very different in nature. However,
the increased task difficulty is found to increase simulated training times to the order of
days. As the complexity of accelerator tuning and control tasks increases, this may become
a limiting factor for the applicability of RL. Hence, a gradient-based RL setup is proposed,
which uses the differentiable simulator Cheetah to provide the true gradient of the FEL
intensity-based cumulative rewards with respect to the policy parameters. This reduces
the number of required training samples by almost two orders of magnitude compared
to the original gradient-free RLO setup, presumably as a result of the reduced variances
and better accuracy of true the policy gradients compared to the policy gradient estimates
obtained through the policy gradient theorem.

The RL-based results achieved in this workwere onlymade possible by the development
of the high-speed differentiable beam dynamics simulator Cheetah, a side product and
integral component of this work. Cheetah is built on top of PyTorch and integrates a number
of optimisations as well as inheriting support for GPU acceleration from PyTorch. This
makes Cheetah orders of magnitude faster than conventional beam dynamics simulators, a
key requirement for collecting the large amounts of data required by RL training. In the
case of the transverse beam tuning task, for example, Cheetah enabled training a policy in
less than an hour, instead of the multiple weeks it would have taken with the conventional
beam dynamics simulator Ocelot and years of real-world beam time.

What is more, Cheetah also inherits PyTorch’s automatic differentiation capabilities
and native integration with the machine learning ecosystem around PyTorch. As a result,
Cheetah is a first-of-its-kind differentiable beam dynamics simulator, making gradients a
first-class citizen in accelerator simulations. Access to gradients of beam dynamics mod-
els unlocks a wide range of applications and possibilities for accelerator tuning, system
identification and virtual diagnostics beyond the RL use case. Some of these are demon-
strated in this work, including gradient-based accelerator tuning, gradient-based system
identification and physics-based differentiable priors for BO. It is shown, for example,
that Cheetah priors in BO can significantly reduce the number of samples required to
find the optimal beam focussing through a FODO cell. Moreover, physics-based differen-
tiable models like Cheetah are a critical prerequisite for tractable online reconstruction
of the full 6-dimensional phase space of electron beams, a key challenge in accelerator
diagnostics [272]. Its open-source availability and ease of use are already attracting interest
from the wider accelerator community, and will fast-track the integration of gradient-based
optimisation and RL into accelerator operations.

A data-driven path to fast differentiable accelerator modelling is also presented in
this dissertation at the example of creating a virtual diagnostic of the LPS and bunch
current profile at European XFEL. While an important step to providing the required
sensory information for advanced accelerator tuning – both to human operators and as
dimensionally reduced observations to RL policies – on their own, this part of the presented
work demonstrates also a powerful option for creating fast-executing environments for RL
training when otherwise expensive-to-simulate dynamics are involved.

Especially powerful is the combination of physics-based Cheetah models with modular
reusable neural network surrogates of computationally expensive dynamics, an integration
that is made possible by Cheetah’s native interoperability with PyTorch. This work demon-
strates an example of this so-called AI/ML coupling, where a modular neural network
space charge model is trained to predict how space charge affects the beam when tracked
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through a quadrupole magnet. It is shown that the resulting hybrid model accurately
estimates space charge effects, while requiring three orders of magnitude less computation
time than a conventional space charge simulation and fully preserving differentiability.

6.2 Discussion
The results presented in this dissertation mark a significant step forward in the application
of RL to accelerator tuning and control, lifting the state of the art from simple tasks in
simulation, to more complex high-dimensional tasks in the real world, which are more
relevant to day-to-day accelerator operations. Not only do these results demonstrate that RL
is capable of solving accelerator tuning tasks as they become more complex, but they also
show that RL can outperform state-of-the-art optimisers like BO in terms of final tuning
results, convergence speed and robustness. Most importantly, however, the presented
approach of training in simulation and using domain randomisation is a key enabler for
the application of RL to accelerators as well as other physical facilities.

RL, and RLO specifically for tuning, will play an important role in achieving the full
potential of autonomous accelerators. That is not to say that RL will replace human
operators, state-of-the-art optimisers like BO, or conventional methods like Nelder-Mead
simplex and PID controllers as a one-size-fits-all solution. Even as further achievements
are made in reducing the engineering effort required to deploy RL policies, RL will likely
continue to require RL experts that develop and maintain the policies, and the cost of this
engineering effort is not always justified by the complexity of the task at hand. Instead, RL
will always be part of a broader toolkit and multi-tiered solution to accelerator tuning and
control, where it will be used for complex and repeated tasks, interacting with conventional
controllers on the lower levels of the control hierarchy and human operators on the higher
levels, while state-of-the-art turn-key-type optimisers such as BO will be used for one-off
tasks on demand. LLM copilots and logbook assistants, as well as federated RL setups
might help coordinate these different components and provide a natural language interface
for the human operators to control RL policies and other optimisers.

Beyond advancing the state-of-the-art in RL for accelerator tuning and control, the most
impactful contribution of this work is the development of the high-speed differentiable
beam dynamics simulator Cheetah. Not only is Cheetah a key enabler for RL in the context
of accelerators, but it also unlocks a wide range of applications and possibilities for accel-
erator tuning, system identification and virtual diagnostics by providing straightforward
access to gradients of beam dynamics models. The presented examples barely scratch the
surface of what is possible with Cheetah, and it is expected that the accelerator community
will find many more applications and use cases for it in the future. These will not only
be part of building novel autonomous accelerator operation procedures, but also provide
key insights to human operators and users about the accelerator’s state and performance.
Moreover, the speed and differentiability of Cheetah will also help in the development
of novel accelerator facilities, where it can markedly reduce the computational cost of
exploring the typically immense parameter space of new accelerator designs, while at the
same time reducing the number of design iterations required and improving the discovered
optimal design through the use of gradient-based optimisation.

Ultimately, the presented advancements in autonomous accelerator tuning and control
will help increase the scientific output of accelerator facilities, both enabling so far unattain-
able operational configurations and reducing the time required for achieving experimental
setups. Extrapolating the four-times faster tuning achieved by the presented RLO approach
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despite a handicap on the interaction frequency, the deployment of similar RL-based solu-
tions to other tuning tasks has the potential to save over 1500 hours of beam time per
year and facility [62], which would then become available for scientific experiments. In
addition, new facilities may also be designed faster at reduced cost and to higher perform-
ance standards. Beyond the direct impact on the field of accelerators, this has two-fold
implications: Firstly, it will help push the boundaries of accelerator-based science, enabling
new discoveries and breakthroughs in fields like particle physics, material science, biology
and chemistry. Secondly, the presented techniques and tools function as a blueprint for the
application of RL and differentiable simulations to other complex physical systems, such
as fusion reactors, space propulsion systems and quantum computers, where the same
challenges of high-dimensional control, high-speed simulation and safety risks apply.

6.3 Outlook
In immediate future work, the FEL intensity maximisation task at LCLS should be further
investigated. Particular future goals of this work include the deployment of a trained policy
to the real accelerator, as well as a transfer of the training setup to other FEL facilities, such
as European XFEL and FLASH. As part of this work, the model mismatch between the
simulator and the real accelerator will have to be investigated further, and a more advanced
FEL model will have to be integrated into Cheetah, most likely using a modular neural
network surrogate model trained on data from GENESIS simulations.

Further plans for future work include the deployment of RL-based solutions to other
tasks, such as dump line orbit feedback at European XFEL, in day-to-day accelerator
operations. This will be an important step, as RL has yet to gain a foothold in day-to-
day use in accelerator control rooms, despite the impressive results achieved in this and
other works. An important component of this line of work will be the compilation of the
environments developed here and in other works into a benchmark environment package,
which will help compare RL solutions and entice RL experts from outside the accelerator
community to contribute to the field.

Despite significant progress in solving the challenges of RL training on accelerators,
some key challenges remain. The engineering effort required to deploy RL policies remains
high, and further study should be devoted to transferable training setups, lattice-agnostic
policies andmeta RL, where initial studies in this dissertation have shown promising results.
Extending the lattice-agnostic approach through the inclusion of lattice information in
the observation is a promising direction for future work in this area. The ultimate goal
of these studies should be to enable the publication of an RL-based framework, either in
the form of training code or even trained policies, that accelerator physicists can use to
deploy RL policies to similar tasks at their facilities with minimal effort and RL expertise.
An example would be a Python package for training FEL tuning policies, where one
needs only to provide the lattice definition and a list of the actuators to tune, in order
to train a policy that can be directly deployed as part of the accelerator control system.
Scalability is also a key open challenge. This work introduces some ideas on how to scale
RL training to more complex tasks, including gradient-based RL, but it is unclear if these
methodswill be sufficient to scale RL to orders ofmagnitude larger problemswith hundreds
of actuators and sensors. In addition, the formulation of a reward for real-world tasks
comes with challenges like the order of magnitude reward problem, where the fact that
objective values and therefore rewards can differ by orders of magnitude can cause issues
in the learning process. Solutions to this problem have been identified in this dissertation,
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but they are not without their own disadvantages, and a more wholistic solution would
significantly ease the real-world adoption of RL. Lastly, the adoption of RL in accelerator
control rooms remains a challenge, not necessarily because of the performance of RL policies
and the cost of deploying them, but because accelerator operators need to gain trust and
expertise with them as well as a deeper understanding of RL. Some community efforts like
the RL4AA collaboration are already underway to address this issue, but ultimately the
widespread deployment of RL policies and other autonomous tuning and control solutions
in accelerator control rooms will require a cultural shift in the accelerator community. This
author expects that the continued success of RL in accelerator tuning and control will help
drive this cultural shift, as the benefits of RL become more apparent and the drawbacks
are addressed.

Miscellaneous future work on RL for accelerators may include increasing the interaction
rate to real-time. With the transverse tuning task at ARES, the RL policies were held
back by the limited interaction rate, which was the result of hardware limitations and the
fact that comprehensive measurements were taken to provide the observations. In some
concurrent work, real-time interaction of RL agents with the accelerator is already being
investigated [298], but with problems like the one at ARES, where the observations are
constructed from time-consuming measurements, this may remain a challenge. Solving
this challenge will require providing higher-dimensional raw observations as input to the
policies as well as the modelling of temporal dynamics, such as the control of the magnet
power supplies during training. Most likely, this will also require policies with longer time
horizons, which may be achieved by using more complex and difficult-to-train RNN or
transformer policy architectures.

Avenues for future work pertaining to high-speed differentiable modelling are extensive.
Applications for this powerful tool will have to be explored and developed. One such
application that is currently under investigation is the online reconstruction of the full 6-
dimensional phase space at LCLS based on amethod previously implementedwith the help
of Bmad-X [272]. Efforts are also underway to further improve the capabilities of Cheetah.
At the time of writing, a vectorised version of Cheetah is in the final stages of development.
Initial results indicate that vectorisation speeds up computation by a factor of about 50
on a CPU, with even larger speed improvements expected on GPUs. The extension of the
effects modelled in Cheetah is also underway. Various effects modelled by Bmad-X, such as
chromaticity, are currently being integrated into Cheetah. Space charge computations based
on Green’s functions have also been developed in Cheetah with the goal of investigating the
memory requirements of backward mode automatic differentiation over collective effects.
Future plans also include the full integration of coupled neural network surrogate models
for space charge effects, FEL models and other complex dynamics into Cheetah, providing
faster simulations of these and enabling memory-efficient automatic differentiation over
them. In particular, the investigation of novel architectures like PointNet [252] and graph
neural networks [278] for tracking particle clouds through the accelerator as well as more
suitable speciality loss functions like structural similarity is a promising direction for
future work. A port of Cheetah to JAX [37] has also started development under the name
Lynx [156], with the goal of further increasing simulation speeds by leveraging features
like just-in-time (JIT) compilation. JAX further promises to enable other advanced features
like forward-mode automatic differentiation, which are not available in PyTorch.



Appendix A

Transfer Maps

The following lists the transfer maps of some of the elements considered in this dissertation,
as they are implemented for linear beam dynamics simulations in Cheetah [157, 162].

In the following, 𝑙 denotes the length of the respective element, 𝛾 is the relativistic
Lorentz factor as given by

𝛾 =
𝐸

𝑚𝑒 𝑐2
, (A.1)

with
𝑚𝑒 𝑐2 = 0.510 998 95MeV, (A.2)

the electron mass energy equivalent, where 𝑚𝑒 is the electron mass and 𝑐 is the speed of
light in a vacuum. In addition, 𝛽 is the relativistic velocity factor given by

𝛽 =

√︄
1 − 1

𝛾2 . (A.3)

Note further that the listed transfer maps differ slightly from the ones typically used in
accelerator physics in that they are 7-dimensional. This is due to the introduction of an
additional dimension to the conventional 6-dimensional phase space, analogous to an affine
space, allowing Cheetah to coherently express more effects as transfer map multiplications.
This is a prerequisite for some of the speed optimisations in Cheetah. Below, the 7-th
dimension is indicated by the light grey entries in the transfer maps.

A.1 Drift Space
A drift space in Cheetah represents a straight section of the beamline, where the particles
travel undisturbed by any electromagnetic fields. The transfer map of a drift space is given
by

𝑅𝐷 =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 𝑙 0 0 0 0 0
0 1 0 0 0 0 0
0 0 1 𝑙 0 0 0
0 0 0 1 0 0 0
0 0 0 0 1 − 𝑙

𝛽2
1
𝛾2 0

0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

. (A.4)
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A.2 Steering Dipole Magnet
Steering magnets in Cheetah are modelled as a drift space followed by a thin-lens kick in
the respective horizontal or vertical plane that deflects the trajectory of the beam by an
angle 𝛼. The transfer map of a horizontal steering dipole magnet is hence given by

𝑅𝐶ℎ =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 𝑙 0 0 0 0 0
0 1 0 0 0 0 𝛼
0 0 1 𝑙 0 0 0
0 0 0 1 0 0 0
0 0 0 0 1 − 𝑙

𝛽2
1
𝛾2 0

0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

. (A.5)

Similarly, the transfer map of a vertical steering dipole magnet is different only in the
position of the steering angle 𝛼, resulting in

𝑅𝐶𝑣 =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 𝑙 0 0 0 0 0
0 1 0 0 0 0 0
0 0 1 𝑙 0 0 0
0 0 0 1 0 0 𝛼
0 0 0 0 1 − 𝑙

𝛽2
1
𝛾2 0

0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

. (A.6)

A.3 Quadrupole Magnet
The transfer map 𝑅𝑄 of a quadrupole magnet in Cheetah is the product of multiple matrices

𝑅𝑄 = 𝑅𝑚,out𝑅𝑡 ,out𝑅𝑄,main𝑅𝑡 ,in𝑅𝑚,in, (A.7)

a main quadrupole matrix 𝑅𝑄,main as well as two sets of matrices (𝑅𝑚,in , 𝑅𝑚,out) and
(𝑅𝑡 ,in , 𝑅𝑡 ,out) that shift and rotate the beam into a different reference frame at the entrance of
the quadrupole and back at the exit of the quadrupole to model the traversal of misaligned
and tilted magnets, respectively.

The main quadrupole matrix is given by

𝑅𝑄,main =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

𝑐𝑥 𝑠𝑥 0 0 0 𝑑𝑥
𝛽 0

−𝑘𝑠𝑥 𝑐𝑥 0 0 0 𝑠𝑥
𝛽 0

0 0 𝑐𝑦 𝑠𝑦 0 0 0
0 0 𝑘𝑠𝑦 𝑐𝑦 0 0 0
𝑠𝑥
𝛽

𝑑𝑥
𝛽 0 0 1 𝑟56 0

0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

, (A.8)

where
𝑟56 =

𝑙 − 𝑠𝑥
𝛽2𝑘

− 𝑙
𝛽2𝛾2 , (A.9)

𝑑𝑥 = (1 − 𝑐𝑥) , (A.10)
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𝑠𝑥 = Re
(︃sin (𝑘𝑥 𝑙)

𝑘𝑥

)︃
, (A.11)

𝑠𝑦 = Re
(︄
sin (︁

𝑘𝑦 𝑙
)︁

𝑘𝑦

)︄
, (A.12)

𝑐𝑥 = Re (cos (𝑘𝑥 𝑙)) , (A.13)
𝑐𝑦 = Re (︁cos (︁

𝑘𝑦 𝑙
)︁ )︁ , (A.14)

𝑘𝑥 =
√
𝑘 (A.15)

and
𝑘𝑦 =

√
−𝑘. (A.16)

Here, Re (·) denotes the real component of a complex number, and 𝑘 is the quadrupole
focusing strength in m−2.

The tilting entrance and exit matrices are defined as

𝑅𝑡 ,in =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

cos (𝜃) 0 sin (𝜃) 0 0 0 0
0 cos (𝜃) 0 sin (𝜃) 0 0 0

− sin (𝜃) 0 cos (𝜃) 0 0 0 0
0 − sin (𝜃) 0 cos (𝜃) 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

(A.17)

and

𝑅𝑡 ,out =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

cos (−𝜃) 0 sin (−𝜃) 0 0 0 0
0 cos (−𝜃) 0 sin (−𝜃) 0 0 0

− sin (−𝜃) 0 cos (−𝜃) 0 0 0 0
0 − sin (−𝜃) 0 cos (−𝜃) 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠
, (A.18)

where 𝜃 is the tilt angle of the quadrupole magnet.
The misalignment entrance and exit matrices are defined as

𝑅𝑚,in =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 0 0 0 0 0 𝑚𝑥
0 1 0 0 0 0 0
0 0 1 0 0 0 𝑚𝑦
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

(A.19)

and

𝑅𝑚,out =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 0 0 0 0 0 −𝑚𝑥
0 1 0 0 0 0 0
0 0 1 0 0 0 −𝑚𝑦
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠
, (A.20)
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where 𝑚𝑥 and 𝑚𝑦 are the horizontal and vertical misalignments of the quadrupole magnet,
respectively.



Appendix B
Alternate Tuning Result Over Speed
Distributions

Throughout this dissertation, Figs. 4.6, 4.10, 4.20 and 5.3 show the distributions of theMAEs
and pulse intensities over the steps to convergence as achieved by different algorithms and
policies. Depending on the context, these figures were shown for the conventional or the
minimum metrics achieved during the optimisation. For reference, the opposite metric
figures are shown in Figs. B.1 to B.4 of this appendix.
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Figure B.1: Distributions of theminimumMAEs achieved by the RLOpolicies during optim-
isations plotted over the steps to convergence. KDEs are used to visualise the distributions.
Ideally, distributions should be concentrated in the lower left, indicating that policies
converge quickly to good solutions. Distributions in the upper left converge quickly but
to bad solutions, while distributions in the lower right converge slowly to good solutions.
Note the logarithmic scaling of the axes. Because doing nothing always converges in zero
steps, a small amount of noise between 0 to 0.3 steps was added to the steps to convergence
for doing nothing to enable the visualisation with a KDE. The steps to convergence are
measured on the minimum beam to guarantee that all runs converge and are included in
the distribution. This figure corresponds to Fig. 4.6.
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Figure B.2: Distributions of the final MAEs achieved by the different algorithms during
optimisations plotted over the steps to convergence. KDEs are used to visualise the distribu-
tions. Ideally, distributions should be concentrated in the lower left, indicating that policies
converge quickly to good solutions. Distributions in the upper left converge quickly but
to bad solutions, while distributions in the lower right converge slowly to good solutions.
Note the logarithmic scaling of the axes. The steps to convergence are measured on the
minimum beam to guarantee that all runs converge and are included in the distribution.
This figure corresponds to Fig. 4.10.
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Figure B.3: Distributions of the minimum MAEs achieved by specialist and lattice-agnostic
policies on different lattices during optimisations plotted over the steps to convergence.
KDEs are used to visualise the distributions. Ideally, distributions should be concentrated
in the lower left, indicating that policies converge quickly to good solutions. Distributions
in the upper left converge quickly but to bad solutions, while distributions in the lower
right converge slowly to good solutions. Note the logarithmic scaling of the axes. In the
first row, 𝜋1 from Section 4.1 trained on the EA is applied to the different lattices. The
bottom row pertains to simplified less-out-of-sample variants of the BC and SH lattices,
where apertures and the bends are removed. The steps to convergence are measured on the
minimum beam to guarantee that all runs converge and are included in the distribution.
This figure corresponds to Fig. 4.20.
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Figure B.4: Distributions of the maximum FEL pulse intensity achieved by the gradient-
free and gradient-based policies plotted over the steps to convergence. KDEs are used
to visualise the distributions. Ideally, distributions should be concentrated in the upper
left, indicating that policies converge quickly to good solutions. Distributions in the lower
left converge quickly but to bad solutions, while distributions in the upper right converge
slowly to good solutions. The steps to convergence are measured on the maximum intensity
to guarantee that all runs converge and are included in the distribution. This figure
corresponds to Fig. 5.3.
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Symbols and Abbreviations

Symbols
𝑎 Acquisition function.
𝒂 Action vector.
𝒂𝑡 Action at time step 𝑡.
𝐴 Advantage.
𝒜 Set of possible actions.
𝐴̂ Estimate of the advantage.
𝒃 Transverse beam parameter vector (︁

𝜇𝑥 , 𝜎𝑥 , 𝜇𝑦 , 𝜎𝑦
)︁ .

Measured transverse beam parameter vector.
Bias vector.

𝒃̂ Estimate of the transverse beam parameter vector 𝒃.
𝒃′ Target transverse beam parameter vector.
𝒃in Incoming transverse beam parameter vector.
𝒃out Outgoing transverse beam parameter vector.
ℬ Mini-batch.

Abstract notion of a charged particle beam.
ℬin Abstract notion of an incoming charged particle beam.
ℬout Abstract notion of an outgoing charged particle beam.
𝐶 Dipole steering magnet.
𝐶ℎ Horizontal dipole steering magnet.
𝐶𝑣 Vertical dipole steering magnet.
𝑑 Difficulty factor.

Terminal flag in DDPG.
𝐷 Drift space.
𝑓 A function with its purpose denoted in the subscript.
𝒟 Dataset.

Replay buffer.
Distance function.

𝐸 Reference beam energy.
ℰ RL environment.
E Expectation.
𝐼 FEL pulse intensity.
𝐼∗ Optimal FEL pulse intensity.
𝐽 Expected cumulative reward.
𝑘 Quadrupole geometric focusing strength.
𝑙 Length of a Cheetah element.
ℒ Loss function.
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𝒎 Misalignment vector.
ℳ MDP.

Neural network for LPS prediction.
𝒐 Observation vector.
𝒐𝑡 Observation at time step 𝑡.
𝑂 Objective function.
𝒪 Set of possible observations.
𝒑 7-dimensional Cheetah particle vector (︁

𝑥, 𝑥′, 𝑦, 𝑦′, 𝜏, 𝛿, 1)︁ .
𝑃 𝑁 × 7 matrix of Cheetah particle vectors.

State transition probability function.
𝑞 Total beam charge.
𝒒 Vector of particle charges.
𝑄 Action-value function.

Quadrupole magnet.
𝑄̂ Estimate of the action-value function.
𝑟 Reward.
𝑟𝑡 Reward at time step 𝑡.
𝑅 Cumulative reward.

Linear beam dynamics transfer map.
ℛ Reward function.
𝒔 Environment state.
𝒔𝑡 Environment state at time step 𝑡.
𝑆 Diagnostic screen station.
𝒮 Set of possible states.
𝒕 Twiss parameter vector (︁

𝛽𝑥 , 𝛼𝑥 , 𝛽𝑦 , 𝛼𝑦
)︁ .

𝒕 Design Twiss parameter vector.
𝒕0 Twiss parameter vector of the incoming beam.
𝑇 LLM temperature parameter.
𝒖 Actuator vector.
𝒖̂ Design actuator vector.
𝒖∗ Optimal actuator vector.
𝒖normed Normalised actuator vector.
𝒖𝑡 Actuator vector at time step 𝑡.
𝒗linac Settings of the linac that are not controlled.
𝒗und Settings of the undulator that are not controlled.
𝑉 State-value function.
𝑉̂ Estimate of the state-value function.
𝑤 Weight.
𝑤visible Constant added to the objective when the beam is visible on the screen.
𝒘 Weight vector.
𝑊 Neural network layer weight matrix.
𝑥 Horizontal particle position.
𝑥′ Horizontal particle momentum.
𝒙 Neural network input.
𝒙RF RF parameter input vector.
𝒙THz THz spectrum input vector.
𝑦 Vertical particle position.
𝑦′ Vertical particle momentum.
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𝒚 Neural network output.
𝒚̂ Predicted neural network output.
𝑦s Bunch length ground truth.
𝑦̂s Predicted bunch length.
𝒚I Current profile ground truth.
𝒚̂I Predicted current profile.
𝒚LPS LPS image ground truth.
𝒚̂LPS Predicted LPS image.
𝒚range Extent of the LPS image ground truth.
𝒚̂range Predicted extent of the LPS image.
𝛼 Learning rate.

Steering angle.
𝛿 Particle momentum offset.
ΔSC Abstract notion of change induced by space charge.
ΔΣSC Covariance matrix change induced by space charge.
𝜂 TRPO ratio.
𝜃 Neural network parameters.

Policy parameters.
𝜃∗ Optimal policy parameters.
𝜃− Parameters of the target policy.
𝝀 Normalisation scale vector.
𝜇𝑥 Horizontal beam position.
𝜇̂𝑥 Estimate of the horizontal beam position.
𝜇𝑦 Vertical beam position.
𝜇̂𝑦 Estimate of the vertical beam position.
𝜋 Policy.
𝜋∗ Optimal policy.
𝜌0 Initial state distribution.
𝜎𝑥 Horizontal beam size.
𝜎𝑦 Vertical beam size.
𝜏 Longitudinal particle displacement.
𝝉 Environment rollout trajectory.
𝜏𝑝 Polyak update rate.
𝜙 Parameters of the action-value function.
𝜙− Parameters of the target action-value function.
𝜑 Activation function.
Ω Observation function.

Acronyms
A3C Asynchronous Advantage Actor Critic.
ACHIP Accelerator-on-a-Chip.
ADR automatic domain randomisation.
AGS Brookhaven Alternating Gradient Synchrotron.
AI artificial intelligence.
ALE Arcade Learning Environment.
ALPI Acceleratore Lineare Per Ioni.
ARES Accelerator Research Experiment at SINBAD.
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ATLAS Argonne Tandem Linear Accelerator System.
AWAKE Advanced Proton Driven Plasma Wakefield Acceleration Experiment.
BAX Bayesian Algorithm Execution.
BBFS Beam-based Feedback System.
BC Bunch Compressor.
BLM beam loss monitor.
BNL Brookhaven National Laboratory.
BO Bayesian optimisation.
BOBYQA bound optimisation by quadratic approximation.
BPM beam position monitor.
CAFe II China Accelerator Facility for Superheavy Elements.
CDR coherent diffraction radiation.
CEBAF Continuous Electron Beam Accelerator Facility.
CERN Conseil Européen pour la Recherche Nucléaire.
CI continuous integration.
CNN convolutional neural network.
COSY Cooler Synchrotron.
CoT chain-of-thought.
CPI conservative policy iteration.
CPU central processing unit.
CSR coherent synchrotron radiation.
CUDA Compute Unified Device Architecture.
DAQ data acquisition.
DDPG deep deterministic policy gradients.
DESY Deutsches Elektronen-Synchrotron.
DL Diagnostic Line.
DORIS Doppel-Ring-Speicher.
DQM data quality monitoring.
DQN deep Q-network.
EA Experimental Area.
EI expected improvement.
ES extremum seeking.
ESRF European Synchrotron Radiation Facility.
European XFEL European X-Ray Free-Electron Laser.
FACET Facility for Advanced Accelerator Experimental Tests.
FAIR findability, accessibility, interoperability and reusability.
FDF focus-defocus-focus.
FEL Free-Electron Laser.
FERL free energy-based reinforcement learning.
FERMI Free Electron Laser for Multidisciplinary Investigations.
FLASH Free-Electron Laser in Hamburg.
FLUTE Ferninfrarot Linac- und Test-Experiment.
FPGA field-programmable gate array.
FPV first-person view.
GAIA general AI assistant for intelligent accelerator operations.
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GAN generative adversarial network.
GELU Gaussian error linear unit.
GMM Gaussian mixture model.
GMPS gradient magnet power supply.
GP Gaussian process.
GPU graphics processing unit.
GS Gerchberg-Saxton.
GUI graphical user interface.

HERA Hadron-Elektron-Ringanlage.
HGHG High-Gain Harmonic Generation.
HGVPU horizontal gap vertical polarisation undulator.
HPC high-performance computing.
HVAC heating, ventilation and air conditioning.

IMU inertial measurement unit.
IRL inverse reinforcement learning.

JIT just-in-time.

KARA Karlsruhe Research Accelerator.
KDE kernel density estimation.
KIT Karlsruhe Institute of Technology.
KL Kullback-Leibler.
KNN 𝑘-nearest neighbours.
KSTAR Korea Superconducting Tokamak Advanced Research.

LANSCE DTL Los Alamos Neutron Science Center Drift Tube Linac.
LCLS Linac Coherent Light Source.
LHC Large Hadron Collider.
LINAC linear accelerator.
Linac4 Linear accelerator 4.
LLM large language model.
LLRF low-level radio frequency.
LPI light particle injector.
LPS longitudinal phase space.
LSTM long short-term memory.

MAEmean absolute error.
MAMLModel-Agnostic Meta-Learning.
MDP Markov decision process.
MHDmagneto-hydrodynamics.
MLP multilayer perceptron.
MMLU Massive Multitask Language Understanding.
MPCmodel predictive control.
MPOMaximum a Posteriori Policy Optimisation.
MPPIModel Predictive Path Integral.
MPSMetal Performance Shader.
MSBEmean-squared Bellman error.
MSEmean-squared error.
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Mu2eMuon-to-Electron Conversion Experiment.

NLP natural language processing.
NSGA-II nondominated sorting genetic algorithm II.

OCR optical character recognition.

PBT population-based training.
PETRA Positron-Elektron-Tandem-Ringanlage.
PI proportional-integral.
PID proportional-integral-derivative.
POMDP partially observable Markov decision process.
PPO Proximal Policy Optimisation.
PS Proton Synchrotron.
PSI Paul Scherrer Institute.

QBM quantum Boltzmann machine.

RAG retrieval augmented generation.
RAM random access memory.
RCDS robust conjugate direction search.
RCDS-S safe robust conjugate direction search.
ReLU rectified linear unit.
RF radio frequency.
RHIC Relativistic Heavy Ion Collider.
RL reinforcement learning.
RL4AA Reinforcement Learning for Autonomous Accelerators.
RLHF reinforcement learning from human feedback.
RLO reinforcement learning-trained optimisation.
RMSE root mean squared error.
RNN recurrent neural network.

SAC Soft Actor-Critic.
SASE self-amplified spontaneous emission.
SGD stochastic gradient descent.
SH Spectrometer High Energy.
SLAC SLAC National Accelerator Laboratory.
SLM spatial light modulator.
SoC system on a chip.
SPEA2 strength Pareto evolutionary algorithm 2.
SPS Super Proton Synchrotron.
SVD singular value decomposition.
SVM support vector machine.
SwissFEL Swiss Free Electron Laser.
SXFEL Shanghai Soft X-Ray Free Electron Laser.

tanh hyperbolic tangent.

TCV Tokamak à Configuration Variable.
TD3 twin delayed deep deterministic policy gradients.
TDS transverse deflecting structure.
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TESLA Tera-Electronvolt Energy Superconducting Linear Accelerator.
TEU-FEL Twente/Eindhoven University FEL.
TPSA truncated power series algebra.
TRPO Trust Region Policy Optimisation.
TurBO trust region Bayesian optimisation.

UCB upper confidence bound.

VAE variational autoencoder.

XFEL X-ray free-electron laser.
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